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ABSTRACT

Target-oriented opinion summarization is to profile a target by ex-
tracting user opinions from multiple related documents. Instead
of simply mining opinion ratings on a target (e.g., a restaurant) or
on multiple aspects (e.g., food, service) of a target, it is desirable to
go deeper, to mine opinion on fine-grained sub-aspects (e.g., fish).
However, it is expensive to obtain high-quality annotations at such
fine-grained scale. This leads to our proposal of a new framework,
FineSum, which advances the frontier of opinion analysis in three
aspects: (1) minimal supervision, where no document-summary
pairs are provided, only aspect names and a few aspect/sentiment
keywords are available; (2) fine-grained opinion analysis, where
sentiment analysis drills down to a specific subject or characteristic
within each general aspect; and (3) phrase-based summarization,
where short phrases are taken as basic units for summarization,
and semantically coherent phrases are gathered to improve the
consistency and comprehensiveness of summary. Given a large
corpus with no annotation, FineSum first automatically identifies
potential spans of opinion phrases, and further reduces the noise in
identification results using aspect and sentiment classifiers. It then
constructs multiple fine-grained opinion clusters under each aspect
and sentiment. Each cluster expresses uniform opinions towards
certain sub-aspects (e.g., “fish” in “food” aspect) or characteristics
(e.g., “Mexican” in “food” aspect). To accomplish this, we train a
spherical word embedding space to explicitly represent different
aspects and sentiments. We then distill the knowledge from embed-
ding to a contextualized phrase classifier, and perform clustering
using the contextualized opinion-aware phrase embedding. Both
automatic evaluations on the benchmark and quantitative human
evaluation validate the effectiveness of our approach.!

10ur code and annotation are available at https://github.com/gesy17/FineSum.
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@
pretty slow server

we waited for an hour
slow service

warm-hearted waiter
kind hostess

Service the server always smiles

hate raw fish
too oily salmon
awful raw fish
hastily created food
coarse dish

must order the juicy meat burger
the hamburger is spicy but tasty
% love the fantastic burger
typical Mexican taste
excellent Mexican cuisine

welcoming décor
warm atmosphere
give me a comfortable feeling

nightmare for a date
noisy background
too much noise

Figure 1: An example of fine-grained opinion summarization
of a restaurant (Opinion clusters are separated by dot lines).
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1 INTRODUCTION

Target-oriented opinion summarization is to profile a target by aggre-
gating user opinions on different aspects from multiple documents
(e.g., profiling a restaurant from online reviews). It benefits intelli-
gent decision making by succinctly displaying diverse opinions to
users and reducing the information overload.

Different from generic multi-document summarization, the large
volumes of reviews and the inherent subjectivity within them pose
challenges to curating golden annotation for this task, rendering
end-to-end training infeasible. A majority of work focuses on de-
veloping weakly-supervised or unsupervised summarization ap-
proaches [9, 35]. To further handle the diversity and conflicts in
user opinions, some approaches perform aspect extraction and
sentiment polarization at first, then generate sentence-level sum-
maries for different aspects and sentiments in either extractive or
abstractive forms [3, 18].

Though previous methods partly consider the heterogeneity in
user opinions, we argue that they still summarize at a coarse level
for two reasons: (1) Opinions in the same (aspect, sentiment) cat-
egory may target at different subjects (e.g., in the (food, good)
category of Fig. 1, one set of opinions can be about “burger” but the
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other about “fish”), and (2) different opinions may focus on different
characteristics of the same subject (e.g., one may praise waiters for
their kind service but the other may comment on their slowness).
By generating uniform summary, traditional methods overlook the
diversity and conflicts in reviews within the same general aspect,
which sometimes leads to ambiguous and inconsistent summary [2].
Motivated by this, we propose to drill down to sub-aspect level.
For a specific aspect, we automatically discover subjects and their
different attributes as sub-aspects and aggregate similar opinions
for them. However, it’s common to see multiple sub-aspects en-
tangled in the same sentence, rendering traditional extractive and
abstractive methods sub-optimal for this task. For example, the sen-
tence “I was impressed by the warm-hearted waiters even though
they are sometimes slow.” In this scenario, extracting or excluding
the whole sentence from a sub-aspect will either bring outliers or
cause information loss; whereas abstractive summarization usually
suffers from hallucinations [15, 24, 37] or even distortion of opin-
ions. Therefore, instead of following traditional paradigm in text
generation, we propose to summarize opinions with finer semantic
units. We define a sequence of words containing an object and its
description as an opinion phrase. Such phrases are leveraged as
the basic components of our fine-grained summarization to reduce
vagueness and hallucinations in extracted user opinions.

In this paper, we propose FineSum, a weakly-supervised frame-
work for target-oriented, fine-grained opinion summarization. Fine-
Sum consists of the following three stages: (1) Extracting candi-
date opinion phrases by identifying objects and associated descrip-
tion from the raw corpus. (2) Identifying possible aspect and senti-
ment in each candidate phrase with two complementary models: (i)
the opinion-oriented spherical embedding and (ii) the contextual-
ized language model classifier fine-tuned for opinion identification.
Since there is no available annotation, we first propose an opinion-
oriented embedding to explicitly represent aspects and sentiments
along with word semantics in a distinctive sphere space, which
reflects the class probability of a phrase from its directional simi-
larity with each aspect and sentiment embedding. Meanwhile, as
the spherical embedding is context-free, we propose to transfer
the learned distributional distinctiveness to a language model and
evokes its capacities for contextualized phrase modeling. To ex-
clude noisy no-class phrases that are inevitably introduced in stage
(1), we additionally enhance the language model via robust model
ensemble. (3) Aggregating phrases within each aspect and sentiment
to obtain fine-grained opinion clusters. We represent phrases us-
ing the opinion-aware embeddings from the language model and
cluster them by looking at the embedding similarity.

We summarize our contributions as follows:

e We propose the first systematic approach for target-oriented
fine-grained opinion summarization, where opinion analysis for
a target is comprehensive and drills down to sub-aspects. Specif-
ically, we propose to solve the task with minimal supervision
by leveraging only aspect names and a few keywords.

o To classify phrases without any training data, we propose to
first distinguish different opinion semantics with an opinion-
oriented spherical embedding space, then distill its knowledge
to a language model for better context modeling, and finally
integrate them for robust classification.
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2 RELATED WORK

Previous work on unsupervised or weakly-supervised opinion sum-
marization mainly adopts a popularity-based approach (i.e., extract
or generate sentences containing the most salient opinions in the
original corpus) [6, 11, 16, 17]. They usually select the most salient
opinions to reduce redundancy in the generated summary. A ma-
jority of early methods focus on extractive summarization. Ku et al.
[19] define popular opinions using TF-IDF and use pre-defined key-
word sets to retrieve the most relevant and opinionated sentences.
Paul et al. [30] extract opinions according to a variety of lexical
and syntactic features, and calculate salience and contrastiveness
of sentences using random walk. Recently, with the proliferation
of end-to-end training, abstractive summarization receives much
more attention. A typical practice is to encode salient information
using an aggregated representation, then output new sentences
by reconstructing this representation. A representative method is
MeanSum [4], which generates summaries by training an auto-
decoder to reconstruct the averaged input representation. Similarly,
Amplayo and Lapata [1] condense review documents into multiple
dense vectors and use a multi-source fusion module to generate
summaries. Though effective in distilling the most salient informa-
tion in reviews, popularity-based summarization methods suffer
from information loss since they only consider popular opinions.
Moreover, they overlook the heterogeneity and conflicts in opinions
by generating uniform summaries for all types of opinions.

To overcome the weakness of popularity-based methods, a few
methods propose to generate stance-aware summarization. Oved
and Levy [29] guarantee the diversity of opinions by generating
multiple different summaries per product via systematic pertur-
bations. However, the generated abstractive summaries are not
always controllable and interpretable due to lack of explicit aspect
categorization. To enhance explainability, other work tries to sum-
marize according to different aspects and sentiments [10, 18], which
are more relevant to our method. They identify different aspects
and sentiments using light supervision signals, such as product
domain labels, user-provided ratings, and keyword sets. Angelidis
and Lapata [3] first couple extractive opinion summarization with
the tasks of aspect identification and sentiment polarization. It uses
an aspect extractor trained under a multi-task objective and a sen-
timent predictor based on multiple instance learning. Following
this, Angelidis et al. [2] represent aspects as discrete latent codes
in the quantized transformer space, and encode sentences to the
aspect space using a variational autoencoder. However, the above
methods remain coarse-grained because they are not designed to
explicitly capture sub-aspects and specific characteristics within
each aspect. On the contrary, we propose to generate fine-grained
phrase clusters for sub-aspects. To our knowledge, this is the first
work attempting to generate fine-grained summarization inside
each aspect and sentiment in the form of opinion phrase clusters.

3 PROBLEM DEFINITION

Given a corpus T containing reviews for targets {t1, t2,...} from a
single domain (e.g., restaurants), we define a domain-related aspect
set A = {aj,ay, ...} and sentiment set S = {sq,sy,...} and input
a keyword list as L, or Lg for each a or s. For every target ¢, we
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Service Ambience

warm-hearted waiter pretty slow server
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)

Fine-Grained Opinion Clustering

Figure 2: An overview of FineSum: Our proposed target-oriented, fine-grained opinion summarization framework.

define its review sentence set as R = {r1,r2,...}, where each re-
view r consists of multiple sentences (x1, xz, ...). Each phrase p
is defined as a non-overlapped word sequence (w1, wa, ...) in one
sentence. For each target, our final model outputs are a set of clus-
ters C = {cq, ¢2, ...} for every aspect-sentiment pair (a, s), where
each cluster ¢ contains multiple semantically coherent phrases

(p1,p2,---)-
4 FINESUM: OUR FRAMEWORK

Fig. 2 illustrates the overall workflow of the FineSum framework,
which decomposes the task of aspect-based fine-grained opinion
summarization into three stages. First, candidate phrase extraction,
performs syntactic analysis to bring up multi-word sequences that
potentially contain opinions as candidate phrases (Sec. 4.1). Second,
opinion phrase classification, aims to classify extracted phrases into
different aspects and sentiments (Sec. 4.2). The last stage, opinion
phrase mining, generates fine-grained clusters within each aspect
and sentiment by gathering semantically coherent phrases into the
same cluster (Sec. 4.3). We introduce them as follows.

4.1 Candidate Phrase Extraction

Extracted Candidate Phrases
We went there [last night]. [No allergic reactions]. The
[shrimp tacos and house fries are my standbys]. The [fries
are sometimes good and sometimes great], and the [spicy
dipping sauce they come with is to die for]. [Full beer
menu] and [long cocktail lists], all [reasonable prices].

Figure 3: An illustration of extracted phrases. We high-
light the subject and its associated descriptions inside each
[phrase]. Best viewed in color.

As the first step, we seek to collect concise but complete semantic
units in the original review sentences as the basic components
of our opinion clusters. We observe that opinions in a sentence
can usually be represented by one or more short phrases within
it. For instance, the sentence “I went there last Sunday to order
my favourite crispy chips and enjoy their heartful service” can
be shorten to two phrases “favourite crispy chips” and “heartful
service”. Thus we propose to extract such “opinion phrase” as our
summarization unit, which can be formally defined as below:

Definition of Opinion Phrase: A consecutive sequence of words in a

sentence that includes subject(s) and users’ feelings or descriptions
of the subject(s).

However, existing phrase mining methods are usually designed
to extract entity alike structures [8, 13, 33], which differs from
our goal of extracting opinions. To mine opinions, we need to si-
multaneously discover a noun subject, along with its associated
adjective/adverb/verb descriptions. To recognize such syntactic pat-
terns, we designed a light-weight method using custom parsing
tools. Specifically, we identify one-hop relation between a noun
and adjectives/adverbs revealed by dependency parsing?. Besides,
we capture co-existing noun component and verb component in
the same level of the constituency parsing tree>. As our goal is to
discover sufficient candidate phrases, we count the union of their
results towards our final candidate phrase set, aiming for a phrase
extractor with high recall. We show an example of phrase extraction
results in Fig. 3.

4.2 Opinion Phrase Classification

The phrase extraction method described above retrieves a large
number of candidate phrases according to their syntactic structure,
but it overlooks the semantic meaning of phrases, resulting in a
large but noisy candidate set. For example, the phrase “last night”
in Fig. 3 is irrelevant to any aspect and sentiment. To exclude such
unrelated phrases, and more importantly, identify the correct aspect
and sentiment of each remaining phrase, this stage of FineSum
aims to train accurate phrase-level aspect and sentiment classifiers.
To achieve this without annotation, we first leverage the set of
provided keywords as seeds to learn text embeddings tailored for
opinions (i.e., aspects and sentiments). To better utilize context
information, we further distill the learned opinion discriminative
signals to pretrained language model through sentence-level fine-
tuning. Then we ensemble the wisdom from embedding space and
language model by adopting a self-training strategy on newly-
encountered phrases. Each step of classification is introduced in
detail below. For simplicity, we only take aspect classification as an
example. The sentiment classification follows the same procedure.

4.2.1 Learning Opinion-oriented Embedding. Given the aspect set
and keyword lists, we leverage them as seeds to learn text embed-
dings tailored for aspects through a generative process. This enables
us to weigh the relevance of tokens with aspects directly from their

Zhttps://stanfordnlp.github.io/CoreNLP/depparse.html
3https://stanfordnlp.github.io/CoreNLP/parse.html
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embedding similarity. Meng et al. [26] shows that learning spher-
ical distribution is more suitable to model topic-level similarity
than regularizing Euclidean distribution due to the convenience to
impose topic similarity constraints on spheres. The superiority of
modeling topics as spherical distribution has also been proved in
other tasks, including event clustering [34] and topic modeling [25].
Motivated by them, we design a spherical text embedding model
for weakly-supervised aspect classification, where each aspect is
surrounded by its representative keywords and sentences on the
sphere. In this way, the semantic of a word or sentence is explic-
itly measured by its directional similarity with different aspects.
Specifically, we design the corpus generation process according to
the following three considerations: (1) Inter-aspect Distinctiveness:
Different aspects a; and a; should locate far from each other in the
embedding space; (2) Intra-aspect Cohesiveness: For each aspect a;,
its aspect-indicative words wg; and sentences x,,; should distribute
around a;; and (3) Context Dependency: Words appearing within
the same local context window and global context (sentence and
aspect) should share similar representations.

Accordingly, the learning goal of our corpus generation process
Lcorpus is set as follows:

Va,x,w, |lal] = [Ix]| = [lw][ =1,

-Lcorpus == Linter = Lintra— Lconlext’

. T
Linter = Z Z min(0,1— a;aj — Minter),

aj€AajeA\{a;}

Lintra = Z Z min (0, W}‘ai — Mintra), (1)

a;€A wj€Lg;

Leontext = ) logp(xlax) + Y. 3" log p(wilx)+

xeT x€T Wi€x

ZZ Z log p(wisj|wi),

x€T Wi€X |j|<h,j¢0

where minter and mipsrq are two learnable parameters, and h is
the context window length. A is the given aspect sets and T is
the corpus containing all sentences. Lg; is the keyword list of the
aspect a;. To explain, the first objective Lipnser encourages inter-
aspect distinctiveness across different aspects by enforcing the
cosine distance between any two aspects a; and a; to be larger than
Minter- The second objective Lintrq requires the embeddings of
aspect keywords w; to be placed near the aspect center direction a;
within a local region mjp;rq. The third objective Lconrexr models
the context generation process conditioned on aspects in a three-
step process: (1) p(x|ax) conditions each sentence x on a sampled
aspect ay, (2) p(w;|x) models the semantic coherence between a
word w; and the sentence x it appears, and (3) p(w;+j|w;) models
neighbor words w;4; and w; within local contexts.

As an aspect can be further divided into multiple fine-grained
semantics, instead of modeling the aspect embedding ay as a single
vector, we assume a spherical von Mises-Fisher (vMF) distribu-
tion [20] for each aspect, and generate sentences and words by
sampling from the distribution. Specifically, taking the generation
of the aspect vector ay as an example, it is parameterized by a mean
vector ¢; and a concentration parameter k¢, which are specific to
each aspect:

P(ax, ¢i, ke;) = np(ke;) exp(ke; - cos (ax, ¢;)), (2)
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The atmosphere is old-school
and very family friendly.

sharpen finetune

| always get the shrimp ramen and
have never been disappointed!

sharpen finetune

Great service unfortunately
can't make up for subpar food.

Th.

Figure 4: An illustration of knowledge distillation to contex-
tualized classifier. Training sentences are selected from the
dark circle area around each aspect. Best viewed in color.
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where ny(k¢;) is a normalization constant, cos (ay, ¢;) measures
the cosine similarity between a, and c;. Then the conditional prob-
ability p(x|ax) of a sentence x under its true aspect ay becomes:

p(dax) « | | p(wilax) o< [ ] exp(cos (wiax).  (3)
w; EX w; EX
Similarly, the conditional probabilities p(w;|x) and p(wij|w;) can
be computed by measuring their cosine similarities.

For model optimization, we develop a principled EM optimization
procedure. Generally, the E-step estimates new aspect assignment
of words with the updated parameters, and the M-step optimizes
model parameters according to the learning goal in Eq. (1). Initially,
only a few aspect-indicative keywords (w; € Lg;) are provided as
supervision for the M-step. The model then continuously refines
the embedding space iteratively.

4.2.2 Distilling Knowledge to Contextualized Classifier. Context is
crucial for phrase aspect classification. The context-free spherical
embedding space mainly captures word-level discriminative signals
but is insufficient to model sequential information from ordering of
words. Therefore, we propose to distill knowledge from the aspect-
regularized embedding space to a pre-trained language model, and
leverage it as a contextualized phrase classifier. However, there
are two challenges in this design: (1) The spherical embedding
mainly captures the semantics of words and sentences, while it
fails to directly reflect the meaning of phrases; (2) Word embedding
inherently encodes different types of word-level semantics, which
will introduce irrelevant information to aspect classification and
probably result in an error-prone classifier. To solve both challenges,
we propose to fine-tune the language model only on sentences
with high aspect confidence. The underlying assumption is that
a sentence classifier with high performance should also perform
well on phrases. Specifically, we leverage soft predictions given
by the directional similarity between sentence embeddings and
aspect embeddings as weak supervision to fine-tune the BERT-base
model [5] for aspect classification. The fine-tuning workflow is
illustrated in Fig 4. To ensure the high quality of supervision signals,
we only select the top-K nearest sentences around each aspect a;,
i.e., K sentences with the highest cos (x, a;) scores. We “sharpen”
the directional similarity to encourage better aspect separation, and
transform it into pseudo training labels 1y as below:
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exp(a - xTa;)

> exp(a-xTa;)’

a;€A

©

lxi =

where l; is the probability of sentence x belonging to the i;;, aspect.
« is the temperature to control how greedy we want to learn from
the embedding-based prediction. We then train BERT on the pseudo
training sentences by minimizing the cross entropy H between the
sharpened embedding-based prediction 1 and the actual output
prediction y of BERT, namely

H(x) = Z Li log i (5)
x 1 Yxi

Note that it is possible to further improve the performance
by substituting the language model with powerful counterparts
(e.g., RoBERTa-large) or incorporating joint aspect-sentiment anal-
ysis [36]. We are also aware that more advanced methods have
been proposed for aspect and sentiment extraction [21, 23, 31]. In
this work, we only employ a basic setting because the design of

classifier is beyond the major focus of our work.

4.2.3 Selecting Aspect-specific Phrases via Robust Model Ensemble.
The goal of this step is to strengthen our previous sentence-level
model from two angles: (1) Since the phrase extraction step will
inevitably introduce non-aspect ‘background” phrases, the classi-
fier is expected to cross out them before clustering. However, in
the previous step, the model is only trained on aspect-indicative
sentences, thus may not perform as well in excluding background
phrases. (2) As explained above, the previous model only benefits
from clean and high quality sentence-level signals distilled from
the embedding space. In contrast, the remaining corpus remain
unexplored, which may still contain rich semantic knowledge not
captured by the embedding space. To solve these problems, we pro-
pose to further enhance the language model by ensembling it with
the embedding space for phrase-level aspect classification. Different
with previous step, we additionally require the model to identify
background phrases by training BERT to output a uniform aspect
distribution on them. We also adopt a self-training strategy for the
classifier to learn from the entire corpus by sharpening its phrase
prediction. Specifically, to enhance the robustness of self-training,
we select high-quality training phrases by exploiting the wisdom
from both models (i.e., the opinion-oriented embedding and fine-
tuned BERT). We take phrases with high output probability from
both models as pseudo training data, and generate pseudo labels I/
for phrase s as:

exp(aysi) =T
S explay) Usi > 01, wga; > 0
= iEl‘ZA‘ exp(aysi) ©

S1
. =T
Tl Vi€ |Al,ysi <01, Wsa; <6

where Wy is the averaged embeddings of words in the phrase s,
ysi is the predicted probability from BERT, and WsTai is the direc-
tional similarity between phrase s and the i* h aspect in the embed-
ding space. 6 and 0, are two probability thresholds. To explain,
if both models output high probability for the same aspect, we
count it as positive training samples. Likewise, negative samples
are added when both models output low probability for any aspect.
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Through robust self-training on newly-encountered phrases, the
model learns knowledge from the entire unlabeled corpus, which
complements with the clean sentence-level signals it received in
the previous step. During inference, we use the robustly fine-tuned
BERT as the final classifier. The same threshold 6, is used to cross
out background phrases.

4.3 Fine-Grained Opinion Mining

Given predictions from the previous stage, we can already orga-
nize opinions according to their aspects and sentiments. However,
phrases located in the same aspect and sentiment may still cover
diverse and heterogeneous opinions, varied by their subjects and
targeted characteristics. Thus, we propose to mine fine-grained
opinions by automatically forming clusters under each aspect and
sentiment. To guarantee that phrases belonging to the same clus-
ter convey consistent and coherent meanings, we require them to
locate near each other in the semantic space. We achieve this by
clustering in the fine-tuned BERT embedding space, as it explicitly
encodes discriminative semantics after training and fine-tuning in
the previous two stages.

Specifically, we adopt the bottom-up hierarchical agglomerative
clustering [7], which treats each phrase as a singleton cluster at
the outset, and then successively merges pairs of phrases until the
euclidean distance between phrases in the same cluster exceeds a
pre-defined threshold T;. The final output of FineSum is the fine-
grained clusters under each aspect and sentiment. The granularity
of clusters can also be flexibly adjusted via the threshold T, without
repetitively running the phrase extraction and classification step.
In real application, the best value of T; should be adjusted to suit
the desired granularity, which is beyond the scope of this paper.

5 EXPERIMENTS

As no off-the-shelf evaluation framework exists, we evaluate model
performance on two major tasks in our framework: (i) opinion
phrase classification and (ii) fine-grained opinion clustering. We
create extra human annotations for qualitative analysis only.

5.1 Datasets and Experimental Settings

5.1.1 Datasets. We experiment on restaurant and laptop reviews.
Details of dataset statistics can be found in Table 1. We addition-
ally provide four seed keywords for each aspect and sentiment as
weak supervision. We show an example in Table 2 Keywords are
selected by following previous work [14]. However, we display the
robustness of our methods on seed keywords in Sec. 5.4.
Restaurant: We collect reviews from the Yelp Dataset Challenge*
as our in-domain training and summarization corpus. We gather
reviews from 42 businesses, where each business has at least 100
reviews and includes the keyword “restaurant” in its meta business
type list. The average number of reviews for each restaurant is 599.
For evaluation, we use an external benchmark dataset in the restau-
rant domain of SemEval-2016 [32], which provides sentence-level
aspect category and sentiment polarity of each review. Following
Huang et al. [14], we remove sentences with multiple labels or with
a neutral sentiment polarity to simplify the problem.

*https://www.kaggle.com/yelp-dataset/yelp-dataset
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# Training Sentences | # Training Phrases | # Test Reviews
10,000 297,210 643
Restaurant <
Aspects Sentiments
location, drinks, food, ambience, service good, bad
# Training Sentences | # Training Phrases | # Test Reviews
Labto 16,000 83,540 307
ptop Aspects Sentiments
t, os, display, battery, A
support, os, display, battery, company, good, bad
mouse, software, keyboard
Table 1: Dataset Statistics.
Location street block river avenue
Drinks beverage wines cocktail sake
Restaurant - —
Aspect Food spicy sushi pizza taste
spec - - -
P Ambience | atmosphere room seating environment
Service tips manager waitress servers

Table 2: Example keywords of aspects on Restaurant.

Restaurant-phrase

Model Acc. Pre. Rec. macro-F1
CosSim 55.97+2.29 56.22+1.64 53.64+2.22 53.84+1.67
W2VLDA* | 63.34+5.39 61.64+4.80 61.37+5.38 60.93+5.47
BERT 72.39+4.00 63.54+3.86 74.13+£3.77  67.55+4.29
JASen* 82.20+3.46 85.32+3.13 79.70+2.34 79.64+3.08
w/o BERT | 63.80+2.76 62.76+3.29  60.19+3.34  58.21+2.30
w/o joint 76.82+3.79 66.41+3.75 78.98+3.92 70.43+3.86
FineSum | 88.60+3.58 85.44+3.64 86.98+3.40 84.57+4.23

Table 3: Quantitative evaluation of restaurant aspect identifi-
cation on phrase level task. * denotes that the model learns
aspect and sentiment jointly.

Restaurant
aspect sentiment aspect sentiment
Acc. macro-F1 ~ Acc.  maco-F1 | Acc.  macroF1  Acc.  macro-F1

Laptop
Model

CosSim 64.20 4985 70.19  63.87 5539 5433  70.03  70.84
W2VLDA* || 71.05 5430 77.36  70.30 66.21 65.02 7169  71.66
BERT 75.98  60.83  79.50  77.85 69.12 6738 71.24 7117
JASen* 8499 74.85 83.64 8174 | 73.02 7219 7647  76.53

w/o BERT || 81.18 64.52 67.19 51.96 67.34 6743  68.12 6833
w/o joint 84.91 68.89 8476  84.10 71.01 70.42  78.83  78.82
FineSum 87.67 69.90 86.16 84.86 | 76.98 7593 79.15 79.15

Table 4: Quantitative evaluation of aspect identification and
sentiment polarity on sentence level tasks.

Laptop: We collect reviews of 50 laptop products from the Laptop
domain of Amazon Review Dataset [28]. Each product has at least
100 reviews. We also use the laptop domain of SemEval-2016 for
evaluation and remove sentences with multiple labels .

5.1.2  Experimental Settings. For text prepossessing, we use NLTK
tokenizers and the Stanford CoreNLP [22] parser>®. We set the
probability thresholds 6; = 0.35, 82 = 0.30 because it shows the
best performances on our self-annotated validation set. We set the
context window length h = 5, embedding dimension = 100 by
following the settings in the hierarchical topic mining paper [27].
We adopt the default learning rate = 1e — 5 in the Hugging Face
transformer package’, and set batch size = 64 according to the

Shttps://stanfordnlp.github.io/CoreNLP/parse.html
Shttps://stanfordnlp.github.io/CoreNLP/depparse.html
"https://huggingface.co/transformers/
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maximum capacity of our computing facilities. When selecting the
top-K sentences as training data, we initially set K = 2000 and
observed promising results, so we did not try a larger value of K.
We train and fine-tune BERT with AdamW optimizer for only one
epoch to avoid overfitting on noisy pseudo labels. We conducted
all model training using a single NVIDIA GTX 1080 Ti.

5.2 Opinion Classification

5.2.1 Evaluation Details. We evaluate the classifier on sentence-
level aspect identification and sentiment polarization tasks using
the benchmark test set. However, a strong sentence-level classifier
may not perform as well on phrase-level task, so we additionally
evaluate the model on phrase-level aspect classification task. Due to
the shortage of phrase-level annotation, we manually collect data
by randomly sampling 500 extracted phrases from the Restaurant
domain.

We compare our approach with a series of weakly-supervised
baselines and two variants of our own approach.

e CosSim: a Word2Vec embedding based model, which classifies
according to the cosine similarity between the averaged word
embedding and topic vectors. Topic vectors are calculated as

the average of seed keywords.
W2VLDA [12]: an aspect-based sentiment analysis model, which

leverages aspect and sentiment keywords as seeds to perform
joint topic modeling.

e BERT [5]: a language model fine-tuning model. We incorporate
sentences containing seed keywords as pseudo training samples

to fine-tune BERT-base.

o JASen [14]: a state-of-the-art aspect based sentiment analysis
model. It first learns aspect-sentiment joint word embedding,
then generalizes word knowledge to neural models through
weakly-supervised training and iterative self-training.

e w/o BERT: A context-free ablation of our model. It uses the

opinion-oriented spherical embedding as the only classifier.
e w/o joint: A BERT-based ablation without robust ensemble (but

fine-tuned on sentence-level classification).

The standard Accuracy, Precision, Recall and macro-F1 are used
as evaluation metrics. We run experiments for 5 times and report
average performances. For each method, we set a lowest threshold
for their output classification probability. We classify phrases with a
probability larger than the threshold into the corresponding aspect,
otherwise the “none” aspect. The threshold is selected when the
model performs best on the validation set. Phrase- and sentence-
level evaluation results are shown in Tables 3 and 4, respectively.
We have the following observations:

Phrase Classification. (1) Comparing the two tables, we observe
that most baselines perform worse on phrases than on sentences
due to their different class distribution. Take aspect classification
as an example, customized sentence-level benchmark contains
only aspect-specific samples, while our self-annotated real-world
phrases includes a large portion of background samples. The in-
cluded noise poses challenges to methods developed under a noise-
free assumption. This finding highlights the necessity of noise re-
duction, which corresponds to the robust ensemble step in FineSum.
(2) Despite the presence of noisy phrases, FineSum still outperforms
other baselines by a large margin. Benefiting from both word-level
and contextualized knowledge, it achieves better performances than



FineSum: Target-Oriented, Fine-Grained Opinion Summarization

WSDM °23, February 27-March 3, 2023, Singapore, Singapore

Spherical Embedding

Vanilla BERT

BERT in FineSum

allergic reactions
severe allergies
only mild reactions
no allergic reactions

broken leg

severe allergies

severe food poisoning
go through severe migraine

severe allergies

have intestinal gastro issues
severe food poisoning

the allergies drive me crazy

their service was a bit lacking
the service was a bit too fast
the service was a bit slow

impeccable service
impeccable food quality
service is impressive

service is nice
attentive and friendly server
they were nice and attentive

that server was a bit opinionated literally impeccable star service Mary’s service was informative

Table 5: Qualitative evaluation of fine-grained clustering. We compare opinion clusters from different embeddings that show
similar semantics. Conflicting and irrelevant phrases are denoted with red and blue respectively.

0.9
0.8
0.7 1
0.6 1
0.5+
0.4
0371 ¢
SpHericlal Emb. Vénillé BERT BER'KI'in.FineSum

Coherence
Diversity

Figure 5: Quantitative evaluation of fine-grained clustering
on Restaurant. Higher scores indicates better performances.

models solely based on topic modeling (W2VLDA), language model
(BERT), or word embedding (CosSim, JASen). (3) FineSum also out-
performs its two variants. The w/o BERT method relies solely on
the spherical text embedding, thus it may not utilize rich context
information. The w/o joint method is fine-tuned only on sentence
classification task. Without the phrase-level robust ensemble, its
capacity to identify background phrases is limited. As shown in the
table, ensemble brings a significant improvement to performance
(15.3%T Acc. and 20.1%T macro-F1), which proves the effectiveness of
enhancing confident prediction and excluding noisy one.
Sentence Classification. FineSum also achieves competitive per-
formances on sentence-level classification tasks. One exception
is that FineSum shows relatively lower macro-F1 and precision
than JASen on restaurant aspect identification. This happens be-
cause JASen takes advantage of the mutual information in aspects
and sentiments. However, FineSum views them as independent for
simplicity. In fact, we can extend FineSum to the joint setting by
modifying the word embedding approach, which may lead to even
better performance.

5.3 Fine-Grained Opinion Mining

In this section, we empirically evaluate the quality of mined opinion
clusters. To illustrate the effectiveness of leveraging fine-tuned
BERT embedding for clustering, we compare it with two ablations:
(i) Opinion-oriented Spherical Embedding introduced in Sec. 4.2 and
(ii) Last layer outputs from Vanilla BERT, which are not trained on
the aspect classification task.

Quantitative Evaluation. We first evaluate the coherence and di-
versity of generated clusters quantitatively. Coherence measures the
semantic consistency of phrases within the same cluster, whereas

diversity measures how their expressions differ from each other. In
principle, a cluster of high quality should be in both high coherence
and diversity, indicating that the model can gather phrases with
similar semantic meanings regardless of their expression forms.

We calculate the two metrics as follows: (i) Coherence: Given
an opinion cluster, we inject an intrusion phrase that is randomly
chosen from another cluster. Then we ask annotators to identify
the intruded phrase and compute the ratio of correctly identified
intrusion instances as the coherence score. Empirically, we observe
that phrases within the same cluster usually share common words,
making it easy to identify the intruded phrase. Hence, we require
the intruded phrase to have at least one overlapped word with other
phrases. (ii) Diversity: The percentage of unique words in each
cluster.

Fig. 5 showcases that BERT in FineSum significantly outperforms

the other two ablations on coherence, validating that the fine-tuned
BERT embeddings generate semantically coherent clusters. This
finding indicates that fine-tuning not only benefits aspect classifica-
tion, but also leads the model to better distinguish fine-grained sub-
aspects within each aspect. Moreover, BERT in FineSum achieves
slightly higher diversity score than the other two methods, indicat-
ing that the high coherence score of our approach is not brought
by simply gathering phrases with similar words.
Qualitative Evaluation. To intuitively understand the difference
between embedding methods, we display semantically similar clus-
ters from them in Table 5. We observe that Spherical Embedding
relies excessively on overlapped surface words. It tends to gather
look-alike phrases even if their meanings are converse. Besides,
we also find that Vanilla BERT, although less reliant on overlapped
words, sometimes suffers from semantic drifts. On the contrary,
BERT in FineSum forms clusters that are both coherent in meaning
and diverse in expression. We further visualize phrase distribution
in Fig. 6 to intuitively understand how clusters distribute in the
fine-tuned BERT embedding space. Compared with Spherical Em-
bedding and Vanilla BERT, BERT in FineSum displays a clearer and
better-separated cluster space. Meanwhile, different aspect names
locate far from each other, confirming that the cluster space of
BERT in FineSum is aspect-distinctive, which fits our goal to learn
fine-grained clusters under each aspect.

5.4 Parameter Study

To investigate whether FineSum is sensitive to different choices of
seed keywords, we initiate the opinion-oriented embedding with
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(a) Spherical Embedding

(b) Vanilla BERT

(c) Fine-tuned BERT in FineSum

Figure 6: Visualization of opinion clusters on Restaurant. Phrases assigned to the same cluster are denoted with the same color.

delicious dark chocolate dipping sauce; it was a good ratio of chocolate to vanilla; yummy chocolate
brownie; just ok chocolate berry dessert; amazing chocolate pudding dessert

Domain:  Good 575573 Fantastic change while keeping the integrity of so many familiar ingredients; all of the ingredients
Restaurant went really well together; appreciate how all the ingredients come together; everything was well seasoned
left the rest of the fish untouched; the salmon was hastily created; the fish had a weird texture; the fish
A;pe(clt: Bad seemed a little oily; the fish was n't that large; i hate raw fish; awful raw fish
00 a

the dish disappointed my companion; the food was absolutely underwhelming; they were really disappointed

with the dish; my fault for ordering their food, not theirs for making it; I wasn’t as impressed with the food

Table 6: A case study of the final output from FineSum on Restaurant. We manually italicize and bold fine-grained sub-aspects,
and highlight sentiment-indicating words with red (good) and blue (bad).

b
o
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Figure 7: Influence of seed keywords.

different numbers of seeds. Figure 7 shows sentence-level classifica-
tion results on the Restaurant dataset. As can be observed from the
figure, the classification accuracy and macro-F1 remain relatively
stable when we alter the number of seeds. This result indicates that
the opinion-oriented embedding can learn well-separated semantic
space with little human guidance, which validates the robustness of
FineSum and opens up possibilities to apply it to diverse domains
in the future.

5.5 Case Study

Table 6 shows an example of our system output. We observe that
different opinion phrase clusters are well-separated by their as-
pects and sentiments, which is guaranteed by the opinion phrase
classification stage. Probing into each aspect and sentiment, we dis-
cover that the model automatically forms clusters which represent
concrete sub-aspects or describes particular traits. For example,
under the aspect-sentiment pair (food, bad), we find one cluster
expressing overall disappointment for their food and two clusters

complaining about specific food types. The coherent and meaning-
ful clusters under each aspect validate the effectiveness of clustering
with fine-tuned BERT embedding.

6 CONCLUSION

In this paper we propose FineSum, a minimally supervised approach
for target-oriented, fine-grained opinion summarization. FineSum
works by first extracting candidate phrases, then classifying them
into aspects and sentiments using the opinion-oriented spherical
embedding and the weakly-supervised BERT. We further propose
to aggregate similar phrases using the fine-tuned BERT embedding
to obtain fine-grained opinion clusters. Comprehensive automatic
and human evaluation demonstrate that our approach generates
high-quality phrase-level summarization.
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