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Fine-Grained Domain Adaptation for Aspect
Category Level Sentiment Analysis

Mengting Hu

Abstract—Aspect category level sentiment analysis aims to iden-
tify the sentiment polarities towards the aspect categories discussed
in a sentence. It usually suffers from a lack of labeled data. A popu-
lar solution is to transfer knowledge from a labeled source domain
to an unlabeled target domain by unsupervised domain adaptation.
However, most domain adaptation methods in sentiment analysis
are coarse-grained, considering the source or target domain as a
whole during the adaptation. We argue that these single-source
single-target methods are inefficient since they ignore the difference
between different aspect categories. In this article, we propose
a fine-grained domain adaptation method to address the aspect
category level sentiment analysis task by considering the adapta-
tion between subdomains. Specifically, the source/target domain
is divided into multiple subdomains according to the hierarchical
structure of the aspect categories. We then design a multi-source
multi-target transfer network to achieve fine-grained transfer. Ex-
tensive experimental results demonstrate the effectiveness of our
fine-grained domain adaptation method on aspect category level
sentiment analysis.

Index Terms—Multi-source multi-target domain adaptation,
sentiment analysis, aspect category.

1. INTRODUCTION

SPECT category level sentiment analysis [1], [2] is a
A subtask in sentiment analysis. Given a predefined aspect
category, it aims to recognize its sentiment polarity in a sentence.
For instance, “the room is not clean and the pizza is very tasty”
describes two aspect categories room and food with negative and
positive sentiment polarities, respectively. Recently, this task
has achieved outstanding performance through deep learning
methods [3], [4], [5]. The achievements, to a great extent, de-
pend on large-scale labeled datasets to learn supervised models.
However, in a target domain of interest, the labeled dataset
is not always available in practice and manual annotation is
time-consuming and expensive.
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Fig. 1. (a) Existing ACST is coarse-grained, considering the source or target

domain as a whole during the adaptation. (b) In fine-grained ACST, both source
and target instances are grouped into multiple domains (i.e., subdomains) by
the hierarchical structure of their aspect categories, respectively. Each (x, a) is
an instance where = denotes a sentence and a denotes an aspect category. For
concise, the sentiment polarity  of each instance in source domain(s) is omitted.

Unsupervised domain adaptation [6] seeks to alleviate the
aforementioned problem by transferring knowledge from a la-
beled source domain to an unlabeled target domain. In this work,
we adopt unsupervised domain adaptation for aspect category
level sentiment analysis and formulate it as aspect category level
sentiment transfer (ACST), as shown in Fig. 1(a), where each
(z, a) is an instance. The purpose of ACST is to predict the
sentiment polarities of the aspect categories in the target domain
by leveraging the supervised information in the source domain.

Existing domain adaptation methods in sentiment analysis
[7], [8], [9] are mainly coarse-grained, considering the source
or target domain as a whole during the adaptation. We argue
that these single-source single-target methods are inefficient
since they ignore the distinction between aspect categories.
The transferable knowledge of different source aspects to dif-
ferent target aspects is varied according to our observations.
First, opinion words are usually aspect-specific. For example,
opinion words like “delicious” and “tasty” are popular in
aspects food_snack and food_breakfast. However, these words
are seldom seen in laptop_quality. Second, the similarity be-
tween aspects is diverse. For instance, aspect food_snack shares
more common opinion expressions with food_breakfast than
with laptop_quality. Third, the sentiment polarity of an opinion
word depends on its aspect [10]. For example, “fast” is usually
positive in describing laptop_cpu, while tends to be negative in
laptop_battery as in a description “this battery runs out fast”.
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Therefore, in this article, we propose a fine-grained domain
adaptation method to address the ACST task by considering
the adaptation between subdomains, in which similar aspects
should be boosted to enhance positive transfer, while distinct
aspects should be suppressed to reduce negative transfer. Specit-
ically, as shown in Fig. 1(b), we group the instances by the
top level of the aspect category and obtain multiple domains'
in the source and target datasets, respectively. For instance,
the top level of the aspect categories food_meat_steak and
food_seafood_fish are the same, i.e., food, so they are grouped
into the domain food. By grouping instances with the same
top level aspects into domains, the original ACST is converted
to a multi-source multi-target fine-grained domain adaptation
problem.

To address the above problem, we propose a multi-source
multi-target transfer network (MMTN) to achieve fine-grained
transfer. Concretely, we train a sentiment classifier for each
source domain and their weighted combination is utilized for
inference on each target domain. A weight computation com-
ponent is designed to learn the optimal weights. To simplify
the weight computation between source and target domains,
each domain is represented with a domain embedding, which
is a parameter vector representing the feature distribution of
each domain. The time-consuming weight computation between
domains is simplified as the measurement between their corre-
sponding embeddings.

To make the domain embedding accurately reflect the feature
distribution of the domain, we further constrain the domain
embedding by features of all the instances belonging to this
domain. The aspect embedding is also constrained in a similar
way. It is worth noting that the domain and aspect embeddings
are also used in the attention mechanism of our approach
to extract the features. Therefore, the domain/aspect embed-
ding and the features form an interactive cycle to update each
other.

In summary, our contributions are threefold:

® We propose a multi-source multi-target transfer network
(MMTN) by considering the adaptation between subdo-
mains.

® A weight computation module and constrained do-
main/aspect embeddings are designed to improve fine-
grained knowledge transfer.

e Extensive experimental results demonstrate the effective-
ness of our fine-grained domain adaptation method on
aspect category level sentiment analysis.

The rest of the paper is organized as follows. Section II
introduces a survey of related work on aspect level sen-
timent analysis, unsupervised domain adaptation, and as-
pect level sentiment transfer. Section III describes the pro-
posed methodology for fine-grained ACST. Section IV demon-
strates experimental settings and evaluation results. Finally,
Section V concludes the paper and outlines the future
directions.

!In the context of fine-grained ACST, we use the terms domain and subdomain
interchangeably.
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II. RELATED WORKS

A. Aspect Level Sentiment Analysis

Aspect level sentiment analysis aims to detect the sentiment
at the aspect level. The aspect refers to aspect term or aspect
category [11]. The difference is that the aspect term is a span ex-
isting in the sentence while the aspect category is an abstractive
class. Analyzing sentiment at the aspect level has gained many
achievements based on neural network techniques. To name a
few, the attention-based model [3] and memory-based method
[12] are classical works. More recently, the structured informa-
tion between aspects and opinion expressions has been utilized to
obtain further improvements. Graph neural networks contribute
to learning such structured information graph neural networks
[13], [14], [15], [16]. The neurosymbolic system [17], [18],
[19] and meta-learning [20], [21] are both promising research
directions. Besides improving the network architectures, other
works introduce affective commonsense knowledge to learn
better embeddings [22]. In this article, we focus on transferring
aspect category level sentiment between different domains. We
specifically consider the aspect category, which has hierarchical
taxonomy for fine-grained ACST.

B. Unsupervised Domain Adaptation

The achievements of deep learning mainly benefit from large-
scale labeled data for supervised learning. However, due to
domain shift [23], the performance of a model learned in the
labeled source domain tends to heavily degrade in the unlabeled
target domain. Unsupervised domain adaptation has been stud-
ied to mitigate this domain shift. Its main idea is to enhance the
domain-invariant learning between source and target domains,
which is beneficial for knowledge transfer. Promising direc-
tions include distance-based methods [24], [25], adversarial
learning methods [6], [26], mixup [27] and clustering-based
regularizations [28]. Most methods address the single-source
single-target scenario with one source domain and one target
domain.

A few works [29], [30], [31] concentrate on the multi-source
single-target domain adaptation problem. The labeled data from
multiple source domains are usually exploited to improve the
performance of the target domain. However, these approaches
are not the optimal choice for our fine-grained ACST, which
involves multiple source and multiple target domains. The rea-
sons are two-fold. First, combining all target domains as a
whole ignores the distribution discrepancy among them, while
such information may contribute to domain adaptation. Second,
transferring knowledge from multiple sources to each target
domain separately is inefficient, since we need to train a model
for each target domain. This issue becomes more severe as
the number of target domains grows. Therefore, we propose
MMTN to address multi-source multi-target domain adaptation.
All domains, either from source or target data, are bridged with
domain embeddings. This helps to simplify the complicated
problem. One promising work also focuses on multi-source
multi-target domain adaptation [32], which addresses semantic
segmentation of satellite images. Yet, its shallow data augmentor
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one domain discriminator D); 2) constraints; 3) weight computation. Best viewed in color. It is worth noting that, given an instance

(z,a,d = s1) during training, weight computation is trained by its domain embedding with all other source domains embeddings.

for stylizing each domain is hard to be directly applied to text
data.

C. Aspect Level Sentiment Transfer

Many domain adaptation methods for sentiment classification
are proposed. Some methods [33], [34], [35] aim at reducing do-
main shift by using pivot features as a bridge. Others extract com-
mon representation via unsupervised learning [36], [37]. Partic-
ularly, Guo et al. [38] propose a mixture-of-experts approach for
unsupervised domain adaptation from multiple sources. Liu et
al. [39] address multi-source single-target domain adaptation by
learning domain representations with self-attention.

However, these methods mainly transfer sentiment at the
sentence level. A few works transfer sentiment at the aspect level.
Wang et al. [7] design a recursive neural structural correspon-
dence network to address the cross-domain aspect and opinion
co-extraction, which extracts the aspect terms and opinion words
simultaneously. Liu et al. [8] build a coarse-to-fine network to
transfer sentiment information from aspect category level to
aspect term level. Hu et al. [9] propose to transfer sentiment
at the aspect term level by introducing an auxiliary task to
distill the domain-invariant sentiment features. Different from
these coarse-grained domain adaptation work, we concentrate
on the sentiment transfer at the aspect category level and between
subdomains.

III. METHODOLOGY
A. Overview

Suppose there are N different source domains {Gs, }f\;l and

. . M

M different target domains {gtj }jzl,
contains labeled instances {(z,a,d = s;),y}, and each target
domain G, contains unlabeled instances { (, a, d = t;)}, where

x is a sentence, a is one of the aspects in z, d is the domain and

each source domain G,

y is the sentiment polarity label. Fig. 2 shows the overview of
the network architecture.

We randomly sample a source batch and a target batch of
the same size. The instances of the source batch come from
all source domains, as do the target batch. In the two batches,
two instances with the same index form a pair. Assume the
pair of instances are {(z,a,d = s;),y} and (z,a,d = t;). For
demonstration purposes, we let s; = s1, and its corresponding
targetinstance comes from¢; as shown in Fig. 2. In the following
parts, the computation of this pair is described as an example.
The two instances are first fed into the feature extractor to obtain
the sentiment features fs, and f;,. Then f, is passed to its
corresponding downstream sentiment classifier Cy(fs,). Two
features are also input to the domain discriminator D to facilitate
the learning of transferable knowledge by training adversarially.

In the upper right of Fig. 2, we constrain the domain/aspect
embedding with sentiment features. Specifically, a domain em-
bedding is affected by all the features belonging to this domain.
Thus domain embedding can reflect the sentiment feature distri-
bution, and so does the aspect embedding. Benefiting from the
constraints, domain embeddings can be leveraged to measure the
similarity between domains efficiently. The weight computation
module is designed based on domain embeddings to allocate
weights for multiple sentiment classifiers.

B. Basic Architecture

Feature Extractor. As shown in Fig. 2, given an input sentence
x = {wy,ws, ..., wy}, it is first mapped into an embedding
sequence {ey,es,...,e,} by looking up a word embedding
matrix. Then we encode it with BILSTM into a context sequence
H ={hy,hs,...,h,}. The aspect a are mapped into aspect
embedding a by looking up an aspect embedding matrix. The
domain d is mapped into domain embedding d by looking up
a domain embedding matrix. Since a sentence might contain
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multiple aspects, a and d are used together in the attention
mechanism to compute an accurate sentiment feature

p = w'tanh(W[H; [a;d] ® n] + b),
f = softmax(p)H, (1)

where [;] denotes the vector concatenation and ®n means re-
peating vector n times. W and w are parameters, b is bias.

Sentiment Classifiers. Designing a single classifier by con-
sidering all source domains as a whole ignores the difference
between diverse source domains. Thus we design a sentiment
classifier for each source domain. The weighted combination of
N classifiers is utilized for inference on each target domain. For
the instance belonging to source domain G,,, it is fed into the
i-th sentiment classifier C';, which is specific for source domain
Gs,. The classification loss is as follows:

1
L6 = Z —leg(Cz(fsz))7 )
.12

where y is the one-hot format of the sentiment polarity label y
from a training instance. | B,| indicates the number of instances
in the source batch.

Domain Discriminator. A domain discriminator is trained
to accurately distinguish an instance from the source or target
domain. The gradient reversal layer (GRL) [6] flips the gradients
from the domain discriminator, which can make the previous
layers hold an opposite training objective. Thus feature extractor
tries to “fool” the domain discriminator D, making it unable
to tell the origin of the feature. This facilitates the learning of
transferable knowledge from source to target domains. The loss
of the domain discriminator is defined as

L‘d:L

|Bs|

Y [Fyslog(D(£s,)) = yi,log(D(F1,))]. (3)

fs;€Bs
Fi; Bt

where label y, and y,, are (1,0) and (0,1) respectively.

C. Constraints

To ensure that the domain/aspect embedding can reflect its
sentiment feature distribution approximately, we constrain the
domain/aspect embedding with sentiment features. Then the do-
mains/aspects from either source or target are bridged indirectly
via the feature space.

Domain Embedding. As shown in Fig. 3, the feature is mapped
to the domain embedding space through a linear transformation
and then constrained to approach its own domain embedding
by minimizing the L2 norm. We define the constraint loss for
domain embedding by

1 1

Rd:WZ T(S) = daclla+ 5 STIT(Fe,) — diylos
s B, B

“)

where T'() is the linear transformation, || - || is the L2 norm.
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Fig. 3. Illustration of the interaction between sentiment features and domain
embeddings. Small circles, diamonds, and triangles represent features from
different classes, i.e., positive, neutral, and negative polarities. All features
belonging to the same domain are employed to constrain its domain embedding.
Two spaces affect each other interactively.

Algorithm 1. Optimizing

Input: N labeled source domains {G, }¥ ;;
M unlabeled target domains {G;, }3Z,;

1 repeat

2 for source batch Bs = { X, Y:} from {G;,}¥ ;| do
3 Sample target batch B, = { X} from

(G, 120, |B.| = |Bi.

4 Extract features I and F}.

5 Compute L€ by Eq.2

6 Compute £ with F; and F; by Eq.3

7 Compute R? by Eq.4

8 Compute R* by Eq.5

9 Compute R? with source instances by Eq.9
10 Combine all losses with Eq.12 and update the

| parameters;

11 until performance on the developing data set does not
improve in 5 epochs.

Aspect Embedding. The aspect embedding is also constrained
similarly by

1
Ra:W Z | Ta(fs;)—as,
sl g,

1
— ST (F) — as []a,
2+|Bt‘%t:|| (.ft]) a’t_7||2
(5)

where T, () maps features into the aspect embedding space.

In this way, the sentiment feature is extracted based on its
aspect and domain embeddings and at the same time, the feature
also constrains the aspect and domain embeddings. This forms
an interactive cycle. It is worth noting that the sentiment features
fall into different classes (i.e., polarities). Therefore, different
classes of a domain/aspect gradually move away from each
other due to the training of the sentiment classifier. However,
constraints, including R% and R?, reduce the distances between
features and domain/aspect embeddings, which contradicts the
training of sentiment classifiers. Therefore, the gradients from
constraints R% and R® do not propagate to the feature extractor
in our implementation.

D. Weight Computation

The theoretical guarantee of our method comes from the dis-
tribution weighted combination rule [29], [40], which indicates
that the target distribution can be represented by a weighted
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combination of multiple source distributions. In the fine-grained
ACST, we learn the optimally weighted combination of /V source
classifiers for each target domain. The rationality is that if a
source domain is more similar to the target domain, the sentiment
classifier trained by this source domain has higher confidence
to infer the target one correctly. Thus its prediction gains higher
weight. Concretely, the weight is computed by similarity mea-
surement in the domain embedding space. We combine two
granularities, i.e., global similarity between domains and local
similarity between the instance and domain.

Since we do not have labeled data in the target domains, in
the training phase, we only leverage source domains to learn the
weight computation module and generalize to target domains in
the testing phase.

1) Training Phase: Given N source domains, we consider
each of them as the “target” domain, and use the rest N — 1
source domains to compute the weight combination for it. Our
main ideais that, for a source instance, the weighted combination
by sentiment classifiers from other source domains, should be
consistent with its ground-truth label. Specifically, given an
instance from source domain Gj,, the extracted feature is f,
and its domain embedding is d,. We denote N source domain
embeddings as Fs = {d;,,ds,,...,ds,} and denote FEy by
removing ds, from Es. We feed f,, and ds, into the weight
computation module to calculate weight with Ey

9= Sim(dSia ES’)v l= Slm(T(fsq)v ES’)v (6)
where g € RV~! and I € RV~! are the global similarity and
local similarity respectively, and Sim computes the cosine sim-
ilarity. We adopt a fusion gate to learn the contribution of two
granularities

G = U(Wg[déwT(‘fét)] + bg) ® (N - l)a
B = softmax(Gg + (1 — G)I),

(7
®)

where W, and b, are parameter and bias. W, maps the vector
[ds;; T(fs,)] into a scalar. ®(N — 1) means repeating N — 1
times. GG indicates the importance of global similarity.

The predictions by all other sentiment classifiers are denoted
as Yy = {C;(fs,)}}., and j # i. The weighted prediction for
this instance should be consistent with its sentiment label y and
the loss is defined as

1
RP:@ZIWwaz- )
s B.

2) Testing Phase: Fig. 4 shows the weight computation in
the testing phase. The testing sets of M target domains are
evaluated by the trained model. Given an instance (x, a, d = t;)
from the target domain gt]. , its feature is first extracted, which is
then fed to all source sentiment classifiers to obtain prediction
results. To compute weights for these predictions, its feature
f+; and domain embedding d;; are employed with all source
domain embeddings E; as below. The rationality is that we
constrain all source and target domain embeddings in the same
way. Therefore, the testing phase is consistent with the training

M Target
Domains

Random batch

from all
target domains

J

Fig. 4.

—»(x,a,d = g)—b
Instance
(] from ¢;

Feature
Extractor
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The weight computation in the testing phase.
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TABLE I

DATASET STATISTICS. #POS, #NEU, #NEG REPRESENT THE NUMBER OF
INSTANCES WITH POSITIVE, NEUTRAL, AND NEGATIVE POLARITIES

Dataset | #Pos #Neu #Neg #D #A
R Train | 45858 45676 15766 5 64
Test | 5162 4921 1716
YelpAspect H Train | 38822 35403 19720 11 35
Test | 4200 3881 2319
B Train | 45762 42576 16021 7 43
Test | 5056 4793 1823
Train | 1759 416 711
R4 most [ 1039 175 326 2 O
SemEval
Train | 995 43 350
RI5 Test | 657 55 399 © 13

#Pos, #Neu, #Neg represent the number of instances with positive, neutral, and
negative polarities. #D and #A4 denote the number of domains and aspects
respectively.

g = Sim(d;, E), l=Sim(T(f4,), Es),
G = U(Wg[dtj;T(ftj)] + bg) ® N.

(10)
(an

Then with (8), we obtain the weights 3. With predictions
Y, = {Ci(f,)}L, from all sentiment classifiers, the weighted
prediction 3Y5 is the final output.

E. Loss

We combine all losses into an overall objective function

L =L+ pl? + 1(R* + R + RP), (12)

where 1 and A balance the effect of different losses.

IV. EXPERIMENTS
A. Datasets

The ACST experiments are conducted with the following two
public datasets.

YelpAspect. This dataset® [8] consists of three English sub-
datasets: Restaurant (R), Hotel (H), and BeautySpa (B). The
statistics of them are displayed in Table I. In this dataset, aspects
are hierarchical, such as food_breakfast or food_snack. The top
level of an aspect is set as the domain. The original ACST is
converted to fine-grained ACST. Moreover, for balancing the

Zhttps://github.com/hsqmlznol/MGAN
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scale of different domains, the domains that have less than 1000
instances are filtered out. It is worth noting that this dataset is
originally annotated by Opinion Parser [41], which might be
noisy. Thus we also choose SemEval for evaluation.

SemEval. We conduct experiments on the more widely used
English benchmarks from SemEval 2014 task 4 [42] Restaurant
14 (denoted as R14) and SemEval 2015 task 12 [43] Restaurant
15 (denoted as R15). In R14, the aspect category is a single word,
which is directly set as the domain. In R15, the top level of an
aspect is set as the domain.

B. Implementation Details

We construct six ACST tasks: R - H,H—+R,R —+B,B —
R, H — B, B — H on YelpAspect, two ACST tasks: R14—R15,
R15—R14 on SemEval. The arrow — represents the transfer
direction from the source to the target data. Grouped by aspects,
each task is transformed into a fine-grained version: {Gs, }fil —

{6 }JA; The training set is composed of two parts: the labeled
source training set and the unlabeled target training set. The
source test set is adopted for validation. The target test set is
used for evaluation.

To make a fair evaluation, all models and baselines are imple-
mented by Pytorch with the same hyperparameters. The word
embeddings are initialized with 100-dimension Glove vectors
[44] and fine-tuned during the training. All other parameters are
initialized by sampling from a normal distribution of A/(0, 0.02).
The hidden size of BiLSTM is set to 50x2. The dimension of
feature, domain embedding and aspect embedding are 100, 5,
and 20 respectively. Moreover, p and A are set to 0.5 and 0.01.
The model is optimized by the Adadelta method [45] with a
learning rate of 1.0. The batch size is 128 and 8 on YelpAspect
and SemEval, respectively. An early stop strategy is exploited,
which stops the training if the accuracy on the validation set
does not improve in 5 epochs. And the best model is chosen for
evaluation. To learn the parameters efficiently, the /N sentiment
classifiers are packed as a three-dimensional tensor [V, 100, 3],
where 100 is the feature dimension and 3 is the three sentiment
polarities. The key to the implementation is using index_select()
in Pytorch. We could choose a specific classifier for each instance
within a batch. Then, our method is trained efficiently with batch
learning. All the reported results for baselines and our approach
are the average of 8 runs. The seeds are [5, 10, 15, 20, 25, 30,
35, 40].

C. Compared Methods

Single-Source Single-Target Domain Adaptation (SSDA)
Baselines We do not group the aspects in the source and target
datasets.

e JATN [46]: It learns interactive attention between the sen-
tence and aspect to transfer sentiment knowledge crossing
domains.

® MMD (Maximum Mean Discrepancy) [47]: It empirically
mitigates the domain divergence by directly minimizing
the distance between feature representations of source
and target datasets [24]. Thus the divergence between the
source and target distributions can be reduced.
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® CORAL (CORrelation ALignment) [25]: Similar to MMD,
it minimizes the domain shift by aligning the second-order
statistics of source and target distributions.

e SRDC [28]: This method uncovers the intrinsic target dis-
crimination via discriminative clustering of target data. The
clustering solutions are constrained by structural source
regularization.

e FixBi [27]: It is a fixed ratio-based mixup to augment
multiple intermediate domains between the source and
target domain. In our experiments, the sequences of word
embedding are mixed up.

Multi-source Single-target Domain Adaptation (MSDA ) base-

lines We group the aspects in the source dataset only.

o MDAN [30]: It designs one classifier and multiple domain
discriminators to address the MSDA setting. This is the
hard version that combines all losses with max-min selec-
tion.

e MDAN(s) [30]: It is the soft version of MDAN that com-
bines all losses as an overall objective.

o MS-MMD: Different from MMD, it reduces the MMD
distance between combined target domains and each source
one respectively.

® MS-CORAL: It is similar to MS-MMD but replaces MMD
with CORAL.

Model Variants for Separate Target Domains

® MMTN(sep): This variant has the same architecture as
MMTN. The only difference is that it trains the target
domains separately. In other words, MMTN(sep) indicates
transferring knowledge from multiple source domains to
each target domain individually.

D. Experimental Analysis

The classification accuracy and macro-f1 of various methods
are reported in Table II, Table III and Table IV. The best scores
on each metric are marked in bold. To validate our approach, we
analyze the results from the following perspectives.

1) Compare With Baselines: As displayed in Table II, the
first two parts show the results of baselines. Compared with
SSDA methods, MMTN outperforms MMD, IATN, CORAL
by +3.39%, +2.97%, +2.62% respectively on the average of
all evaluation metrics. Particularly, compared with a strong
baseline CORAL, MMTN achieves significant improvements
by +3.44% accuracy and +3.80% macro-fl on H — B. This
verifies that our approach can improve the domain adapta-
tion performance of ACST by fine-grained transfer. In ad-
dition, it is observed that the FixBi performs slightly worse
than other SSDA methods. A possible reason is that the sen-
timent polarity is closely corresponding with the aspect cat-
egory. When mixing up the word embeddings of two sen-
tences from the source and target domains, it might introduce
noises for attention mechanisms to learn less-accurate sentiment
representation.

Moreover, MMTN consistently outperforms four MSDA
baselines on the average metric. It is worth noting that our
method achieves significant improvement compared with the
strongest baseline MDAN. In Table II, the p-values between
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TABLE II
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Models R—H H—R R—B B—R H—B B—H Av
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 &

MMD 7113 67.30 | 75.82 71.79 | 7446 69.56 | 76.60 72.62 | 75.42 7235|7474 7191 | 72.808
IATN 7436 7216|7484 7056|7642 7197 | 76.06 71.51 | 75.63 71.92 |72.72 70.61 | 73.230
CORAL 7474 7227 | 7422 7037|7535 7129 | 7720 7293 | 7557 71.83 |74.61 7256 | 73.578
FixBi 68.20 66.23 | 71.98 66.51 | 71.11 66.57 | 72.59 68.33 | 71.41 67.60 | 68.22 65.47 | 68.691
SRDC 7522 73.66 | 7296 67.76 | 7497 70.16 | 75.45 70.10 | 75.57 71.00 | 74.65 72.40 | 72.829
MS-MMD 7286 7120 | 7442 6993 | 75.39 71.06 | 74.28 69.34 | 75.02 71.45|72.34 70.35 | 72.303
MDAN(s) 7452 7275|7557 7124|7692 7322 |76.09 72.07 | 77.15 73.17 |74.08 72.39 | 74.097
MS-CORAL | 75.00 73.36 | 75.89 71.84 | 7713 73.63 | 76.27 7197 | 76.51 7253 | 74.93 73.10 | 74.347
MDAN 75.37 74.07 | 76.13 7151 | 76.41 7287 |76.51 7218 | 76.76 73.32 | 75.38 73.78 | 74.524
MMTN 76.15 74.84 | 78.09 73.85 | 78.31 75.03 | 78.03 73.27 | 79.01 75.63 | 76.94 75.20 | 76.196
(p-value) 2681 .8482 | .0003 .0060 | .0003 7.6e-5|.0804 .1964 | 1.1e-5 .0005 | .0348 .0240 | 1.5e-6
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We list the p-values of the T-test between MMTN and MDAN.

TABLE III
EVALUATION RESULTS OF BASELINES AND OUR MODEL ON SEMEVAL IN
TERMS OF ACCURACY(%) AND MACRO-F1(%)

R14—R15 R15—R14
Models Acc  Fl | Acc F1 | AV8
IATN 72.85 55.10 | 74.62 49.34 | 62.98
MMD 7196 5412 | 7471 49.68 | 62.62
CORAL 65.68 51.57 | 74.64 49.67 | 60.39
FixBi 74.88 5540 | 7551 47.76 | 63.39
SRDC 7857 5558 | 7435 47.51 | 64.01
MS-MMD | 73.09 52.67 | 73.25 48.81| 61.96
MDAN(s) | 6634 5050 | 74.28 50.93 | 60.51
MS-CORAL | 72.10 51.01 | 70.91 47.43 | 60.36
MDAN 7642 53.03 | 73.34 48.58 | 62.84
MMTN 79.75 58.06 | 76.82 50.65 | 66.32
(p-value) | 5.06e-5 0019 | .0189 .0046 | 0.0001

We list the p-values of the T-test between MMTN and MDAN.

TABLE IV
EVALUATION RESULTS OF VARIANTS OF OUR MODEL IN TERMS OF
ACCURACY(%) AND MACRO-F1(%)

B—R R14—R15
Models Acc  Fl | Acc  F1
MMTN (full model) |78.03 73.27|79.75 58.06
MEAN 76.16 71.38|75.25 55.58
w/o R? 76.35 71.87 | 79.48 54.25
w/o RP 7732 73.16 | 79.75 55.49
w/o R® 7755 72.80 | 76.69 55.38
w/o global similarity | 76.74 72.08 | 78.31 54.11
w/o local similarity | 76.73 71.97 | 79.12 56.40

MEAN: remove R, Rd, RP, and also the weight computation component
from MMTN, and predict with the average of multiple sentiment classifiers.

MMTN and MDAN are almost all smaller than 0.05 (p-
values<0.05 indicates the improvements are significant). MSDA
baselines regard the multiple target domains as a whole, which
ignores the relationship and distinction among them. The exper-
imental results further validate that our approach successfully
achieves appropriate transfer for each target domain.

The experimental results on SemEval are shown in Table III. It
can be seen that MMTN achieves the best performance on almost
all evaluation metrics. Compared with a strong baseline MDAN,
MMTN significantly outperforms it (p-values<0.05). These re-
sults also prove the effectiveness of the proposed method by
transferring sentiment at a fine-grained level.

2) Ablation Study: The results of variants are reported in Ta-
ble IV. It is first observed that MMTN consistently outperforms
MEAN on all evaluation metrics. This proves that the weight
computation module is effective in learning weight for each
target instance. Then we found that removing individual loss
R? R® and RP causes a slight performance drop, respectively.
The results of w/o R® and w/o R? show the effectiveness of
constraints. And the results from w/o RP validate the effective-
ness of the weight computation component. We can also see
that removing R? causes more performance decreases compared
with R* and RP. This shows that, in our approach, constraining
domain embeddings with the feature distributions plays a key
role. The constraints bridge all domains and facilitate the domain
similarity measurement in the weight computation component.
Finally, we observe that only using global similarity or local
similarity results in slight performance declines. This shows the
usefulness of the combination of both levels of similarities.

3) Evaluation on Separated Target Domains: Since there
are multiple subdomains in the target domain of fine-grained
ACST, we further compare the evaluation results on separated
target domains. As reported in Fig. 5, three methods are com-
pared, including MDAN, MMTN(sep) and MMTN. First, it
is observed that MMTN outperforms MDAN in almost all
target domains. MMTN achieves significant improvement by
+13.04% on location domain of R — H and +4.66% on food
domain of R — B. In addition, it is worth noting that a few
domains are overlapping between source and target, such as
the experience and food between R and H. We notice that
MMTN outperforms MDAN not only on overlapping domains
but also on unseen domains. This also verifies the effectiveness
of fine-grained transfer on separated target domains. Second,
MMTN(sep) indicates training MMTN with each target domain
individually. By comparing MMTN and MMTN(sep), MMTN
still outperforms MMTN(sep) in most separate target domains.
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Fig. 5. Evaluation results of separated domains in the target testing set for six transfer pairs on YelpAspect. Each subfigure compares the results of MDAN,

MMTN(sep), and MMTN in terms of macro-f1 (%).

65 R14 - R15
551
45
351 MDAN
~—%¥— MMTN
- MMTN(sep)
25— 6‘ T <
e o IR & 2
IS AP\ 200 @ W
N2 I\ @ > e
«© \© (e‘»@ S

R15-R14

65

551

454

35

) ‘ o ‘ . ce‘ N
&€ < DN e

o0
o
2

Fig. 6. Evaluation results of separated domains in the target testing set
for two transfer pairs on SemEval. Each subfigure compares the results of
MDAN, MMTN(sep), and MMTN in terms of macro-f1 (%). ane/mis is the
anecdotes/miscellaneous for short.

Based on this observation, we guess that training with multiple
target domains would bring more knowledge to each target
one. This is also intuitive, where multiple target domains could
enhance the domain-invariant sentiment knowledge with source
ones.

As shown in Fig. 6, we display the evaluation results of the
separate target domains on the SemEval dataset. We can see that
the proposed method outperforms MDAN and MMTN(sep) on
almost all separate target domains.
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Fig. 7. The loss curves of R*, R%, and RP during the training of MMTN on
R — B.

4) Constraint Losses: The loss curves of R*, R% and RP
are visualized in Fig. 7. Note that we use separated y-axes for
them. Specifically, the training loss of the weight computation
module, i.e., RP, follows the decreasing trend. RP ensures the
consistency between weights of multiple predictions and the
ground-truth label. The curve illustrates the learnability of the
weight computation component. Therefore, this contributes to
calculating more accurate weights for target domains through
their domain embeddings.

The constraints on aspect embeddings R* and domain embed-
dings R? decrease dramatically at the beginning but gradually
increase after several epochs. This is because they are both
constrained by sentiment features. All features, that belong to the
same domain, fall into different sentiment polarities, including
positive, neutral and negative. As the training of sentiment clas-
sifiers, the features of diverse classes gradually move away from
each other. Thus, the L2 distance between domain embedding
and features, i.c., RY, slightly increases, and so does R®. It is
also worth noting that R* and R? pull the features together,
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Fig. 8.  Cosine similarities of all domains from the transfer task R — B. It is
worth noting that R and B contain 5 and 7 domains, respectively. The number
of domains in task R — B is 10. The reason is that food and experience are two
overlapping domains in this task.

which might reduce the separability of the features. Therefore,
the gradients from R® and R? do not propagate to the features,
but only influence aspect embeddings and domain embeddings
(see Section 3.3).

5) Domain Embedding: To validate the domain embeddings
learned by MMTN, we visualize the cosine similarities of trans-
fer task R — B in Fig. 8. Every single block represents the
cosine similarity between two domain embeddings. It can be
seen that various domain pairs have different similarities. We
first found that some pairs gain a larger score, such as food
and drinks, food and restaurant, drinks and restaurant. The
cosine similarities of the above three pairs are all larger than 0.9.
These domains are closely related because customers usually
comment about the food and drinks in the restaurant. Thus they
share more common opinion features, which contributes to the
similarity of their domain embeddings. For another example, the
cosine score between service and experience is 0.56, which is
the highest score among all the pairs between service and the
other domains. This is because the service potentially affects the
experience of customers. In addition, procedure is also similar
to experience. The reason is that the procedure of production is
closely connected with the experience of customers. Then we
can see some divergent domains do receive smaller scores, such
as food and service, drinks and service, salon and service. The
cosine similarities of the above three pairs are all smaller than
-0.4. These results are in line with expectations.

However, there exist domain pairs that have inaccurate simi-
larities. For example, the cosine score between service and staff
15 -0.68. In our intuition, their similarity should be large since the
service is provided by the staff. Yet the score does not indicate
this potential relationship. Thus, an overall conclusion is drawn
that to a certain extent, domain embeddings can represent the
feature distribution of a domain, and the cosine score calculated
by domain embeddings reflects the similarity between domains.

6) Case Study: To further explore the similarity scores
learned by MMTN, we visualize the global similarity and local
similarity between the target instance and all source domains.
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R—B Sentence: [ went on a sunday afternoon with my son so we could

both get our hair cut

Aspect: procedure_beauty_hair Domain: procedure
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(a) A testing sentence from R—B.

R—B Sentence: Maybe it was just the hairdresser i booked an

appointment with but i did not have a great experience

Aspect: experience_appointment ~ Domain: experience

0.75

0.5 056 0.56
0.25

-0.25
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I Global Similarity
M Local Similarity

(b) A testing sentence from R—B.

Fig. 9. Similarities visualization, where global similarity is computed with
domain embeddings, and local similarity is calculated by feature and domain
embeddings (see Section 3.4.1).

The case studies are depicted in Fig. 9. The first sentence
(Fig. 9(a)) is a testing instance from target domain procedure
of R — B. There are five source domains. It can be observed
that the global similarity reflects the relationships between do-
mains, where procedure is most similar to the source domain
experience. We can also see that the local similarity revises
the relationships between a specific instance with source do-
mains. The target sentence expresses neutral polarity for the
aspect procedure_beauty_hair. Its local similarities with some
source domains are larger than the global ones considering its
specific contextual information might be similar to the source
domains. For example, “I went on a Sunday afternoon” might
also be utilized to describe restaurant and drinks simultaneously.
The combination of global and local similarities contributes to
learning the weight computation component. The second case is
shown in Fig. 9(b), which displays a testing instance from target
domain experience of R — B. This target domain is also existing
in the source domains. As presented in Fig. 9(b), the global
similarity between experience and service is 0.56. The reason
is that service would influence the experience of customers. We
further see that the local scores are similar to the global ones,
which provide references to make the prediction.

In summary, the global and local similarities, to some extent,
reflect the semantic relationships among domains and features.
While sometimes the similarities are not as the expectation
of human common sense. For example, the global similarity
between service and procedure is negative, while the score of
food and procedure is positive. A possible reason is that the
extracted features might be noisy and less accurate, making the
global and local similarities also less precise.
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Sentence Aspect Category Domain Prediction Ground Truth
(a) There is no way it justifies the accolades it receives , the attitude of . . . .
the staff or the wait for a table . service#general service Positive Negative
(b) The menu looke‘d great , and the waiter was very nice , but when food#quality food Positive Neutral
the food came , it was average .
(c) Food was Luke warm food#quality food Positive Negative
(d) The space is limited so be prepared to wait up to 45 minutes - 1 )
hour, but be richly rewarded when you savor the delicious indo- ambience#general ambience Positive Neutral
chinese food .
(e) Be prepared to wait , because the place is pretty tiny . ambience#general ambience Positive Negative
(f) Also, they do not take credit card so come with cash ! re§taurant# restaurant Negative Neutral
miscellaneous
Fig. 10. Typical error instances chosen from the testing target domains of transfer task R14—R15.
7) Error Analysis: As displayed in Fig. 10, typical error 6.617 12
instances are listed. They can mainly be concluded into four 6.616 1 i
error types. First, the multi-aspect sentence tends to be difficult 6.615,
to analyze. Specifically, there may exist multiple aspects in 3.311/¢
a sentence. Take sentence (b) as an example, the sentiment 3.3104 *
polarity towards menu and staff are positive, which is noise for 33091
food#quality. Then for food#quality, the sentiment polarity is 1308 ¢ ¢
. o, . . . . 1T e
wrongly predicted as positive, which is actually neutral. An ¢ ¢ e e
. P 3.307 — T T T T T T T T T
analogous problem also happens in sentence (d). The opinion N oC >
[aiogous provietil 4780 1Appens 1 ce (d). The opi W WO i 0% (o P O
richly rewarded” describes positive sentiment for “Chinese W W W
food”. However, this is noise for ambience#general, making the
sentiment polarity wrongly predicted as positive. Second, the Fig- 11.  Number of parameters in different models.

opinion is implicit, which is difficult for ACST. In sentence (a),
there is no explicit opinion, but potentially expresses dissatis-
faction toward service. Sentence (f) is alike. Such a situation
is difficult even for closed-domain sentiment analysis, which is
also a big challenge for the affective computing area. Third, an
unknown word may cause an error. In sentence (c), “Luke” is
an unknown word, indicating that this word does not exist in
the source domains. This makes correct prediction challenging.
Fourth, ambiguous words result in different sentiment polarities.
Take sentence (e) as an example, “pretty tiny” is negative in the
ambience domain. Yet “pretty” is both an adjective and adverb.
It might be positive when being used as an adjective, such as
“pretty decoration”, “pretty environment” . This leads to errors.
8) Model Scale: Since the proposed model design a senti-
ment classifier for each source domain, it might increase the
model scale. Here we compare the number of parameters of
various approaches. As shownin Fig. 11, it can be seen that FixBi
has the largest number of parameters, almost twice compared
with other models. The reason is that FixBi designs separate
neural networks for source and target domains, respectively. Two
networks are interactively learned via mixing up representations.
In addition, it can be observed that the proposed MMTN has
only a slightly larger number of parameters compared to other
methods. Thus, under the experiments of this work, MMTN
is parameter-friendly. Yet MMTN still has a potential drawback
that the model scale will become larger as the number of domains
grows. This problem also exists in MDAN and MDAN(s), which
design multiple domain discriminators for source domains.

E. Experiments on General Multi-Domain Dataset

The above experiments are conducted on two public datasets
about aspect category level sentiment. To further evaluate the
proposed approach, we choose a more general multi-domain
dataset [48]. The details are introduced below.

® DRANZIERA [48] It is a multi-domain opinion mining

dataset, which contains 20 domains and each domain
consists of 50,000 instances. The domains include
[Amazon_Instant_Vide, Automotive, Baby, Beauty,
Books, Clothing_Accessories,  Electronics, Health,
Home_Kitchen, Movies_TV, Music, Olffice_Products,
Patio, Pet_Supplies, Shoes, Software, Sports_QOutdoors,
Tools_Home_Improvement, Toys_Games, Video_Games].
This dataset is designed for sentence-level sentiment
classification, with two sentiment polarities, i.e., positive
and negative. In the experiments, we choose the first half
of domains as the source data, denoted as S, and the second
half of domains as the target data, denoted as T.

The name of a domain is regarded as the aspect category and
the first level. For example, Amazon is regarded as the grouped
domain name of Amazon_Instant_Vide. In this way, the proposed
method and baselines could be used in this dataset without extra
network modification. We construct two ACST tasks S — T and
T — S on DRANZIERA. The batch size is set to 32. Other
hyper-parameters are the same as the previous experiments.
We randomly sample 2,000 samples from each domain and
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to achieve fine-grained transfer. Extensive experiments are con-
ducted on three public datasets and the results demonstrate the
effectiveness of our approach.

In light of the above analyses and observations, potential
future directions may include representing domains with more
accurate domain embeddings, deeply studying the overlapping
and non-overlapping domains between the source and target
datasets, introducing external knowledge during domain adapta-
tion, etc. Moreover, studying multi-source multi-target domain
adaptation in more general scenarios is also an interesting direc-

S—T T—S
Models Acc F1 | Acc F1 | V8
IATN 84.07 8323 | 84.62 84.17 | 84.02
MMD 84.47 8380 | 8494 84.52 | 84.43
CORAL 84.82 8428 | 84.74 84.35 | 84.54
FixBi 85.12 84.84 | 82.89 82.56 | 83.85
SRDC 85.02 8458 | 84.89 84.47 | 84.74
MDAN 6221 53.03 | 63.99 55.88 | 58.78
MS-MMD | 8494 8436 | 84.15 83.73 | 84.30
MS-CORAL | 8548 8493 | 84.68 84.29 | 84.85
MDAN(s) | 8531 8473 | 84.88 84.46 | 84.85
MMTN 86.26 85.71 | 85.87 85.44 | 85.82
(p-value) | 0.0038 0.0053 | 8.1e-5 2.8¢-5 | 4.3¢-5

We list the p-values of the T-test between MMTN and MDAN(s).

TABLE VI
EVALUATION RESULTS OF BASELINES AND OUR MODEL ON DRANZIERA,
‘WHEN SAMPLING 5,000 SAMPLES FROM EACH DOMAIN, IN TERMS OF
ACCURACY (%) AND MACRO-F1(%)

—

ST TS
Models ‘Acc Fl1 ‘Acc Fl1 ‘AVg
IATN 87.47 87.08 | 87.63 87.01 | 87.30
MDAN | 84.63 84.06 | 83.45 83.20 | 83.84
MDAN(s) | 87.65 87.28 | 87.48 87.01 | 87.36
MMTN | 87.82 87.42 | 87.70 87.20 | 87.54

split the training and testing set at the ratio of 0.8 : 0.2. The
experimental results are displayed in Table V. All the reported
results for baselines and our method are the average of 8 runs.
It can be observed that MMTN achieves the best performances.
Comparing a strong baseline MDAN(s), the improvements of
MMTN are significant.

In addition, when sampling 5,000 samples from each domain,
the results are reported in Table VI. The improvements of
MMTN are not significant. Comparing the differences between
2,000 and 5,000 samples per domain, the first observation is that
the proposed method MMTN performs better in the resource-
limited scenario. In addition, we guess that when the training
samples are enough, such as 5,000 in each domain, the sentiment
distribution between S and T tends to have little differences,
where S and T are both combined with 10 domains, respectively.
Thus different domain adaptation methods, e.g., IATN, MDAN,
MDAN(s) and MMTN, achieve similar performances.

V. CONCLUSION

In this article, we address aspect category level sentiment
analysis from the view of unsupervised domain adaptation. Most
domain adaptation methods in sentiment analysis are coarse-
grained, which ignore the relationships between different aspect
categories. We propose a fine-grained domain adaptation method
by considering the adaptation between subdomains. Specifically,
the source/target domain is divided into multiple subdomains
according to the aspect category. We further propose MMTN

tion, which has been under-investigated.
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