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Domain Adaptation
• Try to use an NLP tool that is trained using a corpus X, on a 

different corpus Y.

• Usually does not work well!

• Reasons

• Different vocabularies

• Different labels 

• Different amounts of data (imbalance)

• Different tasks 

• Related topics

• transfer learning, multi-task learning, joint learning,...
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Domain Adaptation in NLP

• Domain Adaptation of

• Part of Speech Tagging

• Dependency Parsing (SANCL / Parse the Web)

• Sentiment Classi"cation (Amazon Reviews)

• Relation Extraction (Relation Adaptation)

• Distributional Semantic Prediction
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Domain Adaptation of Sentiment Classi"ers
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This is an excellent and broad survey of the 
development of civilization with all the punch 
of high quality "ction. A thrilling book.

This is both a light weight and sharp knife for 
the kitchen use. An excellent bargain 
considering what I had to pay.

Adaptation

Source Domain = books

Target Domain = knives



Problem Settings
• Unsupervised Cross-Domain Sentiment Classi"cation

• Given labeled data (+/- labeled reviews) for a source domain and unlabeled data 
(reviews with no sentiment labels) for both source and the target domains, learn a 
binary classi"er to classify the sentiment on target domain reviews.

• Other variants of the problem

• supervised domain adaptation [Daume, ACL 2007]

• use some labeled data for the target domain as well

• semi-supervised domain adaptation [Daume, NIPS 2010]

• use both labeled and unlabeled data for the target domain
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source domain
labeled data

source domain 
unlabeled data

target domain 
unlabeled data

Training dataset for unsupervised domain adaptation



Challenges in Domain Adaptation
• Different words are important in different domains

• interesting book [+] = energy saving grill [+]

• boring movie [-] = heavy laptop [-]

• How to map the positive/negative features in the source domain 
to the respective sentiment features in the target domain?

• Feature mismatch problem.

• Same feature can express different sentiments in different domains

• lightweight computer [+] vs. lightweight movie [-]

• How to predict the variation of meaning of a particular word 
across different domains?

• Neighbourhood prediction problem.
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Source domain
labeled data

Source domain 
unlabeled data

Target domain 
unlabeled data

Sentiment 
Sensitive 
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Training
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Testing
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Testing
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Testing
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Target ?
Sentiment 
Sensitive 

Thesaurus
+ original extended

Binary 
Classifier



Creating the Thesaurus (1/3)

• unigrams and bigrams of words in a review are called lexical elements 
and act as the constituents of the thesaurus

• unigrams: broad, survey

• bigrams: broad+survey

• We represent each lexical element u using a feature vector where:

• Other lexical elements that co-occur with u in any review sentence 
are selected as features

• survey and broad+survey are features for broad

• unigrams and bigrams of the part of speech tags are also considered 
as features

• JJ and JJ+CC are features for broad
15

Excellent and broad survey of the development of civilization
Excellent/JJ and/CC broad/JJ survey/NN1 of/IO the/AT development/NN1 of/IO civilization/NN1



Creating the Thesaurus (2/3)

• We assign the document level sentiment labels  (P: positive, N: 
negative) to each of the lexical elements generated from that 
document to create sentiment features

• sentiment features (lemma)

• broad*P, broad+survey*P

• sentiment features (POS)

• JJ*P, JJ+NN1*P

• Sentiment features can be created only from source domain labeled reviews

• We aggregate features from all sentences where a particular lexical 
element occur to create the feature vector for that lexical element
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Excellent and broad survey of the development of civilization
Excellent/JJ and/CC broad/JJ survey/NN1 of/IO the/AT development/NN1 of/IO civilization/NN1



Creating the Thesaurus (3/3)
• The weight, f(u,w), assigned to a feature w in the feature vector representing a 

lexical element u is set to the pointwise mutual information between u and w

• The relatedness, τ(v,u), between two lexical elements u and v is computed as the 
fraction of weights for w such that  if f(u,w) > 0 then f(v,w) > 0

• Produce a sentiment sensitive thesaurus in which for each lexical element u, 
lexical elements v are listed in order of τ(v,u)
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POS-level sentiment features. POS tags generalize
the word-level sentiment features, thereby reducing
feature sparseness.

Let us denote the value of a feature w in the fea-
ture vector u representing a lexical element u by
f(u, w). The vector u can be seen as a compact rep-
resentation of the distribution of a lexical element u
over the set of features that co-occur with u in the re-
views. From the construction of the feature vector u
described in the previous paragraph, it follows that
w can be either a sentiment feature or another lexical
element that co-occurs with u in some review sen-
tence. The distributional hypothesis (Harris, 1954)
states that words that have similar distributions are
semantically similar. We compute f(u, w) as the
pointwise mutual information between a lexical ele-
ment u and a feature w as follows:

f(u, w) = log

 
c(u,w)

NPn
i=1 c(i,w)

N

⇥
Pm

j=1 c(u,j)

N

!
(1)

Here, c(u,w) denotes the number of review sen-
tences in which a lexical element u and a feature
w co-occur, n and m respectively denote the total
number of lexical elements and the total number of
features, and N =

Pn
i=1

Pm
j=1 c(i, j). Pointwise

mutual information is known to be biased towards
infrequent elements and features. We follow the dis-
counting approach of Pantel & Ravichandran (2004)
to overcome this bias.

Next, for two lexical elements u and v (repre-
sented by feature vectors u and v, respectively), we
compute the relatedness ⌧(v, u) of the feature v to
the feature u as follows,

⌧(v, u) =

P
w2{x|f(v,x)>0} f(u, w)P
w2{x|f(u,x)>0} f(u, w)

. (2)

Here, we use the set notation {x|f(v, x) > 0} to
denote the set of features that co-occur with v. Re-
latedness of a lexical element u to another lexical
element v is the fraction of feature weights in the
feature vector for the element u that also co-occur
with the features in the feature vector for the ele-
ment v. If there are no features that co-occur with
both u and v, then the relatedness reaches its min-
imum value of 0. On the other hand if all features
that co-occur with u also co-occur with v, then the
relatedness , ⌧(v, u), reaches its maximum value of

1. Note that relatedness is an asymmetric measure
by the definition given in Equation 2, and the relat-
edness ⌧(v, u) of an element v to another element u
is not necessarily equal to ⌧(u, v), the relatedness of
u to v.

We use the relatedness measure defined in Equa-
tion 2 to construct a sentiment sensitive thesaurus in
which, for each lexical element u we list lexical el-
ements v that co-occur with u (i.e. f(u, v) > 0) in
descending order of relatedness values ⌧(v, u). In
the remainder of the paper, we use the term base en-
try to refer to a lexical element u for which its related
lexical elements v (referred to as the neighbors of u)
are listed in the thesaurus. Note that relatedness val-
ues computed according to Equation 2 are sensitive
to sentiment labels assigned to reviews in the source
domain, because co-occurrences are computed over
both lexical and sentiment elements extracted from
reviews. In other words, the relatedness of an ele-
ment u to another element v depends upon the sen-
timent labels assigned to the reviews that generate u
and v. This is an important fact that differentiates
our sentiment-sensitive thesaurus from other distri-
butional thesauri which do not consider sentiment
information.

Moreover, we only need to retain lexical elements
in the sentiment sensitive thesaurus because when
predicting the sentiment label for target reviews (at
test time) we cannot generate sentiment elements
from those (unlabeled) reviews, therefore we are
not required to find expansion candidates for senti-
ment elements. However, we emphasize the fact that
the relatedness values between the lexical elements
listed in the sentiment-sensitive thesaurus are com-
puted using co-occurrences with both lexical and
sentiment features, and therefore the expansion can-
didates selected for the lexical elements in the tar-
get domain reviews are sensitive to sentiment labels
assigned to reviews in the source domain. Using
a sparse matrix format and approximate similarity
matching techniques (Sarawagi and Kirpal, 2004),
we can efficiently create a thesaurus from a large set
of reviews.

4 Feature Expansion

Our feature expansion phase augments a feature vec-
tor with additional related features selected from the

u v

f(u,w) f(v,w)



Representing a Review
• We represent a review d using a term-frequency vector, where 

dj is the number of occurrences of a lexical element wj in d.

• We assign to each base entry ui in the thesaurus a document-
speci"c score(ui, d) computed as the normalized sum of the 
product of τ(wj, ui) and the corresponding dj frequency for 
each wj in the document.
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water:1 lid:2 taste:1......

0.275
0.268 0.258

score=(1*0.275+2*0.268+1*0.258)/(1+2+1)

bottle

sentiment-sensitive thesaurus created in Section 3 to
overcome the feature mismatch problem. First, fol-
lowing the bag-of-words model, we model a review
d using the set {w1, . . . , wN}, where the elements
wi are either unigrams or bigrams that appear in the
review d. We then represent a review d by a real-
valued term-frequency vector d 2 RN , where the
value of the j-th element dj is set to the total number
of occurrences of the unigram or bigram wj in the
review d. To find the suitable candidates to expand a
vector d for the review d, we define a ranking score
score(ui,d) for each base entry in the thesaurus as
follows:

score(u

i

,d) =

P
N

j=1 dj⌧(wj

, u

i

)

P
N

l=1 dl

(3)

According to this definition, given a review d, a base
entry ui will have a high ranking score if there are
many words wj in the review d that are also listed
as neighbors for the base entry ui in the sentiment-
sensitive thesaurus. Moreover, we weight the re-
latedness scores for each word wj by its normal-
ized term-frequency to emphasize the salient uni-
grams and bigrams in a review. Recall that related-
ness is defined as an asymmetric measure in Equa-
tion 2, and we use ⌧(wj , ui) in the computation of
score(ui,d) in Equation 3. This is particularly im-
portant because we would like to score base entries
ui considering all the unigrams and bigrams that ap-
pear in a review d, instead of considering each uni-
gram or bigram individually.

To expand a vector, d, for a review d, we first
rank the base entries, ui using the ranking score
in Equation 3 and select the top k ranked base en-
tries. Let us denote the r-th ranked (1  r  k)
base entry for a review d by v

r
d. We then extend the

original set of unigrams and bigrams {w1, . . . , wN}
by the base entries v

1
d, . . . , v

k
d to create a new vec-

tor d0 2 R(N+k) with dimensions corresponding to
w1, . . . , wN , v

1
d, . . . , v

k
d for a review d. The values

of the extended vector d0 are set as follows. The
values of the first N dimensions that correspond to
unigrams and bigrams wi that occur in the review d

are set to di, their frequency in d. The subsequent k
dimensions that correspond to the top ranked based
entries for the review d are weighted according to
their ranking score. Specifically, we set the value of
the r-th ranked base entry v

r
d to 1/r. Alternatively,

one could use the ranking score, score(vrd, d), itself
as the value of the appended base entries. However,
both relatedness scores as well as normalized term-
frequencies can be small in practice, which leads to
very small absolute ranking scores. By using the
inverse rank, we only take into account the rela-
tive ranking of base entries and ignore their absolute
scores.

Note that the score of a base entry depends on a
review d. Therefore, we select different base en-
tries as additional features for expanding different
reviews. Furthermore, we do not expand each wi

individually when expanding a vector d for a re-
view. Instead, we consider all unigrams and bi-
grams in d when selecting the base entries for ex-
pansion. One can think of the feature expansion pro-
cess as a lower dimensional latent mapping of fea-
tures onto the space spanned by the base entries in
the sentiment-sensitive thesaurus. The asymmetric
property of the relatedness (Equation 2) implicitly
prefers common words that co-occur with numerous
other words as expansion candidates. Such words
act as domain independent pivots and enable us to
transfer the information regarding sentiment from
one domain to another.

Using the extended vectors d0 to represent re-
views, we train a binary classifier from the source
domain labeled reviews to predict positive and neg-
ative sentiment in reviews. We differentiate the ap-
pended base entries v

r
d from wi that existed in the

original vector d (prior to expansion) by assigning
different feature identifiers to the appended base en-
tries. For example, a unigram excellent in a feature
vector is differentiated from the base entry excellent
by assigning the feature id, “BASE=excellent” to the
latter. This enables us to learn different weights for
base entries depending on whether they are useful
for expanding a feature vector. We use L1 regu-
larized logistic regression as the classification algo-
rithm (Ng, 2004), which produces a sparse model in
which most irrelevant features are assigned a zero
weight. This enables us to select useful features for
classification in a systematic way without having to
preselect features using heuristic approaches. The
regularization parameter is set to its default value
of 1 for all the experiments described in this paper.



Feature Vector Expansion
• During training (for source domain labeled reviews) 

and testing (for target domain unlabeled reviews), 
we compute the ranking score of each base entry. We 
append the top k ranked base entries as expansion 
features to the original feature vector for the review.
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(excellent, 2) (broad, 1) (survey, 3)

(excellent, 2) (broad, 1) (survey, 3) (great, 1) (thrilling, 0.5) (fun, 0.3)

original review

extended review



Experimental Settings
• Train a binary classi"er on expanded vectors using source domain labeled 

reviews

• L2 regularized binary logistic regression is used as the classi"er.

• Feature expansion is done at both train and test times

• top scoring 1000 base entries are selected from the thesaurus

• We use the cross-domain sentiment classi"cation dataset (Blitzer et al. 2007) 

• Four domains: Books (B), DVDs (D), electronic items (E), kitchen 
appliances (K)

• 1000 positive, 1000 negative and on average 17,546 unlabeled reviews 
for each domain.

• Randomly select 800 positive and 800 negative labeled reviews for each 
domain for training

• Evaluate on the remaining 400 (200 positive and 200 negative).
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Sentiment Classi"cation
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Method Kitchen DVDs Electronics Books

No adaptation 72.61 68.97 70.53 62.72

NSS 77.50 73.50 75.50 71.46

Proposed 85.18 78.77 83.63 76.32

Target Labeled 87.70 82.40 84.40 80.40

No Thesaurus: lower bound
NSS: Non-sentiment sensitive thesaurus 
         (i.e. a thesaurus crated using the proposed method without any sentiment features)
Proposed: full sentiment thesaurus method
in domain: training on labeled target domain reviews
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