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ABSTRACT

We propose a simple yet effective approach to context sen-
sitive synonym discovery for Web search queries based on
co-click analysis; i.e., analyzing queries leading to clicking
same documents. In addition to deriving word based syn-
onyms, we also derive concept based synonyms with the help
of query segmentation. Evaluation results show that this ap-
proach dramatically outperforms the thesaurus based syn-
onym replacement method in keeping search intent, from
accuracy of 40% to above 80%.

Categories and Subject Descriptors: H.3.3 [Informa-
tion Storage and Retrieval]: Information Search and Re-
trieval

General Terms: Algorithms, Experimentation

Keywords: Synonym discovery, query reformulation

1. INTRODUCTION

Synonyms are words or expressions of the same language
that have the same or nearly the same meaning in some
or all senses !. Automatically discovering synonyms from
text has been active topics in a variety of language process-
ing tasks [3, 7, 1, 2, 4]. Most existing work is to create a
general purpose synonym thesaurus without targeted appli-
cations [56]. However, it is unclear how general synonyms can
help a particular application. In the context of Web search,
we want to find synonyms that can express the same search
intent of users. Discovering synonyms for Web search have
at least the following challenges:

1. synonym discovery is context sensitive. Although there
are quite a few manually built thesauri available to
provide high quality synonyms [2], most of these syn-
onyms have the same or nearly the same meaning only
in some senses. If we simply replace them in search
queries, it is very easy to trigger search intent drift,
a very bad search experience for users. For example,
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“baby” and “infant” are treated as synonyms in many
thesauri, but “Santa Baby” has nothing to do with “in-
fant” not only it is a song title, which is an entity that
needs special handling, but also the meaning of “baby”
in this entity is different than the usual meaning of
“infant”.

2. context can not only limit the use of synonyms as
above, but also broaden the traditional definition of
synonyms. For instance, “dress” and “attire” some-
times have nearly the same meaning, even though they
are not associated with the same entry in many the-
saurus; “free” and “download” are far from synonyms in
traditional definition, but “free cd rewriter” may carry
the same query intent as “download cd rewriter”.

3. there are many new synonyms developed from the Web
over time. “Playstation 3” and “ps3” were not syn-
onyms twenty years ago; “snp newspaper” and “snp
online” carry the same query intent only after snpon-
line.com was published. Thus a static synonym list is
less desirable.

In summary, synonym discovery for Web search is differ-
ent from traditional thesaurus mining; it needs to be context
sensitive to keep the same search intent, and is time sensi-
tive so we need to update the dictionary timely. To address
these problems, we conduct context based synonym discov-
ery from co-clicked queries, i.e., queries that share similar
document click distribution. The intuition of discovering
synonyms from co-clicked data is that queries with similar
clicked URLs tend to be related and carry similar intents,
which are often formulated with synonyms. Synonyms dis-
covered from co-clicked documents is context sensitive; as
we aggregate over many queries, the distribution of clicked
documents reflects pretty well the search intent. We can
obtain search queries on a daily basis, thus the synonyms
mined from search queries reflects most recent synonyms.

2. CO-CLICKED QUERY CLUSTERING

Clustering has been extensively studied in many applica-
tions, including query clustering [8]. One of the most suc-
cessful techniques for clustering is based on distributional
clustering [3, 4]. We adopt a similar approach to our co-
clicked query clustering. Each query is associated with a set
of clicked documents, associated with the number of views
and clicks. We then compute the distance between a pair
of queries by calculating the Jensen-Shannon(JS) divergence
between their clicked URL distributions. We start with that



every query is a separate cluster, and merge clusters greed-
ily. After clusters are generated, pairs of queries within the
same cluster can be considered as co-clicked/related queries
with a similarity score computed from their JS divergence.

3. SYNONYM DISCOVERY BASED ON CO-
CLICKED QUERY

Synonyms discovered from co-clicked queries have two as-
pects of word meaning: (1) general meaning in the language
(2) specific meaning in the query. These two aspects are re-
lated. For example, if the two words are more likely to carry
the same meaning in general, then they are more likely to
carry the same meaning in specific queries; on the contrary,
if two words often carry the same meaning in a variety of
specific queries, then we tend to believe that the two words
are synonyms in general language.

We develop our model based on the above two aspects.
First, we try to get the general meaning of two words from
their meanings in all specific queries. As we described above,
the assumption here is that if the two words carry the same
meaning in many specific queries, then they are likely to
be synonyms for aspect (1). We consider all the co-clicked
queries with the word and sum over, as in Eq. 1

Dok stmg(wi — wy)
ij Dok sim(wi — wy)

where simy(w; — w;) represents the similarity score of a
query ¢x that aligns w; to w;. So intuitively, we aggregate
scores all query pairs that align w; to w;, and normalize it
to a probability (P(wj|w;)) over the vocabulary.

Then, the query is taken into consideration to catch the
specific meaning in aspect (2). We define the probability of
reformulating w; with w; for query gx to be the similarity
score as in Eq. 2

(1)

P (wj|wi, qx) = simg(w; — wy) (2)

Last, we combine the above two steps. We have two sets
of estimations for the synonym probability, which is to refor-
mulate w; with w;. One set of values are based on general
language information and another set of values are based on
specific queries. We applied linear combination in log scale
to combine the two probabilities as in Eq. 3

log Py, (wj|wi) =X * log P(w;|w;) +
(1 =) * log P(w;|wi, gx) (3)

The simple word alignment strategy we used can only
get the synonym mapping from single term to single term.
But there are a lot of phrase-to-phrase, term-to-phrase, or
phrase-to-term synonym mappings in language, such as “babe
in arms” and “infant”, “nyc” and "new york city”. We perform
query segmentation on queries to identify concepts from
queries based on an unsupervised segmentation model [6].
Query segmentation not only gives concept based alignment,
but also can improve the precision of alignment. For exam-
ple, “baby clothing stores” will not be aligned with “baby fa-
vorite stores” after segmentation even they contain the same
number of words.

4. EXPERIMENTS

4.1 Evaluation Metrics

Because we are more interested in the application of re-
formulating Web search queries, our guideline to the edito-
rial judgment focus on the query intent change and context-
based synonyms. For example, “transporters” and “movers”
are good synonyms in the context of “boat” because “boat
transporters” and “boat movers” keeps the same search in-
tent, but “ocean” is not a good synonyms to “sea” in the
query of “sea boss boats” because “sea boss” is a brand name
and “ocean boss” does not refer to the same brand. Results
are measured with accuracy by number of discovered syn-
onyms (which reflects coverage). And accuracy are defined
as

Ncorrect
Accuracy = N (4)
where Ncorrect iS the number of correctly discovered syn-
onyms, and N is the number of all discovered synonyms.
We target on higher accuracy and larger coverage, but
generally, discovering more synonyms would lead to more
errors, which means lower accuracy.

4.2 Data

A period of Web search query log with clicked URLs are
used to generate co-clicked query set. After word alignment,
which extract the co-clicked query pairs with same length
and only one different unit, we have around 12.1M unseg-
mented query pairs and 11.9M segmented query pairs.

We randomly sampled 42K queries from two weeks of
query log, and evaluate the effectiveness of our synonym
discovery model with these queries. To test the synonym
discovery model built on the segmented data, we segmented
the queries first before sending the data as the evaluation
set.

4.3 Synonym Discovery Accuracy

In this section we present WordNet thesaurus based query
synonym discovery, co-clicked based term-to-term query syn-
onym discovery, and co-click concept based query synonym
discovery.

4.3.1 Thesaurus-based synonym replacement

The WordNet thesaurus-based synonym replacement is a
baseline of our approach. For any word that has synonyms
in the thesaurus, thesaurus-based synonym replacement will
rewrite the word with synonyms from the thesaurus.

Thesaurus-based synonym replacement suffers from miss-
ing of context. Although thesaurus can provide clean in-
formation, it has only knowledge for single words. The
context plays an important role in synonym discovery, and
thesaurus-based synonym replacement without considering
context often brings too much errors and noise. Our ex-
periments show that only less than 46% of the discovered
synonyms are correct synonyms in query. Although 27k syn-
onyms were discovered from the test set, which are much
more than the number of synonyms our approach discov-
ered (see Section 4.3.2 and Section 4.3.3), the accuracy is
too low to be used for Web search queries.

4.3.2  Co-clicked query-based context synonym dis-
covery

Figure 1 demonstrates how accuracy changes with the

number of synonyms. Y axis represents the percentage of
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Figure 1: Accuracy versus number of synonyms.
Mixture weight A=0.2, 0.3, or 0.4.

correctly discovered synonyms; X axis represents the num-
ber of discovered synonyms, including both of correct ones
and wrong ones. The three different lines represents three
different parameter settings of mixture weights(A in Eq. 3,
which is 0.2, 0.3, or 0.4 in the figure) selected by experience.
The figure shows accuracy drops by raising the number of
synonyms. More synonym pairs tend to imply lower accu-
racy. From Figure 1 we can see:

1. the effectiveness of synonym discovery is not very sen-

sitive to the mixture weight (if set in a reasonable range);

2. the effectiveness of synonym discovery is sensitive to
the threshold, which leads to different numbers of dis-
covered synonyms. By loosening the threshold to get
more synonyms, the accuracy decreases from 100%
to less than 80% (we are not interested in accura-
cies lower than 80% due to the high precision request
of Web search task, so the graph contains only high-
accuracy results). This trend also confirms the effec-
tiveness of our approach since the threshold is a sig-
nificant factor in synonym discovery and the accuracy
increases by tighting the threshold.

4.3.3 Concept based context synonym discovery

We present results from our model based on segmented
co-clicked query data in this section. The modeling part is
the same as the one for Section 4.3.2, and the only difference
is that the data were segmented.

Figure 2 shows the accuracy of synonyms by number of
discovered synonyms. As in Section 4.3.2, by applying dif-
ferent thresholds as cut-off lines to Eq. 3, we get different
numbers of synonyms from the same test set, and a looser
threshold gives us more synonym pairs with lower accuracy.
Y axis in Figure 2 represents the percentage of correctly
discovered synonyms and X axis represents the number of
discovered synonyms. We have shown in Section 4.3.2 that
the mixture weight is not an influential factor within reason-
able range, so we present only the result with one mixture
weight in Figure 2.

Same as in Section 4.3.2, the figure shows that the ac-
curacy of synonym discovery is sensitive to the threshold.
Loosing the threshold to get more synonyms decreases the
accuracy. Again, it confirms that our model is effective and
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setting threshold to Eq. 3 is a feasible and sound way to
discover not only single term synonyms but also phrase syn-
onyms.
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Figure 2: Accuracy versus number of synonyms.
Mixture weight A\=0.3.

Table 1 shows representative examples of query synonyms
with the thesaurus-based synonym replacement, context sen-
sitive synonym discovery, and concept based context sen-
sitive synonym discovery. The upper part of each section
shows positive examples (query intents remain the same af-
ter synonym replacement) and the lower part shows negative
examples (query intents change after synonym replacement).

S. DISCUSSION AND ERROR ANALYSIS

From Table 1, we can see that our model can catch not
only traditional synonyms, which are the synonyms that can
be found in manually-built thesaurus, but also context-based
synonyms, which may not be treated as synonyms in dictio-
naries or thesaurus.

However, the click data themselves contain huge amount
of noise. Although they can reflect the users’ intents in big
picture, in many specific cases synonyms discovered from co-
clicked data are biased by the click noise. In our application
— Web search query reformulation with synonyms, accuracy
is the most important thing and thus we are interested in
error analysis. The errors that our model made in synonym
discovery are mainly caused by the following reasons:

1. popular concepts: There are some concepts that are well
accepted such as “cnn” means “news” and “amtrak” means
“train”. And users searching for “news” tend to click CNN
web site; users searching for “train” tend to click Amtrak
web site. With our model, “cnn” and “news”, “amtrak” and
“train” are discovered to be synonyms, but this may hurt the
search of “news” or “train” in general meaning.

2. same clicks by different intents: Different intents/meanings

could results in same or similar clicks. Query “antique style
wedding rings” and “antique style engagement rings” carry
different intents, but very usually, these two different intents
can lead to the clicks on the same store web sites. Other
examples include “booster seats” and “car seats”, “brighton
handbags” and “brighton shoes”. For these examples, clicks
on Web URLs are not precise enough to reflect the detailed
difference of language concepts.

3. dominant user intents: Most people searching for “air-
line travel restrictions” are looking for “airline baggage re-
strictions”. So these two queries have similar clicked-URLs.
But “travel” and “baggage” are not synonyms in language.




Original Query | New Query with Synonyms | Intent

Examples of thesaurus-based based synonym replacement.

basement window wells drainage basement window wells drain
billabong boardshorts sale billabong boardshorts sales event
bigger stronger faster documentary larger stronger faster documentary same
colored contacts coloured contacts
how do u tighten the shift bands on a auto transmission | how do u tighten the shift bands on a car transmission
paxil paroxetime
yahoo hayseed
maryland judiciary case search maryland judiciary pillowcase search
free cell phone number lookup free cell earpiece number lookup
aim mail purpose mail different
free texas quick claim form free texas quick claim organise
win star casinos win champion casinos
Examples of term-to-term synonym discovery.
airlines jobs airlines careers
area code finder area code search
acai berry acai fruit
business definitions business terms
countrywide loans countrywide mortgage same
cox webmail cox email
acai berry acai juice
ace hardware
crest toothpaste coupon crest whitestrips coupon
delta faucet repair delta faucet parts different
dish dishnetwork
dell laptops dell computers
Examples of concept based synonym discovery.
ae american_eagle outfitters
apartments_for rent apartment_rentals
arizona time zone arizona time
bank of america online_banking bank of america online same
brown recluse spider_bite brown recluse bite
crossword_puzzles crossword
cortrust bank credit_card cortrust bank mastercard
david_beckham beckham
dodge_caliber dodge
apartments_for_rent apartment different
brown recluse spider bite pictures spider bite pictures
california health_department california medicaid

Table 1: Examples of query synonym discovery
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