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ABSTRACT

other users, which is another important factor in decision
making. The closest to an ‘opinion ﬁlter’ is the ability to
limit entities by the overall user ratings which would still
force users to read the reviews to ensure that the opinions
within these reviews fulﬁll their requirements. Suppose, a
user was looking for a place to eat and wanted a quiet restaurant with good service. In this case, just limiting the entities
by the overall ratings would clearly not be useful. The user
would still need to digest the reviews of all restaurants in
consideration to ﬁnd those that satisfy this criteria. Further,
not all sites have the ‘overall ratings’ feature which makes
it even harder to leverage existing opinions.
In reality, the opinions of other users is an important inﬂuencing factor in our day to day decision making tasks, ranging from which doctor to see to which of the many smart
phones to purchase. However, digesting all the available
opinions is time consuming and can become confusing over
time due to the sheer volume of available opinions. To truly
facilitate decision making, opinions should be leveraged in a
more eﬃcient manner and should be tightly integrated with
the core decision making components of a system.
Existing works [4, 5, 6] have attempted to resolve this
problem through summarization of opinions to help users
better digest all the opinions. However, when dealing with
a large number of entities, even summaries would get confusing as users would still need to keep track of how well each
entity fulﬁlls their opinion requirements. Thus, to provide
a more direct support for a user’s decision making task, we
have developed FindiLike, a novel system capable of ranking interesting entities such as hotels based on a set of heterogenous preferences with unstructured opinion preferences
being a major component of the system. The idea behind
FindiLike is to allow users to specify key preferences upfront to the system. These preferences include structured
preferences (e.g. price and distance) as well as unstructured
opinion preferences that can be speciﬁed using descriptive
keywords (e.g clean rooms, cheap, good breakfast in the context of hotels). With this, the system then scores relevant
entities based on how well these entities match the speciﬁed preferences. What makes this system unique is that
unlike faceted navigation which only ﬁlters out ‘irrelevant’
entities, FindiLike ranks entities by how well key preferences
are matched, giving users the ﬂexibility in selecting entities
based on preference tradeoﬀs. On top of that, FindiLike
allows users to analyze ranked entities using opinion summarization tools which is rarely available with other entity
search systems. In the long run, FindiLike aims to evolve
into a complete decision making platform for diﬀerent types
of entities. We demonstrate our current system in the context of hotel search. Additional information about this demo
can be found at: http://info.findilike.com.

Traditional web search engines enable users to ﬁnd documents based on topics. However, in ﬁnding entities such as
restaurants, hotels and products, traditional search engines
fail to suﬃce as users are often interested in ﬁnding entities based on structured attributes such as price and brand
and unstructured information such as opinions of other web
users. In this paper, we showcase a preference driven search
system, that enables users to ﬁnd entities of interest based
on a set of structured preferences as well as unstructured
opinion preferences. We demonstrate our system in the context of hotel search.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval

General Terms
Design, Algorithm

1. INTRODUCTION
Web search engines enable users to ﬁnd all sorts of documents based on a topic of interest. However, with the growth
of online content, more and more people are interested in
ﬁnding entities or objects instead of just documents. This
is especially true in decision making scenarios where a user
would often like to ﬁnd entities such as hotels, restaurants
and doctors based on their personal requirements. While
current search engines like Google are able to recognize certain types of entities (e.g. products and location) these
search engines have limited capability in assisting users with
decision making. Thus, in a decision making scenario such
as choosing a place to eat or a doctor to see, users would
turn to sites like Yelp which have better support for decision making where users can select entities of interest based
on attributes such as price, location and service and also by
reading the unstructured reviews of these entities.
Similar to Yelp, vertical search systems like Amazon, Hotels.com, and Bing Shopping facilitate decision making by
providing domain speciﬁc navigation capabilities in the form
of search ﬁlters. These ﬁlters which are often based on structured information (e.g. price, brand and color ), help users
to quickly narrow into entities of interest. However, ﬁlters
based on only structured information, limit the capability
for selecting entities based on the unstructured opinions of
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Figure 1: Preference driven entity search architecture. The architecture supports both structured
and unstructured preferences.

2. ARCHITECTURE
In this section, we provide a brief overview of the FindiLike system architecture. FindiLike is a web application
that enables users to ﬁnd entities based on structured and
unstructured set of preferences. Although this ranking task
resembles the entity ranking task studied widely by the information retrieval and database communities [7], our task
is actually quite diﬀerent. The goal of entity ranking or
entity retrieval is to return relevant entities instead of just
documents. The entities are ranked according to how well
these entities satisfy a topic described in natural language
text. While the goal of FindiLike is also to retrieve relevant
entities, FindiLike ranks entities in the order of likelihood
an entity matches a set of user preferences rather than just
a topic described in plain text. We thus refer to our special
set-up as preference driven entity search.
Just like any other entity search engines, the FindiLike
system consists of several key components ranging from the
user query component to a data collection component as
shown in Figure 1. In brief, the system takes in user speciﬁed preferences and sends these preferences to the relevant
scoring engines: opinion preferences to the opinion matching
engine and structured preferences to structured attributes
matching module. These scoring engines score a subset of
entities (e.g. all hotels in a particular location) based on
how well these entities match a given preference. The individual preference scores are then combined and the entities
are re-ranked based on these new scores. The summarization
module generates a summary of the top N relevant entities
which are then displayed to the user. The user then has the
option of adding more preferences or has the option of using
the analysis tools to further assist them with decision making. In the next few sections, we provide more information
about some of the key components of the system.

of hotel search, we allow the user to explicitly specify structured preferences on distance from a particular landmark
and the desired price range. While various attributes of an
entity may be used for preference based ranking, we believe
that it is only essential to use the most important attributes
for such a ranking feature leaving the rest of the attributes
as ﬁlters just as in faceted navigation.
As for the unstructured opinion preferences, we ask users
to state their opinion preferences using a set of descriptive
keywords. These keywords would indicate what the user desires in the diﬀerent aspects of an entity. For example, to
show desire for clean hotels with friendly staﬀ, the user may
specify a query such as clean rooms, friendly staﬀ or clean
place, friendly service. The ability to specify preferences
using free-form text enables users to express preferences on
any arbitrary aspect and for any type of desired opinions. In
accepting a user’s unstructured preferences, diﬀerent types
of user interfaces may be used. The most general interface
would be a single text ﬁeld that would allow users to express preferences using natural keywords. Aspects in the
query can then be obtained using various query segmentation techniques. To make this more practical, in our system,
users can specify all their preferences in a single query box
using a special delimiter such as ‘and’ or comma to separate
each preference. We also allow users to incrementally add
preferences as needed instead of re-entering the entire query.
This type of unstructured expression for opinion related
preferences, brings about a new type of query understanding problem. The opinion preferences expressed by users
can often be ambiguous, and there can be multiple ways
to express similar preferences. For example, the expression
“good breakfast” is similar in meaning to “great breakfast”.
To help with the matching of opinions, it would thus be beneﬁcial to expand such a query by adding synonyms of the
sentiment word. To this end, we have implemented ideas
from [1] in dealing with some of the query understanding
problems namely for the task of opinion expansion.

2.2

Entity Ranking Engine

For a given class of entities (e.g. hotels in Chicago), the
entity ranking engine takes in a set of preferences and attempts to ﬁnd entities that match all of these preferences.
Each entity in the given class is scored based on how well it
matches each preference and then the scores are combined.
The top N scoring entities are returned as relevant results.
By default, these entities are ranked in the order of likelihood an entity matches a user’s preferences. More formally,
given a set of preferences, P = {p1 , ...pn }, the score of an
entity E from class i is computed as follows:
S(P, Ei ) =

2.1 User Query

1
[Sstructured (P, Ei )
n

+ Sopinions (P, Ei )]

where, Sstructured (P, Ei ) is scoring based on structured
preferences such as price and distance and Sopinions (P, Ei )
is scoring based unstructured preferences which in this case
is opinions. All preference scorings are on a scale of 5.

The query to the FindiLike system is a set of preferences.
These preferences can be structured by nature such as preference for price, preference for distance and etc. and can also
include unstructured preferences for opinions (e.g. desiring
a clean hotel when ﬁnding hotels at a destination). While
opinions can be extracted and used as structured preferences, this information extraction task would be very costly
on a large scale and would also force users to express preferences on pre-deﬁned aspects of an entity, which is rather
restrictive. With FindiLike, we avoid the need for any information extraction by directly using the review texts of each
entity as will be explained in Section 2.2.
The structured preferences provided by the user can vary
greatly depending on the application domain. In the case

2.2.1

Scoring of Structured Preferences

The scoring of structured preferences is based on how well
an entity fulﬁlls the given criteria. Suppose, the preference
for the maximum price aspect is set at $60. If an entity’s
price is $70, this entity does not quite fulﬁll the given criteria. In such a case, instead of completely penalizing this
entity, the entity is given a score lower than the maximum
possible score depending on how much it violates the criteria. In this example, the entity’s price exceeds the maximum
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Summarizing ranked hotels. In traditional web search,
a user often navigates into search results based on the relevance of the summary snippets to the query. Since, in our
case, the user is looking for a hotel based on a set of preferences, a summary of the selected preferences is displayed
to the user (as shown in Figure 2). For opinion preferences, snippets from the user reviews are displayed. For the
distance preference, distance of the hotel from the selected
landmark along with the total driving time are displayed.
Browsing opinions via summaries. To further assist
users in their decision making process, we help users navigate the opinion space using automatically generated summaries. In most systems, the closest to an opinion summary is the averaged overall ratings provided by diﬀerent
users. Unstructured summaries which can often be more informative [2, 3], is almost never available in existing systems.
FindiLike is capable of generating unstructured summaries
of opinions, so as to help users digest the most common
praises or complaints within the reviews. A snapshot of
summaries generated for a hotel in Los Angeles is shown in
Figure 3. In addition to summaries, to help users visualize mentions within opinions, we also provide a tag cloud
representation of the common mentions under the ‘What’s
Buzzing’ tab as shown in Figure 4.

price by $10, so this entity may be assigned a score of 4/5
instead of the maximum score of 5/5 for this speciﬁc aspect.
On the other hand, if the entity’s price falls within the maximum price requirement, then the entity immediately receives
a full score on this aspect.There are several advantages to
scoring entities in this way as opposed to completely eliminating entities. First, a user’s requirement can sometimes be
unrealistic and complete elimination could yield in no results
being returned, which is not good from the perspective of
user experience. In contrast, scoring entities with respect to
the level of violation would yield in results that most closely
match the speciﬁed criteria only that the scores could be
much lower, which would then encourage users to change
their expectations. Users may also be willing to loosen their
requirements on some aspects if other aspects of an entity
is in their favor. Using the previous example, while the entity’s price exceeds the maximum desired by $10, this entity
may have matched other preferences extremely well. In this
case, the user may decide to give in to the higher price as
all other aspects of the entity are appealing to the user.

2.2.2

Scoring of Opinion Preferences

As we avoid the need for costly opinion mining and information extraction, the scoring of opinion preferences diﬀers
from how structured preferences are scored. In FindiLike,
opinion preferences expressed using descriptive keywords are
scored against the review texts written by both experts and
average users. This matching task is quite diﬀerent from
keyword search in databases [8] where the goal is to ﬁnd objects where any of its ﬁelds match the given keywords. Our
idea is to represent each entity with the unstructured text
of all the reviews of that particular entity, often available
from various websites. Given a user’s keyword preferences
that expresses the desired features of an entity (e.g clean and
safe for a hotel), we then score the relevant entities based
on how well its reviews match the user’s preferences using
a retrieval model as described in Ganesan & Zhai [1]. The
more relevant mentions there are in the reviews of an entity,
the higher the score an entity receives. Since opinions are
highly subjective, it is often diﬃcult to clearly determine
if the opinions accurately describe an entity. However, if
diﬀerent users express similar dissatisfaction and appreciation about an entity, then its more likely that these opinions
reﬂect accurate descriptions of the entity which is the idea
behind our scoring mechanism.

3. DEMO
We will demonstrate our system in the context of hotel
search which is accessible at http://www.findilike.com.
We will demonstrate the following features of FindiLike:
Ranking hotels by preferences. FindiLike enables users
to ﬁnd hotels using opinion driven preferences and other
preferences such as distance and price. Suppose the user
needs to ﬁnd hotels close to the Los Angeles Convention Center and wants a hotel in a safe location. Using the FindiLike
system, the user can ﬁnd relevant hotels based on all these
requirements. The preference for proximity to the Convention Center can be speciﬁed under the ‘distance’ tab and the
preference for hotels that are said to be safe can be speciﬁed using the main search box using natural keywords such
as safe neighborhood. Once all the requirements have been
speciﬁed, all hotels in the Los Angeles area are then scored
based on how well each hotel matches the speciﬁed preferences. The results are then ranked in the descending order
of the scores as shown in Figure 2 (under ‘YourMatch’). The
individual preference scores are displayed using ‘green stars’.

Figure 3: Opinion summaries generated by FindiLike for a hotel in Los Angeles. Numbers within
parentheses indicate the number of supporting mentions for that particular summary. A click on each
summary will display all the supporting reviews.
List view vs. map view. Two kinds of presentational
views are supported by the system. The list view as shown
in Figure 2 and a map view as shown in Figure 5. In list view,
the results are organized in a ﬂat list ranked by the overall
preference score. This view provides a detail summary of the
results and enables users to easily select links and navigate
into other components of the system. In map view, the
results are displayed on a Google Map, with a small list
type summary of the search results on the left. Individual
markers need to be selected to see detailed summaries and
to navigate into other components of the system.
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Figure 2: FindiLike preference based search. Results shown for the query: “Hotels within 5 miles of the Los
Angeles Convention Center and located in a safe neighborhood ”. YourMatch score on far left shows how well
all preferences are matched on a scale of 5. Green stars indicate individual preference match levels.

Figure 5: Results in map view. Red markers represent relevant results. Yellow marker represents the
selected landmark.

Figure 4: ‘Clickable’ tag cloud visualization of common mentions within reviews.
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