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Abstract. Inspired by human memory that context can often play as
important recall cues, access context under which information is previ-
ously accessed is being exploited to assist users in information re-finding,
e.g., allow users to search their accessed web pages by context. Due to
the nature that human memory will decay and could be impacted by in-
terference which will lead to context misremembering, users may refer to
unreliable contextual cues in context-based re-finding. In this paper, we
focus on how to re-find users’ desired results under the circumstance of
users’ misremembering of precise contextual retrieval cues. To this end,
we first categorize three kinds of ambiguity in context-based information
recall queries, which are context degradation, context confusion, and con-
text error, and organize user’s access context in associated probabilistic
context trees. We then propose an approximate matching approach to
deal with users’ re-finding requests (formed as contextual keywords) car-
rying possible ambiguity by taking advantages of context associations,
which are extracted guided by human memory’s decay and interference
characteristics. Experimental results on both synthetic and real data con-
firm the effectiveness of our solution that can enable users to achieve a
good performance in ambiguous context-based information re-finding.

Keywords: Ambiguous context, context association, information re-
finding.

1 Introduction

Re-finding previously accessed information is a common behavior in people’s
daily lives [22I23]. To support web revisitation, a number of web history tech-
niques and tools like bookmarks and history tools are developed [16]. Consid-
ering that context under which information was accessed is sometimes more
easily to remember than data content itself [3I25], access context like time, loca-
tion, concurrent activity, etc. has also been exploited to enhance information re-
finding [TTI5I6/4]. “Re-find the African sweet recipe I saw during a trip to Africa
in 1998” is a context-based information re-finding example. In the literature, [11]
developed a YouPivot system, which allows users to search through their digital
history through the context they remember. The ReFinder system [0l6] leverages
human’s natural recall characteristics and builds a query-by-context model over
a context memory snapshot, linking to the previously accessed information.
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So far, context-based re-finding efforts in the literature target at precise an-
swers, which are only concerned with the data matching contextual keywords
exactly. The ambiguity of human memory about context as re-finding cues, how-
ever, is not considered. In fact, human memory exhibits life-cycle degradation
nature, and human’s recall process may also easily be influenced by various inter-
ferences [24]. For instance, newly access events may better be recalled than old
ones. The ability to recall a certain piece of information from memory could be
impaired by either the newly learned or previously learned information [I3J26].
Some nontarget items that are similar to the target ones may compete with
the target ones as potential responses in memory recall [20/I5]. This may lead
to some mismemorized and ambiguous contextual keywords that are used as
re-finding requests by users. To illustrate, let’s see a real case.

Lily wants to buy a sofa. After comparing many similar styles of sofas for a
while, she finally selects the one which she saw at 2013/4/17 when listening to
Adele’s songs on the Internet, for that one had a good discount. Unfortunately,
she cannot re-locate it any more on the web by simple “sofa” keyword, since she
forgets any useful information about it, such as detailed title, name of the online
shop, etc. What Lily can remember is that she was listening to some music some-
day in April when coming across that sofa. Finally Lily has to recall that sofa web
page through ambiguous contextual keywords (in-April, listen-to-music),
rather than the exact ones (2013/4/17, listen-to-Adele-music).

Due to human memory decay and interference nature, ambiguous contextual
keywords may be used in information recall requests. We categorize such context
ambiguity into the following three kinds.

— Context Degradation. Owing to human memory decay, contextual keywords
for searching degrade to a more general level, e.g., instead of giving the exact
date 2013/4/17, the user may only recall via an approximate date in-April.

— Context Confusion. Due to memory interference and lots of information ac-
cess events, access context mixes up, e.g., in-April is mixed with in-March.
This happens frequently when the events occur temporally close by. Also,
access context may be interfered with each other due to context similarity,
e.g., the user may input listen-to-Ying-music as the concurrent activity
rather than the correct one listen-to-Adele-music, since both Ying’s and
Adele’s songs are listened frequently by the user. This may also happen due
to the similarity in the accessed information contents themselves.

— Context Error. Unlike context confusion, the user may take some non-access-
context wrongly as an access context for information re-finding. For example,
the use may input in-April to query the information which she accessed in
March, while no information access happened in April at all.

From the re-finding system perspective, it is not easy to get users’ desired re-
sults, given such ambiguous context-based re-finding requests, which would often
result in plenty of irrelevant results or null results. It would be quite frustrating
for users, as unlike information finding, information re-finding is a more directed
process, where users have already seen the information before, and can recognize
the popped-up target [I]. For the existing context-based re-finding systems, this
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usually means that the user is forced to try repeatedly with alternative context
values until it finally matches the desired data. If the user fails in recalling the
access context, then even this solution is infeasible. The aim of this paper is to
support users’ ambiguous queries for context-based information recall. To the
best of our knowledge, this is the first attempt in the literature to deal with am-
biguous context-based information re-finding requests. The main contributions
of this paper lie in the following three aspects.

— We propose an approximate contextual search solution to deal with users’
re-finding requests with ambiguous contextual retrieval cues.

— Guided by human memory decay and interference characteristics, we build
three types of context associations between user’s contextual retrieval cues:
neighborhood associations, similarity associations, and inference associa-
tions, to facilitate ambiguous context-based information re-finding.

— We implement an approximate matching algorithm by utilizing the con-
structed context associations, and conduct experiments on both synthetic
and real data to evaluate its effectiveness.

Our experimental results show that approximate matching can achieve a much
better recall rate (about 90% and 80% in synthetic and real data experiments
respectively) than exact or partial matching (below 60% in both synthetic and
real data experiments) under the situation of query requests carrying mistaken
information, and it acts similarly to or better than the other two matching
methods for precision rate. Whereas, approximate matching takes a bit more
time than exact matching.

The remainder of the paper is organized as follows. We review some closely
related work in Section 2. We then present a general framework for flexible
context-based information re-finding in Section 3. Two important components
(i.e., associated context memory construction and ambiguous contextual keyword
search) are addressed in Section 4 and 5, respectively. We evaluate the perfor-
mance of our solution in Section 6, and conclude the paper in Section 7.

2 Related Work

Context-Based Re-finding. There have been recent studies on context-based
information re-finding, incorporating contextual memory cues [3l9]. Dumais et
al. [8] developed a system Stuff I've Seen to facilitate personal information reuse
by building index for what a person has seen, and using some cues like file-type,
access date, and author for filtering and sorting results. Soules and Ganger [21]
presented a file search tool that combines content-based search with contextual
information (temporal relationships between files) which is gathered from user
activities (system file calls). There are two steps in using this file search tool: first
locates files through content-based search and second, extends those results with
contextually related files. Chen et al. [2] also built a desktop search tool that ex-
ploits semantic associations among files, mining from contents such as similar-to
relationship and users’ such operations as jump-to, copy-from, same-task, and so
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on. Hailpern et al. [11] developed a YouPivot system, which keeps and visualizes
access context and visited web pages, and allows users to search the context they
remember, so that users can see what was going on under that context. Deng
el al. [0l6] developed a ReFinder system to allow users to manually annotate
such access context as time, location, and activity for the visited web pages or
local files, with which users can pose structured re-finding requests to previously
accessed web pages or files. Besides, an approach for web revisitation by context
is also presented in [4], which automatically captures user’s access context and
manages it in a probabilistic context tree for each accessed web page. These exist-
ing methods did not consider the context ambiguity in users’ re-finding requests
and the issue of approximate matching in context-based information re-finding.

Approximate Querying. The techniques of approximate matching in infor-
mation retrieval and database querying have been explored extensively in the
literature [I7/I8IT412)7I19]. Commonly, in order to equip with vague retrieval
capabilities, these methods employ a distance or similarity function to compare
data objects. For example, the predefined distances between values of the same
database domain, the edit distance between two strings, and the cosine simi-
larity between two vectors, etc., are frequently adopted. Two data objects are
considered to be similar if their similarity score is greater than a predefined
threshold value, and the similar objects are considered as the relevant results for
the query request. In addition, a priori knowledge about synonyms sometimes
is also utilized in finding relevant data. Basically, the approximate matching
techniques of these existing work take two aspects into account in performing
data comparison: 1) content-based matching, i.e., focus on the data values; and
2) structure-based matching, i.e., focus on the structure in which data is repre-
sented, e.g., path, tree, graph, etc. Differing from these existing work, our work
exploits context associations in approximate matching in order to refrain from
the influences of users’ misremembering on contextual retrieval cues.

3 The Framework

Fig. [ outlines the basic idea and framework of our approach to process users’
ambiguous context-based re-finding requests. It is comprised of two major com-
ponents, namely, associated context memory construction and ambiguous con-
textual keyword search.

— Associated context memory construction. Contextual cues for re-finding are
managed in a set of probabilistic context trees (context memory) which link
to accessed target items. As shown in Fig. 2] three kinds of user’s access con-
text, i.e., access time, access location, and concurrent activity, are considered.
Based on human memory interference and misremembering characteristics,
we construct three types of context associations between probabilistic con-
text trees’ keyword nodes: Neighborhood Associations (NA), Similarity As-
sociations (SA) and Inference Associations (IA). NAs represent that the two
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associated nodes are neighbors according to their occurring time. SAs are con-
structed based on the similarity between the two nodes’ contextual keywords.
IAs refer to associations that one node is inferred by the other.

— Ambiguous contextual keyword search. Given a set of associated probabilistic
context trees and an ambiguous query request consists of a set of contex-
tual keywords, our idea is to exploit the associations between context trees’
keyword nodes and apply them in getting the matched context trees, which
include the ones containing all the query keywords (exact matching) and
the ones associating with all the query keywords (approximate matching). A
contextual keyword is considered to be associated by a context tree if there
exists an association between one node of the tree and one node of another
tree which exactly contains the keyword. Since the mappings between ac-
cessed information and probabilistic context trees have been built, we can
easily return the final results to users.

User accessed items
context @ (web pages or files)
(time, location, activity) ambz?uous
contextual keywords
Associated Context Ambiguous Contextual
Memory Construction Keyword Search
associated probabilistic context

trees linked to accessed items
web page URLSs or files,

Fig. 1. The framework for ambiguous context-based information re-finding

4 Associated Context Memory Construction

In this section, we present the construction of context associations between prob-
abilistic context trees.

4.1 Probabilistic Context Tree

For an accessed item (web page or file), the access context like time, location and
activity is organized in a probabilistic context tree linking to the target item. The
details of how to construct probabilistic context trees are addressed in our pre-
vious work [4]. Access time is determinate. Access location is obtained based on
the IP address of user’s computing device or his/her possible GPS information.
Concurrent activity is inferred from user’s computer applications running before
and after the target item access. It is depended on a sliding time window that
encompasses the related contexts, which are represented as contextual keywords
extracted from focused windows’s title. An example of probabilistic context tree
is demonstrated in Fig.[2l The leaf nodes attached with contextual keywords are
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also called keyword nodes, each of which is assigned by a probability from 0 to
1 reflecting the potential that the user will refer to the keywords for re-finding,
The probability is set based on 4 factors: 1) the context’s focused time length;
2) the context’s frequency; 3) the time distance between the context and the
access target; and 4)the content similarity between the context and the access
target, where the longer the context’s focused time length and the more similar
the context to the target, the larger the probability between them, while the
context’s frequency and the time distance between them lead to the opposite
case. Note that the hierarchies of time, location and activity at the middle level
of the context tree are used to process generalized queries.

Context

[ 2012 ] [ 2013 ]

%\2012-11 | [2012-12][2013-03] \2013-04” |

Fig. 2. Example of a probabilistic context tree

4.2 Building Context Associations

As mentioned before, in this work we consider three types of context associations
between probabilistic context trees, the details of which are described as follows.

Neighborhood Associations (NA). The related contextual cues of the to-
be-revisited data items are organized and formed as a sequence of probabilistic
context trees (cty,cta,...). For every i > 1, ct; that links to an accessed data
item has a start time 44+ and an end time te,q-

Definition 1. Let ct;, ct; be two probabilistic context trees, where ct; occurs

before ct; (cti(tstart) < ctj(tstart)). If Length(ct;(tstart) — cti(tend)) < Ta (a
predefined time length threshold), then ct; and ct; are neighbors to each other.

Note that if ct;(tstare) is before ct;(tena), Length(ct;(tstart) — cti(tena)) would
be negative. Here we set 74 = 30 min. The contextual information of two neighbor
trees may be remembered confusedly by the user. For example, assume ct; and
ct; are two context trees linking to the data items d; and d; respectively. k; and
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k; are two contextual keywords of two neighbors ct; and ct; separately, and the
user may remember that d; is linked by k; or d; is linked by k;.

keyword nodes of context tree keyword nodes of context tree
cty cty

Fig. 3. Neighborhood associations between contextual keyword nodes

To overcome such problem, we construct NAs for context trees. Assume two
context tree ct; and cty are neighbors, where ct; has three keyword nodes Niq,
N2 and N3, and cto also has three keyword nodes Naop, Nog and Noz. We do
not need to construct NAs for all keyword nodes (otherwise there will be 3-3 =9
NAs in Fig. Blin total), since some of which would not be referred to by users
in most cases. We should construct NAs for the ones that will be utilized by
users with the most potential, e.g., the top two keyword nodes with the biggest
probabilities. Moreover, we can divide the four involving keyword nodes into two
pairs and build only one NA for each pair, as shown in Fig. [3l Based on NAs,
the user can get cty through ct;’s keyword nodes and vice versa. Consider that
some keyword nodes may be associated more closely, while some less closely, we
define an association strength for each NA.

Definition 2. Let N; and N; be two keyword nodes of two neighbor context trees
respectively, Ni(tsiart) and Nj(tsiare) denote the start time of the corresponding
context, T4 is a time length threshold used in Definition[d, the association strength
between N; and Nj is computed as:

‘ Nz (tsta'rt) - Nj (tsta'rt) ‘

NA Strength(N;, N;) = 1.0 —
274

(1)

NA Strength(N;, N;) indicates the closer the two keyword nodes, the larger
their association strength. Taking the example of Fig. Bl assume |Nia(tstart) —
Nao(tstart)| = 6 min, |N13(tstart) — No1 (tstart)| = 18 min, then NA Strength(Ni2,

Na) = 1.0 — ,%, = 0.9, NA Strength(N13, Noy) = 1.0 — ,'5, = 0.7.

Similarity Associations (SA). To mimic the phenomenon that the similar
items may compete with each other in human memory recall, we construct SAs
for the keyword nodes whose contextual keywords are similar to a certain extent.
Like NAs, we do not build SAs for each keyword node, but rather choose the
ones with the biggest probabilities (e.g., the top two ones) to construct their
SAs. We first define a function to measure the similarity of two keyword nodes.
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Definition 3. Let TermCount(N) be a function computing the number of con-
textual keyword terms of a keyword node N. For N; and N;, their similarity,
denoted as C Sim(N;, N;), is computed as:

TermCount(N; N N;)
C Sim(N;, N; 2
im(Ni, Nj) = TermCount(N; U N;) @)
Clearly, 0 < C Sim(N;,N;) < 1. If the keywords of N; and N; are com-
pletely different, then C' Sim(N;, N;) = 0. While at the other extreme, if their
contextual keyword terms are exactly the same, then C' Sim(N;, N;) =1

past current

Within the period of time 7, = 1 week

~~~~~~ it S

C _Sim(Nis, Nup) = 0.6

C_Sim(Nj3, N,2) = 0.7 i

Fig. 4. Similarity associations between contextual keyword nodes

For a newly emerging context tree, it’s keyword nodes may be associated by
one or more keyword nodes of previous context trees due to their similarities. In
this work we focus on the context trees over a period of time (denoted as 7,) in
building SAs for a given keyword node.

Definition 4. Let N, and N; be two keyword nodes of two context trees respec-
twely, satisfying 0 < |Ny(tstart) — Nj(tstart)| < Tp and Osim < C Sim(Ny, Nj) <
1, the association strength between N, and N; is computed as:

‘ Nu (tsta'rt) - Nj (tsta'rt) ‘

SA Strength(N,, N;) = (1 —
27

) - C Sim(Ny, Nj)  (3)

Consider the circumstance that the closer the two similar keyword nodes, the
more likely they will be associated, we set 7, as the past week (7, = 1 week), as
shown in Fig. @ For a current keyword node N, and a previous keyword node
N; within 7, if their similarity 0gm < C Sim(Ny, Nj) < 1 (where 84, is a
predefined a threshold value, here we set 6y, = 0.5), then an SA will be built
for IV,, and N;. Note that there is no need to build association between IV,, and
N; if C Sim(N,, N;) = 1. Taking the example of Fig. [l assume |Ny2(tstart) —
NjS(tstart)‘ =4 days, ‘Nul(tsta'rt) Nkl( sta'r‘t)| =1 daYa C Slm( u2,Nj3) = 07,
C Sim(Ny1, Nk1) = 0.6, then SA Strength(Ny2, Nj3) = (1 — 2'7) 0.7 = 0.5,
SA Strength(Ny1, Ni1) = (1 —,%)-0.6 = 0.56.
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Inference Associations (IA). Some contextual cues that did not appear ac-
tually are inferred to exist owing to users’ past experiences. It often occurs in the
cases that the involving target items share some common features. Assume there
are two target items 7T; and Tj linked by context trees ct; and ct; respectively,
where Nj is one of ct;’s keyword nodes. Because of the similarity of T; and T},
N; is considered as one of ct;’s keyword nodes by the user, i.e., the user would
refer to the contextual keywords of N; in re-finding the target 7). Towards such
circumstances, we particularly construct IAs for the involving context trees. For
example, we would build a virtual keyword node N; with null value for ct;, and
N; is then linked to N; by an IA. In this case, we say N; is inferred by N;.

past current

Within the period of time t, = 1 week

) I
~ 1
! T _Sim(ct;, ct,) = 0.6 T Sim(ct;, ct,)=0.7 :
ct; ! ct; cty cty :
T ' | T ' T ' T ' |
[P | | BPSPSP l o o @t [ EP—- |
...... 06/ 4 08 : 04/ o4 0.9 07/ 04 0.8 08 / 06 \\0.7 :
| |
| s |
C*ISCJDéD |<f; <I> ‘ L Ny
| 0.65 |
| I L e ‘ |
| | | 0.65 |
| |
|
|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Fig. 5. Inference associations between contextual keyword nodes

For a newly emerging context tree, we first need to identify the context trees
to which the one should be linked by TAs. Like SAs, we focus on the context
trees over the period of time 7, in building IAs. For a previous context tree
ct; within 7, and a current context tree ct,, we denote T' Sim(cty,ct;) as the
similarity of their linking target items, which can be computed based on For-
mula @ If T Sim(cty, ctj) > Osim, IAs should be built between ct,, and ct;.
Hence, for the current context tree ct,, we can obtain a set of context trees
TS = {ct;|T Sim(ctu,ctj) > sim and |cty(tstart) — ctj(tstart)] < Tp}. The next
step is to build a virtual keyword node N, for ct,, and its probability in the
context tree denoted as Pr(N,) is computed as:

Pr(N,) = max{T Sim(cty,ct;j)|ct; € TS} (4)

For each element of T'S, we choose its two keyword nodes with the biggest
probabilities to construct their TAs with the virtual keyword node. We also define
an association strength for each IA.

Definition 5. Let N, be the virtual keyword node of a context tree ct,, N; be
a keyword node of a context tree ctj, the association strength of IA between N,
and Nj is computed as:

. |Ctu (tstart) - Ctj (tstart)|
27

IA Strength(N,, N;) = (1 )T Sim(cty,ct;)  (5)
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An example of TAs is demonstrated in Fig. B where ct, is the current con-
text tree, Ny3 is a virtual keyword node, |cty (tstart) — ctj(tstart)] = 4 days,
|cty (tstart) — Cti(tsiare)| = 1 day, T Sim(ct,, ct;) = 0.6, T Sim(cty,cty) = 0.7,
then TA Strength(Nus, Nj2) = IA Strength(Nys, Njs) = (1—,%)-0.6 = 0.43, and
IA Strength(Nys, Ni1) = IA Strength(Nys, Nks) = (1 — ;7) -0.7 = 0.65.

5 Ambiguous Contextual Keyword Search

A context-based re-finding request Q = {k1,ka,...,kn} is a set of contextual
keywords, and the query target Cr = {ct1, cta, ...} is a set of probabilistic context
trees. We first construct index for probabilistic context trees utilizing Dewey
encoding [T0J27]. In our context trees, the Dewey number of the root is the tree
id. For each keyword node in a context tree, we build an index according to its
keywords, and the mapping between the node and its probability in the context
tree is also kept. Besides, we build an index for each context association. Note
that NAs and SAs are bidirectional, while IAs are directional.

5.1 Probabilistic Context Tree Matching

Given @ and Cr, the keyword nodes that contain at least one keyword of @) are
called matched keyword nodes, which can be identified through scanning the
keyword inverted node lists. Since the tree id can be easily got from the Dewey
code of a keyword node, based on the matched keyword nodes, we can easily
obtain the exactly matched context trees that encompass every keyword of Q.

For a matched context tree ct, we need to compute its probability of matching
Q, denoted as Prob(ct, Q). Assume there are m matched keyword nodes vy, ...,
Um 1n ct, each of which contains a set of contextual keywords. The probability
of v; in the context tree is denoted as Pr(v;), 1 < ¢ < m. As there are n
keywords in @, we use a set of real numbers U(v;) = {uan—_1, pion—2, ..., lo}
(the maximum size is 2") to represent the probabilities of v; matching @, i.e.,
pon—1 means the probability that v; contains all the keywords in @, and pign—:
(where i =1, 2, ..., n) means the probability that v; only contains k;, etc. Hence,
we get m sets of probabilities, which should be merged together in the way that
the subscript numbers use bitwise OR operation, while the probabilities use
multiplication and add operations. An example of computing the probability
of a context tree matching @ is shown in Fig. [6 where Q = {ki, k2, k3}, the
matched keyword nodes are vy, v2, vs and vy, and their probabilities in the
context tree are Pr(vy) = 0.5, Pr(ve) = 0.6, Pr(vs) = 0.7 and Pr(vs) = 0.8.
The four sets of probabilities U(vy ), U(v2), U(vs) and U(vy) are merged together
(4 denotes the merge operation), and the final pugn_7 (0.68) is the probability
of the context tree matching Q.

5.2 Approximate Search

If the query request @ contains ambiguous information, exact matching will not
work well. To eliminate the possible incorrectness of a query request () with n
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Query request: Q = {ky, ka, k}
Matched keyword nodes of a probabilistic context tree: vi(ki, k2), va(k1), va(kz, k3), va(ks)
Pr(vy) = 0.5, Pr(vy) = 0.6, Pr(v3) = 0.7, Pr(vs) = 0.8

Uv)=A{w = 05, poo = 0.5} U(v2) = {100 = 0.6, p1000 = 0.4}
T T T T~ 7 T
ki, ka  Pr(vy) 1 =0 ki Pr(vz) 1= 100
U(vs) = {uonn = 0.7, fooo = 0.3} U(vs) = {1001 = 0.8, 1000 = 0.2}
Uv) WUV = {uo = 0.5, moo = 03, Hooo = 0.2}
T T T T T T
1100R 100  0.5*0.6 000 OR 100 0.5*0.6 000 OR 000 0.5*0.4
HOOR000 o f

Uvi) W U(v2) W U(v3) = {111 = 0.56, pa110 = 0.15, p100 = 0.09, 011 = 0.14, 1900 = 0.06 }

U(V]) k‘ﬂ U(Vz) u') U(V}) Q‘J U(V4) = {ﬂ]n = 0.68, Hio = 003, Hio1 = 0072, H100 = 0018,

’I\ Ho11 :0‘14, Mool :0.048,/1000:0.012}

111 OR 001
111 OR 000
110 OR 001

Fig. 6. Example of computing the probability of a context tree matching @

(> 2) keywords, we can adopt partial matching approach [19], i.e., remove each
keyword in turn, using the remaining n — 1 keywords in creating multiple re-
finding queries, and retrieve the results of each modified query via exact matching
method. Since we do not know which keyword in @ is incorrect, partial matching
is a good choice to some degree. However, it will inevitably bring many irrelevant
results and meanwhile take more time to execute the queries. Moreover, it is
based on the assumption that only one keyword of the query request @ is wrong.
Thus, we address approximate matching in the following.

Query request: Q = {ky, ko} Matched context trees: ct,, ¢tz
ct ct cts

Fig. 7. Example of approximate matching

Generally, users’ referring to unreliable contextual retrieval cues is caused by
memory interference. For example, to re-find a target item, assume Q = {k1, k2}
is one of the correct query requests. However, the user imposes a wrong query
Q' = {k1,k5}. We consider that there should be some associations between ko
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Algorithm 1. Approximate Contextual Search Algorithm
input:

a query request Q = {k1, ..., kn} and a set of probabilistic context trees
output:

a ranked list of context trees Rr that approximately match @

1: load node list £ = {L;} based on Q, 1 < i < n;

2: fori=1; i<n; ++ido

3: Limp < Ly

4:  for each v € Lymp do

5: load v’s associated nodes A;

6: for each a € A do

7 if a ¢ L; then

8: update Pr(a) by multiplying the association strength;

9: add a to L;;

10: determine the matched context trees T' = {ct1, ct2, ...} based on L;
11: for each ct € T' do

12:  let M be the set of matched and associated keyword nodes of ct;
13: for each v; € M do

14: compute the probabilities of v; matching @, U(v;) = {pan—1, pan—2, ..., to};
15:  merge all the U(v;) together, U &Jllfll U(vi);

16:  Prob(ct,Q) < U.pan_1;

17: if Prob(ct,@) > 0 then

18: insert ct into Rr according to Prob(ct, Q);

19: return Rr;

and k5. We do not modify the query request Q. We consider the context trees
that contain or associate every keyword of ) as matched context trees, where a
contextual keyword is deemed to be associated by a context tree if there exists
at least an association between one node of the tree and one node of another
tree which exactly contains that keyword. Firstly, we will use each keyword
of @ to get the matched keyword nodes, based on which the associated key-
word nodes can be obtained passingly. Then the matched context trees (exact or
approximate matching) can be determined by all the retrieved keyword nodes.
Fig.[ddemonstrates an example of approximate matching against a query request
Q = {k1, k2}. Four matched keyword nodes N1, Naj, N3; and N3z, and one as-
sociated keyword node Nag (through the NA with Ni;), are obtained. Based on
these keyword nodes, two matched context trees cts and cts are got. Particularly,
when computing the probability of a context tree ct matching @, the associa-
tion strengths are multiplied to the involving keyword nodes’ probabilities. For
example, we multiply NA Strength(Ni1, N12) with Pr(Nag) before computing
Prob(cta, Q). In the end, Prob(ctz, @) = 0.504, while Prob(cts, Q) = 0.42. Thus,
cto should be ranked before ct3 in the result list.

The detailed procedure of approximate matching is illustrated in Algorithm [I1
It scans keyword inverted node lists once (Line 1), and add them with the
associated nodes (Line 2 - 9). Based on the matched and associated keyword
nodes, the approximately matched context trees can be determined (Line 10).
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To compute the probability of a matched context tree, it first compute the prob-
abilities of each involving node v; matching @, and then merge them together
(Line 12 - 15). The matched context tree ¢t will be inserted into the result list
at the right position if its probability w.r.t. @ is larger than zero (Line 16 - 18).

Complexity Analysis: Adding associated keyword nodes (Line 2 - 9) takes
O(>i, |Li| - |A]). Identifying the matched context trees T' (Line 10) takes
O(n-|T). Computing and merging the probabilities of a matched context tree’s
involving keyword nodes matching @ (Line 12 - 15) takes O(lefl‘ |U(v;)]). Thus,
the total time cost is O(27, [Lq| - |A]) + O(n - |T|) + O(T| - [IM U (vs)]) =
O, |Li| - |A]) + O(|T| - lei/q |U(v;)|), depending on the number of matched
and associated keyword nodes, and the number of matched context trees.

6 Experiments

In this section, we conduct a set of experiments to demonstrate the effectiveness
of our solution for approximate contextual search in both synthetic and real-
world datasets, concentrating on two measurements: 1) query quality (precision
and recall) and 2) query response time. The experiments are conducted on a PC
with 2.2 GHz Intel Core 2 Duo CPU, and 2 GB memory on Windows 7 OS.

6.1 Experiments on Synthetic Data

Setting. We generate 3-month data to simulate a user’s computer activities.
Each data item contains 6 attributes: start time, end time, focus time length,
keywords, data type (web page or not) and activity type, which are set randomly,
where its time span (end time - start time) is a random value from 30 seconds
to 15 min, and its focus time length is from 5 seconds to half of its time span.
There are 7 activity types, and we separately generate a set of phrases for each
of which, where each phrase contains 3 to 7 words. In generating data items, the
keywords are randomly selected from the corresponding set of phrases based on
the chosen activity type. In the end, 27,667 data items are generated, based on
which we build a probabilistic context tree for each web page type data item
whose focus time length is not less than 60 seconds. We get 9,954 context trees
with 86,648 keyword nodes in total.

For generating query requests, we first randomly select a part of the web page
type data whose focus time length is not less than 60 seconds as the true to-be-
revisited targets. For each of them, we then choose 2 to 5 keywords as a query
request, complying with one of the following requirements: 1) the keywords are
around the target; and 2) the keywords are within the past week taking the
target as reference. For the former, we are prone to choose the keywords from
the data items whose focus time length is longer than others. For the latter, the
similarity and inference associations are taken into account, e.g., the keywords
which are similar to the former’s candidate keywords will be considered. In total,
we separately generate 100 queries for the 2- to 6-keyword query requests.
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Results. The first experiment focuses on query precision and recall rates under
different sizes of context memory (measured by the total number of keyword
nodes in context trees). The performances of contextual keyword search with
exact matching, partial matching and approximate matching are studied, and
the comparison results are shown in Fig. Bl Because of the low frequencies of
contextual keywords in the generated synthetic dataset, the number of returned
results for a query request will not change observably along with the varying of
context memory size, i.e., the context memory size does not impact the average
precision and recall rates very much. Since the query requests are with some
flaws, the approximate matching outperforms the exact and partial matching in
both average precision and recall rates.
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] r 3
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Fig. 8. Varying context memory size (nodes) on synthetic data, |Q| =3

The second experiment also concerns on query precision and recall rates
through varying the number of contextual keywords in a query request. Fig.
demonstrates the comparison results between approximate matching and ex-
act/partial matching. Clearly, the approximate matching can achieve much bet-
ter results than the other two matching methods. As with more contextual key-
words, more query conditions are imposed, the precision rate get improved along
with the increase of the number of contextual keywords from 2 to 6. Whereas,
more contextual keywords will lead to a higher potential of carrying mistaken
information, making the recall rates of exact and partial matching decrease.
While the approximate matching approach is not impacted, the recall rate of
which keeps at high level, over 85%.

The query response time under different sizes of context memory and different
number of contextual keywords in a query request is also studied, as illustrated in
Fig. [0 The three matching methods take more time to do re-finding along with
the growth of context memory size. However, increasing the number of contextual
keywords hardly affects the response time of exact matching, while the response
time of the other two methods grows along with the keyword number. This is
contributed to the factor that the exact matching method always chooses the
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Fig. 9. Varying |Q| on synthetic data, the number of nodes = 50K

shortest node list (|@] lists in total) to start determining the matched context
trees and the increase of |@Q| just incurs a bit more time, while the number
of matched context trees decreases, which requires less time to compute their
probabilities. Of the three methods, exact matching takes the least response
time. This is due to the reason that both approximate and partial matching
have to deal with much more matched (associated) keyword nodes for a query
request than exact matching.

1
| — Exlact matlchingI I L — Exlact matlchingI I
. —=a— Partial matching . —=a— Partial matching
s 08 _o Approximate matching s 08 _o Approximate matching T
(0] I (0] I
1S £
= £ 06 B
[0} [0} F
(2] (2]
5 S 04l .
Q. Q.
3 3 [
o o 02} R
r —————
0 1 1 1 1 1
20 30 40 50 60 70 80 1 2 3 4 5 6 7
Context memory size (nodes) (K) Number of contextual keywords
(a) 1Q] =3 (b) number of nodes = 50K

Fig.10. Query response time for varying context memory size (nodes) and |Q| on
synthetic data

6.2 Experiments on Real Data

Setting. To examine the performance of our solution on real data, we collected
computer activity data of 8 participants (graduate students) over 6 weeks. The
participants’ running computer applications were continuously monitored, and
related information of focused windows like window title, application type, the
start and end time of being focused, etc., were kept automatically. The browsed
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Fig. 11. Performance on real data for varying |Q)|

web pages were considered as to-be-revisited targets, and we build a probabilistic
context tree for each of them. The context tree’s keyword nodes are inferred
from participant’s computer applications running before and after the web page
access. In total, we collected 1,530 context trees (linking to browsed web pages)
with 28,256 keyword nodes. For each participant’s data, we separately select 20
queries of 2- to 6-contextual keyword as query requests.

Results. We study query quality (including precision, recall and rank) and
query response time of our solution on the 8 collected real datasets separately.
The average results are demonstrated in Fig. [[Jl For precision rate, both ex-
act and approximate matching methods act much better than partial matching
method. It is because that the latter retrieves more irrelevant results. For recall
rate, approximate matching outperforms the other two methods clearly, since
approximate matching is able to be immune to the impacts of query requests con-
taining mistaken information in most cases. To measure results’ ranking, we de-
fine rank = true result ranking position/number of returned results - 100%.
Considering results’ ranking positions are determined by their probabilities of
matching @), and approximate matched results involving association strengths
could not get good rankings in many cases, both exact and partial matching
perform better than approximate matching for average rank. For response time,
exact matching still outperforms the other two methods.
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7 Conclusion

In this work, we propose an approximate matching approach for contextual
keyword-based information re-finding. It is aiming at eliminating the negative
influences of users’ misremembering on contextual retrieval cues which are or-
ganized in probabilistic context trees. Based upon the observation of human
memory interference and the characteristics of users’ misremembering in mem-
ory recall, we construct three types of context associations between probabilistic
context trees: neighborhood associations, similarity associations and inference
associations. The approximate matching algorithm takes advantages of such
context associations to deal with users’ unreliable re-finding requests, and the
matched or associated results will be returned. The proposed solution is eval-
uated on both synthetic and real-world datasets. Under the situation of some
contextual keywords of users’ query requests containing mistaken information,
our experimental results show that approximate matching performs much better
than exact and partial matching in re-finding users’ desired results.
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