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ABSTRACT
With the growing amount of content stored in personal and
organizational information spaces, finding and re-finding doc-
uments becomes both more crucial and challenging. In this
work, we propose an approach to reduce information over-
load in navigation by automatically focusing on important
documents, adaptively to the tasks at hand. Based on the
idea of managed forgetting, we present a ranking method,
which unifies activity logs and semantic information about
documents into a common framework to identify important
documents to the user’s current tasks. Our experiments on
two real-world datasets, both collected from knowledge work
activities in professional scenarios, show that our ranking
approach outperforms the baseline methods for both sub-
sequent access prediction and the effectiveness in ranking
important documents. Furthermore, we implemented and
demonstrated a system for decluttering information spaces
as a proof of concept of our managed forgetting approach.

1. INTRODUCTION
The advance of technologies has supported the idea of

massive digital content creation and sharing, as well as the
reluctance of content removal. This leads to a growing num-
ber of data, making finding and re-finding a particular re-
source increasingly difficult. In non-public sources such as
the personal and organizational information spaces, navi-
gation is a preferred mechanism to find a document for a
task at hand, due to its lower cognitive load, its consistency
and the strength of the location metaphor [6]. However,
with the huge amount of digital content generated every
day, access via navigation becomes challenging. The mis-
sion is more frustrating in large heterogenous information
ecosystems such as in different devices, or in systems that
get cluttered after long-time working on different tasks.

For decluttering such information spaces and supporting
the finding or re-finding of resources according to the user’s
short-term interest, we propose a ranking approach to ease
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Figure 1: Recommended documents in a personal infor-
mation management system: The upper bar corresponds
to the timeline of tasks. Bottom right is the recom-
mended documents. User accessed the documents when
conducting the tasks (displayed with the same color).
Graph on bottom left represents the document relations.
Width of lines indicates the strength of the connections.
The forgotten document 4 resurges due to its relevance
to the current task.

the navigation, based on the idea of managed forgetting. The
idea is inspired by science of forgetting and remembering [22,
24]: The human brain is very effective in focusing on impor-
tant things, while forgetting irrelevant details. This trait is
reflected in human practices of organizing their collections,
i.e., they often create shortcuts to easily navigate to rele-
vant resources in the desktop environment or mobile home
screens, or bookmark important Web pages. Managed for-
getting aims to relieve such manual efforts by automatically
computing the short-term importance of a document with
respect to the user attention. It replaces the binary decision
on importance by a gradually changing value: Information
sinks away from the user with a decreasing value, which we
call memory buoyancy. This value can be used for ranking
important resources for a task at hand, thereby decluttering
the information spaces adaptively.

As in human forgetting, memory buoyancy is driven by re-
source usage, importance decay, and semantic associations [2].
In Information Retrieval, different algorithms and systems
have been proposed to identify important documents in an
information space [12, 25]. Much of existing approaches rely
on activity logs and assumes that recently accessed docu-
ments are also more likely to be accessed in the future [34].
As a result, many proposed algorithms assess documents
based on recency and frequency access evidences. They ig-



nore a wide variety of other factors, which equally influence
the importance of a document for a task at hand. For in-
stance, according to the associative character of the brain, a
document might be important because of its relatedness to
the current task, even if the document has not been touched
for a long time [2, 28]. In the example shown in Figure 1,
while preparing for a business trip to Edinburgh, the user
might recall or might have forgotten useful notes from her
private holiday in Edinburgh some years ago. Ideally, a sys-
tem should bring this information up again, but it is infea-
sible when only relying on the activity history alone. This
example demonstrates the need for a more comprehensive
ranking method, taking into account the intrinsic related-
ness of documents to current tasks.

Our method combines evidences from activity logs with
semantic associations between documents to devise a unified
document ranking framework. The idea is that a document
is important to the user’s current task, if it either has been
frequently accessed by the user, or is highly related to other
important documents. This is illustrated in Figure 1 for six
documents. The user’s intensive accesses to “Meeting slides”
and “Project reports” during the preparation for the project
meeting in Edinburgh (dark-blue part of the upper horizon-
tal bar) give the documents higher ranks. Meanwhile, the
connections between these documents and the “To-do list”
from a past trip to Edinburgh endorses this list to the cur-
rent task, bringing it back to the user’s attention.

The importance of considering document relationships to
rank documents, for example, in personal information man-
agement (PIM) systems, has been shown in [31, 8]. The
common idea is to propagate the “importance score” of a
document to other related documents in a graph of differ-
ent document relationship. However, most of existing work
studies the document relations in isolation, assumes they are
equally important, or puts arbitrary weights to the relations
in an ad-hoc manner [31]. In contrast, we propose a unified
framework based on machine-learning methods. We conduct
studies in different settings, and systematically evaluate the
effectiveness of our framework from the quantitative to qual-
itative perspectives. In summary, our contributions are:

1. A novel framework for realizing managed forgetting
based on a machine-learning method. It unifies activ-
ity log information and semantic relationships to rank
documents based on user’s current tasks.

2. Experiments on two real-world data sets acquired from
daily usages in professional scenarios, which show the
effectiveness of our proposed method.

3. Implementation of the managed forgetting into a real-
world Semantic Desktop system for decluttering pro-
fessional information spaces.

2. RELATED WORK
In the area of personal information management (PIM)

systems, there has been a rich body of work studying how
to organize and find information effectively [18, 12, 16, 7].
Based on findings about user preferences in information nav-
igation [18, 7, 32], different methods have been proposed to
improve the finding and re-finding process [12, 16]. Exist-
ing work relies on structural signals of documents, which
do not reflect the user preferences in finding, but rather in

organizing the file systems [18]. Other work, such as stud-
ies by Teevan et al. [32] and by Bergman et al. [5], address
the retrieval needs (findding and re-finding of documents);
but they lack the deep understanding of user intents when
interacting with documents of different semantics. The limi-
tation comes from the fact that such semantics of document
attributes and associations are not easily observed in tradi-
tional PIM systems. The advances of annotation and infor-
mation extraction technologies have enabled this with the
emerging of Semantic Desktop systems [29]. The NEPO-
MUK Semantic Desktop [1] has built an infrastructure pro-
viding a semantic layer over conventional documents (e.g.,
emails, Web pages, documents, pictures, etc.) with a per-
sonalized vocabulary resembling the mental model of the
user [30]. A similar approach was also employed in other
systems, including Haystack [27], MyLifeBits [17], etc. This
trend opens a new line of research in document finding and
re-finding, exploiting the semantic information. To the best
of our knowledge, our study is the first in this direction.

In the context of document ranking, many solutions have
been proposed for PIM systems, which can be classified
in two categories: activity logs-based and relation-based.
The former involves analysing user behaviour from the past
activities, ranking documents based on their recency and
frequency testimony. This can be estimated by different
decay functions, each has a different cognitive plausibility
and encodings [26, 15, 10, 2]. It can also be modeled via
Markovian processes [11], or balanced with short- and long-
term aspects [34]. The relation-based method, on the other
hand, exploits the relationships between documents to prop-
agate their importance scores along the relation graph. Such
“propagation” technique has been proven to be useful in a
wide variety of domains and retrieval scenarios, from per-
sonal file search [31, 33] to collaboration spaces [14]. The
document relations can come from different evidences. Most
established methods attempt to identify related documents
by their correlation in access behaviour (e.g., Web pages
that are often visited together, files that are opened in the
same session, etc.). These methods then employ techniques
such as approximating sessions and file operation timelines
[33], or use session signals in some applications such as web
browser [25]. Recently, there are attempts to combine these
two categories into one framework, using one-step propa-
gation to actitivy-based ranking in a layered approach, or
linearly combine in a hybrid model [3]. In contrast to exist-
ing work, we propose a new unified framework that leverages
both activity logs and document relationships in principled
manner, based on machine-learning models with no manual-
defined trainind data. Our model also works for any het-
erogenous relation networks, and to that extent, generalizes
existing work, which focuses on individual relations [25].

There has been extensive work in the area of desktop
search. The common approach is to combine content-based
techniques from traditional ad-hoc text retrieval with con-
textual information learnt from user’s activities. For in-
stance, the system can complement search with document
metadata such as attributes and types [9, 7, 13], or exploit
additional information from environments (related tasks, struc-
tures of directories, or relationships with other documents)
to adjust the document relevance. Typical ranking approach
includes graph-based propagation methods such as random
walks [8, 31, 33]. From the perspective of search interface,
Bergman et al. [6] suggested that navigation is a better way



to interactively explore the search results due to its cognitive
advantages. The idea is also realized in systems such as Stuff
I’ve Seen [12], Search Directed Navigation [16]. While these
systems study conventional types of desktop, we provide the
first implementation in a Semantic Desktop setting.

3. APPROACH
In this section, we describe our approach to managed for-

getting, which exploits document’s access information, and
subsequently applies different forgetting (or decay) functions
as well as propagates the importance of related documents
via semantic relationships.

3.1 Preliminaries
A semantic information space in a PIM system is a col-

lection of documents or resources, which is denoted as D.
A document or a resource d can be of different types (e.g.,
photo, office document, folder, web page, etc.) and has dif-
ferent attributes (e.g., title, authors, and creation time).
Between any two documents d1 and d2 can exist multiple
relations with different semantics. For instance, d1 and d2
are both created by the same author, or d1 is the containing
folder of the file d2. Relations can be associated with some
scores indicating the strength of their relation, for instance,
the cosine score for content similarities. Let R denote a set
of all semantic relations. For each pair (di, dj), we have an
|R|-dimensional vector Xij = (xij1, xij2, . . . , xij|R|)

T , where
xijk ≥ 0 represents the score of the k-th relation between di
and dj , xijk = 0 if the di and dj are not connected by the re-
lation. Usually, the number of relations is small compared to
the number of all documents in the information space. The
collection of relation scores X = {Xij} forms the weights of
edges in a multigraph, where nodes are all documents in D,
and each edge corresponds to a semantic relation.

In our work, we model time as the sequence of equal time
intervals and denote by T = (t1, t2, ..., tm), where the time
point ti is the index of i-th interval from the beginning of the
PIM system. In one interval, a document can be accessed
and used by one or multiple users. Each access is represented
by a triple a = (d, u, t), indicating that the user u performed
an action on the document d at time t. Given a user u (or
a group of users U = {ui}), a document d and a time point
of interest t, the sequence of actions on all documents of D,
performed by u (or in the case of U , by at least one user
ui), happened before t and in chronological order, forms an
activity history of u (or U) in the information space, and is
denoted by Lt = (a1, a2, ..., an). Given a document d and
time t, we refer to as a document access history, denoted
by Ld,t, as those actions performed on d. A sequence of
time points ti for actions in Ld,t (can be repeated because
of multiple accesses to d within one interval) constitutes the
access times of d, denoted by Td,t. The most recent access
time to d before t (last time point in Td,t) is denoted by td.

Problem. Given a collection of documents D, a set of rela-
tion scores X, time of interest t, and an activity history Lt

corresponding to a user u, or to a group of users U , identify
documents with highest importance with respect to u’s or
U ’s tasks at time t, as inferred from Lt.

We tackle the aforementioned problem in two steps. In
the first step, we mine the activity history and devise a
memory buoyancy scoring function based on the recency and
frequency (see Section 3.2), so that more recently and fre-

Method name Function Parameters

Most Recently Used MRU (d,t)= 1
t−td+1

None

Polynomial Decay PD(d,t)= 1
(t−td)α+1

α: Decay rate

Ebbinghaus Curve Ebb(d,t)=e
(td−t)
S

S: Relative mem-
ory strength

Weibull Distribution Wei(d,t)=e−
α(t−td)

s

s

s: Forgetting
steepness, α: Vol-
ume of what can
be remembered

Table 1: List of Activity-based ranking functions

quently accessed documents get higher memory buoyancy
scores. In the second step, we employ a propagation method
that identifies highly connected documents, to transfer the
activity-based scores of documents along the connection.
This is similar to the layered approach by Kawase et al. [19].
However, while the authors merely identify connections from
sessions of the activity history, we devise a generalized frame-
work that works with different heterogenous relations.

3.2 Activity-based Memory Buoyancy
In order to compute the memory buoyancy scors, we use

the access times of the document from the access history.
We estimate the score of a document through the distances
of previous access time points and the time of interest. The
scoring function is formally defined as follows:

Definition 1. An activity-based memory buoyancy scor-
ing function is a function that takes as input the time t and
document d, and outputs a value v(d, t) ∈ [0, 1] (memory
buoyancy score) such that:

1. v(d, t) = 0 if Td,t = ∅
2. v(d, ti+1) < v(d, ti) ∀ti, ti+1 ∈ Td,t

3. v(d1, t) < v(d2, t) if |Td1,t| < |Td2,t| or td1 < td2

The above conditions ensure that the memory buoyancy
scores, if no other evidences present, is driven by the decay
effect. In Table 1, we present different activity-based scoring
functions studied in this work, each corrsponds to one decay
function. Each of these functions only considers the most
recent time td, and can be considered as a basic recency-
based method.

Frequency. In [2], Anderson et al. suggest that the fre-
quency of interactions also play an important role in the hu-
man’s recalling process of a resource, as by the re-learning
effect. Hence, for each of the functions in Table 1, we in-
troduce a “frequency”-based variant, which aggregates the
effect of decays in different time points:

vf (d, t) =
∑
ti∈W

vr(d, ti) (1)

where vr(d, ti) can be any of recency-based functions in Ta-
ble 1. The sequence W ⊆ Td,t represents the time window
in which all time points are taken into consideration for the
ranking. For instance, if W = Td,t and vr = MRU , we have
the well-established most frequently used method in cache
replacement policies. If W = Td,t and vr = PD, we have
the decay ranking model in [25]. The Frequency algorithm
used in Mozilla Firefox [10], on the other hand, constructs
W from only the last ten items of Td,t, in order to avoid the
convolution of too old accesses into the current rank. In this
work, we follow this idea, and only aggregate from the last
ten time points of accesses for each document.



3.3 Propagation Methods
The drawback of recency-based and frequency-based scor-

ing functions is that they consider each document in isola-
tion. In practice, however, humans tend to recall and find
documents together within some contexts, e.g., they can fol-
low some cues and associate a document with other related
documents which are easier to recall and navigate. This
exploitation of document relations is inspired by the cogni-
tive science of associative memory [8], and is studied in a
rich body of work [31, 8, 33, 19]. Most of the related work
employs a propagation method in the document relations
graph, which “transfer” the ranking score of each individual
document to other related documents along the edges of the
graph. However, these methods are non-learning and largely
based on heuristics to combine relations weight, which re-
quires extensive tuning, as mentioned in [31].

In our work, we develop a propagation method that com-
bines different relations into a unified framework, and learns
the weighting for the combination automatically. We model
the process that the user finds an important document as a
Markov process, where she recalls and searches for impor-
tant documents via the related resources. For each pair of
connected documents (di, dj), we define the transition prob-
ability from document di to document dj as:

pij(w) =


∑|R|
k=1

wkxijk∑|D|
l=1

∑|R|
k=1

wkxilk
if Xij 6= ∅ and Ldj ,t 6= ∅

0 otherwise

(2)

where w is the weighting vector for the semantic relations in
R. The condition Ldj ,t 6= ∅ ensures that the propagation has
no effect on the documents that have not been created before
the time t, i.e., no propagation to the future. Similarly,
the indices l’s run only over the documents dl with Ldl,t 6=
∅. Consequently, we have

∑
j pij = 1 for all documents

di. In practice, to avoid rank sink when performing the
propagation process, if a document has no relations at all,
we assume a dummy edge from it to all other documents
with zero probability.

Next, we describe our propagation framework. Let P de-
note the transition matrix of documents in D, we follow
PageRank model and define the propagation as the itera-
tive process, where in each iteration, the memory buoyancy
values of documents are updated by the following equation,

s(n+1) = λPT s(n) + (1− λ)v (3)

where s(n) = (s(d1, t), s(d2, t), ..., s(dm, t)) is the vector of
documents’ memory buoyancy values at iteration n, (m is
the number of documents appearing in Lt), v is the vector
of values obtained by an activity-based scoring method, and
λ is the damping factor. In Equation 3, we need to learn
the model of weighting parameters w in order to complete
the transition matrix P , described in the following.

3.4 Learning to Propagate
The aim of the learning is to identify the weights w1, .., w|R|

of the semantic relations with which we obtain the best pre-
diction of document rankings. In this work, we propose to
exploit the activity history to learn the optimal w. In par-
ticular, we simulate the navigation of the user at each time
points t′ in the past, and compare the computed ranks of
the documents with the ranks based on the frequency of

access in the time point t′ + 1. The idea is to learn w so
as to minimizes the number of mis-ranked pairs, i.e., pairs
(d1, d2) with s(d1, t

′) > s(d2, t
′) but d1 has been accessed

less frequently than d2 until t′ + 1.
Formally, we define the label yij = s(di, t

′)− s(dj , t′) and
the groundtruth ŷ, ŷij = −1 if di has less access than dj at
t′ + 1 and ŷij = 1 otherwise. We learn w by the following
optimization problem:

min
w
F (w) = ‖w‖2 + θ

∑
(di,dj)∈A

h(yij) (4)

where A is the training data, θ is the regularization param-
eter that controls the complexity of the model (i.e., ‖w‖2)
while minimizes the mis-ranked pairs in A via the loss func-
tion h. In this work, we apply the simple hinge loss function:
h(y) = max(0, 1− ŷ.y). Next, we detail how to solve Equa-
tion 4 and to how we collected the training data A.

Optimization Solution. Following [4], we solve the Equa-
tion 4 by a gradient descent method. The partial derivative
of F (w) with respect to each relation weight wk is:

∂F

∂wk
= 2wk + θ

∑
(di,dj)∈A

∂h(yij)

∂yij
(
∂s(di, t

′)

∂wk
− ∂s(dj , t

′)

∂wk
)

(5)

The derivative of the hinge function is trivial. For s(d, t),
we have from Equation 3:

∂s(di, t
′)

∂wk
= λ

∑
j

(pji
∂s(dj , t

′)

∂wk
+ s(dj , t

′)
∂pji
∂wk

) (6)

and:

∂pji
∂wk

=
xjik

∑
i

∑
k wkxjik − (

∑
k wkxjik)(

∑
i xjik)

(
∑

i

∑
k wkxjik)2

(7)

From Equations 6 and 7, we can easily calculate the gra-
dients ∂s

wk
by a power-iteration algorithm such as in [4], and

then apply a gradient descent-based learning method, for
instance L-BFGS method [21], into Equation 5 to learn w.

Soft Labeling. We start with identifying the training time
points t′ to observe the subsequent accesses. In principle,
any time points before the time of interest t can be chosen.
In practice, however, we observe that time points during the
burst periods, i.e., the period where there is a significantly
higher number of access than usual, are more “interesting”
to observe both correctly and falsely ranked pairs. To this
extent, we apply the Kleinberg algorithm [20]1 to identify
the burst periods from the times series of the document ac-
cesses. Then, for each period, we pick up the time point
with highest number of access for the training.

Next, we build a balanced set of positive and negative
pairs for the training data as follows (Figure 2). For each
training time point t′, we extract the set of all documents
accessed by the user at t′ + 1, denoted by Dt′+1. Then, we
apply a baseline activity-based scoring method with respect
to t for documents in D, sort them in descending order of
the memory buoyancy values. From this sorted list, we get
the top-scored documents until all documents in Dt′+1 are
included. We call this set S. The set E = S \Dt′+1 consists
of documents with high memory buoyancy scores but not

1We use implementation in http://wiki.cns.iu.edu/display/
CISHELL/Burst+Detection with default parameters



	  
	  

d1	  

d3	  

d4	  

d5	  

d2	  

d6	  

d7	  

(d1	  ,	  d2)	   -‐1	   (d3	  ,	  d4)	   -‐1	  

(d1	  ,	  d4)	   -‐1	   (d3	  ,	  d7)	   -‐1	  

(d1	  ,	  d7)	   -‐1	   (d4	  ,	  d5)	   1	  

(d2	  ,	  d3)	   1	   (d4	  ,	  d6)	   1	  

(d2	  ,	  d5)	   1	   (d5,	  d7)	   -‐1	  

(d2	  ,	  d6)	   1	   (d6	  ,	  d7)	   -‐1	  

Figure 2: Example training data. Ranks of docu-
ments (left-hand side) are produced by a baseline scor-
ing method. Documents in dark blue are accessed in the
next time point. All documents from the first rank to
the lowest rank of the accessed documents (d7) are used
for the training. Table in the right-hand side consists of
training pairs, together with the labels.

accessed in the next time points, i.e., the false positives.
Finally, we construct the training pairs (di, dj) by picking
di from the sets Dt′+1 or E, such that di, dj are not in the
same set, and that the estimated memory buoyancy score of
di is higher than of dj . As an example from Figure 2, we
have (d1, d2) is a training pair, but (d2, d1) is not, because
the estimated score of the document d2 is smaller than d1’s.
Similarly, (d1, d3) /∈ A because d1, d3 ∈ E.

To assign the training labels, if di ∈ Dt′+1 and dj ∈ E,
then we assign ŷij = 1. Otherwise, if di ∈ E and dj ∈ Dt′+1,
we set ŷij = −1 (Figure 2).

3.5 Semantic Graphs
The semantic relations R play an important role in the

propagation method. Depending on specific domains of ap-
plications and scenarios, we can have different types of se-
mantic relations, which can fall in two categories:

Explicit Relations: This category consists of relations
that are observable from the structures of the documents and
the information space, e.g., references or hyperlinks from one
document to others, the containment relations between fold-
ers and files, etc. The relations can be specified by users with
the help of some software components and interfaces, such as
aforementioned NEPOMUK Semantic Desktop. Recently,
with the proliferation of Semantic Web and RDF technolo-
gies, some semantic relations are standardized as predicates
between documents, such as hasPartOf, hasAttachment, etc.

Implicit Relations: This category includes relations that
are inferred from the contents of documents, or from user
activity patterns; for instance, content similarities, the cor-
relation of two documents being accessed frequently in the
same or close sessions or time. The advantage of this type
of relations as compared to the explicit ones is that it can be
constructed automatically without much human effort. In
the following, we will focus on this type of relations. Note
that while many explicit relations are asymmetric, the im-
plicit relations discussed below are symmetric. To unify
them in the same relation space R, for each implicit rela-
tion between documents di and dj , we fill the score into the
corresponding dimension in both Xij and Xji. In this work,
we consider the following types of implicit relations:
Text-based Relation: This type of relation relies on the

similarity of document contents. More specifically, for each
document, we build the bag of words from its main content

body, and calculate the Cosine similarity of the two docu-
ments to measure the strength of their relation.

Atribute-based Relation: The text-based relation is only
applicable for rich-text types such as e-mails, web pages,
office documents, etc. For other types of documents, we
assume the Cosine similarity is zero, as no text can be ex-
tracted. For these documents, we rely on metadata specified
by the users or software components. These attributes are
often represented in form of <attribute, set of values>. For
instance, tags of a photo, list recipients of an email, etc. We
define one relation for each specific attribute, and measure
the relation strength by calculating the Jaccard similarity
over the two corresponding sets of values.

Time-based Relation: This relation is derived from the
activity history. It is based on the assumption that two doc-
uments are highly related with respect some latent tasks, if
the user accessed to both of them in many sessions. To iden-
tify the “good” sessions for the two documents d1, d2, we ap-
ply the same heuristic as for building the training data: We
extract all time points from the burst time periods of Td1,t

and Td2,t to create the two sub-sequences for d1, d2 respec-
tively. We then calculate Jaccard similarity between these
two sequence and use as the time-based relation strength.

4. EXPERIMENTS

4.1 Datasets
In this work, we conduct experiments on two real-world

datasets with different characteristics. Table 2 summarizes
the statistics of these datasets. In the following, we give
more detailed information for each dataset.

4.1.1 Semantic Desktop
The first dataset (named Person) consists of personal col-

lections obtained via a Semantic Desktop infrastructure de-
scribed in [23] and deployed at the DFKI. The resulting
knowledge base consists of resources, their semantic repre-
sentations and relations with concepts spanning a semantic
graph based on the PIMO (Personal Information Model), a
state-of-the-art ontology for PIM [30]. At the time of evalua-
tion, the Semantic Desktop infrastructure has been used for
over 3 years in the Knowledge Management team at DFKI
on daily basis by 17 users, who are employees and students
in DFKI. Among these users, 7 are active with usage of 4 to
8 hours per day, others are occasional users such as interns
or assistant students. The PIMO data is stored in a knowl-
edge base on a central server and is related to professional or
research activities, e.g., business meetings, project propos-
als, tasks, and notes, etc. The knowledge base is accessed
via the Semantic Desktop infrastructure consisting of com-
ponents such as a plug-in embedded into the Windows File
Explorer, a Firefox add-on, a plug-in to an Email client, and
a web-based stand-alone application.2 These are installed on
each individual’s computer at work, and are used on a daily
basis. It enables the user to easily annotate documents when
they conduct their regular tasks: Browsing the Web, read-
ing emails, managing files on hard disks or creating calendar
events. The user is also enable to create and use semantic
concepts, such as topics, locations, persons, tasks, events,
or documents. To this extent, a semantic layer is built over

2For a detailed explanation and videos see our ForgetIT Pi-
lot documentation at https://pimo.opendfki.de/wp9-pilot/



Figures Person Collaboration

No. of documents 20363 1437
Time span Sep 2011 - Sep 2014 Oct 2008 - Sep 2014
Users 17 268
Relations 155539 126326
Activity log entries 337528 217588

Table 2: Statistics of the Datasets

the “physical” information objects, e.g., in the file system,
mapping each document or concept to a resource. In our ex-
periments, we apply our methods to provide ranks for these
semantic PIMO concepts instead of the actual documents.

To capture the activity history, a monitoring tool3 was
used capturing each event on the user’s computer in a cen-
tralized database (only the owner can explore the log in raw
format). To guarantee the privacy of personal data, real
data resides in the knowledge base, only encoded informa-
tion of document metadata and action logs (no content and
physical files) are sent to our system for the experiments.
Relationship. All explicit semantic relations are repre-
sented in the form of RDF predicates (Table 3). Some ex-
plicit relations are symmetric, while others have inverse rela-
tions (displayed in Table 3 in parentheses). Concerning the
implicit relations, as we could not obtain the contents due
to privacy, we only construct a number of attribute-based
and time-based relations (Table 3).

4.1.2 Collaborative Wiki
The second dataset (named Collaboration) is a intranet

portal used within L3S Research Center as part for com-
municating daily research activities. The portal has been
continuously used in the course of 6 years and includes re-
search information such as collaboration projects with exter-
nal partners, internal research activities, as well as adminis-
tration information of the lab. Documents are mostly in hy-
pertext format, but also include digital files uploaded to the
portal. In contrast to the Person dataset, the Collaboration
dataset has no full-fledged ontologies, and the documents
are not associated with abstract concepts. Nevertheless, the
portal runs on top of the DokuWiki platform4, and support
a few annotation via different plugin: Tagging with words,
showing document author and contributors, etc. For the
activity history, it uses Squid cache5 to log HTTP access
requests to the portal resources. In addition, an archiving
tool is developed to log all revisions of the portal documents,
together with their edit activities. The dataset are obtained
in the form of an archive with all raw data content.
Relationship. Compared with the dataset Person, the doc-
uments in this dataset have much less explicit semantic rela-
tions, and all come from the structure of the portal (Table 3).
However, as we have access to contents of the documents,
we can build more implicit relations, listed in Table 3. The
tagged-token-based (TTB) relations are constructed as fol-
lows. First, we extracted the content of all documents from
the portal using a developed Dokuwiki parser (As for the
MIME-typed documents, we use the software toolkit Tika6

to parse the main content bodies). Next, we sample the doc-
uments related to 4 different collaborative research projects,
tokenize the corresponding texts, and remove over-popular

3http://usercontext.opendfki.de/
4https://www.dokuwiki.org/dokuwiki
5http://www.squid-cache.org
6https://tika.apache.org

words and stop words. An experienced colleague working
in numerous projects is asked to annotate the tokens with
respect to 6 different classes: 1) Person or Person role; 2)
Location; 3) Organisation; 4) Technical word (e.g., middle-
ware); 5) Professional domain (e.g., meeting); 6) Project-
specific terms. Each class is then treated as one attribute of
the documents, with their tagged tokens treated as values,
for calculating the corresponding attribute-based relation.

4.2 Experiment Setup

4.2.1 Baselines
We evaluate our system against the following baselines:
Recency-Frequency : This set of baselines use values of the

activity-based scoring functions to provide the final ranking,
without using propagation. This includes the two recency-
based methods MRU and Ebb, and their frequency-based
variants, denoted by FMRU and FEbb. For polynomial
and Weibull functions, we evaluate only the frequency-based
methods, denoted by FPD and FWei, as they are shown to
outperform the recency versions [26].

PageRank : This baseline ranks the documents by their au-
thority scores, estimated in a graph of documents relations.
The scores of documents are initialized equally. It can be
thought of as the propagation method without the activity-
based rankings and the semantics of relation. PageRank is
shown to be effective in file retrieval tasks in non-semantic
systems [31]. In our case, we adapt the PageRank algorithm
by aggregating all relations between two documents into one
single relation, with the weighting score obtained by aver-
aging out all the individual relation weights.

SUPRA: Papadakis et al. [25] proposed combining the
activity-based ranking results with a one-step propagation
in a layered framework. The relations are constructed simply
by identifying documents accessed in the same sessions. In
our scenarios, we define the “sessions” to be one unit time
step, which is one hour. We only study the MRU decay prior
and simple connectivity transition matrix for this baseline,
as it is among the best performing variants and requires no
parameter tuning. We use the implementation provided by
the authors7.

4.2.2 Parameter Tuning
In all experiments, we set the granularity of the time in-

tervals to be one day. We use MRU as the baseline scoring
method for building the trading data. The parameters of
the activity-based scoring functions are chosen empirically
via grid search with respect to the success rate at 1 for the
access prediction task (see Section 4.3). The best performing
for each function is as follows. For FEbb, S = 90; for FPD,
α = 1.5; for FWei, s = 0.9, α = 0.3. The damping factor is
set to λ = 0.25, as for the standard PageRank as well as for
our propagation method. As for the regularization parame-
ter θ, we experiment with a few number of different values
and see no significant changes in the performance, possibly
due to the small number of dimensions of our relation weight
vectors X. We empirically set θ = 1.

4.3 Experiments on Revisit Prediction
The first experiment aims to evaluate how well the system

performs in the revisit prediction task, i.e., predicting the
likelihood that a document will be accessed by the user in the

7http://sourceforge.net/projects/supraproject



Dataset Person Dataset Collaboration

Relation(s) Description Relation(s) Description
hasPart (isPartOf) Relations between container document

(folder, albums, etc.) and individual files
page namespace relations between a page and a

dokuwiki namespace
hasNewerVersion (isNewerVersionOf) Two revisions of a document hyperlink a webpage is linked to other page
hasLocation (isLocationOf) A document is tagged with a location attachement a webpage is attached with a file
hasRecipient (isRecipientOf) Relations between emails and the recipient
hasSender (isSenderOf) Relations between emails and the recipient
creates (isCreatedBy) Relations between documents and owners
isRelatedTo Two document contents are related
hasTopic (isTopicOf) A resource has a topic, which is another re-

source

Attribute(s) Description Attribute(s) Description
member Relations based on shared number of mem-

bers annotated with the documents
contributors relations between shared number

of contributors to the page
containedThing Relations based on related Thing instances TTB Tagged token-based relations
task Relations based on tasks tagged to the doc-

uments
tag relations between tags of each

dokuwiki page

Table 3: Selected semantic relations used in two datasets Person and Collaboration. The upper part corresponds to the
explicit relations, the lower-part corresponds to the attribute-based implicit relations

subsequent time point. This is the well-established task in
research on web recommendation [10], personal file retrieval
[15], etc. We evaluate the correlation between the predicted
rank of a document at a time point t and the real document
accesses at the time point t+ 1. Inspired by [19], we employ
the following evaluation metrics:

1. Success at 1 (S@1): It quantifies the fraction of time
points t (from all time points of study) at which the
first-ranked documents according to a ranking method
is truly accessed at t+ 1. This resembles the Precision
at 1 (P@1) metric in traditional retrieval tasks.

2. Success at 10 (S@10): It quantifies the fraction of
documents truly accessed in the next time point, from
all documents ranked at top 10, averaging over all time
points of study in the micro-average manner (i.e., per-
document average).

3. Average Ranking Position (ARP): This metric starts
from the subsequent document access backwards. It
computes the average ranking position of accessed doc-
uments as produced by a ranking method. The lower
the value is, the better the performance of the corre-
sponding ranking system.

For each dataset, we run the burst detection algorithm to
identify the “interesting” time points (Section 3.4), result-
ing in 122 points in the dataset Person and 203 points in
Collaboration. We partition each set of time points into the
training and testing sets using 5-fold cross validation.

Results. The average results over the two datasets are sum-
marized in Table 4. Among the ranking methods, PageRank
has the worst predictive performance. This is because it ig-
nores the recency and frequency signals of the documents.
Other interesting observation is that for activity-based rank-
ing methods, adding frequency into the ranking function did
not really help in revisit prediction: FMRU performs worse
than MRU and FEbb performs worse than Ebb in all met-
rics, although the differences are not significant. At the
first look, this contradicts somewhat to previous findings on
the influence of frequency in document ranking [26]. How-
ever, analysing deeper, we believe that the cause stems from
the fact that a revisiting action typically involves very re-
cent documents, as also argued in [19]. Aggregating recency

scores over a time span (10 day-window as in our case) can
introduce some documents belonging to different tasks and
thus bring more noise to the ranking results. One possible
way to solve this is to design a more flexible time window
size which adapt to the user’s task. We leave this direction
to be explored in the future.

Method S@1 S@10 ARP

MRU 0.162 0.310 76
FMRU 0.131 0.291 87
Ebb 0.213 0.357 65
FEbb 0.193 0.328 70
FPD 0.195 0.331 68
FWei 0.220 0.378 60
PageRank 0.120 0.231 112
SUPRA 0.3204 0.6714 39

MRU+Prop 0.3534 0.710N 34
FMRU+Prop 0.4024 0.762N 30
Ebb+Prop 0.4164 0.7334 42
FEbb+Prop 0.452N 0.780N 25
FPD+Prop 0.512N 0.818N 20
FWei+Prop 0.4304 0.750N 40

Table 4: Results on the revisit prediction task. The up-
per part reports baseline results, the lower part reports
results of the proposed system. Symbol 4 confirms sig-
nificance against the baseline MRU. Symbol N confirms
both significance against the baselines MRU and SUPRA

Compared to the sole activity-based ranking methods,
adding propagation shows clear improvements in prediction,
starting from the baseline SUPRA. Bringing semantic rela-
tions into the propagation improves even further, producing
significantly higher performance for all case of temporal pri-
ors. The best performing method, propagation with polyno-
mial decay prior, improves the results by 60% as compared
to SUPRA. In addition, in contrast to the observed trend
in the activity-based ranking, here the combination of fre-
quency and recency with the propagation actually produces
better results than the only combination between recency
and the propagation. This is because using frequency makes
the scores of all documents higher (Equation 3.2), thus en-
hance the contribution in the propagation point, as there will
be more documents with non-zero scores than in the case of



Dataset Person Dataset Collaboration

Method P@1 P@10 NDCG@10 MAP P@1 P@10 NDCG@10 MAP
MRU 0.365 0.283 0.219 0.207 0.461 0.375 0.285 0.267
FMRU 0.329 0.307 0.221 0.213 0.457 0.346 0.271 0.258
Ebb 0.407 0.350 0.258 0.218 0.507 0.392 0.287 0.256
FEbb 0.391 0.292 0.217 0.213 0.493 0.357 0.275 0.260
FPD 0.382 0.290 0.214 0.220 0.480 0.400 0.301 0.288
FWei 0.443 0.402 0.324 0.293 0.552 0.424 0.319 0.290
PageRank 0.318 0.251 0.195 0.164 0.388 0.325 0.195 0.204
SUPRA4 0.547 0.502 0.426 0.389 0.590 0.469 0.345 0.333

MRU+Prop4 0.518 0.456 0.358 0.333 0.561 0.448 0.334 0.340
FMRU+Prop4 0.592 0.511 0.431 0.366 0.630 0.493 0.400 0.361
Ebb+Prop4 0.615 0.529 0.503 0.481 0.752 0.642 0.501 0.476
FEbb+PropN 0.728 0.621 0.556 0.540 0.821 0.679 0.528 0.519
FPD+PropN 0.710 0.635 0.523 0.510 0.780 0.667 0.500 0.482
FWei+Prop 0.678 0.575 0.521 0.478 0.715 0.634 0.479 0.460

Table 5: Performances of ranking methods in the user study. Symbols 4,N indicate the significance test in all scores
of the method against MRU and SUPRA respectively.

using recency only. This effect is similar to smoothing in
standard information retrieval.

4.4 User-perceived Evaluation
We next aim to evaluate the effectiveness of our proposed

system with respect to the user perception and appreciation.
We do this by simulating the way users re-access and re-
assess the documents in their collections. The experiment is
set up as follows. We first ask the user to pick up different
time periods of one week length from the past, such that
each week covers some prominent events or tasks, and thus
manifests considerable amount of user activities on many
documents. For example, the user can choose the week when
she conducts intensive work on a scientific publication, or on
a project review. Within each week of study, we extract the
set of documents that draw high attention from the user back
in the time. These documents can be chosen manually from
the user (e.g., dataset Person), or from the set of highest-
frequently accessed document (e.g., dataset Collaboration).
Then, the user is presented with the document information
and contents8, and is asked the question“What do you prefer
to do with this document as for now ?”. The options are:

1. Pin: The document is needed for now, I would keep it
as short-cut or highlight.

2. Show : I would keep the document, but not in the high-
light.

3. Fade: I would not keep the document.
4. Trash: I would delete the document now.

Each option corresponds to the user’s perception of the
current importance of the document, from the highest score
(Pin) to the lowest one (Trash). From the perspective of
information retrieval, these can be treated as the relevance
feedback, and to that extent, we can use standard IR metrics
to evaluate the ranking system.

In the dataset Person, each assessor chose 4 weeks to eval-
uate. For the dataset Collaboration, 2 assessors are asked to
choose 3 weeks per each, all are related to joint events they
participated in. The activity history is constructed accord-

8For the Person dataset, the user study is conducted in each
computer of the assessor, thereby all information and con-
tents are accessible

ing to this pair of users. The ranking methods are configured
to provide the ranks of documents with respect to the same
time step of the user’s evaluations. For the Person, we can-
not calculate the inter-agreement as the documents to be
ranked are usually private. For the Collaboration, the inter-
agreement under the Cohen’s Kappa is 0.6, suggesting the
shared perception of the raters on the evaluated documents.
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Figure 3: Performance of propagation framework
(measured in MAP) with ablated relation sets

Result. The results are summarized in Table 5 for each
dataset, as measured as precision, NDCG and MAP scores.
The same trend as the prediction task can be observed here:
The activity-based ranking methods perform better than
PageRank but worse than SUPRA and our propagation vari-
ants. Similarly, the frequency-based functions perform worse
than the recency ones as isolated methods, but improve the
results when combining with the propagation. All propaga-
tion methods except the MRU prior-based give higher re-
sults than SUPRA. In addition, compared to the prediction
task, the performance of all methods in the user-perceived
study are slightly higher. This suggests that many docu-
ments, although not accessed subsequently, are still deemed
“important” to the user. Of the two datasets, methods pro-
duce higher performance in the Collaboration than in Person.
This can be explained in two ways. Firstly, data in Collab-
oration is more homogenous, and the model is learnt with
respect to the group of users. In contrast, in Person, the



Figure 4: Illustration of decluttering functionality in the Semantic Desktop. From left to right: The list of
recommended documents at different cut-off (MB) thresholds, 0 (left), 0.4 (middle), 0.9 (right)

data are highly diverse and the model is learnt over each
user, resulting in higher variance level. Secondly, when as-
sessing documents in the collaboration environment, users
tend to be more skeptical, and will not likely to assess one
document as “Trash” unless completely certain. This results
in a higher number of relevant documents than in the case
of the dataset Person.

Influence of Semantic Relations.
Next, we study the influence of different types of seman-

tic relations. We use FEbb+Prop method as it performs the
best in the user study. The evaluation is done via an ablation
study: We repeatedly remove from the semantic graph the
relations of a certain group (see Section 3.5), then re-execute
the framework and re-evaluate using the user study. Finally,
we observe the reduction in the performance of the system
measured by MAP score (Figure 3). In both datasets, re-
moving time-based relations cause the biggest loss in the
performance, suggesting the highest influence of this rela-
tion type. This also agrees with the existing findings [19,
33]. In the dataset Person, removal of the explicit relations
affects more than removal of attribute-based relations9. This
suggests the higher contributions of human-defined relations
in the dataset. On the other hand, in Collaboration, the
attribute-based relations has higher influence than the ex-
plicit one. This reflects the characteristics of the dataset, as
the tagged tokens are Dokuwiki tags are more representative
than the other evidences.

4.5 Application: Reducing Information Over-
load in PIM

In addition to the empirical experiments, we also demon-
strate the effectiveness of our system in real-world usage. We
integrated memory buoyancy into the Semantic Desktop in-
frastructure (Section 4.1.1) used for decluttering information
in the HTML5 UI of the Semantic Desktop designed to be
used on desktop and mobile devices (see Figure 4).

9Recall that we could not construct the content-based rela-
tions in this dataset

For instance, after days of working in the Semantic Desk-
top accomplishing various tasks, many things were created
in the knowledge base such as new tasks and sub-tasks,
notes, new topics, persons, events, annotated web-pages,
documents in different versions or only temporary relevant.
That means, the user’s desktop as well the UI’s of the Se-
mantic Desktop start to clutter. Imagine this over several
years, lots of once relevant and now irrelevant material is
still shown and piles up, i.e., the PIM application is on the
verge to build an information overload to its users.

Therefore, we apply the approach presented in this paper
to enable the user to focus on the main concepts and re-
sources such as documents of the current attention, thereby
to“declutter”the PIM application without manual re-organi-
sation efforts.10 Figure 4 illustrates this functionality: a
note is shown containing a text of this paper which was
used to prepare the writing. Now choosing the “Main” tab,
the related things are shown categorised according to their
supertype (e.g., Location (e.g., City, Building, Room) or Job
(Process, Task). Now to focus on the currently most relevant
things, only those things are shown above a certain thresh-
old (displayed in the interface as MB or“Memory Buoyancy”
in the gray bar; per default this bar is closed, but can be
expanded to show “forgotten” things). The user is able to
change the cut-off thresholds to show more forgotten things
or to focus on most relevant from user interaction. The de-
fault threshold is set differently on the desktop (currently
0.5) vs. being on a mobile (currently 0.8) to account for a
more focused information provision on a mobile (to reduce
cognitive load and data consumption). A second function-
ality is to propose files to be forgotten (e.g., removing from
the desktop and keeping them just in the Semantic Desk-
top cloud) if they drop below a certain threshold, thus also
decluttering the user’s desktop. All these things are asso-
ciated in the semantic graph and the activity history logs.
This shows the generalizability of our method: It does not
only work with digital files, but can also be applied to any
concepts, given the availability of their activity history logs.

10see also: https://pimo.opendfki.de/wp9-pilot/#9



5. CONCLUSIONS AND FUTURE WORK
In this paper we have presented an adaptive ranking ap-

proach for identifying documents that are important to the
current focus and task of the user. This contributes to help-
ing the user in navigating and decluttering the growing infor-
mation spaces. Based on the idea of managed forgetting, our
framework unifies evidences from activity logs and seman-
tic relations in a principled way for computing the memory
buoyancy of resources. In our method we employ machine
learning techniques that automatically learn from the user
access history without manual supervision efforts.

Our experiments with two real-world datasets have shown
that incorporating the importance propagation via semantic
relations between resource significantly improves the perfor-
mance of the method. As a proof of concept, we have also
developed a prototypical system for decluttering personal
information space using an existing Semantic Desktop.

This work is just the first step towards realizing managed
forgetting. We plan to extend our approach to better tailor
it to particular scenarios, such as navigation on desktop or
mobile phones. We are also planning a more in depth user
study in order to better understand the user expectation in
several dimensions such as interactions and injecting human
preferences (For instance, in which scenarios or domains the
activity-based system works better than the activation, etc.)
Other direction is the consideration of more complex user
tasks in the learning model, for instance, investigating cross-
device tasks or recurrent tasks.
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