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According to the “human in the loop" paradigm, machine learning algorithms can improve when leveraging on human
intelligence, usually in the form of labels or annotation from domain experts. However, in the case of research areas such as
ubiquitous computing or lifelong learning, where the annotator is not an expert and is continuously asked for feedback, humans
can provide significant fractions of incorrect labels. We propose to address this issue in a series of experiments where students
are asked to provide information about their behavior via a dedicated mobile application. Their trustworthiness is tested by
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labeling to build a uniform confidence measure for both of them to be used when a contradiction arises. The overarching system
runs through a series of modes with progressively higher confidence and features a conflict resolution component to settle the
inconsistencies. The results are very promising and show the pervasiveness of annotation mistakes, the extreme diversity of the
users’ behaviors which provides evidence of the impracticality of a uniform fits-it-all solution, and the substantially improved
performance of a skeptical supervised learning strategy.
CCS Concepts: • Human-centered computing Ubiquitous computing; • Computing methodologies Knowledge representation and reasoning; Supervised learning;
ACM Reference Format:
Mattia Zeni1 , Wanyi Zhang1 , Enrico Bignotti1 , Andrea Passerini1 , and Fausto Giunchiglia1,2 . 2018. Fixing Mislabeling by
Human Annotators via Conflict Resolution and the Exploitation of Prior Knowledge. Proc. ACM Interact. Mob. Wearable
Ubiquitous Technol. 0, 0, Article 0 (March 2018), 23 pages. https://doi.org/10.1145/nnnnnnn.nnnnnnn

1

INTRODUCTION

Nowadays, our smartphones are no longer just miniature computers to send emails or access the Web, but they
are becoming more and more like assistants for our everyday life, e.g., reminding us of meetings in our agenda or
guiding us in a new city. The critical factor for the change of roles that machines play in our lives is knowledge;
in fact, machines need to have access to our knowledge and not just convey it. Knowledge is however diverse
and heterogeneous, and what a person knows may differ radically from another, and this requires humans to help
machines in understanding the world in the same way that they do. In recent approaches in computer science
such as (supervised) machine learning [38] or mobile crowdsensing [20], human knowledge is usually provided
* This

is the corresponding author

Authors’ address: Mattia Zeni1 , mattia.zeni@disi.unitn.it; Wanyi Zhang1 , wanyi.zhang@unitn.it; Enrico Bignotti1 , enrico.bignotti@unitn.it;
Andrea Passerini1 , andrea.passerini@unitn.it; Fausto Giunchiglia1,2 , fausto.giunchiglia@unitn.it, (1) Department of Information Engineering
and Computer Science, University of Trento, via Sommarive, 9, Trento, TN, 38123, IT, (2) College of Computer Science and Technology, Jilin
University, Changchun, China, No.2699 Qianjin Street, Changchun, JL, 130012, CN.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for
components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to
post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.
© 2018 Association for Computing Machinery.
2474-9567/2018/3-ART0 $15.00
https://doi.org/10.1145/nnnnnnn.nnnnnnn
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 0, No. 0, Article 0. Publication date: March 2018.

0:2

•

Author1

as annotations or labeling of data collected with sensors or other means. This type of human contribution is at
the heart of the “human in the loop” paradigm which leverages both human and machine intelligence to create
machine learning models by involving humans in training, tuning and testing data for a particular machine learning
algorithm. The final goal is to use humans to improve the quality of the results of the machine. However, humans
can make mistakes and more often than not unknowingly or unwittingly, due to their biases, which alter their
perception and judgment of reality. Research in the Social Sciences provides evidence of the unreliability of people
when required to compile self-reports such as time diaries [40] describing their behavior. For instance, respondents
have difficulties recalling sequence and relevance of distant activities, i.e., memory bias and cognitive load [42],
or may feel discouraged or non-cooperative because they do not understand the instructions or other reasons, i.e.,
unwillingness to report [4], or change their reported behavior to one that is considered socially desirable, i.e.,
conditioning [45]. Unfortunately, other areas outside social science such as machine learning are affected by these
biases, especially since these approaches assume that the human annotator is an expert, and that her feedback is
mostly correct apart from some occasional inaccuracies. Such an assumption is becoming less and less sustainable
in a world where non-expert users are involved in annotating a constant stream of data, be it the flow of news in
the Web (see, e.g., [10]), or the flow of sensor data in pervasive and ubiquitous computing (see, e.g., [15, 17]). In
the case of the latter scenario, the same input can be proposed multiple times, resulting in it being often labeled
differently even by the same user [18].
The research presented here is part of, and motivated by, a long-term series of experiments (two experiments per
year for two years) aimed at studying the University student life and at correlating the students’ behaviors with their
academic performance, measured concerning grades and credits passed. The long-term goal is to support students
who should increase their performance, thus also minimizing the possibility of a failure in getting the degree.
Nonetheless, the early results from our experiments show that students display very different behaviors, which also
include a considerable amount of unreliable information. Thus, motivated by these earlier findings, the goal of
the research described here is to deal with the problem of the untrustfulness of human annotators, namely with
the problem of how to define techniques which allow minimizing the effects that mislabeling has on the machine
ability to do proper activity and context recognition. The central intuition behind our solution is that the machine
exploits its available knowledge to assess the correctness of both its prediction and of the user label. The machine
can obtain a confidence measure not only about itself but also about the user by monitoring the sequence of wrong
and correct answers. If a contradiction arises, these measures are employed to make the final decision of what is the
case. Notice that this method provides a uniform way to seamlessly integrate the data-driven view of the world
provided by machine learning algorithms and the model-driven view of the world provided by human annotators
and by the previously stored knowledge. Thus, for instance, the machine can exploit the information that car and
automobile are synonyms and, in turn, more specific terms of vehicle, or that a Research Department is a part-of a
University, thus freeing the user from remembering the exact same labels used in the past.
The main contribution of this work is a detailed description of the experiment we have carried out, which
highlights the advantages of an interactive, skeptical approach to learning over state-of-the-art but non-skeptical
machine learning alternatives. Results show that a Skeptical Supervised (Machine) Learning (SSML) architecture
improves over an approach relying only on the noise-robustness of the underlying learning algorithm, as is
customary in the machine learning community. Questioning user labeling and exploiting semantic knowledge for
conflict resolution are crucial aspects underlying the observed increase in performance. The results provided also
show the extreme variability of the students’ behaviors and, therefore, the need for a person-centric customized
solution to the problem of mislabeling.
The paper is structured as follows. In Section 2 we provide the related work. In Section 3 we describe the
SSML system in detail, from the general architecture to the various components. The data collection experiment is
discussed in Section 4, and the results of running the SSML system are detailed in Section 5. Finally, conclusions
are drawn in Section 6.
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2

RELATED WORK

The issue of the reliability of users is a well-known problem in social sciences and psychology where, given the
relevance of understanding behavior, self-reports of everyday life are widely used [22]. When reporting using these
tools, users may show different response biases causing a lack of congruence between subjects’ answers and their
adherence to reality [42]. Although there are several types of biases, e.g., memory biases or inadequate recalling
(i.e., having issues remembering and reporting correctly) [45], conditioning [4] (i.e., reporting socially desirable
behaviors) and unwillingness to respond [24] (i.e., failing to report), there are still no systematic approaches in
sociology to address and quantify them [12]. All the work we carry out in our experiments is grounded in this
literature which constitutes our starting point for the elaboration of the solutions we propose.
The main population of our experiments is students [19], since they are a relevant sample of population for
sociological studies, especially with respect to their time management ability, which includes setting goals and
priorities and plays a crucial role in improving students’ performance [31]. Another area that focuses on students,
due to their wide adoption of smartphones and tech-savviness [3], is computational social sciences, which is
based on approaches for extracting and analyzing behaviors using smartphone data such as proximity, location,
and call logs [8]. These data are combined with surveys, which may be administered via smartphones, for sociopsychological metrics such as personality traits, daily mood, or sleep quality [3]. Within the work in computational
social sciences, the Student Life study [43] is the closest one to ours. For this study, smartphones were used
to assess the impact of workload on stress, sleep, activity, mood, sociability, mental well-being and academic
performance of a class of 48 students (38 males and 10 females) of a computer science class across a 10-week term
at Dartmouth College. Moreover, the SmartGPA study [44] used the data from [43] to show that there is evidence
of a link between the students’ GPA and their behavioral patterns. In this work, regression analyses were used to
develop a behavioral slope and behavioral breakpoints in order to identify changes in a student’s behavior on a
weekly basis. The temporal granularity and the predictive model does not consider raw data, since the pre-built
classifiers feed into a regression model, e.g., the accelerometer. Differently from our work, these studies do not
have approaches in place for assessing the quality of the students’ annotations. In fact, they rely on heuristics, e.g.,
spending at least 20 minutes in a library means that the student is studying, and classifiers, which may be inaccurate,
e.g., conversation classifiers cannot distinguish a person speaking in a TV from one physically in the room [21].
The problem of noisy supervision is well-known in machine learning. While traditional approaches to concept
learning assume perfectly labeled training sets, most recent supervised learning techniques can tolerate a small
fraction of mislabelled training instances (see [13] for a comprehensive overview). The most popular solution
consists in designing learning models which are robust to (some) label noise [11]. By averaging predictions of
multiple learners, ensemble methods typically perform well in terms of noise robustness [6, 34]. The robustness of
random forests, the ensemble method we use in this work, was shown theoretically and empirically in a recent
work [14]. Nonetheless, label noise badly affects the performance of learning algorithms [30]. Our approach
diverges from existing solutions in that it directly involves the user in an interactive process of consistency check
and labeling revision. This allows tolerating a much larger amount of noise, achieving substantial improvements
over a solution which only relies on the noise-robustness of the learning algorithm. The whole field of statistical
relational learning [1] deals with the integration of symbolic and sub-symbolic approaches to learning. Frameworks
like Markov Logics [36], Semantic-Based Regularization [7] or Learning Modulo Theories [41] combine logical
rules or other types of constraints with learnable weights in order to encourage predictions which are consistent with
the available knowledge. The crucial difference here is that knowledge is used as the main means for aligning and
enforcing the consistency between the user labels and the output of the machine learning algorithms. In the limit
case, where the user and the machine learning algorithms provide mutually consistent labels which are however
inconsistent with the prior knowledge, we would end up generating an inconsistency. In this respect, our work and
the work cited above are complementary.
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Fig. 1. The SSML Architecture. The disk-like component marked with SK, GK, SD contains the prior knowledge
(SK, GK) and the streaming data coming from the sensors and the user labeling activity (SD); PRED is the main
machine learning algorithm which in turns is an ensemble of simpler machine learning algorithms; SSML is the main
Skeptical Supervised Machine Learning algorithm.

While many machine learning approaches assume or expect the user to be an expert, in other areas of research
this condition cannot be met — this is the case of participatory sensing [25] and mobile crowdsensing [20]. The
main idea is to have users collect and share sensed data and annotations from their surroundings using their mobile
phones. A relevant issue is assessing the quality of users’ annotations [35] since it can be negatively affected
by several factors, e.g., short duration activities not captured [23] or the interruption needed for annotating or
performing them [26]. [28] propose to evaluate how much a user is familiar with certain locations at a given
time based on how regular she is in being there. Thus, user’s credibility is computed on the basis of his/her past
interactions with a geo-referenced crowdsourcing application, with the aim of reflecting the usefulness of his/her
contributions as seen by other users. Hence, these two measures are combined together to compute a credibility
weight of each user. [33] proposes the mPASS system that combines data obtained by sensing, crowdsourcing
and mashing-up with geo-referenced social systems (e.g., Foursquare) in order to map urban and architectural
accessibility. This system compares the user-provided data with the information provided by authoritative data
sources, i.e., local administrations, which is treated as a gold set, to assess the reliability of users. However, at
the time of writing, there has been no direct evaluation of this system. In [47], the authors consider the problems
of quality estimation and monetary incentives, which respectively represent a passive and active strategy for
obtaining data from users. They propose a quality-based truth estimation and surplus sharing method, which
mainly consists of two elements: i) quality estimation module and ii) surplus sharing module. Focusing on the
quality estimation module, it is designed to rely on an unsupervised learning technique to estimate the users’ data
qualities, characterize their long-term reputations, and generate a reliable estimation of ground truth. To improve
the estimation accuracy, anomalous users whose sensory readings are far away from the group consensus can be
detected and filtered out. The key difference from this work is that we focus on personal data, e.g., personal context
and activities, to be used by the user herself and that, therefore, the quality a user’s annotation is not evaluated by
comparing it with other annotations from the crowd (which would be very hard if not impossible, since we deal
with personal data) but, rather, by comparing it with the machine’s knowledge.
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METHOD

The method we follow is composed of a set of three basic ingredients, namely:
• A reference architecture, described in Section 3.1, which integrates the two main components used in
supervised learning, namely the machine learning (ML) algorithms and the user providing feedback with
two extra components, namely a knowledge component which stores the prior knowledge and the SSML
algorithm. The key idea is that the SSML component, based on its internal strategy, involves the user and the
ML algorithms in the most suitable way aimed at solving the mislabeling problem. This strategy may or may
not involve using the prior knowledge or asking the user for different tasks, for instance, asking her for a
second opinion on a previous labeling, with the goal of solving a contradiction;
• The main SSML algorithm, described in Section 3.2, which exploits the critical idea that this algorithm
can be in one of three states, namely: TrainMode where the goal is to accumulate enough knowledge about
the user dynamics, RefineMode where, being confident of the previously acquired knowledge, SSML starts
checking the user provided label quality and, finally, RegimeMode where SSML deploys an active learning
strategy where the user is only occasionally asked for feedback as the way to check that SSML and the user
herself are aligned in their ability to interpret the world;
• The conflict management algorithm described in Section 3.3, which solves possible labeling conflict by
optionally involving the prior knowledge and an oracle, for instance, the user herself on a second opinion,
who is called upon making the final decision about what is the case.
We describe these three main components in the remainder of this section.

3.1

The SSML reference architecture

Figure 1 shows the multi-layer architecture of the Skeptical Learning. The fundamental intuition is that the human
annotator(s) and the machine learning algorithm(s) are treated as interpretation channels which provide their
fallible perspective on what is the case in the real world. In Figure 1, the first layer, inside the dashed box, is
the HW/SW Machine, e.g., a smartphone with its software, implementing the overall SSML functionality while
the third and the last layer is the world, which is only indirectly accessible to the Machine. In the second layer,
Machine and World are connected via, on one side, a set of n sensors S 1 , ..., Sn (as they exist, e.g., in a smartphone
or a smartwatch) which generate a set of streams {x t }Si , with x t the value collected at time t by the sensor Si and
{x t }Si the stream of data generated by Si and, on the other side, the Machine reference user, namely the person
who is the direct beneficiary of its services.
The reference user, on request (outgoing arrow on the left of the dashed box) provides a label yt which is
interpreted as the value at time t of a specific property P j , thus generating, by giving answers to different questions,
a set of label streams {{yt }P j }u . For instance, the label “University" which answers the question “Where are you?"
(ingoing arrow on the bottom left of the dashed box) is interpreted as Int (User, University). It is important to
underline how the answer by the user is provided based on her perception of the world and without any clue of the
sensor values nor of how the Machine uses her input. The mapping from sensor values to user-provided labels is
produced by a set of machine learning algorithms, whose existence may not be even known by the user, as described
below. Note how this design decision allows for full freedom in the choice of the machine learning algorithms
which can, therefore, be tuned to the specific learning problem.
As from figure 1, the Machine consists of three components:
(1) The SSML main algorithm, hence SSML implementing the skeptical learning strategy as described in the
next sections;
(2) A Predictor PRED consists of an ensemble (see, e.g., [32]) of m learning algorithms f 1 , .., fm , each taking in
input an array of data xt (the concatenation of all sensor readings at a certain time) and producing a score
fk (xt , y) for all possible labels y ∈ Yj of a given property P j . These scores are then aggregated by PRED into
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a single label yt which, similarly to the user, is the value that a certain property P j takes at time t (from the
point of view of PRED). Different properties can be managed using different ensembles (one per property) or
having the ensemble score a combination of labels, one for each of the properties. PRED, similarly to the
user, provides its internally produced labels on request by SSML, where requests are represented in Figure 1
as right outbound arrows from SSML. As implied in Figure 1, both the user and the predictor do not answer
back to SSML but rather store their answers in the knowledge component SD. This process allows for the
possibly asynchronous interaction of SSML with the user and PRED, which leaves room for independent
loosely connected reasoning strategies;
(3) A Knowledge component which stores whatever prior knowledge the machine has accumulated in time. It
consists of three sub-components:
(a) The Stream Data storage SD, with SD being
SD = < {x t }Si , {{yt }P j }p , {{yt }P j }u >
where {x t }Si is the set of data streams coming from the sensors and {{yt }P j }p and {{yt }P j }u are the
multiple streams, one per property P j , provided by the predictor and the user, respectively, as answers to
the SSML queries;
(b) the component called GK, for Ground Knowledge, contains factual knowledge about the world (in the
actual implementation it is stored as a knowledge graph), which can be generated in one of three possible
ways: (i) it was provided to the machine as a priori knowledge, (ii) it was independently provided by
third parties or (iii) it was previously generated by SSML, as described below. GK is where the Machine
cumulates the knowledge learned in time. One example of GK is the knowledge about specific locations,
or events, or people, for instance, the fact that Fausto’s office is part of the Department building, which in
turn is a part of the University premises;
(c) the component called SK, for Schematic Knowledge which contains general knowledge, for instance in
the form of a hierarchy of concepts stated in a certain language, see, e.g., [16]. One trivial example of
SK content is an axiom stating that resting is a more general concept than sleeping. Another example is
general statements about locations and sub-locations, for instance, the fact that Department buildings are
always inside the Univesity premises. In this paper, we assume that SK is static and not growing and that it
is known by the Machine because it is provided as a priori knowledge.
GK and SK are pivotal for the correct interpretation of the Machine and user’s’ answers. As described in detail in
Section 3.3, they are quite useful in the conflict resolution phase as, whenever this is the case, they allow to infer
that the user and the Machine meant the same thing even though they used different labels. Thus, for instance,
the SK can be used to infer that the user is resting from her assertion that she is sleeping while the GK can be
used to infer that she is in the University from her assertion that she is in her office, which is part of the University.
The key observation is that the GK and the SK, which provide a model-driven view of the world, are unavoidable
components whenever there is an interest in making the machine capable of fully understanding the user input, in
its intended semantics and, vice-versa, in enabling the user in providing semantics to (i.e., in fully understanding)
the output of the Machine internal data-driven machine learning algorithms.

3.2

The SSML main algorithm

In this section, without loss of generality, we assume that there is a single property of interest P, e.g., the location
of the user at a particular time. We represent by Y the set of possible values for this property.
SSML is an algorithm which takes in input a continuous stream of sensor data as they are stored in SD (see
Figure 1). The pseudocode of SSML is reported in Algorithm 1. The algorithm can be in one of three modalities
which, for simplicity, we assume are activated sequentially, namely: Train mode as in typical supervised learning,
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 0, No. 0, Article 0. Publication date: March 2018.

Fixing Mislabeling by Human Annotators via Conflict Resolution and the Exploitation of Prior Knowledge
• 0:7
Algorithm 1 Skeptical Supervised Learning (SSML)
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

procedure SSML(θ )
init cu = 1, cp = 0
while TRAIN M ODE(cp , cu , θ ) do
xt = SENSOR R EADING()
yt = ASK U SER()
ŷt = P RED(xt )
TRAIN (xt , yt )
UPDATE (cp , ŷt , yt )
while REFINE M ODE(cp , cu , θ ) do
xt = SENSOR R EADING()
yt = ASK U SER()
ŷt = P RED(xt )
SOLVE C ONFLICT(cp , cu , xt , ŷt , yt )
while True do
xt = SENSOR R EADING()
ŷt = P RED(xt )
p
if C ONF(xt , ŷt , cŷt ) ≤ θ then
yt = ASK U SER(ŷt )
SOLVE C ONFLICT(cp , cu , xt , ŷt , yt )

Refine mode which checks the quality of the user answers and, under certain conditions, it challenges them, and the
Regime mode where it starts being autonomous and only queries the user for particularly ambiguous instances.
The algorithm takes as input a confidence threshold θ . It starts by setting the user confidence to one and the
predictor confidence to zero for all classes (|cu | = |cp | = |Y|). Then the training phase begins. The algorithms
collect sensor readings (xt ) to be used as input for the predictor. In our current implementation, the prediction
procedure P RED simply returns the highest scoring prediction:

P RED(x) := argmax
y ∈Y

m
1 Õ
f j (x, y)
m j=1

(1)

where the score of a prediction y is the average score given to that label by the learners in the ensemble (in the first
iteration, when no training has not been performed yet, P RED(x) returns a randomly chosen label). The system
then asks the user for a label (yt ) to be used as ground truth. The input-output pair is used to train the predictor
using the TRAIN procedure. This procedure can either perform batch learning, in which the predictor is retrained
from scratch using all input-label pairs stored in memory, or do an online learning step [39], where the novel
input-output pair is used to refine the current predictor. The choice between these learning modalities depends
on the specific implementation and constraints (e.g., storage capacity), see Section 4 for the details on the actual
implementation. After training, the confidence of the predictor is updated using the UPDATE procedure, receiving as
input the ground truth label and the predicted one before the training step. When the predictor is confident enough
to start challenging the user on the correctness of a certain labeling, the training stage is stopped. The confidence in
p
a prediction y for an input x is obtained from the product of the score of the prediction times the confidence cy the
predictor has in predicting that label:
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p

p

C ONF(x, y, cy ) := cy ·

m
1 Õ
f j (x, y)
m j=1

(2)

The system remains in training mode as long as the expected probability of contradicting the user does not
exceed the threshold:
TRAIN M ODE (c

p

, cu , θ ) :=

E[1(C ONF(x, ŷ, cŷ ) > cyu · θ )] ≤ θ /2
p

(3)

where ŷ = P RED(x) is the predicted label for input x, y is the label provided by the user for that input, 1(φ)
evaluates to one if φ is true and zero otherwise, and the expectation is taken over all inputs seen so far. The user is
contradicted when the confidence in the predicted label exceeds a factor θ of the confidence of the user in her own
label.
Once the system enters the refinement mode, it keeps asking the user for labels, but it starts to compare them with
its predictions. The SOLVE C ONFLICT procedure deals with this comparison, and will be described in detail later on
in this section. The refinement stage is stopped when the predictor is confident enough to stop asking for feedback
to the user on every input, but selectively query the user on “difficult” cases. In general, it should be the user who
decides when to switch mode, trading off system maturity and cognitive load. A simple fully automated option,
similar to the one used for the train mode consists of staying in refine mode as long as the expected probability of
querying the user exceeding the threshold:
REFINE M ODE (c

p

, cu , θ ) :=

E[1(C ONF(x, ŷ, cŷ ) ≤ θ )] ≥ θ /2
p

(4)

again with expectation taken over all inputs are seen so far.
When leaving the refine mode, the system enters the regime one, where it remains indefinitely. In this mode, the
system stops asking feedback for all inputs, and an active learning strategy [37] begins. The system queries the user
only if the confidence in a certain prediction is below the “safety” threshold θ . If the system decides to query the
user, it includes the tentative label in the query, and then behaves as in refinement mode, calling SOLVE C ONFLICT
to deal with the comparison between the predicted and the user labels.

3.3

The Conflict Management Algorithm

Algorithm 2 shows the SOLVE C ONFLICT procedure. The procedure takes as input the predictor and user confidence
vectors cp and cu , an input x with its predicted label (ŷ) and the label given by the user (y). It first compares the
two labels according to the IS C OMPATIBLE procedure. In the simplest case, this outputs true if the two labels are
identical, and false otherwise. In more complex scenarios, this procedure can use existing knowledge, as stored in
the SK or in the GK, to decide whether two distinct labels are compatible, e.g., if the concept denoted by one is a
generalization of the concept denoted by the other. In case the labels are compatible, a consensus label is taken as
the ground truth, and the predictor and user confidences are updated accordingly. A natural choice for the consensus
(and the one we use in our experiments) is being conservative and choosing the least general generalization of the
two concepts.
A labeling conflict arises in the case of the two labels are not compatible. In case the confidence of the prediction
is not large enough to contradict the user, the user label is taken as ground truth, the predictor is retrained with this
additional feedback, and its confidence is updated accordingly. Otherwise, the system queries the user providing
the two conflicting labels as input, asking her to solve the conflict. The user is free to stick to her own label, change
her mind and opt for the label suggested by the predictor, or provide a third label as a compromise. As we are
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Algorithm 2 Procedure for solving labeling conflicts.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

procedure SOLVE C ONFLICT(cp , cu , x, ŷ, y)
if IS C OMPATIBLE(ŷ, y) then
y ∗ = CONSENSUS(ŷ, y)
UPDATE (cp , ŷ, y ∗ )
UPDATE (cu , y, y ∗ )
p
else if C ONF(x, ŷ, cŷ ) ≤ cyu · θ then
TRAIN (f , x, y)
UPDATE (cp , ŷ, y)
else
y ∗ = ASK U SER(ŷ, y)
if not IS C OMPATIBLE(ŷ, y ∗ ) then
TRAIN (xt , y ∗ )
UPDATE (cp , ŷ, y ∗ )
UPDATE (cu , y, y ∗ )

assuming a non-adversarial the setting, the system eventually trusts the newly provided label (even if unchanged)
which becomes the ground truth. At this point, a compatibility check is made in order to verify whether a retrain
step is needed, and the predictor and user confidences are updated. Notice how this is only an initial choice which
can be extended in many different ways. What is needed at this point in the algorithm is a trusted oracle which
will give its final word on the dispute. This oracle can be the user herself asked for a second opinion, as discussed
above, or some trusted learning algorithm, as in the experiments below, or some kind of social opinion by, e.g.,
some friends or people nearby, or any combination of these possibilities.
The UPDATE procedure takes as input a confidence vector, a tentative label (ŷ) and a ground truth label (y ∗ ), and
updates the confidence vector according to the relationship between the two labels. The new confidence vector is as
a label-wise running average accuracy over the current and past predictions, for a certain window size d.

4

EXPERIMENT

We validate SSML on the data collected in our experiments with students, which aim at understanding the empirical
gap concerning students’ time allocation and academic performance by providing a detailed description of how
their everyday behavior affects their academic performance.

4.1

Data collection

In order to collect data from students, we rely on a mobile application [48] that can simultaneously acquire data
from up to thirty sensors, both hardware (e.g., GPS) and software (e.g., running applications), generating streams
that are temporarily stored on the device and periodically synchronized with the SD Knowledge Component of
SSML (see Fig. 1). The data collection is completely configurable in terms of the number of sensors and sensing
parameters, e.g., collection frequency. For our experiment, we configured the application as follows:
• We asked the participants to install the application on their personal smartphone to generate truthful data. In
fact, providing them with a second device could have altered the generated data, since they would not have
used it in the very same way. Additionally, the fact that we collected data using many different smartphone
models from different vendors support the generality of our approach and its usability in the wild;
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• We collected data from all the sensors available in the application. A full list of these sensors is provided in
Table 1. It is important to mention that not all the smartphones have all the sensors so that each user can have
a different set of sensors running;
• Thanks to the configurability of the application, we optimized the sensing process to balance the amount of
data generated and battery consumption. Since the participants were using their own devices, we couldn’t
drain their battery, even if this meant having less frequent sensor readings. The "Sampling Rate" column in
table 1 shows the collection frequency for each sensor.
Table 1. Table showing the sensors we selected among the ones available in the application [48] in combination with
the selected sampling rate for the experiment.

Sensor
Acceleration
Linear Acceleration
Gyroscope
Gravity
Rotation Vector
Magnetic Field
Orientation
Temperature
Atmospheric Pressure
Humidity
Proximity
Detect Incoming Calls

Sampling Rate
20Hz
20Hz
20Hz
20Hz
20Hz
20Hz
20Hz
20Hz
20Hz
20Hz
On change
On change

Detect Outgoing Calls

On change

Detect Incoming Sms
On change
Detect Outcoing Sms
On change
Incoming Notifications On change

Sensor
Screen Status
Flight Mode
Audio Mode
Battery Charge
Battery Level
Doze Modality
Headset plugged in
Music Playback
Location
WIFI Network Connected to
WIFI Networks Available
Bluetooth Device Available
Bluetooth Device Available
( Low Energy )
Running Application

Sampling Rate
On change
On change
On change
On change
On change
On change
On change
On change
Once every minute
On change
Once every minute
Once every minute
Once every minute
Once every 5 seconds

The [48] application also allows administering time diaries to the participants asking about their activities,
location and social relations at fixed time intervals. The way these labels are collected accounts only for the user
perception of the world while she is not aware of the collected sensor values. The collected answers are then used
as user labels inside the machine learning algorithms of the SSML architecture.
To initialize the experiment, 312 students enrolled in the first academic year in any of the bachelor courses active
in 2016 at our University were contacted through a web survey to ask for their participation. From this initial
population, 104 students fulfilled three specific criteria: i) to have filled three university surveys in order to obtain
their socio-demographics, shown in Table 2, and other characteristics, e.g., psychological and time use related; ii)
to attend lessons during the period of our project in order to describe their daily behavior during the university
experience, and iii) to have a smartphone with an Android version 5.0.2 or higher.
Overall, 75 students accepted to participate, but three of them declined during the project due to unexpected
technological incompatibility with the application. In the end, the final sample consisted of 72 students to reflect
the general population of freshman year students of our University in terms of gender and departments.
The students were asked to attend an introductory presentation where they were presented with the aims of the
project and how to use the application. Those who decided to participate after this presentation were presented with
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Table 2. Socio-demographics of students from the experiment

Gender
Male Female
61.1% 39.9%

Departments
Scientific Humanities
56.9%
43.1%

Scholarship
Age
True False Min Max
37.5% 62.5% 19
22

a consent form to sign, after which they installed the application on their smartphones. Users were informed about
all aspects of the management of their personal information concerning privacy, from data collection to storage to
processing. Furthermore, before starting the data collection, we obtained approval from the ethical committee of
our university.
The experiment lasted two weeks. During the first, students answered to time diaries on the application that
collected their sensor data at the same time. During the second, students were only required to have the application
running for the sensor data collection.
The resulting dataset contains 20 billion sensor values plus user annotations, resulting in a total size of 110GB.
In addition, it is merged with both the pre and post project surveys collecting socio-demographic characteristics of
students, their time use habits, some psychological traits measured by validated scales (i.e., pure procrastination
scale and goal orientation scale), and academic performance data from the administrative office from our university.
All the data were collected in compliance with the latest regulations in terms of privacy and are stored entirely
anonymously.

4.2

Data processing and setup

Evaluating the SSML on this dataset required a pre-processing stage that generated a set of 122 feature vectors for
each user, using all the available sensors inputs (the number depends on the smartphone, and consequently on the
user). The features can be described based on the type of the data they refer to:
• Periodic data that include hardware sensors recording data every 1/20 seconds, mostly three-dimensional
coordinates. To aggregate this type of data the norm of the axes for each row falling in the time slot is
computed. This avoids discrepancies deriving from different smartphone positions/orientations at the time of
the reading. Furthermore, unreasonable spikes in the reading are discarded. Finally, mean and variance are
calculated from the resulting vector of norms;
• On change data, that represent discrete events generated by the device software. Features computed for this
category include the time in milliseconds a particular state persists within the time slot, e.g., for how long a
screen is on and off respectively. Additionally, a value denoting the presence of events and one keeping track
of the number of events seen are recorded;
• Other types of data, including any sensor generating data that does not belong to the above categories. The
most important features are the ones about the user location. These consist of a set of features indicating: i)
proximity to one of the ten most common locations visited by the students during the experiment (one flag
per location). Most common locations were computed using the DBSCAN clustering algorithm [9] using
a maximum distance of 12.5m for considering two points part of the same neighborhood. To avoid single
users with a high number of diverse locations to skew the results in their favor, the clustering was run an
additional time on the clustering resulting from the first run, this time with a distance of 10m. Among the
resulting super-clusters, the 10 most common were eventually selected; ii) proximity to the home of the user.
The home of the user was identified by running the DBSCAN algorithm with a distance of 108.27m (the
average accuracy of the considered points) on those location points that were collected by the application
in two situations: between 5:30AM and 7:30AM (the best moment according to [27]) and right before the
GPS stops collecting data, past midnight, when it is reasonable to assume that the user just reached home to
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go to sleep. Among the resulting clusters, we chose the largest cluster’s centroid to be the home location.
From this point, the feature we considered is the distance calculated in meters from the current position;
iii) none of the above. Additionally, the distance between the first and the last detected points and the total
distance travelled within the time interval are recorded. For the data relative to proximity networks (WiFi
and Bluetooth) information such as number of unique devices in range (if at all) is recorded. Finally, for the
running applications, for each window the features represent which categories of applications run for how
much time in milliseconds, (eg. Social : 10000, Tools : 25000) and the number of events recorded.
The features were calculated using a window size of 30 minutes, which is the time between two consecutive
annotations. The analysis focuses on the locations the participants visited during the two weeks of the experiment.
We decided to focus on locations because it is easier to verify the correctness of such data with respect to, for
example, activities. To this aim, we created an additional element, the oracle, which provides ground truth labels
independently of both the predictor and the user annotations. The oracle relies on information regarding the location
of the University buildings, and identifies the home of a user by clustering the locations she labels as home via
DBSCAN [9] and choosing the cluster where she spends most of the time during the night. Note that SSML has no
access to this information. The oracle is used for the evaluation of the performance of the system in predicting
actual labels, and to simulate a non-adversarial, collaborative user as detailed in the next section. By comparing the
labels provided by the users with the ones generated by the oracle, we discovered that 65 out of 72 participants
provided more than 10% wrong labels, while 35 of them provided 30% wrong ones. In order to highlight the
potential advantage of the SSML framework in highly noisy scenarios, we focused on the subset of users with
more than 20% labeling errors (42 users). Note that this proportion of errors is substantially higher than the one
usually expected in machine learning applications. We implemented the predictor as a random forest classifier [2]
(with batch training), which is known to be robust to labeling noise [14], in order to evaluate the ability of SSML
to improve over an already noise-robust baseline. For simplicity, we used an infinite window (d = ∞) for the
confidence update, also given the relatively short duration of the experiment. The confidence parameter θ was set to
0.2 in order to achieve a reasonable trade-off between accurate training and reasonable cognitive effort for the user,
considering the complexity of the learning task.

5

RESULTS AND EVALUATION

The results are organized into five sections. We first discuss the performance of SSML in the most straightforward
setting where no prior knowledge is exploited. We then evaluate the system on a more complex scenario, including
schematic knowledge from SK in the form of part-of relationships between locations. The two successive sections
deepen the analysis of the results in this latter scenario, focusing respectively on the difference between ground
truth and user labels, and on the behavior of the system for different types of users. Finally, we report the results of
a third task, namely predicting the means of transportation of users, where we test the ability of SSML to provide
improvements in a few-shot learning setting.

5.1

SSML Performance with no prior knowledge

The first experiment we performed is aimed at evaluating the robustness of SSML to labeling noise, without
using semantic information on user labels, as obtained from the prior knowledge stored within the system. We
collapsed the original labels into three classes, Home, University and Others. In this setting, the oracle can provide
accurate ground truth values for all labels, as Others is recognized as not being Home and University. The procedure
IS C OMPATIBLE inside Algorithm 2 in this case simply returns true if the two labels are identical and false otherwise.
Given that we are working on previously collected data, we cannot query users in real-time in case a conflict arises.
To simulate a collaborative, non-adversarial user, we replace the ASK U SER procedure in Algorithm 2 with a call to
the oracle, i.e., the user returns the ground truth label when her initial label is contested.
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Fig. 2. Results with no prior knowledge: (a) f 1 scores for an increasing number of iterations, for SSML (solid red)
and SML (dashed red) respectively. (b) number of queries made by SSML (solid red) and SML (dashed red), number
of times the user is contradicted by SSML (green) and number of times SSML ends up being right (brown). The
Time axes represent the number of iterations the algorithm is going through.

Figure 2 reports the results of SSML as compared to a solution never contradicting the user (obtained by replacing
with a train and update step, as happens in the training phase). We refer to this baseline simply
as SML, standing for (non-skeptical) Supervised Machine Learning. Results were averaged over all users with a
number of training samples greater than 200. Figure 2(a) reports the f 1 score of the SSML and SML predictors
for increasing number of iterations. The score was computed on a fixed test set, namely the latest 15% of the all
data available for each user, which was not used for training. This provides an estimate of the performance of the
algorithms when doing predictions on future data. The results indicate that with a slight increase of queries to the
user, the system achieves a 34.2% relative improvement in performance (from f 1 = 0.38 to f 1 = 0.51). Figure 2(b)
reports the number of queries made to the user by SSML and SML respectively (red solid and red dashed). It also
reports, for the SSML case, the number of times the user was contradicted (green) and in how many of these cases
the user (as simulated by the oracle) ended up agreeing with the predictor (brown). It is interesting to notice that
most of the times in which SSML contradicts the user, the oracle agrees with it.
When looking at the performance of individual users, we observe very different behaviors. We range from a
very accurately modeled user (f 1 = 0.96 at the last iteration) to one where the predictor ends up always predicting
the same label (f 1 = 0.12). Note that in the former case the conflict management strategy is responsible for the
performance, as the non-skeptical alternative learns a degenerate model predicting the same label most of the times.
In some cases, SSML too learns a degenerate model. This happens because a long stream of annotations with the
same label forces the model to focus on it with very high confidence, move to the regime mode and stop interacting
with the user. Smarter initialization strategies could help to avoid this behavior. Our aim here is not to fine-tune
the system for this specific problem, but rather highlight the potential of challenging user feedback in general
interactive learning scenarios. A more detailed analysis of the behavior of the system with various ”prototypical”
users is provided in Section 5.4.
SOLVE C ONFLICT

5.2

SSML Performance with prior knowledge

The second experiment is aimed at evaluating the impact of semantics on the overall performance of the SSML,
in particular at the Schematic Knowledge level (see Figure 1). To do so, we created a set of labels including all
the thirteen classes in the original dataset, plus three novel labels representing superclasses, as shown in Table 3.
The latter were the same as the ones used in the first experiment, namely Home, University and Others. Semantics
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Fig. 3. Results with prior knowledge: (a) f 1 scores for increasing number of iterations, for SSML (solid red) and
SML (dashed red) respectively. (b) number of queries made by SSML (solid red) and SML (dashed red), number of
times the user is contradicted by SSML (green) and number of times SSML ends up being right (brown). The Time
axes represent the number of iterations the algorithm is going through.
Table 3. Table showing the activity labels that the users in the experiment could select and the mapping with the
three superclasses we defined.

Bar Gym

Shop

Outdoors Workplace Other Home
Others

Home Class Canteen Study hall
Home
University

Library

was introduced in terms of part-of relationships, such as Class and Laboratory being part-of University. In this
setting, IS C OMPATIBLE returns true if the two labels belong to the same super-class (or if they are the same), false
otherwise. The CONSENSUS procedure is implemented as a conservative choice that always returns the super-class,
e.g, University, Home or Others. Concerning the oracle (and thus, the replacement of the ASK U SER procedure
within Algorithm 2 as well as the one used to generate test labels), the ground truth label is the user provided one if
compatible with the one detected by the oracle, otherwise it is the label of the oracle.
Figures 3(a) and 3(b) report the results of this experiment, for f 1 score and number of queries respectively. The
overall performance in this setting is lower than in the non-semantic case, despite a higher number of queries to the
user, because the larger number of classes substantially increases the complexity of the labeling task. Nonetheless,
the trend is very similar, with a relative performance improvement of 30.7% (from f 1 = 0.26 to f 1 = 0.34).

5.3

Objective vs. Subjective Labelling

Our algorithm aims to learn to predict the ground truth labels, despite being fed with user-provided labels in the
first place. We can think of the former, the ones provided by the oracle, as objective labels and of the latter, the
ones provided by the user when not acting as an oracle, as subjective labels. In this section, we investigate the
performance of the SSML algorithm with respect to these two types of labels.
Figure 4 shows the average f 1 scores in four different settings, in the scenario including semantic information (the
one described in Section 5.2). The solid red curve and the dashed red curve show the same results as in Figure 3(a).
They represent f 1 scores of the SSML and SML algorithms, computed on the test set using objective labels as the
ground truth. The solid blue curve and the dashed blue curve represent again f 1 scores of the SSML and SML
algorithm respectively but computed on the test set using subjective rather than objective labels as the ground truth.
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Fig. 4. Average f 1 score of the SSML and SML algorithms on all the users in the experiment. The solid lines
represent the performance of the SSML algorithm, whereas the dashes ones represent the performance of the SML
baseline. For red lines, the evaluation on the test set was made in terms of objective (i.e., ground truth) labels, while
in the case of blue lines the evaluation was made in terms of subjective (i.e., user provided) labels. The Time axes
represent the number of iterations the algorithm is going through.

These results provide some interesting insights into the performance of the algorithm. Overall, the performance
evaluated on subjective labels (blue curves) is higher than the one evaluated on objective labels (red curves). This
means that learning subjective labels is easier than learning objective labels; this is is an expected result, given
that the algorithm often receives subjective labels as feedback. When comparing the performance of the SSML
algorithm (solid curves) with respect to the SML one (dashed curves), we observe opposite behaviors depending on
whether we evaluate them in terms of objective or subjective labels. The SSML algorithm is effective in improving
prediction quality on objective labels (solid red curve vs. red dashed curve), as discussed in Sections 5.1, 5.2.
Conversely, the conflict management phase of the SSML algorithm is harmful when the evaluation is made in
terms of subjective labels (solid blue curve vs. blue dashed curve). This is also an expected result and indicates
that challenging the user is pointless if the final goal is adapting to her subjective viewpoint rather than trying to
make it match any type of objective knowledge. The decision of which choice to make must be made in a more
global setting i) as a function of the specific type of knowledge, ii) the final goal to be achieved, and iii) what
the user wants to do with the machine learning results. Thus, for instance, a certain place could objectively be
closer to the user than another one, but subjectively farther, given the user’s specific knowledge of the paths to both
places (including taking some shortcuts not known to the general public). Figure 5 reports the confusion matrices
for all settings. The first row refers to SML and the second to SSML, while the first and second columns refer
respectively to the objective and subjective labels. Results are normalized over the sum of all the elements in the
matrix. The fact that all matrices are quite sparse explains the low f 1 score of the overall results presented in Figure
4. Overall, the Home and Other labels are the most common. Comparing the matrices on objective and subjective
labels, we can see that true positives on Home on subjective labels are significantly higher than on objective ones.
In the latter case, there are many cases in which the algorithm predicts Home, but the actual label was Other. This
is a clear example of misleading feedback from the user, who always answers Home when being in some Other
location. By looking at the first column, we see that our SSML algorithm is capable of partially fixing this problem,
bringing true positives for the Other label from 0.0% to 7.09%. This can explain the gap between SSML and SML
on objective labels (red curves) in Figure 4.
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SML on objective labels

SML on subjective labels

Shop 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.08 0.00 0.00 0.08 0.39 0.32

Shop 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.08 0.00 0.08 0.08 0.47 0.32

Bar 0.00 0.32 0.00 0.08 0.00 0.08 0.00 0.08 0.00 0.00 0.00 0.71 0.24

Bar 0.00 0.32 0.00 0.08 0.00 0.08 0.00 0.08 0.00 0.00 0.00 0.71 0.24

Gym 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.63 0.00

Gym 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.79 0.00

Other Home 0.00 0.16 0.00 0.00 0.16 0.00 0.00 0.00 0.16 0.00 0.24 3.39 0.79

Other Home 0.00 0.16 0.00 0.63 0.16 0.00 0.00 0.00 0.16 0.00 0.63 4.33 0.79

University 0.00 0.00 0.00 0.00 1.18 0.00 0.00 0.00 0.00 0.16 0.00 0.16 2.13

University 0.00 0.00 0.00 0.00 0.95 0.00 0.00 0.00 0.00 0.08 0.00 0.00 1.65

Outdoors 0.00 0.16 0.00 0.08 0.00 0.24 0.00 0.08 0.00 0.00 0.00 0.95 0.47

Outdoors 0.00 0.16 0.00 0.08 0.00 0.24 0.00 0.08 0.00 0.00 0.00 1.65 0.55

Library 0.00 0.00 0.00 0.24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24

Library 0.00 0.00 0.00 0.32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.47

Other 0.08 0.47 0.39 2.92 0.16 0.08 0.00 0.00 0.39 0.16 1.02 37.59 5.28

Other 0.00 0.16 0.00 0.00 0.24 0.00 0.00 0.00 0.00 0.00 0.24 0.87 0.47

Workplace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.32 0.00 0.00 0.08 0.00

Workplace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.32 0.00 0.00 0.08 0.00

Canteen 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47

Canteen 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.24 0.55

SSML on objective labels

Class

Home

Study

Canteen

Other

Workplace

Library

Outdoors

University

Gym

Other Home

Bar

Shop

Class

Study

Home

Canteen

Other

Workplace

Library

Outdoors

University

Class 0.08 0.16 0.00 0.24 0.47 0.08 0.00 0.00 0.00 0.16 0.16 5.59 11.58

Other Home

Class 0.00 0.00 0.00 0.08 0.32 0.08 0.00 0.00 0.00 0.00 0.16 3.07 8.20
Bar

Home 0.00 0.24 0.39 2.76 0.00 0.32 0.00 0.08 0.39 0.00 0.32 53.11 2.13

Gym

Study 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.18 0.08 0.47

Home 0.00 0.08 0.00 0.71 0.00 0.24 0.00 0.08 0.00 0.00 1.26 21.20 0.71

Shop

Study 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.39

SSML on subjective labels

Shop 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.32 0.00 0.00 0.08 0.47 0.08

Shop 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.32 0.00 0.00 0.08 0.55 0.08

Bar 0.00 0.08 0.00 0.16 0.00 0.00 0.00 0.55 0.00 0.00 0.00 0.55 0.16

Bar 0.00 0.08 0.00 0.16 0.00 0.00 0.00 0.55 0.00 0.00 0.00 0.55 0.16

Gym 0.00 0.00 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.55 0.00

Gym 0.00 0.00 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.71 0.00

Other Home 0.08 0.00 0.24 0.08 0.08 0.00 0.00 0.32 0.08 0.08 0.00 3.70 0.24

Other Home 0.08 0.08 0.24 0.32 0.08 0.32 0.00 0.39 0.08 0.24 0.00 4.81 0.24

University 0.00 0.00 0.00 0.00 1.65 0.08 0.00 0.08 0.00 0.00 0.24 0.24 1.34

University 0.00 0.00 0.00 0.00 1.02 0.00 0.00 0.00 0.00 0.00 0.24 0.08 1.34

Outdoors 0.00 0.16 0.00 0.08 0.08 0.08 0.00 0.47 0.00 0.00 0.00 0.87 0.24

Outdoors 0.00 0.16 0.00 0.08 0.08 0.39 0.00 0.55 0.00 0.00 0.00 1.26 0.24

Library 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.39

Library 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.00 0.00 0.00 0.24 0.55

Other 0.95 0.39 0.32 3.07 0.08 1.26 0.00 7.09 1.10 0.16 0.39 30.97 2.76

Other 0.08 0.00 0.00 0.00 0.63 0.00 0.00 0.39 0.00 0.00 0.00 0.79 0.08

Workplace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.00 0.00 0.24 0.00

Workplace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.00 0.00 0.24 0.00

Canteen 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.00 0.08 0.08 0.24

Canteen 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.16 0.00 0.00 0.08 0.32 0.32
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University

Other Home

Class 0.08 0.08 0.00 0.24 0.24 0.32 0.08 2.52 0.00 0.16 1.02 5.52 8.27

Gym

Class 0.00 0.00 0.00 0.24 0.16 0.24 0.08 0.87 0.00 0.00 0.95 2.99 6.38
Bar

Study 0.00 0.00 0.08 0.32 0.00 0.00 0.00 0.00 0.00 0.00 1.02 0.32 0.00
Home 0.79 0.39 0.47 3.31 0.00 1.81 0.00 5.52 1.10 0.08 0.16 45.15 0.95

Shop

Study 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.39 0.00 0.00
Home 0.00 0.16 0.24 0.79 0.00 1.34 0.00 0.87 0.00 0.24 0.47 19.78 0.39

Fig. 5. Confusions matrices of the SSML and SML algorithms computed at the last iteration reported in Figure 4.
The first row refers to SML (dashed lines in Figure 4) while the second one to SSML (continuous lines in Figure 4).
The first column refers to objective labels (red lines in Figure 4) and the second to subjective ones (blue lines
in Figure 4). The scale is normalized, and the numbers represent the percentage of labels among the total. In
each matrix, rows represent actual labels (objective labels on the left, subjective labels on the right) and columns
represent predicted ones.

5.4

Variability of users

In this section, we present a breakdown of the performance of the SSML algorithm with respect to a recognizable
pattern of user behaviour. We analysed the performance graphs of the different users and identified four patterns
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Fig. 6. Results for four different prototypical users: the first row shows an inattentive user ; the second one a
predictable user ; the third one a reliable user and the last one a tricksy user. The images on the left report the f 1
scores in different settings while the ones on the right report information about the number of queries and agreement
with the user and the oracle. The Time axes represent the number of iterations the algorithm is going through.
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as highly common. These performance patterns can be related to some distinct behavioural patterns, which we
discuss in the following. Figure 6 reports the results for these prototypical users, where each row refers to a specific
user. Left figures report f 1 scores in different settings, which are the very same as in Figure 4 (i.e., objective vs
subjective labels, SSML vs SML). Right figures report information on the number of queries and agreement with
the user and with the oracle, same as in Figures 2(b) and 3(b).
Inattentive user The results of the first row in Figure 6 show that the highest score is achieved by the SSML
algorithm evaluated on objective labels. All other settings achieve substantially lower performance. This
behavior can be explained in terms of an inattentive user, who often provides subjective labels which are
different from the objective ones (difference between red and blue curves), and is largely inconsistent in the
initial feedback, which makes predicting subjective labels harder than objective ones (solid red vs. dashed
blue), even if most of the feedback is subjective anyhow. The inconsistency of the user is also reflected in
the right graph of the first row of Figure 6, showing a rather large fraction of times in which the user is
contradicted (because there is no agreement) and the predictor agrees with the oracle. This is the type of
user for which the SSML algorithm is most beneficial. Note that the fact that SSML manages to correct user
inconsistencies indicates that the system reaches a confidence which is sufficient to start challenging the user,
i.e., the user is a “detectably” inconsistent one.
Predictable user The second case is a particularly interesting one. For the first 20 iterations, both SSML and
SML are completely incapable of predicting the user labels. After this initial step, the algorithm learns to
predict subjective labels with a high accuracy (solid red against solid blue). This happens because the user is
consistent in providing feedback, but her subjective labels are largely different from the objective ones. At a
certain point, the system starts challenging the user and soon afterward (around iteration 190), the system
learns to predict objective labels with an higher accuracy with respect to subjective ones. We refer to this user
as “predictable”. Albeit subjective labels are mostly different from objective ones for this user, both of them
can be predicted with high accuracy, once the system receives the appropriate feedback. This is confirmed by
the high number of times in which predictor and oracle agree, as shown in the right figure. A predictable user
is thus another case in which the benefits of SSML are substantial, even if it takes some time for the system
to figure out the discrepancy between subjective and objective labels.
Reliable user The third row of Figure 6 shows the results of a user for which the performance of the SSML
and SML algorithms are basically the same. This is because the user is already reliable in providing initial
feedback, as can be seen by the substantial overlap between the red and blue curves. Indeed, the user is
contradicted only occasionally (green curve in right figure), and even rarer are the cases in which the oracle
agrees with the predictor against the subjective label of the user (brown curve). This is a user for whom
SSML is not helpful, but also not harmful, as it ends up asking about the same number of queries as SML
(solid and dashed red curves in the right figure). Both systems never exit the refinement phase and keep
asking for feedback, because the location of this specific user keeps changing and, most importantly, almost
all the labels in the label space are selected.
Tricksy user The last one is a case in which the SSML algorithm completely fails to predict user behavior. By
looking at the difference between red and blue curves, it is apparent that the problem is in the difference
between subjective and objective labeling. The algorithm keeps learning the former, even when given the
chance to question user labeling. The right figure shows that this chance is rarely taken by the algorithm, and
almost never leads to discovering the cases in which subjective and objective labels disagree. The user here
succeeds in fooling the system by convincing it of the correctness of her own feedback, namely the fact of
being at home way more often than what was actually the case. Note that additional prior knowledge would
substantially help the system in figuring out that something strange is going on. Indeed, GPS information
clearly shows that “home” is in too many places for this user. We kept this information hidden from the
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Table 4. Table showing the means of transportation considered in the experiment and the mapping with the three
superclasses used.

Label
Superclass

On foot Bus Train Car Motorbike
Bike
On foot
In vehicle
On bicycle

system in this study because we used it to implement the oracle. However, in a real setting with actual users
as oracles, this information would be part of the prior knowledge of the system and contribute to its capacity
to identify inconsistencies in user feedback.
Additional types of users could be identified, e.g., an “average” user behaving similarly to Figure 4, or an
“unpredictable” one for whom the system was incapable of learning neither subjective nor objective labels. Overall,
these results highlight how the performance of SSML is strongly affected by the behavior of the user, and call for
additional work to deal with the difficult cases. For instance, finding a way to make the system aware of cases when
the user is not being helpful would allow it to start searching for some additional source of information, e.g., nearby
users, in order to compensate for the lack of reliable feedback.

5.5

SSML Performance in Few-Shot Learning

In order to evaluate the generality of the skeptical learning algorithm, we ran a second test aimed at recognizing
the means of transport of users during their movements. We decided to focus specifically on movement activities
since as for the location experiment, we could simulate a collaborative user with an oracle replacing the ASK U SER
procedure in Algorithm 2, as will be shown in the following. During the data collection process, the user could
indicate one of six possible means of transportation if in movement, as shown in Table 4. We created a hierarchy of
labels by introducing three novel labels representing superclasses, namely On foot, In vehicle and On bicycle. In this
setting, IS C OMPATIBLE works as for the experiment presented in Section 5.3, it returns true if the two labels belong
to the same super-class or if they are the same, false otherwise. The CONSENSUS procedure is again implemented
as a conservative choice that always returns the super-class, e.g., On foot, In vehicle, and On bicycle. We created
an oracle for the prediction of means of transportation leveraging on the Google data that users were asked to
provide at the end of the data collection experiment. By default, Google keeps track of the users’ movements and
detects how the user was moving at fixed time intervals. At every detection, a list of possible labels (namely On
foot, In vehicle, On bicycle, Still, Tilting, Exiting vehicle and Unknown) is provided with an attached confidence
value, from 0 to 100. In processing Google data, we ignored the labels Unknown, Still, Tilting and Exiting vehicle,
which have no correspondence in the set of candidate user answers, and focused on On foot, In vehicle and On
bicycle. Google data, when available, have a frequency of a label per minute on average. On the other hand, users
provide labels once every 30 minutes. We combined Google provided labels into oracle labels by taking the most
common label over the 30-minute interval. As for the prediction of location with prior knowledge, the oracle only
provides labels for the superclasses of the hierarchy (see Table 4). As for that setting, the ground truth label is the
user provided one if compatible with the one detected by the oracle; otherwise, it is the label of the oracle. Out of
72 users participating in the experiment, only 31 of them provided Google data. Furthermore, movement data are
sparser than location ones, with just 15 iterations labelled as moving activities on average for each user over the
two weeks of the experiment. This is in line with the expected behavior of an average student that passes most
of her time either at home or at the University, commuting only few times a day for short trips. This challenging
setting is known as few-shot learning in the machine learning literature and allows us to test the ability of SSML to
achieve improvements even with just a handful of labeled examples.
Results are shown in Figure 7. As for the previous settings, the left graph reports the f1 score of the SSML and
SML predictors for increasing number of iterations, while the right graph reports the number of queries made to the
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# of queries made by SSML
# of queries made by SML

# of times SSML contradicts user
# of times SSML agrees with oracle

20.0
17.5
15.0

#

12.5
10.0
7.5
5.0
2.5
0.0
0.0

2.5

5.0

7.5

10.0

Time

12.5

15.0

17.5

Fig. 7. Results of the task of predicting the means of transportation: (a) f1 scores for increasing number of iterations,
for SSML (solid red) and SML (dashed red) respectively. (b) the number of queries made by SSML (solid red) and
SML (dashed red), number of times the user is contradicted by SSML (green) and the number of times SSML ends
up being right (brown). The Time axes represent the number of iterations the algorithm is going through.

user by SSML and SML, the number of times SSML contradicts the user and in how many of these cases, the user
(as simulated by the oracle) ends up agreeing with the predictor. While having larger oscillations and closer curves
because of the minimal number of examples, the f1 prediction results show a clear trend towards an advantage of
SSML over SML. The difference in the number of iterations (i.e., training instances) between these graphs and
those in Figures 2 and 3 can give an idea of the amount of supervision available in this setting and confirm the
capability of SSML to exploit even very limited feedback to improve prediction performance. Figure 8 reports
confusion matrices of the SML (left) and SSML (right) algorithms at the last iteration. The advantage of SSML is
due to its ability to better predict the On foot and Bus labels, at the cost of a moderate decrease in the accuracy of
the Train and Car ones.

6

DISCUSSION AND FUTURE WORK

In this paper, we have addressed the issue of the untrustfulness of human annotators within ubiquitous experiments
by integrating the model-driven input from the user with the data-driven input provided by machine learning. The
primary goal was to exploit this integration to minimize the impact of labeling mistakes both on the machine and on
the user side. The experimental results are promising, and the general idea seems generalizable in many dimensions.
Some such examples are: allowing for the possibility to ask third parties (e.g., a friend or the crowd) whenever
a conflict arises, allowing for multiple machine learning algorithms and for various inputs from the crowd while
providing a uniform way to measure their truthfulness, dealing with adversarial learning [5, 29] and adversarial
label contamination [46]. These dimensions will enable a much more powerful role of semantics in the future work,
leading to building evolvable knowledge, contrary to its static nature in this work, that adapts and evolves in order
to accommodate for the ever coming new knowledge, as it is the case in our everyday lives.
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SSML on objective labels

SML on objective labels

Bike

Bike 0.00 0.00 0.00 0.00 0.00 0.00
In vehicle

Bike 0.00 0.00 0.00 0.00 0.00 0.00

Bus

In vehicle 6.02 1.20 0.00 4.82 0.00 1.20

Car

In vehicle 3.61 3.61 1.20 4.82 0.00 0.00

Train

Bus 2.41 0.00 2.41 7.23 0.00 0.00

On foot

Bus 1.20 1.20 4.82 4.82 0.00 0.00

Bike

Car 2.41 1.20 2.41 2.41 0.00 0.00

In vehicle

Car 1.20 1.20 4.82 1.20 0.00 0.00

Bus

Train 8.43 10.84 0.00 1.20 0.00 0.00

Car

Train 6.02 13.25 0.00 1.20 0.00 0.00

Train

On foot 30.12 3.61 7.23 4.82 0.00 0.00

On foot

On foot 19.28 7.23 8.43 10.84 0.00 0.00

Fig. 8. Confusions matrices of the SML (left) and SSML (right) algorithms computed at the last iteration reported in
Figure 7. The scale is normalized, and the numbers represent the percentage of labels among the total. In each
matrix, rows represent actual objective labels and columns represent predicted ones.
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