Leveraging Active Learning and Conditional Mutual Information to
Minimize Data Annotation in Human Activity Recognition
REBECCA ADAIMI, University of Texas at Austin, USA
EDISON THOMAZ, University of Texas at Austin, USA
A difficulty in human activity recognition (HAR) with wearable sensors is the acquisition of large amounts of annotated
data for training models using supervised learning approaches. While collecting raw sensor data has been made easier with
advances in mobile sensing and computing, the process of data annotation remains a time-consuming and onerous process.
This paper explores active learning as a way to minimize the labor-intensive task of labeling data. We train models with
active learning in both offline and online settings with data from 4 publicly available activity recognition datasets and show
that it performs comparably to or better than supervised methods while using around 10% of the training data. Moreover,
we introduce a method based on conditional mutual information for determining when to stop the active learning process
while maximizing recognition performance. This is an important issue that arises in practice when applying active learning
to unlabeled datasets.
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1

INTRODUCTION

With advances in mobile sensing and computing, human activity recognition (HAR) has continued to grow over
the last decade, with applications in numerous areas such as abnormal human behavior detection [19], health
monitoring and fitness tracking [14, 32, 42], daily routine monitoring [50], and many others [28, 29, 33, 36, 52].
Today, the ubiquity of mobile phones, smartwatches, and wearable sensors [24], make it possible to acquire large
amounts of activity data with relative ease [26]. However, to reliably learn and recognize human activities from
sensor data, vast amounts of labeled training data is typically required, which remains one of the main challenges
of supervised methods in real-world studies. Providing high-quality and consistent ground truth labeling of
vast amount of data has proven to be time-consuming and not always feasible or reliable. Several annotation
techniques have been used for capturing ground truth in data collected in real-world settings, including ecological
momentary assessment [43], and self-reported time-use diaries [20]. While these methods have merits, they are
susceptible to biases and recall errors and are known to be disruptive, directly affecting and possibly changing
Authors’ addresses: Rebecca Adaimi, University of Texas at Austin, 2501 Speedway, Austin, Texas, 78712, USA, rebecca.adaimi@utexas.edu;
Edison Thomaz, University of Texas at Austin, 2501 Speedway, Austin, Texas, 78712, USA, ethomaz@utexas.edu.
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.
© 2019 Association for Computing Machinery.
2474-9567/2019/9-ART70 $15.00
https://doi.org/10.1145/3351228
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 3, Article 70. Publication date: September 2019.

70

70:2

•

Adaimi and Thomaz

the activities being recorded. Other ground truth acquisition methods that rely on the capture and subsequent
analysis of audio or video have become more popular [25, 44]. While these methods might capture activities with
higher fidelity and in an objective way, they introduce new challenges, such as privacy and ethical concerns.
In this paper, we explored Active Learning (AL) as a way to achieve a highly accurate model while minimizing
the annotation effort and amount of labeled data needed. Active Learning is particularly well suited for HAR since
sensor data may be abundant but ground truth labels are expensive to obtain. We experimented with existing AL
approaches in both stream-based (online) and pool-based (offline) settings using 4 activity recognition datasets of
varying tasks, sensors used, and collection strategies with very promising results. In AL applications, determining
a stopping criterion is an important issue that arises in practice, since it is a trade-off between labeling cost and
effectiveness of the classifier. Analyzing the information gain at every AL iteration, we further propose a stopping
criteria based on conditional mutual information that stops the AL process once no additional informative data
samples are left to query. The contributions of this work are:
• A study of pool-based and stream-based AL approaches on 4 established HAR datasets. Compared to
standard supervised methods, we demonstrate that applying AL in HAR research leads to accurate comparable models using less training data, with some datasets requiring only 8% of data to achieve comparable
performance.
• A proposed stopping criterion based on conditional mutual information that measures the information
gained from an unlabeled pool of data during the active learning process.

2

ACTIVE LEARNING BACKGROUND

The main idea behind AL is that if a learning algorithm can choose the data it wants to learn, it could potentially
perform the same or even better than standard supervised methods with significantly less training data. Thus, AL
is a process in which a model only queries data that can add knowledge and improve performance. This concept
has been popular in many data mining and machine learning applications because it helps in (i) reducing the
annotation cost and manual labeling efforts and (ii) reducing model training computation time.

2.1

Sampling Strategies

There are three sampling strategies that have been considered in the literature in which a learning model can
query instances: (i) Membership Query Synthesis, (ii) Pool-based Selective Sampling, and (iii) Stream-based Selective
Sampling. Membership Query Synthesis [3] was one of the very first AL methods studied. In this scenario, the
learning model generates a data instance from a certain distribution. However, a main limitation of this method
is the inability to use human annotators for labeling since the queried samples are not sampled from real-world
data, and thus can sometimes be challenging to recognize and label. To address this limitation, pool-based and
stream-based selective sampling were proposed [4, 21]. A key assumption for these scenarios is that labelling an
unlabeled instance is inexpensive. As such, instances can be selectively sampled from real-world data instead of
synthesizing them. For pool-based selective sampling, the model has access to all the unlabeled data from which
it selects the best. On the other hand, stream-based selective sampling scans unlabelled data sequentially and
decides based on some querying strategy whether to issue a query for a sample or not. This can make finding the
very best requests elusive. This scenario is typically suitable for online settings in which decisions are made on
the fly and where memory or processing power is limited. In our paper, since we are dealing with real-world
data, we evaluate both pool-based and stream-based selective sampling.

2.2

Query Strategies

For all AL scenarios, a query strategy is used to evaluate the informativeness of unlabelled data. The most
commonly used query strategy is known as Uncertainty Sampling [21]. Using this strategy, the model queries
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instances for which it is least confident about its most probable label. This strategy can be used for both pool-based
and stream-based settings. However, in a multi-class application, this query strategy only considers information
about the most probable label of a sample and discards information about the remaining labels. Therefore,
Margin-based Uncertainty Sampling was proposed that takes into account the two most probable class labels
[34]. The intuition for this strategy is that small margins indicate instances for which the model is uncertain
of their label. Therefore, querying those instances for their true label would help the model better distinguish
between the different classes. However, for batch-mode approaches that query groups of instances, the queried
points might not be representative of the underlying distribution of the unlabeled data. Therefore, researchers
studied diversity-based approaches that ensure diversity among instances in the batch of samples queried. Many
algorithms have been proposed that consider informativeness as well as diversity when querying instances, such
as adopting a Gaussian kernel to measure the similarity between any two instances [51], using a single linkage
method used in hierarchical clustering [16], and maximizing the angles within a set of hyperplanes with SVM [8].
In our paper, we applied batch-mode selective sampling in the pool-based setting, and in order to ensure
diversity, we employed a k-means cluster-based constraint to preserve the distribution of the unlabelled data. As
for the stream-based scenario, Sculley explored several label-efficient schemes for spam filtering, such as Logistic
Margin Sampling, b-Sampling, and Fixed Margin Sampling [35]. We applied the logistic margin sampling approach,
that maps classification confidence values to sampling probabilities, as a query strategy for our stream-based
selective sampling. As can be seen, there are several AL approaches that can be explored, but for the purposes of
this paper, we start by exploring two commonly used AL frameworks on an extensive set of HAR datasets. More
details about the frameworks are found in Section 4.

3

RELATED WORK

In HAR research focused on naturalistic settings, data annotation is often a time-consuming and burdensome
process, and considered a key challenge [9]. Moreover, inertial sensor data, which is commonly used in HAR
applications, is hard to interpret and annotate. Therefore, whether in controlled laboratory settings [5, 25, 38] or
in-the-wild [44], researchers often employ other sensor modalities to assist the labeling process, such as video
recordings. Methods that require direct and regular individual input, including daily self-recall and experience
sampling [20, 43, 47] are popular and straightforward to implement, but are subject to biases and memory
recollection errors. Generally, supervised learning methods require large annotated datasets for training, which
requires human supervision for annotations, a process that is costly, non-objective and error-prone. [48].
In order to facilitate the data annotation process, tools that provide labeling recommendations based on
already labeled data [45] or self-annotation tools [15] have been developed. Others have proposed automating
the annotation process by implementing a knowledge-driven method using weak labels thus enabling an online
supervised training approach [13, 39]. Alternatively, going beyond fully supervised techniques, semi-supervised
approaches have been considered as a solution to reducing the need for labelled data. This approach requires
only a small set of labelled data and a large set of unlabelled data [40]. However, semi-supervised approaches use
the most confident predictions of unlabeled samples and adds them to the training set. One drawback to this
is the case when a wrong prediction is added to the training set, which decreases the accuracy of the classifier.
As opposed to semi-supervised methods, AL does not use predictions as labels, but rather detects the most
informative unlabeled samples and queries the user for a label.

3.1

Active Learning in HAR

A large body of work has investigated the use of AL in HAR applications. Many studies focused on pool-based AL
for offline applications. For example, Stikic et al. explored semi-supervised and AL to reduce the amount of labeled
training data required [41]. Rebetez et al. proposed a system that learns activities by actively querying users using
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(a) Pool-based Active Learning Framework

(b) Stream-based Active Learning Framework

Fig. 1. Active Learning Frameworks

a Growing Neural Gas algorithm (GNG) and tested it on the Opportunity dataset [30]. Longstaff et al. explored
various active and semi-supervised learning methodologies to improve the performance of an initial classifier
[23]. Alemdar et al. and Bagaveyev et al. explored different AL methods on datasets collected in home settings,
showing a reduction in the number of labeled data required [2, 6]. Liu et al. presented preliminary exploration
of pool-based AL for multi-sensor physical activity recognition on one dataset [22]. Overall, compared to prior
work, we present a more in-depth exploration of the use of pool-based AL on a wider set of HAR data.
Stream-based AL has also been used in the context of HAR. Abdallah et al. implemented a clustering-based
AL method to predict activities, and allowed for multiple queries to be sent to the user which could lead to user
disruption [1]. Shahmohammadi et al. leveraged smartwatches to implement an AL framework that provides
continuous activity recognition monitoring [37]. In Zliobaite et al., the authors presented a new AL framework
in data streams that deals with concept drift [49]. Miu et al. implemented a smartphone activity recognition
framework that included a stream-based segmentation method [27]; the system required a large annotated dataset
to generate the hyperparameters for their AL model. Similar to our work, they tested a stream-based approach
on the Opportunity dataset [10]. However, their approach included an ideal segmentation procedure for each
activity, and data segments that were not annotated were replayed and inputted again for potential querying.
We implemented a similar stream-based approach and expanded our evaluation by testing on multiple different
datasets.

4

ACTIVE LEARNING FRAMEWORKS

In this paper, one of our aims is to validate two AL frameworks, pool-based and stream-based, on HAR datasets.
The specific goal is to show their effectiveness at reducing the amount of labeled data needed to reach comparable
performance to the standard fully supervised approaches. Both pool-based and stream-based frameworks consist
of multiple stages: (1) feature extraction, (2) model learning, (3) active batch sampling or active learning annotation
heuristic, and (4) model evaluation, as depicted in Figure 1. In this work, every stage of the framework is applied
in a way that is specific to each dataset in order to reliably compare active vs. supervised learning approaches. In
this section, we discuss in detail the active batch sampling and the annotation heuristic used in the pool-based
and stream-based frameworks respectively. The remaining stages are discussed in more detail in Section 5.

4.1

Pool-based Active Learning

In this form of AL, training is achieved with a small randomly selected labeled subset of the data. The initial batch
size is a hyperparameter that is defined by the user. After fitting the model to the labeled data, the AL sampling
function is applied to the pool of unlabeled data from which a batch is sampled and added to the training data.
The model is then updated and the process repeats. The sampled batch size is also a hyperparameter determined
by the user. Figure 2 shows one iteration of the AL process. The active learning approach implemented is an
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Fig. 2. Illustration of one iteration of pool-based AL. Red and green denote two classes. Model 0 is the initial model trained
on the initial labeled batch (colored dots). One iteration of AL queries a batch (colored dots) and adds it to the training data.
Model 1 is the updated model trained on the new training data. Black dots are previously labeled data, while blank dots are
remaining unlabeled data.

informative and diverse approach 1 that employs margin-based uncertainty sampling [34] as an informative
measure while preserving the same data distribution over clusters. This is done using a cluster-based sampling
scheme that tries to select the most representative data points according to a data distribution constraint imposed
using a clustering algorithm. More formally, assuming we are dealing with a classification problem of two classes
c 1 and c 2 , let the posterior probability of each class be denoted by P(c 1 |x) and P(c 2 |x). The first sampling function
computes the margin of data points from the pool of unlabeled training data and sorts them in increasing order.
Note that, in the case of multiclass classification which is common in complex activity recognition tasks (e.g.,
ADLs), the two most probable classes are used to compute the margin. The margin sampling function is as follows:
arдmin(P(c 1 |x) − P(c 2 |x))
x

(1)

Simply selecting the top samples with the least margin can lead to redundancy in the selected batch thus
minimizing the diversity in the samples selected. In order to improve diversity and reduce redundancy, a diversity
criterion is imposed using a clustering method. A batch is created by sorting unlabeled data samples by increasing
the margin and then growing the batch greedily. A sample is added to the batch if the resulting batch maintains
the same distribution over clusters as the entire training data. In our evaluation, we assume that the number
of activities is known beforehand, which is usually the case with predefined classification problems. Thus, we
set the number of clusters according to the number of classes. However, it is important to note that the cluster
labels do not necessarily match the externally-supplied class labels. Thus, imposing this clustering constraint
does not necessarily ensure that at least one sample from each class is queried, but it ensures that the queried
batch does not include redundant samples belonging to one cluster [17]. Algorithm 1 shows the pseudo code of
the pool-based active learning algorithm.

4.2

Stream-based Active Learning

The stream-based AL approach we employed follows a pipeline that is similar to the one implemented in [27] but
without any activity segmentation. As depicted in Figure 1b, to simulate a continuous stream of data, we first
apply a sliding window approach and extract features for each frame. After the feature extraction step, the model
1 https://github.com/google/active-learning

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 3, Article 70. Publication date: September 2019.

70:6

•

Adaimi and Thomaz

ALGORITHM 1: Pool-based Active Learning Algorithm
Input: Unlabeled data (X ), model (model) trained on labeled subset of data, batch size (N ), and number of
activities (n_clusters).
Output: A batch of size N containing indices of selected samples.
model_cluster = KMeans clusterinд model usinд n_clusters;
cluster _prob = number o f samples per cluster divided by total number o f samples;
predict_prob = predicted class probabilities o f X usinд model;
if classes < 2 then
min_marдin = abs(predict_prob)
else
min_marдin = di f f erence between the two most probable classes;
end
rank_ind = arдmin(min_marдin);
new_batch = [];
for each index i in rank_ind do
if length of new batch == N then
break;
end
labeli = label extracted from model_cluster at index i;
# o f data points queried with labeli
< cluster _prob[labeli ] then
if
N
append index i to new_batch;
end
end
(initially trained on a small batch of labeled data) classifies frames generating a predicted class probability ppr ed
for each activity class. Thus, for a multiclass problem, the highest class probability is considered as a measure of
classification confidence, following Equation 2. Implementing the Logistic Margin Sampling as in [27], we use the
classification confidence generated for a frame and compute the probability of requesting a label for that frame
(Equation 3).
pconf = max(ppr ed )

(2)

pr eq = exp(−γ · pconf )
(3)
Algorithm 2 illustrates the active learning algorithm used [27]. The tunable hyperparameter γ controls the
querying behavior thus affecting the number of annotation requests. We examine the change in the performance
of the stream-based AL approach when varying γ in our experiments. Similar to [27, 35], we implement a
randomized method for requesting a label. In order to generate a decision for requesting an annotation, we
generate a random threshold from a uniform distribution between [0,1]. The frame label is requested when pr eq
exceeds the threshold.

5

DATASETS

To reiterate, our aim is to study whether AL can reduce the amount of labeled data needed in HAR if compared
to supervised learning methods. To that end, we evaluate the pool-based and stream-based frameworks on 4
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ALGORITHM 2: Stream-based Active Learning Algorithm
Input: Hyperparameter (γ ) used in computing the asking probability, model for classification (model), and
the features of j t h frame (f j ) in the stream of data
Output: boolean decision (hr eq ) to request a label for frame f j
ppr ed = model .predict(f j )
pconf = max(ppr ed )
pr eq = exp(−γ · pconf )
threshold = uni f orm([0, 1]) # sampling a random threshold
hr eq = threshold < pr eq

Table 1. Summary of Datasets
Dataset
Opportunity Dataset [10]
ExtraSensory Dataset [47]
Fluid Intake Dataset [12]
PAMAP2 Dataset [31]

Activity
Locomotion and gestures
Behavioral activities
Fluid intake
Physical activities

Model
k-Nearest Neighbor (k=3)
Logistic Regression w/ balanced class weights
Random Forest Classifier (n=185)
Random Forest Classifier (n=100)

Evaluation Metric
weighted F-measure
balanced accuracy
precision, recall, and F-measure
precision, recall, and F-measure

commonly used activity recognition datasets that characterize different types of behaviors: locomotion and
gestures (Opportunity [10]), behavioral context recognition (ExtraSensory [47]), fluid intake detection (Fluid
Intake [12]), and physical activities (PAMAP2 [31]). For every dataset, we followed the frameworks in Figure 1
with each stage specific to every dataset. The active batch sampling and the active learning annotation heuristic
processes detailed in Section 4 are common for every dataset. Table 1 summarizes the key elements of every
dataset. We were successful in replicating the original evaluation pipeline for all datasets except for PAMAP2,
explained in more detail in the following subsections. As for the evaluation metrics, we used the same approach
employed in the original evaluation of every dataset. In order to evaluate the performance of each AL technique,
we compared a fully supervised approach using the whole training datasets against the AL approaches.

5.1

Opportunity Dataset

The Opportunity dataset [10] is a public state-of-the-art HAR dataset. It comprises the readings of motion sensors
recorded while 4 subjects executed typical daily activities. From the Opportunity challenge, we followed the
baseline approach and replicated two tasks of the activity recognition problem: (1) classifying the 4 modes of
locomotion using the body-worn sensors, and (2) recognizing the 17 different right-arm gestures. We replicated
the evaluation setup using the same sliding window for feature extraction process, k-Nearest Neighbours (3-NN)
model, evaluation metric, and train/test split used for the baseline performance.

5.2

Fluid Intake Dataset

The fluid intake dataset is a dataset compiled in a laboratory study with 30 participants for fluid intake detection
[12]. It includes a variety of realistic everyday activities and gestures captured using accelerometer data from
inertial sensors in wearable wristbands. Following the processing pipeline in [12], we replicated the fully
supervised Leave-One-Participant-Out (LOPO) evaluation on the lab data where a random forest classifier with
185 trees was used for classifying fluid intake instances.
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PAMAP2 Dataset

The PAMAP2 Physical Activity Monitoring dataset contains 18 different physical activities captured using 3
inertial measurement units and a heart rate monitor from 9 subjects. Our implementation modeled 12 activity
classes as defined in [31]. A replication package for this dataset was not provided. In our attempt to replicate the
original implementation, we were unable to accurately compute the features used and reach the same performance
using a k-NN model. Thus, we implemented our own evaluation by extracting a subset of some of the features
extracted in the original work and modeled the data using a random forest. Data from 3 IMUs (placed on the chest,
dominant arm, and dominant ankle) and from a heart rate monitor were used. The data was segmented using
a sliding window with 5.12 seconds window size and 1 second overlap, similar to the original implementation.
From the segmented 3D-acceleration data collected from the IMU placed on the arm, features in both time and
frequency domain were calculated. The extracted features included: mean, median, standard deviation, peak
acceleration, energy, absolute integral, correlation between each pair of axes, power ratio of the frequency bands
0-2.75 Hz and 0-5 Hz to the total power, peak frequency of the power spectral density, and spectral entropy of
the normalized power spectral density. These features were extracted for each axis separately, and for the 3
axes together. Moreover, the features mean, standard deviation, absolute integral, and energy were calculated
on each axis of the weighted pairwise combination of the 3 IMUs (ankle + chest, ankle + arm, chest + arm) as
well as a weighted sum of all three IMUs. From the heart rate data, we computed the mean of the data and its
gradient. Therefore, a total of 85 features were extracted from each data segment. Using k-NN as in the original
implementation resulted in very low performance. Therefore, we explored random forest since it has been known
to perform well on activity recognition datasets. Thus, by tuning the number of trees, we were able to achieve
better performance. We evaluated the model using the LOPO approach, and computed results using common
metrics such as precision, recall, and F-measure.

5.4

ExtraSensory Dataset

The ExtraSensory dataset is a public dataset for behavioral context recognition in-the-wild from mobile sensors
[46]. Containing data from 60 users, the dataset consists of measurements from five sensors in a smartphone:
accelerometer (Acc), gyroscope (Gyro), location (Loc), audio (Aud), and phone-state sensors (PS), as well as
accelerometer measurements from a smartwatch. The authors evaluated the dataset by classifying 25 labels from
different context domains. In our attempt to replicate their evaluation, our AL framework encountered missing
classes in the initial labeled data for 3 of the classes (i.e., On a bus, Shopping, Drinking (alcohol)). We excluded
these classes from the analysis and performed our tests with 22 activities in total. The authors addressed different
approaches to fuse information from different sensor modalities; we replicated two of these approaches: (1) the
single-sensor classifiers approach where, for a given context label, classification is done based on each sensor
independently, and (2) the early fusion approach where features from multiple sensors are concatenated before
classification (EF). As in the original implementation, we used logistic regression with balanced class weights and
evaluated using balanced accuracy by splitting the 60-users data into 48 users for the train set and 12 users for
the test set.

6

EXPERIMENTS AND RESULTS

For each dataset, we evaluated the fully supervised (on all available training data) and the AL approaches
(both pool-based and stream-based using a subset of the training data). The aim was to study whether the AL
methods yielded improved or comparable performance to a fully supervised model. In the following experiments,
the initial batch size and the pool-based queried batch size were empirically set to 2%. We show the effect
of tuning these hyperparameters on performance in Section 6.1.6. Source code for the analysis is available at
https://github.com/radaimi/leveraging-AL-and-CMI-in-HAR.git.
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(b)

Fig. 3. Learning Curves of average F-measure of Pool-based Active Learning on Opportunity Dataset for (a) Locomotion and
(b) Gesture Recognition. Including and not including the Null class in the F-measure, the AL reaches comparable performance
to the fully supervised using considerably less training data.

6.1

Pool-based Active Learning

6.1.1 Results for Opportunity Dataset. We trained user-specific classifiers for modes of locomotion and gesture
recognition, as explained in Section 5, and measured the weighted F-measure—either including or not including
the Null class. Figure 3 shows the learning curves of the F-measure averaged over the LOPO evaluation of every
subject. Applying pool-based AL, we observe a gradual increase in performance for both locomotion and gesture
recognition tasks as data samples are queried and added to the training data. Looking at Figure 3, we observed
that comparable performance to the fully supervised approach was reached using only ∼10-20% of the data
for locomotion recognition for both cases—including and not including Null class. As for gesture recognition,
performance had a slower increase with added training data. Given the large number of Null class samples, not
considering the Null class in the F-measure, we observed a slower increase in the learning curve, thus requiring
∼40-50% of the training data to reach comparable performance as the fully supervised. However, including the
Null class leads to a significant increase in F-measure and also shows that slightly less data is needed (∼20-30%)
to reach comparable performance.
6.1.2 Results for Fluid Intake Dataset. Implementing a fully supervised approach for baseline comparison, we
obtained an average precision of 90.21%, average recall of 90.91%, and average F-measure of 90.18% with LOPO
cross-validation. Figure 4a shows the average F-measure over all 30 participants when applying the pool-based AL
approach for batch sampling. Comparing to the fully supervised baseline performance, we observed that we are
able to reach comparable and even slightly better performance (90.35% F-measure) using only 8% of the training
data. One important observation is that, when employing pool-based AL, we not only achieved comparable
performance to the fully supervised approach but also, in some cases, higher performance. We hypothesized this
occurred due to the effectiveness of the AL framework in choosing samples that more optimally discriminate
the target classes; we plan to study this finding more deeply in future work. To better visualize the described
behavior for the different LOPO evaluations, Figure 4b shows the F-measure of the fully supervised learning for
every participant as well as the comparable F-measure reached using the least amount of training data and the
maximum F-measure reached during the pool-based AL process. The x-axis included the percentage of training
data used for each case for every participant. For legibility, we visualized the results for a subset of 20 participants.
6.1.3 Results for PAMAP2 Dataset. With PAMAP2, the fully supervised performance resulted in an average
F-measure of 86%, average precision of 88.2%, and average recall of 86%. Similar to the fluid intake dataset, we
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(a)

(b)

Fig. 4. Results of Fully Supervised and Pool-based Active Learning Approaches on Fluid Intake Dataset. (a) Learning Curve of
pool-based AL (black dotted line is the fully supervised F-measure) and (b) Bar plot of F-measure per participant of pool-based
and fully supervised baseline approaches. The x-axis labels include in parenthesis the percentage of the training data used to
achieve the corresponding comparable performance to the fully supervised and the best performance.

(a)

(b)

Fig. 5. Results of Fully Supervised and Pool-based Active Learning Approaches on PAMAP2 Dataset. (a) Learning Curve of
pool-based AL (black dotted line is the fully supervised F-measure) and (b) Bar plot of F-measure per participant of pool-based
and fully supervised baseline approaches. The x-axis labels include in parenthesis the percentage of the training data used to
achieve the corresponding comparable performance to the fully supervised and the best performance.

employ a LOPO evaluation and visualize the average F-measure performance as more training data is sampled
using the pool-based AL approach. This generated the learning curve depicted in Figure 5a. We observed that,
using only 8% of the training data which is around 300-400 data samples, the model was able to achieve comparable
performance to the fully supervised approach with 84.6% F-measure. Training with 12% of the data resulted in
slightly better performance than the fully supervised (89.4% precision, 87% recall, and 87.2% F-measure). Applying
similar analysis as in the fluid intake case, we observed the performance results of the LOPO evaluation 5b. For
almost all subjects, a slightly higher performance than the fully supervised can be achieved using less training
data.
6.1.4 Results for ExtraSensory Dataset. As discussed in Section 5, we implemented two approaches: (1) singlesensor classifiers for each of the 5 sensors—Accelerometer (Acc), Gyroscope (Gyro), Watch Accelerometer (WAcc),
Location (Loc), and Audio (Aud), as well as Phone State (PS), and (2) the early fusion (EF) approach where
features of different sensors were concatenated. We model each of the 22 context labels separately using a logistic
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(b)

Fig. 6. Results of Fully Supervised and Pool-based Active Learning Approaches on ExtraSensory Dataset. (a) Learning Curve
of pool-based AL (black dotted line is the fully supervised F-measure) and (b) Bar plot of balanced accuracy per classifier of
pool-based and fully supervised baseline approaches. The x-axis labels include in parenthesis the percentage of the training
data used to achieve the corresponding comparable performance to the fully supervised and the best performance.

regression and evaluate over the test set. For each of the single-sensor and early fusion approaches, we first
implemented a fully supervised approach by training on the whole training set to get a performance baseline.
Figure 6a shows the learning curve of the average balanced accuracy measure over all 22 context labels for every
sensor classifier and the EF classifier when applying the pool-based AL. The bar plot in Figure 6b provides the
exact amount of training data required to reach the fully supervised performance (comparable performance) or
even surpass it (best performance). Despite the fact that the percentage training data recorded is in some cases
large, looking at Figure 6a, we can observe that the performance was already approximately equal to the fully
supervised (blue bars in Figure 6b) with a difference not more than ∼0.02 in balanced accuracy when training on
∼10-20%.
6.1.5 Impact of Data Collection Strategy on Performance. As the previous sections showed, utilizing AL for model
training led to different results for each dataset. These performance differences likely occurred due to the specific
characteristics of each dataset. Both PAMAP2 and Fluid Intake datasets were collected in a controlled environment
with participants following a specific script of activities. As for the Opportunity dataset, data collection occurred
in a room simulating a studio flat in which participants asked to follow a high-level script of activities while still
allowing them some freedom in performing the activities. Therefore, the Opportunity dataset is more diverse if
compared to the datasets collected in a more controlled setting, i.e., Fluid Intake and PAMAP2.
The ExtraSensory dataset, which is almost 10× as big as the other datasets, was collected in-the-wild with
users engaging in regular natural behavior. With only 2% of the data, the pool-based AL method matched the
performance of the fully supervised approach. We attribute this finding to the distribution of the dataset; the
initial batch of 2% was likely large and diverse enough to produce effective predictive models. This observation
can also be confirmed with the stream-based AL results in Section 6.2.5. Starting with 2% initial batch, the
stream-based AL framework ended up querying not more than 2% with some context activities and sensors
resulting in comparable and even higher performance than the fully supervised (refer to Table 2b).
These observations suggest that AL can be effective in minimizing the amount of labeled data when it originates
from controlled or field studies. However, for in-the-wild experiments, our findings indicate that the dataset
should be at least as large as ExtraSensory so that the pool-based AL method matches the performance of the
fully supervised approach. Since it might not be always possible to collect extensive amounts of data in free
living conditions, an alternative data collection strategy is to capture data in semi-controlled experiments, which
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(a)

(b)

Fig. 7. Learning Curves of (a) Fluid Intake and (b) PAMAP2 datasets for varying size of the initial labeled batch. For both
datasets, using 2% initial labeled batch leads to a faster increase in learning curve.

combine elements of laboratory and field studies [7, 11]. A hybrid study design, similar to one that produced
Opportunity, can yield data that is conducive to AL: more deterministic but also diverse and representative of
behaviors expressed in real-world settings.
6.1.6 Hyperparameter Tuning. In order to implement the pool-based AL, two hyperparameters needed to be
defined: (1) initial labeled batch size and (2) sampled batch size. As was shown in Figure 2, we started by forming
the initial labeled batch by picking the first samples in the dataset to train an initial model. The size of this labeled
pool of data was determined by setting the corresponding hyperparameter. We observed the effect of varying this
parameter on the performance curve of the pool-based active learning method compared to the fully supervised
approach. Note that while varying the initial labeled batch size, we empirically fixed the sampled batch size to 2%.
Figure 7 depicts the average F-measure results of the LOPO evaluation for PAMAP2 and fluid intake datasets.
Similar behavior was observed for the remaining datasets. It was observed that, using an initial labeled batch of
2% for both Fluid Intake and PAMAP2 datasets, the fully supervised performance was reached with less training
data, as opposed to using a larger initial batch. Training the initial learner on a very small set of labeled data
resulted in low performance. Intuitively, training on more data improves the model’s performance. However,
sampling more training data using the AL approach ensures that the most informative data points are being
added which should lead to a faster improvement in performance as opposed to random sampling or simply
taking the first samples in the data. However, it is worth noting that it could be the case that the initial batch
already contains informative data. This behavior is observed in both Fluid Intake and PAMAP2 datasets. For
PAMAP2, starting with 2% initial labeled batch and then sampling using pool-based AL with 2% batch, the fully
supervised performance of 86% was achieved using only 8% of the data. On the other hand, if the initial learner
was trained on 8% initial batch, the performance was only 32%. Similarly for the Fluid Intake dataset, starting
with 2% initial batch, the fully supervised performance of 90% was achieved using only 6% of the data, whereas
the initial learner trained on 6% resulted in a slightly lower performance of 85%.
As previously mentioned, another hyperparameter is the size of the batch queried by the AL framework. Fixing
the initial starting labeled batch at 2%, we vary the size of the batch sampled by the pool-based AL approach
and observe the performance curve for every dataset. Figure 8 shows the effect of varying the batch size on the
performance curve of the Fluid Intake and PAMAP2 datasets. We can observe that using batch sizes 0.5%, 1%, and
2% result in faster convergence to the fully supervised performance compared to larger batch sizes. However,
using a very small batch size (0.5% and 1%) leads to slight fluctuations in the performance as opposed to using 2%
which resulted in a smoother curve. Moreover, using a smaller batch size increases the number of AL iterations
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Fig. 8. Learning Curves of (a) Fluid Intake and (b) PAMAP2 datasets for varying size of the sampled batch in pool-based AL.
For both datasets, sampling a batch of size 2% leads to a faster and more stable increase in learning curve.

needed to reach comparable performance. Recall that our pool-based AL approach samples data based on the
uncertainty of the model in its predictions. Thus, while the algorithm tries to select a batch of samples with the
highest uncertainty measure, the number of uncertain data samples could be less than the defined batch size,
therefore leading the algorithm to select remaining uninformative samples to fill the batch. This would explain
the slower increase in performance when using a large batch size.

6.2

Stream-based Active Learning

6.2.1 Querying Probability. The stream-based method is simulated by inputting every data sample as it is received
to the annotation decision method that decides whether to query the sample for annotation or not. As each new
data sample is annotated, we evaluated the performance of the model against the test set for the corresponding
subject. As described in Section 4.2, the active learning annotation heuristic computes a probability pr eq for which
an annotation request is issued. The probability of querying a sample is computed as a function of a tunable
parameter γ . γ controls the querying behavior as follows: for fixed confidence probability pconf , when γ increases,
the request probability decreases, thus resulting in fewer queries. Setting a fixed γ , if the model’s confidence
probability is high, with high γ , the samples in question are more likely to be ignored, and so queries will be
more directed towards samples with low confidence. Thus, when running our experiments, there was always
this tradeoff of setting γ large enough to reject, with high probability, samples that are relatively confidently
classified, and small enough to not query samples extremely frequently thus allowing simulations to complete in
reasonable time. In the following sections, we observe results of varying γ on some datasets.
6.2.2 Results for Opportunity Dataset. In this experiment, we explored the effect of varying γ on the amount
of samples queried and the performance reached. Using γ = 6, we observed a gradual increase in performance
for locomotion recognition as data samples are queried. The process ended up sampling ∼3% of the data with
performance lower than the fully supervised performance (around an average difference of 12% in F-measure
for both including and not including Null Class between AL performance and fully supervised performance).
On the other hand, there was very little increase in performance for gesture recognition with a significant gap
in performance when not including the Null class. In order to observe whether comparable performance can
be reached with more queried samples, we reduced the hyperparameter γ to 4. For locomotion recognition,
the learning curve of F-measure performance as data samples were added gradually increased for each subject,
showing an improvement in model performance (Figure 9). An interesting result observed in the learning curves
for locomotion recognition was a significant increase in performance when one specific data sample was queried.
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Fig. 9. Learning Curves of Stream-based AL (γ = 4) on Opportunity Dataset for (a) Locomotion and (b) Gesture Recognition.
Around 5% of training data was sampled with locomotion performance using AL almost reaching the fully supervised
performance. Gesture recognition had a slower learning curve due to class imbalance, in particular the inclusion of the Null
class.

The fully supervised performance value, where the model was trained using all training data, acted as an upper
performance baseline. The system ended up querying ∼5-6% of the data. Compared to the initial experiment
using γ = 6, the performance reached was higher but still was not able to reach the fully supervised. The average
difference between the AL and fully supervised performance was ∼7% in F-measure for both including and not
including the Null class. On the other hand, there was a slower increase in the model performance for gesture
recognition, indicating that the data samples considered informative by the annotation heuristic method did not
cause a significant improvement in the model learning process. Including the Null Class, the AL learning curve
showed slight improvements in F-measure as samples were queried, eventually reaching a performance gap of
around 5-6% between AL and fully supervised. However, when not including the Null class, the learning curve
showed slow but visible improvements in performance which indicated that, due to class imbalance, actively
querying samples was improving the model’s classification of the gesture classes. Further reducing γ should
result in more queried data samples and the possibility of reaching the fully supervised performance but at a
high computational cost due to the need to retrain the k-NN model whenever a sample is queried.
6.2.3 Results for Fluid Intake Dataset. We simulated a data stream by inputting the training data of 29 participants
as one data stream, and applied the annotation heuristic on each incoming sample. When a data sample was
added for labelling, we evaluated the model against the test data corresponding to the remaining participant.
This process was repeated for every participant. We varied γ , observed the total percentage of data queried at the
end of the AL process, and evaluated on the test data. Figure 10a compares the fully supervised F-measure to
the reached performance when applying AL with varying γ . The data labels above each bar corresponds to the
percentage of training data queried. For visualization purposes, only 9 randomly selected participants from all 30
participants were plotted. We can clearly see the effect of γ on the percentage of data queried and the F-measure
performance. For some participants, performance using γ = 2 was comparable to and even higher than the fully
supervised (e.g., participants 1, 5, and 9) using only ∼15-16%. For participants 1 and 6, using γ = 4 resulted in
higher performance than fully supervised using only ∼4%. One interesting observation is that performance does
not always exhibit a monotonic increase as samples are queried. Thus, even though the AL framework ends up
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Fig. 10. Bar plot showing the end performance reached per participant using stream-based AL on (a) Fluid Intake and (b)
PAMAP2 datasets for different γ values. Data labels on each bar shows the final percentage of training data that resulted in
the plotted performance. Note that Fluid intake dataset included 30 participants, but for visualization purposes, we plotted
performance of 9 random participants.

querying a certain number of data points, this does not mean the best performance was reached at the end. In
some cases, higher performance was achieved using less data.
6.2.4 Results for PAMAP2 Dataset. Applying a similar approach as the Fluid Intake dataset, we evaluated the
model against each subject data while training on the remaining subjects as training samples were annotated
based on the annotation heuristic. For most participants, using γ = 2 resulted in comparable and even higher
performance than the fully supervised using only ∼23% of the training data. Even increasing γ to 4 still resulted
in comparable performance indicating that less data (∼11%) can still achieve good performance. As we kept
increasing γ , performance for most participants dropped either slightly or significantly, with some participants
still achieving the fully supervised performance using only ∼4-5% of the data (e.g., participants 2,4, and 7).
6.2.5 Results for ExtraSensory Dataset. For this dataset, stream-based AL was implemented for each classifier
corresponding to a specific sensor and a context label. Thus, for each sensor-label pair, a certain number of
training samples were queried, which led to different results for each case. In order to observe the performance
of the stream-based approach, we had to observe the results for each context label and each sensor system
(single-sensors and EF). To that end, we evaluated the performance for 22 labels separately for each of the
single-sensor classifiers and the EF classifier in the fully supervised case (Table 2a) and the stream-based case
(Table 2b). For all labels and sensors, γ was set to 6 as a reasonable tradeoff between being able to conduct the
experiment and the high computational cost incurred due to the size of the dataset. This resulted in sampling
around 2-5% of the training data for each case. For some context labels and classifiers, comparable and even
better performance was achieved using < 5% of the training data. In some cases, performance fluctuated as data
samples were added, indicating that queried data samples do not always improve the model performance. The
tabulated results represent the last model performance reached after all queried samples were added.
6.2.6 Computational Cost of Stream-based AL. An important criteria for stream-based selection is that the
decision to request and receive a label be made in real-time as data unfolds sequentially as a stream. In this paper,
we conducted simulations of online AL to demonstrate the capabilities of the stream-based AL approach. At
every iteration, the algorithm should be capable of deciding to request a label, receive a label, update the model,
and evaluate the model on a holdout test set in real-time. Thus, there are multiple factors to consider that can
affect the runtime. The logistic margin sampling is fast: it simply consists of computing the querying probability
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Table 2. Results on ExtraSensory Dataset
Labels
Lying Down
Sitting
Walking
Running
Bicycling
Sleeping
Lab work
In class
In a meeting
At main workplace
Indoors
Outside
In a car
Drive (I’m the driver)
Drive (I’m a passenger)
At Home
At a Restaurant
Phone in pocket
Exercise
Cooking
Strolling
Bathing-Shower

Acc
73.15 %
64.34 %
77.12 %
73.54 %
81.54 %
74.22 %
64.75 %
60.92 %
62.38 %
61.29 %
79.69 %
78.99 %
85.65 %
86.20 %
70.74 %
64.15 %
64.13 %
68.72 %
61.33 %
54.36 %
52.87 %
55.00 %

Gyro
68.54 %
61.40 %
79.68 %
77.22 %
79.77 %
70.37 %
70.09 %
52.87 %
60.05 %
52.99 %
78.29 %
77.96 %
62.18 %
61.79 %
68.66 %
57.44 %
63.32 %
66.04 %
53.02 %
66.71 %
66.03 %
55.53 %

WAcc
66 .50 %
62.55 %
70.46 %
74.45 %
61.39 %
66.88 %
64.65 %
60.18 %
54.54 %
51.49 %
71.88 %
69.38 %
71.90 %
77.85 %
64.83 %
57.62 %
66.02 %
64.21 %
55.88 %
70.34 %
70.62 %
73.12 %

Loc
64.71 %
61.19 %
57.25 %
70.65 %
77.73 %
60.59 %
81.36 %
70.93 %
70.82 %
75.89 %
57.72 %
58.84 %
86.11 %
88.33 %
73.70 %
69.61 %
52.69 %
63.75 %
64.74 %
50.97 %
62.31 %
51.06 %

Aud
76.29 %
63.66 %
65.84 %
68.31 %
75.11 %
76.65 %
67.14 %
74.37 %
81.52 %
63.52 %
66.28 %
65.39 %
79.64 %
78.23 %
70.28 %
72.68 %
76.99 %
70.19 %
60.49 %
63.66 %
57.15 %
63.75 %

PS
84.74 %
71.44 %
68.97 %
54.88 %
78.34 %
86.21 %
79.15 %
75.96 %
68.44 %
80.63 %
75.05 %
74.65 %
87.01 %
84.87 %
73.25 %
71.60 %
74.80 %
77.13 %
66.42 %
63.60 %
68.73 %
53.14 %

EF
88.68 %
77.88 %
80.12 %
69.13 %
81.97 %
89.08 %
83.84 %
83.80 %
80.23 %
80.55 %
84.23 %
83.49 %
88.05 %
90.26 %
73.60 %
77.79 %
81.49 %
79.52%
78.80 %
63.20 %
65.85 %
72.97 %

(a) Balanced Accuracy per label of Fully Supervised Approach on ExtraSensory Dataset
Labels (Total # Samples)
Lying Down (250906)
Sitting (251590)
Walking (251590)
Running (119463)
Bicycling (118795)
Sleeping (232327)
Lab work (37940)
In class (76957)
In a meeting (196373)
At main workplace (168805)
Indoors (160830)
Outside (121673)
In a car (140315)
Drive (I’m the driver) (143121)
Drive (I’m a passenger) (108144)
At Home (290275)
At a Restaurant (131761)
Phone in pocket (121489)
Exercise (204176)
Cooking (174621)
Strolling (43888)
Bathing-Shower (159634)

Acc
73.35 % (3.6%)
65.38 % (4.8%)
74.08 % (3.2%)
41.01 % (2.5%)
71.75 % (2.5%)
73.76 % (3.3%)
60.23 % (2.2%)
56.58 % (2.8%)
65.93 % (2.9%)
60.50 % (3.8%)
74.14 % (2.7%)
75.11 % (2.1%)
78.89 % (2.7%)
86.40 % (2.7%)
69.08 % (2.6%)
65.92 % (3.0%)
59.03 % (2.4%)
68.06 % (2.8%)
60.09 % (3.1%)
54.35 % (2.3%)
64.42 % (2.9%)
51.65 % (2.9%)

Gyro
68.43 % (3.8%)
59.93 % (5.2%)
78.72 % (4.0%)
62.40 % (2.2%)
72.53 % (4.0%)
70.81 % (3.5%)
55.52 % (4.1%)
52.53 % (2.4%)
56.05 % (3.5%)
48.35 % (3.5%)
77.54 % (2.4%)
76.08 % (3.1%)
60.13 % (3.5%)
60.57 % (4.0%)
64.83 % (4.0%)
58.92 % (2.4%)
62.82 % (3.8%)
60.46 % (3.0%)
61.21 % (2.5%)
62.90 % (3.7%)
54.24 % (2.7%)
52.85 % (4.2%)

WAcc
69.62 % (4.1%)
63.06 % (4.0%)
68.76 % (3.6%)
50.37 % (2.3%)
55.44 % (3.5%)
66.50 % (2.6%)
62.81 % (3.4%)
59.96 % (2.7%)
53.98 % (2.9%)
52.21 % (3.7%)
66.82 % (2.7%)
67.01 % (2.9%)
67.36 % (2.3%)
77.06 % (2.9%)
53.23 % (2.8%)
58.51 % (4.0%)
53.36 % (2.7%)
65.58 % (2.9%)
53.07 % (4.0%)
54.43 % (3.2%)
63.37 % (4.3%)
66.62 % (3.5%)

Loc
60.26 % (2.8%)
60.91 % (3.7%)
56.60 % (4.3%)
61.59 % (2.6%)
75.26 % (3.4%)
58.25 % (3.0%)
78.59 % (2.8%)
62.27 % (4.0%)
75.44 % (2.6%)
76.43 % (2.6%)
67.26 % (3.4%)
64.43 % (3.3%)
83.22 % (3.4%)
87.09 % (3.2%)
66.82 % (3.2%)
65.88 % (2.8%)
53.15 % (2.8%)
60.19 % (3.8%)
66.99 % (3.7%)
45.36 % (4.1%)
63.54 % (4.1%)
50.03 % (2.5%)

Aud
70.68 % (2.8%)
61.82 % (3.3%)
53.37 % (3.3%)
48.82 % (2.4%)
68.46 % (2.7%)
71.72 % (2.7%)
52.64 % (2.6%)
72.93 % (2.7%)
78.68 % (2.6%)
58.95 % (3.1%)
59.48 % (2.6%)
59.00 % (2.8%)
76.54 % (2.7%)
74.39 % (2.8%)
59.55 % (2.6%)
68.37 % (3.0%)
66.36 % (2.6%)
60.49 % (2.8%)
61.02 % (3.0%)
45.81 % (2.7%)
51.52 % (2.9%)
50.04 % (2.5%)

PS
82.54 % (2.6%)
71.79 % (3.4%)
64.71 % (3.1%)
70.14 % (2.5%)
61.85 % (2.7%)
86.16 % (2.7%)
77.09 % (2.6%)
71.94 % (2.7%)
57.32 % (2.4%)
77.95 % (2.7%)
72.33 % (2.7%)
70.37 % (2.7%)
84.12 % (2.7%)
80.43 % (2.7%)
79.82 % (2.4%)
70.59 % (3.1%)
64.95 % (2.7%)
68.78 % (2.8%)
71.37 % (2.8%)
51.80 % (2.4%)
49.99 % (2.6%)
49.21 % (2.3%)

EF
86.47 % (2.5%)
72.70 % (2.9%)
72.12 % (2.7%)
72.72 % (2.4%)
64.07 % (2.4%)
85.69 % (2.5%)
77.11 % (2.5%)
73.22 % (2.4%)
57.80 % (2.3%)
78.64 % (2.5%)
71.47 % (2.5%)
64.29 % (2.5%)
81.96 % (2.4%)
83.85 % (2.5%)
61.71 % (2.5%)
73.96 % (2.7%)
60.50 % (2.4%)
72.99 % (2.5%)
56.65 % (2.4%)
52.93 % (2.4%)
49.24 % (2.4%)
49.47 % (2.3%)

(b) Balanced Accuracy per label of Stream-based Active Learning on ExtraSensory Dataset (% of training data in parenthesis).
Values in bold are values comparable or higher than the fully supervised values in 2a.

and deciding whether to request a label or not. After that, the runtime will depend on the type of model and
model parameters. Runtimes of implementations running on an Intel Xeon CPU @ 2.10GHz for every dataset are
given in Table 3. For PAMAP2, Fluid Intake, and ExtraSensory datasets, the average time of one iteration was
fast since retraining a random forest and a logistic regression model is not computationally expensive. On the
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Table 3. Average Time in seconds for one iteration of stream-based AL for every dataset.

Dataset
PAMAP2
Fluid Intake
ExtraSensory
Opportunity

Model
Random Forest (100 trees)
Random Forest (185 trees)
Logistic Regression
k-Nearest Neighbor (k=3)

Runtime (seconds)
0.22
0.58
0.11
53.04

other hand, for the Opportunity dataset, a k-NN model with k=3 was used which requires computing distances
between every data point. Thus, retraining the model at every iteration increased the runtime complexity. We
should note that in our simulations, we did not optimize our code for fast real-time operation. Moreover, the
code used was from the replication package and was not optimized for computational efficiency.

7

CONDITIONAL MUTUAL INFORMATION

Our analysis has provided empirical evidence that AL can help reduce the amount of labeled data needed to train
HAR models. However, an important problem that arises in practice is determining when to stop the AL process
when starting with a fully unlabeled dataset. With pool-based AL, we observed varying rates of performance
increase as data samples were queried. In some cases, models leveraging AL and built with less than 10% of the
total amount of data showed comparable or better performance than a supervised model trained with 100% of
the data. One way to further understand and measure this behavior is to compute the amount of information
gained from querying additional samples with Conditional Mutual Information (CMI) at every iteration of the
pool-based AL framework [18]. More specifically, we measured the amount of information gained about the
n+m denote the
predicted labels on the remaining unlabeled data when a certain batch is queried. Let X = {x i }i=1
n+m be the corresponding class labels where y ∈ {1, ..., c} with c denoting the
set of input features, Y = {yi }i=1
i
number of classes, L = {(x 1 , y1 ), ..., (x n , yn )} denotes the set of labeled instances with |L| = n, and U denotes the
index set corresponding to the unlabeled data {x 1 , ..., xm } with |U | = m.
We define CMI as follows:
CMI = H (YU |XU , L) − H (YU |XU , L, (x i, ...,k , yi, ...,k ))

(4)

where
H (YU |XU , L) =

Õ

H (Yi |x i , L)

i ∈U

H (Yi |x i , L) = −

Õ

P(yi |x i , L) log P(yi |x i , L)

(5)

yi

H (Yi |x i , L) represents the conditional entropy of the unknown label Yi with respect to the instance x i given
the labeled data L. H (YU |XU , L) is the sum of individual marginal entropies. Using a parametric probabilistic
conditional model, we get P(y|x, L) for the classification task when testing on the unlabeled data. This is used to
measure the CMI gained at every AL iteration. Since the performance curves for several datasets showed that
prediction performance stabilizes as more training data was added, we hypothesized this behavior is attributed to
the decrease of information gain. In other words, if we were to observe the CMI at every iteration, we should
observe a convergence of CMI to small values (close to zero) which would indicate little to no information added
with more data.
We measured CMI using the pool-based AL strategy for all the datasets in our analysis. For each dataset in
Figure 11, there are multiple plots corresponding to their respective LOPO evaluations. As batches of data are
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(a) PAMAP2

(b) Fluid Intake

(c) Opportunity - Locomotion

(d) Opportunity - Gesture

Fig. 11. Conditional mutual information (CMI) results for (a) PAMAP2, (b) Fluid Intake, and (c)-(d) Opportunity datasets. For
all, CMI stabilizes and converges to near-zero values indicating little to no information gain as is queried using pool-based AL.

queried and added for training, data entropy, defined using Equation 5, can increase or decrease based on whether
the queried batch reduces entropy or not. It is possible to observe that the CMI measure approaches zero as more
training data is added. This indicates that the queried batch does not add any new information to the model. In
other words, the model has already learned the best decision surface it can learn. This could be noted with the
Fluid Intake, PAMAP2, and Opportunity datasets as shown in Figure 11. We attribute this behavior to the fact
that the data was captured in more controlled, and thus less diverse settings. It is important to note, however,
that CMI convergence is not always observed; it highly depends on the data and how diverse the data is. This
CMI convergence was not observed for all activities in the ExtraSensory dataset, for example. Additionally, the
CMI measure cannot be applied to the stream-based approach as it requires computing the entropy of a pool of
unlabeled data.

7.1

Stopping Criteria

With any AL approach, the fundamental algorithmic principle involves repeatedly querying informative samples
for annotation until a predefined stopping criterion is met. Since the goal of AL is to reduce the labeling efforts
required to reach a good performance, a stopping criterion can be defined based on the model reaching its
maximum effectiveness [53]. Typically, an AL process can end when the labeled training data reaches a predefined
size. However, this does not always guarantee the best model with the best performance. Another possible
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stopping criterion is when the model achieves a targeted performance. But, this is not always achievable as
it depends on the problem setting. Examining the performance curve when testing the model on the test set,
a stopping criterion could be determined when performance stops improving. Since our pool-based approach
relies on the model’s uncertainty in the unlabeled data, an intuitive stopping criterion would be if no more
informative data samples are left to query. One way to measure this is by looking at the information gain in
the predicted labels of the remaining unlabeled data as samples are repeatedly queried by the AL algorithm,
formally defined as the conditional mutual information (Section 7). Thus, a reasonable stopping criterion can
be the point at which CMI falls and stabilizes between a predefined range. It is based on the assumption and
observation of the convergence and stabilization of the CMI curves after a certain number of queried data, as
shown in Figure 11. However, it is possible that CMI does not converge for some datasets, which would indicate
a high dataset entropy. Also, the CMI-based stopping criterion does not apply to the stream-based approach as it
requires computing the probability estimates of the model on the pool of unlabeled data.
We conducted experiments with the Fluid Intake, PAMAP2, and Opportunity datasets and devised the following
heuristic to determine when the AL algorithm should stop running:
(1) Define a fixed threshold θ and a stabilization wait time T (number of iterations) after CMI falls below the
threshold.
(2) Stop when CMI ∈ [−θ, θ ] and remains in the range for at least T iterations.
(3) Extract best performance reached for some % of training data.
The parameters θ and T are determined by the user. The value of constant θ represents a trade-off between the
number of annotations and the effectiveness of the resulting model. A larger θ would result in querying more
unlabeled samples for annotation which could improve performance. However, a smaller θ results in fewer queries
which could result in lower model performance. In order to observe this tradeoff, we varied θ ∈ {50, 100, 150, 200}
and computed ∆ = f AL − f F S where f F S denotes the performance of the fully supervised approach and f AL
denotes the maximum performance reached when using the pool-based AL and stopping the process using the
CMI-based stopping criterion. We set T = 5 iterations as the stabilization wait time. Implementing the LOPO
evaluation, we averaged the performance results and computed ∆.
Figure 12a shows the effect of varying θ on ∆. A negative ∆ value indicates that the AL approach resulted in
a lower performance than the fully supervised method, while a positive value indicates that the AL approach
outperformed the fully supervised method. Examining Figure 12a and Table 12b, we observed the tradeoff of
increasing or decreasing θ . With a smaller threshold, it takes longer for the stopping point to be reached. As
for performance, we observe a decrease in ∆ for the Opportunity dataset which indicates higher performance
compared to larger values of θ . However, for PAMAP2 and Fluid Intake datasets, there was little to no change in
performance. This is due to the rapid early increase in performance (around 8-12% of training data) when applying
the AL process. Thus, for this case, we were still able to achieve best performance using a small threshold, but we
could have stopped the AL sampling earlier which would have reduced the cost of annotation.
As already mentioned, the proposed CMI-based stopping criterion does not apply to the stream-based approach
since it requires a pool of unlabeled data for computing the entropy. Since for the pool-based scenario we deal
with a fixed pool of unlabeled samples, the decision surface which the model will try to learn is represented
by a fixed feature space. Thus, for this case, it is possible to track the change in the model’s confidence in its
predictions of the unlabeled samples since the model is repeatedly querying data from a fixed pool. However,
for the stream-based scenario, once a sample is not queried by the AL framework, it is discarded. One possible
way for deciding when to stop querying is when the model stops changing as queried samples are added. Model
change can be measured by the change in the model’s parameters after adding a sample to the training data.
Typically, model parameters are found by minimizing a loss function using gradient descent (e.g., stochastic
gradient descent). Thus, by using the gradient information to approximate the model change, we can possibly
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(a)
Fluid Intake
PAMAP2
Opportunity-Loco
Opportunity-Gest

θ = 50
Train size (%) Stop size (%)
17.1
34.3
22.4
64.7
39
51
43.5
46.5

θ = 100
Train size (%) Stop size (%)
13.9
26.7
21.3
52.2
31
35
37.5
37.5

θ = 150
Train Size (%) Stop size (%)
13.7
24.5
16.4
43.3
29
29.5
29.5
29.5

θ = 200
Train Size (%) Stop size (%)
13.3
23.6
16.4
34.4
22
24
28
28

(b)
Fig. 12. Results of CMI-based stopping criterion with varying thresholds: (a) bar plot of ∆ and (b) table showing percentage of
training data when process is stopped (stop size) and percentage of training data corresponding to the maximum performance
reached (train size). ∆ = f AL − f F S denotes the difference between the pool-based AL performance and the fully supervised
performance. θ is a threshold used to determine when to stop when CMI falls in the range [−θ, θ ].

propose a stopping criterion that stops the AL process once the model stops changing as data samples are added.
The key assumption underlying this approach is that the model is updated regularly in the initial iterations of the
AL algorithm. In later iterations, the rate of updates decreases and eventually the model converges, i.e., it is no
longer updated.

8

CONCLUSION

In this paper, we explored Active Learning (AL) as a way to achieve a highly accurate model while minimizing
the annotation effort and amount of labeled data needed. We studied pool-based and stream-based AL approaches
on four public datasets that are commonly used for human activity recognition (HAR) research, i.e., Opportunity
[10], PAMAP2 [31], Fluid Intake [12], and ExtraSensory [47]. In both approaches, we found that it was possible to
achieve a level of performance with models trained with AL that was comparable or even better than with models
trained with supervised learning approaches. More significantly, model training with AL required much less
annotated data, a very significant advantage since obtaining labeled data in HAR is often a difficult, costly and
time-consuming endeavor. As an example, models trained on both PAMAP2 and Fluid Intake datasets showed a
rapid increase in predictive performance as data samples were queried with AL, reaching and even surpassing
fully supervised performance but using only 8% and 12% of the total amount of data, respectively. In this analysis,
we also investigated the impact of hyperparameters (e.g., initial and sample batch sizes) on performance, and
the effect of varying γ on the querying probability for the stream-based AL approach, which in turn affects the
percentage of queried data.
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Finally, in this work we also address a key practical problem of applying AL to unlabeled datasets: determining
when to stop querying for labels. We propose a stopping criterion based on a Conditional Mutual Information
(CMI) measure. Our results showed that for some datasets, CMI converges to small values (near zero), which
indicates that after a certain number of AL iterations, there is little to no information gain with more queried data.
Based on experimental results, we put forward a heuristic based on CMI that can serve as a guide to determine
when additional sample querying is unlikely to result in substantial gains in performance. While we do not claim
this heuristic is generalizable to all datasets, we believe it represents a valuable practical step towards applying
AL and minimizing the effort of data annotations in HAR applications.
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