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Class-Agnostic Repetitive Action Counting
Using Wearable Devices

Duc Duy Nguyen, Lam Thanh Nguyen, Yifeng Huang, Cuong Pham * , Minh Hoai

Abstract—We present Class-agnostic Repetitive action Counting (CaRaCount), a novel approach to count repetitive human actions in
the wild using wearable devices time series data. CaRaCount is the first few-shot class-agnostic method, being able to count
repetitions of any action class with only a short exemplar data sequence containing a few examples from the action class of interest. To
develop and evaluate this method, we collect a large-scale time series dataset of repetitive human actions in various context,
containing smartwatch data from 10 subjects performing 50 different activities. Experiments on this dataset and three other activity
counting datasets namely Crossfit, Recofit, and MM-Fit show that CaRaCount can count repetitive actions with low error, and it
outperforms other baselines and state-of-the-art action counting methods. Finally, with a user experience study, we evaluate the
usability of our real-time implementation. Our results highlight the efficiency and effectiveness of our approach when deployed outside
the laboratory environments.

Index Terms—Class-agnostic, few-shot learning, action counting, multivariate time series, smartwatch, wearable

✦

1 INTRODUCTION

R EPETITIVE actions are common in everyday life, from
daily routines (e.g., hair combing and teeth brushing)

and physical exercises (e.g., weight lifting and rope skip-
ping) to construction activities (e.g., sawing and nailing)
and manufacturing activities (e.g., packing and attaching
labels). The need to count repetitive actions arises in var-
ious situations and for many reasons, including exercise
logging [5, 16, 17, 22, 31], fatigue monitoring [10, 12, 34],
and efficiency improvement [38].

Unfortunately, there exists no class-agnostic counter for
repetitive actions. There are only algorithms and mobile
applications for specific action classes such as walking
steps [9, 25], physical exercises [22, 33, 35, 41] and swimming
laps [4]. These algorithms and apps are often based on
traditional signal processing techniques or detection and
recognition models, which require specific expert knowl-
edge for each action category or offline supervised training
data containing thousands of examples for each supported
action class. As a result, it is difficult to scale existing
algorithms to handle a large number of action classes.

In this paper, we introduce a novel approach for count-
ing class-agnostic repetitive actions in the wild by posing
it as a few-shot learning-then-inferring task as shown in
Fig. 1. In this few-shot setting, the inputs for the counting
task are a query time series along with a short sequence
containing a few exemplar instances for the action class of
interest. The desired output is the number of repetitions
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Fig. 1: Application setting. Given an exemplar sequence
containing a few repetitions of the action class of interest,
our system can count the number of repetitions performed
in the query sequence.

contained in the query sequence. The number of examples in
the exemplar sequence is also provided; this can be as small
as three in our experiments. Both the query and exemplar
sequences are multivariate time-series data and the query
may contain other actions in addition to the actions of
interest. The actions of interest in the exemplar sequence
form a contiguous block in the exemplar sequence, but the
repetitive actions of interest in the query sequence may not
form a contiguous segment.

We name our method CaRaCount, which stands for
Class agnostic Repetitive action Counter. CaRaCount has
three key components: (1) a feature extraction module, (2)
a phase assignment module, and (3) a count regression
module. The feature extraction module is the combination of
a CNN and an adapted GRU [39] that encode each temporal
window into a feature vector. The phase assignment module
leverages Connectionist temporal classification (CTC) [11]
characteristics to assign a phase label to each embedding
feature vector for each temporal window. This module is
designed to be agnostic to the action category. The count
regression module analyzes the sequence of phase assign-
ments and outputs the final counting result.
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To address the lack of a times series dataset for devel-
oping and evaluating the performance of few-shot counting
methods, we collect a large-scale dataset of wearable device.
This dataset contains more than 1700 samples, with 35,787
repetitions from 10 subjects performing 50 different action
categories. We name this dataset Class Agnostic Repetitive
Action (CaRa) Dataset. The code and dataset is available
for research purpose and the link can be downloaded at
https://github.com/duyddwcs/Action-Counting.

To summarize, the major contributions of this paper are:

1) We introduce a novel and practical application for
class-agnostic repetitive action counting.

2) We develop a novel method for this application set-
ting which outperform other state-of-the-art action
counting methods.

3) We introduce a large-scale time series dataset con-
taining repetitive actions collected under real-world
settings.

The remaining of the paper is structured as follows.
Section 2 reviews the related work, and Section 3 intro-
duces our proposed class-agnostic repetitive action counting
method. Section 4 provides details about our dataset named
CaRa, while Section 5 presents our empirically experimental
results on the CaRa dataset and three other public datasets.
An user study is provided in Section 6.

2 RELATED WORK

2.1 Vision-based repetition counting

Existing methods for vision-based repetition counting typi-
cally represent a video as a one-dimensional signal and sub-
sequently aims to recover the repetitive structure. The repet-
itive structure is then extracted by Fourier analysis [2, 7, 24],
peak detection [36], or singular value decomposition [6].
However, the above approaches assume the repetition is
periodic and therefore are unable to deal with the non-
stationary repetitions in the real world. Runia et al. [30] ad-
dress the non-stationary situation by leveraging the wavelet
transform based on the flow field. Dwibedi et al. [8] used
temporal self-similarity between video frames for repetition
estimation. The authors chose the frame rate sampling of the
input video by picking the one with the maximum periodic-
ity classification score. Zhang et al. [42] proposed a method
developed from [21] to estimate and refine the length of two
consecutive repetitions, which is called double-cycle. The
counting result later can be obtained by averaging all the
cycle lengths in the video. Inspired by this idea, we propose
to split each repetition of an action class into multiple
phases and count the number of repetitions by detecting
the ordered sequence of constituent phases.

2.2 Sensor-based repetition counting

All previous sensor-based repetition counting methods are
customized for specific types of activity, especially physical
exercises [22, 33, 35, 41]. Zelman et al. [41] proposed to filter
out high-frequency noise and then tune a threshold to add
one count whenever the signal value crosses the line in the
positive direction. Morris et al. [22] proposed RecoFit, a
system for automatically tracking repetitive exercises. The

extracted features for each 5-second sliding window are
classified using a multi-class support vector machine. After
the recognition phase, the data is represented by a one-
dimensional signal using PCA, and the final counting result
is obtained by autocorrelation combined with amplitude
statistics. Soro et al. [33] used two identical CNN structures
for a recognition module and a counting module. The raw
data in a temporal window is fed into the counting mod-
ule, which corresponds to the exercise that was previously
detected by the recognition module. These methods require
hundreds to thousands of annotated training data instances,
and they also need prior knowledge about the activity from
the recognition phase to achieve good counting results. In
this work, we are interested in counting the number of
repetitions contained in the query sequence using only a
few exemplar repetitions.

2.3 Few-shot learning
The goal of few-shot learning is to learn a model from a
few training examples. There are many promising studies
in the computer vision literature; and the most relevant to
our work are class-agnostic object counting [15, 23, 26, 29]
following a density-based estimation approach (e.g., [1, 27,
28]). In contrast, few-shot learning for sensor-based count-
ing tasks has not received much attention. To the best of our
knowledge, we are the first to address the few-shot class-
agnostic sensor-based action counting problem.

3 CLASS-AGNOSTIC REPETITION COUNTING

We propose a novel approach for counting repetitions of
unseen action classes in the wild, by posing it as a few-shot
learning-then-inferring task as shown in Fig. 1. In this few-
shot setting, the inputs for the counting task are: (1) a query
sequence of length n, Q ∈ Rd×n, where d is the number
of features at each time step; (2) an exemplar sequence of
length m, E ∈ Rd×m, and (3) the scalar r for the number
of repetition instances in the exemplar sequence. Both the
query and exemplar sequences are multivariate time-series
data of d dimensions, and the query may contain other
actions in addition to the instances of the action of interest.
The desired output is the number of repetitions of the action
of interest contained in the query sequence.

The process for few-shot learning-then-inferring consists
of two stages. In the first stage, we use the exemplar
sequence and the known number of repetitions in this
sequence to train the model. In the second stage, we use this
model to predict the number of repetitions for the specified
action of interest in the query sequence. In the remaining of
this section, we will describe the architecture and training of
this model. We name the model CaRaCount, which stands
for Class-agnostic Repetitive Action Counter.

3.1 Network architecture
CaRaCount consists of three key modules: (1) a feature
extraction module, (2) a phase assignment module, and
(3) a counting module. These modules and the processing
pipeline are illustrated in Fig. 2. Although our method is
applicable to various types of time series data, we will
specifically describe our method for data collected with
wearable devices in this section for brevity.

https://github.com/duyddwcs/Action-Counting
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Fig. 2: Overview of the CaRaCount. CaRaCount takes the query sequence along with an exemplar sequence containing
a few example repetitions from the activity of interest as an input. The final result is achieved by the count regression
module, a pretrained model with synthetic data. The adaptation loss is measured based on the aligned repetition count
from the exemplar sequence.

3.1.1 Feature extraction module
This module inputs raw time series data from a wearable
device and outputs a sequence of feature vectors, each
vector corresponding to a temporal window of the original
time series. As the raw signals from a smartwatch might
be noisy due to environmental fluctuation, sensor variety,
and sensor misplacement, we apply some pre-processing
techniques as follows. First, we use a Butterworth low-
pass filter for noise removal. Second, we apply cubic spline
interpolation to resample signal data, with the sampling fre-
quency being 100Hz. This means, for each second, we have
100 samples of 6-dimensional values constructed from a 3-
axis accelerometer and a 3-axis gyroscope. Finally, we divide
the time series data into overlapping sliding windows. The
size of the sliding window is a crucial parameter for the
effectiveness of our method, and we determine the window
size as follows. We first project the exemplar sequence onto
its first principal component direction to obtain a 1D signal
and then smooth the data using a third-degree polynomial
filter. We then segment the sequence using window size n/r
and overlapping duration 250ms, where n is the length of
the exemplar sequence and r is the number of repetitions
represented in the exemplar sequence. For each window,
we calculate the autocorrelation coefficients and take all
the peaks as a candidate for the length of one repetition.
Considering the range of all candidate lengths, we divide
this range into ten bins and put each candidate into its
corresponding bin. We choose the bin that contains the
largest number of candidate values and average the values
to get the estimated repetition duration. The final window
size is computed by dividing the repetition duration by the
number of phases and the overlapping duration is 50% of
the window size.

We subsequently embed each window into a high-
dimensional representation turning the original exemplar
sequence into a sequence of 200-dimensional embedding
vectors using ConvGru adopted from [39]

3.1.2 Phase assignment module
The phase assignment consists of a three-layer MLP with
sizes 100, 50, and k+2, where k is a tunable hyper-parameter

for the number of phases for the action of interest and two
additional dimensions are the background and the blank
filter for CTC. We insert a dropout layer (p = 0.5) after
each MLP to improve model generalizability. Finally, a CTC
transcription layer is used to output a discrete class index
from 0 to k from eaach embedding vector. Our key assump-
tion is that each action of interest contains exactly k phases:
P1, P2, . . . , Pk in this order. Since the exemplar sequence
may contain noise from undesirable actions at both ends,
to improve the model’s alignment precision, we concatenate
the k+1 index to the start and end of the alignment target
to indicate the background. Once the phase assignment
module has been trained using the exemplar sequence, we
feed the query sequence into this module to get a sequence
of phase labels.

3.1.3 Count regression module
In theory, we can obtain the total count by determining the
number of periodic blocks [P1, P2, . . . , Pk] in the obtained
sequence of phase labels. In practice, due to noisy data and
imperfect phase assignment, an action instance might not
correspond to this exact periodic block. For robustness, we
use a count regression module to obtain the final count.
We use three-layer MLP, each layer followed by a dropout
layer to create a regression head. Before feeding into this
regression head, output from the phase assignment module
is zero-padded to have a fixed length.

3.2 Model training

A CaRaCount model has multiple learnable parameters.
Some parameters are class independent, and they are
learned once and fixed for all classes. Some parameters are
class dependent, and they are learned specifically for each
action class in a few-shot setting when the exemplar action
sequence is provided.

Few-shot learning of the phase assignment module. The
phase assignment module can be trained using only one
exemplar sequence E and the known number of action count
r for this exemplar sequence. We adopt the CTC loss as
Alignment loss for training with the objective is minimizing
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Fig. 3: Difficulties in counting human actions include variability in form, irrelevant periodic actions, and inconsistencies
in duration and appearance. The breakpoints predicted from [22] and [33] are presented in (b) and (c). Predicted density
maps from modified RepNet [8] and TransRAC [14] are shown in the (d) and (e), respectively. The predicted label sequence
in the (f) demonstrates the repetitions accurately detected by CaRaCount.

the negative log-likelihood of the CTC conditional probabil-
ity:

P (Y | X) =
∑

A∈AX,Y

T∏
t=1

pt(at | X) (1)

In the above equation, Y is the ground truth target be-
ing r blocks of k phases with background at both ends:
[P0], [P1, P2, . . . , Pk], . . . , [P1, P2, . . . , Pk], [P0] while X de-
notes the sequence of embedded vector. A is the set of
valid alignments and A = [a1, a2, . . . , aT ] is a member of
A. The phase assignment module will classify each 200-
dimensional feature embedding vector into k + 2 classes,
with k classes corresponding to the k phases, one class indi-
cates the background and one special class for the “blank”
filler. We trained the phase assignment module along with
the feature extractor until the loss converges with Adam
optimizer[20] and a learning rate of 5× 10−3.

One-off learning of the count regression module. This
count regression head is trained to count the number of
periodic blocks with synthetically generated data as follows.
We first generate a large number of initial sequences by
concatenating blocks of k phases, with the number of blocks
ranging from 1 to 150, which is the highest number of repe-
titions performed in our CaRa dataset. Then, for each initial
sequence, we randomly remove, repeat, swap some indexes
or mix those operations to create a noisy sequence (shown
in Fig. 4). We set the threshold equal 30% length of the
sequence for the maximum number of operations that can
perform on the initial sequence to keep the original periodic
characteristic of the sequence. Using this simple yet effective
technique, we generate hundreds of thousands of synthetic
data. We then use this synthetic data to train our count
regression module by minimizing the Mean Squared Error
loss between the predicted number produced by the module
and the ground truth repetition count used to generate the
initial perfect sequence. This regression module is trained
for 200 epochs with a learning rate of 3 × 10−4 and a 0.1
exponential learning rate decay every 50 epochs.

1 2 3 1 12 23 3

1 2 3 1 1 23 3

1 2 3 1 12 23 3

1 2 3 1 12 23 3
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Initial
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Repeating
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1 3 1 12 23
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Fig. 4: Our synthetic data generation technique produces
noisy periodic sequences with k = 3. We randomly per-
form removing, repeating, swaping some indexes, or mixing
those operations on the initial sequence to create a synthetic
noisy sequence.

3.3 Intuition of our approach.

Given the ability to measure the discrepancy between two
sequences of different lengths, the CTC loss has been widely
used for training sequences labeling tasks like speech recog-
nition [13, 18] or optical character recognition [32]. Utilizing
the CTC for counting human action in a few-shot manner is
the key technical novelty of our network architecture and it
is developed based on our intuition about the characteristics
of human action.

Human actions can be performed at different speeds
and vary in form, resulting in a difference in the pace of
repetition or the temporal “shape” of the movement. By
adopting the action counting to the sequence labeling task
and leveraging the alignment-free characteristic of CTC,
we can just assume the order of the phases, the length of
each phase is neither determined nor important. The wide
variation in arm posture is also a challenge. The less famil-
iar the action to the subject, the more level of variability.
This variability is even more challenging between different
subjects. Other than large-scale training data collection with
annotation, which is time- and cost-consuming, CaRaCount
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Fig. 5: Examples of activities and the associated wearable data from the proposed CaRa dataset. The number of repetitions
in each sample ranges widely, from a few to hundred repetitions.

can address the problem of variation by creating a few-shot
counter customized for each action of the subject.

In the real-world scenario, besides the action of interest,
data collected from the wearable devices might include
arbitrary actions as well. To distinguish the target action
from these irrelevant actions, the periodic nature of the
action can be utilized. However, this leads to a challenge,
some actions like walking or dynamic stretching, though
not our desired action, are extremely periodic. Addition-
ally, the analysis of repetitive actions faces the hurdle of
temporal irregularities. These challenges are illustrated in
Fig. 3. The first two columns illustrate the difficulties posed
by variations in form and the periodicity of actions that
are not relevant. The action squat, for example, varies
significantly when executed by different individuals due
to differences in movement, speed, or the orientation of
the device. Furthermore, the periodic nature of irrelevant
actions in these scenarios complicates the task to the extent
that traditional methods such as peak detection, threshold-
crossing, or Fourier analysis are incapable of producing a
reasonable counting result without recognizing the action
first. The last column represents a very challenging case
in which the action (rolling flour) is extremely irregular in
duration and form. To address these challenges, [22, 33, 35]
classify each window to distinguish the action of interest
from irrelevant actions and then utilize a traditional ap-
proach to count the number of repetitions but large-scale
training data is required for the generalization of the model.
In contrast, our proposed approach is motivated by the
fact that we do not have to precisely detect and segment
the repetitions to count them. We can simply count the
number of internal transitions between the phases of each
repetition. For example, to count the number of walk cycles,
we do not have to detect them. We only need to count the
number of transitions from a left strike to a right strike.
Furthermore, the difference between the action of interest
and the irrelevant actions or the difference among phases
of each repetition can be distinguished through the training
process on the exemplar sequence.

4 CARA DATASET

Our goal is to develop a class-agnostic repetitive ac-
tion counting method for wearabe devices that works
for many action categories. Unfortunately, existing sensor-
based datasets are not suitable for our purpose because they
are either contain small number of action classes [33, 41] or
action repetitions per sample [35]. Moreover, those datasets
only contain actions that belong to the physical exercise
category, and the repetition count also lacks variety. This
prompted us to collect and annotate a dataset ourselves. Our
dataset consists of 50 activity classes from six superclasses:
kitchen activities, household chores, physical exercises, fac-
tory activities, daily routines, and instrument-related activ-
ities. The number of repetition counts in our dataset varies
widely, from 1 to 150 repetitions, with an average of 21.03
repetitions per sample. The difference between CaRa and
other counting datasets is reported in Table 1. The categories
as well as the statistics are shown in Fig. 6. In the sections
that follow, we will provide a detailed explanation of the
data collection process, data statistics, and how the data was
split into disjoint sets.

4.1 Hardware sensors and data logging
Signal data was collected from a Ticwatch E2 worn on the
wrist of the subject. The smartwatch had several sensors, but
only the accelerometer and gyroscope sensors were relevant
for this action counting task. We developed a smartwatch
app to collect and synchronize the signal data from a 3-axis
accelerometer and a 3-axis gyroscope. The accelerometer
measured the acceleration (including gravity) along the x, y,
and z axes in m/s2. The axes were defined in relation to the
device, where the z-axis was perpendicular to the screen.
The gyroscope measured the rotational velocity, in rad/s,
around the x, y, and z axes, where the coordinate system was
the same as for the accelerometer. During the data collection
process, the data was first saved on the smartwatch at the
sampling rate of 100Hz and later transferred out via the
internet to a computation server for further processing.

4.2 Data Collection
The collected data comprises of 50 activity classes from six
superclasses. A total of ten subjects aged between 18 and 25
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Fig. 6: CaRa dataset’s statistics. The left figure displays the action categories and the proportion of samples for each
category in CaRa. The two figures on the right display the quantity of samples across different ranges of repetition counts
and durations.

who signed the consent form were asked to wear Ticwatch
E2 on their dominant hand. The subjects were given a list
of activities, which they can perform in any order along
with instructions that included an illustration and a short
textual description of each exercise. Fig. 5 shows examples
of six activities performed by a subject along with the
collected data. For diversity, a wide range of repetitions was
suggested for each activity, and subjects were not required
to complete any specific number of repetitions. All subjects
were asked to perform the activities as naturally as possible
without any further instruction from the experimenters.

The data collection process for a subject and an activity
consisted of two sessions. In the first session, the subject was
asked to perform the action with a fixed number of repeti-
tions continuously. In the second session, the subject was
asked to perform the action with any number of repetitions
in a suggested range. The subject did not have to perform
all the repetitions at once; in fact, they were instructed to
take a break or do other actions in between the contiguous
blocks of repetitions. The subject was asked to perform the
actions consistently between the two sessions. Session 1 will
later be used as the exemplar sequence, and Session 2 will
be used as the query sequence. We manually inspected the
collected data and annotated each sample with the number
of repetitions contained in the sample.

4.3 Dataset Statistics

The CaRa dataset contains 1702 sequences, with a total of
35, 787 repetitions. The number of sequences collected in
Session 1 and Session 2 are 494 and 1199, respectively. The
number of repetitions in Session 1 and Session 2 are 3780
and 32007. The average number of repetitions per sample is
21.03. The minimum and the maximum number of repeti-
tions for one sample are 1 and 150, respectively. The three
activities with the highest total number of repetitions count
are: Drumming (1253), Typing (1430), and Clapping (2252).
The three activities with smallest numbers of repetitions
count are: Pulling up (289), Crunching (319), and Hanging
Laundry (321).

Number of

Dataset Superclasses Classes Samples Reps Max Reps

Crossfit [33] 1 10 603 5470 31
Recofit [22] 1 26 1348 28807 100
MM-Fit [35] 1 10 616 6160 14
CaRa 6 50 1702 35787 150

TABLE 1: Comparison with other action counting datasets.

4.4 Dataset split
Given that our few-shot learning-then-inferring scenario
requires only the exemplars for learning before directly
inferring on the query, we deviate from the conventional
practice of dividing the dataset into training and testing sets.
Rather, we have randomly chosen 35 action classes to tune
the hyper-parameters, referred to as the tuning set, while
the remaining 15 action classes are allocated for the test set,
on which we will present our experimental results.

5 EXPERIMENTS

This section describes experiments on the proposed CaRa
dataset and three other activity counting datasets. We com-
pare the performance of CaRaCount and several other
counting methods and observe that CaRaCount clearly out-
performs all other methods. Specifically, we consider four
simple baselines and implement the following algorithms:
threshold crossing [41], peak detection [22], deep learning
repetition counter [33] and adaption of video-based repeti-
tion counter for signal data [8, 14]. We also present a set of
ablation studies in this section.

5.1 Existing activity counting datasets

Crossfit [33] is a dataset collected from 54 subjects. Their
data collection process was divided into two sessions. The
first session was designed to give an accurate label for the
start of each repetition by a smartwatch vibration signal.
This reduced the data annotation effort needed, but also
significantly decreased the natural execution speed of the
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CARA Crossfit Recofit MM-Fit

Methods MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Mean 18.51 24.15 7.39 7.50 11.38 12.53 4.90 4.92
Median 15.74 26.37 7.03 7.15 11.36 12.52 4.90 4.94
Average time 13.25 20.56 2.16 2.62 1.87 3.23 4.01 5.98
Frequency 13.73 21.06 3.05 3.44 3.07 4.97 5.77 7.74
Threshold crossing [41] 15.76 21.60 2.35 3.69 2.65 5.08 4.97 7.54
Peak detection [22, 35] 10.12 19.04 2.67 3.42 3.09 5.67 1.33 2.62
Soro et al.[33] 10.86 18.22 0.55 1.19 2.23 3.77 - -
Basic transformer 10.70 12.80 0.89 1.04 5.60 7.46 0.99 1.27
RepNet [8] 10.37 12.46 0.63 0.79 5.38 7.20 0.34 0.76
TransRAC [14] 8.42 11.53 0.71 0.85 6.54 8.64 0.39 0.77
CaRaCount (ours) 6.26 9.78 0.13 0.42 1.48 2.97 0.32 0.68

TABLE 2: Performance of various counting methods on four datasets: CARA, Crossfit, Recofit, and MM-Fit. CaRaCount
outperforms the others on all datasets.

exercises. The second session, collected data for evaluation
following two schemes, a 10-rep scheme and a 1-2-3 rep
scheme.

Recofit [22] is a dataset that used an armband worn on the
right forearm, containing a 3-axis accelerometer and a 3-
axis gyroscope. They collected data for 26 exercises plus
walking and stretching from 94 subjects with a sampling
rate of 50Hz.

MM-Fit [35] is a collection of inertial sensor data from
smartphones, smartwatches and earbuds worn by 10 partici-
pants while performing 10 full-body workout. The collected
data was then time-synchronized with a multi-viewpoint
RGB-D video, with 2D and 3D pose estimates. The sampling
rate varies between devices, ranging from 30Hz to 500Hz.

5.2 Methods for comparison

Simple baselines. We consider four simple baseline meth-
ods: (1) always predicts a constant number, which is the
mean repetition count, (2) always outputs the median rep-
etition count, (3) estimating the average time to perform a
single rep from the exemplar sequence and then utilizing it
to compute the final count in the query sequence, and (4)
estimating the dominant frequency of the action of interest
from the exemplar sequence and then utilizing it to compute
the final count in the query sequence. The mean and median
counts are calculated from all the exemplar sequences.

Threshold crossing. Zelman et al.[41] set a threshold line
positioned at two-thirds of the range between the minimum
and maximum values. When the signal goes from below to
above the threshold line, the count will be increased by one.
After adding each count, there will be a refractory period of
0.1 seconds to prevent double counting.

Peak detection. Morris et al.[22] and David et al.[35] use
similar approaches to tackle the counting task. They first
computed a set of candidate peaks from the signal and then
utilized autocorrelation as well as amplitude statistics to
eliminate unqualified candidates.

Deep learning repetition counter. Soro et al.[33] proposed a
CNN-based repetition counting network evaluated on their
self-collected Crossfit dataset. For this method, we have to

Predictions Ground truth

Super-classes MAE RMSE Mean IQR

Household chores 3.88 5.72 19.60 10
Physical exercises 4.92 7.69 22.07 14
Kitchen activities 7.63 10.57 24.51 15
Factory activities 6.34 9.37 26.21 18
Daily routines 9.98 16.54 32.12 20
Instrument-related 10.56 15.74 33.40 30

TABLE 3: Counting results of CaRaCount for each action
superclass within the CaRa dataset. The Interquartile
Range (IQR), calculated as the difference between the
75th and 25th percentiles, represents the spread of the
ground truth repetition numbers. A greater spread makes
predicting the correct count more challenging, explaining
the higher errors observed in certain superclasses.

Methods Parameters MACs Inference Time

Soro et al. [33] 36.93M 11.34G 121.89ms
Basic transformer 6.56M 2.68G 8.11ms
RepNet [8] 26.34M 5.95G 11.64ms
TransRAC [14] 26.53M 5.97G 10.28ms
CaRaCount (proposed) 3.81M 0.41G 1.96ms

TABLE 4: Number of trainable parameters, MACs, and
inference time of various counting methods. The inference
time is measured on a GPU using an NVIDIA GTX 4060,
averaged over 100 runs while processing a 30-second length
sequence. For the CaRaCount method, the inference time on
a CPU is 17.79 ms.

specify a different set of hyperparameters for each activity,
which is very time-consuming. Theoretically, the Crossfit
method cannot work on other datasets besides the Crossfit
itself as it requires annotation for the beginning of each
repetition to train the model. To study the performance of
Crossfit on the CaRa and Recofit datasets, we provide addi-
tional manual annotation. Even with this unfair advantages,
Crossfit is still outperformed by our method, as will be
seen in the result section below. Furthermore, to address the
lack of data when fine-tuning, we adapt the augmentation
techniques inspired by [37].
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Number of Phases MAE RMSE

2 10.79 15.54
3 9.01 13.62
4 6.26 9.78
5 6.43 9.61

TABLE 5: Performance of CaRaCount on the validation set
with varying the number of phase assignment settings.

Adaption of video-based repetition counters. We also com-
pare our methods with some state-of-the-art visual repeti-
tion counters, namely basic transformer, RepNet [8], and
TransRAC [14]. Given the difference between video and
sensor signals, we needed to make some modifications. For
the basic transformer, we use a transformer encoder as the
feature extractor, a 1D adaptative pooling layer to output
a fixed-length feature vector, and an MLP to regress the
count. For RepNet, instead of ResNet 50, we use a one-layer
transformer encoder as the feature extractor, then calculate
the temporal similarity map in the same way. Since we
don’t have the label of the time, we directly regress the final
count. For TransRAC, we use a multi-size sliding window
to resample the signal and then a transformer to extract the
feature and regress the count with an MLP regression head.
Again, given the absence of a temporal density map, we
directly regress the count.

5.3 Quantitative results

To measure the performance, we use Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE), which are
commonly used to evaluate counting methods [27, 29],
and they are defined as follow. MAE = 1

n

∑n
i=1 |ci − ĉi|;

RMSE =
√

1
n

∑n
i=1(ci − ĉi)2, where n is the number

of query sequences, and ci and ĉi are the ground truth
and predicted counts. Table 2 reports the performance of
all methods on four datasets. As can be seen, CaRaCount
outperforms all the other methods on all datasets. Table 3
presents the counting errors and the average along with the
IQR ground truth counts for each of the six superclasses
within the CaRa dataset. The findings indicate that CaRa-
Count is proficient at counting repetitions across a wide
range of action classes, including those not included in
the tuning set, thereby highlighting the effectiveness of our
method.

To further assess the efficiency of our method, we
present the number of trainable parameters and Multiply-
Accumulate Operations (MACs) for various learning mod-
els in Table 4. MACs, a widely used metric for evaluating
efficiency, quantify the total number of multiplication and
addition operations in a neural network. Additionally, we
compare inference times across models, highlighting the
exceptional efficiency of CaraCount. The inference time is
calculated as the average of 100 runs when processing a
sequence of 30 seconds in length. Notably, the results on
CPU demonstrate its practicality for real-world applications,
particularly when deployed on wearable devices with lim-
ited computational resources.

Components Combinations

Window length estimation ✗ ✓ ✓ ✓

Count regression module ✗ ✗ ✓ ✓

Label zero-phase addition ✗ ✗ ✗ ✓

MAE 13.43 11.62 8.65 6.26
RMSE 18.40 14.81 12.33 9.78

TABLE 6: Analyzing the components of CaRaCount.

Predict: 49 - GT: 50

Predict: 20 - GT: 20

Predict: 30 - GT: 30

Predict: 29 - GT: 30

Predict: 30 - GT: 12

Predict: 22 - GT: 40

Fig. 7: Predicted sequence labels and counts of CaRa-
Count.

5.4 Ablation Studies

We conduct several ablation studies on the CaRa dataset
to analyze: (1) how the counting performance changes as
the number of exemplars increases, and (2) the benefits of
different components of CaRaCount.

In Table 5, we analyze the performance of CaRaCount as
k, the parameter for the number of phases is varied between
two to five. As can be seen, using higher settings for k, four
or five, yields better performance than lower settings, two
or three. In general, the higher the number of phases, the
more context and information the model can capture, hence
making better predictions. However, there is no clear benefit
of using k = 5 over k = 4, and the former would be less
efficient. Therefore, we propose to use k = 4.

In Table 6, we analyze the importance of the key
components of CaRaCount: the window length estimation
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Box jumps

phase 1 phase 2 phase 3 phase 4

Crunches

Dead lifts KB Press

Pull ups Push ups

CaRaCount Ground truth

Fig. 8: The results of the Phase assignment module are used as a breakpoint detector across various activities in the
Crossfit dataset. Ground truths are represented by gold circles, while detected breakpoints using our approach are marked
by red diamonds. Only the sequence label result from the first sample is displayed for clarity.

process, the count regression module, and the zero-phase
addition on the ground truth. We train models without
a few or all of these components and notice that all of
the components of CaRaCount are important, and adding
each of the components leads to improved results. For
the setting without window length estimation, the window
size is fixed to 50ms with a 25ms overlapping ratio. This
window size is estimated by diving the average repetition
duration of the exemplar in the dataset by the number of
phases, where the number of phases is set by 4 in our abla-
tion studies. For the setting without the Count regression
module, CaRaCount estimates the number of repetitions
by counting the number of fully repeated blocks. And for
setting without the zero-phase addition on ground truth,
the target of exemplar sequence is only r blocks of k phases:
[P1, P2, . . . , Pk], . . . , [P1, P2, . . . , Pk].

5.5 Qualitative Results

Fig. 7 shows a few query sequences and the CaRaCount
predictions. CaRaCount successfully distinguishes between
background and action of interest in the first four cases
and classifies windows of action into their corresponding
phases. Some background windows were misclassified, but
thanks to the generalization of the count regression module,
our model did not recognize those false negative windows
as a repetition. In the fifth case, CaRaCount mistakes the
background for the action of interest because of the sim-
ilarity in appearance between them. In the sixth case, the
action of interest on the right differs from the exemplar (or
the action of interest on the left), so the phase assignment
module is unable to identify the target action.

Fig. 8 further illustrates the capability of the Phase As-
signment module as a reliable breakpoint detector. These

Action MAE RMSE # of Users

Squat 0.95 1.39 20
Snapping finger 0.66 1.15 3
Pirouetting 2.00 2.00 1
Jumping jack 0.40 0.63 5
Using hammer 1.00 1.00 1
Clapping 1.25 1.50 4
Jogging 0.50 0.70 2
Situp 0.00 0.00 1
Battle rope training 2.00 2.00 1
Bottle shaking 2.00 2.00 1
Sliding fruit 0.66 1.15 3
Arm swing 0.25 0.50 4
Front raise 0.50 0.70 2
Hook punch 0.33 0.57 3
Thanks in ASL 1.00 1.00 1

TABLE 7: Counting results in the real-time user experience
study.

breakpoints are visualized as transitions from the end
of Phase 4 to the beginning of Phase 1, emphasizing
the module’s precision in capturing critical activity shifts.
Notably, CaRaCount effectively identifies these transitions
without the need for individual annotations, leveraging the
alignment-free nature of the CTC framework.

6 USER STUDY

Based on our framework, we implemented a real-time sys-
tem and evaluate it via a user study. Fig. 9 shows the real-
time system watch interface design for the application. The
system has two working modes, few-shot exemplar training,
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Main screen

Define
new

action
counter

Few-shot examplar
training Query inference

CaRaCount
training

Add new
action to the
main screen

Provide examplar
sequence and
examplar count

Fig. 9: Real-Time Action counting System Watch Interface Design. From the main screen, the subject can choose to
provide an example sequence to create a new counter or use the existing counter to count the number of repetitions.

and query inference. In the first mode, the participants
provide an exemplar sequence along with an exemplar
count. CaRaCount will process these inputs to create a new
counter. In the second mode, the participants can use existed
counter to count the action of interest. We evaluate the real-
time counting performance as well as the system’s usability
with both objective results and subjective feedback from the
participants.

6.1 Participants

We recruited 20 participants, 12 men and 8 women. Par-
ticipants were on average 23.6 years old. 5 participants are
left-handed. Each participant was compensated with a gift
card for their participation in the 25-minute-long study. We
employ the Ticwatch S2 for the user study. All participants
wore the smartwatch in their dominant hands. Data from
the watch is streamed to an ASUS laptop. The laptop did the
model training and repetition counting and sent the results
back to the watch for real-time interaction.

6.2 Study Procedure

After a brief introduction to the framework and the inter-
face, the participants went through the following stages:

1) Participants first tried to perform 5 repetitions of
Squat for the system as an exemplar sequence. After
processing, participants can turn on the inference
mode and use the squat counter to count the num-
ber of squat repetitions. The purpose of this step is
to familiarize the user with the system.

2) Participants were asked to create one or more coun-
ters of any action of interest they have in mind

by providing the exemplar sequence and exemplar
count to the system and test them in the inference
mode.

3) Participants were told to use the system freely till
the end the session, after which they flled in the
System Usability Scale (SUS) questionnaire [3].

During the study, participants could ask the experimenter
anytime if they have any questions.

6.3 Results

Following other works evaluated the system on smart-
watch [19, 40], we demonstrate the user study result with
both objective results and subjective feedback.

Objective Result. The real-time performance of the system
is equivalent to the offline results reported in Section 5. The
average counting MAE and RMSE from the participants
are 0.80 and 1.21. The actions chosen by participants in
the study were diverse, including actions such as snapping
fingers, clapping, jogging, and jumping jack. Table 7 sum-
marizes the counting results in the real-time user experience
study. For each of the actions, participants provide an exem-
plar sequence with the exemplar count ranging from 3 to 5.
MAE and RMSE indicate the counting error of each action
while # of Users indicates the number of participants who
chose to perform that action in the user study. The results
indicate the usability and robustness as well as the class-
agnostic capability of our framework.

Subjective Feedback. In addition to the objective results,
the user study also suggests positive feedback from partic-
ipants. Our system receives the average overall SUS score
of 81.6±7.4 out of 100, which indicates the high overall
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usability of CaRaCount. Especially for question 4th, ’I think
I don’t need the support of a technical person to be able to
use this systems, the score was 92.3±4.1 indicating that the
system is really easy to use. The SUS questionnaires’ results
demonstrate the good usability of our real-time system.

7 CONCLUSIONS AND FUTURE WORK

In this paper, we posed activity counting as a few-shot
learning-then-inferring task. Given the non-existence of a
proper dataset for the few-shot activity counting task, we
collected a large-scale sensor-based activity counting dataset
CaRa with a large number of activities and repetitions. We
have presented CaRaCount, an effective matching strategy
suitable for the few-shot action counting task. This method
successfully counts the number of repetitions of the query
sequence given only an exemplar sequence. The proposed
method is evaluated and compared with several baselines
and state-of-the-art deep learning-based activity counting
and achieved better results in all of the existing as well
as our newly proposed datasets. These results opened the
opportunity to investigate counting in an interactive way
for devices with different functionalities, intentions, and
platforms.

There are some directions for future work. One poten-
tial approach involves expanding this study to not only
count repetitions but also recognize the action of interest
in a few-shot context. Additionally, exploring a multimodal
approach that incorporates data from vision and sound, in
addition to accelerometer and gyroscope readings from a
wrist-worn device, represents another promising direction.
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