
Human-in-the-loop Incremental Learning for Human Activity
Recognition with Multimodal Wearable Sensors

HA LE, Northeastern University, USA
AKSHAT CHOUBE, Northeastern University, USA
PRANJAL KANEL, Northeastern University, USA
VARUN MISHRA, Northeastern University, USA
STEPHEN INTILLE, Northeastern University, USA

Human Activity Recognition (HAR) systems are typically trained on fixed datasets with predefined activity labels, limiting their
ability to adapt to new activities and evolving user behaviors. Incremental learning offers a promising direction by enabling
models to incorporate new activities with minimal data, but few-shot updates are prone to overfitting and often fail to capture
co-occurring activities in real-world settings. We present a human-in-the-loop incremental learning framework for HAR
that allows users to add new activities through few-shot interactions. Our approach incorporates user feedback—including
co-occurrence confirmation for targeted retraining, sensor relevance, and mutual exclusivity constraints—to guide model
adaptation and support multi-label recognition. We evaluate our framework on four publicly available datasets and show that
it outperforms standard few-shot baselines by 5–11% in macro F1 score. Our findings highlight the value of human feedback
in constraining model learning and enabling more robust adaptation. We discuss implications for designing lightweight,
human-centered HAR systems. Code for the experiment is available at§ /HITL-class-incremental-learning .
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1 Introduction
Human Activity Recognition (HAR) aims to automatically identify daily activities from passive sensing data
from wearable and mobile sensors [4, 31]. HAR is an important area in health informatics, human–computer
interaction, and ubiquitous computing research, enabling applications such as long-term behavior tracking,
health monitoring, and context-aware interactive systems [11, 16, 41]. Accurate and robust HAR systems can
provide insights into daily routines, support personalized interventions, and enable interfaces that adapt to a
user’s context.

Researchers have explored machine learning and deep learning techniques for HAR. Most existing approaches
follow a conventional machine learning pipeline: (1) pre-define a fixed set of activity labels, (2) collect sensor data
for those activities, and (3) train a model to recognize the pre-defined activities simultaneously [18]. Researchers
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typically formulate this setup as a multi-class classification problem, where the model assigns each time segment
to a single activity label with the highest output probability. As a result, deployed systems operate within a
fixed activity corpus determined during data collection and with the assumption that activities are mutually
exclusive [32].

These assumptions, however, do not hold in real-world settings. Daily routines can change as people transition
through life stages (e.g., starting a new job, moving to a new home, or returning to school), and can also shift
abruptly due to external factors, such as the COVID-19 pandemic [47]. These life changes often introduce
new activities, remove old ones, or alter when and how frequently a person performs these activities. These
circumstances may also change the context in which activities occur, e.g., working from home instead of
commuting or the emergence of new hobbies, leading to shifts in behavior patterns and observed sensor signals
over time. In addition, real-world activities often overlap (e.g., “walking” while “talking” or “using phone” ), allowing
multiple activities to occur simultaneously. Static HAR models trained under fixed label sets with a single output
label, therefore struggle to generalize, cannot recognize new activities, and often fail to capture meaningful
combinations of behaviors [74]. This limits their ability to support personalized tracking and intervention, thereby
reducing their effectiveness.

Researchers have exploring the use of incremental learning and few-shot learning for HAR have explored the
potential of building models that allow incorporating new activities after deployment [1, 10, 40, 79]. In these
settings, users provide a small number of labeled examples and the model is retrained/fine-tuned to recognize
new activities. These approaches enable more personalized and adaptable systems, but they also introduce new
challenges.
With only a small set of labeled examples provided for training, models can easily overfit, especially in

multimodal sensing systems with few homogeneous samples [39]. In addition, the initial activity corpus, used
for pre-training, is often incomplete, leading models to learn coarse decision boundaries that group multiple
similar behaviors under a single label. When new activities are introduced, these boundaries may cause confusion
between existing and new classes. For example, a model trained on “sitting,” “standing,” “walking,” and “cycling”
may associate “sitting” or “standing” with low movement; when a user performs a new activity such as “lying
down,” the model may incorrectly classify it as “sitting” or “standing.” These challenges are further exacerbated
by the fact that real-world activities often co-occur (e.g., “walking” while “in a conversation” ), which might cause
slight alterations in the underlying signals.

To address these challenges, we frame the addition of new activities not merely as a recognition task but as an
opportunity to iteratively refine and improve the underlying model. Samples from a new activity can provide
positive signals for the new class and negative signals for existing classes, helping refinement of overgeneralized
decision boundaries [75]. For instance, if a model initially confuses “sitting” with other low-movement behaviors,
introducing a new activity such as “lying down” can provide informative negative signals that help refine the
boundary of the “sitting” classifier. Furthermore, we can be deliberate about which classes to re-train. Although a
simple solution is to retrain all classifiers on observing new labels, this is resource and time-intensive and may
unnecessarily update unrelated classes, degrading their performance.

To address the aforementioned challenges, in this work, we introduce a novel incremental learning framework
that leverages human feedback to guide the model update process for activity recognition. When the user adds
a new activity and provides a small amount of training data in our HAR model, the framework first identifies
which existing classes are “activated” on the new samples and prompt the user to confirm whether those
activities co-occurred. For example, when adding a new activity such as “typing,” the system may detect that
the “standing” class is also activated. It can then ask the user whether “typing” was performed while “standing”.
If confirmed, these new samples are used as positive samples for the “standing” classifier; if rejected, they are
used as negative samples. This allows the system to update only the affected classes, improving efficiency while
making adaptation more interpretable and traceable. Beyond updating target classes, human feedback can also
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provide lightweight domain knowledge, such as sensor relevance (which sensor is important for which activity)
or activity relationships (which activities can never co-occur), to better initialize learning and reduce overfitting
to noisy real-world signals.

Our framework allows users to add new activities using a few-shot data-collection process while simultaneously
refining predictions for some of the existing classes. Additionally, this framework incorporates user-provided
domain knowledge, such as sensor relevance and mutual exclusion constraints, to guide model updates. By
updating only the relevant model parameters, our approach enables efficient, practical adaptation without
requiring full retraining while effectively handling challenges with finetuning (such as small data size, co-
occurrence of activities). We evaluate the proposed framework on multiple datasets and show that it improves
performance over standard few-shot baselines while supporting adaptable, personalized activity recognition.
In this paper, we make the following contributions:
• We introduce a novel human-in-the-loop incremental learning framework for HAR that supports adding
new activities with user-provided data, enables detection of co-occurring activities, and incorporates
user-provided domain knowledge (e.g., co-occurrence, sensor importance, and mutual exclusivity) to guide
model adaptation.
• We evaluate the framework using simulations across multiple datasets, demonstrating improved perfor-
mance over standard few-shot baselines and providing empirical evidence of the benefits of enabling
user-guided updates.
• We present design insights and practical considerations for building human-centered, adaptive HAR systems,
highlighting the opportunities and challenges of integrating user feedback for real-world deployment.

Through extensive, simulated human-in-the-loop evaluations with four publicly available datasets, we found
that our incremental learning framework outperform the few-shot baselines by 5-11% in macro F1 scores. This
paper empirically demonstrates the potential opportunities and benefits of our proposed framework and outlines
the guidelines for a real-world human-in-the-loop deployment.

2 Related Work
Our work is built upon prior literature in activity recognition in real-world settings, human-in-the-loop HAR
systems, and incremental learning.

2.1 Human activity recognition in real-world settings
Accurate HAR models that work in real-world settings can enable continuous detection of user behaviors from
wearable and mobile sensors, supporting applications in health monitoring, behavior tracking, and context-aware
systems [4, 15, 19]. In real-world use, such systems can provide insights into daily routines, enable just-in-time
interventions, and support personalized care [3, 28, 37].

Most HAR models, however, are trained on lab-based and pre-collected datasets, where activities are performed
under controlled, clinical conditions with a fixed and limited label set [13, 54, 56]. These settings do not reflect the
variability of real-world environments, including differences in user behavior, sensor placement, and context [1,
52, 64]. As a result, deployed models are largely static: they assume a fixed set of activities and do not adapt as
behaviors change over time.
This mismatch between controlled training data and real-world usage leads to several challenges. First,

models degrade in performance when encountering distribution shifts in routines, environments, or sensing
conditions [74]. Second, many activities that are meaningful for a specific individual may not be included in the
predefined label set, creating blind spots in the model’s predictions. Third, even for known activities, real-world
behavior is more diverse than what is captured in lab settings [34, 36]. While lab data typically reflect clean,
isolated executions of activities, real-world behaviors vary across individuals and contexts, often consisting of
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multiple sub-activities or different ways of performing the same task [32]. Furthermore, activities frequently
co-occur (e.g., walking while using a phone or talking), and these combinations can alter the underlying sensor
signals. Because most datasets treat activities as mutually exclusive and do not capture such variability or
interactions, models trained on them often struggle to generalize, leading to misclassifications or failure to
recognize meaningful distinctions in real-world usage.

2.2 The need for human-in-the-loop, feedback-driven HAR systems
The challenges described above highlight the need for human-in-the-loop, feedback-driven HAR systems that can
adapt to individuals and evolving real-world conditions. Prior researchers have extensively explored collecting
self-reported behavioral and activity labels in daily life, primarily focusing on efficient ways to gather annotations
from participants [20, 25]. These approaches generally fall into two categories: retrospective recall and in-situ
reporting. Retrospective recall asks participants to reconstruct their activities after the fact, often supported
by contextual cues such as sensor data [35, 42, 65]. While this can produce detailed annotations, it imposes
substantial cognitive burden and requires significant time and effort [35].

In contrast, in-situ methods collect labels when the activity is happening. A widely used approach is ecological
momentary assessment (EMA), in which participants are prompted throughout the day to report their current
activity or context [60]. EMA reduces recall bias and distributes effort over time, but frequent interruptions can
be burdensome and may lead to missing data [46, 49]. More recently, micro-EMA (𝜇EMA) reduces interaction
burden by using only brief, low-effort prompts that can be sustained at higher frequency [23, 51]. The original
smartwatch-based design of 𝜇EMA, however, relies on multiple-choice questions, limiting the ability to capture
activities beyond a predefined label set [50]. Recent open-ended, speech-based, and multimodal 𝜇EMA approaches,
enabling the collection of a broader and more personalized set of activity and contextual labels [27, 34, 36].

Beyond label collection, human-in-the-loop interactions can provide richer feedback to guide model learning.
Prior efforts have largely focused on querying users about uncertain or unknown activities during inference [14,
30, 61], with less attention to incorporating participants’ domain knowledge into training [3, 37, 67]. This is
especially important in real-world deployments, where models must adapt from limited data. In such settings,
few-shot learning is prone to overfitting, because models may rely on homogeneous patterns rather than the true
underlying signal [39]. User feedback can mitigate this issue by providing constraints or context about what
defines an activity, guiding the model toward the correct signal [5, 26, 71]. By narrowing the hypothesis space
and reinforcing meaningful patterns, such feedback might improve generalization and enable faster, more reliable
adaptation without requiring extensive labeled data.

2.3 Incremental learning for HAR
Incremental learning refers to updating a model as new data, users, or activity classes become available, rather
than retraining from scratch [72, 81]. This is particularly relevant to HAR, where activity vocabularies evolve
over time, user behaviors vary, and collecting large labeled datasets for each update is impractical. As a result,
incremental learning has been explored to support adaptation while reducing annotation and retraining cost.

Researchers have proposed a range of approaches for incremental HAR. Early methods detect and incorporate
unseen activities by updating model structures over time [48]. Subsequent work has focused on mitigating
catastrophic forgetting and supporting multimodal inputs, for example through regularization-based methods and
representation alignment across sensors [79]. Other approaches emphasize personalization, enabling continuous
adaptation to new users without requiring labeled target data [43], or leverage semantic representations and active
learning to recognize novel activities with minimal user input [10]. More recent work explores continual learning
frameworks based on prototype learning and replay mechanisms for streaming data, as well as architectures that
expand to accommodate heterogeneous sensing modalities [1, 40].
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Researchers have focused on techniques to reduce catastrophic forgetting [57, 59], supportpersonalization [43],
or recognize new class under single-label settings. Comparatively little research has been conducted on incremental
learning for co-occurring, multi-label activities, where multiple behaviors may occur simultaneously and updates
must account for overlaps between existing and newly added classes. Moreover, with the partial exception of
approaches that query users under uncertainty, researchers have not explicitly studied how human-in-the-loop
interaction can guide model updates by incorporating user knowledge. In this work, we introduce an incremental
HAR framework with human-in-the-loop components to support expanding activity corpus, handle multilabel
recognition, and minimize retraining at each update step.

3 Human-in-the-loop, incremental learning framework
We present the rationale and details for our framework.

3.1 Problem statement
We consider the problem of incrementally expanding a wearable-based human activity recognition system in
deployment. Given a system pre-trained on a small set of seed activitiesA0 = {𝑎1, . . . , 𝑎𝑆 }, our aim is to extend it
to recognize a growing set of activitiesA𝑡 =A0 ∪ {𝑎𝑆+1, . . . , 𝑎𝑆+𝑡 } as new activities are introduced one at a time.
At each step 𝑡 , a small amount of labeled data D𝑡 for the new activity is provided by the user.

The system must satisfy two requirements. First, it must correctly recognize the new activity after each
addition. Second, it must support multi-label prediction: in practice, activities frequently co-occur (e.g., “opening a
fridge” while “standing” ), and the system must recognize such combinations without requiring users to explicitly
annotate every possible activity pairing.

This second requirement is particularly challenging because the number of possible co-occurring combinations
grows quadratically with the size of the activity corpus, making exhaustive annotation infeasible. We instead
exploit the co-occurrence structure that naturally emerges when new activities are added — using it to update
predictions of existing classes without additional annotation effort and to enforce mutual-exclusion constraints
that suppress physically impossible combinations at inference time.

3.2 Supporting User Feedback via Microinteractions
A core design principle of our framework is that the annotation burden on the user should be minimal with
a short interaction. Instead of requiring users to label raw sensor windows or define training sets, we collect
feedback using a small number of lightweight microinteractions that occur when each new activity is added.
These interactions are designed to be completable in under a minute and require minimal machine learning
knowledge [2, 23].

We propose three types of user feedback, each targeting a different component of the system. The interaction
start with participants indicating they want to add a new activity 𝑎, and have provided a small amount of samples
(e.g., 30-60 seconds of performing the activity) for training.

Co-occurrence confirmation. When a new activity is added, the system automatically runs its predictions on the
new activity’s data and presents the user with a ranked list of existing activities that appear to co-occur with it.
For each candidate pair, the user confirms or denies the co-occurrence with a single binary response (e.g. “Does
opening the fridge happen while standing?” ). Confirmed co-occurrences trigger targeted retraining of the affected
existing heads; denied ones are used as negative evidence. This interaction replaces requiring the user to collect
and annotate combined activity data for every possible pair.

Sensor relevance specification. When adding a new activity, the user optionally rates the relevance of each
sensor to that activity on a three-point scale: low importance, unsure, or high importance. For example, an
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motion sensor stuck on the fridge door would be rated high importance for “open fridge” but low importance
for “walking”. All sensors are defaulted to unsure at initialization. This interaction takes the form of a simple
checklist and requires only basic familiarity with the sensor placement.

Mutual exclusion marking. The user identifies a small set of activities that cannot physically co-occur with
the new activity — for example, “walking” and “sitting” are mutually exclusive. These constraints are added to a
global registry and enforced at inference time to suppress physically impossible simultaneous predictions. In
practice, users can identify three to five such pairs per activity in a few seconds by scanning a list of previously
learned activities.

Together, these three microinteractions give the system structured prior knowledge that would be expensive
to learn from data alone, while keeping the total user effort per new activity to a minimum. Figure 1 illustrates
examples of each interaction type.

3.3 Framework Formulation
Our framework adopts a multi-head architecture in which a shared encoder produces a fixed embedding, and
each activity 𝑎 ∈ A𝑆+𝑡 is modeled by an independent binary classifier 𝑓𝑎 . This design enables multi-label
prediction, allowing multiple activities to be recognized simultaneously without needing to enumerate all possible
combinations during training. It also supports targeted updates: when a new activity is introduced, only the
heads whose behavior is affected by the new data needs to be updated, rather than retraining the entire model. In
our framework, we did not update the encoder/representation, and only update/retrain the binary classification
heads. This approach ensure that updating one activity classification head does not cause catastrophic forgetting
in other activities’.

Our incremental learning framework consists of two parts: part 1 is co-occurrence detection and incremental
updates to old classifiers, and part 2 is the addition of a new binary classifier based on user-specified activities.

3.3.1 Co-occurrence Detection and Incremental Updates of Existing Heads. When user introduces a new activity
𝑎𝑆+𝑡 with a small amount of few-shot samples, we first assess how existing heads respond by running inference
on the new activity’s samples D𝑡 . For each trained head ℎ𝑎 , we compute its mean predicted likelihood over these
samples:

𝑝𝑎 =
1
|D𝑡 |

∑︁
𝑥∈D𝑡

𝜎 (𝑓𝑎 (𝑥))

A head fires if 𝑝𝑎 ≥ 0.6 · 𝜏𝑎 , where 𝜏𝑎 is its calibrated threshold. The factor 0.6 accounts for partial co-occurrence
— if two activities co-occur in only 40% of windows, the mean probability will be lower than the full threshold
even if the head is working correctly. The fired heads are compared against the ground-truth (collected from
users’ confirmation or rejection), yielding confirmed co-occurrences (true positives), missed co-occurrences (false
negatives), and spurious firings (false positives).

For missed co-occurrences, we distinguish two cases. If the head already correctly classifies the co-occurring
windows in isolation but fails to fire globally (i.e., the likelihood predicted is the highest among all classes, but
not high enough to cross the threshold), we apply a small downward adjustment to its decision threshold:

𝜏𝑎 ← clip (𝑝𝑎 · 𝜂, 𝜏min, 𝜏𝑎)
where 𝜂 is a nudge factor (how aggressive we want to adjust the threshold) and 𝜏min prevents thresholds from
collapsing (empirically we set 𝜂 = 0.9 and 𝜏min = 0.2). If the head genuinely misclassified the co-occurring
windows, we retrain it using those windows as additional positives. For spurious firings, we retrain the head
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Fig. 1. Sequence of human interactions in our proposed incremental learning framework. First, the user indicates the activity
they want to add and provides few-shot samples. They also provide domain knowledge about the new activity (sensor
importance and mutual exclusivity with existing activities). The system then runs the new samples through the existing
classifiers and asks the user to confirm or reject co-occurrence. User responses are used as training signals for the existing
classifiers, while the domain knowledge is incorporated into the training of the new classifier.

using non-co-occurring windows of the new activity as additional negatives. In all retraining cases, previously
seen positive examples are replayed alongside the new data to prevent forgetting.

3.3.2 Adding new classifier heads with user specifications. A new binary head is trained for 𝑎𝑆+𝑡 using its labeled
training data, with two forms of user-specified domain knowledge incorporated into the head architecture.

• Sensor gatings: These are applied to the encoder embeddings before classification, focusing the head on
discriminative channels and suppressing irrelevant sensor noise.
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Dataset Subjects Multi-sensor Free-living Number of activities
Opportunity [13] 4 5 body motion +

12 object sensors
× 4 locomotion labels +

11 fine-grained gestures
PAAWS Lab [52] 20 5 body motion sensors × 41 activities
PAAWS FL [52] 20 8 body motion sensors ✓ 55 activities
WEAR [6] 23 4 body motion sensors × 19 activities

Table 1. Datasets used for testing.

• Mutual exclusivity (ME) constraints: The user identifies a setM(𝑎𝑆+𝑡 ) of activities that cannot co-occur
with the new activity. These pairs are added to the global mutual exclusion registryM, which is applied as
a post-hoc suppression step during inference.

4 Experiment protocol
In this section, we describe the evaluation conditions for our proposed framework: the datasets, the baseline
and ablation conditions, and how we simulate human-in-the-loop interactions. Since our framework is designed
to support personalized modeling and definition of activities, we conduct within-subject, few-shot learning
evaluations. For each participant in these dataset, we held out a portion of the dataset as train/val set (80/20 split),
and the rest of the data is held out as test set. We included the details about train and test set for each dataset in
the subsection below.

To demonstrate the utility of our framework in a multi-sensor and multi-label setting, we simulate evaluation
scenarios on four different datasets.

4.1 Datasets
We selected datasets with the following properties: 1) contains multiple sensors, and 2) has a large set of labels
(especially with multiple labeling schemes or a multilabel annotation scheme).

4.1.1 Opportunity Dataset [13]. This is a publicly available HAR dataset with five body motion sensors and 12
object motion sensors recorded while four subjects executed daily living activities. Each participant performed
six different runs, including five activity of daily living (ADL) runs and a drill run. The drill run was designed
such that participants performed the activities in a more constrained scenario, while the ADL runs consisted of
temporally unfolding situations. The dataset contains labels for high-level behaviors, locomotion, and gestures.
In this experiment, we used the locomotion (4) and gesture labels (11) for our simulation. For each participant in
the dataset, we used the drill run as the train/val set and the five ADL runs as the test set.

4.1.2 Physical Activity Assessment Using Wearable Sensors (PAAWS) Dataset - Lab [52]. The PAAWS Lab dataset
contains recordings of 41 physical activities collected using wearable accelerometer sensors. Data were recorded
using ActiGraph GT9X Link sensors at a sampling rate of 80 Hz with a measurement range of ±8g. During
data collection, participants wore 20 accelerometer sensors placed on both the left and right sides of the body.
The sensors were positioned as follows: four sensors around each ankle (lateral, anterior, posterior, and medial
positions), one sensor in the middle of each thigh, three sensors on each side of the waist (anterior axillary line,
midaxillary line, and posterior axillary line), and two sensors on each wrist (one on the top of the wrist, similar
to where a watch is commonly worn, and one on the underside of the wrist). For our experiments, we used eight
out of 20 sensors to simulate a simpler configuration, and data from 20 participants1 in this dataset. Specifically,
we used accelerometer data from the anterior ankle, thigh, midaxillary waist, and top wrist sensors on both sides
1For our experiments, we use data from participants with IDs: DS_10–DS_29.
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of the body. For each activity with longer than 3 min of readings, we used the first minute as the train/val set, and
the rest as the test set. For activities with less than 3 min of readings, we used a third of the data as the train/val
set, and the rest as held out the test set.

4.1.3 Physical Activity Assessment Using Wearable Sensors (PAAWS) Dataset - Free-living [52]. The PAAWS FL
dataset is a seven-day, unsupervised free-living dataset contains data from 20 participants2 with the recordings
of five ActiGraph GT9X Link sensors placed on the tops of the left and right wrists (like a watch), on the right
waist, in the middle of the right thigh, and the right ankle. It contains 55 unique activity labels, however, different
participants in the dataset had different set of activities, ranging from 15 to 26 activities. For each activity with
longer than 15 min readings, we used the first five minutes as train/val set, and the rest as test set. For activities
with less than 15 min of human-annotated annotation from front-facing camera, we used a third of the data as
the train/val set, and the rest as the held out test set.

4.1.4 WEAR Dataset [6]. WEAR is an outdoor sports dataset for both vision- and motion-based human activity
recognition (HAR). Data from 23 participants performing a total of 18 different workout activities were collected
with synchronized accelerometer and camera (egocentric video) data recorded at 11 different outside locations.
Accelerometer data was collected at 50 Hz with a sensitivity of ±8g using four open-source Bangle.js smartwatches
running a custom, open-source firmware. For our experiments, we used the triaxial acceleration data collected
from the left/right wrists and the left/right ankles. Each participant performed every activity for at least 90
seconds. We used 30 seconds of data for each activity for training/validation, and the rest as held out test sets.

4.2 Baselines and Ablations
We compare the proposed framework against two baselines that bound performance under different levels of
supervision and adaptation.
(1) Online few-shot baseline (lower bound). This setting mirrors the incremental setup but removes all human-

in-the-loop components. We used the same model architecture as Full HITL, but without sensor gating (sensor
weights are learned during training) and without post-inference mutual exclusivity (ME) constraints. When
a new activity was introduced, only a new classifier head was trained using new samples; previously learned
classifiers were left unchanged and got no updates.

(2) Full retraining baseline (upper bound). This setting used the same base architecture as Full HITL, but without
sensor gating or ME constraints (similar to the lower bound baseline). Each time a new activity is added, its
samples were incorporated into a full retraining procedure: all existing classifiers were updated, with the new
activity samples treated as negatives for previously learned classes.
Together, these baselines provide lower and upper bounds on performance: the online few-shot baseline

reflects a minimal adaptation strategy without user guidance, while the offline supervised baseline reflects a
more data-intensive approach with full retraining.

We conducted ablation experiments to understand the impact of each individual component of our framework
on the overall performance. These conditions use the same overall pipeline but remove a key component of the
proposed framework. Specifically, it excludes (1) targeted retraining of existing heads, (2) ME constraints, and (3)
sensor gating.

4.3 Simulation of human-in-the-loop interactions
We initialize the system with the same set of seed activities for every participant in each dataset (Table 2), and
introduce the remaining activities incrementally. For the structured, lab-based datasets (PAAWS Lab, Opportunity,

2For our experiments, we use data from participants with the following IDs: DS_10, DS_138, DS_139, DS_140, DS_235, DS_239, DS_240,
DS_246, DS_249 DS_36, DS_37, DS_38, DS_39, DS_42, DS_44, DS_48, DS_51, DS_58, DS_59, and DS_87.
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Dataset Seed Activities Added Activities Order of adding

Opportunity lie, sit, stand,
walk

open dishwasher, close dishwasher, open fridge, close fridge,
toggle switch, close drawer, open drawer, open door, close
door, clean table, drink from cup

random

WEAR jogging, lunges,
sit-ups

stretching triceps, stretching hamstrings, stretching shoulders,
stretching lunging, lunges complex, push-up complex, bench
dips, stretching lumbar rotation, burpees, push-ups, jogging
skipping, jogging butt-kicks, jogging sidesteps, sit-ups com-
plex, jogging rotating arms

random

PAAWS (Lab) cycling, sitting
still, standing
still, walking

conversation, loading shelf, playing frisbee, vacuuming, wash-
ing dishes, sitting with movement, organizing shelf cabinet,
reclining, web browsing, unloading shelf, folding clothes,
chopping food, writing, treadmill (3 mph), treadmill (3 mph
free walk), standing with movement, machine chest press, ab
crunches, lying on stomach, arm curls, treadmill (3 mph with
briefcase), treadmill (3 mph using phone), typing, walk down-
stairs, push-ups, walk upstairs, treadmill (3 mph drinking),
lying on back, lying on left side, treadmill (2 mph), lying on
right side, stationary bike, treadmill (4 mph), treadmill (5.5
mph)

random

PAAWS (FL) cycling, sitting
still, standing
still, walking

applying makeup, blow-drying hair, brushing teeth, station-
ary bike, resistance training (free-weight), resistance training,
dry mopping, dusting, flossing teeth, folding clothes, ironing,
kneeling still, kneeling with movement, lying still, lying with
movement, organizing shelf, playing frisbee, putting clothes
away, sitting with movement, sweeping, vacuuming, walk-
ing downstairs, walking fast, walking slow, walking tread-
mill, walking upstairs, washing face, washing hands, watering
plants

in dataset order
(per participant)

Table 2. Summary of seed and incrementally added activities across datasets.

and WEAR), where activities are performed under researcher instructions and do not follow a natural temporal
order, we randomize the sequence in which activities are introduced for each participant. In contrast, for the
PAAWS FL dataset, which consists of free-living, naturally occurring behaviors, we preserve the original order of
activity appearance in the annotations to reflect their real-world temporal progression.

Sensor relevance scores and mutual exclusion constraints are defined once per dataset by a single researcher.
For each activity, the researcher assigns a tag of “high importance”, “low importance” and “unsure” to each sensor
channel indicating its expected relevance. For example, a fridge accelerometer was tagged as “high importance”
for “open fridge” but “low importance” for “walking”. The researcher also identifies a set of activities (from three to
five activities) that cannot physically co-occur with each activity, such as “walking” and “sitting”, which are used
to suppress conflicting predictions at inference time. We include details of the simulation in the supplemental
materials.

4.4 Evaluation Metrics
We report macro and weighted F1 metrics at every step (a step is when a new activity is added to the model),
as well as the final metrics after all activities have been added. We report both metrics because they capture
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complementary aspects of performance in our incremental setting. Because activity classes are inherently
imbalanced — locomotion classes such as “walking” and “sitting” account for substantially more windows
than short-duration gestures such as “toggle switch” or “drink from cup” — weighted F1 reflects overall system
performance weighted by real-world activity frequency. Macro F1 treats all activities equally regardless of
frequency, making it sensitive to whether rare gesture classes are being recognized correctly. Together, the two
metrics allow us to assess both the practical utility of the system and its ability to recognize infrequent activities
that are the primary target of the incremental learning process.

We report F1 separately for three subsets of activities at each step: seed F1 measures performance on the four
initial locomotion activities, tracking whether the human-in-the-loop (HITL) process degrades previously learned
knowledge; new activity F1 measured performance on activities added through the incremental loop, reflecting
how well the system learns each new class; and all F1 aggregated performance across the complete activity set at
that step (seed and added activities). We also report the total number of retraining events triggered across the
incremental process, where a retraining event refers to an update to an existing head’s weights in response to a
co-occurrence detection — as opposed to threshold adjustments or training a new head from scratch.

4.5 Framework Implementation
We implemented our incremental learning framework consistently across all four datasets, using accelerometer
data resampled to 20Hz and segmented with a 5-second sliding window and one-second stride. All models were
implemented in PyTorch and trained on a local NVIDIA RTX 5090 GPU. Code for all experiments will be made
available at§ /HITL-class-incremental-learning upon publication.

The design choices described below (e.g., encoder, window size, ME and sensor gating mechanism) represent
one concrete implementation of the framework used for evaluation. They are meant to illustrate how the system
can be implemented in practice, rather than to exhaustively explore or optimize all possible configurations.
The framework can be implemented with alternative encoders (e.g., masked autoencoder [17], STMAE [45]),
representations, binary classifier (e.g., random forest, prototype-based [1]), experience replay [58], or more
sophisticated sensor gating or ME constraints methods.

4.5.1 Pre-trained Encoder. We pre-trained a SimCLR encoder on approximately 800 hours of accelerometer data
from 20 participants in the PAAWS Lab dataset3. These are completely separate from the 20 participants we
include in the incremental learning experiments. The encoder follows the TPN architecture of Saeed et al. [55] —
three stacked 1D convolutional layers (32, 64, and 96 filters with kernel sizes 24, 16, and 8 respectively), each
followed by 10% dropout, with a global max pooling layer producing a 96-dimensional embedding per window. A
three-layer projection head is attached during contrastive training and discarded afterwards. Training uses the
NT-Xent loss [8] with four augmentations: time warp, rotation, Gaussian noise, and amplitude scaling.

4.5.2 Binary Classifier Heads. Each activity 𝑎 is represented by a dedicated binary classification head 𝑓𝑎 operating
on frozen encoder embeddings. Let 𝐿 denote the number of sensors and 𝐷 the embedding dimension.

Early fusion (see Figure 2a). We extract an embedding from each sensor independently using a shared encoder,
resulting in an embedding matrix 𝑍 ∈ R𝑛×𝐷 , where 𝑛 is the number of sensors and 𝐷 is the embedding dimension.
To incorporate user-provided sensor relevance, we apply a per-sensor gate 𝑔 ∈ {0, 0.5, 1.0}𝑛 , in which 0 = “low
importance”, 0.5 = “unsure” and 1 = “high importance”, which scales each sensor’s embedding:

𝑍 = 𝑍 ⊙ 𝑔

3For pre-training the encoder, we use accelerometer data from participants with IDs DS_30–DS_39 in the PAAWS Lab dataset on the same
eight sensors listed in Section 4.1
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(a) Early fusion.

(b) Late fusion.

Fig. 2. Architecture of our framework implementation for early (a) and late (b) fusion. Each sensor modality (e.g., IMU, audio,
PPG, camera) is processed by a corresponding encoder to extract embeddings. Sensor streams with similar characteristics
(e.g., accelerometers from different devices) can share the same encoder. In our experiments, all inputs are accelerometer
signals collected from different body locations or objects; thus, we use a single SimCLR encoder pretrained on multi-limb
ActiGraph data.

The gated embeddings are then flattened into a single vector and passed through a two-layer MLP to produce a
binary prediction:

𝑦 = 𝑓a (𝑍flat)

where 𝑍flat ∈ R𝑛×𝐷 and 𝑓a consists of a linear layer with 256 units, followed by ReLU activation and 0.3 dropout.
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Late fusion (see Figure 2b). In contrast, late fusion processes each sensor independently. For each sensor
𝑙 ∈ {1, . . . , 𝑛}, we apply a separate binary classifier to its embedding 𝑍𝑙 ∈ R𝐷 , scaled by the corresponding gate
value 𝑔𝑙 . The resulting per-sensor predictions are then combined using a normalized weighted sum:

𝑦𝑙 = 𝑓
(𝑙 )
𝑎 (𝑍𝑙 · 𝑔𝑙 ) 𝑦 =

∑𝑛
𝑙=1𝑤𝑙 · 𝑦𝑙∑𝑛

𝑙=1𝑤𝑙

Training. All classifier heads are trained with focal loss (𝛾 = 2) to handle class imbalance, with positive class
weight capped at 10. We use Adam [29] with learning rate 10−3 for new heads and 10−4 for retraining, with early
stopping on validation AUC (patience 10). Decision thresholds are calibrated per head on the validation set by
maximizing F1 on the precision-recall curve, constrained to [0.2, 0.8] to avoid collapse.

At inference time, ME constraints are enforced as a post-hoc suppression step. LetM = {(𝑎,𝑏)} be the set of
mutually exclusive activity pairs. For each firing pair (𝑎, 𝑏) ∈ M, we suppress the lower-confidence prediction:

𝑦𝑎 =

{
0 if ∃𝑏 : (𝑎, 𝑏) ∈ M, 𝑝𝑏 > 𝑝𝑎

⊮[𝑝𝑎 ≥ 𝜏𝑎] otherwise
(1)

where 𝑝𝑎 = 𝜎 (𝑙𝑎) is the predicted probability and 𝜏𝑎 is the calibrated threshold for activity 𝑎.

5 Evaluation results
In this section, we present the results from our experiments. Our findings include a direct comparison with
baseline, analysis of the class boundaries, and an analysis of the impact of ME, sensor gating, and seed activity
choice.

5.1 Comparisons with baselines
Our framework outperforms the few-shot baseline in all datasets in both macro and weighted F1 scores, with
significantly fewer retraining episodes compared to the full retraining condition. Table 3 provides detailed
performance breakdowns for seed activities, newly added activities, and all activities combined.
For seed activities (see Table 3a), Full HITL consistently preserves or improves baseline performance, with

the most pronounced macro F1 improvements observed on WEAR (early fusion: ▲ + .69; late fusion: ▲ + .49),
PAAWS FL (early: ▲ + .20; late: ▲ + .16), and PAAWS Lab (early: ▲ + .16; late: ▲ + .11). These gains are driven
almost entirely by the targeted retraining mechanism, as the w/o retrain condition is close to the baseline numbers
across all datasets.
For newly added activities (Table 3b), improvements in macro F1 over the baseline are more modest. Full

HITL yields gains on Opportunity (▲ + .04) and PAAWS Lab (▲ + .02), while performance remains largely stable
on PAAWS FL (▲ + .01) and WEAR. These trends are influenced by the choice of seed activities, as well as the
characteristics of the activities and sensor configurations, which we examine in more detail in Section 5.5.
For all activities performance (see Table 3c), Full HITL yields consistent improvements over the baseline on

every dataset, with improvements in macro F1 scores ranging from ▲ + .03 on PAAWS Lab and ▲ + .12 on WEAR.
The average number of retraining episodes per run is small relative to the total number of activities added (see
Table 3d) — with the exception of 46.2 ± 12.3 retrain episodes on WEAR dataset under late fusion (still small
compared to full retrain with 165 episodes) — indicating that the co-occurrence detection mechanism selectively
triggers retraining only when necessary. Looking at aggregated results, sensor gating and mutual exclusion
contribute marginal and inconsistent effects across datasets. We take a closer look at the impact of sensor gating
and ME constraints on individual activity in Section 5.3 and 5.4.
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Table 3. Performance comparison across datasets with ablation analysis (mean ± SD). We highlight conditions where our
full framework outperformed the few-shot baseline.

Fusion Condition PAAWS (Lab) PAAWS (FL) Opportunity WEAR

M F1 W F1 M F1 W F1 M F1 W F1 M F1 W F1

(a) Seed activities performance

Early

Baseline .61±.10 .72±.05 .32±.10 .58±.20 .65±.03 .69±.04 .19±.07 .19±.07
Full HITL .77±.07 .82±.04 .52±.12 .74±.12 .67±.04 .70±.04 .88±.08 .88±.08
w/o ME .77±.07 .82±.03 .52±.12 .73±.12 .67±.04 .70±.04 .89±.08 .88±.09
w/o retrain .61±.10 .72±.05 .32±.10 .58±.20 .65±.03 .69±.04 .19±.07 .19±.07
w/o sensor gating .78±.06 .82±.03 .51±.11 .73±.11 .67±.04 .70±.04 .89±.07 .89±.07
Full retrain .78±.03 .85±.03 .54±.06 .79±.08 .65±.07 0.68±0.02 .92±.20 .92±.19

Late

Baseline .56±.10 .68±.08 .33±.10 .60±.21 .46±.06 .57±.06 .40±.08 .40±.09
Full HITL .67±.09 .77±.08 .49±.10 .73±.10 .44±.06 .56±.06 .89±.07 .89±.08
w/o ME .67±.09 .76±.08 .48±.09 .73±.10 .44±.06 .56±.06 .89±.08 .89±.08
w/o retrain .56±.10 .68±.08 .33±.10 .60±.21 .46±.06 .57±.06 .40±.08 .40±.09
w/o sensor gating .67±.09 .77±.08 .48±.09 .73±.10 .45±.05 .56±.05 .90±.07 .89±.08
Full retrain .87±.05 .88±.06 .52±.05 .75±.06 .42±.01 .56±.07 .89±.20 .89±.19

(b) New activities performance

Early

Baseline .74±.05 .72±.04 .44±.06 .77±.08 .47±.04 .51±.05 .81±.05 .81±.05
Full HITL .76±.03 .76±.03 .45±.08 .77±.08 .51±.07 .54±.05 .81±.06 .81±.06
w/o ME .76±.03 .76±.03 .44±.06 .77±.08 .52±.05 .55±.05 .81±.05 .81±.05
w/o retrain .74±.04 .73±.04 .44±.07 .77±.08 .48±.02 .51±.04 .79±.06 .79±.06
w/o sensor gating .75±.05 .75±.03 .45±.06 .77±.08 .51±.03 .54±.04 .81±.06 .81±.06
Full retrain .78±.02 .81±.03 .48±.06 .82±.08 .45±.05 .50±.06 .90±.19 .90±.19

Late

Baseline .74±.04 .72±.04 .46±.07 .77±.08 .45±.03 .48±.03 .78±.07 .78±.07
Full HITL .76±.04 .75±.04 .44±.07 .77±.08 .50±.03 .53±.04 .77±.07 .77±.08
w/o ME .76±.04 .75±.04 .45±.06 .77±.09 .53±.04 .56±.04 .76±.08 .75±.08
w/o retrain .74±.04 .73±.04 .45±.07 .77±.08 .47±.03 .50±.05 .74±.06 .74±.07
w/o sensor gating .76±.04 .74±.04 .45±.07 .77±.08 .53±.03 .56±.05 .77±.07 .77±.08
Full retrain .85±.12 .87±.12 .48±.06 .82±.08 .17±.02 .20±.06 .89±.19 .89±.19

(c) All activities performance

Early

Baseline .73±.05 .72±.04 .42±.05 .71±.09 .52±.03 .64±.03 .70±.05 .70±.05
Full HITL .76±.03 .78±.02 .46±.07 .77±.07 .55±.05 .65±.04 .82±.05 .82±.06
w/o ME .76±.03 .79±.02 .46±.06 .77±.07 .56±.04 .65±.03 .82±.05 .82±.05
w/o retrain .73±.04 .73±.03 .42±.06 .71±.09 .52±.02 .64±.03 .69±.05 .68±.05
w/o sensor gating .75±.04 .78±.02 .46±.06 .76±.07 .56±.03 .65±.04 .82±.06 .82±.06
Full retrain .78±.04 .81±0.3 .50±.09 .80±.08 0.51±.04 .63±.02 .90±.19 .90±.19

Late

Baseline .72±.04 .71±.04 .44±.05 .72±.09 .45±.02 .54±.04 .72±.06 .72±.07

(continued on next page)
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(continued)

Fusion Condition PAAWS (Lab) PAAWS (FL) Opportunity WEAR

M F1 W F1 M F1 W F1 M F1 W F1 M F1 W F1

Full HITL .75±.04 .76±.04 .45±.06 .77±.07 .49±.04 .55±.04 .79±.07 .79±.07
w/o ME .75±.04 .76±.04 .45±.06 .76±.08 .51±.04 .56±.04 .78±.07 .78±.07
w/o retrain .72±.04 .71±.04 .43±.05 .73±.09 .47±.03 .55±.05 .68±.06 .68±.06
w/o sensor gating .75±.04 .75±.04 .45±.06 .76±.07 .51±.03 .56±.04 .79±.06 .79±.07
Full retrain .86±.04 .87±.12 .49±.09 .79±.08 .24±.02 .45±.04 .89±.20 .91±.19

(d) Average retrain episodes (number of heads getting retrained during the incremental learning process)

Early

Baseline – – – –

Full HITL 21.2±5.3 10.9±3.8 7.8±3.3 12.8±2.5
w/o ME 20.6±5.4 11.1±3.8 6.5±2.5 13.5±3.7
w/o retrain – – – –
w/o sensor gating 21.1±5.0 10.9±3.8 9.2±2.2 12.0±2.3
Full retrain 851.0±0.0 250.1±78.2 110.0±0.0 165.0±0.0

Late

Baseline – – – –

Full HITL 22.1±4.8 12.1±4.7 17.2±2.5 46.2±12.3
w/o ME 21.4±4.3 11.7±4.5 18.0±2.8 47.4±10.3
w/o retrain – – – –
w/o sensor gating 21.7±4.8 11.8±4.7 18.8±0.5 39.3±12.0
Full retrain 851.0±0.0 250.1±78.2 110.0±0.0 165.0±0.0

We present the step-wise progression of macro F1 scores in Figure 3. Across all four datasets, the Full HITL
framework consistently outperforms the few-shot baseline on the held-out test set at each step, with the exception
of PAAWS FL under late fusion, where the gap is less pronounced. This pattern suggests that the performance
gains are stable across the incremental learning process, rather than driven by the addition of any single activity.

5.2 Visualization of classifier boundaries evolution
To illustrate how the model evolves as new activities are introduced, we visualize the learned feature space across
incremental steps. While metrics such as F1 score summarize performance, they do not reveal how decision
regions shift or how co-occurrence relationships are represented. Feature space visualization enables us to observe
emerging clusters, co-occurring activities, and targeted updates to existing classifier heads.
For each sample, we extract per-limb embeddings from the frozen encoder, flatten them, and project them to

two dimensions using UMAP [44], fitted jointly on training samples for stability. Points are colored by model
predictions (i.e., which classification head was activated), with gray indicating no activation. Soft density contours
show the coverage of the four seed heads.

We show the snapshots of model evolution in Figure 4. In Step 0, only the seed activities (“walking”, “sitting”,
“standing”, “cycling” ) are present. In Step 1, “lying on left side” is added, turning a previously unassigned cluster
into a new region (purple samples). No existing classifiers were activated on the new samples, so no retraining
or updates were triggered. In Step 2, activity “treadmill (4mph)” were added, the model predicted co-occurence
with “walking”. Since the co-occurence detection was corrected (confirmed by user), no retraining or updates are
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Fig. 3. Macro F1 progression over steps.

triggered. In Step 3, new activity “chopping food” was added, the system predicted co-occurence with “walking”
and “standing”. The user confirmed “standing” but rejected “walking”, so a retraining episode is triggered on the
“walking” classifier (we can see from the UMAP visualization, the dark blue region was shrunk after the update).

These visualizations provide geometric evidence that the system evolves in a principled manner: co-occurrence
relationships are grounded in genuine feature similarity, targeted retraining updates only the affected heads, and
unrelated clusters remain undisturbed as new activities are incrementally introduced.

5.3 Analysis of the impact of sensor gating on model performance
Although aggregate results (Table 3) suggest that sensor gating contributes little to overall performance, a closer
per-activity analysis reveals a markedly different picture (see Figure 5). The effect of gating is highly uneven,
with improvements for some activities and clear degradation for others.

The PAAWS Lab and PAAWS FL dataset share similar sensor configurations and overlapping activity sets, thus
having similar patterns. Across both datasets, gating tends to benefit activities with distinct and spatially localized
sensor signatures. For example, activities with isolated sensor differences (easy to gate) in PAAWS Lab such as
“Lying on right side” (▲ + .14), “Lying on left side” (▲ + .08), and “Lying on back” (▲ + .07), as well as repetitive
upper-body or structured movements in PAAWS FL such as “Flossing teeth” (▲ + .10), “Sweeping” (▲ + .04), and
“Dry mopping” (▲ + .03), show consistent improvements. In contrast, activities that are highly similar to one
another and rely on distributed, full-body motion patterns show limited gains or degradation. This is particularly
evident for walking-related variations: in PAAWS Lab, activities such as different variations of “Treadmill (3 mph)”
and “Walk downstairs” (▼ − .03) do not benefit from gating, and in PAAWS FL, “Walking treadmill” (▼ − .14),
“Walking fast” (▼ − .006), and “Walk downstairs” (▼ − .02) show similar trends. Sensor gating works best when
the useful signal comes from a small set of sensors, where it can reduce noise and focus the model. Sensor gating,
however, less helpful for groups of similar activities that rely on signals from many sensors, where the differences
are subtle and not always obvious to humans.
In the Opportunity dataset, the overall effect of sensor gating is relatively small despite the presence of

additional object-mounted sensors. While modest gains are observed for activities such as “Close fridge” (▲ + .04)
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Fig. 4. Snapshot of how the activity boundary refined as new activities were added (PAAWS Lab; subject DS_11). Each point
represents a test window, colored by which binary head fires on it; gray points are not claimed by any trained head. Soft
shaded regions show the coverage of each seed head (Step 0). After seed training, four locomotion activities are recognized;
the “lying on left side” cluster (dashed circle) has no head yet and remains gray. (Step 1) A “lying on left side” class is added —
the previously gray cluster is now claimed. (Step 2) A “treadmill 4mph” activity is added; the “treadmill 4mph” cluster appears
(yellow datapoints), while the “walking” classifier (dark blue shaded region) continues to be activated on it, illustrating
co-occurrence. (Step 3) A “chopping food” activity is added; the “walking” region is updated to correct false positives detected
by adding the new activity.

and “Drink from cup” (▲ + .03), performance decreases for others including “Clean table” (▼ − .07) and “Close
drawer” (▼ − .05). Notably, activities that involve the same object but opposite actions (e.g., “Open door” vs. “Close
door,” “Open drawer” vs. “Close drawer” ) are difficult to separate, and improvements are often observed for only
one of the paired actions. Others errors are from gestures that have no dedicated object motion sensor, such as
“Clean table” with F1 score ▼ − .07 (no sensor on the table, so we could only mark the motion sensor in knives
and plates as “high importance”), or “Toggle switch” (we marked all object sensors as “low importance” for this
activity).
In the WEAR dataset, the impact of sensor gating is even more limited, with only minor improvements for

activities such as “Sit ups complex” (▲ + .03) and “Lunges complex” (▲ + .03), and small decreases for activities
like “Jogging skipping” (▼ − .05). Most activities in WEAR involve full-body movement, making it difficult—even
for domain experts—to identify a small subset of sensors that are most informative. The dataset also contains
many groups of closely related activities (e.g., variations of jogging and lunging) with highly similar motion
patterns, where restricting the model to a subset of sensors removes subtle but important differences needed for
discrimination.
Together, these results suggest that sensor gating is highly activity-dependent. It tends to help when the

discriminative signal is spatially localized (e.g., in postures or repetitive movements) where focusing on a subset
of sensors reduces noise and improves separability. However, it can hurt when recognition depends on distributed,
whole-body patterns, because hard gating may remove complementary signals needed to capture coordinated
motion. Importantly, sensors that appear “irrelevant” for a given activity may still provide useful negative
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Fig. 5. Impact of sensor gating on the performance of the model.

evidence: for example, the absence of motion in certain body locations can help distinguish between similar
activities. By suppressing these signals, gating can reduce the model’s ability to differentiate between classes.

5.4 Analysis of the impact of ME constraints on model performance
Aggregate results (Table 3) suggest that mutual exclusion (ME) constraints have limited overall impact, in this
section, we look closer at the impact of ME constraint on model performance (Figure 6).

The strongest and most consistent degradation is observed in the Opportunity dataset. While a few activities
benefit, such as “Close drawer” (▲ + .07) and “Close door” (▲ + .06), many others show clear drops, including
“Open dishwasher” (▼ − .09), “Toggle switch” (▼ − .06), and “Drink from cup” (▼ − .05). Some of these errors can
be attributed to the presence of paired actions on the same object (e.g., “Open drawer” vs. “Close drawer”, “Open
door” vs. “Close door” ), where enforcing mutual exclusion can suppress the correct prediction when the model
confuses the pair.

In contrast, the other datasets show more mixed and generally smaller effects. In the PAAWS Lab and PAAWS
FL datasets, ME constraints lead to both improvements and degradations across activities, while in the WEAR
dataset the overall impact remains modest. These results suggest that the benefit of ME constraints depends
heavily on how well the defined exclusions align with true activity relationships and can be harmful when applied
to closely related activity pairs.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: June 2026.



Human-in-the-loop Incremental Learning for Human Activity Recognition with Multimodal Wearable Sensors • 19

0.0 0.2 0.4 0.6 0.8 1.0
Final F1

Open Dishwasher
Toggle Switch

Drink from Cup
Clean Table

Close Dishwasher
Open Door

Close Fridge
Open Drawer
Open Fridge
Close Door

Close Drawer

-0.09
-0.06

-0.05
-0.04

-0.04
-0.03

-0.03
+0.01

+0.04
+0.06

+0.07

OPPORTUNITY

0.0 0.2 0.4 0.6 0.8 1.0
Final F1

stretching lumbar rotation
jogging skipping

stretching hamstrings
jogging sidesteps

jogging rotating arms
sit ups complex

bench dips
push ups complex

push ups
stretching lunging

burpees
lunges complex

stretching triceps
stretching shoulders

jogging butt kicks

-0.04
-0.04

-0.04
-0.02

-0.01
-0.01

+0.03
+0.03

+0.05
WEAR

0.0 0.2 0.4 0.6 0.8 1.0
Final F1

Lying on stomach
Treadmill (3 mph)

Push-ups
Playing frisbee

Walk downstairs
Ab crunches

Treadmill (3 mph using phone)
Walk upstairs

Treadmill (3 mph briefcase)
Treadmill (3 mph hands pockets)

Sitting with movement
Standing with movement

Lying on left side
Stationary bike

Treadmill (4 mph)
Organizing shelf

Machine leg press
Treadmill (5.5 mph)
Lying on right side

Treadmill (3 mph free walk)
Treadmill (3 mph drinking)

Chopping food
Web browsing

Reclining
Treadmill (2 mph)

Lying on back
Machine chest press

Sweeping
Conversation
Loading shelf

Folding clothes
Vacuuming

Unloading shelf
Arm curls

Washing dishes
Typing

Writing

-0.13
-0.05

-0.05
-0.04

-0.04
-0.03
-0.03

-0.02
-0.02

-0.02
-0.01

-0.01

+0.01
+0.02

+0.02
+0.02

+0.02
+0.03

+0.03
+0.04

+0.04
+0.04

+0.05
+0.07

PAAWS Lab

0.0 0.2 0.4 0.6 0.8 1.0
Final F1

Playing frisbee
Dry mopping
Washing face

Sweeping
Vacuuming

Walk downstairs
Ironing

Organizing shelf
Putting clothes away

Watering plants
Stationary bike

Standing with movement
Lying with movement

Blow-drying hair
Dusting

Sitting with movement
Lying still

Walking slow
Bodyweight

Brushing teeth
Resistance training

Washing hands
Walk upstairs

Kneeling with movement
Folding clothes

Applying makeup
Walking fast
Kneeling still

Walking treadmill
Flossing teeth

-0.24
-0.10

-0.08
-0.04

-0.02
-0.02
-0.02

-0.02
-0.01

+0.01
+0.03
+0.04

+0.08
+0.09

+0.12
+0.12

+0.17

PAAWS FL

Full HITL w/o sensor gating Full HITL (with sensor gating)

Fig. 6. Impact of ME constraints on the performance of the model.

5.5 Analysis of the impact of seed activity choice on model evolution
We analyze how the choice of seed activities affects model evolution by examining the number of retraining
events triggered for each class (Figure 7). Across the PAAWS Lab, PAAWS FL, and WEAR datasets, most retraining
events occur on the seed activities rather than the newly added ones. For example, in the PAAWS Lab dataset
(20 participants), “Standing” and “Sitting” are retrained over 100 times across 20 participants, and new activities
account for 121 retrains in total; in the PAAWS FL dataset (20 participants), seed activities such as “Walking” (73
retrain episodes) and “Standing” (68 retrain episodes) dominate retraining, compared to only 14 retrain episodes
across all new activities. A similar pattern appears in the WEAR dataset (23 participants), where seed activities
such as “Lunges” (86 retrain episodes), “Sit ups” (78 retrain episodes), and “Jogging” (70 retrain episodes) receive
more retraining than most added activities. This suggests that in these datasets, newly added activities are often
closely related to the seed activities and primarily serve to refine their decision boundaries.
In contrast, results on the Opportunity dataset (4 participants) shows a different pattern, where a larger

share of retraining and improvement in F1 scores occurs among newly added activities. Here, seed activities are
posture-based (e.g., “Sit,” “Stand,” “Lie” ), and added activities are object-centric actions (e.g., interacting with doors
or drawers) that depend on different sensors. Many of these activities appear in paired forms (e.g., “Open door”
vs. “Close door,” ) so adding one often triggers updates in its paired counterpart rather than the seed activities. The
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Fig. 7. Impact of seed-activity choice on incremental learning. Macro F1 at initialization vs. final step and the number of
retrain episodes across all participants.

choice of seed activities has an influence the evolution of the model (in both F1 score performance and number of
retrain episode).

6 Discussion and Future Work
In this section, we discuss the implications of our work for the human-in-the-loop activity recognition system
and provide suggestions for combining it with existing techniques in the literature to enable real-time, lifelong
activity recognition in the wild.

6.1 How human-in-the-loop interactions could improve HAR model prediction
Recent advances in HAR have largely focused on developing increasingly powerful, generalized models, often
trained on large-scale datasets with the expectation that they will generalize across users and contexts [18, 53, 80].
This generalization, however, has been challenging because datasets vary in their activities, making it difficult
to robustly deploy and evaluate these HAR models in the real world, where the set of activities can change.
Human-in-the-loop systems have the potential to improve the generalization of HAR models to new scenarios.
These systems, however, have not been much explored. Existing systems that incorporate user feedback typically
rely on lightweight interactions, such as in-the-moment self-reports or confirmation of predicted activities [3, 24].
Some approaches also allow users to inject domain knowledge into structured or knowledge-based models [26].
While these methods demonstrate the feasibility of integrating user input, they primarily treat users as sources
of labels or validation signals [50], rather than as active collaborators in tuning model behavior.

In this work, we present a framework that incorporates multiple forms of user feedback (co-occurrence, mutual
exclusiveness, and sensor relevance) to support model training and adaptation in a few-shot setting [62]. Our
results show that detecting co-occurring activities and performing targeted retraining during the addition of
new activities can improve model performance over time, particularly in refining existing activity boundaries.
We also explore incorporating additional forms of domain knowledge, such as sensor importance and mutual
exclusivity between activities. While the effectiveness of these signals varies depending on the activity and
sensing configuration, our framework demonstrates the feasibility of integrating richer forms of user knowledge
into the learning process.
Our findings demonstrate the promise and the broader potential of enabling multiple forms of user-guided

knowledge injection into HAR models. Future work should explore a wider range of human-in-the-loop interac-
tions, potentially tailored to specific sensing setups and application contexts. For example, users could remove
irrelevant activity classes, provide contextual constraints such as location-based activation of classifiers [76], or
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Fig. 8. How our framework could be integrated with micro-interactions on the smartwatch

adjust sensor usage to balance performance and privacy [38]. Exploring these interaction mechanisms remains
an important direction, and future work could use our framework as a starting point and add relevant novel
interactions.

6.2 Integration with microinteraction EMA (𝜇EMA) for real-time systems
Prior work has explored a wide range of methods for collecting activity labels, including end-of-day recall and
reflection-based logging [25, 35, 63, 66]. More recently, researchers have introduced speech-based and multimodal
interactions on smartwatches to support lightweight, in-situ data collection [2, 27]. In many cases, however, these
collected labels are primarily used for model evaluation or validation rather than for continuous training and
adaptation in real time [50].

Our proposed framework presents an opportunity to move beyond passive data collection toward lightweight,
human-in-the-loop activity recognition systems that operate directly onwearable devices. In particular, integrating
the framework with micro-EMA (𝜇EMA) is promising, as prior work has shown that such micro-interactions
can be sustained over long periods with low user burden [51]. This makes 𝜇EMA well-suited for studying how
models adapt to evolving activities, contexts, and routines in longitudinal, real-world settings.

We envision some interaction mechanisms enabled by this integration. First, users could define new activities
through few-shot interactions (see Figure 8): performing an activity for a short duration (e.g., 30–60 seconds)
to provide initial training data, allowing the system to quickly instantiate new classifiers [37, 73]. Second, the
system can passively detect potential novel activities, e.g., when none of the existing classifiers are activated
with enough confidence, and selectively query the user for clarification. These queried segments could then be
incorporated as training samples, reducing the need for users to proactively provide samples for all activities of
interest.

While our frameworks enable many such interesting amd novel interactions. There are many open challenges in
real-time, free-living deployments that future work should explore. Some challenges include assessing,ecological
validity, long-term user engagement, limited screen space in wearables, and the trade-offs between model
performance, latency, battery life, and user burden in naturalistic settings [77].
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6.3 Towards human-centered, customizable, interpretable activity recognition systems
This work leads an initial step toward human-centered, user-customizable HAR systems. Such systems enable
individuals to track activities that are personally meaningful, rather than being constrained to a fixed, predefined
label set [69, 70]. More broadly, they provide a flexible platform for researchers to rapidly develop activity
classifiers tailored to specialized study populations or health outcomes, particularly in cases where existing
datasets are limited or unrepresentative (e.g., wheelchair users or niche behaviors) [7, 21]. Supporting adaptation
to new activities, as well as evolving sensor configurations, opens up new opportunities for personalized tracking,
interactive systems, and context-aware interventions.

At the same time, our results highlight important challenges in designing effective human-in-the-loop systems.
In some cases, user interactions can negatively impact model performance, underscoring the need for systems that
can communicate effectively with users. Future HAR systems should be designed to (1) convey their limitations,
such as when certain activities cannot be reliably learned [73], (2) support debugging when performance degrades
(e.g., due to distribution shift, overfitting, or sensor failure) [26], and (3) enable users to take actions to correct the
model [71]. Achieving this through lightweight interactions remains challenging, particularly given the screen
real-estate and input options on wearable and mobile devices [68, 78].

Recent advances in large language models (LLMs) and interpretable machine learning offer promising directions
to address these challenges [5, 9]. Emerging work suggests that LLMs can help translate model behavior and sensor
data into human-understandable explanations, enabling more effective communication of system limitations and
supporting interactive debugging [12, 22, 33, 67, 80]. Integrating such capabilities into HAR systems may allow
users to better understand, diagnose, and refine model behavior through natural, low-effort interactions.

7 Limitations
This work has several limitations. First, our evaluation is conducted offline using existing datasets, necessitating
the simulation of adding new activities. While this enables controlled experimentation, real-world settings are
substantially more complex. In free-living, activities may overlap, transitions may be ambiguous, and some activi-
ties may not be distinguishable given the available signals. Moreover, our setup does not allow for longitudinal
evaluation, limiting our ability to study how the system performs under sustained use, evolving routines, and
long-term adaptation.
Second, the human-in-the-loop interactions in our study are simulated and performed by researchers. As

domain experts, they likely provide cleaner and more consistent feedback than typical users, representing a
best-case scenario. In real-world deployments, user interactions are expected to be noisier, less consistent, and
influenced by varying levels of understanding of the system, introducing error into labeling, which may affect
both model performance and usability.
Third, our experiments are limited to accelerometer-based sensing from objects and body-worn devices. In

real-world applications, HAR systems often incorporate a wider range of sensing modalities, such as audio, vision,
physiological signals, and location. These modalities may provide more salient or complementary signals for
certain activities and could make it easier for users to provide meaningful feedback (e.g., associating “walking”
with motion or “talking” with audio). Exploring how the proposed framework extends to multimodal sensing
environments remains an important direction for future work.

Finally, our implementation relies on a single representation learning backbone (SimCLR) [55]. While the pro-
posed framework is model-agnostic and can be applied to other architectures, we do not evaluate its performance
across different backbones. As a result, the extent to which our findings generalize to alternative representation
learning methods remains an open question.
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8 Conclusion
We introduce a human-in-the-loop incremental learning framework for activity recognition that enables adaptive,
multi-label modeling with minimal data. Our results demonstrate the potential of integrating user feedback to
guide model updates, improving robustness and addressing key limitations of few-shot learning in real-world
settings. More broadly, this work highlights a shift toward human-centered HAR systems, where users could
actively shape model behavior rather than just passively providing data. Our work has several implications
for future research on interactive, interpretable, and continuously adaptive sensing systems for real-world
deployment.
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