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the filter, adjust the grind 
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 Oh, sure.
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 I’m pouring milk.
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 I’m washing the jar.
 Nice, the next step is 

to clean the wand.

no camera, 
only watch

(C) Improved Performance(A) Efficient Training

Step 1: Attach a filter
…
…
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Step 19: Wash filter
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Figure 1: Sensor-based task assistants typically require substantial training for a single target task and still suffer from
error-prone interactions. Our PrISM framework facilitates more scalable development of such context-aware assistants. (A) It
supports the efficient training of sensing models from a demonstration. (B) It adapts its understanding of the user’s actions and
context through mixed-initiative dialogue. (C) Such scalable training for new tasks and real-time adaptation enhances the
system’s tracking accuracy and interaction quality, all without additional user effort (numbers are extracted from the results of
Studies #1 and #2, latte-making task).

Abstract
Daily tasks such as cooking, machine operation, and medical self-
care often require context-aware assistance, yet existing systems
are hard to scale due to high training costs and unpredictable and
imperfect performance. This work introduces the PrISM frame-
work, which streamlines the process of creating an assistant for
users’ own tasks using demonstration and dialogue. First, our track-
ing algorithm effectively learns sensor representation for steps in
procedures from a single demonstration. Second, and critically, to
tackle the challenges of sensing imperfections and unpredictable
user behaviors, we implement a dialogue-based context adaptation
mechanism. The dialogue refines the system’s understanding in real
time, thereby reducing errors such as inappropriate responses to
user queries. Evaluated through multiple studies involving several
examples of daily tasks in a user’s life, our approach demonstrates
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improved step-tracking accuracy, enhanced user interaction, and
an improved sense of collaboration. These results promise a scal-
able, multimodal, context-aware assistant that effectively bridges
the gap between human guidance and adaptive support in diverse
real-world applications.
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1 Introduction
While performing daily tasks like cooking or machine operation,
users face challenges, such as missing critical steps and forget-
ting what to do. Digital assistants can help overcome these chal-
lenges by providing situated guidance and proactive intervention
as though another human were present [42, 77]. Such assistants re-
quire context awareness [36]. One popular way to provide context
is by using a camera [16, 35, 77], but a more practical, privacy-
preserving, and comfortable alternative to a camera is a watch-
based system [43, 52] (i.e., microphones and IMUs).

Our PrISM framework, Procedural Interaction from Sensing
Module, supports people performing various real-world tasks by
enabling context-aware assistants powered by multimodal sensors
such as smartwatches. To provide the required context during user
activities, PrISM-Tracker [8] applies a graph-based tracking algo-
rithm to multimodal Human Activity Recognition (HAR) data, iden-
tifying which step a user is currently performingwithin a procedure.
Building on this, PrISM-Q&A [5] augments Large Language Models
(LLMs) with tracking outputs to enable context-aware question
answering (Q&A), while PrISM-Observer [6] enables proactive inter-
ventions by reminding users of important steps as they approach
the appropriate time to perform them.

These systems are in various stages of deployment in clinics and
postoperative patient homes to help users recover and care for their
surgical wounds [30, 73]. Although promising in a lab setting, when
used in clinics and homes, such sensing-based systems struggle
for two reasons. First, training these ML-based systems involves
significant effort; for instance, a PrISM-Observer study [6] reported
needing 17 user sessions for a single cooking task. Second, some
sensors (especially non-visual ones) have a low signal-to-noise ra-
tio, leading to noisy ML models. When tested in real time, these
models result in erroneous interactions, such as ill-timed reminders
and inappropriate responses to user queries. Even when used in a
controlled lab environment, a PrISM-Q&A study [5] reported that
27% of the responses of a context-aware assistant were incorrect
due to erroneous sensing of user actions. These deficiencies are
consistent with other studies, too; even when cameras are used [83].
Consequently, sensor-based task assistants are limited in scalabil-
ity because they require extensive data collection effort to train
the sensing model for every new task and can still remain very
inaccurate with no ability to recover from errors.

To address these challenges and improve the scalability of sensor-
based task assistants in prior work [5, 6, 8], we introduce two
features to the PrISM framework: (i) an efficient training method
for sensing models (Figure 1A) and (ii) a mixed-initiative dialogue
between the user and the assistant to update the assistant’s con-
textual understanding in real-time (Figure 1B). We make training
efficient by using a single demonstration of the procedure to achieve
tracking accuracy comparable to prior methods that use data from
multiple sessions from multiple users. This demonstration does not
involve any cameras, and all sensor data (motion and sound) is from
a consumer watch. To extract more signal from less data, our model
integrates a filtering mechanism to distinguish crucial moments
from idle moments and estimates how users transition between
steps to refine the tracking output. To further improve performance

and adapt to the user’s variable context, the PrISM assistant uti-
lizes mixed-initiative [2] dialogues to gather real-time feedback
that refines its contextual understanding and addresses uncertainty
during the interaction. Specifically, it infers the context from spon-
taneous dialogue exchanges, such as Q&A [5], user self-narration,
and the assistant’s proactive reminders [6] and confirmation. For
instance, the PrISM assistant can both proactively inquire about the
user’s current step in cases of high uncertainty and remind the user
about critical steps, updating its contextual understanding based on
the user’s response. We employ an LLM-based pipeline to extract
contextual information from various dialogue exchanges and utilize
it to improve the stochastic modeling of the user behavior.

We conducted three studies to evaluate the PrISM assistant. First,
we demonstrated the efficacy of the training method in seven daily
procedural tasks with smartwatch sensors (Study #1, total 190 ses-
sions). For instance, with just one demonstration of a latte-making
task, the proposed tracking resulted in 49.7% frame-level accuracy
(Macro-F1), while the prior PrISM-Tracker resulted in 13.1% accu-
racy. At first glance, these performance numbers seem low, but the
models provide a warm start to facilitate dialogue between the user
and machine, and as the dialogue increases, users derive increased
benefits from these sensing models.

Next, we developed a watch-based prototype to assist novice
users in making a latte with an unfamiliar espresso machine with no
human intervention. We conducted a user study (Study #2, N=20),
comparing the PrISM assistant, which can adapt to the user context
through collaborative mixed-initiative dialogue, against a passive
Q&A system that only answered user questions (i.e., [5]). Powered
by user input and clarifications, the online context adaptation mech-
anism improved frame-level tracking accuracy from 45.4% to 71.3%.
Further, due to the improved tracking, participants experienced
fewer inappropriate responses from the collaborative assistant (9.4%
vs. 27.1%) and reported an improved sense of collaboration and less
cognitive load.

The flexibility offered by our mixed-initiative dialogue design
appears critical in achieving a good balance of control between
users and the PrISM assistant, as demonstrated in our multi-session
study (Study #3, N=6). We observed that all participants engaged
effectively with the assistant and that the number of queries and
task completion times reduced over time.

Recent AI and sensing advances amplify the promise of intelli-
gent assistants for physical tasks [69]. However, such sensor-based
systems will need to be scalable and practical. This work provides
an efficient and easy-to-train step tracker algorithm and a dialogue-
based context adaptation mechanism to address uncertainty during
interactions. As a result, the integrated PrISM framework allows
end-users to create their own task assistants in various contexts,
such as physics experiments, knitting, and exercising, as demon-
strated by our student participants in Section 8. We open-source our
code at https://github.com/cmusmashlab/prism, and will continue
to maintain it with continued deployments across use cases and
populations.

https://github.com/cmusmashlab/prism
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2 Related Work
Our work builds primarily on the �elds of human activity recogni-
tion, context-aware task-support interactions, and human-in-the-
loop systems.

2.1 Human Activity Recognition (HAR)
For task assistants, capturing the dynamic context�speci�cally,
what the user is doing within a procedure�is essential [36]. One
common approach is to develop specialized hardware [65,72] or use
camera-based systems [18, 35, 39]. However, creating new devices
can be costly and may not generalize well to di�erent tasks. Camera-
based systems also pose challenges, such as placement, ensuring a
good view of the action, privacy concerns, and user discomfort [47].

Researchers have also explored more ubiquitous approaches,
such as using smartwatches [14, 37, 57] or ambient sensors [26,
60, 61] to recognize user actions,i.e., Human Activity Recogni-
tion (HAR). Various sensors have been explored, including micro-
phones [43, 79], IMU sensors [38], Doppler RADAR [1, 46], 2D
LiDAR [49, 61], or a combination of these [52, 54]. However, their
limited accuracy remains a major challenge for designing context-
aware interactions, particularly when sensors are applied to real-
world, complex task scenarios [21]. Procedural tasks often include
steps that generate subtle signals, making them di�cult for sensors
to detect [13, 68].

Prior work has sought to improve tracking accuracy by incorpo-
rating task transition information as post-processing for frame-level
HAR [8, 41, 81], but these methods still fall short, reporting almost
50% errors. This poses a critical issue, as misinterpreted context
can lead to unhelpful, even annoying, interactions, especially when
errors persist. Moreover, existing methods necessitate numerous
demonstrations, which complicates the process of developing a
new sensing model for a procedure. Ideally, a user should need to
demonstrate only once, allowing the sensing model to be initialized
with reasonable accuracy. This work introduces such an approach
and demonstrates its feasibility.

2.2 Context-Aware Task-Support Interactions
HCI researchers have long studied interactions for physical task
support in a variety of applications, such as physical computing
system for electronics [78], smart kitchen for cooking [31, 65, 72]
and mixed-reality for cooking [83], assembly [3, 66], and machine
operation [17, 35]. Among them, voice-based interactions have
become popular due to their availability on di�erent platforms
(e.g., smartwatches, home speakersetc.) [63] and the recent surge in
the development of LLMs [27, 53], leading to many supporting sys-
tems in various daily scenarios [28,36,75]. We focus on augmenting
these task-support voice assistants with sensing technology.

Question-answering (Q&A) is a popular form of interaction
for users engaged in complex tasks. Several studies employing
the Wizard-of-Oz method [24] have analyzed the types of ques-
tions users frequently ask [36, 74, 75], reporting that step-related
questions (e.g., next action) are common in procedural tasks. The
rapid advancement in LLMs has largely improved Q&A quality
with various applications being proposed [20, 51]. Here, sharing
context is essential in developing e�ective dialogue-based inter-
actions [5, 12, 22, 74], as users often struggle to articulate queries

clearly enough to receive accurate responses [9, 85] and frequently
rely on references that are hard for language models to understand,
such as pronouns [29]. Our prior work, PrISM-Q&A [5] extended
the LLM-based Q&A with the HAR technology to generate context-
aware responses.

Proactive intervention from assistant systems is another form of
interaction to prevent inherent errors [34]. Chanet al.[18] devel-
oped a wearable-camera-based system for detecting clinical medi-
cation errors. Laputet al.[43] proposed a smartwatch-based inter-
action that leads users step-by-step by leveraging HAR techniques.
Our prior work, PrISM-Observer [6] extended Laputet al.'s ap-
proach to enable system interventions as users naturally perform
tasks instead of having to wait for step-by-step guidance.

While di�erent interaction styles have been proposed, there has
been limited exploration into how an assistant that integrates mul-
tiple forms of interaction can e�ectively support users, especially
when there is uncertainty in context understanding. Multiple stud-
ies have documented instances of failure when the sensing model
erred, prompting the need for solutions [5,18]. This highlights a gap
in prior research employing the Wizard-of-Oz [24] method to ex-
plore theimaginary perfectinteraction for voice assistants [36, 74].
Here, we argue that the interaction should bereciprocal: the assis-
tant should adapt and update its context understanding through
dynamic feedback from users, even when such human feedback
is spontaneous within the dialogue. This work introduces such an
online context adaptation mechanism and demonstrates its e�ec-
tiveness.

2.3 Real-Time Human-in-the-Loop Systems
Human-in-the-loop systems involve humans actively participating
in running automated processes, allowing humans to provide feed-
back, make adjustments, or intervene when necessary to improve
system performance or outcomes [80]. This approach is commonly
used in interactive systems to ensure that the system adapts to real-
world complexities while bene�ting from human judgment and
input [7, 19, 33, 48, 87]. For instance, Hatoriet al.[33] developed
a pick-and-place robot that can interactively execute tasks while
talking to human operators to clarify ambiguity.

While the e�cacy of human-in-the-loop systems has been demon-
strated, most rely on an explicit, dedicated feedback process. De-
pending solely on this approach, however, can burden users, and
they might not provide su�cient data in real-world scenarios, as
noted by Unhelkaret al.[71]. To address this, researchers are explor-
ing the use of natural but less structured signals, such as real-time
reactions to a robot's performance [4, 10, 40]. These methods must
be developed with care, as the feedback is implicit and di�cult
to capture accurately. In this work, we propose a computational
approach that integrates unstructured dialogue exchanges with a
structured step-tracking state of task assistants.

3 Proposed Approach
Figure 2 shows our proposed PrISM framework, which integrates
and extends our prior work in PrISM-Tracker [8], PrISM-Q&A [5],
and PrISM-Observer [6]. To address the scalability issue, this work
makes the following novel technical advances:
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Figure 2: In the PrISM framework, multimodal sensor signals are processed by a step tracker to infer task context, enabling the
assistant to engage in a mixed-initiative dialogue. This paper presents (A) an e�cient training method for the step tracker and
(B) an online context-adaptation mechanism. We evaluate this framework using a watch-based prototype in this paper.

� An e�cient training method for the step tracking that e�ec-
tively learns from a demonstration with signal �ltering and
automatic generation of a transition graph (Figure 2A).

� A method to identify contextual information using a mixed
initiative dialogue framework [2] and dynamically update
contextual understanding to improve the stochastic model-
ing of the step tracker (Figure 2B).

Our real-time system maintains low latency while processing
speech and sensor data and managing the dialogue state. The engi-
neering behind this integration is described in Appendix A. This sec-
tion focuses on the key research contributions enumerated above.

3.1 E�cient Training for the Step Tracker
As one of the state-of-the-art models for multimodal step track-
ing, PrISM-Tracker [8] processes sensor data using a HAR model
and re�nes the estimated step probabilities based on transition
graph probabilities. When there are) frames and( steps for the
task, PrISM-Tracker prepares( � ) hidden states, each labeled as
� ¹8•gº ¹1 � 8 � (• 1 � g � ) º. Here,� ¹8•gº denotes that the user
has spentat leastg frames on the8-th step at timeC. Then,?C¹8•gº
is used to indicate the probability that the user is at� ¹8•gº at time
C. PrISM-Tracker keeps updating the probability for every hidden
state,p�8334=

C = f?C¹8•gºg 2 R( � ) , with frame-level HAR output
p�0A

C 2 R( as well as a transition graph� . In this context, the vector
p�0A

C is the HAR output at timeC, and the sum of its elements is 1.
� holds information on the transition probability between steps
and the time an average user spends at each step, which is learned
from the demonstration sessions.

The e�ectiveness of this prior method is limited because it treats
all frames equally, including moments of inactivity or irrelevance
to the action of interest. In such instances, a probability distribution
p�0A

C , nearly randomly estimated by the HAR model, is used to
update the hidden state, which can confuse the tracking result.
Moreover, multiple demonstrations are needed to obtain� , which
adds to the cost of training. To address these issues, we propose
a �ltering technique and a method to automatically generate the
transition graph.

Figure 3: The step tracker �lters sensor signals with unsu-
pervised anomaly detection and selectively applies the HAR
model to update p�8334=

C , leading to e�cient tracking when
the training data is limited.

3.1.1 Filtering out Idle Moments.We adopt real-time, unsupervised
anomaly detection for �ltering based on the method described by
Yamanishiet al.[82] (See Figure 3). This method evaluates incoming
sensor data to determine deviations from historical data distribu-
tions, where multimodal sensor data is concatenated over modali-
ties. The rationale for employing this technique is that procedural
actions typically alter sensor signals, unlike periods of inactivity.
Essentially, this method helps isolate periods pertinent to active
task execution before conducting frame-level HAR.

Concretely, with a prede�ned thresholdV, sensor data frames are
identi�ed as either critical (key moments) or non-critical. Frames
deemed critical are further processed by a HAR model to derivep�0A

C
(Figure 3 red arrow), which updatesp�8334=

C . Conversely, if a frame
is classi�ed as non-critical,?Ç 1¹8•gº = ?C¹8•g� 1º, indicating the
continuation of the current procedural step (Figure 3 blue arrow).

This �ltering process bene�ts not only the tracking but also
the training phase of the HAR model because incorporating too
many idle moments with similar signal patterns across di�erent
procedural steps can lead to misclassi�cation. We found that exces-
sive �ltering may reduce the frequency at whichp�0A

C is generated,
potentially impacting the tracker's performance. We empirically
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Figure 4: We categorized utterances between the user and
the assistant based on the mixed-initiative design of Allen et
al. [2], then introduced an online context adaptation mecha-
nism for the step tracker. In this example, the user �rst asks
a query and then con�rms the assistant's response by saying
�Ok�, so the assistant updates its hypotheses � to focus on
those matching the context.

identi�ed Vfor each task, and it classi�ed approximately 10% of the
training data as non-critical.

Note that the HAR model is trained in a supervised manner using
step labels synchronized with sensor data. In practice, these labels
can be obtained through various methods, such as users pressing
a button on their watch at the beginning of each step or verbally
narrating their actions while performing the task.

3.1.2 Generating the Transition Graph.The parameters for the
transition graph� include (1) the transition probabilities between
each step and (2) the mean and standard deviation of the time users
spend at each step. The �rst parameter re�ects a logical pattern in
performing a procedural task, which we anticipate can be automati-
cally guided by LLMs. Speci�cally, we instruct an LLM to generate a
reasonable order of steps and repeat this process times to estimate
the transition probabilities as a proxy. For the second parameter,
we use the time spent during demonstrations as the mean, andU%
of this value as the standard deviation for each step. Although these
are somewhat naïve heuristics, we empirically show they remain
e�ective, especially when the number of training samples is limited.
 andUwere empirically set to be 20 and 10, respectively.

3.2 Online Context Adaptation through
Mixed-Initiative Dialogue

Although our approach improves the step-tracking accuracy and
provides a warm start for the sensing model (as presented in Study #1
result), sensing imperfection remains. Given that sensing imper-
fections can severely degrade the real-time user experience, we
designed a dialogue between the user and the assistant that then
informs an online context adaptation mechanism. The overview is
presented in Figure 4.

3.2.1 Dialogue Design.We �rst organize the roles of utterances
exchanged between the user and the assistant. Building on prior
research discussing versatile user interactions with voice assis-
tants [36,75], we categorizeuserutterances into three types:queries,
self-narrations, and responses. Queries enable users to ask task-
related questions or request actions from the assistant, such as set-
ting a timer, with the expectation of receiving a reply. In contrast,

self-narrations involve users describing their actions voluntarily
without expecting a speci�c response. Finally, users can also re-
spond to the assistant's utterances, such as reacting to its reminder.

On the other hand, theassistant's utterances are categorized
into responsesto user queries andinterventionsthat occur when the
assistant initiates dialogue based on its contextual understanding.
Examples of interventions include reminding the user of important
steps (e.g., �Do not forget to do ...�and�Have you done ...?�) and asking
questions when there is high uncertainty in the estimating context
(e.g., �Can you tell me what you are doing?�). A hyperparameter
controls the maximum number of times the assistant can intervene
to ensure we do not overly burden the user. The details are provided
in Appendix A.

The assistant's role is rooted in a mixed-initiative design that
supports the user achieving a shared goal with an agent [2]. For
example, the assistant's con�rmation about the user's current step is
a type ofsubdialogue initiation, while its reminder can be associated
with unsolicited reporting. When and what the assistant should say
are carefully designed from this perspective, speci�cally,

� When the user asks a query, the assistant responds to the
query.

� When the user self-narrates, the assistant acknowledges and
provides additional information, such as suggesting the next
step.

� When the user responds, the assistant evaluates whether
further interaction is needed.

� If the assistant is unsure of the user's current step, it initiates
a clarifying question.

� When the assistant identi�es that the user is approaching
prede�ned steps, it triggers a reminder.

The dialogue is generated with an LLM-based pipeline that is
prompted to behave as outlined above. It is important to note that
our assistant's context-awareness focuses on step information using
multimodal sensors, and thus, queries that require visual informa-
tion cannot be answered in a certain scenario. If such a query is
posed, the assistant responds,�I don't know.�

3.2.2 Extracting Step Context from Dialogue.Our assistant esti-
mates step-related context from the dialogue exchange, determin-
ing either the current step or whether a speci�c step has been
completed. For example, if a user asks,�What should I do next after
washing my hands?�the assistant can infer that the user's current
step is washing hands. Similarly, if the assistant asks,�Have you
washed your hands?�and the user responds,�No, not yet,�the assis-
tant can deduce that this step has not been completed. An LLM is
prompted with task-speci�c information and the entire dialogue
exchanged between the user and the assistant to determine whether
the conversation included (i) current step information, (ii) past step
information, (iii) future step information, or (iv) no-context infor-
mation. If the LLM estimates (i), (ii), or (iii), it also estimates which
step is involved.

3.2.3 Updating the Step Tracker.The estimated step context is
then used to update the tracker accordingly. Our step tracker calcu-
lates and maintains the best hypotheses on the sequence� ¹8•gº =
f � ¹1•1º • ”””�¹8• Cºg given the user is currently at� ¹8• Cº. The prob-

ability for the hypotheses can be denoted asV�~?>
C = f %C¹8•gºg,
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where%C¹8•gº indicates the probability for the assistant to follow
� ¹8•gº at time C. This mechanism only marginally increases the
algorithm's space complexity by storing at most( � ) hypotheses.

The context information is used to updateV�~?>
C . For instance,

if the assistant estimates that the user is currently at the8-th step,
hypotheses that contradict the context will be rejected (i.e., their
probability is set to be 0). Similarly, if the assistant knows whether
the user has already completed the8-the step or not, the probability
of any hypotheses that con�ict with the information is set to be 0.

3.3 Prototype Implementation
We developed a prototype using an Apple Watch Series 7 and a
MacBook Pro with a 16GB M1 processor. The audio and motion
data, sampled at 16 kHz and 50 Hz, respectively, are streamed from
the watch to the laptop via a custom app. The watch is worn on the
wrist of the non-dominant hand to match user preference. The user
also wears Bluetooth-connected earbuds to talk to and listen to the
server. We used the HAR model developed by Mollynet al.[52]
within the step tracker (See Figure 2). More details are described
in Appendix A. The system operates in real-time, with the dialogue
latency of approximately 2 seconds from the end of user speech to
the onset of the system's response.

4 Overview of Studies
We present a series of user studies to explore the e�ectiveness of
our approach. The following is an overview of the key results: in
Study #1, with a total of 190 session data, we demonstrate that the
proposed training method achieves better step-tracking accuracy
compared to the previous tracker when using a single demonstra-
tion; in Study #2, we show that the online feedback from mixed-
initiative dialogue helps our assistant recover from errors and un-
certainty, o�ering more accurate supports and enhancing user ex-
perience (N=20); in Study #3, we �nd that the assistant is perceived
positively by supporting various user behaviors that evolve over
time (N=6, four days). We obtained approval from our institution's
ethics board before conducting the studies.

5 Study #1: Training E�cacy
We used datasets for seven tasks, which were recorded using smart-
watch sensor data. These tasks include co�ee-making, tea-making,
cereal-making, sandwich-making, latte-making, stencil-making,
and wound care. The co�ee-making and cereal-making tasks each
consist of 8 atomic steps, while the tea-making and sandwich-
making tasks consist of 9 steps. We collected data across 32, 33, 26,
and 31 sessions for co�ee, tea, cereal, and sandwich tasks, respec-
tively. Additionally, we incorporated the latte-making and wound
care dataset from [8], which features 19 steps from 22 sessions and
12 steps from 24 sessions, respectively. To further diversify the
task variety, we also gathered a new dataset for a stencil-making
task, consisting of 17 steps from 22 sessions. The latte-making and
stencil-making tasks represent more complex procedures involving
machinery, and wound care is a clinical task performed by patients,
while the other four are simpler, everyday activities performed in a
kitchen. Note that the order of steps to be performed was not �xed.
Details for the steps of each task are described in Appendix B.

Table 1: Frame-by-frame tracking accuracy (Macro-F1) com-
parison for the step trackers trained with a single demon-
stration in Study #1.

Task Prior tracker [8] This work

Co�ee-making 21.8 44.9
Tea-making 21.5 47.1
Cereal-making 27.6 34.8
Sandwich-making 23.5 44.0
Latte-making 13.1 49.7
Stencil-making 24.6 34.4
Wound care 12.8 14.0

We measured the improvement of our approach from the prior
tracker [8] with frame-level accuracy (Macro F-1 Score). We em-
ployed a leave-one-session-out evaluation while using a single
demonstration as training data. The result is presented in Table 1.
Overall, our approach outperforms the prior tracker when trained
on a single session, achieving a 16.2% (SD = 6.8) improvement in
tracking accuracy. Importantly, the relatively low absolute accuracy
underscores the inherent challenge of procedural tracking, primar-
ily due to the low signal-to-noise ratio, as discussed in Section 2.1.

Through ablation analysis, we found that �ltering and task graph
generation improved tracking accuracy by 6.3% (SD = 3.3) and
12.7% (SD = 6.1), respectively, across all seven tasks. These results
demonstrate the e�ectiveness of the two proposed techniques, par-
ticularly the graph generation component. This improvement is
likely because PrISM-Tracker [8] was limited by insu�cient data
for constructing the transition graph� .

While our improved tracker provides a warm start for the context-
aware assistant, even with only a single demonstration, the perfor-
mance varies across tasks. For instance, the accuracy for the wound
care task was notably lower than for others. Graph generation
was less e�ective for this task, likely because it lacks a branching
structure. Similarly, �ltering had a limited impact, suggesting that
tasks with low sensor variability are inherently di�cult to track,
especially when training data is limited. These results highlight
two key insights: (1) tasks must produce distinguishable sensor
signals to enable accurate tracking, and (2) sensing imperfections
persist, necessitating assistant designs that can robustly build on a
warm-started tracker.

6 Study #2: E�ectiveness of Online Context
Adaptation

Study #1 reinforced our motivation to use imperfect sensing reliably,
which is contrary to prior work's Wizard-of-Oz paradigm [36, 74].
Interestingly, Study #2 demonstrates that users bene�t from such
an imperfect assistant thanks to online context adaptation using
user-assistant dialogue.

6.1 Task and System Con�guration
We used the latte-making task (same as the one used in Study #1)
because of its high complexity and greater accessibility for inexperi-
enced users. We trained our step tracker with the same dataset. We
provided the content of the machine manual as a system prompt to
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the LLM for the Q&A module. In addition, the authors decided on
candidate steps that are meaningful for reminders (i.e., that users
often forget or that are important for safety), that is, Step 15: clean-
ing the steaming wand and Step 18: dumping co�ee grinds (Also
see Figure 10 in Appendix B for the task transition graph).

6.2 Design
We followed a between-subjects design with two conditions,i.e.,pas-
siveandcollaborative. In the collaborative condition, we used our
proposed PrISM assistant. In the passive condition, we disabled the
state updater and proactive interventions while keeping the Q&A
function, i.e., the system answers user questions as in the collabora-
tive condition, but it does not adapt its state, trigger reminders, or
ask con�rmation questions to check user context. In both conditions,
the experimenter explained that the assistant uses information from
the watch to try to keep track and answer questions. In the collabo-
rative condition, the experimenter also explained that the assistant
uses conversation to track steps, and thus, self-narration is e�ec-
tive in keeping the assistant informed, and the assistant may also
remind or ask con�rmation questions.

For comparison, we measured several metrics: task completion
time, tracking accuracy, and subjective measures of user experience,
including NASA-TLX [32] and System Usability Scale [15]. We also
introduced three questions related to reliability and a sense of
collaboration. Speci�cally, we asked how much the participants
agreed with the statements �the responses to my questions are
reliable,� (response reliability) �The assistant knows what I am doing
(i.e., steps) precisely and behaves accordingly,� (tracking accuracy),
and �The assistant's help was worth the e�ort involved in working
with it,� ( sense of collaboration) using a 7-point Likert scale.

6.3 Procedure
We recruited 20 participants (11 female, 9 male, aged 21-38 years)
from our institution, none of whom had previously participated in
this or related projects for a between-subjects study. Our inclusion
criteria targeted individuals unfamiliar with latte preparation and
with no experience in using the machine. After onboarding, partic-
ipants rated their familiarity with voice assistants and chat-style
AIs, which is summarized in Table 2 in Appendix B.

Before beginning the task, an experimenter brie�y explained the
procedure by showing a list of all the steps and a video demon-
stration. Participants were informed that they could perform the
steps in any logical order as long as no steps, such as cleaning the
machine, were omitted. Given that watching such instructional
videos can prime the users to perform actions in a speci�c manner
and order, we created �ve di�erent videos with di�erent sequences
and randomly assigned one to each participant. Once familiar with
the system, participants performed the task at their own pace. Upon
task completion, they took the survey on subjective usability mea-
sures and participated in semi-structured interviews. The study
lasted approximately 30 minutes for each participant, and partici-
pants received a compensation of $10 USD.

6.4 Results
6.4.1 User Task Performance.There were two participants in the
passive and one in the collaborative condition who did not complete

the full task. In the passive condition, one participant (P5) forgot to
do the cleaning process, while the other participant (P7) forgot to
place a cup, resulting in unsuccessful brewing. In the collaborative
condition, one participant (P18) used a milk jug to receive espresso
and used a cup to steam the milk instead. The completion times
among the other participants were633”9 (SD= 283”5) and482”0 (SD
= 115”7) seconds for the passive and collaborative conditions, re-
spectively. After con�rming the normality with the Shapiro-Wilk
test, we applied the unpaired two-tailed t-test. As a result, the dif-
ference was not statistically signi�cant (C¹15º = 1”4• ? = 0”19).
While there is a trend for shorter completion times in the collabo-
rative condition, the large variance indicates that the time taken to
complete the task highly depends on the user.

6.4.2 Assistant's Tracking Accuracy.We annotated the step tim-
ings for the session data of the participants who completed the
task properly and compared them to the tracker's predictions. Re-
moving moments when dialogue happened, the frame-by-frame
accuracy (Macro F1-Score) was45”4%(SD= 13”2) and71”3%(SD
= 12”8) for the passive and collaborative conditions, respectively.
After con�rming the normality with the Shapiro-Wilk test, we ap-
plied the unpaired two-tailed t-test. As a result, the di�erence is
statistically signi�cant (C¹15º = 9”22• ? Ÿ 0”05), suggesting that the
collaborative assistant had better tracking accuracy thanks to the
iterative feedback through dialogue.

Figure 5 shows the ground truth step transition and the assis-
tant's prediction during example sessions. The tracking accuracy
for these passive (above) and collaborative (below) conditions was
54.1% and 69.0% (Macro F1-Score), respectively. In the passive con-
dition, it can be seen that the assistant got confused about the user's
step in the latter part, as there were several branches in the transi-
tion graph (See Figure 10 in Appendix B). As a result, its responses
to the user query became less grounded. For instance, in (1), the
user's step is wrongly understood (i.e., Step 11: remove cup instead
of Step 12: pour milk to cup), and the assistant mentioned unhelpful
information in the beginning. Similarly, in (2), the user's query was
ambiguous,�How do I clean?�, and the assistant initially misun-
derstood that the user was cleaning the steam wand and o�ered
an incorrect suggestion. On the other hand, in the collaborative
condition, the assistant successfully used an active intervention by
asking�Can you tell me what you are doing?�(4), which helped it
recover from the tracking loss through the response from the user.
Moreover, it successfully triggered a reminder intervention at a
relevant moment (3), which was also used to adjust the prediction
afterward. Additionally, the user proactively narrated their step to
inform the assistant of their next action (5).

Note that, for the collaborative condition, system logs indicate
that 92% of dialogue exchanges were correctly interpreted by our
context estimation module (i.e., three context types + right step
de�ned in Section 3.2.2). In error cases, the tracker was typically
corrected by subsequent dialogue exchanges.

6.4.3 Dialogue Behavior.We inspected the dialogue for each par-
ticipant who completed the task. The average number of user ut-
terances per session was19”6 (SD= 18”8) and12”7 (SD= 10”1)
for the passive and collaborative conditions, respectively. After
con�rming the normality with the Shapiro-Wilk test, we applied
the unpaired two-tailed t-test. As a result, the di�erence was not
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