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Abstract: Smart home Internet of Things (IoT) systems require service-response decisions that account for uncertainty, device
availability, service risk, and edge latency rather than relying solely on activity recognition. To address this, we propose an edge-
constrained context-aware service-response framework. It integrates activity prediction, recognition confidence, device state,
service risk, and context into a service-oriented context state. An uncertainty-aware policy then selects auto, ask, or none.
Experiments on Center for Advanced Studies in Adaptive Systems (CASAS)-Aruba and Activity Recognition with Ambient
Sensing (ARAS) compare the method with traditional Human Activity Recognition (HAR), deep HAR, lightweight edge HAR,
rule-based, context-aware reasoning, and uncertainty-removal baselines. Macro-F1, Service Response Accuracy (SRA), and
Edge Response Latency (ERL) are primary metrics, with Ask-F1 and Auto Error as supplementary indicators. Results show
improved response action consistency under rule-mapped labels while maintaining context recognition and edge-side decision-
making within latency constraints. Response labels are rule-constructed and do not reflect real user preferences. Further
validation with real service logs and long-term user feedback is needed.
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I. INTRODUCTION

Smart home Internet of Things (IoT) systems perceive household
states through heterogeneous sensors, including door contacts,
infrared sensors, temperature and humidity sensors, home appli-
ances, and wearable devices [1]. These systems support services
such as lighting adjustment, security reminders, elderly assistance,
and daily service recommendation [2]. As smart home systems
become increasingly autonomous, their task extends beyond iden-
tifying user activities. They must also determine whether a service
should be executed automatically, confirmed by the user, or
suppressed.

In China, smart home IoT research has expanded from basic
automation toward aging-friendly services, context-aware interac-
tion, intelligent sensing, and adaptive household assistance. Existing
studies have examined aging-friendly interaction and system accep-
tance among older adults [2,3]. Wireless sensing and human-—
machine interaction have also been incorporated into smart home
environments to improve monitoring and control [4]. However,
increasingly context-dependent services create a further challenge:
recognized activities must be transformed into appropriate service
responses under uncertainty, device constraints, and different levels
of risk.

Existing research has established foundations in activity recog-
nition, edge inference, and context-aware interaction [5—7]. These
capabilities, however, are often optimized separately, and an activity
label does not directly determine an appropriate service action [8].
For example, recognizing nighttime getting up does not necessarily
mean that lighting should be activated automatically. The decision
may also depend on confidence, location, device availability, and
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disturbance risk. Under low-confidence, multi-resident, sensor-miss-
ing, device-constrained, or high-risk conditions, response selection
requires joint consideration of uncertainty, service relevance, device
state, risk, and edge latency [9,10].

This creates a gap between context perception and service
execution. Activity recognition can identify a likely household
state, while edge inference can provide timely computation, but
neither alone determines whether an automatic service action is
appropriate. A practical response mechanism must therefore com-
bine perceptual outputs with service-side constraints before device
execution.

To address this problem, this study treats activity recognition
as an intermediate input rather than the final output. An edge-
constrained context-aware service-response framework combines
activity prediction and confidence with contextual information,
candidate service relevance, device availability, and service risk.
An uncertainty-aware edge response policy then selects among
auto, ask, and none under a latency budget. A low-burden feedback
correction mechanism further allows acceptance, rejection, delayed
reminders, or preference adjustments to modify subsequent
response parameters. In the current experiments, these feedback
signals are rule-constructed rather than collected from long-term
real user interactions.

This study makes three contributions. First, it develops a
service-oriented context state representation that connects activity
prediction and recognition confidence with contextual information,
device availability, service relevance, and service risk. This repre-
sentation bridges activity recognition and executable smart home
services. Second, it proposes an uncertainty-aware edge service-
response policy. The policy jointly considers confidence, service
relevance, device availability, service risk, and latency constraints
when selecting auto, ask, or none. Third, it introduces a low-burden
feedback correction mechanism that uses lightweight feedback
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signals to adjust subsequent response parameters. The mechanism
also provides an interface for future validation using real service
logs and long-term user feedback.

The rest of the paper is organized as follows. Section Il reviews
related work on smart home activity recognition, edge computing,
context reasoning, affective interaction, and user feedback. It then
clarifies the research gap addressed in this study. Section III
presents the proposed edge-constrained context-aware service-
response framework, including the problem formulation, ser-
vice-oriented context state representation, uncertainty-aware
response policy, feedback correction mechanism, training strategy,
and complexity analysis. Section IV describes the experimental
setup and reports the main results, followed by statistical, repre-
sentation, interpretability, failure case, ablation, and threshold
sensitivity analyses. Section V discusses the main findings, practi-
cal implications, and limitations of the proposed framework.
Finally, Section VI concludes the paper and outlines directions
for future work.

Il. RELATED WORK

Research relevant to smart home service-response decision-making
can be grouped into three areas: activity recognition and context
awareness, edge computing and context-aware service reasoning,
and user-centered interaction and feedback. These areas provide
perceptual, computational, and interaction foundations but gener-
ally address different stages of the service process. This section
reviews their contributions and limitations and positions the pro-
posed framework accordingly.

A. SMART HOME ACTIVITY RECOGNITION AND
CONTEXT AWARENESS

Smart home activity recognition infers daily activities from hetero-
geneous sensor events, including door contacts, infrared sensors,
environmental sensors, switch states, and wearable devices [11].
These sensing systems provide the perceptual basis for context-
aware household services.

Public datasets are widely used to develop and evaluate
activity recognition methods. Center for Advanced Studies in
Adaptive Systems (CASAS) provides real-world sensor streams
for activity recognition and behavioral analysis, while Activity
Recognition with Ambient Sensing (ARAS) extends this setting to
multi-resident environments [12]. Existing computational ap-
proaches include traditional machine learning, sequential model-
ing, and deep learning [13,14].

These methods primarily answer what the user is doing,
whereas service-oriented systems must additionally decide what
action should be taken. An activity label alone cannot determine
whether a service should be executed, confirmed, or suppressed
[15]. Recognition confidence, environmental context, device avail-
ability, and service risk may produce different decisions for the
same recognized activity. Human Activity Recognition (HAR)
therefore provides the perceptual foundation, but an additional
service-oriented layer is required to transform activity information
into executable responses [16].

Figure 1 summarizes the transition from sensing and activity
recognition to service-response decision-making.

As shown in Fig. 1, activity recognition and context awareness
are intermediate stages rather than final service outputs. Service
execution additionally requires factors such as recognition confi-
dence, device availability, risk, and contextual suitability.

Multi-source Sensor Events

'

Activity Recognition
"What is the user doing?"

'

Context Awareness
Activity + Time + Location + Environment

'

Service-Response Gap
Activity # Direct Service Action

'

Required Decision Factors
Confidence + Device Availability + Risk + Context

'

Auto / Ask / None

Fig. 1. Research progression from smart home sensing to service-response
decision-making.

B. EDGE COMPUTING, CONTEXT REASONING,
AND SMART HOME SERVICE RESPONSE

Edge computing enables local inference and rapid response while
reducing cloud dependence and supporting lower latency, improved
privacy, and greater network availability [17,18]. These character-
istics are particularly useful in smart homes, where sensor events
may require timely local processing.

Lightweight on-device inference and TinyML methods further
demonstrate that resource-constrained devices can support smart
home perception tasks [19]. However, their main objective is
generally efficient inference rather than deciding whether a recog-
nized state should trigger a particular household service.

In parallel, ontology reasoning, rule-based systems, and con-
text-aware control transform sensor and environmental information
into interpretable service conditions and predefined actions
[20,21]. These methods extend beyond activity recognition by
incorporating contextual variables into service triggering.

Conventional Research This Study

Cloud / Edge Inference Edge Inference

l Service-oriented Context State

Recognition Confidence
Device Availability

Context Recognition

Service Relevance
Service Risk
Latency Constraint
Predefined Context Rules )
l Uncertainty-aware Decision
Service Control .
Auto / Ask / None

Fig. 2. Evolution from edge/context-aware control to uncertainty-aware
service response.
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Nevertheless, edge inference and context reasoning address
different aspects of the service process. Edge inference mainly
concerns efficient local computation, while context reasoning
commonly depends on predefined mappings. Neither alone fully
addresses response selection when recognition is uncertain, sensing
is incomplete, devices are unavailable, or incorrect automatic
execution involves elevated risk [22].

Figure 2 contrasts conventional edge/context-aware approaches
with the response-decision scope considered in this study.

Conventional approaches often terminate at local inference or
rule-based control. In contrast, this study introduces a service-
response decision layer in which activity prediction is combined
with confidence, device availability, service relevance, service risk,
and latency constraints. These factors jointly determine whether the
system selects auto, ask, or none.

C. AFFECTIVE INTERACTION, USER FEEDBACK,
AND SERVICE CORRECTION

Smart home systems must consider not only activity perception and
service execution but also users’ acceptance of system responses
[23,24]. This becomes increasingly important as systems move from
passive monitoring toward proactive and automatic service provision.

Studies on user experience, smart home acceptance, and elderly
oriented interaction emphasize users’ sense of control, interaction
burden, and willingness to adopt intelligent home technologies
[25,26]. Smart home experience and technology acceptance may
also depend on perceived disruption, personal needs, and individual
preferences [27,28]. These findings indicate that technically feasible
services may still be unsuitable if they create unnecessary interrup-
tion or conflict with user expectations.

However, feedback is often treated as an outcome of user
experience evaluation rather than an input to later service-response
decisions. Under low-confidence or high-disturbance-risk condi-
tions, lightweight confirmation feedback can instead help correct
subsequent responses.

Accordingly, affective interaction in this paper does not refer
to emotion recognition. It denotes a low-burden feedback correc-
tion process in which acceptance, rejection, delayed reminders, or
preference adjustments influence subsequent response parameters.
The present experiments use rule-constructed feedback rather than
long-term feedback from real users. Therefore, the results evaluate
response correction rather than personalized affective modeling or
real user preference learning.

D. RESEARCH GAP AND POSITIONING

The reviewed studies provide four complementary foundations for
smart home intelligence. HAR primarily outputs activity catego-
ries, while rule-based and ontology-based systems map predefined
contexts to service triggers. Edge HAR emphasizes local inference
and latency, whereas user-centered interaction research focuses on
experience, acceptance, and feedback [29]. These directions, how-
ever, do not individually provide a unified mechanism for selecting
service actions under simultaneous uncertainty, device, risk, con-
text, and latency constraints.

CASAS- and ARAS-based HAR provides the perceptual basis
for identifying household activities. However, activity recognition
alone cannot determine whether the appropriate response is auto, ask,
or none. Context-aware and ontology-based control can automate
service triggering, but predefined mappings remain limited under low
confidence, missing sensors, unavailable devices, or conflicting risk
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conditions. User-perceived risk and acceptance further indicate that
service suitability cannot be reduced to activity classification
alone [30].

The proposed framework is therefore distinguished primarily by
its decision target. Unlike conventional HAR, activity prediction is
treated as an intermediate representation rather than the final output.
Unlike rule-based or ontology-based control, the response policy
explicitly incorporates uncertainty and service risk. Unlike light-
weight edge HAR, the framework does not propose a new light-
weight recognition backbone. Instead, edge computing provides the
environment for service-response selection under a latency budget.
Finally, lightweight user feedback is incorporated as an auxiliary
correction signal rather than merely an evaluation outcome.

The framework consequently connects three stages that are
often treated separately: context perception, service-response deci-
sion-making, and response correction. Activity and confidence are
combined with context, service relevance, device availability, and
risk before response selection, while feedback adjusts subsequent
policy behavior. These elements motivate the methodology pre-
sented in Section III.

lll. METHODOLOGY

Activity recognition results in smart home IoT systems cannot be
directly transformed into service-response actions. To address this
problem, this paper proposes an edge-constrained context-aware
service-response framework. The framework takes multi-source
sensor events, device states, and environmental context as inputs
and constructs a service-oriented context state. It then selects auto-
matic execution, confirmation request, or no action by considering
recognition confidence, service relevance, device availability, service
risk, and latency constraints. This paper focuses on the transformation
from service-response decision-making rather than on designing a
new activity recognition backbone or lightweight network architec-
ture. The framework also introduces a low-burden feedback correc-
tion mechanism to assist in updating subsequent response policies.
This chapter presents the problem definition, overall framework, core
modules, training strategy, and algorithmic procedure in sequence.

A. PROBLEM DEFINITION

This paper studies edge-side service-response decision-making in
smart home IoT scenarios. The system receives a continuous event
stream composed of household sensors, device states, and environ-
mental context. Its objective is not merely to recognize user activities
but also to determine whether to execute a service automatically,
request confirmation, or take no action under edge latency con-
straints. Service response is therefore formulated as a three-action
decision problem. The state contains activity prediction, recognition
confidence, device availability, service risk, and contextual infor-
mation. The action space consists of auto, ask, and none.
Let the i-th sample be defined as:

x; = {E.D;,Ci } 9]

where E; denotes multi-source sensor events within a time window.
D, represents the states of IoT devices, including lighting, air
conditioners, door locks, and security devices. C; denotes temporal,
spatial, and environmental context. Here, i denotes the index of an
event-window sample rather than an individual sensor or switching
event. The observations in E; may include binary switching-state
events from motion detectors, door contacts, and switch-type sen-
sors, as well as continuous measurements such as temperature and
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humidity. The inputs are therefore not uniformly defined as switch
quantities. Binary and continuous observations are encoded accord-
ing to sensor type and aggregated within the same time window to
form x;. Device states in D; may similarly be binary, categorical, or
state-dependent.

The activity recognition label is denoted as y; € ), and the
service-response label is denoted as r; € R, where

R = {auto,ask,none} 2)

representing automatic execution, confirmation request, and no
action, respectively. The model outputs include the activity pre-
diction y;, recognition confidence p;, candidate service relevance
Sij» service risk Qij» and final response action 1;, where j denotes a
candidate service or the corresponding IoT device.

Commonly used smart home activity datasets focus primarily on
activity labels and may not directly provide service-response action
labels. Therefore, service mapping rules are constructed based on
activity type, device availability, environmental context, and service
risk. These rules are then used to assign a response label to each
sample. Some device availability and service risk variables are
constructed in a rule-based manner according to activity context,
candidate service requirements, and safety or disturbance risk. They
do not represent real service execution states directly provided by the
original datasets. These labels are used only for service-response
decision modeling and evaluation and are not equivalent to real user
preferences. Edge-side decisions are also constrained by a latency
budget 7, namely: t; < 7.

The objective of this paper is to improve the consistency between
the predicted response action t; and the rule-mapped response label r;,
while maintaining basic context recognition capability under the edge
latency constraint. This objective can be summarized as:

max f(?i»ﬁ),si- ti <7 (3)

where f(-) denotes an integrated objective determined by context
recognition correctness and service-response consistency. The
specific optimization objective is defined in the training strategy
section.

B. OVERALL FRAMEWORK

To transform activity recognition results into smart home IoT
service responses, this paper proposes an edge-constrained con-
text-aware service-response framework, as shown in Fig. 3. Instead
of directly mapping activity labels to actions, the framework
considers five decision factors: service relevance, device availabil-
ity, service risk, uncertainty, and edge latency. These factors jointly
determine the selection of auto, ask, and none.

The framework consists of four parts: multi-source IoT event
representation, service-oriented context state modeling, uncertainty-
aware edge response decision-making, and low-burden feedback
correction. Multi-source events from door contacts, infrared sensors,
temperature and humidity sensors, device states, and wearable data
are first organized into time-window representations for context
modeling.

Figure 3 shows how sensor-level observations are progres-
sively converted into service decisions. The activity recognition
module produces activity prediction y; and confidence p;, with
activity prediction serving as an intermediate representation rather
than the final service output. These results are combined with
contextual information, device availability, and service risk to
construct the service-oriented context state. Candidate service
relevance s;; links the recognized household activity with poten-
tially executable services.

The service-oriented context state is then processed by the
uncertainty-aware edge response policy. Recognition confidence
and service risk determine whether an action is sufficiently reliable
for automatic execution or should require confirmation. Device
availability removes infeasible services, while the latency con-
straint restricts decisions to those compatible with the prescribed
edge-side budget. Response utility U;; integrates these considera-
tions before the policy selects auto, ask, or none.

Auto is used when service relevance and confidence are suffi-
ciently high and risk remains acceptable. Ask is selected when
confidence is insufficient, risk is elevated, or the service condition is
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Fig. 3. Overall framework of the proposed edge-constrained context-aware service response method.
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ambiguous. None suppresses responses that are irrelevant, unavail-
able, or unsuitable for the current context. The edge side therefore
functions as a service-response decision layer rather than only as an
inference deployment location.

Finally, the low-burden feedback correction module receives
acceptance, rejection, delayed-reminder, or preference-adjustment
feedback and assists in updating subsequent response policies. The
feedback mechanism modifies policy-related parameters for later
decisions rather than changing the current sensor observation. In
the present experiments, it evaluates whether lightweight feedback
can adjust subsequent response behavior and does not represent
long-term personalized preference learning from real users.

The modules are linked through service relevance s;;, service
risk g;;, response utility U;;, and feedback parameter 6. The final
outputs include activity prediction, recognition confidence, candidate
service relevance, and service-response action. To further explain the
internal mechanisms of Sections II.C, Fig. 4 presents the detailed
structure of the service-oriented context state, uncertainty-aware
response policy, and feedback correction mechanism.

C. SERVICE-ORIENTED CONTEXT STATE
REPRESENTATION

To bridge the task gap between HAR and IoT service response, this
paper constructs a service-oriented context state representation. An
activity label alone cannot determine a service action, since the
same activity may require different responses under different
contexts and device states.

Given a sample x; = {E;,D;,C;}, the activity recognizer out-
puts the activity prediction y; and recognition confidence p;. This
paper combines them with contextual information, device avail-
ability, and service risk to construct a service-oriented state:

z; = [§; >Pi>Ci»>ajj ’Qij] “)

where c; denotes contextual features, a; denotes the availability of
candidate service j, and g; denotes service risk. In the current
implementation, service risk is quantified through rule-based assign-
ment rather than a learned estimator. The assignment considers four
factors: consequences of incorrect execution, activity context,

Input layer Decision state construction

Context
Recognition

IoT Sensor Events
and Device States
contextual
information
device availability
service relevance

A service risk

motion, door,
pressure, temperature,
wearable

activity prediction
confidence score

Confidence Risk
Threshold Threshold
dp 9

Service-Oriented
Context State
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associated device state, and potential safety or disturbance implica-
tions. Each candidate service is categorized as low, medium, or high
risk and encoded as g;; = 0.2, 0.5, or 0.8, respectively. For example,
ventilation during cooking is low risk, whereas nighttime lighting is
medium risk. Automatic door-lock or security actions are high risk
because incorrect execution may have greater consequences.

This rule-based design is adopted because CASAS-Aruba and
ARAS do not provide native service-risk annotations. The assigned
risk is therefore an operational variable rather than an observed
user-specific preference. The framework does not require risk to
remain rule-based; with sufficiently labeled service logs, g;; can be
replaced by a learnable estimator without changing the response-
policy structure. The service relevance is further calculated as
follows:

sij = @(9i.ci.d;) - a5 - (1 —qy) 3)

where ¢(-) represents the matching degree among the activity,
context, and candidate service dj, which can be implemented
through service mapping rules or a learnable function. This module
transforms activity recognition outputs into service-response can-
didates. If this module is removed, the system degenerates into an
activity-label-only scheme, which may cause erroneous triggering
under ambiguous activities, unavailable devices, or high-risk sce-
narios. This can be further verified through ablation settings such as
w/o service relevance, w/o device state, and w/o service risk.

D. UNCERTAINTY-AWARE EDGE
SERVICE-RESPONSE DECISION POLICY

As shown in Fig. 4, the uncertainty-aware edge service-response
policy converts the context state into edge-side service actions. It
jointly considers recognition confidence, service relevance, device
availability, service risk, and latency budget.

For candidate service j, the edge response utility is defined as:

Usj = s - pi - & — A — ug (6)
where Uj; denotes response utility, t; denotes end-to-end response

time, and 4 and y denote the risk and latency weights, respectively.
The response action is defined as:

Utility evaluation Response policy

Response Output

Edge Response Utility :
auto

Uij = 8ij " Pi * Qij — )\q,'j — pti ask

A

\4 v

Decision Rules User Feedback
auto: U > Gauo, Pi 2 Gy ti <7 accept
ask: dusk < Uij < dauto OF gij > &, el

delay

none: Ujj < dak 0r aij =0

feedback correction

Fig. 4. Structure of the service-oriented context state and edge response policy.
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auto, Ul] > 5aum’ Pi > 5p’ tl <7
f‘i = { aSk’ 5usk < Uij < 5aut0 or qij P 5q (7)
none, Ujj < Oy 01 25 =0

Here, 8, is the minimum utility for automatic execution and
O, 18 the lower utility boundary for confirmation. The minimum
recognition-confidence threshold for automatic execution is denoted
by &,. The risk threshold above which confirmation is preferred is
denoted by 6,. These thresholds are selected on the 15% validation
partition and fixed before testing. Their sensitivity is further evaluated
in the response-threshold sensitivity experiment.

For multi-resident data such as ARAS, the framework handles
identity ambiguity indirectly through recognition confidence and
contextual uncertainty rather than explicit resident identification.
When overlapping sensor events reduce activity reliability, the
resulting decrease in p; makes automatic execution less likely and
increases the probability of an ask response. Context and device-
state information provide additional constraints under overlapping
activities. However, the framework does not assign sensor events to
individual residents and should not be interpreted as a resident-
identification model. Remaining ambiguous cases are examined in
the failure analysis.

The policy therefore controls service actions under uncertainty,
risk, and latency constraints rather than relying on activity predictions
alone. Without the uncertainty-aware policy, the system reduces to
static rules, a confidence-threshold strategy, or ordinary edge-side
recognition. This is examined through Edge Response without
Uncertainty, w/o uncertainty policy, and w/o latency constraint.

E. LOW-BURDEN FEEDBACK CORRECTION

To incorporate user feedback into the service-response correction
process, this paper designs a low-burden feedback correction
mechanism. This module does not perform emotion recognition.
Instead, when the system outputs ask, it receives user feedback u;,
including acceptance, rejection, delayed reminder, or preference
adjustment, and uses it to correct subsequent response policies. In
this paper, the feedback correction experiment adopts rule-con-
structed feedback to verify the role of feedback signals as an
auxiliary updating mechanism. Different feedback types make
limited adjustments to service relevance weights, risk weights,
and response thresholds. Real long-term user feedback is beyond
the scope of the present experiment. Accordingly, the experiment
evaluates whether feedback signals can alter subsequent response
parameters rather than demonstrating personalized preference
learning from real users.
The feedback update parameters are defined as:

91 = {Ws’wq’éautméask}»ng = Hi + A(ui) (8)

where w, denotes the service relevance weight, w, denotes the risk
weight, and J,,, and J,y denote the automatic execution threshold
and confirmation request threshold, respectively. A(u;) denotes the
feedback correction amount. Acceptance feedback increases ser-
vice relevance or lowers the automatic-execution threshold under
similar contexts. Rejection feedback increases the risk weight or
the automatic-execution threshold. Delayed-reminder feedback
reduces the tendency toward automatic execution in the current
time period. Preference-adjustment feedback modifies response
tendencies under specific contexts. If this module is removed,
the system has difficulty adjusting subsequent responses according
to feedback. This mechanism can be verified through the w/o
feedback correction ablation setting.

F. OBJECTIVE FUNCTION AND TRAINING
STRATEGY

This paper adopts a staged training strategy. First, the activity
recognition module is trained to output activity prediction y; and
recognition confidence p; from multi-source IoT events. Then,
response labels 1; are constructed based on service mapping rules,
and the service-response decision module is trained accordingly.
Finally, the response policy parameters are updated in the feedback
stage. This strategy avoids mixing activity recognition, response
mapping, and feedback correction into a single training objective,
thereby facilitating separate analysis of the role of each stage.
The overall objective function is defined as:

‘Ctotal = ‘Cact + a‘cres + ﬂ‘crisk + 7[’1at )

where L, = CE(¥,;,y;) is used to maintain basic context recogni-
tion capability, and L., = CE(f;,r;) is used to optimize the
selection of auto, ask, and none response actions. These two terms
correspond to the activity recognition module and the edge
response decision module, respectively.

The risk constraint term is defined as:

Ly = I(; = auto) - g5 (10)
where I(+) is the indicator function, and g;; denotes the triggering
risk of candidate service j. This term is used to penalize automatic
execution under high-risk contexts. The latency constraint term is
defined as:

ﬁlat = max(O,ti - T) (1 1)

where t; denotes the end-to-end response time, and 7 denotes
the latency budget. The hyperparameters were selected on the
15% validation partition of each dataset using grid search.
The search spaces were a € 0.5,1.0,1.5, p€0.1,0.3,0.5, and
y € 0.01,0.05,0.10. Validation Service Response Accuracy (SRA)
was used as the primary selection criterion, with lower Auto Error
used to resolve configurations with similar SRA while maintaining
the latency budget. The resulting values were @ = 1.0, # = 0.3, and
y = 0.05, and the same values were fixed for all test-set evaluations.
No test-set results were used for hyperparameter selection. A larger
makes the policy more conservative, whereas a larger y increases the
emphasis on response timeliness. The objective design is further
examined through six ablation variants. These variants remove
service relevance, device state, service risk, the uncertainty policy,
the latency constraint, and feedback correction, respectively.

G. ALGORITHMIC PROCEDURE AND
COMPLEXITY ANALYSIS

The proposed method consists of four stages: context recognition,
service state construction, edge response decision-making, and
feedback correction. The system first performs windowing on
multi-source [oT events to obtain activity prediction and recognition
confidence. It then constructs a service-oriented state by combining
device state, environmental context, and service risk and calculates
candidate service relevance. At the edge side, the system outputs the
response action according to response utility, risk, and latency
budget. If the output is a confirmation request, user feedback is
received and used to correct subsequent response policies.

Let the time-window length be T, the number of sensors be M,
and the number of candidate services be K. The complexity of the
activity recognition module depends on the selected backbone and
is denoted as O(F,y). The calculation of service relevance and
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Algorithm 1. Edge-Aware Service Response Decision

Input: E;, D;, C;, latency budget 7

Output: response action

Predict activity §; and confidence p; from E;.

Construct the service-oriented state z; using ¥;, p;, D;, and C;.
For each candidate service j, compute service relevance s;;.
Compute response utility U;; under risk and latency constraints.
If Ujj > Sauios Pi = p» and t; < 7, Output auto.

If G5k < Ujj < Squo OF Qi = g, output ask.

If Ujj < 6,4 or 3 = 0, output none.

If t; = ask, collect feedback u; and update 6.

response utility requires traversal over candidate services, with a
complexity of O(K). Therefore, the single-sample inference com-
plexity is: O(F, + K), where F,; denotes the forward computa-
tion cost of the activity recognition model and K denotes the
number of candidate services. This paper does not treat lightweight
network design as an independent contribution; instead, it places
service-response decision-making at the edge side. End-to-end
response time, average latency, maximum latency, and whether
the latency budget 7 is satisfied are used to evaluate the feasibility
of edge response.

IV. EXPERIMENTS AND RESULTS

A. EXPERIMENTAL SETUP

1). DATASETS. This paper uses two smart home datasets,
CASAS-Aruba and ARAS. CASAS-Aruba represents a single-resi-
dent daily-living environment with 11 activity categories and events
from 31 motion sensors, 4 door sensors, and 5 temperature sensors.
ARAS contains two real multi-resident homes, each equipped with
20 ZigBee binary sensors, and provides 27 activity labels. The
datasets therefore provide complementary single- and multi-resident
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settings for evaluating context recognition and service-response
decisions.

Neither dataset was treated as a native service-response data-
set. Original sensor streams were used for context recognition,
whereas response labels were constructed through service mapping
rules. Events were chronologically divided into 70% training, 15%
validation, and 15% testing partitions. Windows were generated
separately within each partition to avoid leakage. A window length
of 60 s with a 30-s step was used. The terminal event determined
the activity label. The window length is 60 s with a 30-s step, and
the terminal event determines the activity label.

Service mapping rules assign auto, ask, or none according to
activity, context, device state, and service risk. Because the datasets
lack real service-execution logs and preference labels, device avail-
ability and risk are constructed from activity context, service re-
quirements, and safety or disturbance implications. Consistent with
Section II.C, low-, medium-, and high-risk services are encoded as
0.2, 0.5, and 0.8. These labels support response-decision experi-
ments and do not represent real user preferences. Table II provides
representative examples.

The sensing configurations in Table I are directly associated
with the experimental difficulty and the response mappings in
Table II. CASAS-Aruba mainly evaluates single-resident context-
to-service decisions, whereas ARAS introduces greater ambiguity
through overlapping multi-resident activities. Sensor observations
provide activity and contextual evidence. The rule fields in Table II
combine this evidence with device availability and service risk to
construct response labels.

2). BASELINES. This paper compares the proposed method with
eight baselines, as summarized in Table III. Hidden Markov Model
(HMM) [31] and Conditional Random Field (CRF) [32] represent
traditional probabilistic and structured sequence models. Deep-
ConvLSTM [33], Bootstrapped Smart Home HAR [34], and Tiny
Transformer HAR [35] represent deep, recent, and lightweight
edge HAR methods. Rule-based Service Mapping [36] directly
converts activity labels into responses, while Context-aware Rule

Table I. Overview of datasets and experimental protocol
Sensor types and Response
Dataset Scenario quantity Sensor function Activities label source

CASAS-Aruba 31 motion, 4 door, 5 tem-

perature sensors

Single-resident
smart home

Motion: occupancy and
transitions; door: entry/exit
and open/close events;
temperature: environmen-

11 daily-living categories,
including meal preparation,
resting, eating, working,
sleeping, household routines,
and entry/exit

Service mapping
rules

tal context

ARAS Two multi-resi- 20 ZigBee binary sensors  Presence, object/furniture 27 multi-resident daily-living  Service mapping
dent real homes per house, including interaction, door/cabinet activities covering food prep- rules
contact, pressure/force, state, room use, and aration/eating, sleeping,
proximity, distance, light/ activity-related environ- hygiene, household tasks,
temperature, and infrared- mental events leisure/communication, and
related sensing leaving home

Table Il. Examples of service mapping rules
Activity Context Device state Risk level Response
Night getting up night, bedroom light available medium ask
Leaving home door open lock available high ask
Cooking kitchen ventilation available low auto
Resting living room no required service low none
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Table lll. Summary of baseline methods

Category Method Role

Traditional HAR HMM [31] Probabilistic temporal baseline
Traditional HAR CREF [32] Structured sequence baseline

Deep HAR DeepConvLSTM [33]
Smart home HAR Bootstrapped HAR [34]
Edge HAR Tiny Transformer HAR [35]

Rule response
Context reasoning
Response policy

Proposed Proposed method

Rule-based mapping [36]
Context-aware Reasoner [37]

Edge Response w/o Uncertainty [38]

Deep sensor-sequence baseline
Recent smart home HAR baseline
Lightweight edge baseline
Fixed response-rule baseline
Context-enhanced rule baseline
Internal uncertainty-removal baseline
Full response-decision model

Reasoner [37] additionally considers time, location, and device
state. Edge Response without Uncertainty [38] uses the same
context input as the proposed method but removes uncertainty-
aware decision-making. For HAR baselines, predicted activity
labels are converted into auto, ask, and none using the same
mapping protocol. This allows us to assess whether improved
recognition directly benefits service-response decisions.

3). IMPLEMENTATION DETAILS. All methods used the same
data split, input windows, and preprocessing. Sensor events
were converted into fixed-length windows, and sensor IDs were
represented using one-hot encoding or embeddings. Temporal
information was encoded by hour, weekday, and day/night state.
Device states were represented using binary variables. The activity
recognition module was trained first. The service-response module
was then trained using the constructed response labels, after which
the response-policy parameters were updated in the feedback
experiment.

Trainable models use Adam with an initial learning rate of
1 x 1073, batch size 64, a maximum of 100 epochs, and early
stopping with patience 10. These settings were determined through
preliminary validation-based tuning rather than test performance.
The learning rate and batch size provided stable optimization. The
100-epoch limit allowed sufficient convergence. Early stopping
terminated training when validation performance ceased improv-
ing, thereby reducing overfitting. The same configuration was
applied consistently to trainable comparison methods.

Consistent with Section ILF, a = 1.0, f =0.3, and y = 0.05
were selected on the 15% validation partition and fixed during
testing. Response and risk thresholds were also determined from
validation data without test-set adjustment. Edge-response experi-
ments were conducted on a Raspberry Pi 4 or equivalent constrained
gateway with fixed CPU-thread and memory settings. Each setting

Table IV. Main results on CASAS-Aruba

was repeated 100 times. Average and maximum Edge Response
Latency (ERL) were reported.

4). EVALUATION METRICS. This paper uses three evaluation
metrics. Macro-F1 measures activity recognition performance. SRA
measures the consistency between predicted response actions and
rule-mapped labels. SRA is not equivalent to real user satisfaction or
real preference prediction. ERL measures the end-to-end time from
the input event window to the output response action. It covers event
input, activity prediction, service relevance calculation, response
utility calculation, and action output. For cloud-only inference,
data uploading and response returning time are additionally included.

B. MAIN RESULTS

This section compares the proposed method with all baselines on
CASAS-Aruba and ARAS. The evaluation includes context recog-
nition performance, response decision consistency, confirmation-
action performance, risky automatic execution, and ERL. For HAR
baselines, predicted activity labels are converted into response
actions using the same service mapping protocol. Therefore, the
comparison examines not only recognition accuracy but also whether
recognition outputs can be reliably transformed into auto, ask, and
none decisions.

As shown in Tables IV and V, deep and lightweight HAR
methods generally achieve stronger Macro-F1 than traditional tem-
poral models. However, higher activity recognition accuracy does
not always lead to better service-response decisions. Rule-based and
context-aware baselines show competitive latency because they
involve simpler decision procedures, but their response consistency
is limited under ambiguous or high-risk contexts. Edge Response
without Uncertainty performs efficiently, yet its confirmation-related
performance is weaker because it lacks explicit uncertainty handling.

Method Macro-F1 ¢t SRA ¢ Ask-F1 1 Auto Error | ERL |

HMM 82.6+1.5 789+ 1.6 72.4+£2.1 9.8+0.9 58.4+3.7 ms
CRF 84.1+1.3 80.5+1.5 74.1+£1.8 89+0.8 63.7+4.0 ms
DeepConvLSTM 88.1+1.1 842+13 77.8+1.7 7.5+0.8 92.6+£6.3 ms
Bootstrapped HAR 89.4+£0.7 85.7+£1.0 792+14 6.9+£0.6 91.8+5.6 ms
Tiny transformer HAR 88.6+0.9 85.2x1.1 788+1.5 7.1x0.7 69.4 £4.8 ms
Rule-based mapping 82.6+1.5 81.6+1.4 749+1.9 8.2+0.9 54.8+3.6 ms
Context-aware Reasoner 84.1+1.3 84.6+1.2 78.1x1.6 7.3+0.7 67.5+4.5 ms
Edge Response w/o Uncertainty 89.1+£0.8 86.8+0.9 80.1£1.3 6.6 0.6 61.7+4.2 ms
Proposed 89.1+0.8 89.0+0.8 833+1.2 54+0.6 74.6 £4.8 ms
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Method Macro-F1 1 SRA 1 Ask-F1 1 Auto Error | ERL |

HMM 74.8+1.9 70.6+2.0 642+25 13.7+1.1 60.1 £4.1 ms
CRF 76.3+1.6 724+1.8 66.1+£2.2 12.8+1.0 65.2+4.4 ms
DeepConvLSTM 79.8+1.5 77.1+£1.6 70.2+£2.0 10.8+£0.9 96.7 £6.8 ms
Bootstrapped HAR 809x1.2 78.8+1.4 72.5+1.8 9.9+0.8 94.3+£6.2 ms
Tiny transformer HAR 81.6x14 795+1.3 73.1+1.7 9.4+0.8 72.7+5.1 ms
Rule-based mapping 74.8+1.9 749+1.8 67.5+2.2 11.5+1.0 56.9+3.9 ms
Context-aware Reasoner 76.3+1.6 784+1.5 71.6+1.9 10.2+0.8 69.1 4.7 ms
Edge response w/o uncertainty 824+1.1 81.1+1.3 75.2+1.6 8.8+0.7 64.9+4.6 ms
Proposed 822+1.2 833+1.0 78.1+1.5 7.3x0.7 78.5+5.2 ms

The proposed method achieves the best SRA and Ask-F1 on both
datasets and reduces risky automatic execution. However, it does not
obtain the lowest ERL or the highest Macro-F1 in every case. These
results suggest that the main advantage of the proposed method lies
in response decision consistency rather than pure recognition accu-
racy or minimal latency.

Overall, the proposed method is not uniformly superior across
all metrics. Bootstrapped HAR achieves the highest Macro-F1 on
CASAS-Aruba. On ARAS, Edge Response without Uncertainty
achieves a slightly higher Macro-F1 than the proposed method.
Rule-based and uncertainty-free response baselines also obtain lower
ERL. However, the proposed method performs better on the metrics
most directly related to the paper’s objective, namely SRA, Ask-F1,
and Auto Error. This indicates that incorporating service relevance,
device state, risk constraints, and uncertainty-aware response selec-
tion is more useful for service-response decision-making than
optimizing activity recognition or latency alone.

C. STATISTICAL SIGNIFICANCE ANALYSIS

To further examine whether the improvement in service-response
consistency is statistically reliable, paired t-tests were conducted on
SRA over repeated runs. The proposed method was compared with
three strong baselines: Bootstrapped HAR, Tiny Transformer
HAR, and Edge Response without Uncertainty. These methods
were selected because they achieved relatively competitive results
in the main comparison. The significance level was set to 0.05, and
95% confidence intervals were reported for the SRA difference
between the proposed method and each baseline.

As shown in Table VI, the proposed method achieves statisti-
cally significant SRA improvements over the three selected baselines
on both datasets. The improvement is more evident on ARAS, where
multi-resident activity overlap and contextual ambiguity make
response selection more difficult. On CASAS-Aruba, the improve-
ment over Edge Response without Uncertainty is smaller but

uncertainty-aware response selection contributes to service-response
consistency even when the underlying context-recognition input is
unchanged. These results support the conclusion that the proposed
method improves rule-mapped response action consistency, rather
than merely benefiting from random variation across runs.
Overall, the statistical results are consistent with the main
experimental findings. The proposed method does not dominate
all secondary indicators, but its advantage on SRA remains statisti-
cally significant against strong recognition-based and response-based
baselines. Therefore, the observed improvement can be attributed
mainly to service-oriented state modeling and uncertainty-aware
response decision-making under the rule-mapped label setting.

D. REPRESENTATION AND FEATURE SPACE
ANALYSIS

To examine whether the proposed service-oriented context state
is more suitable for response action selection, this section analyzes
the learned feature space on CASAS-Aruba and ARAS. The
analysis includes t-distributed Stochastic Neighbor Embedding
(t-SNE) visualization, feature distribution, and quantitative sepa-
ration metrics. This experiment is used only to support the repre-
sentation-level explanation of the main results, rather than to claim
complete separability among response actions.

Figure 5 shows the t-SNE visualization of activity-only re-
presentations and the proposed service-oriented context represen-
tations. In the activity-only setting, auto and ask samples are mixed
in several regions, especially for activities with similar sensor
patterns. After adding confidence, device state, service relevance,
and risk information, the three response categories become more
distinguishable. However, the boundary between auto and ask
remains partially overlapped, which is consistent with the later
failure analysis under medium-risk and low-confidence scenarios.

Figure 6 presents the distribution of confidence- and risk-related
features across response actions. Auto samples are mainly associated

remains statistically significant. This result indicates that with higher confidence and lower risk, while ask samples appear
Table VI. Statistical significance analysis based on SRA

Dataset Comparison ASRA 95% CI p-Value
CASAS-Aruba Proposed vs Bootstrapped HAR +3.3 [2.1, 4.5] 0.003
CASAS-Aruba Proposed vs Tiny Transformer HAR +3.8 [2.4, 5.0] 0.002
CASAS-Aruba Proposed vs Edge Response w/o Uncertainty +2.2 [0.7, 3.5] 0.018
ARAS Proposed vs Bootstrapped HAR +4.5 [2.8, 6.1] 0.002
ARAS Proposed vs Tiny Transformer HAR +3.8 [2.0, 5.4] 0.006
ARAS Proposed vs Edge Response w/o Uncertainty +2.2 [0.6, 3.7] 0.021
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Fig. 5. t-SNE visualization of response-action embeddings. (a) Activity-only representation. (b) Proposed service-oriented context representation.
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Fig. 6. Feature distribution of response actions under confidence and risk
levels.

more frequently in medium-confidence or higher-risk regions. None
samples are more related to low service relevance or unavailable
device states. These results indicate that response actions are affected
by multiple service-side factors, rather than by activity labels alone.

Table VII further reports the silhouette score and inter-class
distance. Compared with activity-only features, the proposed
context state improves feature-space separation on both datasets.
The improvement is more visible on ARAS, suggesting that
service-side factors are more useful when multi-resident overlap
and contextual ambiguity are stronger. Nevertheless, the separation
scores remain moderate, indicating that some ambiguous response
cases are still difficult to distinguish.

Overall, the representation analysis supports the claim that the
proposed method builds a more response-oriented feature space. It
improves the separation of auto, ask, and none decisions but does

Table VII. Feature-space separation analysis

not remove all overlap. This also explains why the proposed
method improves SRA and Ask-F1 in the main results while still
producing some errors in ambiguous smart home scenarios.

E. INTERPRETABILITY AND DECISION-FACTOR
ANALYSIS

This section examines the factors that influence response-action
selection on the CASAS-Aruba and ARAS test sets. The analysis
considers recognition confidence, service relevance, device avail-
ability, service risk, contextual information, and the latency con-
straint. Since no independent attention module is introduced, the
analysis focuses on decision-factor interpretability.

Figure 7 shows factor contribution scores estimated by feature
perturbation. Service relevance and service risk have the strongest

I CASAS-Aruba [ ARAS

Service relevance ‘—_‘—’_'_‘
R
Recognition confidence -—_"—_'_‘
Device availability ‘—_‘—'_'_'

Contextual information

Latency constraint

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Contribution score

Fig. 7. Decision-factor contribution analysis for response action selection.

CASAS CASAS Inter-class ARAS ARAS Inter-class
Representation Silhouette 1 Distance 1 Silhouette 1 Distance 1
Activity-only representation 0.29 £0.04 1.36 £0.10 0.22+£0.05 1.14+£0.12
Activity + confidence 0.35+0.03 1.49+0.09 0.28 +0.04 1.27+0.10
Activity + context + device state 0.39+0.05 1.61+0.13 0.33+0.05 1.43+0.14
Proposed context state 0.46 +0.04 1.77+0.12 0.40+0.06 1.59+0.15
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Table VIII. SRA change after decision-factor perturbation

Perturbed factor CASAS ASRA | ARAS ASRA | Main affected response
Service relevance 23+0.6 30+£0.8 auto/none

Service risk 2.7+0.5 35+0.7 auto/ask
Recognition confidence 1.8+0.4 24+0.7 ask

Device availability 1.5+0.5 2.7+0.6 auto/none
Contextual information 1404 2.0+0.5 ask/none

Latency constraint 0.6+0.3 0.8+0.2 response timing

influence on response action selection, while confidence mainly
affects whether the model chooses ask under uncertain contexts.
Device availability has a larger effect on ARAS, reflecting the
higher complexity of multi-resident scenarios. Latency has limited
influence on the response category but remains important for
controlling edge response time.

Table VIII reports the SRA decrease after perturbing each
factor. Disturbing service relevance or service risk causes larger
performance drops, indicating that activity labels alone are insuffi-
cient for response decisions. Confidence and device availability also

I Context-aware Reasoner [ Edge Response w/o Uncertainty B Proposed

95

Medium Low
Recognition confidence level

High

Fig. 8. SRA under different recognition confidence levels.

(a) Raw sensor event stream

(b) Windowed event representation

affect response consistency, especially for ask and auto decisions.
The latency constraint has a smaller effect on SRA but is more
related to ERL and latency-budget satisfaction.

Figure 8 further compares SRA under different confidence
levels. Test samples were divided into high-, medium-, and low-
confidence groups according to activity prediction confidence. The
proposed method shows only a modest advantage under high-confi-
dence conditions, but the gap becomes larger under medium- and
low-confidence samples. This suggests that the uncertainty-aware
policy mainly contributes to response consistency in ambiguous
scenarios.

Overall, the interpretability results indicate that the proposed
method does not rely only on activity recognition outputs. Response
actions are jointly affected by service relevance, risk, confidence,
device state, and contextual constraints. This supports the central
claim that smart home IoT response should be modeled as a service-
oriented decision process rather than a direct extension of activity
classification.

F. ERROR AND FAILURE CASE ANALYSIS

Although the proposed method improves response consistency
under rule-mapped labels, errors still occur in ambiguous or incom-
plete smart home contexts. Before analyzing these errors, Fig. 9
presents a representative six-panel response case. It illustrates the
transformation from raw sensor events to windowed inputs, activity
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Fig. 9. Six-panel visualization of a representative service response case. (a) Raw sensor event stream. (b) Windowed event representation. (¢) Activity
prediction and confidence. (d) Service-oriented state scores. (e) Response utility decomposition. (f) Response probability and feedback correction)
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Table IX. Representative failure cases and future directions

Case  Scenario Triggering factor Predicted Expected Main reason Future direction
1 Multi-resident ~ Kitchen and hallway sensors auto ask Activity boundaries become Resident-aware context
overlap are triggered within the same ambiguous when events from modeling
window different residents overlap.
2 Sensor A key motion sensor is missing none ask Incomplete sensing weakens Missing-sensor robust
missingness during a bedroom-to-hallway service relevance estimation. inference
transition
3 High-risk Door-open event occurs with auto ask Service risk is underestimated Adaptive risk calibration
conflict low-confidence leaving-home when confidence and device
prediction state conflict.
4 Preference The user repeatedly rejects ask none Rule-mapped labels cannot Real feedback logs and
mismatch evening reminders fully represent personal preference learning

preference.

prediction, service-oriented context state, response utility, response
probability, and feedback correction. This visualization helps clarify
where uncertainty, incomplete sensing, or response-rule limitations
may affect the final response decision.

As shown in Table IX, errors mainly arise from multi-resident
overlap, sensor missingness, high-risk conflicts, and preference
mismatch. Overlapping activities increase uncertainty in activity
boundaries, while missing sensors weaken service relevance esti-
mation. High-risk conflicts may still cause overly aggressive
automatic execution when risk is underestimated. Preference mis-
match further indicates that rule-mapped labels cannot replace real
user preferences.

These cases show that the proposed method is still limited by
sensing completeness, risk-rule design, and the lack of real long-
term feedback data. Future work should therefore incorporate
resident-aware modeling, missing-sensor robust inference, adap-
tive risk calibration, and real user confirmation logs. This analysis
also clarifies the boundary of the present experiments. The response
labels are constructed from service mapping rules. Therefore, the
current results mainly demonstrate rule-mapped response consis-
tency rather than real user preference adaptation.

G. ABLATION STUDY

Ablation experiments were conducted on CASAS-Aruba and
ARAS to evaluate the contribution of each component. All variants

used the same data split, preprocessing, activity recognition back-
bone, and training settings as the full model. Only one component
was removed in each variant. SRA, Ask-F1, and ERL were used as
the main metrics. All results were reported as mean + standard
deviation over five runs.

Figure 10 further shows how response-action distributions
change after removing key components. Removing service risk
increases the proportion of automatic execution, indicating more
aggressive response behavior. Removing the uncertainty-aware
policy reduces confirmation requests, while removing service
relevance increases none decisions because service matching
becomes less reliable. These distributional changes explain the
SRA and Ask-F1 decreases reported in Table X.

Removing the latency constraint causes only a small change in
SRA but clearly increases ERL. This result shows that latency
modeling mainly supports edge-side response feasibility rather
than response-category selection. Removing feedback correction
leads to a moderate decrease in SRA and Ask-F1, suggesting that
feedback provides auxiliary adjustment under repeated or prefer-
ence-sensitive contexts. Since the feedback is rule-constructed, this
result should be interpreted as preliminary evidence rather than
proof of real preference adaptation.

Overall, the ablation results confirm that service relevance,
device state, service risk, and uncertainty modeling are central to
response consistency. The latency constraint mainly controls edge
response time. Feedback correction provides auxiliary adjustment.
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Fig. 10. Response-action distributions after removing key components.
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Variant CASAS SRA 1 ARAS SRA 1t CASAS Ask-F1 1 ARAS Ask-F1 1 CASAS ERL |
Full model 89.0+0.8 83.3+1.0 83.3+1.2 78.1+£1.5 74.6 £4.8 ms
w/o service relevance 86.4+1.1 80.1+1.5 80.2+1.6 745+1.8 73.8+5.1 ms
w/o device state 87.0+1.0 80.5+1.7 81.1+1.5 74.9+2.0 74.1 +4.7 ms
w/o service risk 85.8+1.3 79.6x1.6 794 +1.8 73.6£19 74.7+£5.2 ms
w/o uncertainty policy 86.1£1.2 79.8+1.8 78.7+1.9 72.8 2.1 72.9+4.9 ms
w/o latency constraint 88.4x1.0 825+1.3 82.6+14 77.4+1.6 96.8 £6.7 ms
w/o feedback correction 88.1+1.1 822+14 82.0x+1.5 76.5+1.7 74.3+5.4 ms

This is consistent with the design motivation of the proposed
service-oriented context state and edge response policy.

H. RESPONSE THRESHOLD SENSITIVITY
ANALYSIS

A one-factor-at-a-time sensitivity analysis was conducted for the
proposed method to examine the effect of response thresholds. Three
threshold groups were evaluated: recognition-confidence threshold
0y, service-risk threshold §,, and the auto/ask utility thresholds 6,y
and 0,q. Each threshold was varied at 0.8%, 0.9%, 1.0x, 1.1x, and
1.2x its validation-selected value, while the remaining settings were
fixed. No retraining was performed.

SRA, Ask-F1, and Auto Error were used to evaluate threshold
effects. Figure 11 summarizes the results on CASAS-Aruba and
ARAS.

The results show that performance remains relatively stable
within a moderate range around the selected thresholds. Increasing
the confidence threshold or lowering the risk threshold makes the
policy more conservative and generally reduces Auto Error. How-
ever, excessively strict settings may reduce SRA or Ask-F1. More
permissive settings increase automatic execution and may lower
confirmation burden, but Auto Error rises when uncertain or

—8— SRA
(a) Confidence Threshold

= Ask-F1
(b) Risk Threshold

higher-risk cases are executed directly. Similar trade-offs are
observed when varying the auto/ask utility boundary.

Overall, the results indicate that threshold selection affects the
balance among response consistency, confirmation behavior, and
erroneous automatic execution. The validation-selected thresholds
provide a balanced operating point, while overly conservative or
permissive settings lead to less favorable response behavior.

V. DISCUSSION

The main results indicate that the benefit of the proposed framework
comes primarily from transforming activity recognition outputs into
service-oriented decisions rather than from improving HAR accu-
racy alone. On CASAS-Aruba, the proposed method achieves an
SRA of 89.0 + 0.8%, compared with 86.8 +0.9% for Edge Response
without Uncertainty. Both methods obtain a Macro-F1 of 89.1 +
0.8%. On ARAS, SRA increases from 81.1 +1.3% to 83.3 +1.0%,
although the proposed method does not achieve the highest Macro-
F1. The SRA gains over the uncertainty-free baseline are statistically
significant on both datasets (p =0.018 for CASAS-Aruba and
p=0.021 for ARAS). These results support the role of the ser-
vice-oriented context state in combining recognition confidence,
service relevance, device availability, context, and risk for response
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Fig. 11. Sensitivity of SRA, Ask-F1, and Auto Error to response-threshold variation.
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selection. Representation analysis provides additional support. On
CASAS-Aruba, the silhouette score increases from 0.29 to 0.46
when activity-only features are replaced by the proposed context
state. On ARAS, the score increases from 0.22 to 0.40.

Uncertainty and risk control mainly affect whether ambiguous
cases are executed automatically or redirected to confirmation.
On CASAS-Aruba, the proposed method increases Ask-F1 from
80.1% to 83.3% and reduces Auto Error from 6.6% to 5.4%
compared with Edge Response without Uncertainty. On ARAS,
Ask-F1 increases from 75.2% to 78.1%, while Auto Error
decreases from 8.8% to 7.3%. Figure 8 further shows that the
advantage becomes more evident under medium- and low-confi-
dence conditions. The ablation results are consistent with this
interpretation. Removing service risk reduces SRA from 89.0%
to 85.8% on CASAS-Aruba and from 83.3% to 79.6% on ARAS.
Removing the uncertainty-aware policy reduces SRA to 86.1% and
79.8%, respectively. Removing feedback correction causes smaller
decreases to 88.1% and 82.2%. This indicates that feedback acts as
an auxiliary correction mechanism rather than the primary source
of performance improvement. Figure 11 further shows that mod-
erate threshold variations preserve broadly comparable perfor-
mance. Overly permissive settings increase Auto Error, whereas
overly conservative settings can reduce response consistency.

The practical value of this framework lies in supporting more
cautious and context-sensitive edge-side responses rather than
simply maximizing activity recognition accuracy. Such a decision
structure may be useful for elderly assistance, nighttime lighting,
security reminders, and routine smart home services. In these
applications, inappropriate automatic execution can be more prob-
lematic than an additional confirmation request. In the current
experiments, response decisions remain within the specified edge-
latency budget, supporting the feasibility of local decision-making
without implying real-home deployment.

Several limitations remain. First, CASAS-Aruba and ARAS
provide activity labels rather than native service-response records,
so SRA measures consistency with rule-mapped labels rather than
actual user preference. Second, service risk is currently quantified
through rule-based low-, medium-, and high-risk assignments and
may not capture household-specific risk. Third, feedback correc-
tion uses rule-constructed feedback signals rather than long-term
real user interaction. Fourth, multi-resident ambiguity is handled
indirectly through confidence and contextual uncertainty; the
framework does not perform explicit resident identification.
Finally, threshold sensitivity was evaluated only within the tested
range around the validation-selected operating point, and parame-
ter size and energy consumption were not systematically examined.
Future work should incorporate real service logs, resident-aware
modeling, adaptive risk calibration, missing-sensor robustness, and
longitudinal preference feedback.

VI. CONCLUSION

The findings supported three main contributions. First, the service-
oriented context state provided a more suitable basis for response
selection than activity labels alone by incorporating confidence,
device availability, context, service relevance, and risk. Second, the
uncertainty-aware edge response policy improved response con-
sistency and confirmation quality while reducing inappropriate
automatic execution. The proposed method achieved SRA values
of 89.0 +£0.8% on CASAS-Aruba and 83.3 + 1.0% on ARAS. The
corresponding Auto Error rates were 5.4 +0.6% and 7.3 +0.7%,
respectively. Third, low-burden feedback provided an auxiliary

mechanism for adjusting subsequent response parameters.
However, the evidence was based on rule-constructed feedback
and should not be interpreted as real personalized preference
learning.

The practical significance of the framework was reflected in its
support for more cautious and context-sensitive edge-side service
responses rather than simply maximizing activity recognition
accuracy. The auto, ask, and none structure provided a mechanism
for balancing automatic execution with user confirmation. The
examined applications included elderly assistance, nighttime light-
ing, security reminders, and routine home services. These findings
suggested potential value for improving the traceability and con-
trollability of service decisions under uncertainty, risk, device, and
latency constraints.

The study was limited by rule-derived response labels, rule-
based service-risk quantification, and the absence of real long-
term user feedback. Multi-resident ambiguity was handled indi-
rectly, and explicit resident identification was not addressed.
Threshold sensitivity was evaluated only within the tested oper-
ating range. Future research should validate the framework using
real home service and confirmation logs and develop resident-
aware context modeling and adaptive risk calibration. It should
also evaluate energy and resource costs on edge devices and
investigate personalized response policies based on longitudinal
user feedback.
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