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Evidence-Grounded Guardrail Extraction for Activity
Recognition in Smart Homes using Small Language Models
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Abstract: Activity recognition remains a significant challenge in pervasive computing, where models must infer user
actions from sparse signals but often fail to enforce the contextual constraints required for consistent predictions. This
study proposes a failure-triggered method for extracting decision guardrails using Small Language Models (SLMs) to
improve the reliability of activity recognition systems. The framework constructs a Knowledge Graph of guardrails
from model feedback, which serves as a grounded evidence base for subsequent inference. During inference, these
grounded constraints are incorporated to guide predictions toward more contextually consistent activity recognition.
We implement a pipeline that generates and reuses these constraints, and evaluate its impact on classification perfor-
mance and reasoning behaviour. Experiments show that the proposed approach improves top-1 accuracy from 46.4% to
69.7%, with reduced class-level confusion and more consistent predictions. This work offers a training-free mechanism
for transitioning from purely pattern-based activity recognition toward more constraint-aware systems.
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1. Introduction
Human activity recognition (HAR) in smart-homes underpins a

wide range of applications, including energy management, safety,
well-being and healthcare [1]. In the canonical formulation, HAR
models map windows of sensor events to activity labels [2]. How-
ever, sensor inputs are typically sparse and noisy, and only indi-
rectly reflect the underlying activity [3]. As a result, the same ac-
tivity can generate different sensor patterns while similar patterns
may correspond to different activities. Addressing this ambiguity
benefits from incorporating contextual constraints, such as room
layout, object affordances, and routine patterns. Unfortunately,
homes rarely share identical layouts or occupant routines. This
heterogeneity makes static, pre-defined knowledge about sensor-
activity relationships brittle in practice, motivating the develop-
ment of context-aware and adaptable HAR techniques.

A recent line of work explores the use of language models as
semantic layer for interpreting sensor data [4], [5]. By translating
low-level sensor events into textual representations, these models
can be leveraged to reason over activity patterns, enabling recog-
nition without extensive additional retraining. However, this ap-
proach introduces a practical tension. While large, cloud-based
models exhibit strong reasoning capabilities, their deployment is
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often incompatible with privacy, latency, and resource constrains
of smart home environments [6]. Small Language Models (SLM)
provide a more viable alternative in such settings due to their ef-
ficiency and deployability [7]. Yet this efficiency comes at the
cost of weaker contextual grounding making them more prone to
producing logically inconsistent predictions [8], [9].

Existing mitigation strategies attempt to address this limitation
either by encoding constraints directly in prompts or by injecting
external knowledge at inference time [10], [11]. Prompt-based
approaches condition the model through handcrafted rules, but
these formulations become brittle and difficult to scale as envi-
ronmental complexity increases. Knowledge-based systems, in-
cluding retrieval augmented generation and knowledge graph in-
jection improve contextual consistency but typically assume the
availability of pre-constructed knowledge sources.

This leaves an unresolved gap: How to equip SLM-based
HAR systems with contextually grounded constraints without re-
lying on static, pre-defined knowledge. In this work, we treat
knowledge not as a fixed input but as an artifact that can be
constructed during deployment. We propose a failure-triggered
knowledge infusion loop in which the model reflects on its own
prediction errors and, together with corrective feedback, ex-
tracts structured guardrail triples that capture evidence-grounded
constraints. These guardrails are accumulated in a lightweight
knowledge graph and selectively retrieved at inference time based
on their relevance to the current sensor evidence. By explicitly
injecting these constraints into the reasoning process, the model
is guided toward predictions that are not only plausible but also
contextually feasible, enabling a more transparent and adaptable
approach to activity recognition in smart-home environments.
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Contributions. Our contributions are as follows:
( 1 ) We introduce a failure-triggered KG-infusion loop for smart-

home HAR, where model errors are converted into reusable
guardrail triples for later inference;

( 2 ) We show strong accuracy and class-separation gains over
zero-shot. Top-1 accuracy improves from 46.4% to 69.7%
and confusion quality also improves with macro diagonal
(row-normalized class recall) rising from 36.9% to 64.8%;

( 3 ) We show the benefit comes with measurable but manage-
able runtime cost. Median inference latency increases from
4.77s (zero-shot) to 8.84s (KG-infused), while KG augmen-
tation, the failure-triggered construction and integration of
guardrail triples into the KG, adds a median 48.61s.

2. Related Work
This section reviews literature on sensor-based human activity

recognition (HAR), prompt-based classification with small lan-
guage models (SLMs), and knowledge-based augmentation. It
identifies key limitations in existing approaches and motivates a
self-constructed knowledge graph for guardrail injection.

2.1 Sensor-Based HAR: Data and Structural Constraints
Sensor-based HAR in smart homes is typically formulated as

mapping windows sequences of ambient sensor events to activity
labels. Inputs are sparse, noisy, and only indirectly related to the
underlying activity [4], [12], [13]. Consequently, the same activ-
ity can produce different sensor patterns, and similar patterns can
correspond to different activities [14].

A central property of this setting is that correct predictions de-
pend on implicit contextual constraints [15]. Sensor activations
must be interpreted relative to spatial layout (e.g., room loca-
tion), object affordances , and routine patterns. Many recognition
errors, therefore, arise when a predicted activity is incompatible
with observed context (e.g., required sensors are absent or loca-
tions are inconsistent) [16]. The challenge is further compounded
by heterogeneity, since no two homes share identical layouts, sen-
sor placements, or occupant routines, which makes static, one-
size-fits-all knowledge representation brittle in practice [17].

2.2 Prompt-based Classification with Language Models
Recent work shows that pre-trained language models can per-

form classification without updating model parameters. Methods
such as PET [18] and LM-BFF [19] operationalize this idea by
recasting classification as a prompt-based task, enabling strong
performance with only a small number of labelled examples. In
HAR, this requires converting sensor readings into a textual rep-
resentation that the model can condition on. Prior studies indicate
that language-based representation of sensor data can capture use-
ful semantics [5], and recent work suggests that language models
can perform zero-shot HAR successfully [4].

However, deploying such approaches in practical settings in-
troduces additional constraints. In smart home environments,
models are typically required to operate under limited computa-
tional resources, privacy restrictions, and on-device deployment,
making small language models (SLMs) the more realistic choice
[7], [20]. Yet this efficiency comes at the cost of weaker inter-

nal priors and reduced contextual grounding. Empirical studies
show that SLMs are more prone to hallucination and exhibit de-
graded context-sensitive reasoning, often producing outputs that
are superficially correct but supported by inconsistent reasoning
[21], [22], [23]. In this setting, model behaviour can be influenced
either by modifying the model parameters or by conditioning the
model at inference time. Fine-tuning allows knowledge to be in-
ternalized within the model but requires additional data and com-
putation and may not be practical in privacy-sensitive or continu-
ously evolving environments such as smart homes [24]. As a re-
sult, inference-time methods such as prompting become the more
practical mechanism for incorporating task-specific information
[10], [11]. However, while prompts can bias predictions, they do
not provide a reliable way to encode or persist structured contex-
tual constraints. Moreover, directly embedding a large number
of constraints into the prompt does not scale and may potentially
introduce noise during inference [25], [26], [27].

2.3 Knowledge-based HAR Augmentation
To address the need for explicit context, prior work in HAR

has explored knowledge-driven and neuro-symbolic approaches.
Ontology-based systems encode domain knowledge explicitly
and use reasoning mechanisms to improve recognition and in-
terpretability [28]. Extensions such as Arianna+ further develop
modular ontology networks for activity recognition [29]. More
recent approaches incorporate knowledge into machine learning
pipelines. Methods such as P-NIMBUS [30] integrate contextual
knowledge and uncertainty handling into deep learning models,
while ContextGPT [31] uses large language models to retrieve
common-sense knowledge for HAR tasks.

In parallel, the broader language model literature shows that
external knowledge can improve model performance. Retrieval-
Augmented Generation (RAG) and knowledge graph injection
methods such as K-BERT demonstrate that language models can
benefit from retrieving structural or textual knowledge at infer-
ence time [32]. Constraint-based prompting methods, including
grammar prompting [33], further show that structured constraints
can be injected into prompts to guide model outputs [34]. A re-
lated line of work concerns knowledge graph construction (KFC)
which typically builds triples from large text corpora using super-
vised or weakly supervised pipelines [35].

2.4 Position of this Study
Despite progress across these areas, current approaches typ-

ically rely on implicit knowledge within the model or assume
the availability of externally constructed knowledge. Neither ad-
dresses how task-specific constraints can be obtained when such
knowledge is not available at deployment. We position this work
as addressing this gap by treating knowledge as a construct that
originates during deployment rather than being assumed a pri-
ori. Specifically, we propose a framework in which a small lan-
guage model uses its own prediction errors, together with correc-
tive feedback, to extract and accumulate structured decision con-
straints in the form of knowledge graph triples. These constraints
are then reintroduced during inference, enabling the model to
move beyond purely pattern-based predictions.
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3. Methodology
This section presents a constraint-aware HAR framework that

constructs and reuses symbolic guardrails derived from predic-
tion errors. We consider a privacy-preserving smart-home envi-
ronment instrumented with ambient sensors, where visual sensing
(e.g., cameras) is not used. The sensing infrastructure is com-
posed primarily of event-driven and state-based devices such as
contact sensors and room-level location signals that provide in-
direct observations of user activities through state changes and
interactions with objects and spaces.

3.1 Preliminaries and Problem Definition
Let the smart home be partitioned into semantic zones, denoted

as Z = {z1, · · · , z|Z|}. Similarly, let the deployed sensors be rep-
resented as a set S = {s1, · · · , s|S|}.

Each sensor has metadata

ϕ(s) =
(
τ(s),m(s), ρ(s), ν(s)

)
,

where τ(s) denotes type, m(s) ∈ {static,mobile} denotes mobility
class, ρ(s) denotes the sampling profile, and ν(s) is an optional as-
sociated object or appliance. To represent heterogeneous sensing
behaviour, we define

ρ(s) =


(
periodic, rs

)
, if s samples at fixed rate rs(

event-driven, κs
)
, if s emits on trigger condition κs

Many home sensors are trigger-based (ON/OFF or threshold
events), while others are sampled regularly. Here, κs is repre-
sented as a symbolic trigger such as state transition or threshold
crossing. We denote the location of a sensor s as λ(s) ∈ Z. In the
case of static sensors, this location is assumed to be fixed.

Classification is performed on fixed-length windows of dura-
tion ∆. For sample i with decision time ti, the active window is

Ii = [ti − ∆, ti].

All sensor readings that occur within Ii are used to construct the
evidence Ei for that sample. Let C = {c1, . . . , c|C|} be the activity
label set. The HAR decision problem is to map sample evidence
to a predicted class:

ĉi = h(Ei), h : E → C,

where E denotes the space of evidence representations. Through-
out this work, we denote by fSLM(·) a Small Language Model
(SLM) generation function that produces structured outputs con-
ditioned on an input prompt constructed from its arguments.
Task-specific behaviour is indicated through a superscript. For
example, f pred

SLM(·) denotes a prediction function.

3.2 Guardrail KG Construction for HAR
Here we present the principal methodological contribution: a

failure-triggered online construction process depicted in Fig. 1
that turns prediction mistakes into reusable symbolic guardrails.

3.2.1 Inference Formulation
Classification is conditioned on both the current evidence and

the retrieved guardrails:

ĉ(K)
i = f pred

SLM(Ei,Gi),

where ĉ(K)
i is an ordered top-K prediction list over classes in C

and Gi is the retrieved guardrail set for sample i. If no relevant
guardrails are found, inference proceeds with Gi = ∅.

For each sample, the prompt is assembled from five compo-
nents: (1) sensor infrastructure semantics, (2) time-window con-
text, (3) normalized evidence summary, (4) retrieved guardrails
(if available), and (5) candidate label set. The model is required
to return strict JSON containing ranked activity predictions and
concise evidence-grounded justifications.
3.2.2 Failure Trigger and Reflection Prompting

Let ci denote ground-truth class and let ĉi denote top-1 predic-
tion (the first element of ĉ(K)

i ). Graph update is triggered only
when ĉi , ci. Under this condition, reflection is invoked with ev-
idence Ei, the ranked prediction list ĉ(K)

i , and the true label ci.
In this formulation, ci acts as corrective feedback that signals a
prediction failure and enables guardrail extraction. The frame-
work does not require continuous supervision and only assumes
that such feedback is available at some points during operation.
In practice, this feedback may come from delayed human anno-
tation, user correction, or other supervisory processes, consistent
with a human-in-the-loop setting.

We define reflection generation as

Ri = f reflect
SLM
(
Ei, ĉ(K)

i , ci
)
,

where Ri is a structured reflection artifact rather than un-
constrained free text. The prompt enforces three sections:
(1) SUPPORTING EVIDENCE, (2) CONTRASTIVE CUES, and (3)
GUARDRAILS, each one serving a distinct function in the update
mechanism. SUPPORTING EVIDENCE surfaces the positive evi-
dence pattern for the true class (required vs. supporting signals
and location context). CONTRASTIVE CUES surfaces discrimina-
tive negatives by making absences and mismatches explicit for
confusing alternatives. GUARDRAILS converts the earlier sec-
tions into reusable decision constraints. An example reflection
is shown in Fig. 2. This structure is intentionally requested be-
cause later symbolic extraction depends on explicit mention of
presences, absences, and class-conditional distinctions.
3.2.3 Multiphase Guardrail Construction

Rather than extracting triples directly from free-form reflec-
tion, we apply a staged construction chain as illustrated in Fig. 3.

Let A, S, and L denote activity, sensor, and location vocabu-
laries, respectively.

In Stage 1 (entity extraction), the reflection artifact is projected
onto ontology-relevant symbols only:

Ui = f ent
SLM(Ri), Ui ⊆ A ∪ S ∪ L.

This step removes narrative tokens and out-of-scope concepts
so downstream processing cannot rely on entities that are outside
the activity-sensor-location interface.
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Fig. 1 Knowledge-infused inference loop for smart-home sensor-based HAR, where inferred and re-
flected outcomes are extracted to augment the knowledge graph, and the updated graph infor-
mation is infused into subsequent inferences.

Reflection Output for Activity: preparing cold meal
• Supporting Evidence:

Pantry interaction is observed in the kitchen, which is consistent with
preparing a cold meal. This activity typically involves accessing
stored food items without using heat-based appliances...

• Contrastive Cues:
Cooking is less likely because there is no evidence of stove usage.
Watching TV is also unlikely since no television-related signals are
present and the activity is not occurring in the living room...

• Guardrails:
Cooking generally requires use of the cooking stove. Watching TV
requires the television to be active and typically occurs in the living
room. Preparing a cold meal involves pantry interaction and is usu-
ally performed in the kitchen...

Fig. 2 Example reflection artifact Ri produced by f reflect
SLM , showing support-

ing evidence, contrastive cues, and inferred guardrails.

Stage 1 Output (Ui):
• activities: preparing cold meal, cooking, watching tv, ...
• sensors: pantry, cooking stove, television, ...
• locations: kitchen, living room, ...

Stage 2 Output (Di):
• preparing cold meal:

– required sensor: pantry
– required location: kitchen
• ...

Stage 3 Output:(T cand
i ):

• (preparing cold meal, REQUIRES SENSOR, pantry)
• (preparing cold meal, REQUIRES LOCATION, kitchen)
• ...

Fig. 3 Stepwise transformation from reflection artifact to ontology-
constrained representations, including entity extraction (Ui), struc-
tured denoising (Di), and candidate triple construction (T cand

i ).

In Stage 2 (reflection denoising), the same reflection is rewrit-
ten using the extracted symbol set as guidance:

Di = f denoise
SLM (Ri,Ui).

Here, Di is an activity-centered structured representation that
stores slots such as required sensors, missing required sensors,
required location, forbidden locations, and supporting sensors.
The purpose of this stage is to convert explanatory prose into a
rule-ready intermediate form.

In Stage 3 (triple construction), denoised fields are compiled
into candidate symbolic rules:

T cand
i = f triple

SLM (Di,Ui).

Compilation is schema-constrained. Slot semantics determine
relation type, while entity arguments are restricted to Ui. This
ensures that candidate triples are syntactically valid and semanti-
cally grounded in the reflection-derived intermediate output.

This decomposition improves robustness by reducing narra-
tive leakage and increasing schema compliance before candidate
triples are considered for acceptance. It also separates concerns
across model-mediated stages: f reflect

SLM performs error analysis,
while f ent

SLM, f denoise
SLM , and f triple

SLM perform symbolic compilation.
3.2.4 Guardrail Ontology and Final Consistency Gate

Guardrail ontologies can be designed in many ways, ranging
from narrow task-specific relation sets to broader, dynamically
expanded schemas. In this study, we intentionally use a compact
relation set that targets the contrastive decision cues required by
our HAR setting. Candidate triples are therefore constrained to:
( 1 ) REQUIRES SENSOR(activity, sensor)
( 2 ) ABSENCE CONTRADICTS(activity, sensor)
( 3 ) REQUIRES LOCATION(activity, location)
( 4 ) FORBIDS LOCATION(activity, location)
( 5 ) SUPPORTS SENSOR(sensor, activity)

These five relation types are chosen to encode the minimum
contrastive semantics needed by the downstream classifier: ne-
cessity, contradiction-by-absence, location requirement, location
exclusion, and positive sensor support. The design objective
is not ontological completeness, but operational usefulness un-
der online updates. In preliminary development, allowing unre-
stricted relation extraction from reflection text produced large, se-
mantically diffuse triple sets and did not improve predictive per-
formance. Constraining relation type therefore functions as an
explicit bias toward high-utility, decision-facing rules rather than
descriptive but non-operational knowledge. At the same time,
this ontology is not assumed to be universally complete. Future
variants may expand or dynamically induce additional relation
families under stronger validation constraints.

After extraction, final consistency gating is implemented as a
hybrid two-stage operator that combines model-based adjudica-
tion with deterministic validation:

T̃i = f gate
SLM
(
Ri, T cand

i
)
,

T final
i = Πvalid

(
T̃i
)
,
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where f gate
SLM selects a reflection-consistent subset from candi-

date triples, and Πvalid(·) enforces deterministic checks: (i) non-
empty subject/relation/object, (ii) membership in the allowed re-
lation set, and (iii) admissible subset selection from T cand

i . Specu-
lative or malformed candidates are rejected. Only triples in T final

i

are committed as reusable guardrails.

3.3 Guardrail Infusion During Inference
Guardrail infusion is the reuse phase of the lifecycle. At a later

sample j, stored triples are ranked against current evidence by
lexical overlap. For stored triple g,

score(g, E j) =
∣∣∣tok(g) ∩ tok(E j)

∣∣∣ ,
where tok(·) denotes the set of normalized tokens obtained by
lowercasing the input text, extracting alphanumeric substrings,
and removing duplicates. In effect, both evidence and triples are
treated as unordered bags of tokens, and relevance is determined
by the number of shared tokens. Triples are sorted by score, dedu-
plicated, and truncated to top-R to produce G j, which is injected
into a dedicated guardrail section in the inference prompt. This
retrieval policy is intentionally simple, transparent, and auditable
such that every infused guardrail can be traced to explicit lexical
overlap with current evidence.

4. Experiments
This section evaluates the proposed constraint-aware HAR

framework against a zero-shot baseline.

4.1 Dataset
We use the MARBLE [13] dataset, a smart-home activity

recognition corpus collected in a fixed-layout environment. It is
organized into scenarios, each representing sequences of activi-
ties performed by one or more subjects over a period of the day,
with multiple recordings per scenario.
4.1.1 The Smart Home Model

Fig. 4 illustrates the smart home layout and the sensor de-
ployment locations in the MARBLE dataset. The home setup is
compact but semantically rich, including contact sensors (pantry,
drawers, cabinet, fridge), smart plugs (stove, TV), and pressure
mats (chairs, couch), along with smartphone events, room-level
locations, and activity labels. This configuration supports both
spatial and behavioural reasoning. The fixed layout provides sta-
ble context, while diverse sensors offer complementary evidence
about actions and location, which is essential for context-aware
evaluation. Additionally, MARBLE also includes inertial sensor
readings from smart watches worn by the smart home subjects,
they are however not considered in this study.
4.1.2 Preprocessing and Datapoint

We restrict our experiments to MARBLE’s individual subset,
which excludes multi occupancy cases, to avoid ambiguity that
arise from concurrent occupants in the same environment. We
further filter out TRANSITION events, since these intervals mark
boundaries between activities rather than target activities them-
selves and would otherwise introduce additional class noise.

The remaining activity interval is converted into a sequence

Fig. 4 Smart home layout and sensor placement for MARBLE dataset [13].

Table 1 Class code mapping with dataset counts and percentage.

Code Description Count Percent

WTV Watching Tv 579 16.07
COK Cooking 503 13.96
UPC Using Pc 415 11.51
APH Answering Phone 370 10.27
MPC Making Phone Call 360 9.99
EAT Eating 351 9.74
PCM Preparing Cold Meal 282 7.82
WSD Washing Dishes 198 5.49
SUT Setting Up Table 174 4.83
CLT Clearing Table 166 4.61
TMD Taking Medicines 158 4.38
LVH Leaving Home 25 0.69
ENH Entering Home 23 0.64

of fixed-duration temporal windows with a length of 16 seconds
and 80% overlap between consecutive windows. This windows
construction, consistent with the preprocessing pipelines used
in prior studies using the MARBLE dataset [4], standardizes
variable-length activity intervals into fixed-sized samples while
preserving enough temporal context for downstream reasoning.
For environmental sensors and smart phone events, the represen-
tation includes not only events that occur inside the window but
also pre-window context when the most recent state before the
window is still relevant at window onset. This is essential because
many smart-home signals are stateful, i.e,. a door may already be
open or a switch may already be on when the window begins. By
carrying forward that context, the representation preserves conti-
nuity across adjacent windows and avoids treating each slice as
an independent environment.
4.1.3 Constructed Dataset Characteristics

The preprocessing pipeline yields 3, 604 data points across 36
instances and 12 subjects. The class distribution is long-tailed
(see Table 1), with activities such as watching tv and cooking
dominating the dataset, while leaving home and entering home
together account for roughly 1.5%. This skew reflects the under-
lying activity structure of MARBLE, since longer activities nat-
urally contribute more windows. The table also provides 3-letter
codes for each class to streamline the presentation of results.

As shown in Fig. 5, cross-subject heterogeneity is substan-
tial with different subjects contributing varying numbers of data
points. Beyond volume, the left panel shows that activity fre-
quencies differ across individuals, suggesting that subjects vary
in how they perform activities and how long they spend on them,
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Fig. 5 Subject-level heterogeneity in the dataset: row-normalized activ-
ity composition by subject (left) and subject-wise datapoint counts
(right), with activities ordered by global frequency.

even when following the same scenarios.

4.2 Agent Implementation
We instantiate the classifier as a CrewAI*1-based agent

pipeline, where a smart home agent is defined with a clear
functional role (sensor interpretation), an operational objective
(supporting activity recognition), and a domain prior that sensor
state changes can be translated into semantic activity hypothe-
ses. We use qwen3:4b-instruct as the underlying small lan-
guage model, selected to balance reasoning capability with com-
putational efficiently, which is important in realistic resource-
constrained settings.

The functional components introduced in Section 3 are oper-
ationalized as distinct Tasks that each correspond to a specific
step in the pipeline and is implemented through prompt-based
instructions. The tasks are orchestrated sequentially within the
agent, enabling a modular execution of the overall inference and
KG-augmentation process. Rather than treating the model as a
black box, the pipeline exposes intermediate artifacts that make it
possible to trace how the system arrives at a decision and, when
necessary, how it converts failures into reusable constraints.

4.3 Research Questions and Experimental Setups
We consider three research questions:
• RQ1: Does KG infusion improve activity recognition per-

formance over a zero-shot baseline?
• RQ2: How does KG infusion affect model behaviour across

classes and retrieval patterns?
• RQ3: What are the inference-time costs of KG infusion, and

are they justified by performance gains?
To answer these questions, we run paired experiments compar-

ing zero-shot and KG-infused inference on the same evaluation
stream and align predictions by data point index.

We evaluate accuracy and ranking behaviour using top-k re-
sults and confusion analyses, then inspect retrieval dynamics
through relation/triple distributions and cumulative growth of
unique retrieved triples vs. KG expansion.

Finally, we quantify system overhead by estimating per-step la-
tency from timestamps, separating no-reflection cases from aug-
mentation cases, and relating added latency to the number of
triples introduced. This design lets us jointly assess effectiveness,
behavioural mechanisms, and computational trade-offs.

*1 https://crewai.com/
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Fig. 6 Top-k accuracy comparison between zero-shot and KG-infused set-
tings. KG infusion consistently improves performance across Top-1,
Top-2, and Top-3 metrics.

5. Results and Discussions
This section presents the empirical results of the proposed

framework and analyzes its impact on recognition performance
and model behaviour. We first compare overall accuracy against
a zero-shot baseline, then examine retrieval dynamics and effi-
ciency trade-offs, and finally discuss limitations of the study.

5.1 Overall Performance
As shown in Fig. 6, KG infusion yields a clear improvement

over the zero-shot baseline across all ranking levels. Top-1 ac-
curacy increases from 46.4% to 69.7%, while top-2 accuracy
rises from 50.2% to 79.2% and top-3 accuracy from 54.1% to
89.3%. This is not just a modest gain in first-choice prediction:
the larger jumps at top-2 and top-3 show that the KG-infused
model consistently places the correct activity much higher in its
ranked outputs. In relative terms, the improvement is especially
pronounced at the top of the list, indicating that the retrieval-
augmented pipeline is substantially better at resolving the most
likely label rather than merely expanding coverage.

The confusion matrices in Fig. 7, reinforce this picture at the
class level. The zero-shot model exhibits broader off-diagonal
confusion, with several activities being systematically mixed
with nearby classes, whereas the KG-infused model concentrates
much more mass on the diagonal and reduces several of the
strongest misclassification patterns. This suggests that KG in-
fusion improves not only aggregate accuracy but also the struc-
ture of the error distribution: predictions become more class-
consistent and more semantically aligned with the true activity. In
that sense, the gains are not random or isolated; they reflect better
ranking quality and more stable class separation. The retrieval
analysis in the next subsection helps explain why this happens.

5.2 Retrieval and Behavioural Analysis
Beyond prediction accuracy, the KG-infused system re-

veals a structured retrieval profile over the predefined
relation types (see Fig. 8(left)). Retrieval events are dom-
inated by REQUIRES LOCATION and FORBIDS LOCATION,
followed by REQUIRES SENSOR, ABSENCE CONTRADICTS, and
SUPPORTS SENSOR. This distribution indicates that the system
relies primarily on location constraints to prune the activity
space, with sensor-based rules providing a secondary but still
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Fig. 7 Row-normalized top-1 confusion matrices show that KG infusion re-
distributes error mass from dominant off-diagonal confusions toward
class-specific predictions.
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Fig. 8 Retrieved knowledge profile of the KG-infused setting: the left panel
shows the distribution of retrieved relation types as a share of all re-
trieval events, while the right panel ranks the top-10 most frequently
retrieved triples.

important layer of evidence.
The top retrieved triples, as shown in Fig. 8(right), further clar-

ify this behaviour. The most frequently retrieved items corre-
spond to compact, activity-specific guardrails, with a notable con-
centration of location-oriented constraints. Rather than reflecting
arbitrary context, these results show that the system repeatedly
reuses a small set of structured rules that encode activity–location
and activity–sensor relationships. This pattern is consistent with
the role of guardrails in disambiguating closely related activities
in a smart-home setting.

The growth curve in Fig. 9 adds a temporal perspective.
Unique retrieved triples accumulate quickly at the beginning of
inference, then increase more gradually as new samples are pro-
cessed. By the end of the evaluation stream, the system has al-
ready consolidated most of its distinct retrieval content, which
suggests an early discovery of dominant guardrail patterns fol-
lowed by slower refinement. In practical terms, the retrieval
mechanism appears to be selective rather than expansive. It re-
peatedly reuses a compact knowledge set while only occasionally
introducing genuinely new triples.

5.3 Efficiency and Trade-offs
The runtime analysis in Fig. 10 shows that KG infusion intro-

duces measurable but uneven overhead. The aligned latency com-
parison indicates that KG-infused inference is typically slower

0 500 1000 1500 2000 2500 3000 3500
Inference step

0

20

40

60

80

100

Cu
m

ul
at

iv
e 

un
iq

ue
 tr

ip
le

s

Growth of Unique Retrieved Triples

0 500 1000 1500 2000 2500 3000 3500
Inference step

0

1000

2000

3000

4000

5000

6000

7000

Cu
m

ul
at

iv
e 

tri
pl

es
 a

dd
ed

Growth of Knowledge Graph

Fig. 9 Retrieval growth dynamics in the KG-infused pipeline: cumulative
unique retrieved triples saturate over inference steps while cumula-
tive KG augmentation (triples added) continues to grow.

Zero-shot KG-infused

0

50

100

150

200

250

300

350

In
fe

re
nc

e 
la

te
nc

y 
(s

)

Inference Overhead

5 10 15 20 25
Triples added in reflection

300

200

100

0

100

200

300

La
te

nc
y 

de
lta

 (K
G 

- z
er

o-
sh

ot
) [

s]

KG Augmentation Cost

Fig. 10 Inference overhead and KG augmentation cost. Left: Zero-shot
vs. KG-infused latency on matched no-reflection indices (Box-plots
show median, IQR, and outliers). Right: Latency delta relative to
the number of triples added during reflection.

than the zero-shot baseline, although the gap is modest for most
datapoints and is dominated by a small number of large outliers.
The boxplot therefore suggests that the main cost is not a uniform
slowdown, but occasional expensive reflection-heavy cases.

When we isolate KG augmentation cost and relate it to the
number of triples introduced, the added latency is generally pos-
itive and remains in the same broad range across most samples.
The fitted trend is relatively flat, which implies that the overhead
is not primarily driven only by triple count.

Taken together, these results indicate that KG infusion is not
free, but the overhead is bounded enough to be interpretable in
light of the substantial gains in recognition quality. The augmen-
tation process need not be tightly coupled to real-time inference
and can instead be offloaded to more capable models or sched-
uled during less latency-sensitive periods. The practical trade-off
is therefore favourable when the application can tolerate some
additional latency in exchange for better performance.

5.4 Limitations of the Study
We interpret the results as evidence under the specific exper-

imental conditions of this study, with several limitations that
should be considered. The current pipeline does not yet lever-
age multi-depth retrieval, so both effectiveness and runtime may
change under richer retrieval configurations. In addition, data
points are processed independently, without explicit modelling of
temporal dependencies across consecutive windows, which lim-
its sequence-level reasoning for transition-sensitive activities. Fi-
nally, evaluation coverage remains constrained, and the findings
should therefore not be taken as indicative of universal perfor-
mance across all smart-home HAR settings. Within these bounds,
the results demonstrate that KG infusion can improve recognition
performance while yielding interpretable retrieval behaviour.
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6. Conclusion
This study examined whether KG infusion can improve zero-

shot smart-home activity recognition while preserving inter-
pretable behaviour and acceptable runtime cost. The core mech-
anism is a self-reflection-driven augmentation loop. When the
small model makes an error, it reflects on its own mistake, con-
verts that reflection into structured guardrail triples, and uses
those triples as knowledge for subsequent inference. Across
the reported experiments, this KG-infused process consistently
improved ranking performance, reduced key confusion patterns,
and revealed a retrieval profile dominated by compact activity-
location and activity-sensor guardrails. These findings suggest
that error-triggered symbolic augmentation can strengthen pre-
diction quality in a practical HAR pipeline.

Acknowledgments This study was supported in part by
JSPS KAKENHI Grant Number 25K03107.

References
[1] D. Bouchabou, S. M. Nguyen, C. Lohr, B. LeDuc, and I. Kanellos, “A

survey of human activity recognition in smart homes based on iot sen-
sors algorithms: Taxonomies, challenges, and opportunities with deep
learning,” Sensors, vol. 21, no. 18, p. 6037, 2021.

[2] Y. Yin, L. Xie, Z. Jiang, F. Xiao, J. Cao, and S. Lu, “A system-
atic review of human activity recognition based on mobile devices:
overview, progress and trends,” IEEE Communications Surveys & Tu-
torials, vol. 26, no. 2, pp. 890–929, 2024.

[3] X. Ye, K. Sakurai, N.-K. C. Nair, and K. I.-K. Wang, “Machine learn-
ing techniques for sensor-based human activity recognition with data
heterogeneity—a review,” Sensors, vol. 24, no. 24, p. 7975, 2024.

[4] G. Civitarese, M. Fiori, P. Choudhary, and C. Bettini, “Large language
models are zero-shot recognizers for activities of daily living,” ACM
Transactions on Intelligent Systems and Technology, vol. 16, no. 4, pp.
1–32, 2025.

[5] Z. Li, S. Deldari, L. Chen, H. Xue, and F. D. Salim, “Sensorllm:
Aligning large language models with motion sensors for human activ-
ity recognition,” in Proceedings of the 2025 Conference on Empirical
Methods in Natural Language Processing, 2025, pp. 354–379.

[6] S. I. Siam, H. Ahn, L. Liu, S. Alam, H. Shen, Z. Cao, N. Shroff, B. Kr-
ishnamachari, M. Srivastava, and M. Zhang, “Artificial intelligence of
things: A survey,” ACM Transactions on Sensor Networks, vol. 21,
no. 1, pp. 1–75, 2025.

[7] P. Belcak, G. Heinrich, S. Diao, Y. Fu, X. Dong, S. Muralidharan,
Y. C. Lin, and P. Molchanov, “Small language models are the future
of agentic ai,” arXiv preprint arXiv:2506.02153, 2025.

[8] F. Corradini, M. Leonesi, and M. Piangerelli, “State of the art and fu-
ture directions of small language models: a systematic review,” Big
Data and Cognitive Computing, vol. 9, no. 7, p. 189, 2025.

[9] F. Wang, M. Lin, Y. Ma, H. Liu, Q. He, X. Tang, J. Tang, J. Pei,
and S. Wang, “A survey on small language models in the era of large
language models: Architecture, capabilities, and trustworthiness,” in
Proceedings of the 31st ACM SIGKDD Conference on Knowledge Dis-
covery and Data Mining V. 2, 2025, pp. 6173–6183.
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