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Abstract—Smart environments generate continuous heteroge-
neous sensor data that require real-time processing to support
occupant services and decision-making. Existing approaches
either compromise data sovereignty through cloud dependencies
or employ rigid rule-based systems that lack natural-language
interaction. This paper presents a local multimodal analytics
architecture for smart indoor environments that combines edge-
resident Multimodal Large Language Models (MLLMs) with a
Knowledge Graph (KG) policy layer. The proposed plot-and-ask
workflow couples automatic time-series visualization with vision-
enabled language interpretation, intended to let non-expert users
explore indoor sensing data without programming expertise.
The system supports natural-language-to-SQL querying, plot
generation with KG-derived comfort bands, and multimodal plot
interpretation while keeping all processing on local hardware.
We evaluate the framework in a two-week indoor air quality
deployment across office, hallway, and kitchen locations using
four local models: Gemma 3 4B, Ministral 3 3B, Qwen 3 4B, and
Granite 3 2B. All four achieved 100% accuracy for structured
query synthesis and plot generation. For plot interpretation,
Ministral 3 3B and Gemma 3 4B best balanced accuracy and
latency, reaching 100% and 96.67% accuracy with 5.84s and
5.34 s end-to-end latency, respectively. A KG-grounding ablation
showed the largest gain for Qwen 3 4B (+25.0 pp), with latency
reduced from 27.98s to 15.21s, and a supplementary indoor-
scene safety check confirms that the same models support direct
image understanding. Together, these results show that plot-based
summarization and lightweight KG grounding improve local
multimodal IoT analytics under edge constraints. Overall, hybrid
KG-MLLM architectures can support privacy-preserving visual
IoT analytics at the edge while being designed for interactive
exploration by non-expert users.

Index Terms—Internet of Things, Sensor networks, Smart
environments, Edge Al, Knowledge Graph, Visual analytics.

I. INTRODUCTION

HE ubiquitous deployment of Internet of Things (IoT)

sensors in smart environments produces continuous
streams of heterogeneous data that must be interpreted by
building occupants, facility managers, and decision-makers.
Traditional interfaces require technical expertise to query
databases or read raw sensor values, creating barriers for
non-expert users [1]. Large Language Models (LLMs) open
new possibilities for natural-language interaction with IoT
systems, letting occupants obtain actionable insights through
conversational queries without programming knowledge and
moving from rigid dashboards to flexible analytics [2]. How-
ever, leveraging LLMs for smart-environment analytics in-
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reasoning, local multimodal LLM inference, and a web interface for natural-
language queries and plot-and-ask.

troduces significant privacy concerns when sensor data—
including occupancy patterns, thermal preferences, and be-
havioral indicators—is transmitted to proprietary cloud Appli-
cation Programming Interfaces (APIs) for processing. Cloud-
dependent systems compromise data sovereignty, introduce un-
predictable costs, and create network dependencies that affect
system responsiveness [3], [4]. To address these limitations,
local edge inference is an attractive alternative as it keeps
sensitive environmental data on-site, avoids external network
calls, and supports predictable response latencies for building
interaction and automation [5].

Beyond privacy, smart-environment outputs should be
grounded in explicit domain knowledge: when LLMs recom-
mend ventilation, heating, or occupancy actions, those outputs
should rest on verifiable comfort policies rather than model
priors alone. Knowledge Graphs (KGs) encode threshold con-
straints, domain semantics, and policy knowledge in machine-
readable form, enabling grounded and traceable responses [6],
[7]. Smart environments also span multiple modalities—time-
series measurements, tabular data, and visual scenes—and
Multimodal LLMs (MLLMs) process textual and visual inputs
within one pipeline, unlike single-modality models that cannot
interpret images or plots [8]. This paper addresses the lack of
privacy-preserving, policy-grounded, and multimodal analytics
for non-expert users in smart indoor environments. To this
end, we present a local hybrid architecture that combines
MLLMs with a KG-based policy layer (Fig. 1) and exam-
ine whether lightweight local MLLMs can generate accurate
natural-language-to-SQL (Structured Query Language) queries
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on commodity edge hardware, whether the plot-and-ask work-
flow supports accurate multimodal interpretation of time-series
plots within interactive latency, and whether KG grounding
improves the policy alignment of generated visualizations and
status summaries.

This work makes three main contributions. First, it presents
a local multimodal analytics framework that supports natural-
language querying, plot generation, and plot interpretation
entirely on edge hardware without external network calls.
Second, it introduces a plot-and-ask workflow that uses plot-
based visual summarization to reduce context load for local
multimodal models. Third, it provides an empirical character-
ization of four local open-weight MLLMs across structured
querying, visualization, and plot interpretation tasks in a two-
week indoor air-quality deployment. The implementation is
available as open-source software to support reproducibility’.

II. RELATED WORK

Local and Edge-Resident Language Models: Recent work
deploys language models at the edge to reduce cloud reliance
and strengthen privacy. LLMEdge [9] studies localized in-
ference under resource constraints, EdgeShard [10] examines
distributed execution for edge-resident models, and prompt-
side IoT data preprocessing can narrow the local-to-cloud
accuracy gap for environmental monitoring [11]. HoloLLM [8]
demonstrates multimodal reasoning in smart homes across
multiple sensing modalities. These studies advance edge-
oriented design, IoT prompt preprocessing, and multimodal
reasoning, but do not address interactive natural-language
analytics for indoor sensing coupled with plot generation and
policy-grounded visual feedback.

Knowledge-Graph Grounding and Retrieval-Augmented
Reasoning: Knowledge graphs and retrieval-augmented gener-
ation (RAG) improve factual consistency and domain ground-
ing. Combining symbolic knowledge with LLMs improves rea-
soning across heterogeneous standards [6], [7], and Telecom-
RAG [12] guides technical question answering with retrieved
knowledge. We adopt a lightweight design in which KG-
derived policies extend beyond prompt grounding to support
plot overlays and status-card classification.

Visual Analytics and Pervasive Displays: Research on
pervasive displays and visual analytics has addressed display
walls, situated analytics, and collaborative interaction [13]-
[15], but typically relies on manually designed visualizations
or fixed dashboards. By contrast, our system accepts a natural-
language request, retrieves the relevant sensing data, generates
a plot automatically, and passes it to a local vision-enabled
model for interpretation.

Positioning of the Present Work: Table I positions this
work against prior research, which addresses local infer-
ence, multimodal processing, and knowledge grounding in-
dividually. To our knowledge, prior work has not jointly
evaluated edge-based multimodal inference, natural-language
sensor querying, automatic plot generation, and KG-grounded
interpretation within a smart-environment analytics workflow.

Thttps://github.com/Aygun Varol/multimodal-local
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III. METHODOLOGY

Our system transforms IoT sensor data into plots and
natural-language explanations on local hardware for pervasive-
display contexts. It comprises a backend for local LLM
inference, an in-memory database, a Knowledge Graph en-
coding domain policies, and a web interface with interaction
panels. We deployed lightweight multimodal LLMs Gemma 3
4B [16], Ministral 3 3B [17], Qwen 3 4B [18], and Granite 3
2B [19] on an edge device using Ollama® as the local model-
serving backend. The framework calls the local Hypertext
Transfer Protocol (HTTP) API to run inference over sensor
data, plots, and KG-enhanced prompts: it synthesizes SQL for
sensor retrieval, injects KG-derived context into prompts, and
generates comfort-grounded display cards, all exposed through
HTTP endpoints and a four-panel web interface.

Model Selection: We selected four lightweight multimodal
LLMs (2-4B parameters) for edge deployability, multimodal
capability, and architectural diversity. Compact models main-
tain interactive latency on constrained hardware [10], while
plot-and-ask requires vision-language processing for plot in-
terpretation [8]. The models span distinct lineages (Gemma
3, Ministral 3, Qwen 3, Granite 3), enabling comparison of
performance-latency trade-offs.

Design Principles: Three principles guide the architecture.
Verifiable grounding [6] makes model outputs traceable to data
sources, KG facts, or user inputs. Local execution [9], [20]
keeps inference, data processing, and knowledge reasoning on
the deployment host. Transparent operation [21] exposes inter-
mediate representations—generated SQL, generated SPARQL
(SPARQL Protocol and RDF Query Language), and retrieved
knowledge context—to support trust calibration.

System Architecture: Fig. 1 illustrates the four-layer ar-
chitecture. The Environmental Data Layer loads timestamped
measurements from tabular comma-separated values (CSV)
files into an in-memory DuckDB relation. The dataset con-
tains minutely averaged indoor air quality (IAQ) metrics—
temperature, humidity, pressure, and gas resistance—across
kitchen, office, and hallway locations. The Knowledge Graph
Layer defines classes for Metric, Location, PervasiveDisplay,
and Policy, with properties encoding recommended ranges
(e.g., recommendMin, recommendMax, atLocation).
Temperature is associated with a recommended range of 20-
26 °C and humidity with 30-60%. These thresholds are used
for plot shading and display-card classification. The Local
LLM Orchestration Layer communicates with Ollama through
its local HTTP API. Multi-turn conversations invoke the chat
endpoint, while task-specific prompts are used for SQL syn-
thesis and plot interpretation. The Web User Interface Layer
exposes endpoints for chat, data querying, plot generation, KG
access, and display-card generation, presented through four
coordinated panels.

Natural Language to SQL Workflow: Natural-language
questions are translated into executable SQL through a prompt-
only approach (Fig. 2). The backend builds a constrained

Zhttps://ollama.com/
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TABLE I

COMPARISON BETWEEN RELATED WORK AND THE PROPOSED SYSTEM. v’ = YES,

© = PARTIAL, —=No.

Approach Local Inference Multimodal KG / RAG Grounding Natural-Language Sensor Querying  Auto Plot Generation  Smart-Env. Deployment
Edge / local LLM systems [9]-[11] v © - - - ©
KG-grounded LLM systems [6], [12] - - v © - -
Pervasive display / visual analytics [13]-[15] - © - - © v
This work v v v v v
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Fig. 2. Natural-language-to-SQL workflow with transparent query generation,
validation, and execution.

prompt with (i) the table name (iag), (ii) schema information
from the DataFrame, and (iii) a JavaScript Object Notation
(JSON) row sample to align column naming, and instructs
the model to output exactly one DuckDB SELECT statement
without prose or markdown. The backend then strips code and
applies a safety gate that rejects non-SELECT statements and
data-manipulation keywords (INSERT, UPDATE, DELETE,
DROP) before executing the query against the in-memory
relation. The response returns the generated SQL, column
headers, and result rows, letting users verify question—query
alignment while preventing inadvertent data mutation.
Plot-and-Ask Workflow: Local multimodal LLMs have
limited context windows, constraining how much raw time-
series data can be supplied. The plot-and-ask workflow instead
turns longer sensing periods into a plot that summarizes
temporal structure visually (Fig. 3). The PLOT endpoint parses
requests such as “plot temperature for 2025-08-19 in office”,
extracting metric, location, and date, then retrieves matching
rows and renders a time-series plot. When the KG defines a
recommended range for the metric, that band is shaded in the
plot. The image is returned to the client and can be attached
to a follow-up prompt such as “explain the trend” or “do you
see any anomaly?”, with text and image forwarded to the local
MLLM for interpretation. Compared with raw minute-level
tables, the plot is a compact representation of one-day sensing
data that preserves trends, threshold crossings, and anomalies,
and the same image can be reused across follow-up questions
rather than re-serializing long tables into the prompt.
Knowledge Graph and Display Card Generation: The
Knowledge Graph (i) provides semantic context for prompt
augmentation [12], (ii) supplies recommended ranges for visu-
alization and display cards, and (iii) enables natural-language
KG querying. For chat, a lightweight keyword-matching mech-
anism extracts KG labels overlapping the user message and
serializes the matching statements into the prompt. The KG
can be queried two ways: expert users submit raw SPARQL
SELECT queries through the API, while non-expert users ask
in natural language and receive both the generated SPARQL
and the result bindings. The display-card endpoint computes
aggregates for given dates and locations and assigns one

Plot Generation Multimodal Interpretation
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Fig. 3. Plot-and-ask workflow. Natural-language plot requests generate time-
series visualizations with KG-derived comfort range shading (left). Users then
attach the plot to follow-up questions, forwarding image and text to vision-
enabled models for interpretation (right).

of three states—ok, warn-low, or warn-high—by comparing
the value against KG-defined ranges, letting the symbolic
policy layer participate directly in output generation rather
than serving as a passive source.

Interface Design: The interface presents four adjacent
panels to preserve context during sensemaking (Fig. 4): (i)
a chat column with image attachments, (ii) an IAQ data panel
showing generated SQL and result tables, (iii) a plot-and-ask
panel, and (iv) a KG panel, letting users compare numeric
summaries, visualizations, and explanations without losing
history.

IV. EXPERIMENTAL SETUP AND EVALUATION PROTOCOL

We deployed the system in a real-world setting spanning
three locations: a shared kitchen, an office, and a hallway. IAQ
sensors collected minutely averaged temperature, humidity,
pressure, and gas-resistance measurements over two weeks
in August 2025, capturing diurnal patterns, occupancy-driven
variations, and ventilation events. Evaluations ran on commod-
ity hardware (Intel Core 17-10750H, 32 GB RAM, RTX 2060
6 GB GPU); the system operates entirely locally with open-
weight models.

A. Evaluation Tasks

We evaluated three core workflows aligned with the re-
search questions—(i) natural-language-to-SQL synthesis, (ii)
display-card generation, and (iii) visual IoT analytics via plot-
and-ask—and additionally probed the models’ general image
understanding through a supplementary indoor-scene safety
classification task.
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Fig. 4. Conversational interface supporting multimodal input with automatic Knowledge Graph context injection and transparency metadata.

B. Accuracy Measurement Protocol

We used task-specific accuracy criteria. Natural-language-
to-SQL. Correct if the model produced a valid SELECT that
passed the safety gate, executed without error, and returned
the dataset-computed expected result. Display cards. Correct
if the output matched a rule-based oracle from the data and
KG thresholds, in both the numerical aggregate and the state
label (ok, warn-low, warn-high). Plot generation. Correct
if the system extracted the intended metric, location, and
date range and rendered the expected plot with the correct
KG comfort band when applicable. MLLM interpretation.
Responses were scored against a researcher-defined rubric
assessing whether they identified the main trend, recognized
threshold crossings or anomalies visible in the plot, and
avoided fabricated numerical claims unsupported by the visual
input. A response was correct only if it met all three; e.g.,
“temperature rises through the afternoon and briefly exceeds
the upper comfort limit” was accepted when consistent with
the plot, whereas a fluent but unsupported claim (a peak
value absent from the chart) was rejected. A single researcher
graded all responses against this rubric. For all workflows, we
measured end-to-end latency from user request to output.

C. KG-Grounding Ablation

To isolate the contribution of the KG policy layer, plot-
interpretation responses were evaluated under two condi-
tions using a paired within-model design. In the KG-On
condition, KG-derived recommended ranges were injected
into the prompt and rendered as comfort-band overlays on
the generated plot. In the KG-Off condition, KG access
was disabled via a backend flag, removing both the textual
threshold context and the visual overlay, while the model
received the same chart and question and had to infer the
safe range from parametric knowledge alone. The ablation
used temperature and humidity as the evaluated metrics, since
the KG defines explicit recommended ranges for these two
variables (temperature: 20-26 °C; humidity: 30-60%). Cases
were constructed across three locations (hallway, kitchen,
office) and two dates, yielding 12 paired cases per condition

per model. Each case passed the same natural-language plot
request and the following fixed safety-limit decision prompt:
“Based on this day’s [metric] observations, did the readings
stay within the safe limit throughout the entire day? Answer
with within safe limit or outside safe limit, then briefly
explain using the plot.”” An example model response is “within
safe limit. The chart shows temperature readings consistently
between 20.0°C and 26.0°C (the recommended safe range per
KG facts), with no data points exceeding 26.0°C or dropping
below 20.0°C.” Ground truth was computed directly from
the underlying sensor measurements by comparing the ob-
served daily minimum and maximum against the KG-defined
recommended range. Responses were graded as correct only
when both the binary safe-limit decision and the supporting
explanation were consistent with the plotted observations and
the ground truth.

V. RESULTS AND DISCUSSION

Table II summarizes the accuracy and end-to-end latency of
all models across representative queries, including aggregates,
date/location/time lookups, and one- or two-day plots.

Natural Language Data Analysis: We evaluated the
natural-language-to-SQL workflow with 30 queries such as
“What is the average temperature of hallway?”. All models
reached 100% accuracy. Granite 3 2B was fastest (2.665),
followed by Ministral 3 3B (2.99 s) and Gemma 3 4B (3.355s),
while Qwen 3 4B was notably slower (12.66 s). Under the pro-
posed schema, local MLLMs reliably bridge natural language
and structured sensor retrieval.

Pervasive Display Card Generation: Display cards are
generated from structured queries and show the state of the
selected measurement. Using 30 date-location-time queries
such as “What is the temperature in the kitchen on 2025-
08-20 at 15:15?”, Granite 3 2B, Gemma 3 4B, and Ministral
3 3B achieved 100% accuracy at 2.90s, 3.80s, and 3.19s,
respectively, while Qwen 3 4B reached 96.67% at 61.18s.

Visual IoT Analytics with MLLM: We evaluated plot-
and-ask in two stages: plot generation and vision-enabled
interpretation. With 30 requests such as “plot temperature
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TABLE II
PERFORMANCE EVALUATION ACROSS INTERACTION WORKFLOWS USING FOUR MULTIMODAL LLM MODELS.

. Gemma 3 4B Ministral 3 3B Qwen 3 4B Granite 3 2B
Workflow Queries
Lat. (s) Acc. (%) Lat.(s) Acc. (%) Lat.(s) Acc. (%) Lat.(s) Acc. (%)
NL to SQL 30 3.35 100.0 2.99 100.0 12.66 100.0 2.66 100.0
Display Cards 30 3.80 100.0 3.19 100.0 61.18 96.67 2.90 100.0
Plot Generation 30 0.25 100.0 0.29 100.0 0.26 100.0 0.24 100.0
MLLM Interpretation 30 5.10 96.67 5.55 100.0 32.46 90.00 6.04 63.33
Plot-and-Ask 30 5.34 96.67 5.84 100.0 32.72 90.00 6.27 63.33
for 2025-08-19 in kitchen”, all four models achieved 100% TABLE III

plot-generation accuracy at low latency (0.24-0.29s). For
interpretation, we used 30 prompts such as “explain the trend”
and “do you see any anomaly?”. Ministral 3 3B reached 100%
accuracy (5.55s) and Gemma 3 4B 96.67% (5.10s), while
Qwen 3 4B reached 90% (32.465s) and Granite 3 2B 63.33%
(6.04 5). End-to-end plot-and-ask latency ranged from 5.34s
(Gemma 3 4B) to 32.72s (Qwen 3 4B).

Knowledge-Graph Ablation Experiment: Table III reports
plot-interpretation accuracy under KG-On and KG-Off con-
ditions. These ablation scores are not directly comparable
to the plot-and-ask workflow: the ablation task requires a
precise binary safe-limit decision with a threshold-grounded
explanation, whereas the main interpretation task evaluates
trend identification and anomaly detection against a broader
rubric. The results reveal model-dependent sensitivity to KG
grounding. Qwen 3 4B showed the largest accuracy gain,
+25.0 percentage points (pp), rising from 50.0% to 75.0%, and
was the only model whose KG-On latency decreased (27.98 s
to 15.21s), consistent with policy context reducing its ten-
dency toward verbose or exploratory outputs. Ministral 3 3B
improved by 16.7 pp (25.0% to 41.7%), indicating that without
grounding it frequently fabricated threshold values absent from
the plot. Gemma 3 4B showed a modest accuracy decrease
(—8.3pp), which we attribute to the additional prompt length
introduced by KG context occasionally shifting its focus from
trend analysis toward threshold commentary. Granite 3 2B was
unaffected in either direction, consistent with its lower base-
line visual reasoning (63.33% plot-interpretation accuracy).
Latency effects were likewise mixed: KG-On increased latency
for Gemma (5.32s to 6.96s), Ministral (3.87s to 4.995s), and
Granite (7.52 s to 8.55s), decreasing only for Qwen. The effect
of KG grounding is therefore model-dependent: it improved
accuracy for Qwen 3 4B and Ministral 3 3B, slightly reduced
it for Gemma 3 4B, left Granite 3 2B unchanged, and reduced
latency only for Qwen 3 4B. These patterns point to task-
and model-aware deployment, enabling grounding for stronger
interpreters such as Qwen 3 4B and Ministral 3 3B while
applying lighter context injection for Gemma 3 4B.

Indoor Safety Classification: Beyond plot interpretation,
the same local models can interpret indoor scene images
directly. As a supplementary capability check, we evalu-
ated indoor safety classification on a balanced set of 120
images—o60 safe scenes from the Indoor Scene Recognition
dataset [22] and 60 unsafe scenes from the Indoor Fire Smoke

KG-GROUNDING ABLATION FOR PLOT INTERPRETATION ACROSS FOUR
MLLMsS (A = KG-ON MINUS KG-OFF ACCURACY).

Model Condition  Acc. (%) Lat. (s) AAcc. (pp)
KG-Off 75.0 5.32
Gemma 3 4By on 66.7 6.96 —83
.. KG-Off 25.0 3.87
Ministral 3 3B KG-On a7 499 +16.7
KG-Off 50.0 27.98
Quen 348 kG.on 750 1521 20
. KG-Off 333 7.52
Granite 3 2B KG-On 333 355 0.0
STEP 1 Input Images STEP2 Prompt Al Agent
System Prompt: ]
Check for fire or
smoke in this indoor |B|
environment to
evaluate safety.
Is this place safe? Output
Answer with exactly
one word: SAFE or SAFE/UNSAFE

UNSAFE.

UNSAFE

Fig. 5. Example indoor scenes from the safety classification task, with safe
and unsafe cases presented to the local models.

dataset [23]—using the fixed prompt “Is this place safe?
Answer with exactly one word: SAFE or UNSAFE” (Fig. 5).
As reported in Table IV, Qwen 3 4B attained the highest
overall accuracy (90.83% at 5.63 s mean latency), followed by
Gemma 3 4B (87.50%), while Granite 3 2B and Ministral 3
3B showed complementary class biases—Granite toward safe
and Ministral toward unsafe scenes. Lightweight local MLLMs
can thus perform non-trivial scene-level classification without
cloud support, though accuracy varies by model family.

Resilience: Because each interpretation is anchored in mul-
tiple cross-checkable sources—time-series data, the rendered
plot, and KG-derived thresholds—a misleading or adversarial
signal on any single channel is less likely to drive the final
answer than in a single-modality pipeline [24].

Limitations and Future Work: The compact 2-4B models
trade some task fidelity for low latency relative to larger cloud
models, and the current evaluation uses 30 queries per work-
flow drawn from common analytic patterns. Extending it to
ambiguous, multi-day, and out-of-domain requests, comparing
plot-and-ask against simpler tabular or rule-based baselines,
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TABLE IV
INDOOR SAFETY CLASSIFICATION PERFORMANCE ACROSS MLLMS.

Gemma Ministral Qwen Granite
Metric 3 4B 33B 3 4B 32B
Overall (%) 87.50 67.50 90.83 74.17

Accuracy Safe (%) 80.00 35.00 98.33 100.00
Unsafe (%) 95.00 100.00 83.33 48.33
Mean (s) 4.00 2.96 5.63 4.56
Latency Median (s) 3.99 2.71 4.40 4.97
P95 (s) 4.11 4.31 10.51 7.58

and supporting streaming ingestion such as Message Queuing
Telemetry Transport (MQTT) and larger knowledge graphs
beyond the current CSV are natural next steps.

VI. CONCLUSION

This paper presented a privacy-preserving architecture for
visual ToT analytics that integrates locally deployed multi-
modal LLMs with a semantic Knowledge Graph. Through
transparent SQL/SPARQL synthesis, KG-grounded prompt
augmentation, and automated visualization with comfort-
threshold overlays, it enables natural-language interaction with
sensor data without external dependencies. Across a two-week
indoor air quality deployment, all four evaluated local models
achieved 100% accuracy for structured query synthesis and
100% accuracy for plot generation. For plot interpretation,
Ministral 3 3B achieved 100% accuracy with 5.84s end-
to-end plot-and-ask latency, while Gemma 3 4B provided a
strong balance at 96.67% accuracy and 5.34 s latency. The KG-
grounding ablation revealed model-dependent effects: policy-
layer context improved interpretation accuracy for Qwen 3 4B
(by up to 25.0 pp) and Ministral 3 3B and lowered Qwen’s
latency. These results indicate that local multimodal analytics
can support interactive indoor sensemaking when a plot-based
representation is paired with knowledge-graph grounding.
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