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Abstract

We propose a vision of EdgeKBs (Edge Knowl-
edge Bases) integrating KBs into Edge Al
systems. EdgeKBs can infuse commonsense
and domain knowledge within Edge devices to
guide them while learning from training data.
By doing so, we not only bring explainability
and performance benefits of KBs to the Edge,
but also enable more efficient, sustainable Edge
Al systems. We envisage three approaches
to develop EdgeKBs: Slicing & Dicing; Tai-
loring to Fit; and Dynamic EdgeKBs. These
EdgeKBs will bring Knowledge-Guided Ma-
chine Learning (KGML) to the Edge to support
next-generation applications, e.g., Physical Al,
cobots, and local natural language interfaces.

1 Introduction

Background: As Al expands beyond centralized
cloud environments to embedded & network-edge
settings, performing inference near data sources
can deliver quality gains: reduced latency, greater
bandwidth efficiency, and enhanced privacy (Vargh-
ese et al., 2016). Advances in knowledge-intensive
natural language processing (NLP) show that ex-
plicit external memory can improve factuality &
provenance compared to purely parametric mod-
els (well-known in Retrieval Augmented Genera-
tion (RAG)) (Lewis et al., 2020), (Wu et al., 2022).
More generally, the paradigm Knowledge-Guided
Machine Learning (KGML) “aims to use both sci-
entific knowledge and data in ML frameworks to
achieve better generalizability, scientific consis-
tency and explainability” (Karpatne et al., 2026).
KGML studies (Serra et al., 2025), (Austin-Gabriel
et al., 2025) add interpretability and raise accuracy
as well as efficiency (enhancing sustainability).
Related Work: In KBs, approaches such as the
classical Cyc (Lenat, 1995) and WordNet (Fell-
baum, 1998) as well as the recent ConceptNet 5.5
(Speer et al., 2017) for commonsense knowledge
(CSK) and CANDLE for cultural CSK (Nguyen
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et al., 2023), indicate that structured knowledge
can be curated at scale. CSK extraction, compila-
tion and use in machine intelligence can be vital
(Razniewski et al., 2021), (Tandon et al., 2018).
Yet, KB design is rarely co-designed with Edge
deployment constraints (memory, latency, mainte-
nance). Emerging RAG frameworks well-optimize
local vector retrieval in text generation, but are
bounded by unstructured data representations and
passive storage (Kang et al., 2026; Solanki et al.,
2026; Qin et al., 2024; Zhu et al., 2024). Recent
work (Liu et al., 2022) covers resource constraints
in physics-informed neural networks.

Novelty and Contributions: Motivated by the
state-of-the-art and excited by the gaps to be
filled, this vision paper proposes to build EdgeKB
(Edge Knowledge Bases) to enable EdgeKGML
(Knowledge-Guided Machine Learning on Edge
devices). Such EdgeKBs must provide a small, fo-
cused, practical system for managing knowledge
that works well on Edge devices. Building these
new EdgeKBs entails novel paradigms of Slice and
Dice, Build from Scratch, and Dynamic EdgeKBs
(elaborated in the paper). They contribute to sus-
tainable and explainable Al for knowledge extrac-
tion, storage, reasoning, and updating for devices
with limited resources, e.g. cobots, inbolts, NLP-
based virtual assistants, and other next-generation
systems. This initiative can enable researchers to
address further issues such as:

(1). Model Compression : Can large-scale com-
monsense and domain knowledge be compressed
in compact EdgeKBs without sacrificing relational
information for reliable local inference?

(2). EdgeKB Maintenance: How should EdgeKBs
be updated, valued, and orchestrated to enhance la-
tency, privacy, robustness, and explainability under
resource constraints?

We elaborate on our proposed approaches and
experimental plans in this vision paper.
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Figure 1: Overview of proposed approaches for EdgeKB development.

2 Proposed EdgeKB Approaches

We propose three archetype approaches to con-
struct EdgeKBs. They are not meant to be mutually
exclusive, e.g., some EdgeKBs might be created by
their combination. See Figure 1 for a visualization
of the approaches.

2.1 Approach 1: Slicing and Dicing

As a first approach, we propose to slice one or more
existing KBs to derive an EdgeKB that fits within
Edge device constraints and context-dependencies.
We call the resulting KB a Sliced EdgeKB (SEKB).
It can be built by one of the following methods.

(i) Deploy a Multifaceted KB: A multifaceted
KB such as Dice (Chalier et al., 2020b,a) can
be applied to slice commonsense KBs (Concept-
Net (Speer et al., 2017), WebChild (Tandon et al.,
2014), Quasimodo (Romero et al., 2019), CAN-
DLE (Nguyen et al., 2023) etc.) or domain KBs
(ChEBI (Degtyarenko et al., 2007), GeneOntology
(Aleksander et al., 2023) etc.) Dice has clauses
(Plausibility, Typicality, Remarkability, Salience)
helpful to curate knowledge from other KBs.

ple1,p) A Aer, e2) A =p(ez,p) = pler,p) (1)

7(e,p) A p(e,p) = ole,p) 2)

Consider the above equations (1) and (2) from Dice,
potentially useful to build the SEKB by slicing.
Here, p means plausible, ) is related, p is remark-
able, T is typical, o is salient; e, e1, e are entities,
p being properties. These equations can express
facts, e.g., in domestic robotics, if it is plausible
to find an air-fryer item as a property of a kitchen
and not plausible to find it in a related entity laun-
dry room, an air-fryer is remarkable for a kitchen.
By calculating scores for each clause, aggregated
scores can be computed to extract info from other
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KBs with reference to context, e.g., retain info on
"salient" entities only or on all "plausible" ones.

While we exemplify the method with Dice, other
multifaceted KBs, e.g., Octopus (Yang et al., 2002)
can be used as well.

(ii)) Harness LLMs: Large language models
such as GPT-40 (OpenAl, 2024), and DeepSeek-
R1 (Guo et al., 2025) can also be applied for slicing
existing Knowledge Bases (KBs). We can conduct
LLM slicing using either of the following options.

(a) Semantic Chunking: This is a method analo-
gous to semantics-preserving RAG chunks (Puspi-
tasari et al., 2026). Here, relevant KBs are passed to
a given LLM with instructions to split them based
on general concepts, e.g., "everything relevant to
domestic robotics". Hence, this method can slice
big chunks of knowledge for the SEKB.

(b) Knowledge Graph Extraction: This method
is similar to Microsoft GraphRAG (Edge et al.,
2024). Here, an LLM can be prompted to identify
more specific entities and relationships, thus knowl-
edge slices can be mapped into structured SPO
(subject-predicate-object) triples. LLM prompts
can mention specific entities, e.g., only "kitchen",
"bedroom", or "living room", along with specific re-
lationships, e.g., "containment". It can then extract
SPO triples such as "refrigerator cools food", i.e.,
S=refrigerator, P=cooling, O=food. The most rele-
vant SPO triples can then be stored in the SEKB.

2.2 Approach 2: Tailoring to Fit

Edge Al applications often work in unique environ-
ments which necessitate tailored models & data to
achieve peak performance (Njor et al., 2024). Thus,
while some EdgeKBs can be extracted from slices
of existing traditional-scale KBs, there is often a
need for an EdgeKB tailor-made from scratch for
the Edge Al to fit unique characteristics of applica-



tions. We call this a Tailored EdgeKB (TEKB).

One primary driver for tailoring a new EdgeKB
from scratch will likely be the lack of an appropri-
ate existing KBs to adapt. Perhaps the application
is one that only exists for Edge Al, such as an Al
system deployed on an IoT sensor, which judges
whether captured data is simple enough to be pro-
cessed locally, or whether it is so complex that it
must be sent to a larger machine. Another example
can be EdgeKBs for wearable devices in medicine
(e.g., intelligent pacemakers) or drones on the Edge
with natural language interaction.

In some cases, KBs suitable for the application
may exist, but they are constructed or licensed in a
way that prevents slicing them to fit Edge Al con-
straints. In other cases, designing an EdgeKB from
scratch will allow for faster development. No mat-
ter the reason, tailoring an EdgeKB to fit the needs
of the application enables highly domain-specific,
specialized data structures and custom semantics
to reduce data storage and resource consumption.

We aim to distinguish between two TEKB types:

(i) Personalized EdgeKB: This type of TEKB is
bespoke to a specific Edge Al system. It tightly fits
device constraints, and is designed to leverage any
specialized hardware for maximum performance.

(i1) General EdgeKB: This TEKB type, on the
other hand, is designed for the Edge, but not neces-
sarily a specific Edge Al system. It will be resource-
efficient, but will follow ecosystem-wide norms
rather than system-specific constraints & hardware.

We propose that tailoring an EdgeKB from
scratch (TEKB) entails the following. (1). De-
fine constraints of the Edge Al system (Maximum
memory use, energy consumption, latency). (2).
Evaluate which data structures and custom seman-
tics can support better resource efficiency for the
EdgeKB. (3). Address whether the EdgeKB will
be able to query other KBs on a network, or if
it must act autonomously. (4). Consider how Al
systems and users will query the EdgeKB, e.g.,
through natural language interfaces. (5). Decide
whether the EdgeKB should be personalized or
general-purpose.

2.3 Approach 3: Dynamic EdgeKBs

Rather than remaining static artifacts, some
EdgeKBs should be able to adapt to environments
in which they are deployed. Enabled by increas-
ingly capable Edge Al models, e.g., Small Lan-
guage Models (SLMs) (Wang et al., 2025) and
lightweight foundation models, Edge devices may
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evolve by continuously identifying, deriving, or-
ganizing and refining knowledge to maintain up-
to-date information for their goals. We call the
evolved KB a Dynamic EdgeKB (DEKB), and
claim that this evolution can occur through two
complementary paradigms as explained next.

(1) KG refinement: This paradigm of refining a
knowledge graph (KG) entails dynamically adapt-
ing the respective KBs initially obtained offline,
updating outdated information, refining existing re-
lations, and incorporating context-dependent vari-
ations observed during operation. It preserves the
original KB structure while ensuring that its con-
tent gets aligned with the current environment.

(i) KG derivation: In contrast, this other
paradigm of deriving a knowledge graph delegates
management of the given KB entirely to the Edge
Al system. The Edge model autonomously discov-
ers new entities and relations, creates application-
specific abstractions, validates knowledge against
local observations, and continuously restructures
the KB as per evolving requirements.

2.4 Cross-Approach Considerations

Rather than storing all acquired information locally,
often unfeasible due to the devices’ resource con-
straints, some Edge Al systems may be connected
to larger KBs over a network. Knowledge that is
often accessed or essential for real-time decision-
making or privacy may be retained locally, while
less relevant information may be compressed, sum-
marized, or migrated to nearby fog nodes and cloud
repositories.

Conversely, when new tasks emerge, relevant
knowledge may be proactively retrieved from re-
mote nodes and materialized on-device before it
is required. Such adaptive placement strategies
effectively transform knowledge into a managed
resource, analogous to memory or computation in
traditional edge systems.

3 EdgeKBs for EdgeKGML

By introducing EdgeKBs to Edge Al, we can bring
many benefits that other Al paradigms have har-
vested to the Edge. Future Edge Al systems sup-
ported by EdgeKBs will be more trustworthy &
explainable, as their decisions will be supported by
verified information. We also expect that EdgeKBs
will make Edge Al achieve better predictive per-
formance. Uniquely for Edge Al this increase in
predictive performance can be traded for resource



Table 1: Evaluation Metrics for Edge Knowledge-Guided Machine Learning Systems

Category  Metric Description Unit
Static Memory (Storage) Disk/Flash space required to store Al model parameters and the KB MB / GB
Hardware . index. . . . .
Dynamic Memory (RAM)  Peak working memory consumption during concurrent KB retrieval MB / GB
and model inference.
Energy Consumption Total energy consumed per query/batch, critical for battery- mJ/]J
constrained edge devices.
Latency End-to-end processing time from input reception to final output ms
generation.
Accuracy Proportion of correct predictions or classifications out of all evalu- %
Al Model ated samples.
F1-Score / Precision Performance metrics for robustness, especially useful for imbal- 0-1
anced edge datasets.
Storage Ratio (KB:Al) Ratio of static memory footprint of the KB versus the AI Model Ratio
Unified parameters.
Compute Ratio (KB:AI) Proportion of processing time (or FLOPs) spent on KB retrieval ~ Ratio
versus Al model inference.
KB Hit/Relevance Rate Percentage of inferences where the KB successfully provided useful %

context.

efficiency by using smaller AI models (Banbury
et al., 2024), allowing EdgeKBs to make Edge Al
more sustainable. By pushing structured, adapt-
able knowledge directly to resource-constrained
devices, EdgeKBs unlock a new class of appli-
cations that fundamentally improve performance,
trustworthiness, and sustainability of local Al de-
ployments. Such applications can potentially entail
EdgeKGML, deploying knowledge from EdgeKBs.
We synopsize some of these applications here.
Physical AI: While current Edge Al systems
can accurately detect & track objects (Yrjdndinen
et al., 2020), adequate interaction with the physical
world needs a deeper understanding of affordances
(Zhang et al., 2016), task constraints, and safety reg-
ulations. In domains like manufacturing, logistics,
and warehouse automation, EdgeKBs can bridge
this gap. Crucially, this enables next-gen Physical
Al e.g., domestic cobots & motion-tracking inbolts
(Kolvig-Raun, 2026). Embedding EdgeKBs (com-
monsense, domain knowledge) in such systems can
bring them closer to thresholds of human cognition.
Edge Natural Language Interfaces: Natural
language interfaces operating in high-stakes do-
mains, e.g. industrial machinery, cannot rely solely
on generic LLMs (Zheng et al., 2025) that may
be unavailable at critical moments. EdgeKBs can
enable deployment of highly specialized conver-
sational agents, intrinsically grounded in specific
maintenance workflows and safety protocols.
Private Smart Assistants: Smartphone-based
assistants (e.g., text-based / voice-operated (Sateli
et al., 2013), (Kalvakurthi et al., 2023)) can demon-
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Figure 2: Experimentation Example — MSKC (min-
imum sufficient knowledge computation) in targeted
applications, e.g., decision support of wind turbines for
renewable energy, in conjunction with EdgeKB devel-
opment: Knowledge routing is partly tested, the rest of
the parts can be mounted with EdgeKB components.

strate the immense utility that can be offered by
dynamic EdgeKBs in the future. Phones can be
initialized with a sliced commonsense knowledge
base alongside a compact, domain-specific reposi-
tory. Runtime adaptation can then build a deeply
personalized knowledge layer that can capture user
routines, preferences, and frequent interactions.

4 Experimentation Plans

The intersection of Edge Al and knowledge bases
can offer ideal opportunities to study the benefits
they can achieve together. As EdgeKBs mature, we
envision promising research trajectories as follows.

* Investigating how EdgeKBs improve Edge Al



system performance by grounding decisions
in real information, reducing hallucinations.
* Applying EdgeKBs to improve resource ef-
ficiency, e.g., trade-off in performance gains
achieved by EdgeKBs vs. efficiency due to
less computationally intensive models.
Investigating how EdgeKBs constructed on
the Edge can pave the way for decentralized
construction of larger Cloud KBs
Exploring how large-scale commonsense &
domain knowledge can be compressed into
compact EdgeKBs without sacrificing rela-
tional info needed for reliable local inference.
* Studying how EdgeKBs updated over time of-
fer privacy, robustness, explainability, and low
latency, yet respecting resource constraints.

We aim to evaluate solutions across these tra-
jectories, especially with respect to the metrics in
Table 1. An example of an outline for our experi-
mentation appears in Figure 2, indicating how on-
going work on the research sub-problem of a PhD
student (Sengupta et al., 2026a) furthering from
prior work (Sengupta et al., 2026b) can blend with
the EdgeKB vision in this paper.

S Conclusions and Roadmap

Summary: In this paper, have presented our pro-
posed vision of EdgeKBs being compact, curated
knowledge bases co-designed with the resource
constraints of Edge devices. We have outlined three
complementary paths to building them: (i) slicing
existing large-scale KBs, (ii) tailoring new ones
from scratch, and (iii) allowing deployed KBs to
evolve dynamically. We have further illustrated
how EdgeKBs can pave the way to potentially help
in bringing Knowledge-Guided Machine Learning
to the Edge (i.e., EdQgeKGML) from Physical Al to
local language interfaces.

The benefits of grounding local inference
in explicit, verifiable knowledge are that Edge
Al becomes more explainable and trustworthy,
while the resulting accuracy gains can be traded
for smaller models, thus lowering energy and
memory demands; thereby making Edge Al more
sustainable. We see offline EdgeKB construc-
tion as a stepping stone towards inference-time
KBs being assembled on the fly, as time progresses.

Usefulness: It is well-known that data is ever-
growing, e.g., a Quettabyte (QB), i.e., a decillion
bytes (103" bytes) has already been officially de-
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clared through SI Units in 2022 to future-proof
global data measurement. Much of the data is mul-
timodal with natural language text, images, video
etc. While the big data community aims to build
accurate, efficient methods to analyze enormous
volumes of data, there are parallel efforts in sus-
tainable Al to achieve the best results with minimal
resources, €.g. operating on resource-constrained
devices. Likewise, there are trends in adding ex-
plainability in learning for twofold contributions:
better interpretability and resource-saving. The
latter occurs by infusing explanations in learning,
derived from KBs (one-time process vs. recurrent
learning from huge data). Hence, with the pro-
posed approaches in this paper, we aim to promote
KGML along with Edge Al with EdgeKBs.

Our vision paper can be useful in terms of in-
troducing the EdgeKB problem setting, proposing
development entailing knowledge base slicing,
Edge-native KB construction, and adaptive main-
tenance. It can envision managing knowledge as
a system resource together with computation and
memory in next-generation Edge Al, keeping in
mind the constantly increasing data and knowledge
as we head towards next-generation systems. Our
work identifies high-impact application domains
in cyber-physical and conversational contexts so
as to outline a roadmap from conceptualization to
practical feasibility.

We invite the NLP, KB and Edge Computing
communities to pursue our research agenda. We
anticipate that the approaches, experiments and
metrics proposed in this vision paper will be excit-
ing to these research communities.
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