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Abstract—Hardware datasheets contain engineering
specifications essential for component selection, system
integration, and hardware compatibility verification. How-
ever, manual inspection is tedious and error-prone because
datasheets are lengthy and heterogeneous, with dense
information fragmented across tables, figures, and text.
Although large language models (LLMs) can automate this
process, naı̈ve one-shot processing omits relevant specifi-
cations even when the document fits within the model’s
context window.

We present an automated LLM-driven pipeline that
transforms hardware datasheets into general-purpose hier-
archical hardware knowledge graphs through chunk-based
property extraction, hierarchical routing, and iterative
refinement. The framework uses LLMs for information
extraction and semantic reasoning while preserving source
provenance and applying graph updates through validated
instructions and deterministic local execution. This staged
design reduces per-query context and maintains trace-
able intermediate representations. The resulting knowledge
graphs provide semantically organized, source-grounded
hardware properties for downstream retrieval and reason-
ing.

We evaluate the framework on 20 hardware datasheets
spanning diverse component types and document lengths.
We assess property faithfulness and introduce inter-graph
completeness to measure relative semantic coverage without
exhaustive ground truth. Our framework achieves 98.8%
property faithfulness compared with 76.1% for the one-
shot baseline, while fully covering 83.6% of faithful baseline
properties; in the reverse direction, the baseline fully covers
only 10.5% of ours. These improvements provide more
reliable and comprehensive engineering information for
downstream hardware design and verification, reducing the
risk of overlooked constraints and incorrect decisions.

I. INTRODUCTION

Hardware datasheets are a primary source of engi-
neering specifications. They describe electrical charac-
teristics, communication interfaces, operating conditions,
functional capabilities, device configurations, and numer-
ous other properties required for downstream engineer-
ing tasks such as component compatibility verification
and integration. However, the information is typically

distributed across lengthy and heterogeneous documents
containing narrative descriptions, tables, figures, and
device-specific organization. Engineers must therefore
repeatedly locate, interpret, and cross-reference speci-
fications from unstructured datasheets, which requires
substantial manual effort and causes relevant information
to be overlooked. For example, datasheets often contain
multiple seemingly similar specifications that apply for
different operating conditions, variants, or test settings.
Designers may locate one value that appears to match the
target property and stop searching, even though another
specification elsewhere in the datasheet is the one that
actually applies to the intended case.

Knowledge graphs (KGs) provide a natural represen-
tation for transforming such unstructured documentation
into reusable structured engineering knowledge. Rather
than representing extracted specifications as an isolated,
flat collection of properties, hardware knowledge can
be organized according to the functional structure of a
device. For example, properties associated with UART,
SPI, sensing elements, power supplies, and other hard-
ware functions can be organized by their correspond-
ing functional blocks in a hierarchy. Such a represen-
tation gathers related specifications that are scattered
throughout the original datasheet and provides a struc-
tured search space for downstream applications requiring
hardware knowledge retrieval and reasoning. Recent
advances in large language models (LLMs) provide
an opportunity to automate this transformation through
their capabilities in information extraction and semantic
reasoning.

Challenges

One might provide an entire datasheet to an LLM and
directly request the resulting knowledge graph. However,
this one-shot strategy is poorly suited to reliable hard-
ware knowledge graph construction for three reasons.
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First, property omission is frequent in one-shot con-
struction. Hardware datasheets may contain hundreds
to thousands of engineering specifications distributed
across long and heterogeneous documents, with impor-
tant information appearing only in isolated table entries
or short narrative descriptions. Even when a datasheet fits
within the model’s context window, prior studies have
shown that long-context processing can cause individual
pieces of information to be overlooked [1]–[3]. This is
a major problem for hardware knowledge extraction be-
cause engineering importance is not typically correlated
with textual prominence: a specification occupying only
a small portion of the document may still be critical for
downstream design decisions. Consequently, a one-shot
approach may produce a plausible-looking KG while
omitting relevant engineering properties. Our framework
mitigates this problem by partitioning the datasheet into
bounded source contexts and restricting each extraction
query to a controlled subset of the document, thereby
reducing context size and allowing individual specifi-
cations to receive more focused and less error-prone
analysis by the LLM.

Second, one-shot KG construction requires the LLM
to jointly perform several semantically distinct tasks,
including property extraction, routing, deduplication, re-
naming, and KG generation, over the same global con-
text. Prior studies have reported substantial performance
degradation on semantic tasks such as named entity
recognition and topic extraction across several LLM
families [4], as well as instruction interference when
multiple task-specific objectives are combined within a
single prompt [5]. Our experiments also show that a
one-shot formulation that jointly performs these tasks
yields substantially lower faithfulness and completeness
than our pipeline. However, this degradation cannot
be attributed solely to multi-task interference because
our pipeline also controls the context and information
available to each stage. Moreover, the effects of multi-
task inference are task- and model-dependent; prior work
has shown that models such as GPT-4 and Llama-
2-Chat-70B can benefit from multi-task inference on
some composite benchmarks combining classification,
question answering, arithmetic, and natural-language in-
ference [6].

Third, one-shot generation provides limited auditabil-
ity and control over the KG construction process. Al-
though an LLM can be instructed to report intermediate
results, these results are generated within the same
inference and therefore cannot be reliably treated as
the actual intermediate states from which subsequent
outputs are derived. Consequently, when errors occur
in the final KG, it is difficult to determine which
processing stage introduces them or to evaluate indi-
vidual stages independently. Moreover, since all tasks

operate over the same global context, one-shot gen-
eration provides limited control over the information
available to each task. In our framework, the output of
each stage is explicitly validated and provided as input
to the next stage, making the dependencies between
successive transformations observable and enforceable
while controlling the information available at each stage.
This is important in engineering settings because users
may need to determine not only whether a property is
supported by the datasheet, but also whether it has been
correctly organized, merged, renamed, or rerouted before
relying on the KG in downstream design tasks. The
resulting intermediate representations therefore provide
an auditable transformation trace that supports stage-
wise inspection, error localization, and evaluation.

We observe that LLMs may unintentionally alter input
information when asked to regenerate it in the output,
introducing discrepancies into the extracted knowledge.
To avoid this, we adopt an instruction-based approach:
the LLM generates only explicit operations, which are
deterministically executed on the original property data
retained on the local computer. This separates semantic
reasoning from persistent data manipulation and prevents
unintended changes to values, descriptions, conditions,
or provenance which may happen in LLM regenera-
tion. Additionally, this separation makes the applied
operations explicit and auditable, allowing designers to
understand not only what changes were made to the
KG but also why they were made, thereby facilitating
independent verification of each operation.

To address these challenges, we present an auto-
mated LLM-driven framework for constructing general-
purpose hierarchical hardware knowledge graphs from
embedded-system hardware datasheets. Rather than di-
rectly generating a complete KG from an entire
datasheet, the framework progressively constructs the
graph through chunk-based property extraction, semantic
property routing, and iterative refinement. The datasheet
is first decomposed into bounded source contexts from
which engineering properties are independently extracted
while preserving source provenance. Extracted properties
are then incrementally organized into a functional hier-
archy and refined through deduplication, name conflict
resolution, and rerouting (adding blocks and reallocating
misplaced properties in the knowledge graph) as the
hierarchy evolves.

Problem Definition

We formulate the hardware knowledge construction
problem as follows: given a hardware datasheet, trans-
form its unstructured engineering information into prop-
erties (i.e., structured representations of engineering
specifications preserving their individual associated engi-
neering contexts) and organize these properties into a hi-
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erarchical knowledge graph according to their functional
semantics. The graph contains block nodes that form the
hardware functional hierarchy and property nodes that
represent individual engineering specifications together
with their values, units, conditions, configurations, and
device variants. Each property is associated with the
block to which the specification applies, while shared
properties are represented at their highest applicable
common functional scope. The resulting KG provides a
reusable structured hardware knowledge layer for down-
stream retrieval and engineering analysis.

We claim that trustworthy LLM-assisted knowledge
graph construction is best viewed not as directly gen-
erating a structured knowledge graph from an entire
datasheet, but as progressively transforming and orga-
nizing engineering information through traceable and
controlled stages.

Our framework uses LLMs for semantic reasoning
while preserving source provenance and executing prop-
erty and graph transformations through validated instruc-
tions and deterministic local programs. By maintaining
intermediate properties, source associations, graph struc-
tures, and transformation instructions throughout the
pipeline, the framework enables transparent, auditable,
and source-grounded construction of hardware knowl-
edge graphs. When a system design involves multiple
hardware components, our framework constructs a KG
for each distinct device or device series based on its
corresponding datasheet, allowing the same KG to be
reused across components covered by that datasheet.

Contribution

1. Hierarchical hardware specification knowledge
extraction and representation: We present an auto-
mated LLM-driven pipeline that transforms embedded-
system hardware datasheets into hierarchical knowl-
edge graphs. The pipeline systematically processes the
datasheet, extracts quantitative and qualitative engineer-
ing specifications as structured properties, and organizes
them according to their hardware functions. This repre-
sentation organizes related information scattered across
the datasheet while preserving its engineering semantics,
providing structured knowledge for efficient retrieval and
downstream engineering analysis.
2. Condition-aware engineering property represen-
tation and retrieval: Hardware datasheets may specify
semantically related properties under different operating
conditions, configurations, use cases, or device vari-
ants, making isolated property retrieval ambiguous. Our
hierarchical representation preserves these applicability
conditions and organizes semantically related properties
under the most general block nodes to whose descendant
block nodes they apply. During retrieval, related specifi-
cations and their conditions can therefore be considered

together, reducing the risk of overlooking relevant con-
textual information distributed across the datasheet.
3. Automated knowledge graph consistency refine-
ment: We introduce an iterative refinement approach that
avoids the introduction of duplicated properties, name
conflicts, and property misplacement during knowledge
graph (KG) construction. By exploiting the hierarchical
structure to constrain refinement within semantically
related blocks, the framework narrows the search space
for deduplication and naming-conflict resolution and
reroutes properties as the hierarchy evolves. This pro-
duces a cleaner and more consistent KG while substan-
tially reducing LLM context and computational overhead
compared with global property comparison.
4. Inter-graph completeness measurement and au-
tomated evaluation: We propose the inter-graph com-
pleteness measure for relative semantic coverage be-
tween knowledge graphs to avoid requiring generally
unavailable exhaustive manually labeled ground truth.
To reduce granularity variation induced error, properties
are first normalized to a consistent semantic granularity;
each reference property is then evaluated against the
collective information of semantically relevant properties
from the other graph while accounting for engineering
context. We further automate this normalization, rele-
vance identification, and collective coverage evaluation
for scalable KG comparison.

II. RELATED WORKS

ElecGraph-RAG [7] focuses on reliable retrieval
from electronic-component datasheets, avoiding incor-
rect associations between device entities and extracted
attributes. It addresses this problem by constructing
device-centric, star-shaped graphs that link normalized
device entities to their attributes, and by adding higher-
level device profiles and thematic summaries to support
coarse-to-fine retrieval. The profiles therefore mainly
guide where relevant information should be retrieved
from the underlying device–attribute graph.

ChipMind [8] addresses multi-round reasoning over
long IC design specifications, where a reasoning query
may depend on behavioral, logical, conditional, and
temporal relationships scattered across multiple sections.
It tackles this problem by converting declarative and
procedural specification content into structured semantic
representations and extracting hierarchical triples that
capture entities, actions, conditions, temporal relations,
and their dependencies, forming ChipKG for retrieval-
augmented reasoning.

These works address different objectives from ours.
ElecGraph-RAG primarily focuses on reliable device–
attribute association and retrieval, while ChipMind cap-
tures inter-property and behavioral dependencies to sup-
port multi-round reasoning. In contrast, our work con-
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structs a reusable hardware specification KG that cap-
tures how specifications within each device are function-
ally organized and semantically related. The resulting
KG serves as a persistent knowledge representation,
organizing quantitative and qualitative engineering prop-
erties into functional blocks and sub-blocks while pre-
serving operating conditions, configurations, modes, and
device variants as property context. Beyond initial KG
construction, our framework further improves the consis-
tency of this representation through localized deduplica-
tion, name-conflict resolution, and iterative rerouting of
misplaced properties, supporting its reuse across down-
stream hardware design and verification tasks.

Knowledge graph completeness is an important di-
mension of KG quality. Issa et al. [9] review exist-
ing completeness assessment methods and emphasize
that completeness evaluation generally depends on a
reference or gold standard representing the expected
knowledge. Unfortunately, obtaining complete references
is often intractable. This challenge is particularly severe
for hardware datasheets, where no exhaustive ground-
truth set of engineering properties is available.

A second difficulty is inconsistency in representation
granularity: the same engineering knowledge can be
grouped or decomposed differently across independently
constructed KGs, producing properties with different
granularities and making individual properties an un-
reliable counting unit. For example, one KG may rep-
resent several logic-level characteristics within a single
property, while another may separately represent VIH,
VIL, VOH, and VOL under the same operating conditions.
Therefore, direct property counting or one-to-one prop-
erty matching can be misleading when corresponding
properties have inconsistent granularities, even when
the underlying engineering information is equivalent or
similar.

To address these challenges, we propose using an
Inter-Graph Completeness measure between two inde-
pendently constructed hardware KGs rather than abso-
lute completeness with an impractical ground truth. We
first normalize properties to reduce common granularity
differences, then perform bidirectional semantic property
retrieval and coverage evaluation to determine whether
the engineering information represented by each refer-
ence property is recoverable from the other KG.

III. METHOD

A. Document Preprocessing

Hardware datasheets contain dense engineering speci-
fications distributed across prose text, tables, figures, and
other document structures. Unlike documents that can
often be represented by high-level summaries, datasheets
contain numerous individually important details, where
even a single table entry or short statement may specify

a critical engineering constraint. Processing an entire
datasheet in a single LLM query therefore risks omitting
fine-grained specifications within a long, information-
dense context. We adopt the commonly used chunk-
ing strategy to mitigate this problem while preserving
datasheet-specific structures. In particular, contextual in-
formation, such as table headings and titles, are retained
because individual specifications often depend on their
row and column contexts. The resulting table-aware
chunks serve as the basic input units for subsequent
knowledge extraction.

We first convert each PDF datasheet into a structured
Markdown representation using MinerU [10], preserving
textual content and table structures in their original doc-
ument order. Tables are initially represented in HTML
and subsequently converted into a CSV-style represen-
tation, which reduces structural markup tokens while
preserving the tabular structure and content. Although
some hardware specifications are represented through
figures, extracting such information requires specialized
technical and scientific image understanding, which is
beyond the scope of this work. We therefore exclude
figures from the Markdown representation.

The resulting Markdown document is partitioned into
chunks subject to a maximum token length while pre-
serving sentence boundaries, such that individual sen-
tences are not divided across chunks. Tables are treated
differently: each table is retained intact as a single
chunk regardless of the token limit. This is necessary
because individual table entries often rely on shared
headers, titles, captions, units, and condition fields for
their engineering meaning. Splitting a table could sepa-
rate specification values from the contextual information
required for their correct interpretation.

Each resulting chunk is independently processed dur-
ing property extraction. This decomposition bounds the
context presented to the LLM in each query and focuses
its attention on a portion of the datasheet. Importantly,
each extracted property retains its originating chunk as
source provenance. This explicit association enables sub-
sequent stages to trace properties directly to their source
content and provides source evidence for evaluating
whether each extracted property is faithfully grounded
in the datasheet.

B. Knowledge Extraction

Extracting engineering knowledge from chunked hard-
ware datasheets is inherently an open-ended task. Unlike
information extraction problems with a predefined static
schema, the set of relevant hardware properties cannot
be exhaustively specified in advance. Datasheets from
different vendors and hardware categories vary substan-
tially in organization, terminology, level of detail, and
the types of specifications they provide. Even devices
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Hardware Knowledge Graph
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Datasheet MarkDown

Structured Properties

Block-Wise Property
Refinement
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Fig. 1. Pipeline of our approach. The PDF is first preprocessed into table-preserved chunks ((a), Section III-A). Type-aware property extraction
is then performed on these chunks ((b), Section III-B). Given an initial graph skeleton, the extracted properties are routed to construct the
knowledge graph ((c), Section III-C). Finally, property deduplication, name-conflict resolution, and property rerouting are iteratively applied to
refine the hardware knowledge graph until the maximum number of refinement iterations is reached ((d), Section III-D).

within the same category may expose different functions
and characteristics. Consequently, providing determinis-
tic extraction instructions or an exhaustive list of target
properties would either restrict extraction to anticipated
specifications or require substantial device-specific man-
ual engineering effort, undermining the generality and
automation of the framework.

We therefore guide property extraction using high-
level engineering descriptions rather than predefined
property names or detailed extraction rules. For example,
instead of exhaustively enumerating all possible commu-
nication interfaces and peripheral functions, an extraction
description requests “supported interfaces (e.g., I2C, SPI,
UART, ADC, PWM, GPIO).” The examples provide
semantic guidance to the LLM without restricting extrac-
tion to a predetermined set of properties. The general ex-
traction descriptions identify engineering aspects broadly
relevant to embedded-system hardware, including power
requirements, communication interfaces, signal charac-
teristics, operating environments, and connector and pin
information. These descriptions indicate the types of
engineering knowledge of interest while allowing the
LLM to identify the specific properties present in each
datasheet chunk.

We complement the general descriptions with
hardware-category-specific extraction descriptions to
capture characteristics relevant to different classes of
components. We define category-specific descriptions
for four representative embedded-system hardware cat-
egories: sensors, processing components, power mod-
ules, and communication modules. For example, sensor-
specific descriptions describe sensing characteristics and
measurement performance, such as measurement preci-
sion and accuracy, whereas power-module descriptions
emphasize power conversion and regulation characteris-
tics, such as conversion efficiency and dropout voltages.
These descriptions remain high-level rather than enumer-

ating individual target properties, allowing the extraction
process to accommodate differences among devices and
datasheet conventions within the same category.

Each preprocessed chunk is independently provided
to the LLM together with the general and corresponding
category-specific extraction descriptions. The LLM iden-
tifies explicitly stated engineering properties and repre-
sents each property using a structured format consisting
of a variable name, brief description, value or range,
and unit. The brief description preserves the engineering
context necessary to interpret the property, including
applicable operating conditions, configurations, device
variants, and test conditions when present. Each ex-
tracted property is also associated with its source chunk,
preserving provenance.

This decomposition transforms whole-datasheet
knowledge extraction into a sequence of modular,
bounded-context extraction tasks. Rather than requiring
the LLM to search an entire datasheet for an open-
ended set of engineering properties in a single
query, each query identifies relevant knowledge within a
constraint source context, while the high-level extraction
descriptions guide the LLM toward engineering
information useful for downstream applications.

C. Knowledge Graph Construction

We organize the extracted properties into a hierar-
chical knowledge graph that captures the functional
structure of the hardware and the semantic relationships
between hardware functions and their specifications.
The graph contains two types of nodes: block nodes
and property nodes. A block node represents a hard-
ware component, such as a functional module, interface,
subsystem, or other meaningful hardware concept and
can contain child block nodes to form a hierarchy; for
example, a “Peripheral” block may contain “UART” and
“SPI” blocks. A property node represents an individual
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engineering property extracted from the datasheet and is
attached to the block whose function or characteristics
it specifies; for example, an “SPI” block may contain a
property describing its supported CPOL/CPHA modes.
Through this organization, the graph represents not only
individual engineering specifications but also the func-
tional contexts to which they pertain.

We initialize the graph with a small skeleton defined
for each hardware category. The skeleton contains high-
level functional blocks commonly shared by devices
of the corresponding category and provides the initial
structure for property routing. However, a static, fixed
hierarchy cannot anticipate the diverse functions and
internal structures described across hardware datasheets.
We therefore use the skeleton only as a starting point
rather than as a predefined static schema that constrains
the final graph structure. During subsequent routing pro-
cedures, new block nodes are dynamically created and
attached to the existing hierarchy according to the actual
hardware structure, allowing the graph to accommodate
structural variations across different devices.

We define property routing as the process of placing
an extracted property into the hierarchical knowledge
graph based on its engineering semantics and the existing
graph structure. For each property, the LLM is provided
with the properties to be routed and the current block-
node hierarchy, excluding previously routed property
nodes to avoid unnecessary context. Based on this infor-
mation, the LLM identifies the semantically appropriate
block node and generates one of two routing operations.

1) If an appropriate block already exists, the property
is attached under that block. Properties are attached
to the most general applicable block in the hier-
archy for which they apply unconditionally to the
descendant blocks, rather than being redundantly
attached to individual descendants. For example,
if the minimum output-high voltage (VOH) applies
generally to peripheral outputs, it is attached to
“Peripheral” rather than separately to child blocks
such as “UART” or “SPI”. In contrast, a UART-
specific baud-rate property is attached to “UART”
because it does not generally characterize other
peripheral functions. This routing principle allows
shared specifications to be represented once at their
common functional scope while retaining more spe-
cialized properties under the corresponding lower-
level blocks. In this way, the hierarchy grows
incrementally from the initial skeleton according
to the engineering knowledge encountered in the
datasheet.

2) Otherwise, if the property reveals a distinct com-
ponent or functional concept not represented in
the graph, an appropriate block is created and the
property is attached to it. Determining whether a

new block should be created is inherently open-
ended because hardware datasheets vary widely in
terminology, organization, and functional decompo-
sition. We therefore do not impose a fixed taxonomy
or exhaustive creation rules; instead, the decision to
introduce a new block relies on the LLM’s semantic
reasoning over the property and the current hier-
archy. The newly created block is attached under
a proper existing block and subsequently becomes
available for routing additional properties. For ex-
ample, given an initial “Peripheral” block and a
property specifying the maximum supported UART
baud rate, the LLM can create a “UART” child
block under “Peripheral” and attach the property to
“UART”, since “UART” provides a more specific
semantic owner than the general “Peripheral” block.

All routing operations follow an instruction-based
execution scheme. The local computer sends queries
containing relevant engineering information to the LLM,
which returns explicit instructions to reference exist-
ing properties and blocks or create new blocks, rather
than directly modifying the property set or target KG.
The local computer then validates these instructions
for structural completeness and consistency with the
current graph before executing them through determin-
istic programs using locally stored data. This separation
prevents unintended changes to properties, provenance,
or other persistent engineering information unrelated to
the intended operation, while still leveraging the LLM’s
semantic reasoning capability.

This adaptive construction maintains functional-
block–property relationships and preserves engineering
semantics by representing each property in the context
of the hardware function it characterizes rather than
as an isolated specification. The resulting hierarchy
also provides a structured search space for downstream
knowledge retrieval: relevant functional blocks can first
be identified, after which property retrieval is restricted
to the corresponding portions of the graph. By excluding
properties attached to irrelevant blocks, this block-first
retrieval substantially reduces the number of properties
that need to be considered by the LLM, enabling more
focused and compact query contexts for downstream
tasks. In contrast, a fully predefined static schema can-
not accommodate device-specific functionality, while an
unconstrained flat collection of extracted properties fails
to capture the functional organization and relationships
among specifications.

D. Property Refinement

The initial property routing produces a hierarchical
KG, but independently extracting properties from dif-
ferent datasheet chunks and incrementally constructing
the graph may introduce property duplication, naming
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Fig. 2. Counts of refinement operations across iterations for the Analog
Devices ADXL354/5 sensor. We use three iterations as a practical
tradeoff between refinement quality and runtime, as the numbers of
MERGE and RENAME operations decrease substantially within the first
three iterations. Additional iterations can be configured by users to
further reduce remaining duplications at the cost of additional runtime.
The refinement process reduces the total number of properties from
1027 to 738.

conflicts, and property misplacement. We therefore intro-
duce an iterative property-refinement process to address
these issues while preserving the extracted engineering
information.

Property refinement follows the same instruction-
based execution scheme as property routing. Proper-
ties within the same block are provided to the LLM
in batches, and the LLM generates explicit MERGE,
RENAME, or KEEP instructions for each input property.
A deterministic program running on the local computer
executes these instructions on the corresponding KG
properties to perform the refinement.
MERGE is defined to identify and consolidate se-

mantically duplicated properties into a single property.
RENAME is defined to assign a distinguishing name
when identically named properties represent different
engineering specifications. KEEP is defined to retain a
property without modification. The instructions reference
existing properties by their names and unique in-batch
indices and are validated before being deterministically
executed on the local computer. In particular, the ref-
erenced names, indices, and required instruction fields
are checked against the input batch and the expected
instruction structure.

We set the maximum number of refinement iterations
based on the observed convergence behavior of the
refinement process. Our refinement process aims to reach
a state in which the LLM identifies no further necessary
operations, corresponding to zero additional MERGE and
RENAME instructions. Although this criterion does not
guarantee that all properties are unique and correctly

organized, it provides a practical measure of convergence
based on the LLM’s semantic judgments. In our exper-
iments, the number of additional operations decreases
substantially within three iterations. We therefore adopt
three iterations as a practical tradeoff between refinement
quality and computational cost, while allowing users to
configure additional iterations.

Figure 2 shows an example for the Analog Devices
ADXL354/5 sensor, where the number of MERGE oper-
ations decreases from 185 in the first iteration to 23 in
the third iteration, while RENAME operations decrease
from 40 to zero. Although additional iterations can
further refine the KG, their marginal benefit becomes
relatively small. For the Analog Devices ADXL354/5
sensor KG, which contains more than 800 properties,
one complete refinement iteration requires approximately
17 minutes due to the number of LLM queries and
associated API and inference latency. This overhead
becomes substantial when the framework is applied
across more than 30 datasheets, particularly because the
Analog Devices ADXL354/5 sensor KG represents a
moderately sized KG in our dataset. We therefore use
three refinement iterations as a practical tradeoff between
refinement quality and runtime. Users may increase the
iteration limit when additional refinement is desired and
the corresponding computational overhead is acceptable.

1) Property Deduplication: Property duplication oc-
curs when the same engineering specification is de-
scribed in multiple parts of a datasheet and consequently
extracted more than once. Identifying such duplicates
globally is challenging because semantically equivalent
properties may originate from distant chunks, use dif-
ferent descriptions or representations, and be scattered
across a large set of extracted properties. Exhaustively
comparing all properties would therefore introduce sub-
stantial search and LLM context overhead.

We exploit the hierarchical KG structure to narrow
the deduplication scope. Since properties describing the
same engineering specification are expected to share
the same functional owner, i.e., the same block node,
we use each block node as the scope for dedupli-
cation and query the LLM to compare properties at-
tached to the same block. This substantially narrows
the search space while retaining property groups that
are semantically likely to contain duplicates. Importantly,
the LLM identifies duplications based on the complete
engineering semantics represented by the property fields
rather than the variable name alone. Properties with
different names can therefore be identified as dupli-
cates if their descriptions, values, units, conditions, and
other contextual information collectively represent the
same engineering specification. Semantically redundant
properties are subsequently consolidated through MERGE
instructions. To validate these decisions, we manually
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inspect 50 MERGE operations. All inspected merges are
semantically valid, involving either properties expressing
identical engineering specifications or cases in which the
information represented by one property is subsumed by
the other.

Property deduplication merges only properties that
describe the same specification, including cases in which
one property is fully subsumed by another. Its goal is
therefore not to eliminate all semantic overlap among
properties, and the resulting properties are not guaran-
teed to be mutually exclusive in the information they
contain. For example, one property may state that a
sensor supports heater power levels of 0, 20, 110, and
200mW, while another states that the maximum supply
current is 55mA under the 110mW heater setting.
These properties share information about the 110mW
configuration but represent different specifications and
are not considered duplicates. This distinction is impor-
tant for inter-graph completeness evaluation: even after
deduplication and normalization, a property in one KG
may still correspond to multiple properties in the other
KG because distinct properties can legitimately contain
partially overlapping engineering information without
being semantically duplicated, rather than because dedu-
plication or normalization failed.

2) Name Conflict Resolution: name conflicts arise
when the same variable name is used for different en-
gineering specifications within the same block. Because
the extraction process attempts to preserve the termi-
nology used in the original datasheet, such ambiguity
can naturally occur when a datasheet reuses a variable
name for multiple specifications. For example, VDD is
used to describe both an operating supply voltage and
an absolute maximum supply voltage in the datasheet of
the Espressif ESP32-WROOM-32D/U wireless MCU. If
these properties belong to the same functional block, the
variable name alone is insufficient to distinguish their
engineering meanings.

We therefore resolve name conflicts locally within
each block node, consistent with the scope used for
deduplication. When identically named properties within
a block represent different engineering specifications, the
properties remain distinct and RENAME assigns distin-
guishing names according to their respective engineering
semantics. Identical variable names in different blocks
are permitted because the unique block index and prop-
erty name provide an unambiguous identification of se-
mantically distinct properties without requiring globally
unique variable names across the KG.

3) Property Misplacement: Property misplacement
can arise from the incremental and open-ended nature
of graph construction. A property is initially routed to
the most appropriate semantic owner available when it
is processed. However, a more appropriate block may

be created later when another property reveals a distinct
hardware or functional concept that was not previously
represented. A previously routed property may therefore
remain under a more general or less appropriate block
even after a better semantic owner becomes available.
Because block creation must remain flexible enough
to accommodate heterogeneous and previously unseen
hardware functionality, the complete hierarchy cannot be
deterministically specified in advance.

We solve the property misplacement problem by
rerouting properties after deduplication and name-
conflict resolution. Unlike the initial routing pass, which
starts from the category-specific skeleton, rerouting uses
the latest KG structure and exposes only its block nodes
to the LLM. Property nodes are intentionally omitted
because they are numerous and less necessary for iden-
tifying the appropriate target block, thereby reducing
context size and focusing the routing decision on the cur-
rent block hierarchy. The LLM can therefore reconsider
property placement with access to blocks that may not
have existed when those properties were initially routed.
Rerouting otherwise follows the same property-routing
procedure described in the previous subsection, allowing
properties to be reassigned to more appropriate existing
blocks or the creation of new blocks when necessary.

In summary, through this iterative process described
in Section III-D, deduplication consolidates redundant
properties, name-conflict resolution distinguishes seman-
tically different properties with ambiguous names, and
rerouting progressively improves property placement as
the hierarchical structure evolves.

Figure 3 shows an example knowledge graph for
the Analog Devices ADXL354/5 after three refinement
iterations. Yellow nodes represent functional blocks and
blue nodes represent properties. For clarity and due to
space limitations, only selected properties are shown;
blocks without displayed properties may still have prop-
erties attached in the complete KG. The resulting KG
organizes engineering properties according to the hard-
ware functional hierarchy, with duplicated properties
consolidated, properties placed under their appropriate
functional blocks, and naming conflicts resolved. This
example illustrates how the proposed framework trans-
forms extracted properties into a structured and refined
hardware knowledge representation.

E. Knowledge Retrieval and Downstream Applications

The hierarchical organization of the constructed KG
provides a structured search space for downstream ap-
plications. Rather than searching all properties globally,
knowledge retrieval follows the functional hierarchy of
the hardware. Given an engineering query or information
requirement, relevant block nodes are first identified ac-
cording to their functional semantics. Property retrieval
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Root

Power

V1P8ANA

...

VSUPPLY

Host Interface

I2C

SPI

...

Sensing
Elements

Temperature
Sensor

Accelerometer

...

analog_supply_voltage

v1p8ana_supply_options

v1p8ana_standby_current

...

spi_t_hold_time

spi_clock_polarity

...

full_scale_range_adxl354b

acceleration_data_format

...

...

...

...

Block

Property

Legend:

spi_t_hold_time
Brief Description: Minimum SPI MOSI hold
time for the ADXL355. 

Value or Range: 20

Unit: ns

v1p8ana_standby_current
Brief Description: Typical current in standby
mode from V1P8ANA with LDO regulator
disabled.
Value or Range: 7
Unit: uA

full_scale_range_adxl354b
Brief Description: Pin-selectable acceleration
full-scale range options for the ADXL354B.

Value or Range: ±2 or ±4

Unit: g

Property Content

...

Fig. 3. An example knowledge graph for the Analog Devices ADXL354/5 sensor after three refinement iterations. Yellow nodes represent
functional blocks and blue nodes represent properties. For clarity, only selected properties are shown; blocks without displayed properties may
still have properties attached in the complete KG. The KG organizes engineering properties according to the hardware functional hierarchy.
Example property contents are shown as callouts connected to selected property nodes by dashed lines. These callouts are for visualization only
and do not represent additional KG nodes; the displayed contents are attributes stored within the corresponding property nodes.

is then localized to properties attached to the selected
blocks and applicable properties inherited from their an-
cestor blocks. The retrieved properties can subsequently
be filtered or semantically matched according to the
requirements of the downstream task. This hierarchi-
cal retrieval reduces the property search space while
preserving the functional and contextual relationships
represented by the KG.

The resulting KGs provide a general-purpose struc-
tured hardware knowledge layer that is not limited to
a single downstream task. For example, component rec-
ommendation and substitution systems [11], [12] could
retrieve and compare electrical, functional, and environ-
mental specifications across candidate devices. System-
level power estimation tools [13] could use operating-
mode-dependent power specifications to support energy
analysis. Similarly, automated hardware design verifica-
tion systems, such as DRCY [14] and DEVICES [15],
could retrieve relevant electrical, interface, power, and
environmental properties for compatibility verification.
These applications could access source-grounded engi-
neering knowledge through the corresponding functional
blocks without repeatedly extracting information from
the entire original datasheets.

TABLE I
EVALUATION DATASET STATISTICS

Category Sensor Processing Power Comm. Total

Count 7 5 5 3 20
Total Pages 312 472 85 171 1,040

IV. EVALUATION

We evaluate our framework and the baseline using
GPT-5.4 with temperature = 0.2 on 20 datasheets
spanning four categories: sensors, processing compo-
nents, power modules, and communication transceivers.
Table I summarizes the number of datasheets and their
total page counts for each category. This section de-
scribes the baseline, evaluation measures, property nor-
malization procedure, and analysis of the results.

A. Baseline

We compare our framework with a one-shot, end-
to-end LLM-based KG construction baseline designed
to approximate the common practice of providing a
complete document and task instructions to an LLM and
requesting the resulting knowledge graph. The baseline
performs the entire KG construction process in a single
query, including identifying relevant engineering prop-
erties, preserving their applicable conditions and device
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variants, deduplicating redundant properties, resolving
naming conflicts, and organizing the extracted properties
into a hierarchical functional structure similar to that
produced by our pipeline, as required by the downstream
applications considered in this work. The baseline is also
instructed to create new functional block nodes when
necessary. The LLM directly generates the final KG as a
NetworkX-compatible node-link JSON object containing
functional block nodes and extracted engineering proper-
ties. For subsequent faithfulness evaluation, we addition-
ally require the LLM to provide the exact supporting text
from the input datasheet as a reference for each extracted
property.

The baseline prompt uses a straightforward end-to-end
task description rather than the detailed, stage-specific
instructions of our framework, reflecting typical one-
shot LLM document processing while still specifying the
necessary construction requirements. These include the
target classes of engineering properties, required prop-
erty fields and contextual information, hierarchical or-
ganization, deduplication and naming-conflict handling,
and output format. Thus, both approaches share the same
overall construction objective, while the baseline must
perform extraction, organization, and refinement jointly
in a single query.

For a controlled comparison, we provide the base-
line with the complete parsed Markdown used by our
framework rather than the original PDF. Remote LLM
services do not expose their internal PDF parsing or
resulting textual representation, making it difficult to
determine whether references returned for faithfulness
evaluation occur exactly in the processed datasheet. This
is particularly important for tabular specifications, whose
textual representation depends strongly on how tables
are parsed. In addition, direct PDF input would expose
figures that are excluded from our framework. Using
the same parsed Markdown therefore provides both ap-
proaches with identical textual and tabular information,
excludes the same figure content, and enables exact
string matching of the baseline’s returned references
against its input.

B. Metrics

1) Property Normalization: Engineering properties
can be represented at different granularities. For ex-
ample, operating conditions may be represented as one
property or decomposed into separate temperature, hu-
midity, and pressure properties. Such grouping may be
desirable for practical KG usage; for instance, a pressure
RMS noise of 0.2Pa, equivalent to 1.7 cm of altitude
variation, can naturally be retained as one property to
preserve their semantic relationship. However, granu-
larity differences bias property-level evaluation because

Faithfulness
Evaluation

Relevant Property
Retrieval

Faithfulness
Evaluation

Baseline
KG

Our KG

Completeness
Evaluation

Faithful
Properties

Property
Normalization

Property
Normalization

Fig. 4. Evaluation pipeline for faithfulness and completeness. Proper-
ties from our KG and the baseline are first normalized to reduce gran-
ularity differences. Their faithfulness is then evaluated using LLMs,
and unfaithful properties are removed. Next, bidirectional relevant-
property retrieval is performed: for each property in the Reference KG,
all semantically relevant properties are retrieved from the Source KG.
Finally, completeness is evaluated for each reference property based
on the joint information provided by the retrieved source properties.

the same engineering information may be represented as
different numbers of properties to different KGs.

We therefore use an LLM to normalize both KGs
to a consistent semantic granularity. We define a nor-
malized property as a single engineering characteristic,
capability, requirement, or behavior, together with the
context in which it applies or is characterized. Our
normalization procedure is rule-based. It is designed to
reduce common granularity mismatches while preserving
engineering meaning. The LLM applies a fixed set of
normalization rules to each property independently. For
example, (1) independently specified lower/upper bounds
and Min/Typ/Max statistics are split into separate proper-
ties, (2) explicitly listed alternatives such as modes, vari-
ants, protocols, or supported options are separated into
individual assertions, and (3) contextual information,
complete equations, and coupled configurations are pre-
served with the specification to which they apply rather
than being split into isolated fragments. Similar rules are
used for condition-dependent values and independently
bundled specifications, while equivalent representations
of the same assertion are retained together. The same
rule set is applied uniformly to both KGs.

The goal is not to define a universally canonical
property granularity, since engineering information can
often be recursively decomposed into increasingly fine-
grained but practically meaningless fragments. Instead,
the normalization aims to reduce common representation
differences consistently across both KGs to enable fair
coverage calculation and comparison. The same rule set
is applied uniformly to both KGs, and its effectiveness
is manually verified.

Even at a consistent semantic granularity, the same
engineering specification may be expressed through mul-
tiple properties. For example, “The main power supply
of the Bosch BME280 sensor is 1.71–3.6V” may alter-
natively be represented by two properties: “VDD is the
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main power supply pin of BME280” and “VDD accepts
1.71–3.6V.” Collectively, the two properties convey the
same engineering specification despite using a different
representation. We therefore account for such collective
correspondence in the subsequent completeness evalua-
tion.

After normalization, the total number of properties
across the 20 datasheets increases from 12.4 k to 17.4 k.
We manually audited 200 randomly sampled normal-
ization instructions, comprising 50 from each of four
datasheets: the Bosch BME280 sensor, Analog Devices
MAX30102 sensor, ST STM32F303RE microcontroller,
and u-blox MAX-M8 GNSS module. Each instruction
was evaluated against its original property and normal-
ized output. Of these, 186 (93%) correctly followed
the normalization rules, 8 (4%) violated them, and 6
(3%) were ambiguous because the original wording
did not support a definitive judgment. For example,
the ST STM32F303RE microcontroller common-mode
input voltage range was incorrectly retained as a single
property rather than decomposed into separate lower-
and upper-bound assertions. The 93% agreement indi-
cates that the normalization procedure reliably applies
the intended decomposition rules in most cases and
substantially reduces granularity inconsistencies across
the evaluated KGs, although it does not provide error-
free canonicalization.

The remaining normalization errors introduce uncer-
tainty into the subsequent completeness evaluation be-
cause normalized properties are the counting units. An
under-split property may represent multiple canonical as-
sertions as a single evaluation unit, thereby underweight-
ing the corresponding engineering information, whereas
an over-split property may represent a single canonical
assertion as multiple evaluation units and consequently
overweight it. Therefore, even if the subsequent semantic
coverage evaluation correctly determines the coverage
of each resulting property, normalization errors can bias
the aggregate full-, partial-, and no-coverage fractions
by altering the number and granularity of the evaluation
units. Normalized properties should therefore be viewed
as a practical approximation of the ideal canonical
assertion units, with the observed 93% normalization
accuracy supporting this reliable approximation while
also quantifying an important source of error in the
reported completeness results.

2) Faithfulness: We define faithfulness as whether
an extracted property is semantically supported by its
associated source reference. Importantly, we evaluate
faithfulness against the reference rather than searching
the entire datasheet for supporting information. There-
fore, a property is considered unfaithful if its associated
reference does not support it, even if the property may
be correct or supported elsewhere in the datasheet. This

strict definition measures whether the extracted knowl-
edge is traceable to its claimed source.

For our framework, each property retains the source
chunk from which it is extracted, and we therefore use
this chunk as its reference. For the one-shot baseline,
we use the supporting reference returned by the LLM to-
gether with each property. Before evaluating the baseline
property, we first verify through exact string matching
that its returned reference occurs in the input Markdown;
a property whose reference cannot be verified is consid-
ered unfaithful.

Following prior work that uses LLMs to evaluate
generated information and its factual consistency with
source evidence [16]–[18], we use an LLM to determine
whether the associated reference semantically supports
the engineering information represented by each prop-
erty. Faithfulness is then measured as the fraction of
extracted properties supported by their associated ref-
erences:

F =
Nfaithful

Ntotal
, (1)

where Nfaithful is the number of properties supported by
valid associated references and Ntotal is the total number
of extracted properties.

3) Completeness:
a) Ideal Representation and Absolute Complete-

ness: Different divisions of the same information can
exist even when properties have comparable granularity.
For example, suppose a sensor supports a low-power
mode with a maximum output data rate of 100Hz
and a supply current of 10 µA, and a high-performance
mode with a maximum output data rate of 1 kHz and
a supply current of 200 µA. This information may be
represented as two mode-centric properties: “the low-
power mode supports a maximum output data rate of
100Hz with a supply current of 10 µA” and “the high-
performance mode supports a maximum output data rate
of 1 kHz with a supply current of 200 µA”. Alternatively,
it may be represented as two different properties: “the
maximum output data rate is 100Hz in low-power mode
and 1 kHz in high-performance mode” and “the supply
current is 10 µA in low-power mode and 200 µA in high-
performance mode”. Both representations contain the
same engineering information and use two properties of
comparable granularity, but place the property bound-
aries differently.

We therefore first define a structure-independent rep-
resentation of engineering information. An assertion
is a canonical atomic predicate representing one inde-
pendently interpretable engineering claim, independent
of the conditions under which the claim applies. Its
semantic content is restricted to information that char-
acterizes the structure, capability, behavior, constraint,
or quantitative relationships of the engineered object.

11



This includes, for example, set-membership statements
such as supported modes or interfaces, equalities and in-
equalities such as specified values and operating bounds,
and functional relationships such as frequency or power
efficiency expressions. This characterization is intention-
ally not exhaustive; rather, it focuses on the kinds of
information in engineering datasheets and specifications,
in the way it is presented, i.e., datasheet authors gen-
erally provide statements that are tractable to interpret,
avoiding those requiring intractable analysis, such as the
general program-termination problem captured by the
halting problem. The granularity and representation of
assertions are imposed by a comprehensive and con-
sistent canonicalization policy applied uniformly across
properties.

For example, SPI mode = 0 is a valid assertion
because it expresses a single canonical claim, whereas
SPI mode = 0 and maximum SCK frequency = 10 MHz
is non-atomic because it combines two independently
interpretable claims and should therefore be decom-
posed. Canonicalization may further determine how an
otherwise-coherent claim is represented. For example,
the range 1.7 ≤ VDD ≤ 3.6V is canonically represented
by two assertions, VDD,min = 1.7V and VDD,max =
3.6V.

A relationship captures a semantic dependency be-
tween assertions, e.g., conditional, modal, variant-
specific, or joint-configuration dependencies. Examples
include under, when, in mode, for variant, or jointly con-
figured with. The engineering information in a datasheet
can be represented as a canonical assertion–relationship
graph (GD) containing assertions of canonical engi-
neering claims and relationships capturing the semantic
dependencies among them:

GD = (AD,RD) (2)

where AD is the set of unique canonical assertions
(graph nodes) and RD is the set of unique semantic
relationships among them (edges). The representation
is canonical in the sense that semantically equivalent
expressions are mapped to the same assertion, while
semantically equivalent composite information is de-
composed according to the same canonicalization rules.
For example, if an SPI configuration is canonically
represented by the assertions CPOL = 1 and CPHA =
1, connected by a joint-configuration relationship, the
semantically equivalent expression “SPI Mode 3” does
not introduce an additional independent information unit.

This representation avoids over-counting information
that is repeated across multiple properties as shared
context. For example, suppose KG1 contains three prop-
erties specifying the accuracy, sampling frequency, and
current under operating mode A, while KG2 contains
only one property stating that mode A is supported.

In a property-level comparison, the KG2 property may
partially cover all three KG1 properties because each
implicitly contains the information that mode A is sup-
ported, resulting in three partial-coverage counts for the
same underlying fact. Under the ideal representation,
however, KG1 contains a single assertion that mode A
is supported, together with separate assertions for the
three specifications and relationships connecting them to
mode A. KG2 contains only the assertion that mode A is
supported. The shared information is therefore matched
and counted exactly once, rather than once for every
property in which it appears as context.

Under this ideal representation, completeness is natu-
rally defined over assertions and relationships rather than
properties. Let

GK = (AK ,RK) (3)

denote the engineering information recoverable from KG
K after mapping it into the same canonical representa-
tion. Assertion and relationship absolute completeness
can then be expressed as

CA(K,D) =
|AK ∩ AD|

|AD|
, (4)

and

CR(K,D) =
|RK ∩RD|

|RD|
. (5)

Each assertion or relationship contributes to the ab-
solute completeness measures at most once regardless
of how many times it is expressed, implied, or reused as
context. At this level, coverage is binary for each seman-
tic unit: an assertion or relationship is either represented
or not represented.

However, constructing this ideal representation di-
rectly is impractical for our evaluation. In addition to
the absence of an exhaustive datasheet-level ground
truth, properties from both KGs would first need to be
transformed into the same globally canonical assertion–
relationship representation. This requires determining
how composite specifications should be decomposed,
resolving whether engineering information should be
represented as an assertion or a relationship, and identi-
fying and canonicalizing equivalent assertions and re-
lationships. These operations require global semantic
reasoning over the entire KG and constitute a substantial
knowledge-reconstruction problem. Moreover, no gen-
erally accepted canonical ontology or decomposition
scheme exists for heterogeneous hardware specifications.
Consequently, modeling choice errors introduced by
this additional complex reconstruction would directly
determine the evaluation units and therefore the resulting
completeness measurement.
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b) Inter-Graph Completeness: We use inter-graph
completeness measured over normalized properties as a
practical approximation of ideal absolute completeness.
For each directional evaluation, the KG whose knowl-
edge is being evaluated is defined as the Reference KG,
while the other KG is defined as the Source KG.

Figure 4 shows the evaluation pipeline for faithfulness
and inter-graph completeness. Before completeness eval-
uation, properties classified as unfaithful by the preced-
ing faithfulness evaluation are removed. We then apply
the normalization procedure described in Section IV-B1
to reduce obvious differences in property granularity.
Normalization decomposes compound properties accord-
ing to consistent rules while preserving the contextual
information required to interpret each resulting speci-
fication. For each faithful normalized Reference prop-
erty, an LLM retrieves all semantically relevant Source
properties and jointly evaluates whether their information
provides full coverage, partial coverage, or no coverage.

Our definition of full coverage is intentionally strict.
A Reference property is fully covered only when the
retrieved Source properties collectively support its com-
plete engineering assertion, including the quantity or
behavior, value, unit, applicable variant, operating con-
ditions, scope, and any relationships required to interpret
the specification. Partial coverage indicates that some
relevant engineering information is recoverable but at
least one required detail is missing, while no coverage
indicates that no meaningful portion of the Reference
property’s engineering information is recoverable.

Joint evaluation of multiple Source properties is nec-
essary because distinct engineering properties can col-
lectively specify or imply another engineering property
even after granularity normalization. For example, the
BOSCH BME280 sensor datasheet specifies the I2C
read address/control byte as 111011X1, while separately
defining the first seven bits, 111011X , as the device
address and the final bit, 1, as the read/write control for a
read transaction. Our KG captures the complete read ad-
dress/control byte as one property, whereas the baseline
captures the 7-bit device address and read/write control
bit as two distinct properties. These properties are neither
duplicates nor alternative decompositions of a single
property; they represent distinct engineering assertions
that jointly determine the complete read address/control
byte. Therefore, the absence of an explicit 111011X1
property should not be treated as missing information
when the assertion can be fully recovered from the
Source properties collectively. This also accounts for le-
gitimate semantic overlap or complementary information
among distinct properties that is intentionally preserved
by our deduplication procedure.

We perform this evaluation in both directions, alter-
nately treating our KG and the baseline KG as the Ref-
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Number of Properties (k)

Ours
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Ours
by Base.
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by Ours
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76.1%

10.5%

83.6%

28.9% 60.6% 17.2

2.1
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Completeness

Faithfulness and Completeness

Unfaithful
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None Partial Covered

Fig. 5. Faithfulness (upper) and completeness (lower) results for our
approach and the one-shot baseline across 20 datasheets spanning four
hardware categories. Properties in our KGs achieve 98.8% faithfulness,
indicating that nearly all extracted properties are supported by the
source datasheets. Our KGs fully cover 83.6% and partially covers
16.2% of baseline properties, whereas the baseline fully covers only
10.5% and partially covers 28.9% of ours. These results show that,
compared with the one-shot baseline, our approach maintains high
property faithfulness and constructs KGs with substantially broader
engineering information coverage.

erence KG. The resulting full-, partial-, and no-coverage
fractions characterize the relative semantic coverage of
the two KGs. Inter-graph completeness should there-
fore be interpreted as a property-level approximation of
the ideal assertion–relationship completeness objective
rather than an absolute measure of KG completeness.

C. Results

Figure 5 shows the evaluation results over the dataset.
Our KG achieves 98.8% faithfulness, compared with
76.1% for the one-shot baseline. Completeness is evalu-
ated only over faithful properties. Our KG fully covers
83.6% of baseline properties and partially covers the
remaining 16.2%, whereas the baseline fully covers
only 10.5% and partially covers 28.9% of ours. This
strong asymmetry indicates that most faithful informa-
tion extracted by the baseline is also represented in our
KG, while the baseline misses most of the information
represented by ours. For downstream applications requir-
ing retrieval or reasoning over datasheet specifications,
higher completeness reduces information blind spots:
an engineering constraint omitted from the KG cannot
be retrieved or considered by subsequent reasoning,
regardless of the capability of the downstream model. A
more complete KG therefore provides broader coverage
of the source engineering information and increases the
likelihood that the specifications required by a down-
stream task are available for consideration.

These results demonstrate that the proposed pipeline
produces a substantially more faithful and complete
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hardware knowledge representation than one-shot KG
construction. The high faithfulness indicates that the
extracted properties are rarely unsupported by the source
datasheets, while the strongly asymmetric inter-graph
coverage shows that our KG preserves most of the faith-
ful information captured by the baseline and additionally
recovers more engineering information that the baseline
omits. Together, the results support the effectiveness of
decomposing KG construction into controlled extraction,
organization, and refinement stages rather than relying
on a single end-to-end LLM generation step.

D. Discussion

Although the baseline contains only approximately
2.1 k faithful normalized properties, it partially covers
28.9% of our approximately 17.2 k properties because
partial coverage is not one-to-one. Different reference
properties may share contextual or overlapping engi-
neering information, and the same Source property may
therefore contribute partial information to multiple Ref-
erence properties without fully covering any of them.
Our deduplication procedure merges only identical or
fully subsumed properties and does not make the infor-
mation contained in the remaining properties mutually
exclusive. Such many-to-many partial coverage is there-
fore expected.

V. CONCLUSIONS

This work presents an LLM-assisted framework for
constructing hierarchical knowledge graphs from hard-
ware datasheets. Rather than treating KG construction as
a one-shot generation task, our framework decomposes
the process into explicit stages for property extraction,
routing, refinement, and rerouting, while preserving and
validating intermediate results throughout the pipeline.
The resulting KGs organize engineering properties ac-
cording to device functional structure while preserving
operating conditions, modes, variants, and other ap-
plicability contexts required for correct interpretation.
An instruction-based execution scheme further separates
LLM-generated operations from deterministic manipu-
lation of stored engineering data, improving auditabil-
ity and reducing unintended modification of extracted
properties. Across the evaluated datasheets, our frame-
work achieves 98.8% faithfulness, while our KGs fully
cover 83.6% of the faithful normalized properties in
the one-shot baseline and the baseline fully covers only
10.5% of ours. These results demonstrate the benefits
of decomposed, context-controlled processing for con-
structing faithful and comprehensive hardware KGs and
provide a structured, reusable knowledge representation
for downstream hardware design and verification tasks.
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