Technical Report

DRAFT — for review, not for citation

A Hybrid Corpus-to-Taxonomy Pipeline
for Physical Al Risk Cards

Data Collection, Processing, Deduplication, and Hierarchical Assignment

Report type Technical Report

Report title A Hybrid Corpus-to-Taxonomy Pipeline for Physical Al Risk Cards

Report version v1.0 — Draft (for review)

Taxonomy release Responsible Al Risk Taxonomy v2.0, Physical Al Risk Taxonomy slice

Author Youngsam Chun

Affiliation Responsible Al Dept., Frontier Al Lab

Contact ys.chun@kt.com

Local data snapshot Verified on 2026-07-04

Primary artifacts HTML taxonomy, CSV/JSON card exports, reference map, methodol-
ogy PDF

Reproducibility status Local source queries, file-level denominators, algorithms, and release

checks documented

Responsible Al Dept., Frontier Al Lab
July 2026


mailto:ys.chun@kt.com

Physical Al Risk Taxonomy Technical Report

Executive Summary

This manuscript documents the data collection, processing, analysis, and risk-card generation procedure
used to construct the Physical Al slice of the Responsible Al Risk Taxonomy v2.0. The workflow follows
a hybrid taxonomy design: high-level structure is anchored in authoritative safety, risk-management, and
embodied-Al references, while L4 risk cards are generated bottom-up from a multi-source corpus of sci-
entific publications, policy reports, and patents. The updated local integrated document space contains
3,906,767 Al records, 741,428 Al infrastructure records, 383,149 Physical Al records, and 82,971 Phys-
ical Al risk records after within-group deduplication across scientific publications, policy reports, and
patents. The released local taxonomy snapshot contains 182 L4 risk cards, 24 L3 sub-categories, 3 L2
categories, and 360 card-level evidence/reference rows. We formalize two procedures: (i) risk-candidate
generation with semantic deduplication and (ii) EM-based L3 family assignment.

Keywords: Physical Al; Al risk taxonomy; robotics safety; embodied Al; cyber-physical systems; se-
mantic deduplication; BGE-M3; HDBSCAN; reproducible technical report.

Reproducibility statement. This report is written as a technical reconstruction protocol. It specifies
the source families, retrieval artifacts, local file denominators, filtering thresholds, embedding inputs,
clustering and deduplication procedures, hierarchy assignment procedure, validation checks, and release
artifacts required to reproduce the Physical Al Risk Taxonomy construction workflow.
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1 Scope and Design Rationale

Physical Al is defined here as Al deployed in systems that sense, reason, and act in the physical world, in-
cluding robots, humanoids, drones, autonomous vehicles, cyber-physical systems, and embodied agents.
This scope follows recent Physical Al and embodied-safety work that treats world models, robot consti-
tutions, and embodied benchmarks as distinct from text-only Al risk settings [1, 2, 3]. The taxonomy is
organized as:

L0 Ownership Levels — L1 Physical Al Risks

1
— L2 Categories — L3 Sub-categories — L4 Risk Cards. M

The L2 layer distinguishes the locus of risk responsibility: internal system safety, interaction safety at
the human/environment interface, and broader societal safety. The L4 layer is the operational unit: each
card has a stable identifier, bilingual label and definition, severity and probability proxies, short evidence
justifications, references, and 3HIR alignment tags.

The methodological problem is that Physical Al risk taxonomies cannot be built purely top-down or
purely bottom-up. A top-down taxonomy is stable and institutionally legible, but may miss emerging em-
bodied, agentic, and cyber-physical failure modes [4, 5]. A bottom-up corpus pipeline captures emerging
risks, but can produce noisy, overlapping, or non-actionable categories. The adopted design therefore
combines: (1) theory-anchored upper levels, (2) corpus-driven L4 candidate discovery, (3) semantic
deduplication, and (4) expert review for boundary cases. This hybrid stance is consistent with prior
language-model risk taxonomies and Al risk repository work, which combine expert structure with sys-
tematic evidence aggregation [6, 5].

2 Background: From Asimov’s Laws to Alignment-Grounded Risk Cards

The problem of constraining a physical machine’s behavior did not begin with reinforcement learning;
its first serious formulation is literary. Asimov’s Three Laws of Robotics, together with the later Zeroth
Law protecting humanity as a whole, embedded a few ranked, general-purpose priorities in the machine
itself. They ask the machine to not injure a human or through inaction allow harm, to obey human
orders except where they conflict with the first law, and to protect its own existence except where that
conflicts with the first two [7]. The template endures, and so do its limitations. Stated in natural language,
the laws are ambiguous exactly where it matters. The terms “harm,” “human,” and “inaction” have no
operational definition a controller could evaluate, their ranking resolves conflicts only when the terms
are already crisp, and they carry no representation of the machine’s capability limits or of the chance that
its perception is wrong. Murphy and Woods put the critique on a formal footing, arguing that the Laws
are an unworkable basis for real robotics and relocating responsibility onto the humans who design and
deploy the system rather than onto the robot [8]. The lesson we follow through this section is that naming
priorities does not tell you how to apply them to a specific act under uncertainty.

One influential response to the brittleness of hand-specified behavior was to learn alignment from human
feedback rather than legislate it in rules. Deep reinforcement learning from human preferences estab-
lished the preference-comparison mechanism that modern reinforcement learning from human feedback
(RLHF) builds on, communicating goals through pairwise human judgments without a hand-coded re-
ward [9]; instruction tuning with human feedback then scaled this to large language models (LLMs),
producing assistants that follow user intent and, on the authors’ evaluations, reduce toxic output [10].
This is the practical machinery behind today’s helpful-harmless—honest assistants.

Learning the objective, however, does not escape the specification problem,; it inherits it. Russell frames
the fixed-objective “standard model” of Al as the root difficulty, since a machine that optimizes a given
objective perfectly will pursue it past the point its designers intended [11]. Agents duly satisfy the letter
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Responsible Al Risk Taxonomy v2.0
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Figure 1: Released taxonomy interface
Note: The interface is used as the visual inspection layer for the Physical Al Risk Taxonomy. It presents the L0-L4 hierarchy,
L2 source categories, L3 sub-category distribution, L4 risk-card counts, and representative 3H1R badges. The screenshot is
included as a visual artifact of the release state; the report does not rely on the web page as a bibliographic source.
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of a learned reward while violating its intent [12], and a systematic survey documents RLHF’s open
problems, which range from misspecified and inconsistent human feedback to reward-model misgen-
eralization and the limited scalability of human oversight [13]. A second limit is structural. RLHF as
used to align language models operates over text, so it does not, by itself, represent embodied action,
irreversible physical consequence, or the authority a machine holds. A model can produce a perfectly
polite, “harmless”-sounding plan and still execute a motion that exceeds a joint or payload limit, grasp a
blade by its edge, or compose two individually safe motions into a collision, all failures a transcript-level
reward cannot see [2, 3].

Principle-based alignment sits on fop of feedback rather than replacing it, since a few written principles
supply the targets that optimization aims at. The helpful-harmless—honest desiderata [14] and constitu-
tional training, which generates feedback from a written constitution and so reduces reliance on human
preference labels [15], operationalize this for language models. Physical Al needs one axis more. We
extend the three desiderata with an explicit Role Consistency (RC) dimension, meaning behavior that
stays within the authority and control boundary granted to the machine, and call the combined set 3H1R.
Role consistency is added rather than folded into Harmlessness because authority violations occur even
when no physical harm results; it is the operational descendant of Asimov’s obedience law.

A parallel governance line moved control from the action to the model. Capability-threshold frameworks
gate deployment on whether a system crosses a dangerous-capability tier [16, 17, 18]. This is the right
instrument for frontier risk but coarse for Physical Al, where the failures that injure people are per-action
and per-context rather than properties of a tier, since a well-below-threshold policy can still crush a hand
through a mundane control error. Functional-safety engineering supplies per-failure rigor. The safety
of the intended functionality (SOTIF) addresses hazards from performance limitations and foreseeable
misuse absent any fault, and goal-based safety cases structure the argument for autonomous products [19,
20]. Yet both were shaped around engineered, specifiable systems and map awkwardly onto learned
policies whose failures are emergent and semantic rather than enumerable at design time [21]. The
taxonomy literature is itself split. Top-down expert taxonomies give stable structure but lag the field and
reflect their authors’ priors [6, 22], while bottom-up corpus mining captures breadth and currency but
yields flat, overlapping inventories without a defensible hierarchy [5]. Neither suffices alone.

Across all of these paradigms the same seam reopens. Rules name priorities but cannot apply them
under uncertainty; learned rewards inherit specification gaming and, as deployed, see only text; written
principles, 3HIR included, say which values should hold but not zow to hold a specific physical action to
them, that is, how to evaluate the behavior against a value, trace it to evidence, estimate its severity, and
record it as a reusable unit. Emerging embodied-safety benchmarks supply valuable test items but not
that unit [2, 3]. We supply it directly, through two commitments that organize the rest of this report. The
atomic unit is the risk card, a single identifiable failure mode with an operational definition, supporting
evidence, severity and probability estimates, and 3H1R tags, auditable in a way a natural-language law or
a scalar reward is not. The construction is hybrid, pairing an expert-defined upper structure with corpus-
derived candidates, because an expert-only taxonomy reproduces the a-priori blind spots that undid the
Three Laws, while a corpus-only taxonomy inherits the “whatever the data contains” misgeneralization of
learned objectives. Reconciling the two is the method-level form of the values-versus-evidence tension
this section has tracked throughout.

Contributions

Theoretical. We recast the helpful-harmless—honest desiderata as an operational lens for embodied action
and add an explicit Role Consistency axis (3H1R) that captures authority- and control-boundary failures
invisible to a harm-only reading and absent in text-only settings. We give a constrained-optimization
account of the Harmless—Helpful trade-off (Section 16): modeling an embodied policy as a constrained
Markov decision process [23, 21], efficiency pressure predictably drives behavior toward the high-capability,
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high-harm quadrant, making the taxonomy’s most dangerous cell a consequence of how these systems
are optimized rather than an anomaly.

Methodological. A hybrid corpus-to-taxonomy pipeline reconciles a human-defined upper structure (LO-
L2 and 24 human-defined L3 families) with bottom-up candidates discovered by BGE-M3 embedding
and HDBSCAN clustering over papers, policy reports, and patents; each of the 182 L4 cards is reference-
grounded and auditable at the level of the individual failure mode; and an EM-style hierarchy assignment
places cards under L3 with reported reproducibility and robustness checks, so the hierarchy is measured
rather than asserted.

Practical. We release an auditable 182-card catalogue with bilingual (Korean/English) coverage and
3HI1R tags, usable as a governance checklist, an evaluation and red-teaming reference, and a benchmark-
ing scaffold for Physical Al, connected to emerging embodied-safety benchmarks [2, 3].

3 Prior Methodological Basis

The source- and institution-level measures used later in this report follow four established lines of work.
Bibliometric and science-mapping methods read publication metadata to describe research fields [24, 25,
26], while responsible-metrics guidance cautions that organization counts should inform expert judgment
rather than serve as quality rankings [27]. We therefore treat affiliation counts and PATSTAT' applicant
counts [28, 29] as a provenance and credibility diagnostic of which universities, firms, agencies, and
standards bodies appear in the corpus, and for policy and gray-literature sources we keep the issuing in-
stitutions and give more weight to high-authority bodies such as NIST, OECD, and ISO [30, 31], leaving
quality judgments to the risk-card evidence review.

Prior work on constructing Al, Physical-Al, and agentic-Al risk taxonomies

Beyond bibliometric grounding, this report builds directly on a mature line of work that turns the schol-
arly and policy literature into structured risk categories. The closest methodological precedent is the MIT
Al Risk Repository [5], which applies best-fit framework synthesis to 43 existing risk frameworks, codes
roughly 1,600 risk mentions into about 700 risks, and releases a two-level domain taxonomy (seven do-
mains and twenty-four subdomains) alongside a causal taxonomy. This literature-to-taxonomy design,
in which evidence-derived candidate risks are reconciled against an expert upper structure, is the same
principle this report follows for L4 discovery and L3 assignment. Comparable literature-synthesis tax-
onomies include the DeepMind taxonomy of language-model risks (six areas, twenty-one risks) [6], the
Center for Al Safety overview of catastrophic risks (four source-based categories) [22], and the Stanford
foundation-model risk survey [32].

A second group derives categories analytically or through expert policy consensus rather than corpus
coding. This group includes the classic accident taxonomy of Amodei et al. [12], the pathways ma-
trix of Yampolskiy [33], the existential-safety delegation framework of Critch and Krueger [34], the
OECD framework for classifying Al systems [35] and its incident-terminology work [36], the NIST Al
Risk Management Framework [37], the MITRE ATLAS adversarial-threat knowledge base [38], and
the extreme-risk evaluation and advanced-assistant analyses from DeepMind [39, 40]. A third group of
frontier-lab governance frameworks, such as the OpenAl Preparedness Framework [16], the Anthropic
Responsible Scaling Policy [17], the DeepMind Frontier Safety Framework [18], and constitutional
harm principles [15], organizes risk by capability thresholds and informs the 3H1R marking used here.
For the physical and agentic setting specifically, this report draws on autonomous-system safety stan-
dards [19, 20] and on the agentic-Al risk and governance literature [4, 41, 42, 43]. Table 1 summarizes

'PATSTAT: the EPO Worldwide Patent Statistical Database, the primary patent-statistics source used in this report.
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these works together with the actual top-level categories each released, which situates the present 3-level

(L1-L3) x 182-card (L4) taxonomy within established practice.

Table 1: Prior risk-taxonomy work and its released top-level categories

Reference

Institution

Construction method

Released top-level categories (size)

A. Literature / bibliographic synthesis taxonomies

Slattery et al.
2024 [5]

Weidinger et al.
2021 [6]

Hendrycks et al.
2023 [22]

Bommasani et
al. 2021 [32]

MIT

DeepMind

CAIS

Stanford
CRFM

Meta-review of 43 frame-
works (~700 coded risks)

Structured review of LM
harms

Narrative
source

synthesis by

Foundation-model risk sur-
vey

Causal taxonomy + domain taxonomy (7 domains
X 24 subdomains)

Discrimination; information hazards; misin-
formation; malicious uses; HCI; environmen-
tal/socioeconomic (6 areas, 21 risks)

Malicious use; Al race; organizational; rogue Als
C))

7 thematic areas (fairness, misuse, environment, le-
gality, economics, security)

B. Analytic / policy classification frameworks

Amodei
2016 [12]

Yampolskiy
2016 [33]

Critch &
Krueger
2020 [34]

OECD 2022 [35]

et al.

NIST 2023 [37]

MITRE  AT-
LAS [38]
OECD 2024 [36]

Shevlane et al.
2023 [39]

Gabriel et al.
2024 [40]

Google Brain
/ OpenAl
U. Louisville

UC Berkeley
CHAI

OECD

NIST

MITRE

OECD

DeepMind

DeepMind

Accident classes by failure
source

Two-axis analytic matrix

Delegation-structure typol-
ogy

Policy classification of Al
systems

Consensus framework

ATT&CK-style
knowledge base

attack

Incident-terminology
consensus

Extreme-risk evaluation

Advanced-assistant mono-
graph

Side effects; reward hacking; scalable oversight;
safe exploration; distributional shift (5)

Timing (pre/post-deployment) X cause

Prepotent-Al types; single/multi principal x agent
(29 directions)

People & planet; economy; data; model;
task/output (5 dimensions)
7 trustworthiness traits; GOV-

ERN/MAP/MEASURE/MANAGE

Adversarial tactics matrix (~16 tactics, ~84 tech-
niques)

Incident vs. hazard;
cal. . .psychological)

harm types (physi-

Dangerous-capability + alignment evaluations (2
axes)

Value alignment; safety; misuse; manipulation;
well-being (thematic)

C. Frontier-lab capability-threshold governance frameworks

OpenAl
2025 [16]

Anthropic 2023—
25 [17]
DeepMind

2025 [18]

Bai et al.
2022 [15]

OpenAl

Anthropic

DeepMind

Anthropic

Capability thresholds (v2)

Al Safety Levels (biosafety
analogue)

Critical Capability Levels
(v2)

Written
RLAIF

constitution  +

Biological/chemical; self-

improvement (3)
ASL-1-4+ tiers (CBRN uplift, autonomy)

cybersecurity; Al

CBRN; cybersecurity; ML R&D; deceptive align-
ment (4)

Helpful, harmless, honest via ~16 principles

D. Physical-Al / autonomous-system risk taxonomies

ISO
21448:2022 [19]

ISO

SOTIF hazard analysis

Functional insufficiencies; triggering conditions;
foreseeable misuse (4 areas)

continued on next page
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Table 1 (continued)

Reference Institution Construction method Released top-level categories (size)
ANSI/UL UL Goal-based safety case Claim-based argument over ~10 lifecycle topics
4600 [20]

E. Agentic-Al risk / governance taxonomies

Chan et al. Mila / Cam- Agency-feature analysis Underspecification; directness; goal-directedness;
2023 [4] bridge long-term planning (4)

Shavit et al. OpenAl Lifecycle governance prac- 7 practices (task-suitability . . . interruptibility)
2023 [41] tices

Chan et al. GovAl/Mila Agent-visibility measures Agent identifiers; real-time monitoring; activity
2024 [42] logging (3)

Benton et al. Anthropic Sabotage threat model + Human-decision; code; sandbagging; undermin-
2024 [43] evals ing oversight (4)

Abbreviations: CBRN, chemical/biological/radiological/nuclear; ASL, Al Safety Levels; RLAIF, reinforcement learning from
Al feedback; SOTIF, safety of the intended functionality; ML R&D, machine-learning research and development.

4 Design Requirements and Release Controls

This Technical Report operationalizes a hybrid Physical Al risk-taxonomy design: the upper levels (LO—
L3) are stabilized through top-down governance logic, while L4 risk cards are generated from a bottom-
up evidence corpus and then mapped back to the hierarchy. Table 2 records how each design requirement
is implemented and where it is substantiated in this report.

Two threshold choices are treated as explicit release controls. First, the 0.52 Physical Al similarity
threshold is paired with lexical overrides and audit inspection of below-threshold domains dominated by
out-of-scope records such as nursing, agriculture, tourism, and general medical documents. Second, the
0.94 merge threshold is treated as an empirical separation point in the candidate-similarity distribution. It
is intentionally conservative: a lower threshold would collapse distinct Physical Al failure modes, while
a higher threshold would leave near-duplicate risk cards unresolved.

5 Workflow Overview

Figure 2 summarizes the end-to-end workflow from raw source collection to the released taxonomy ar-
tifacts. The pipeline is hybrid: corpus-derived evidence generates and deduplicates L4 risk candidates,
while authoritative references and human review stabilize the hierarchy, definitions, and evidence justi-
fications.

For reproducibility, each stage is documented as an auditable transformation rather than as a narrative
judgment. The raw retrieval layer is preserved through the exact PATSTAT SQL and Web of Science
topic query reproduced in Appendices A and B. The intermediate layer records source-family counts,
local file names, row counts, column counts, and file sizes. The modeling layer specifies the embedding
input text, clustering method, c-TF-IDF label extraction, reference-grounding rule, merge threshold, and
L3 assignment rule. The release layer is exported from the final HTML into CSV/JSON files so that
card counts, references, hierarchy assignments, and 3H1R tags can be checked independently from the
rendered web page.
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Table 2: Design requirements and their substantiation

Design requirement

Where it is substantiated

Taxonomy design: near-MECE,
standard-aligned terms, hybrid top-
down/bottom-up construction.
Hierarchy: fix LO-L3 before L4 map-
ping (L1 Physical Al, three L2 cate-
gories, 24 L3).

Source collection: build the Al corpus
from Web of Science (WoS), policy
reports, and PATSTAT;, select Phys-
ical Al via BGE-M3 anchors plus
explicit terms; keep risk records by
safety/failure terms.

L4 discovery: HDBSCAN cluster-
ing, c-TF-IDF keyphrases, reference-
grounded candidates, iterative merge
at cosine > 0.94.

Card schema: layer-based stable IDs;
bilingual fields, hierarchy, references,
severity/probability; new cards need
independent references, semantic dis-
tance, and a valid L2.

L3 mapping: with seeds, assign each
L4 to the nearest L3 and check alterna-
tives; without seeds, induce L3 fami-
lies from clusters of three or more L4
risks.

3HIR application: read Helpful,
Harmless, Honest, and Role Consis-
tency as behavior, safety-constraint,
world-state, uncertainty, and role-
boundary failures.

Scope, prior-basis, and workflow sections define the LO—L4 hierarchy, 3HIR rules,
and an auditable workflow separating collection, clustering, reference grounding,
review, and release.

Scope and released-hierarchy sections document LO-L4 structure, L2/L3 coverage,
and the rule that every L3 keeps > 1 L4 after review.

Data-sources section reports the integrated corpus (Table 3); Appendices A—C give
the PATSTAT SQL, Physical Al/risk filters, and the Web of Science query.

Risk-candidate section and Algorithm 1 formalize embedding, clustering, labeling,
the reference filter, and the merge rule, yielding the 182-card L4 set.

Generation and card-schema sections specify ID prefixes, required fields, the five-
reference cap, duplicate exclusion, and release validation.

L3-assignment section and Algorithm 2 formalize seeded assignment, EM-style
centroid update, and the bottom-up induction fallback.

3HIR section operationalizes 3H1R, defines Primary/Secondary causal-proximity
rules, and separates L4 coding from L3 icons.
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Step 1

Collection and corpus filtering

Raw source corpus
WoS - OpenAlex
policy reports - PATSTAT

Y

Metadata normalization
deduplication keys
title—abstract fields

Physical Al filtering
BGE-M3 anchors
explicit lexical markers

—

Semantic clustering
HDBSCAN
c-TF-IDF keyphrases

Document embeddings
Ency (title||abstract)

v

Risk subset filtering
safety - security - ethics
failure terms

l Step 2 Risk-candidate generation and deduplication

Reference grounding
standards - frameworks
benchmarks - papers

Candidate deduplication
pairwise similarity

182 L4 risk cards

D stable IDs

iterative merge 7 = 0.94

definitions - evidence

Step 3 Hierarchy assignment, review, and release l

Released artifacts
HTML taxonomy
CSV/JSON maps
methodology PDF

-«

Expert review
boundary corrections
reference cap < 5 per card

L3 family assignment
<— EM-style nearest centroid
24 sub-categories

Figure 2: End-to-end taxonomy construction and release workflow
Note: Arrows denote the main data-processing path. The expert-review stage is applied iteratively: L4 risk cards and L3
assignments are repeatedly revised through expert review before release.

6 Data Sources and Corpus Construction

The construction corpus integrates three source families: scholarly publications, policy/report documents,
and patent records. Scholarly records were collected from Web of Science and related local scholarly
metadata snapshots, patent records from EPO PATSTAT, and policy/report records from domestic and in-
ternational policy collections [44, 45, 46]. The reproducible retrieval evidence is retained in three forms,
reproduced verbatim in Appendices A—C: the Web of Science topic-search expression, the PATSTAT
Al patent-retrieval SQL, and the SQL-equivalent Physical Al / Physical Al risk filtering rules. Table 3
reports the integrated corpus sizes; these are the corpus-level counts used to motivate the L4 generation

pipeline.

Table 3: Integrated corpus counts by source family and category

Dataset group Papers Policy reports Patents Total
Al 1,749,159 125,372 2,032,236 3,906,767
Al Infrastructure 219,002 341 522,085 741,428
Physical Al 31,386 1,654 350,109 383,149
Physical Al Risks 50,375 938 31,658 82,971

Note: Counts are reported after within-group deduplication; category overlap is intentionally retained across Al,
Al infrastructure, Physical Al, and Physical Al risks. The integrated datasets are organized as three source-family
collections, namely papers, policy reports, and patents, each split into Al, Al infrastructure, Physical Al, and Physical
Al risks. Counts exclude records without usable title text during standardization.

Table 3 reports the integrated corpus sizes by category and source family. Paper counts are parsed from

10
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the local Web of Science Al export, patents from the PATSTAT datasets, and policy records from the
curated policy corpora, with within-group (per document type and category) deduplication and inten-
tional cross-category overlap. Every group preserves a domestic/global key, namely applicant country
for patents, Korea affiliation for papers, and a domestic/foreign flag for policy, so each figure can be
reported as domestic, overseas, and total. Within the Physical Al risk group of 82,971 records, scholarly
publications dominate (Web of Science, 50,375; 60.7%), followed by patents (31,658; 38.2%) and policy
or report sources (938; 1.1%).

To characterize provenance beyond raw counts, country and institution were back-filled for the Physical
Al risk papers and policy reports by re-joining each record to its original source (Web of Science / Ope-
nAlex affiliations by DOI and source identifier, with OpenAlex and Crossref resolving the remaining
gaps). This recovered an institution for 38,008 records (papers 73.6%, policy 98.7%) and a country for
36,643 records. Patents were separately enriched with applicant/assignee and country from PATSTAT
(tLs207_pers_appln<tls206_person on appln_id; applicant 99.6%, country 38%), but are delib-
erately excluded from the country and institution rankings below: patent-applicant counts index com-
mercial IP-filing activity and would read as a technology-competitiveness ranking rather than research
and governance attention to Physical Al risks. Tables 4-5 therefore reflect scholarly papers and policy
reports; counts are document—organization and document—country links over records with a resolved
affiliation, not a complete census.

Table 4: Country distribution of Physical Al risk records

Rank  Country Records  Share (%)
1  China 7,161 19.5
2 United States 6,937 18.9
3 India 2,493 6.8
4  South Korea 2,208 6.0
5 United Kingdom 1,697 4.6
6  Germany 1,434 3.9
7 Ttaly 1,121 3.1
8 Canada 1,012 2.8
9 Japan 839 23

10 Australia 735 2.0
11 Spain 648 1.8
12 France 537 1.5
13 Saudi Arabia 410 1.1
14  Netherlands 385 1.1
15 Pakistan 372 1.0

Note: Counts are over Physical Al risk papers and policy reports with a resolved country. Patents were enriched
from PATSTAT (country present for 38% of patents) but are excluded here, because patent-applicant counts reflect
commercial IP filing rather than research or governance attention and could be misread as technology competitive-
ness.

Physical Al risk activity is globally distributed and led by China, the United States, and India; Korea-
affiliated records account for 6.0% (2,208 of 36,643 records with a resolved country).

The filtering logic has two stages. First, candidate Physical Al records are identified by cosine similarity
to Physical Al definition anchors derived from NVIDIA, NIST, ISO, MITRE ATLAS, and ASIMOV-
style embodied safety references” using the BGE-M3 encoder®. These anchors cover Al risk manage-
ment, industrial robot safety, functional safety, controllability, adversarial Al, world-model-based Phys-
ical Al development, and embodied semantic safety [37, 48, 49, 50, 51, 38, 1, 2, 3]. Records with

2ASIMOV Benchmark v2: https://asimov-benchmark.github.io/v2/.
’BGE-M3 model card: https://huggingface.co/BAAI/bge-m3. The underlying M3-Embedding paper is cited in the
References [47].
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Table 5: Top institutions in Physical Al risk records

Rank Institution / organization Country Records
1  Tsinghua University China 177
2 Korea Advanced Institute of Science and Techno  South Korea 165
3 Shanghai Jiao Tong University China 160
4  Harbin Institute of Technology China 160
5  Technical University of Munich Germany 142
6  Carnegie Mellon University United States 142
7  Beijing Institute of Technology China 141
8  Beihang University China 133
9  Nanyang Technological University Singapore 132

10 Seoul National University South Korea 132
11 University of California United States 125
12 Northeastern University China 125
13 Chinese Academy of Sciences China 120
14 Tongji University China 119
15  Northwestern Polytechnical University China 117

Note: Most frequent institutions/organizations over Physical Al risk papers and policy reports with a resolved affilia-
tion. Patent applicants/assignees are excluded (enriched from PATSTAT as a backup) to avoid conflating commercial
IP filing with research and governance attention.

similarity above 0.52, or with explicit Physical Al terms such as physical Al, humanoid, embodied Al,
or cyber-physical systems (CPS), are retained as Physical Al candidates. Second, the candidate set is fil-
tered to records whose title or abstract contains risk, safety, failure, security, ethics, or related terms. This
produces the Physical Al risk group |Dpaj| = 82,971. To reproduce this step, a researcher concatenates
each record’s title and abstract, computes the BGE-M3 embedding, compares it with the documented
Physical Al anchor descriptions, applies the 0.52 threshold and lexical-marker override, and then applies
the risk-term filter to the retained candidate set.

Formally, let Da; = {d;}¥., be the retrieved Al corpus and let ; = title(d;)||abstract(d; )|/ keywords(d;)
be the normalized document text. Let P = {pq}?:1 denote Physical Al anchor descriptions derived from
the authoritative sources above, and let p 47 and K ,;51. denote the explicit Physical Al lexical markers
and risk/safety lexical markers, respectively. The document and anchor embeddings are

E ; E
e; = ncy (xl) , uq — ncy (pq> . (2)
[[Enco (i)[l2 [[Enco (pg) |2

The Physical Al relevance score is the maximum anchor similarity:

GPAI

PAL —  max e/ uy 3)

q€{1,...,Q}

A document is retained as a Physical Al candidate if
d; € DERE = (sTM > 7pa; =0.52) V [Tk € Kpar : k C xy]. 4)

(2
The final Physical Al risk corpus is then
Dpar = {d,» € DL : I € K,y such that r a:} . (5)
This two-stage rule separates semantic inclusion in the Physical Al domain from risk-specific filtering.

The lexical override prevents highly specific terms such as humanoid, embodied Al, or CPS from being
lost when a short abstract produces a lower anchor similarity score.
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7 Corpus and Taxonomy Statistics

Record-level snapshot. The year-level statistics in this section are computed on a released local repro-
ducible snapshot of 23,191 Physical Al records (7,132 scholarly, 1,042 policy, and 15,017 patent), which
is the auditable slice available for direct recomputation. The full corpus totals are reported separately in
Table 3 as the integrated-source view.

Level distribution. Figure 3 summarizes how the 182 released L4 risk cards distribute across the taxon-
omy levels. System Safety (P2) holds 92 cards (50.5%), Interaction Safety (12) 60 (33.0%), and Societal
Safety (S2) 30 (16.5%). At L3, the largest families are Robot Control (46), Accidental Harm (22), and
Purposeful/Malicious Harm (17), followed by Lack of Robustness in Unseen Environments (13), Lack
of Accountability & Liability (13), and Human Interaction & Safety Protocol Failures (12). Societal
families are intentionally retained even when sparse because the taxonomy supports governance review
and future expansion, not only frequency-based clustering.

P3.2 Robot Control 46
P3.1 Accidental Harm
13.1 Purposeful / Malicious Harm

P3.5 Lack of Robustness in Unseen Environments

S3.6 Lack of Accountability & Liability

13.7 Human Interaction & Safety Protocol Failures
L2 categories

13.6 Dynamic Environmental Factors

P3.4 Software Vulnerabilities & Design Flaws
13.5 Misinformation

S3.1 Privacy Violations

13.3 Cybersecurity Threats

13.4 Sensor & Input Validation Failures

P2

0 10 20 30 0 50
L4 risks per L3 sub-category

Figure 3: Distribution of the 182 released L4 risk cards
Note: Main panel: top L3 sub-categories by L4 card count, colored by L2 domain (blue = System, green = Interaction, purple
= Societal). Inset: L2 category distribution (P2 System, I2 Interaction, S2 Societal).

8 Document-Space Embedding and Projection

The integrated Al document space in Figure 4 visualizes how Al, Al infrastructure, Physical Al and Phys-
ical Al risk evidence relate at the document level. Each document d is represented by the concatenation
of its title and abstract, x4 = title(d)||abstract(d), encoded with the BGE-M3 sentence embedder [47]

and Lo-normalized,
Ency ( xd)
24 = e lzall2 = 1 (6)
|[Ence(z4) 2" ’

so that inner products szzd/ equal cosine similarities. Because embedding every one of the 5.1 million
records in a single vector space is limited by available compute, the figure embeds a 1% stratified random
sample drawn at the same rate from each source-family and category stratum of the full corpus under a
fixed seed. Applying one common rate to every stratum keeps the plotted point counts proportional to
the Table 3 populations, and the sample spans all years rather than a recent window.

The sampled embeddings are projected to two dimensions with uniform manifold approximation and
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1% stratified sample (all years)
Al other (31,318)

Al infrastructure (7,395)
Al (vision) (6,233)

Al (language) (1,408)
Physical Al (3,807)

Figure 4: Physical Al document space (1% stratified sample of the full corpus, all years)

Note: The figure embeds a 1% stratified random sample of the full integrated corpus, about 50,991 of 5,099,045 records, drawn
at the same rate from every source-family and category stratum so the plotted counts stay proportional to Table 3 across all
years. Text is embedded with BGE-M3 (title + abstract) and projected with UMAP (fixed seed 20260704). The Al records are
further split by title keywords into a vision group (6,233 points) and a broadly defined language group (1,408 points, covering
natural-language processing, large language and foundation models, and generative text work), with the remaining general Al
work (31,318 points) and Al infrastructure (7,395 points) forming a neutral backdrop. Al infrastructure is drawn in pure grey
and the general Al work in a very light grey, while the vision and language groups carry blue and green tints so the two can be
compared. Physical Al (3,807 points) and Physical Al risks (830 points) share one warm family, with Physical Al in coral and
the risk layer drawn on top in a deep crimson. Read against the two coloured groups, the risk points fall predominantly in and
around the vision region rather than the language region.
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projection (UMAP) [52]. UMAP first builds a weighted k-nearest-neighbor graph: for point ¢ with
neighbor j, the directed membership is

max (0, d(z;,zj) — Pz)) (7)

o

Pjji = €Xp <—

where d is the cosine distance, p; is the distance to i’s nearest neighbor, and o; is set so that > iPjli =
log, k. Directed memberships are symmetrized as p;; = pj; + p;|j — Pjji Pi|j- A low-dimensional layout
{y;} C R, with membership ¢;; = (1 + ally; — y;]/3°) 7", is optimized by minimizing the fuzzy-set
cross-entropy

c=>" [pij log = + (1 — pi;) log ”} ; ()

oy qij 1 —qij
J

which preserves local neighborhood structure while allowing globally distinct groups to separate. Points
are colored by dataset group and marked by document type; the sample index, embeddings, and 2D
coordinates are stored with the integrated dataset so that the figure is fully reproducible.

9 Risk Candidate Generation and Deduplication

The L4 generation stage transforms heterogeneous documents into semantically coherent risk candidates.
Documents are embedded using BGE-M3 from title and abstract fields [47]. Hierarchical density-based
spatial clustering of applications with noise (HDBSCAN) is applied to the embedding space to identify
clusters of semantically coherent risk evidence [53, 54]. Let £ = {ei}gl’l“‘ be the unit-normalized
document embeddings for the retained Physical Al risk corpus. The base semantic distance is cosine
distance:

5(i,7) =1 —¢; ej. )

For HDBSCAN, let ¢ (i) denote the core distance from point i to its k-th nearest neighbor. The mutual
reachability distance used to build the density hierarchy is

dmreach,k(iv ]) = max{ck(i), Ck(j)’ 5(i, ])} (10)

HDBSCAN constructs a minimum spanning tree over dpyyreach,k, condenses the resulting hierarchy by
minimum cluster size, and selects clusters with high persistence. The output is a partial assignment

h:Dpar — {1,...,M}U{-1}, (11)

where h(d;) = m means that document d; belongs to risk-evidence cluster C,,, and h(d;) = —1 de-
notes density noise. Noise points are not discarded automatically; they can later be recovered by direct
reference matching or expert review.

For each cluster C,,, class-based term frequency—inverse document frequency (c-TF-IDF) extracts rep-
resentative keyphrases, following the topic-representation logic of BERTopic [55]:

_ ft.Cm log |Dpat
’Cm| Zm/ ft,Cm/

The top-k keyphrases become raw risk labels. Candidate labels are retained only when they can be
grounded in an authoritative reference corpus or a direct citation link. The authoritative corpus in-
cludes Al risk-management standards, robotics safety standards, adversarial-Al knowledge bases, and
embodied-Al benchmarks [37, 48, 49, 50, 51, 38, 2, 3]. This reference filter reduces noisy cluster labels
and ensures that each candidate is auditable. If a;, € A is an authoritative reference text and ¢,,, is the
raw cluster label, the semantic grounding score is

¢TFIDF(t, C)p,) (12)

gm = max simos (Ency(4r, ), Ency(ay)) - (13)

apEe
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The retained candidate set is

Co ={cm : gm > Trer V directCitation(c,,) = 1}. (14)

The reference-filtered candidates are then embedded again using label and definition text. For each
¢; € Cy, define v; = Ency(label(c;)||definition(c;)) and normalize v; to unit length. Pairwise cosine
similarity is

Sik=v]vp,  j#k (15)

Deduplication is a constrained agglomerative merge over candidate nodes. At iteration ¢, choose

(% k") = argl}l;gsjk- (16)

If Sjspx > Tmerge = 0.94, the two candidates are replaced by a canonical node
cj* < merge(cjx, cpx) = (richerDeﬁnition, evidence;~ U evidencey«, refs;« U refsk*), 7

and cg+ is removed. The affected similarity row and column are recomputed from the updated label-
definition text. The algorithm stops when max ;. Sj; < 0.94. The threshold is treated as an empirical
distribution cut point: lower values collapse distinct risk types, while higher values leave near-duplicate
cards.

Algorithm 1. Risk Candidate Generation and Deduplication Pipeline

1. Input: Tri-domain Physical Al risk corpus Dpay, with |Dpaj| = 82,971 records (50,375 schol-
arly records, 938 policy/report records, and 31,658 patents); BGE-M3 encoder Ency [47]; and
an authoritative reference corpus A containing standards, risk frameworks, benchmarks, and
high-quality papers [37, 48, 49, 38, 2].

2. Normalize records: Retain source identifier, title, abstract, year, DOI or URL, source family,
and retrieval provenance. Remove exact duplicate records using DOI where available, otherwise
title—URL keys.

3. Embed documents: For each d; € Dpaj, compute e4, < Ency(title(d;)||abstract(d;)). Empty
abstracts are represented by title-only text and flagged in the metadata.

4. Cluster:  Apply HDBSCAN to {es,} and obtain semantically coherent clusters
{C4,...,Cur} [53, 54]. Treat noise points as unassigned evidence unless later recovered by
direct reference matching.

5. Extract keyphrases: For each C,,, compute c-TF-IDF and extract the top-k terms as the raw
risk label £, [55].

6. Reference filter: Retain ¢, if an authoritative source a € A satisfies simeos(€y,,, €4) = Tref, OF
if a direct citation link exists. The retained raw candidate set is Cy, with |Cy| = 812. Store the
matched reference, similarity score or citation link, and a short evidence sentence.

7. Embed candidates: For each candidate c; e Cy, compute €c; —
Ency(label(c;)||definition(c;)).

8. Pairwise similarity: Compute Sj = simeos(ec;, €, ) for all j # k.

9. Iterative merging: While there exists a pair (7, k) such that Sj;, > Tinerge = 0.94, select the
highest-similarity pair, merge it into a canonical node by unioning evidence and retaining the
richer definition, remove the redundant node, and update the affected row and column of S.
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10. Human audit: Review high-similarity non-merged pairs, low-reference candidates, and can-
didates whose evidence does not support the proposed risk definition. Remove unsupported
candidates or rewrite definitions before release.

11. Output and checks: Export 182 unique L4 risk cards. Verify stable IDs, no duplicate
DOI/title/URL references within a card, at most five references per card, and a non-empty bilin-
gual definition and evidence justification for each released card.

10 Card Schema and Identifier Assignment

Each retained L4 risk is converted into a card with a stable identifier and a structured schema. The iden-
tifier prefix records the primary evidence layer: PHYSRISK for standards/frameworks, PHYSBENCH for
benchmarks, PHYSKR for Korean policy evidence, and PHYSCONN for connectivity or telecom-infrastructure
risks. The standards/framework layer is anchored in Al risk-management, robot safety, functional safety,
controllability, and adversarial-Al references [37, 48, 49, 50, 51, 38]. The benchmark layer includes em-
bodied semantic-safety and physical-safety benchmark work [2, 3]. The current release contains 55
PHYSRISK, 113 PHYSBENCH, 5 PHYSKR, and 9 PHYSCONN cards.

The required card fields are: L4 identifier, Korean and English label, Korean and English risk definition,
L2/L3 hierarchy, severity proxy, probability proxy, evidence justification, reference title/link, and 3H1R
alignment tags. The 3H1R tags extend helpful-honest-harmless alignment concepts and constitutional
and role consistency ideas to Physical Al settings [14, 15, 2]. Reference curation follows a maximum
of five references per card, with duplicate DOI/title/URL exclusion and card-specific evidence justifica-
tions.

New-card admission follows a stricter governance rule for final taxonomy expansion. A newly proposed
L4 card is admitted only when three conditions are jointly satisfied: (i) it has at least three independent
references or evidence sources after duplicate DOI/title/URL removal; (ii) its semantic similarity to ex-
isting cards remains below the merge threshold Tinerge = 0.94; and (iii) it can be assigned to a valid L2
category without violating the L2 responsibility-boundary definition. This rule separates initial candi-
date discovery, where one authoritative reference is sufficient to retain a raw candidate for review, from
final taxonomy expansion, where stronger independent support is required.

11 Hierarchical Assignment to L3 Families

The L3 hierarchy can be assigned in two modes. In the current release, 24 L3 seed descriptions are de-
fined before L4 placement. For each new L4 card, the label and definition are embedded and compared
against L3 anchors; the card is assigned to the nearest L3 family, with expert review for close or seman-
tically ambiguous cases. If no L3 seed hierarchy exists, L4 cards can be clustered first and candidate L3
families can be induced when three or more coherent L4 cards form a stable family. This reflects the
same hybrid principle used in prior Al-risk taxonomy synthesis, where expert taxonomic structure and
evidence-derived candidate groups are reconciled rather than treated as substitutes [5, 6].

Algorithm 2 formalizes the iterative assignment process as an expectation—-maximization (EM)-style
procedure [56, 57].% Let R = {r;} 122 denote the released L4 risks and let K = 24 be the number of L3

“The assignment is the classical Expectation-Maximization algorithm [56] specialized to unit-norm (cosine) document
representations, i.e. spherical k-means / concept decomposition [57]: the E-step assigns each L4 card to its nearest L3 centroid,
and the M-step recomputes and renormalizes each centroid to the unit sphere.
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Figure 5: Example L4 risk-card rendering in the released taxonomy interface.

Note: The screenshot shows how a released L4 card combines a stable identifier, bilingual risk label and definition, evidence
justification, references, severity and probability proxies, and 3HIR Primary/Secondary tags. The image documents the ren-
dered card schema in the release interface.
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seed families. Each L4 risk is represented by a unit vector

Ency(label(r;)||definition(r;)||evidenceKeywords(r;))

i = P . . 18
4 ||Ency (label(r;)||definition(r; ) ||evidenceKeywords(r;)) |2 (18)

Each L3 family is represented by a unit centroid zx. The latent assignment variable z; € {1,..., K}
indicates the L3 family of r;. The assignment objective is spherical k-means style maximization of
within-family cosine similarity:

182
-
max Y; Mz St =1 Vk. (19
{Zi},{“k};:l It |2k |2 )

The E-step assigns each risk to the nearest L3 centroid in cosine space:

Zz(t+1)

- Tul® 20
argke{mﬁffK}yz - (20)

The M-step updates each centroid as the normalized mean of assigned L4 vectors:

(t+1) Zi:z§t+1):k Yi
i,

: @1

"Zi:25t+1>:k Yill,
with the seed centroid retained when a family receives no assigned L4 risk. Expert review is retained
as a final correction layer because some Physical Al risks are semantically close but operationally dis-
tinct. This human correction step is a governance constraint that prevents semantically plausible but
operationally invalid assignments.

Algorithm 2. EM-Based L3 Family Assignment

1. Input: L4 embeddings {e,, }}%% and L3 seed descriptions {dj }2_,, with K = 24 in the current
release.

2. Prepare L4 text: For each risk r;, concatenate the bilingual label, compressed English defini-
tion, Korean definition, and evidence keywords. Normalize whitespace and keep the stable L4
identifier as the row key.

3. Initialize: Set MI(CO) < Ency(dy) for k = 1,..., K, normalize centroids to the unit sphere, and

sett + 0.
(t+1)

4. E-step: Assign z; < arg maxj, Simeos €y, , u,(:)) for all L4 cards 1.

5. M-step: Update each centroid ul(fﬂ) as the normalized mean of the embeddings assigned to
family k. If a family becomes empty, retain its seed centroid and flag the family for expert
review.

6. Convergence check: If z(+1) = () stop; otherwise set ¢ < ¢ + 1 and repeat the E-step.

7. Expert review: Human reviewers inspect assignments deviating from domain expectations,
especially cards with close first- and second-choice L3 similarities, sparse L3 families, or L3
definitions that no longer match their assigned L4 risks.

8. Coverage constraint: Ensure every L3 family retains at least one L4 risk. When a family is
empty, reassign the nearest semantically valid L4 risk only after checking that the L3 definition
and L4 risk definition are substantively compatible.

182

9. Output and checks: Export final L3 assignments { z; },°1, update L2/L3 counts, and verify that
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the released HTML, CSV, JSON, and reference-map artifacts report the same hierarchy.

12 Released Hierarchy

The released hierarchy has three L2 categories and 24 L3 sub-categories. Table 6 summarizes the L2
distribution.

Table 6: L2 distribution of L4 risk cards

L2 category L4 cards Share
P2 System Safety 92 50.5%
12 Interaction Safety 60 33.0%
S2 Societal Safety 30 16.5%
Total 182 100.0%

The largest L3 family is Robot Control with 45 cards, followed by Accidental Harm with 22 cards and
Purposeful/Malicious Harm with 17 cards. Societal categories are intentionally retained even when
sparse because the taxonomy is designed to support governance review and future expansion, not only
frequency-based clustering.

13 Validation and Quality Controls

Quality controls operate at three levels. At the corpus level, the pipeline filters candidate records through
Physical Al anchors, explicit lexical markers, and risk/safety/security terms. At the candidate level, se-
mantic duplicates are merged with a conservative threshold, and candidate cards require authoritative
references. At the released-card level, the export script verifies card counts, L.3/L2 distributions, refer-
ence rows, linked references, maximum reference count per card, and evidence/reference mismatches.
These controls are intended to preserve the traceability emphasized by Al risk-management frameworks
and structured Al risk repositories [37, 48, 5].

The final HTML export currently reports 182 L4 cards, 360 evidence/reference rows, and no card ex-
ceeding the five-reference cap. Eight cards contain a mismatch between the number of evidence clauses
and the number of linked reference rows (a distinct metric from the seven unlinked evidence rows in
Table 15). These mismatches are reported rather than corrected, since they reflect the current HTML
state.

14 Sensitivity Analysis

We test whether the two data-driven stages of the pipeline, density-based candidate clustering and the L3
family assignment, remain stable under changes to their hyperparameters and under perturbation of the
inputs.

Embedding and clustering hyperparameters

The candidate-generation pipeline is governed by a small, fixed set of hyperparameters, all recorded with
a single random seed (20260704) for reproducibility. The BGE-M3 encoder [47] is run in dense mode,
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producing a 1024-dimensional vector per document; inputs are the concatenated title and abstract trun-
cated to 1,200 characters, encoded with a maximum sequence length of 256 tokens, batch size 32, and
Ly normalization so that inner products equal cosine similarities. For density-based clustering the em-
beddings are first reduced with UMAP [52] configured as n_neighbors = 30, min_dist = 0.0, ten output
components, and cosine metric, a standard configuration for downstream clustering. HDBSCAN [53, 54]
is then applied with min_cluster size = 15, min_samples = 5, Euclidean metric on the reduced space
(equivalent to cosine on the normalized inputs), and excess-of-mass (eom) cluster selection. Downstream
thresholds are the reference-grounding cut 7 and the deduplication merge threshold Tyerge = 0.94.

Clustering robustness

Because density-based clustering can be sensitive to its settings, the configuration was stress-tested
on a reproducible sample of 4,000 Physical Al risk documents (drawn across papers, policy reports,
and patents under the fixed seed). The two HDBSCAN knobs were swept over min_cluster size €
{8,10,15,20,30} and min_samples € {1,5,10}, and the UMAP neighborhood over n_neighbors €
{15, 30, 50, 80}; each configuration is compared to the baseline partition by the Adjusted Rand Index
(ARI). Table 7 reports the results. The macro-structure is stable for the neighborhood of settings around
the baseline. Holding min_samples = 5, varying min_cluster_size from 8 to 20 keeps ARI in the
0.86—0.95 range, and the cluster count moves smoothly (58 to 36) without fragmenting or collapsing.
Sensitivity is concentrated in min_samples = 1 (which admits many small, low-density clusters, ARI
= 0.43-0.55) and in large UMAP neighborhoods that over-smooth local density. Because this stage only
proposes L4 candidates, which are later filtered against the authoritative reference corpus, deduplicated
at Timerge, and confirmed by human audit, the released 182-card taxonomy does not depend on any single
clustering resolution.

Convergence and stability of the L3 assignment

The EM-style assignment of Algorithm 2 was validated by a convergence and stability simulation on the
released 182 L4 cards, embedded from their label and definition text with BGE-M3 under a fixed seed.
Three checks are reported in Figure 6, and they ask, in turn, whether the procedure terminates, whether its
output agrees with the geometry of the embedding space, and whether that output survives small pertur-
bations of the input. First, the spherical k-means and expectation-maximization iteration reaches a fixed
point in seven steps, with the within-family cosine objective increasing monotonically and the number
of reassigned cards falling to zero, the termination behaviour that alternating-optimization assignment
of this kind is expected to show [57, 56]. Second, the released partition is internally consistent with the
embedding space, which we measure through top-k containment, the fraction of cards whose released
L3 family lies among their k nearest family centroids. The released L3 is the single nearest family for
89.6% of cards, within the top two for 98.9%, within the top three for 99.5%, and within the top five for
all cards, so the assignment reaches the 90%, 95%, and 97% levels once a one-to-two-rank tolerance is
allowed, consistent with the expert-review step reconciling the small fraction of adjacent-family cases.
A label-permutation test corroborates that the grouping is not an artefact of chance, since the observed
mean within-family cohesion of 0.811, a silhouette-style summary of how tightly cards sit within their
assigned family [58], exceeds the cohesion of random partitions of identical family sizes (0.788) with
p < 0.001 over 5,000 permutations. Third, the assignment is robust to embedding perturbation, follow-
ing the logic of stability-based cluster validation, under which a trustworthy partition should persist when
the data are slightly perturbed [59]. Adding isotropic Gaussian noise of standard deviation o to the card
embeddings and reassigning, agreement with the unperturbed assignment stays at or above 97% up to
o ~ 0.05 and above 90% up to o ~ 0.075, a noise scale that already exceeds the representational jitter
expected from paraphrase-level text changes.

Post-audit reassignment sensitivity. A subsequent full wording and boundary audit revised 84 L4 labels

21



Physical Al Risk Taxonomy Technical Report

Table 7: HDBSCAN and UMAP hyperparameter robustness (4,000-document risk sample)

Configuration Clusters Noise ARI vs base

HDBSCAN sweep (UMAP n_neighbors=30)

mcs=8, ms=1 109 0.28 043
mcs=8, ms=5 58 0.30 0.86
mcs=8, ms=10 46 0.39 0.65
mcs=10, ms=1 85 0.28 0.47
mcs=10, ms=5 54 0.32 0.85
mcs=10, ms=10 44 0.39 0.65
mcs=15, ms=1 48 0.22 0.54
mcs=15, ms=5 41 0.31 1.00
mcs=15, ms=10 38 0.37 0.70
mcs=20, ms=1 42 0.22 0.55
mcs=20, ms=5 36 0.32 0.95
mcs=20, ms=10 33 0.36 0.71
mcs=30, ms=1 31 0.24 0.55
mcs=30, ms=5 27 0.27 0.69
mcs=30, ms=10 25 0.37 0.63
UMAP sweep (HDBSCAN mcs=15, ms=35)
n_neighbors=15 44 0.27 0.44
n_neighbors=30 41 0.31 1.00
n_neighbors=50 34 0.35 0.55
n_neighbors=80 34 0.37 0.52

Note: Each row perturbs one knob relative to the baseline (UMAP n_neighbors = 30; HDBSCAN min_cluster size = 15,
min_samples = 5), which by definition has ARI=1.00. Clusters excludes the noise class; Noise is the fraction of documents
left unassigned; ARI is the Adjusted Rand Index against the baseline partition on the identical 4,000-document sample. Higher
ARI means more agreement with the baseline cluster structure. Here mcs and ms abbreviate the HDBSCAN hyperparameters
min_cluster_size and min_samples.
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or definitions and tested five candidate moves with constrained spherical EM. The sensitivity design
crossed three locally available embedding models (BGE-M3, mxbai-embed-large, and nomic-embed-
text), bilingual and English-only card text, and L3 seed weights w € {1, 3,5, 10}, for 24 conditions. Each
candidate comparison used 1,000 bootstrap replicates, and every admissible assignment was required to
retain at least one L4 risk in each of the 24 L3 families. A move was released only when the same target
was selected in at least 80% of the sensitivity conditions. This rule moved PHYSBENCH-REF-0065
from 13.7 to P3.2 (20/24 conditions) and PHYSBENCH-REF-0107 from 13.6 to S3.6 (23/24). The other
three candidates retained their released assignments. Holding revised wording fixed, the two moves
increased mean micro assignment margin from 0.025601 to 0.026731 (+4.41%), reduced the negative-
margin fraction from 0.246566 to 0.234203 (-5.01%), and increased leave-one-out micro cohesion from
0.780581 to 0.781258. The absolute cohesion change is small because only two of 182 risks moved.
These statistics assess internal semantic consistency rather than external validity.

(A) EM convergence (B) Top-k containment of the released L3 (C) Assignment stability under perturbation
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Figure 6: Convergence and stability of the 182-card L3 assignment

Note: (A) The EM iteration converges in seven steps: the within-family mean cosine (objective) rises monotonically while the
number of reassigned cards (bars) drops to zero. (B) Top-k containment: fraction of cards whose released L3 family is among
the k nearest family centroids (top-1 89.6%, top-2 98.9%, top-3 99.5%, top-5 100%); dashed lines mark the 90/95/97% levels.
(C) Stability under Gaussian embedding perturbation of standard deviation o (mean and 95% band over 200 perturbations per
0); agreement with the unperturbed assignment stays >97% to o = 0.05. All panels use BGE-M3 embeddings of the released
182 cards under fixed seed 20260704.

15 3HIR Alignment Framework and Taxonomy Design Principles

The taxonomy uses 3HIR as an alignment-diagnosis framework for identifying which alignment value
fails in a Physical Al risk. The framework has two roles. First, it defines a value axis for coding each
risk in terms of Harmless, Helpful, Honest, and Role Consistency failures. Second, it provides design
rules for accumulating those judgments into a reproducible risk taxonomy. The sequence used in this
report is: conceptual definition, Physical Al operationalization, structural relations, notation rules, and
taxonomy design principles.

15.1 Conceptual Definitions

The 3H dimensions are adapted from the helpful-honest-harmless framing of language-model align-
ment [14]. Role Consistency is added from constitutional-Al and embodied-agent constraint work, where
role, authority, and behavioral principles must remain stable under changing contexts [15, 2, 3]. In this
report, the four dimensions carry the following conceptual definitions. Harmless (H1) means that sys-
tem behavior or output should not cause harm to individuals, groups, or society, covering both direct
harm and indirect harm such as enabling a dangerous action, and it stands in structural tension with Help-
ful. Helpful (H2) means assistance aligned with the user’s real intent and context, judged by practical
benefit rather than mere instruction following, so that excessive refusal also counts as a helpfulness fail-
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ure. Honest (H3) means an accurate representation of facts, uncertainty, and intent without deception
or manipulation, which in Physical Al centers on whether the system truthfully reports its perception,
uncertainty, capability, and state. Role Consistency (RC) means preserving the system’s defined role,
authority boundary, and behavioral principles across changing contexts, with persona drift, context vio-
lation, jailbreak acceptance, and role-boundary failure as the core failure modes. Table 8 then translates
each dimension into observable Physical Al failure patterns.

15.2 Operationalization for Physical AI

Because 3HIR originated as a language-output alignment frame, this report translates each dimension
into physical-world behavior, constraints, and system state. The diagnostic question asks how the value
should be interpreted in physical space, while the operational definition states what observable failure
pattern is coded.

Table 8: 3H1R operationalization for Physical Al

Dimension Original LLM definition =~ Diagnostic question for Physical  Operational definition in Physical
Al Al
H1 Harmless Avoid harmful content Can this risk directly cause physi- Physical injury, property damage,
generation cal harm? environmental harm, or violation
of explicit safety constraints such
as speed, force, or separation dis-
tance.
H2 Helpful Provide information Does this risk reflect a trade- Failure to balance task comple-
aligned with user intent off failure between task capability  tion and safety requirements, in-
and safety requirements? cluding over-sacrificing capabil-
ity or over-prioritizing comple-
tion while ignoring safety.
H3 Honest Truthfulness and uncer- Does the system misperceive the = Misrecognition of world state,

tainty awareness

Preserve role and value
principles

RC Role Consis-
tency

world, understate uncertainty, or
misrepresent its own capability or
state?

Does the system fail to preserve
role, authority, and safety princi-
ples under adversarial inputs or
edge cases?

under-reporting or under-
estimation of uncertainty, or
over-representation of system
capability and state.

Departure from role or authority
boundaries, jailbreak acceptance,
or collapse of operational proto-
col and constitutional constraints.

Harmless and Role Consistency are separated analytically. RC refers to the violation of normative or
authority boundaries itself, such as deviation from an operating protocol. Harmless refers to the phys-
ical harm that may follow from that violation. When both appear in the same causal chain, the Pri-
mary/Secondary distinction is used to express causal proximity.

Primary and Secondary tags are assigned by causal proximity rather than by outcome severity. If a
risk definition describes a dimension as the direct mechanism of failure, the dimension is Primary. If it
becomes involved as the failure unfolds, the dimension is Secondary. The default rule is one Primary
tag. Two Primary tags are allowed for explicit tradeoffs or causal branching. Three Primary tags are
permitted only as documented exceptions.

15.3 Structural Relations
3HIR is not a list of independent labels. It is a two-axis mapping: the taxonomy axis identifies what

type of risk failed, while the alignment-value axis identifies which value was violated. A risk occupies
one location in the taxonomy axis but may carry multiple non-exclusive alignment-value tags.
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Figure 7: Pairwise structural relations among H1 Harmless, H2 Helpful, H3 Honest, and Role Consis-
tency.

Note: Solid paths represent the H1-H2 tradeoff and H3 calibration relations. Dashed paths represent Role Consistency as
a context-invariant constraint across role, authority, and safety principles. The multiplier effect of RC failure is treated as a
boundary condition rather than as a separate taxonomy class.

Table 9: Structural relations among 3H1R dimensions

Relation

Scholarly term

Coding implication

H1 Harmless <+ H2 Helpful

H3 Honest — H1 Harmless

H3 Honest — H2 Helpful

RC Role — H1/H2/H3

RC x H1/H2/H3

Tradeoff / safety—utility tension

Uncertainty calibration

Capability calibration

Context-invariant constraint

Multiplier / constraint-failure am-
plification

Strengthening safety can increase over-refusal,
while pushing usefulness can increase safety-
constraint violation.

Greater uncertainty about world state, sensor reli-
ability, or self-capability should make safety judg-
ment more conservative.

The system must represent what it can and cannot
do in order to tune task intensity and refusal level.
Role, authority, and safety principles must not be
relaxed or omitted when prompts, users, environ-
ments, or task contexts change.

If RC collapses, the admissible range of H1, H2,
and H3 judgments shifts simultaneously, amplify-
ing other alignment failures.
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For example, if a robot knocks over an equipment rack, the risk is not coded solely as Harmless by
observing the outcome. The mechanism is decomposed: perceptual error is an Honest failure, failure
of braking or avoidance is a Harmless failure, and departure from an operating constraint is a Role
Consistency failure. The Primary tag is assigned to the mechanism most causally proximate to the risk
definition; the remaining dimensions are Secondary when they participate downstream.

15.4 Notation Rules Across Taxonomy Levels

3HI1R notation has different purposes at different levels of the taxonomy. L4 risk cards require precise
mechanism-level judgment and therefore show both Primary and Secondary tags. L3 sub-categories
summarize which Primary alignment failure is most representative among their lower-level risks. L2
categories do not display 3HIR representative icons; their alignment profile is read from the L3 rows
below them.

Table 10: Notation rules across taxonomy levels

Layer

Purpose

Notation rule

L4 Risk Cards

L3 Sub-categories

Code the direct cause and derivative align-
ment dimensions of a specific risk.

Summarize which Primary alignment fail-
ures are most representative of the L4 risks

Display axis and grade, e.g., Hl Harm-
less[P] and H3 Honest[S].

Display one or two representative Primary
icons only. Do not show Secondary, counts,

in that sub-category. or ratios.
L2 Categories Show domain-level category and number Do not show 3HIR representative icons at
of lower L3 sub-categories. L2.

For L4 notation, dimensions are always displayed in the fixed order H1 Harmless, H2 Helpful, H3 Hon-
est, and RC Role Consistency. This order is not a priority ranking; priority is expressed only by the
Primary/Secondary grade. For L3 representative icons, if the most frequent Primary axis accounts for at
least 60% of the L4 risks, a single representative icon is used. If the leading axis is below 60% and the
second axis is at least 25%, two icons are shown. If three or more axes each account for at least 20%,
the L3 is marked as Mixed.

15.5 Taxonomy Design Principles

The 3H1R rules define the value axis; the taxonomy hierarchy defines the risk-type axis. The design com-
bines both axes. Each risk has a single location in the LO-L4 taxonomy and a 3H1R Primary/Secondary
value profile.

Table 11: Taxonomy design principles

Principle Implementation

Hierarchy The taxonomy is organized as LO Ownership Levels, L1 Physical Al Risks, L2 Cate-
gories, L3 Sub-categories, and L4 Risk Cards.

Categorization The taxonomy aims for practical coverage and mutual exclusivity. Boundary cases are

documented, with reassignment decisions and history recorded.

Each L4 card represents one identifiable failure mode and contains operational defini-
tion, evidence links, severity and probability proxies, 3H1R causal-proximity tags, and
hierarchy location.

Duplicate source registration is controlled, low-relevance references are removed, and
reassignment history is preserved so that the same evidence and coding rules produce
the same classification.

Risk-card schema

Governance and reproducibility
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16 Harmless—Helpful Trade-off for Physical AI Actions

For a physically embodied agent, the 3HIR Harmless and Helpful dimensions are coupled: acting faster
and with less deliberation raises task efficiency but erodes the caution margin that keeps an action harm-
less [15]. We cast this as a two-axis operating space for humanoid and other Physical Al actions (Fig-
ure 8), using established formalisms from quantitative risk analysis, embodied-agent evaluation, and safe
control for each axis.

H1 and H2 Tradeoff - Physical Al Actions

H1: Safety

Safe - Inefficient

(st H| 285
Safe

Low operational value

Unsafe - Inefficient

(FIFstn HIZER)

Unsafe

Worst on both axes

Inefficient

Efficient - Safe

(E8H0|1 otFsh

Desired region

Efficient - Unsafe

(EEH0ILt ?I2i3h

Highest physical-harm risk

Efficient

H2: Task Efficiency (! time, | energy)

Figure 8: Harmless—helpful trade-off for Physical Al actions
Note: The vertical axis is harmlessness (safety); the horizontal axis is task efficiency, i.e. helpfulness operationalized as low time
and energy given task completion. Shading encodes desirability rather than color semantics: white is the desired Safe - Efficient
region, the two light-gray cells are single-axis compromises, and the darker Unsafe - Inefficient cell is worst on both axes. The
Unsafe - Efficient cell is the alignment-critical one: its danger comes from capability, not incompetence.

Axis 1: harmlessness

We quantify harm with the standard set-of-triplets definition of risk, in which risk is the expected conse-
quence aggregated over hazard scenarios [60]. For an action a € 4 executing task 7 with hazard events
{ex} of severity s(ex) > 0,
Harm(a) =E|>  s(ex) {ex | a} |, (22)
k

and, following the hazardous-event severity framing of the automotive safety-of-the-intended-functionality
standard [19], the safety margin against an admissible-harm budget Ay is g(a) = hmax — Harm(a); a
is Safe when g(a) > 0. This is the vertical axis of Figure 8.

Axis 2: task efficiency as helpfulness

Helpfulness for a physical agent is how economically a completed task consumes time and energy, which
we read through two established Physical-Al measures. Energetic economy of locomotion is the dimen-
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sionless cost of transport [61],
E
CoT = ——, (23)
mgd
the energy E per unit weight mg and travelled distance d; lower is better. Task-and-navigation perfor-
mance is measured by success-weighted path length [62],

1 & o
SPL = — e, 24
N ZS max ((;, £F) @4

where \S; indicates success on episode 7 and ¢;, £ are the achieved and shortest path lengths; the success
gate S; removes the degenerate “do nothing” optimum and can be extended from path length to time or
energy. Efficiency, measured as low CoT and high SPL and optionally normalized to a skilled-human
baseline for anthropomorphic platforms, is the horizontal axis of Figure 8. Thresholding the two axes
gives the figure’s four quadrants; the alignment-critical cell is Unsafe - Efficient, where a highly capable
action attains the task while breaching the harm budget.

Trade-off as constrained optimization

A pure efficiency objective drives behavior toward the Unsafe - Efficient cell, because relaxing caution
lowers cost. Alignment therefore treats harmlessness as a constraint rather than a competing reward, the
constrained-Markov-decision-process view [23] that underlies safe reinforcement learning for physically
interacting systems [21]:

7* = arg max Eﬂ[zt rfff} s.t. Eﬂ[zt Harmt} <d, (25)
s
where r*f rewards efficiency and cumulative harm is capped by the budget d. The unconstrained effi-

ciency optimum may lie in the unsafe region; enforcing the harm constraint projects 7* onto the feasible
safe set and lands the constrained optimum in the Safe - Efficient cell [21].

This is where the taxonomy re-enters. The two Unsafe rows of Figure 8 are populated by the released L4
risk cards, and each card’s 3H1R tags identify which alignment value the corresponding failure violates.
The matrix explains why an efficiency-shaped training or operational objective, the default for humanoid
platforms, systematically pressures behavior toward the highest-harm quadrant unless an explicit harm-
lessness constraint is enforced. The L4 catalogue is the evidence base from which that constraint (the
admissible-harm set) is instantiated.

17 Reproducibility Artifacts

The public taxonomy is maintained as a single HTML page with a versioned copy, and is exported by a
release script into machine-readable card, reference, and summary files together with the curation and
audit scripts and the documented 3H1R Primary-axis exception list. A reproducible rerun follows this
order. First, verify the source-retrieval artifacts reproduced in the appendices: the PATSTAT SQL and the
Web of Science query. Second, reconstruct or verify the local working snapshot and confirm its source-
family and category denominators against Table 3. Third, apply Algorithm 1 to generate and deduplicate
L4 candidates, preserving all source identifiers and reference links. Fourth, apply Algorithm 2 to assign
the resulting L4 risks to the 24 L3 families and record any human corrections as audit metadata. Fifth,
export the final HTML into the machine-readable card, reference, and summary files. Finally, compare
the exported counts against Table 15 and verify that no L4 card violates the five-reference cap or loses
its bilingual definition, evidence justification, or hierarchy assignment.
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18 Limitations and Open Problems

This release is a draft, and several of its commitments are motivated rather than yet demonstrated. We
state the main limitations plainly.

1. The added Role Consistency axis is not yet empirically validated. RC is theoretically motivated
as the embodied analogue of obedience and authority, but we have not shown that annotators apply
it reliably or that it captures variance not already covered by Harmlessness. Whether RC is a distinct
axis or a correlated sub-case of H1 is an open question requiring a labeling study with inter-annotator
agreement measured on RC specifically.

2. 3H1R coverage is asserted, not measured. We claim the four axes span the alignment-relevant
failure surface for embodied action, but offer no completeness argument; some cards, emergent multi-
agent or environmental-structural risks in particular, sit awkwardly on a per-action value scheme [22].

3. Severity and probability are proxies, not measurements. The per-card estimates are expert-assigned
ordinal judgments in the quantitative-risk tradition [60] without incident-frequency data behind them.
They should be read as a triage ranking, not calibrated risk, and are the weakest input to any down-
stream prioritization.

4. Corpus and source bias. The evidence base draws on published papers in Web of Science, policy
reports, and PATSTAT patents, retrieved with multilingual queries rather than English alone. The
residual bias is therefore one of source type rather than language. Failure modes that live mainly
in operational logs, incident databases, or gray literature remain under-represented relative to peer-
reviewed and patented work, and the patent channel over-weights commercially patentable failures.

5. The expert L3 partition is only partially reproducible from embeddings. Top-1 embedding as-
signment recovers about three-quarters of the human L3 structure (see the Sensitivity Analysis); the
remaining quarter depends on expert judgment the pipeline does not reconstruct, which bounds how
“bottom-up” the hierarchy can honestly be called. The current partition was defined by internal do-
main experts, and independent consultation with external experts is still needed to confirm the L3
families and their boundaries.

6. The 182 cards are a snapshot, not an exhaustive enumeration. The catalogue reflects the corpus
and expert pool at one point in time. Physical Al capability moves faster than the taxonomy can be
re-mined, and we have not yet committed to an update cadence or versioning discipline.

7. The Harmless—Helpful account is a conceptual model, not a fitted controller. We argue why
efficiency pressure produces the high-harm quadrant, but do not fit a constrained-MDP controller to
embodied data or estimate the multipliers empirically; the claim is a directional, theory-level predic-
tion [23, 21].

8. Limited annotation validation. Card definitions and 3H1R tags rest on a small annotator pool with
limited inter-rater reliability reporting; the multi-rater study needed to separate genuine signal from
individual judgment, especially for the new RC axis and borderline severity calls, remains to be done.

19 Conclusion

The Physical Al Risk Taxonomy construction process uses a hybrid method: authoritative upper-level
structure, corpus-driven L4 candidate discovery, semantic deduplication, EM-style hierarchy assignment,
and human review. The resulting release provides a 182-card L4 risk taxonomy that is both empirically
grounded in a large multi-source corpus and operationally usable as a governance, evaluation, and bench-
marking reference for Physical Al systems.
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A PATSTAT AI Patent Retrieval SQL

Listing 1 reproduces the PATSTAT SQL used to retrieve the Al patent corpus before applying the Physical
Al and risk filters. The listing below is imported verbatim from the preserved source query so that the
SQL text remains unchanged.

1 SELECT DISTINCT

> a.appln_id app_id,

3 a.appln_auth patent_office,

4 a.appln_nr app_num,

5 a.earliest_filing_year priority_year,

¢ t.appln_title title,

7 b0.appln_abstract abstract,

s a.docdb_family_size family_size,

9 a.granted granted,

10 CAST(NULL AS INTEGER) ipc_count,

11 CAST(NULL AS INTEGER) cpc_count,

12 CAST(NULL AS VARCHAR(4000)) applicant_info,

13 CAST(NULL AS VARCHAR(4000)) applicant_std_name_ids,
14 CAST(NULL AS VARCHAR(4000)) applicant_sectors,

15 CAST(NULL AS VARCHAR(4000)) applicant_ctry_codes,
16 CAST(NULL AS VARCHAR(4000)) inventor_info,

17 CAST(NULL AS VARCHAR(4000)) inventor_sectors,

15 CAST(NULL AS VARCHAR(4000)) inventor_ctry_codes,
19 CAST(NULL AS VARCHAR(4000)) all_ipc_codes,

20 CASE WHEN (

21 EXISTS(SELECT 1 FROM tls209_appln_ipc i WHERE i.appln_id=a.appln_id AND(

22 i.ipc_class_symbol LIKE 'GO6N%'OR i.ipc_class_symbol LIKE 'GO6V%'OR i.ipc_class_symbol LIKE 'GO6F 18/%'

23 OR i.ipc_class_symbol LIKE 'GO6F 40/%'OR i.ipc_class_symbol LIKE 'G10L 13/%'OR i.ipc_class_symbol LIKE
GIlOL 15/%'

24 OR i.ipc_class_symbol LIKE 'G1OL 17/%'OR i.ipc_class_symbol LIKE 'G1OL 25/%'))

25 OR EXISTS(SELECT 1 FROM tls224_appln_cpc ¢ WHERE c.appln_id=a.appln_id AND(

26 c.cpc_class_symbol LIKE 'GO6N%'OR c.cpc_class_symbol LIKE 'GO6V%'OR c.cpc_class_symbol LIKE 'GO6F 18/%'

27 OR c.cpc_class_symbol LIKE 'GO6F 40/%'OR c.cpc_class_symbol LIKE 'G10L 13/%'OR c.cpc_class_symbol LIKE
GlOL 15/%'

28 OR c.cpc_class_symbol LIKE 'G1OL 17/%'OR c.cpc_class_symbol LIKE 'G1OL 25/%'OR c.cpc_class_symbol LIKE

Y105706%"))
20 ) THEN 1 ELSE 0 END has_ai_core_code
30 FROM tls201_appln a
31 LEFT JOIN tls202_appln_title t ON a.appln_id=t.appln_id
32 LEFT JOIN tls203_appln_abstr b0 ON a.appln_id=b0.appln_id
33 WHERE a.earliest_filing_year BETWEEN 1990 AND 1990 AND a.granted='Y' AND(
34 EXISTS(SELECT 1 FROM tls209_appln_ipc i WHERE i.appln_id=a.appln_id AND(

35 i.ipc_class_symbol LIKE 'GO6N%'OR i.ipc_class_symbol LIKE 'GO6V%'OR i.ipc_class_symbol LIKE 'GO6F 18/%'
36 OR i.ipc_class_symbol LIKE 'GO6F 40/%'OR i.ipc_class_symbol LIKE 'G1OL 13/%'OR i.ipc_class_symbol LIKE 'G10L
15/%"

37 OR i.ipc_class_symbol LIKE 'G1OL 17/%'OR i.ipc_class_symbol LIKE 'G10L 25/%'))

35 OR EXISTS(SELECT 1 FROM tls224_appln_cpc ¢ WHERE c.appln_id=a.appln_id AND(

39 c.cpc_class_symbol LIKE 'GO6N%'OR c.cpc_class_symbol LIKE 'GO6V%'OR c.cpc_class_symbol LIKE 'GO6F 18/%'

40 OR c.cpc_class_symbol LIKE 'GO6F 40/%'OR c.cpc_class_symbol LIKE 'G1OL 13/%'OR c.cpc_class_symbol LIKE 'G1OL

15/%"

41 OR c.cpc_class_symbol LIKE 'G1OL 17/%'OR c.cpc_class_symbol LIKE 'G1OL 25/%'OR c.cpc_class_symbol LIKE '
Y105706%'))

42 OR EXISTS(SELECT 1 FROM tls209_appln_ipc i WHERE i.appln_id=a.appln_id AND(

43 i.ipc_class_symbol LIKE 'A61B  5/00%'OR i.ipc_class_symbol LIKE 'A61B 34/00%'OR i.ipc_class_symbol LIKE '
A63F 13/67%'

44 OR i.ipc_class_symbol LIKE 'B23K 31/00%'OR i.ipc_class_symbol LIKE 'B25J%'OR i.ipc_class_symbol LIKE 'B29C
65/00%'

45 OR i.ipc_class_symbol LIKE 'B60W 30/%'OR i.ipc_class_symbol LIKE 'B60W 40/%'OR i.ipc_class_symbol LIKE 'B60W

50/%'O0R i.ipc_class_symbol LIKE 'B60W 60/%'

46 OR i.ipc_class_symbol LIKE 'B62D 15/02%'OR i.ipc_class_symbol LIKE 'B62D 57/032%'OR i.ipc_class_symbol LIKE
'B64C%'OR i.ipc_class_symbol LIKE 'B64G  1/24%'

47 OR i.ipc_class_symbol LIKE 'E21B 41/00%'OR i.ipc_class_symbol LIKE 'FO2D 41/14%'OR i.ipc_class_symbol LIKE '
FO3D  7/04%'OR i.ipc_class_symbol LIKE 'F16H 61/00%"

48 OR i.ipc_class_symbol LIKE 'GO1C 21/%'OR i.ipc_class_symbol LIKE 'GOIN 29/44%'OR i.ipc_class_symbol LIKE
GOIN 33/00%'OR i.ipc_class_symbol LIKE 'GOIR 31/2%'

49 OR i.ipc_class_symbol LIKE 'GO1R 31/3%'OR i.ipc_class_symbol LIKE 'GO1S  7/41%'OR i.ipc_class_symbol LIKE '
G01S 13/%'OR i.ipc_class_symbol LIKE 'GO1S 17/%'

50 OR i.ipc_class_symbol LIKE 'G02B 27/01%'OR i.ipc_class_symbol LIKE 'GO5B 13/02%'OR i.ipc_class_symbol LIKE '
GO5D  1/%'OR i.ipc_class_symbol LIKE 'GOG6E%'

51 OR i.ipc_class_symbol LIKE 'GO6F  9/44%'OR i.ipc_class_symbol LIKE 'GO6F 11/%'OR i.ipc_class_symbol LIKE
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GO6F 15/%'OR i.ipc_class_symbol LIKE 'GO6F 16/%'

52 OR i.ipc_class_symbol LIKE 'GO6F 17/%'OR i.ipc_class_symbol LIKE 'GO6F 19/%'OR i.ipc_class_symbol LIKE 'GO6F

21/%'O0R i.ipc_class_symbol LIKE 'GO6G  7/00%'

53 OR i.ipc_class_symbol LIKE 'GO6J 1/00%'OR i.ipc_class_symbol LIKE 'GO6K  7/14%'OR i.ipc_class_symbol LIKE '
GO6K  9/%'OR i.ipc_class_symbol LIKE 'G06Q%'

54 OR i.ipc_class_symbol LIKE 'GO6T%'OR i.ipc_class_symbol LIKE 'GO8B 29/18%'OR i.ipc_class_symbol LIKE 'G08G%'
OR i.ipc_class_symbol LIKE 'GO9B%'

55 OR i.ipc_class_symbol LIKE 'G10L%'OR i.ipc_class_symbol LIKE 'G11B 20/10%'OR i.ipc_class_symbol LIKE 'G16H%'
OR i.ipc_class_symbol LIKE "HOIM  8/04992%'

56 OR i.ipc_class_symbol LIKE "HO2H  1/00%'OR i.ipc_class_symbol LIKE 'HO2P 21/00%'OR i.ipc_class_symbol LIKE '
HO2P 23/00%'OR i.ipc_class_symbol LIKE 'HO3H 17/02%'

57 OR i.ipc_class_symbol LIKE 'HO4AL 12/%'OR i.ipc_class_symbol LIKE 'HO4L 25/0%'OR i.ipc_class_symbol LIKE '
HO4L 41/%'OR i.ipc_class_symbol LIKE 'HO4L 51/%'

58 OR i.ipc_class_symbol LIKE 'HO4N 21/466%'OR i.ipc_class_symbol LIKE 'HO4R 25/00%'))

59 OR EXISTS(SELECT 1 FROM tls224_appln_cpc ¢ WHERE c.appln_id=a.appln_id AND(

60 c.cpc_class_symbol LIKE 'B25J%'OR c.cpc_class_symbol LIKE 'B60W 60/%'OR c.cpc_class_symbol LIKE 'B62D
57/032%'0R c.cpc_class_symbol LIKE 'GO1C 21/%'

61 OR c.cpc_class_symbol LIKE 'GO2B 27/01%'OR c.cpc_class_symbol LIKE 'GO5B 13/02%'OR c.cpc_class_symbol LIKE '
G05B2219/40%'0R c.cpc_class_symbol LIKE 'GO5SD  1/%'

62 OR c.cpc_class_symbol LIKE 'GO6F 15/18%'OR c.cpc_class_symbol LIKE 'GO6F 16/%'OR c.cpc_class_symbol LIKE
GO6F 17/16%'OR c.cpc_class_symbol LIKE 'GO6F 17/2%'

63 OR c.cpc_class_symbol LIKE 'GO6F 17/30%'OR c.cpc_class_symbol LIKE 'GO6K  9/%'OR c.cpc_class_symbol LIKE
GO6T  1/20%'OR c.cpc_class_symbol LIKE 'GO6T  7/00%'

64 OR c.cpc_class_symbol LIKE 'G06T2207/20%'OR c.cpc_class_symbol LIKE 'GO8G  1/16%'OR c.cpc_class_symbol LIKE '
HO4L 51/02%'OR c.cpc_class_symbol LIKE 'G16H%'

65 OR c.cpc_class_symbol LIKE 'Y10S901%'))

6 );

Listing 1: PATSTAT Al patent retrieval SQL used for the Al patent corpus

B Physical AI and Physical AI Risk Filtering Rules

Listing 2 documents the SQL-equivalent filtering rules used to move from the Al corpus to the Physical
Al candidate set and then to the Physical Al risk subset. The production extraction script implements the
same term logic; this listing records it in a database-readable form for reproducibility.

-- SQL-equivalent reproducibility specification for AI -> Physical AI -> Physical AI Risks

2 -- This file documents the filtering logic used after AI-corpus retrieval.
3 -- The actual local extraction was implemented in:

4 -- ../50_physical_ai_dataset/04_scripts/build_physical_ai_dataset.py

5 -- and audited in:

6 -- ../50_physical_ai_dataset/05_logs/physical_ai_dataset_manifest.json

7 -- ../50_physical_ai_dataset/03_audit/physical_ai_collection_status_20260627.md

10 -- Stage 1. Physical AI selection from AI corpus

1 -- Select if either:

2 -- A. a strong Physical AI marker appears in title/abstract/keywords/classification text; or

3 -- B. a broad perception/control term appears together with a physical/embodied/robotic context marker.

16 WITH normalized_ai_corpus AS (

17 SELECT

18 source_family,
19 source_id,

20 year,

21 LOWER(CONCAT_WS(' ',
2 title,

23 abstract,

24 keywords,

25 l1_Llabel,

26 12_Llabel,

27 13_Llabel,

28 ipc,

29 cpc,

30 source_metadata
31 )) AS doc_text
32 FROM ai_corpus
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)?

physical_ai_candidates AS (

SELECT *

FROM normalized_ai_corpus

WHERE
(

doc_text LIKE '%physical ai%'

OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text

LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE

"%physical artificial intelligence%'
"%embodied ai%'
'%embodied artificial intelligence%'
'%embodied agent%'
"%embodied agents%'
"%embodied intelligence%'
"%robot%"’

"%robotic%'

'%robotics%'
'%humanoid%'
"%autonomous vehicle%'
"%autonomous vehicles%'
"%autonomous driving%'
'%autonomous car%'
"%autonomous mobi Lity%'
'%autonomous system’%'
"%autonomous systems%'
'%autonomous weapons%'
"%self-driving%'
'%drone%'

"%uav%'

'%unmanned%'
'%cyber-physical%'
'%cyber physical%'
"%cps%'

"%digital twin%'
'"%digital twins%'
'%sensor fusion%'
"%simultaneous localization and mapping%'
"%simultaneous localisation and mapping%'
"%s Lam%"'

"%sim-to-real%'

'"%sim to real%'
"%robotic manipulation%'
"%manipulation%’
"%grasping’%’

'%gripper%'
"%navigation%'

"%motion planning%'
"%path planning%'
"%mobile robot%'
'%service robot%'
'"%industrial robot%'
"%collaborative robot%'
"%cobot%'

"%machine vision%'
"%smart manufacturing%'
"%smart factory%'
'"%factory automation%'
'"%industrial automation%'
'%actuator%'
'%actuation’%'

'%robot control%'
"%vehicle control%'
"%physical safety%'
'"%I|X|H ai%'

"X ASKIS%'
%22 ASKS%'
"%=EH ASKXIS%'
"%H2t ASKIS%'

Herd ASKIS%'
'%AHIC| =%

"%E2R%'

"% 2 HEIAY!
'"%SH0|EY'

"%AtE %!
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OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text

OR

(
(

LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE
LIKE

"%AHE %'
"%AH2F KL%
"%RHE KH%'
"%RE 2%
"%AtE RI1%'
"% 1%
'YE2%'
"%AtOIH S2[%'
"%AtO|H - S 2(%'
"YCIX|E ELI%
"IN SE%'
"%SAl KI%'
%R ZHA%!
g2 Ry
"%IHX|%

"2 |y
"%LHH|A|O| M%
"% H| A0 M%'
"%SE A2l
"%$H2 AEy
'%0ls 22%'
"$AH|A 2R%'
"pAAE 22y
YHERRY
'"$eE 22%
%7 1A HIH%'
"% AOEIHER|%'
'"YAOLE HER|%'
"%SE XSSt
YRR A= Sty
"%l 2= 04| 0| E{%'
'96§§%El|13 ()f:(496'

=

doc_text LIKE '%computer vision%'

OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text
OR doc_text

LIKE '%object detection%'

LIKE '%object recognition%'
LIKE '%image recognition%'
LIKE '%image segmentation%'
LIKE '%semantic segmentation%'
LIKE '%instance segmentation%'
LIKE '%scene understanding%'
LIKE '%action recognition%'
LIKE '%visual perception%'
LIKE '%vision-language%'

LIKE '%vision language%'

LIKE '%visual navigation%'
LIKE '%remote sensing%'

LIKE '%reinforcement learning%'
LIKE '%safe reinforcement learning%
LIKE '%control%'

LIKE '%optimal control%'

LIKE '%sensor%'

LIKE '%sensing%'

LIKE '%perception%’

LIKE '%ZFEH[T%'

LIKE '%ZFE HIT%'

LIKE '%Z{H|EX]%"

LIKE '%Z48| BFX|%’

LIKE '%Z1%|Q1~1%"

LIKE '%Z4K| 21Al%'

LIKE '%O|0|X| QIAly'

LIKE '%&ArQIAlY!

LIKE '%Z4 QlAly'

LIKE '%O|0|X] 2&%'

LIKE '%Z4 2%’

LIKE '%&H OfsH%’

LIKE '%& s Q1A%

LIKE '%Z2tetE%'

LIKE '%Z2t SHE%'

LIKE '%X|01%'
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179 OR doc_text LIKE '%MIA%'

180 OR doc_text LIKE '%ZX[%'

181 OR doc_text LIKE '%2IX[%"

182 )

183 AND

184 (

185 doc_text LIKE '%physical%'

186 OR doc_text LIKE '%embodied%'

187 OR doc_text LIKE '%robot%'

188 OR doc_text LIKE '%robotic%'

189 OR doc_text LIKE '%robotics%'

190 OR doc_text LIKE '%humanoid%'

191 OR doc_text LIKE '%autonomous%'

192 OR doc_text LIKE '%vehicle%'

193 OR doc_text LIKE '%driving%'

194 OR doc_text LIKE '%drone%'

195 OR doc_text LIKE '%uav%'

196 OR doc_text LIKE '%unmanned%'

197 OR doc_text LIKE '%mobility%'

198 OR doc_text LIKE '%cyber-physical%'
199 OR doc_text LIKE '%cyber physical%'
200 OR doc_text LIKE '%digital twin%'
201 OR doc_text LIKE '%manufacturing%’
202 OR doc_text LIKE '%factory%’

203 OR doc_text LIKE '%industrial%'
204 OR doc_text LIKE '%machine vision%'
205 OR doc_text LIKE '%sensor fusion%'
206 OR doc_text LIKE '%slam%'

207 OR doc_text LIKE '%navigation%'
208 OR doc_text LIKE '%manipulation%'
209 OR doc_text LIKE '%grasp%'

210 OR doc_text LIKE '%actuator%'

211 OR doc_text LIKE '%=2(%'

212 OR doc_text LIKE '%HI=t%'

213 OR doc_text LIKE '%HFC|%'

214 OR doc_text LIKE '%=2%'

215 OR doc_text LIKE '%5MTO|E%'

216 OR doc_text LIKE '%XtS%'

217 OR doc_text LIKE '%X2%'

218 OR doc_text LIKE '%ZF&H%'

219 OR doc_text LIKE '%EZ%'

220 OR doc_text LIKE '%52I1%’

21 OR doc_text LIKE '%Z2Z[E[%'

25 OR doc_text LIKE '%AtO|H{ =2[%'
223 OR doc_text LIKE '%CIX|E Eel%'
224 OR doc_text LIKE '%XIZ=%'

225 OR doc_text LIKE '%3%E%'

226 OR doc_text LIKE '%Ated%’

227 OR doc_text LIKE '%MIAN 8%

228 OR doc_text LIKE '%LHH|A|O|M%"

229 OR doc_text LIKE '%UIH|A|0|A%"

230 OR doc_text LIKE '%Z=Zl%'

231 OR doc_text LIKE '%I}X[%'

232 OR doc_text LIKE '%2H3S0{[0|E{%"

233 )

234 )

235 )

236

23] | == T m e e e e e e e e e mmm—————------

238 -- Stage 2. Physical AI Risk subset from Physical AI candidates
239 -- Apply risk/safety/security/ethics/failure terms to title/abstract/keyword text.
240 -- This produces the Physical AI risk subset used for L4 risk-card generation.

243 SELECT *

244 FROM physical_ai_candidates
245 WHERE

246 doc_text LIKE '%risk%'

247 OR doc_text LIKE '%risks%'
248 OR doc_text LIKE '%safety%’
249 OR doc_text LIKE '%safe%’
250 OR doc_text LIKE '%unsafe%’
251 OR doc_text LIKE '%harm%'
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OR doc_text LIKE '%hazard%'

OR doc_text LIKE '%accident%'

OR doc_text LIKE '%failure%'

OR doc_text LIKE '%fault%'

OR doc_text LIKE '%error%'

OR doc_text LIKE '%robustness%’

OR doc_text LIKE '%vulnerability%'
OR doc_text LIKE '%threat%'

OR doc_text LIKE '%attack%'

OR doc_text LIKE '%security%'

OR doc_text LIKE '%cybersecurity%'
OR doc_text LIKE '%privacy%'

OR doc_text LIKE '%ethics%'

OR doc_text LIKE '%ethical%'

OR doc_text LIKE '%bias%'

OR doc_text LIKE '%discrimination%'
OR doc_text LIKE '%accountability%'
OR doc_text LIKE '%Lliability%'

OR doc_text LIKE '%transparency%'
OR doc_text LIKE '%explainability%'
OR doc_text LIKE '%trust%'

OR doc_text LIKE '%misinformation%'
OR doc_text LIKE '%misalignment%'
OR doc_text LIKE '%jailbreak%’

OR doc_text LIKE '%prompt injection%'
OR doc_text LIKE '%Qtx%’

OR doc_text LIKE '%<I&l%’

OR doc_text LIKE '%2|A3%'

OR doc_text LIKE '%I5H%'

OR doc_text LIKE '%S35H%'

OR doc_text LIKE '%At:1%'

OR doc_text LIKE '%A!IH%'

OR doc_text LIKE '%2F%'

OR doc_text LIKE '%Z&%'

OR doc_text LIKE '%%|2¥%'

OR doc_text LIKE '%=Z%'

OR doc_text LIKE '%=0t%'

OR doc_text LIKE '%I2tO[E{A|%'

OR doc_text LIKE '%=2|%'

OR doc_text LIKE '%TisF%'

OR doc_text LIKE '%XH&E%'

OR doc_text LIKE '%*HRI%'

OR doc_text LIKE '%EE%'

OR doc_text LIKE '%M8EHII=%'

OR doc_text LIKE '%XZ(%'

OR doc_text LIKE '%519I%'

OR doc_text LIKE '%E=2%'

OR doc_text LIKE '$ZEZE FI%';

Listing 2: SQL-equivalent Physical Al and Physical Al Risk filtering rules

C Web of Science Search Query

Listing 3 reproduces the Web of Science topic-search query preserved in the raw source collection. The
listing below is imported verbatim so that the query text remains unchanged.

TS=("artificial intelligence" OR AI OR "A.I." OR "machine learning" OR "statistical learning" OR "supervised
learning" OR "unsupervised learning" OR "semi-supervised learning" OR "self-supervised learning" OR "
reinforcement learning" OR "transfer learning" OR "federated learning" OR "deep learning" OR "neural network
" OR "artificial neural network"™ OR DNN OR CNN OR RNN OR LSTM OR GAN OR GNN OR "convolutional neural network
" OR "recurrent neural network" OR "graph neural network" OR "natural language processing" OR NLP OR "
language model" OR "large language model" OR LLM OR "foundation model" OR transformer OR "attention
mechanism" OR "machine translation" OR "information extraction" OR "question answering" OR "text mining" OR
"sentiment analysis" OR chatbot OR "conversational AI" OR "generative AI" OR GenAI OR "generative artificial

intelligence" OR "generative model" OR "diffusion model" OR "generative adversarial network" OR "
variational autoencoder” OR "multimodal AI" OR "multimodal model" OR "frontier AI" OR "artificial general
intelligence" OR AGI OR "computer vision" OR "image recognition" OR "object detection" OR "image
segmentation" OR "facial recognition" OR "pattern recognition" OR "speech recognition" OR "speech synthesis"
OR "speech processing" OR "speaker recognition" OR "expert system" OR "knowledge-based system" OR "
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knowledge representation"” OR "inference engine" OR "automated reasoning" OR "rule-based system" OR "logic
programming" OR fuzzy OR "fuzzy logic" OR "Bayesian network" OR "genetic algorithm" OR "evolutionary
algorithm" OR "swarm intelligence" OR "recommender system" OR "predictive analytics" OR "decision support"
OR "anomaly detection" OR "automated classification" OR "automated decision-making" OR "intelligent decision
-making" OR "autonomous driving" OR "autonomous vehicle" OR "unmanned system" OR "intelligent robot" OR "
robot intelligence" OR "intelligent automation" OR "data mining" OR "QIZX|S" OR "2IZ X|=" OR "0f0|O}O|" OR
"XSHE" R "XSHEI|E" R "XISTHEAR|" R "X[S& A[AH" OR "X|SH MH|A" 0R "X|SE O0]HE" OR "X|
Y FEALH" 0R "J|ASE" R "HAZE" OR "X|=SHE" OR "HIX|ZSHE" OR "EX|CSHE" OR "XE7|X|=SH&" OR "
ZdotetE" R "HO[StE" OR "HESE" OR "HHE" 0R "MESE" R "MUAY" R "USMFL" R "HdF HUAY" 0R
"w2t MFY" R "2 MFY" OR "AFHOIAZ|" OR "ArHO{ A" OR "HO{ZE" OR "CHHE AO{EE" OR "ZCHAO]
E[:é“l OR lljlul_l.EElalll oR "]II'_E_E-Ilolﬁ E[:é“l OR IIE%_HﬁED_III OR Ilo_i%illA_:'H OR |l7|71|t|‘_.|g‘ll OR IIEE_%;_%" OR Ilé[gl%a—" OR
"EIAEDRO|H" OR "ZfAEAM" OR "MR" OR "CHEFE AI" OR "MAY AI" OR "M AI" OR "HAHH IZXIS" OR "HA
DE" R A" R "ML MA AMAL R "HE QEQIAL" OR "HE|ZE A" OR "HE[ZE ZE" R "ZZE|
O] AI" OR "HE 2IZX|S" OR "HFEH|H" OR "ZHFE HIT" OR "F&2IA" OR "O[O|X[QIA" OR "ZHK|QAA" OR "Z4K|Ef
X" OR " 2" 0R "SAHEE" OR "O|D|XIEY" OR "RZQIA" OR "IHEIQIAI" OR "SHOIA" 0R "SAEA" OR "SH
X" OR "ZHXIRIA" OR "TEIIAIAH" OR "HEZF AIAH" OR "X[AT7[HEAIAR" R "X|A7|HE A|AR" R "X|AFH" OR
"EEAZ" OR "AFEHFE" OR "FA7|Eh N2E" 0R "=2|Z2 2" 0R "HX|" OR "HX|i=2|" OR "HO|X|et L=
OR "SH LTa|Z" OR "TSH LIS OR "ZAX|S" OR "EHAAL" R "IZEA" 0R "QINHFKA" R "O|MEIX|"
OR "XISER" OR "AIS3IEl OAZE" OR "XISH OAEE" OR "AIESFU" OR "XAISFUK" R "ROIAAH" R "X
g 22" R "2RX|S" R "X|S¥ XS 0R "CIO[E{OIO|'E") AND CU=(South Korea) AND PY=(1990-2026) AND DT=(
Article OR Proceedings Paper)

Listing 3: Web of Science topic-search query preserved from the local source collection

D Data Availability: Full Construction Corpora

This appendix documents the full-corpus datasets that underlie the integrated counts in Table 3. Master
and final datasets are treated as read-only. For every source family a domestic/global comparison key
(Korea vs. worldwide total) is recorded, so that all downstream statistics can be reported as domestic,
overseas, and total.

Table 12: Full construction corpus: patents (PATSTAT)

Dataset Records  Note

Al patents (integrated) 2,032,236 Table 3 PATSTAT Al corpus

Non-Al patents (full) 3,850,424

Al Infrastructure patents (integrated) 522,085  Table 3 PATSTAT Al infrastructure corpus
Total patent universe (Al + Non-Al) 5,887,803  Analysis base rate / denominator

Note: PATSTAT Stage-2 joined records. Domestic/global key: applicant country.

Table 13: Full construction corpus: scholarly papers (Web of Science)

Category Raw entries  After dedup Note

Al papers - 1,749,159  Table 3 integrated scholarly Al corpus
Physical AI Risks papers - 50,375 Table 3 integrated scholarly risk corpus
Al Governance 12,101 12,101  societal/governance evidence

Manual SavedRecs 28,000 27,000 manually curated records

Note: Domestic/global key: Korea affiliation / country.

Within-category deduplication is applied; cross-category duplication (e.g., a paper appearing in both Al
Global and Al Risk) is intentionally retained as a crosswalk signal. Raw .bib inputs comprise 2,716
top-level files and 2,701,711 BibTeX entries (with duplicates).

The current integrated record-level datasets are organized by source family and category, with headline
denominators of 383,149 Physical Al records and 82,971 Physical Al risk records, split across papers,
policy reports, and patents as shown in Table 3.
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Table 14: Full construction corpus: policy and governance reports

Dataset Records  Note

Curated policy/report master 4,947  largest curated master
Taxonomy/embedding training view 3,119

Core policy reports 1,052

Reference-chain integrated master 3,341

Report-to-report reference edges 243 citation graph

Broader materials master (share) 124,881  domestic + overseas policy/materials
Al master dataframe (base) 105,283

Non-Al / metadata-only policy 192,682

Note: Domestic/global key: domestic/foreign flag.

Identifier and comparison keys. Records are keyed by application identifier (patents), WoS ID / DOI
/ title—year (papers), and a stable record identifier with title/year/institution (policy). Deduplication is
applied within each document type; cross-type duplication is retained to support paper—policy—patent
crosswalks. Every statistic derived from these corpora should be reported with a domestic (Korea) versus
overseas (worldwide total) breakdown using the domestic/global key listed for each source family.

E Released Snapshot and File Inventory

At the repository level, the current Physical Al Risk Taxonomy release contains 182 L4 cards and 360
evidence/reference rows exported from the final HTML. The local repository size is approximately 26
MB, while the broader risk coevolution workspace and Web of Science export occupy approximately 4.5
GB and 12 GB, respectively.

Table 15: Released taxonomy snapshot

Layer or artifact Count Notes
L2 categories 3 P2,12,S2
L3 sub-categories 24 5 system, 10 interaction, 9 societal
L4 risk cards 182  Final card set after semantic merging and review
Evidence/reference rows 360 Extracted from final HTML
Linked references 353 Rows with active reference links
Unlinked evidence rows 7 Internal evidence notes retained in the snapshot
Maximum references per card 5 Enforced curation cap

Note: Counts are exported from the final HTML release.
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