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Objective: Robot task programming in manufacturing remains tightly coupled to vendor-specific languages,
hindering portability and reuse. This paper presents a vendor-neutral, schema-validated format for robot task
specification that enables large language model (LLM) generation and multi-robot execution without modifying

Keywords: o
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JSON schema Methods: The Robot Task Specification Format (RTSF) is a JSON format with nine step types covering all six
LLM code generation control-flow constructs, governed by a JSON Schema (draft-07). A gap analysis against ten existing formats
Digital twin positions RTSF. Schema-guided LLM generation is evaluated on 30 task descriptions across four domains, with a

End-user development prompt ablation study. A runtime architecture (recursive parser, PDDL converter, BehaviorTree.CPP converter)
enables multi-backend execution. A multi-robot experiment validates six scenarios on four platforms: UR5e,
Franka FR3, Kinova Gen3, and Denso Cobotta (physical robot).

Results: No surveyed format combines a task-level abstraction with a formal JSON Schema, vendor-independent
execution, complete control-flow coverage, and schema-guided LLM generation. The multi-robot experiment
verifies identical action sequences and arguments across over 500 adapter calls on four platforms using
unmodified task files. Schema-guided prompting achieves high construct recall (100% corrected validity);
an independent benchmark by three external evaluators confirms generalisability. Prompt ablation confirms
that disambiguation and field-name guidance rules contribute roughly equally to recall. Scalability benchmark
confirms sub-second processing at 5000 steps.

Conclusion: RTSF fills the gap between natural-language task descriptions and heterogeneous execution
backends, enabling vendor-independent robot task programming with schema-guided LLM generation and
multi-platform validation. The format, examples, scripts, and test suite (107 tests) are released under the
MIT licence.

1. Introduction

Collaborative and industrial robots are increasingly deployed across
manufacturing, logistics, laboratory, and healthcare settings to exe-
cute complex, conditional, multi-agent tasks. Despite this proliferation,
robot task programming remains tightly coupled to vendor-specific
languages and environments: a task programmed for a Universal Robots
arm cannot be directly transferred to a KUKA or ABB system without
substantial rework. Beyond portability, the difficulty of task specifica-
tion acts as a barrier to adoption, particularly for small and medium
enterprises (SMEs) where domain experts must rely on integrators to
translate their process knowledge into executable robot programs.

Several complementary approaches have been proposed to address
this problem. At the lowest abstraction level, the NIST Canonical Robot
Command Language (CRCL) [1] provides a vendor-neutral motion
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command interface, but operates on joint/Cartesian primitives with no
concept of task structure, objects, loops, or error handling. At the high-
est level, Al planning languages such as PDDL [2] and its hierarchical
extension HDDL [3] offer rigorous logical semantics and automated
planning, but their text-based syntax is arcane, lacks execution-level
constructs (timeouts, retries, HRI confirmation), and is not formally
schema-validated, making automated validation and LLM-based gen-
eration error-prone [4]. Reactive execution frameworks such as Be-
haviour Trees [5,6] and ROS-dependent systems (ROSPlan [7], Plan-
Sys2 [8], SkiROS2 [9]) provide modularity and reactivity but couple
the task description to a specific library or middleware, producing no
shareable, vendor-neutral file. More recently, LLM-based approaches
such as Code as Policies [10] and ProgPrompt [11] directly generate
Python code from natural language, achieving remarkable flexibility,
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but the generated code is inseparably tied to the robot API used in
the prompt, cannot be formally validated, and introduces security risks
when executed without sandboxing.

What is missing is an open format that combines task-level abstrac-
tion (named actions, workspace objects) with a formal schema, vendor-
independent execution, the full set of execution-relevant control-flow
constructs, and the ability to be generated by LLMs through schema-
guided prompting. This paper addresses the gap with the Robot Task
Specification Format (RTSF), a lightweight, human-readable JSON for-
mat that fills the role of a portable interchange layer between natural
language task descriptions and heterogeneous execution backends.

From a standards and interfaces perspective, RTSF contributes a
formally specified, schema-validated domain-specific language with a
well-defined adapter interface that decouples task specification from
execution, an LLM-based code generation pipeline, and a multi-
platform testing framework, addressing requirements specification,
software quality through formal validation, and verification and val-
idation of cyber—physical systems.

RTSF is designed around a single principle: one file, multiple back-
ends. A task described in a single .json file can be: validated of-
fline against a JSON Schema; executed on any robot via an adapter
(i.e., Python, Node.js, etc.); compiled into PDDL for Al planning; con-
verted into BehaviorTree.CPP XML for reactive execution; or bound to
a digital twin for pre-deployment testing. The design aims to make
RTSF accessible to domain experts who can author and share tasks
without robot-specific knowledge using a natural language interface
and puzzle-like visual editor [12,13].

This paper makes four contributions:

C1 A formally specified, vendor-neutral robot task description for-
mat (RTSF v1.0) covering nine step types and all six control-
flow constructs relevant to manufacturing and service robots,
governed by a normative JSON Schema (draft-07).

C2 Evidence that schema-guided LLM prompting achieves high con-
struct recall on 30 natural-language task descriptions across four
domains, with a prompt ablation study decomposing the effect
of three prompt rule categories (approximately —14 pp from full
to minimal).

C3 A runtime architecture enabling a single RTSF file to drive mock,
simulated, and planned execution without modification to the
task description; a scalability benchmark on synthetic tasks from
10 to 5000 steps confirms sub-second end-to-end processing
time.

C4 A multi-robot, multi-platform experiment across six structurally
distinct scenarios (pick-inspect-place, CNC machine tending,
parcel sorting, parallel cross-dock, pharmacist-supervised drug
preparation, dual-arm assembly) running on four robot plat-
forms (UR5e 6-DOF, Franka Emika FR3 7-DOF, Kinova Gen3
7-DOF, Denso Cobotta 6-DOF). The experiment verifies that the
parser-to-adapter interface correctly isolates task logic from exe-
cution backend, achieving 100% action-sequence and argument
match across 548 adapter calls using the same unmodified task
files, and characterises cross-platform timing across software
stub, physics-based Gazebo simulation, controller-stub ROS 2
execution, and physical robot execution.

These contributions test three hypotheses, each derived from a lim-
itation identified above and each falsifiable by one of the experiments
reported below.

H1 (portability). If vendor-specific knowledge is confined to an
adapter layer behind a fixed method interface, a single unmodified task
specification will produce equivalent action sequences across robots
of different manufacturers, kinematics, and protocols. The hypothesis
follows from the API-coupling of LLM-generated policies [10,11] and
the framework-coupling of BT.CPP leaf nodes and PlanSys2 plans [5,8].
It predicts that divergence across platforms is confined to timing,
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and is falsified by any scenario-platform pair whose call sequence or
arguments differ, or that requires editing the task file (Section 6).

H2 (schema-guided generability). If the target representation is con-
strained by a formal schema supplied to the model, LLM generation
will yield specifications whose structural defects are detectable and
repairable before execution. The hypothesis responds to the absence
of schema validation in free-text planning notations [2,3] and of pre-
execution validation in code-generation pipelines [10,14]. Since the
mechanism claimed is detection and repair rather than error-free gen-
eration, it predicts high corrected validity alongside imperfect first-
pass validity, and a refutable asymmetry: construct completeness is
not schema-enforceable and should therefore not improve under the
correction loop (Sections 5.2 and 5.2.1).

H3 (locus of generation difficulty). If the schema carries the structural
constraints, the residual generation difficulty lies in the prompt rather
than in the format; the alternative, that the step-type taxonomy is itself
hard to target, would undermine the design. It predicts that removing
prompt rule categories degrades construct recall while leaving schema
conformance largely intact (Section 5.3), and Sections 5.2.1 and 5.4
report the evidence on the residual confound, that the prompt rules
were authored by the format designer.

The remainder of the paper is organised as follows. Section 2
surveys related work and positions RTSF in the landscape of exist-
ing formats. Sections 3 and 4 present the format design and system
architecture, respectively. Section 5 reports the LLM evaluation and
prompt ablation study, while Section 6 presents the multi-robot, multi-
platform validation. Section 7 discusses implications, limitations, and
timing constraints, and Section 8 concludes.

2. Related work
2.1. Task and motion planning languages

The Planning Domain Definition Language (PDDL) [2,15] is the
standard for AI task planning competitions. A PDDL domain defines
types, predicates, and action schemas with first-order logic precondi-
tions and effects; a problem file specifies the initial state and goal.
Planners such as Fast Downward [16] and POPF [17] search for an
action sequence achieving the goal. HDDL [3] extends PDDL with
Hierarchical Task Networks (HTN), enabling recursive task decomposi-
tion through ordered method definitions. Both languages offer rigorous
semantics and decades of solver support [4], but they are purely declar-
ative: execution-level constructs (timeouts, retries, HRI confirmation,
parallel multi-robot branches, event triggers) are absent. The free-text
syntax is not schema-validated, so LLM-generated PDDL is frequently
syntactically invalid, and generated plans are flat action sequences that
discard the original task structure.

2.2. Reactive execution frameworks

Behaviour Trees (BTs) [5] originated in game AI and have become
widely adopted in industrial and research robotics [6], including pro-
duction navigation systems such as Nav2 [18]. BT.CPP (C++) and
py_trees (Python) provide control-flow nodes (Sequence, Fallback, Par-
allel, Decorator) whose reactive ticking enables continuous monitoring
and recovery. BTs naturally model error handling (Fallback/Retry) and
parallel execution, and RTSF provides a converter to BT.CPP XML. The
format, though, is library-specific and not interoperable across imple-
mentations; it does not capture high-level task semantics (workspace
objects, agent roles, safety envelopes), and its leaf nodes require C++
implementations, making standalone task authoring impossible without
a programming environment.

SkiROS2 [9] extends BTs with a Web Ontology Language (OWL)
world model and automatic PDDL domain generation, providing rich
knowledge integration and reactive multi-robot orchestration. Its re-
liance on the full ROS 2 stack and Python skill classes, though, makes
it framework-dependent and inaccessible to non-programmers, and no
standalone portable task file is produced.
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2.3. ROS-based planning systems

ROSPlan [7] (ROS 1) and its successor PlanSys2 [8] (ROS 2) in-
tegrate PDDL-based planning into the Robot Operating System (ROS),
enabling automated plan generation and BT-based execution with re-
planning on failure. Both inherit all PDDL limitations for task de-
scription and require a full ROS installation, making them inaccessible
outside the ROS ecosystem. The ROS 2 Industrial initiative extends
ROS 2 [19] with vendor-specific driver packages and standardised
interfaces, but does not address task-level portability or vendor-neutral
task description.

2.4. Standardised robot interfaces and industrial standards

The NIST Canonical Robot Command Language (CRCL) [1] provides
a vendor-neutral motion command protocol (XML-based) with an XSD
schema. CRCL decouples task-level software from vendor controllers at
the motion level, and has been implemented for FANUC, ABB, UR, and
KUKA. Its scope, though, is strictly the motion abstraction level: the
CRCL schema has no concept of objects, locations, conditions, loops, or
error handling. CRCL is thus an appropriate execution target for RTSF
adapters, not a competing task-level format.

ISA-88 (IEC 61512) [20] defines a hierarchical procedural model
(Procedure — Unit Procedure — Operation — Phase) for batch process
control in the pharmaceutical and chemical industries. RTSF’s hierarchy
(task — subtask — action step) mirrors this model, adapting it for
robot manipulators in discrete manufacturing. RTSF extends ISA-88 by
adding parallelism, multi-robot synchronisation, event-driven triggers,
and a formal JSON Schema, constructs absent from ISA-88 due to its
process-industry focus.

2.5. LLM-based task generation

Code as Policies [10] demonstrates that large language models
can generate executable Python robot code from natural language by
providing the robot API as in-context examples. ProgPrompt [11] adds
assertion statements for precondition checking and recovery. Inner
Monologue [14] uses LLM-generated language feedback to close the
perception-action loop. SayCan [21] grounds LLM-generated plans in
robotic affordances by scoring actions against learned world models.
RT-2 [22] co-trains vision-language models on robotic trajectory data
to produce vision-language-action models that directly output motor
commands. VoxPoser [23] uses LLMs to generate 3D value maps for
manipulation, bridging language and spatial reasoning. A shared limi-
tation across these approaches is that the generated code is inseparably
tied to the robot API or model used in the prompt, cannot be for-
mally validated without execution, offers no schema-enforced safety
guarantees, and requires re-prompting or retraining for each new robot
platform. RTSF instead constrains generation with a formal schema,
sacrificing some flexibility in exchange for portability and validation
guarantees.

The reported results of these systems clarify what has been estab-
lished and why the present evaluation measures something different.
SayCan [21] is the most systematically quantified: over 101 instructions
to a mobile manipulator in an office kitchen, PaLM-SayCan selects the
correct skill sequence in 84% of cases and executes it in 74%, falling to
81% and 60% in a previously unseen kitchen. Code as Policies [10]
reports a 39.8% solve rate on HumanEval alongside demonstrations
on several real platforms, but reports its robotic evaluation per task
family rather than as an aggregate. ProgPrompt [11] evaluates on Vir-
tualHome with GPT-3 using success rate, goal-condition recall, and plan
executability, the last measuring the fraction of generated actions the
environment can execute and the closest published analogue to the va-
lidity metric used here. Inner Monologue [14] and VoxPoser [23] report
task-level success on simulated and real manipulation suites, and RT-
2 [22] gains on emergent-skill evaluations over its RT-1 baseline. All of
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these measure task execution success within a fixed embodiment, which
is appropriate for a policy but unmeasurable for a format prescribing
no motion primitives; what transfers instead is executability, which
ProgPrompt introduces precisely because generated code frequently is
not executable and which RTSF makes statically decidable. SayCan’s
asymmetric cross-environment drop points the same way: symbolic
descriptions degrade far less across contexts than their physical real-
isation, which is why this evaluation is organised around structural
equivalence across platforms rather than end-to-end success on one.

Two of these claims have since been qualified, in both cases in a
direction that supports the present argument. The first concerns the
sufficiency of code generation alone: a neuro-symbolic reformulation
of Code-as-Policies inserting symbolic verification and interactive vali-
dation into the generation loop reports a 46.2% relative improvement
in task success over the Code-as-Policies baseline and over 86.8% exe-
cutability in dynamic, partially observable settings [24]. That LLMs can
generate executable robot code therefore stands; the implicit corollary
that generation alone suffices does not. The second concerns pre-
execution validation, largely absent in 2022-2023 and now an explicit
target: linear-temporal-logic verification of plans before execution [25]
and hybrid pipelines routing LLM proposals through a symbolic planner
and validating the generated code by compilation and simulation,
at 71%-75% task completion [26], both start from the premise that
generated plans should be checked before a robot acts; recent reviews
of LLM-based task planning [27] and of vision-language-action mod-
els [28] confirm the trajectory, the latter identifying cross-embodiment
transfer as open. What differs is where the check sits: these systems
verify an instance, whereas RTSF constrains the representation so a
class of defects cannot be expressed at all, which is cheaper and
decidable but strictly weaker, since a schema cannot detect that a
conformant plan is the wrong plan. Combining the two is a concrete
direction for future work.

2.6. Comparison

Table 1 summarises eleven formats, RTSF and the ten existing
formats surveyed above, across seven dimensions relevant to robot
task specification. RTSF is the only format that satisfies all seven: it
operates at the task level, carries a formal JSON Schema, is vendor-
neutral, covers all six control-flow constructs, supports schema-guided
LLM generation, and ships with converters to both PDDL and BT XML
under an MIT licence.

3. RTSF format design
3.1. Design goals

RTSF v1.0 was designed around five goals that jointly address the
gap identified in Section 2.

The format operates at the task abstraction level: it names actions
(pick, place, inspect) and workspace objects without encoding
joint angles or Cartesian poses, which is the level at which domain
experts think about tasks and at which LLMs produce the most accurate
output from natural language. The notation is JSON with a formal JSON
Schema (draft-07), which provides universal parser support, direct in-
memory representation across all major programming languages, and
a machine-parseable specification enabling automated validation and
schema-guided LLM generation. YAML was rejected for implicit type
coercions, XML for verbosity, and custom DSLs for LLM generation
difficulty.

No field in RTSF encodes robot-brand-specific primitives: execu-
tion is mediated through a Python adapter interface, so the same
task file runs on any robot with a conforming adapter. The format
also provides full control flow: real manufacturing tasks require loops
(batch repetition), conditionals (quality gates), parallel branches (dual-
arm, robot+human), error handling (retry on grasp failure), human-in-
the-loop confirmation (per ISO/TS 15066 [29]), event triggers (WMS
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Table 1
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Comparison of robot task specification formats across seven dimensions. L = loop, C = conditional, P = parallel, E = error handler, H = human-in-loop, M =

multi-robot sync. v = full support; ~ = partial; x = not supported.

Format Abstraction level Notation Formal schema Vendor-neutral L C P E H M LLM-gen. Licence
PDDL 2.1 [2] Goal Custom text X v X X X X X X X Open (ICAPS)
HDDL [3] Goal + Task Custom text X v ~ X X X X X X Open (ICAPS)
BT.CPP [5] Task XML + C++ Partial v v 4 v v X X X MIT

CRCL [1] Motion XML XSD v X X X X X X X Public domain
ROSPlan [7] Goal + Task PDDL + YAML X x (ROS 1) X X X ~ X X X BSD-3
PlanSys2 [8] Goal + Task PDDL + ROS 2 X x (ROS 2) v v v v X ~ X Apache-2.0
SkiROS2 [9] Task + Goal Python + OWL OWL ontology x (ROS 2) v v v v X v X BSD-3

ISA-88 [20] Task (process) Vendor XML Vendor XSD X ~ ~ X ~ v X X IEC (prop.)
Code-as-Policy [10] Task Python X X v v v v v v 24 N/A
ProgPrompt [11] Task Python X X v v v v v v 54 N/A

RTSF v1.0 Task JSON JSON Schema draft-07 v v v v v v v 4 MIT

signals), and multi-robot synchronisation, all as first-class schema con-
structs, not workarounds. Finally, the JSON Schema is embedded in
the system prompt with a self-correction loop that feeds validation
errors back to the LLM, transforming generation from unconstrained
text synthesis into schema-constrained structured completion.

3.2. Document structure

Every RTSF file is a JSON object with two top-level fields: rtsf_
version and task. The task object groups seven orthogonal sec-
tions:

» metadata: author, creation date, robot model, version, and
licence.
- safety: top-level machine-readable safety envelope: max_
speed_ms, max_force_n, max_payload_kg, human_
proximity_zone_m, on_proximity_detected, and
emergency_stop. Placing safety constraints at the top level
lets the parser enforce them before executing the first step, and
lets a digital twin extract safety envelopes without parsing the full
program logic.
workspace: declarative description of objects (with type
and initial_location), locations (typed as home,
source, destination, processing, storage, discard,
or generic), and agents (typed as cobot, industrial
_robot, mobile_robot, human, or virtual).
actions_library: STRIPS-style action schemas with typed
parameters, preconditions, and effects, enabling au-
tomatic PDDL domain generation.
subtasks: named, parameterised reusable sub-procedures with
explicit parameter types (object_ref, location_ref,
string, integer, float, boolean).
» program: the imperative step sequence (see Section 3.3).
+ termination: optional success/failure condition expressions.

The separation of workspace, actions_library, and pro-
gram mirrors the classical Al planning distinction between domain
(types, predicates, action schemas) and problem (objects, initial state,
goal), enabling a direct PDDL mapping while preserving the imperative
execution order absent from purely declarative formats.

3.3. Step types

RTSF v1.0 defines nine step types covering all six control-flow
classes. Table 2 summarises them; Listing 1 shows a representative
nested example.

The action step is the atomic execution unit: it names a capa-
bility from actions_library, an agent, typed arguments, and an
optional timeout_ms/on_timeout policy (abort or retry). The
loop step covers three sub-types: count (fixed repetition), while
(condition-gated), and for_each (over a declared collection). The

conditional step branches on four condition types: sensor_
check, state_check, counter_check, and message_check.
The parallel step runs branches with wait_all, wait_any, or
fire_and_forget synchronisation.

The human_action step models human-in-the-loop actions as a
first-class construct, reflecting the requirement in collaborative robot
deployments under ISO/TS 15066 [29] that operator confirmation
gates be explicitly modelled. A dedicated step type enables static
schema validation that instruction and confirmation_
required fields are always present, supports end-user authoring of
task programs, and allows the BT converter to generate appropri-
ate acknowledgement nodes. Similarly, multi_robot_sync models
barrier synchronisation between distinct agents, complementing the
parallel step which governs concurrent branches of a single robot;
Listing 2 shows a barrier example from a dual-robot assembly task.

Subtask parameters use a $parameter_name variable reference
syntax (inspired by shell scripting and Ansible) that is unambiguous in
JSON, parseable with a single regular expression, and readily generated
by LLMs. The scope of $variables is limited to subtask bodies to
keep the format declarative and side-effect-free at the top level.

3.4. Validation

RTSF validation is two-level. Structural validation checks each task
against the normative JSON Schema (Appendix) in schema/
rtsf_schema_v1.0.json using jsonschema (draft-07). The
schema uses additionalProperties: false on all objects, so
LLM-invented field names are rejected immediately rather than silently
ignored. Semantic validation, implemented in rtsf/validator.py,
performs three classes of cross-reference checks: subtask IDs referenced
in subtask_call steps must be declared in subtasks; agent IDs
referenced in multi_robot_sync must appear in workspace.
agents; agent IDs referenced in parallel branches must be de-
clared agents. The complete test suite comprises 107 tests (21 adver-
sarial invalid-schema cases, 16 Gazebo adapter dry-run cases, and 70
positive cases), all passing deterministically.

4. System architecture

The RTSF system architecture implements the one file, multiple back-
ends principle through four components: a recursive parser, two format
converters, and a robot adapter interface. Fig. 1 provides an overview
of the full pipeline from natural-language input to robot execution.

4.1. Parser and execution model

RTSFParser (in rtsf/parser.py) loads a validated RTSF
JSON file and recursively traverses program.steps. Each step is
dispatched to the appropriate handler: action steps invoke the cor-
responding adapter method; 1oop, conditional, parallel, er-
ror_handler, and subtask_call steps recursively process nested
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Table 2

RTSF v1.0 step types, key fields, control-flow class, and representative use.
Step type Key fields Class Example use
action action, agent, args, timeout_ms, on_timeout Primitive Pick part from tray
loop loop_type (count/while/for_each), body Control Repeat batch of n items
conditional condition (sensor_check/state_check...), then, else Control Route on vision quality check
parallel branches, wait_mode (wait_all/wait_any/fire_and_forget) Control Robot moves; human confirms
subtask_call subtask (ID ref), args ($param bindings) Modularity Invoke pick-inspect-place
human_action instruction, confirmation_required, agent HRI Pharmacist approves vial label
event_trigger event, source, timeout_ms, on_trigger Reactive Wait for WMS pick-order signal
error_handler body, on_error, max_retries Fault tol. Retry grasp; recover to home

multi_robot_sync

agents (ID list), sync_type (barrier/pipeline)

Multi-robot Synchronise URSe and AGV handoff

Robots

Execution

URSe
(6-DOF)

Converters

/_' MockRobot =

PDDL Converter

(domain + problem)

19-Method
Adapter Interface P

Franka FR3
(7-DOF)

ROS2Adapter >
(Gazebo / RViz)

Tnput

Natural Language

LLM
Task Description

(schema-guided)

| RTSF Task File
(.json)

(XML)

BT.CPP Converter

Kinova Gen3
(7-DOF)

Denso Cobotta
(6-DOF, physical)

CobottaAdapter
(BCAP, physical)

S\

(rtsf/parser.py)

Recursive Parser

Processing |

JSON Schema

(draft-07)

tructural +
Semantic Validator

N

Fig. 1. RTSF system architecture. Natural-language task descriptions are converted to RTSF JSON via schema-guided LLM prompting. The recursive parser
traverses the task and dispatches adapter calls; the same RTSF file can also be converted to PDDL or BehaviorTree.CPP XML. The 19-method adapter interface
decouples task logic from execution backends (Mock, ROS 2, BCAP), enabling vendor-independent execution across robot platforms.

step lists. Subtask calls construct a variable binding context ($name
— value) that is threaded into the subtask body. Safety constraints
from the safety section (max_speed_ms, max_force_n,
max_payload_kg) are applied before the first step via adapter calls
(set_max_speed, set_max_force, set_max_payload). No
robot-specific code appears in the parser: all hardware interactions are
mediated exclusively through the adapter interface.

4.2. PDDL converter

RTSFToPDDL (in rtsf/to_pddl.py) generates a PDDL domain
file and a PDDL problem file from an RTSF task. workspace.
objects and workspace.locations become PDDL :objects;
actions_library entries become PDDL :action schemas, with
preconditions and effects in first-order logic; the program
step sequence initialises the PDDL :init state. RTSF can thus serve
as a task authoring interface above PDDL-based planning systems such
as PlanSys2 [8], so that teams already using PDDL planners can adopt
RTSF without discarding their planning infrastructure.

4.3. BehaviorTree.CPP converter

RTSFToBT (in rtsf/to_bt . py) transpiles RTSF steps to Behav-
iorTree.CPP v3 XML. The structural mapping is well-defined: 1oop
(count) maps to a WhileDoElse node with counter decorator; con—
ditional maps to Sequence/Fallback; parallel maps to a
Parallel node; error_handler maps to Fallback with
RetryUntilSuccessful decorator; subtask_call maps to a
SubTree reference; human_action maps to a custom HumanCon-
firmation action leaf. The converter is intentionally one-way (RTSF

— BT XML): BT XML lacks the information (safety, workspace,
HRI field semantics) required to reconstruct a complete RTSF task.

4.4. Robot adapter interface

The adapter interface is the single extension point of the architec-
ture. Any Python class implementing 19 methods (set_max_speed,
set_max_force, set_max_payload, move, pick, place, ro-
tate, wait, inspect, process, scan, open_gripper,
close_gripper, send_message, receive_message, read_
sensor, get_state, wait_for_signal, notify_operator)
can be passed to RTSFParser as the execution
backend. Three adapter implementations are provided: MockRobot
(no-op, for instantaneous dry-run testing), RobotStub (returns deter-
ministic  sensor  values), and ROS2Adapter (executes
FollowJointTrajectory actions on any ROS 2-controlled robot
in Gazebo Harmonic, with the robot name, controller action server
path, and named-location joint configurations read from a per-robot
YAML file; validated on Universal Robots UR5e, Franka Emika FR3,
and Kinova Gen3). Decoupling the task . json file from the execution
backend is an architectural guarantee: deploying to a new robot re-
quires only a YAML configuration file, and all existing RTSF tasks run
unchanged. Listing 3 shows the adapter contract.

4.5. Scalability

The four main processing operations, JSON parsing, schema valida-
tion, semantic validation, and format conversion (PDDL and BT XML),
were benchmarked on six synthetic tasks ranging from 10 to 5000 steps,
generated with the same step-type distribution as real examples. Each
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Listing 1: Excerpt from urbe_pick_place. json: main program
nesting 1loop, error_handler, and subtask_call, with recovery
to home on failure.

1 "program": { "steps": [

2 { "id": "sO_home", "type": "actiomn",

3 "action": "move", "agent": "urbe_1",

4 "args": { "to_location": "home" } I},

5 { "id": "sl1l_batch", "type": "loop",

6 "loop_type": "count", "count": 3,

7 "body ": [

8 { Ilidll: “Sl_guard ll, lltype Il: n

error_handler",
9 "body": [
10 { "id": "s1_call", "type": "
subtask_call",

11 "subtask": "
subtask_pick_inspect_place"

12 "args": { "part": "part_a",

13 "tray_loc": "

source_tray" } }

14 1

15 "on_error": [

16 { "id": "s1_home", "type": "

action",

17 "action": "move", "agent": "urb
e_1",

18 "args": { "to_location": "home"
o}

19 ] >

20 "max_retries": 1 }

21 13,

22 { "id": "s2_end", "type": "action",

23 "action": "move", "agent": "urbe_1",

24 "args": { "to_location": "home" } }

s 1%}

Table 3

RTSF processing time (ms, mean of 10 runs) by task size. PDDL generation
time depends on actions_library size (constant across tasks), not step
count.

Steps  JSON parse Schema val. Semantic val. BT gen. PDDL gen.
10 0.35 1.49 0.01 0.03 0.09
50 0.43 4.19 0.05 0.09 0.08
100 1.41 7.82 0.11 0.18 0.09
500 1.98 30.49 0.47 0.67 0.09
1000 2.40 54.29 0.86 1.31 0.09
5000 7.71 295.36 4.72 7.22 0.10

operation was timed over 10 independent iterations; Table 3 reports
the means.

Schema validation dominates at large scales, growing as O(n8%)
(R%2 = 0.993), consistent with the jsonschema validator perform-
ing per-step recursive checks. JSON parsing scales as O(n%%0) (R? =
0.931), as expected for file I/O dominated operations. Semantic val-
idation and BT generation grow linearly. PDDL generation time is
effectively constant (~0.09 ms across all sizes) because it depends on
actions_library size, not step count. Even at 5000 steps, more
than two orders of magnitude larger than any real task in the evalua-
tion, total processing time (JSON parse + schema + semantic + BT) is
under 316 ms on a standard laptop, well below any practical threshold
for manufacturing task files. Fig. 2 visualises the log-log scaling of all
four operations with fitted power-law exponents.

Three consequences follow. The cost profile is dominated by one
operation: schema validation is 93.8% of pipeline time at 5000 steps
(295.36 of 315.01 ms) and already 79.3% at 10 steps, so optimisation
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Listing 2: Excerpt from multi_robot_assembly.json: a
multi_robot_sync step with barrier synchronisation. Two
agents (robot_1, robot_2) execute independent sub-assembly steps
concurrently; the parser dispatches per-agent steps via threads and
joins them at the barrier before continuing.

1 { "id": "s1_dual_prep_sync",

2 "type": "multi_robot_sync",

3 "agents": ["robot_1", "robot_2"],

4 "sync_type": "barrier",

5 "steps_per_agent": {

6 "robot_1": [

7 { "id": "r1l_move_station_a", "type":

"action",

8 "action": "move", "agent": "robot_1
n

9 "args": { "to_location": "station_a
"} 3,

10 { "id": "r1_weld_a", "type": "action"

11 "action": "process", "agent": "
robot_1",

12 "args": { "object": "sub_assy_a",

13 "operation": "weld" } },

14 { "id": "ri1_pick_a", "type": "action"

15 "action": "pick", "agent": "robot_1

n
16 "args": { "object": "sub_assy_a",
17 "from_location": "
station_a" } }

18 1
19 "robot_2": [
20 { "id": "r2_move_station_b", "type":
"action",
21 "action": "move", "agent": "robot_2
n
22 "args": { "to_location": "station_b
"} 3},
2 { "id": "r2_rivet_b", "type": "action
n
24 "action": "process", "agent": "
robot_2",
25 "args": { "object": "sub_assy_b",
26 "operation": "rivet" } I,
27 { "id": "r2_pick_b", "type": "action"
3
28 "action": "pick", "agent": "robot_2
n
29 "args": { "object": "sub_assy_b",
30 "from_location": "
station_b" } }
31 ]
2 }
3}

has a single target. Its sub-linear exponent reflects amortisation rather
than the validator’s per-step work, the marginal cost per step falling
from 149 ps at 10 steps to 59 ps at 5000 as the fixed cost of com-
piling the schema is spread further; validation is thus relatively most
expensive on the smallest files, where the absolute cost is negligible.
And the constant PDDL time locates the planning frontend’s cost in
the actions_library rather than the task body, so a task file can
grow arbitrarily without affecting conversion, though a large action
vocabulary would shift this term. At the sizes real tasks reach the whole
pipeline is therefore comfortably inside an interactive budget, 9.5 ms
at 100 steps, so validation can run on every edit in an authoring tool
rather than as a batch step, which is what a schema-guided authoring
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RTSF O(n) Scaling Analysis (Log-Log)
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Fig. 2. Log-log scaling of RTSF processing operations versus step count. Power-law fits confirm O(»n°®) for schema validation (R? = 0.993) and O(1n%°) for JSON
parsing (R? = 0.931). Semantic validation and BT generation grow linearly; PDDL generation is constant.

loop depends on. At 5000 steps, two orders of magnitude above the
largest task in this evaluation, the 315 ms total no longer fits a per-
keystroke budget but remains well within the delay tolerated for an
explicit validate-and-save action.

5. LLM evaluation
5.1. Experimental setup

The LLM evaluation measures whether schema-guided prompting
can reliably generate valid, construct-complete RTSF tasks from natural
language descriptions. The experiment uses two models: gpt-5.4-
mini (OpenAl) and meta-llama/llama-4-scout-17b-16e-
instruct (Ollama), both at temperature 0.2 with a maximum of 3
self-correction retries (max_retries=3). The task set comprises 30
manually authored natural language descriptions across four domains:
manufacturing (10 tasks), laboratory (7), logistics (7), and healthcare
(6). Descriptions range from 30 to 120 words and cover scenarios
such as batch pick-and-place, dual-robot assembly, order picking, and
pharmaceutical preparation. Each description is annotated with an
expected_constructs list (the step types that a complete RTSF
encoding of the task should include), manually assigned by the au-
thor; an independent second annotator independently annotated all
30 descriptions using the annotation guide released with the reposi-
tory, achieving Cohen’s k = 0.92 (95% CI [0.88, 0.95]), confirming
annotation reliability (full statistics in the Threats to Validity section).
The second annotator also assessed semantic accuracy of the generated
RTSF tasks (see Section 5.2).

The system prompt contains 13 rules in three categories: (i) JSON
conformance and schema-compliance rules (rules 1-6); (ii) field-name
and step-type guidance rules (rules 7-10); and (iii) disambiguation
rules that resolve common step-type ambiguities (rules 11-13, e.g., “use
error_handler, not a 1oop, whenever the task mentions retry on
failure”). The full schema (rtsf_schema_v1.0. json) is included
verbatim in the prompt.

Two metrics are computed per task:
|expected N generated|/|expected|, which measures

construct recall =
whether all

expected step types appear in the generated output; and validity =
whether the generated JSON passes both structural and semantic
validation. A task is corrected by feeding the validation error message
back to the model and requesting a revised JSON. A third metric,
semantic accuracy, was assessed by the independent second annotator
on all 30 generated tasks: for each present construct, the annotator
verified that field values, argument bindings, and nesting structure
were semantically correct relative to the natural-language description.
Semantic accuracy is reported as the percentage of present constructs
that pass this check.

5.2. Main evaluation results

Table 4 reports construct recall and validity per domain. All 30
tasks produced valid RTSF after self-correction (100% corrected va-
lidity). The average construct recall across all tasks is nearly 98%,
with manufacturing at 100% and healthcare the most challenging due
to tasks requiring complex combinations of multi_robot_sync,
human_action, and error_handler. First-pass validity, without
self-correction, was 80% (24/30 tasks); the remaining 6 tasks required
at most 2 retries to fix schema errors.

The independent second annotator also assessed semantic accuracy:
for each present construct, the annotator verified that field values,
argument bindings, and nesting structure were semantically correct
relative to the natural-language description. The average across all 30
tasks is 91%, with manufacturing highest and logistics lowest (Table
4). The gap between construct recall and semantic accuracy reflects
cases where a step type is present but its field values or nesting do not
fully match the task description, for example, a conditional with
correct then/else branches but incorrect sensor check arguments, or
an error_handler with a recovery body that does not match the
described recovery procedure.

Validity and recall move in opposite directions across domains:
manufacturing has the lowest first-pass validity (6/10) with perfect
recall (100.0%), healthcare perfect first-pass validity (6/6) with the
second-lowest recall (96.7%). The two therefore capture independent
failure modes. Schema errors are surface-level conformance failures,
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Listing 3: The robot adapter contract (excerpt from rtsf/-
mock_robot.py). Any class implementing these methods
can be passed to RTSFParser as the execution backend.
MockRobot, ROS2Adapter, and CobottaAdapter are three
such implementations.

1 class RobotStub:
2 """No-op robot. Every method accepts any
arguments and
returns None (or a safe default for
queries). """

5 # Safety limits

6 def set_max_speed(self, value): pass
7 def set_max_force(self, value): pass

8 def set_max_payload(self, value): pass

10 # Motion and manipulation
11 def move(self, to_location, **kw): pass

12 def pick(self, object, from_location, **
kw): pass

13 def place(self, object, to_location, **
kw): pass

14 def rotate(self, object, degrees, **kw):
pass

15 def open_gripper(self, #**kw): pass

16 def close_gripper(self, **kw): pass

17

18 # Perception and processing

19 def inspect(self, object, sensor, **kw):

pass

20 def scan(self, object, sensor, **kw):
pass

21 def process(self, object, operation, **
kw) : pass

# Communication and synchronisation

2 def wait(self, duration_ms, **kw): pass
25 def send_message(self, to_agent,

26 message_type, payload=
None, **kw): pass

27 def receive_message(self, from_agent,

28 message_type, **kw):
pass

29 def wait_for_signal(self, source, signal

30 timeout_ms=None) :
return True
31 def notify_operator(self, step_id): pass

33 # State queries

34 def read_sensor(self, sensor, object,
property): return True

35 def get_state(self, property): return
False

mechanically detectable and repairable, which is why self-correction
resolves all of them within two retries; missing constructs follow from
an interpretive decision about the description and are invisible to the
validator, since a task lacking its parallel step is fully conformant.
This is why both metrics are reported, and why the correction loop
raises validity to 100% while leaving recall untouched. The 6.8 pp
gap between average recall (97.8%) and semantic accuracy (91.0%)
preserves the domain ordering, suggesting graded domain difficulty
rather than a separate phenomenon, with logistics penalised on both
counts by descriptions that leave concurrency and routing conditions
implicit.
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Table 4

LLM evaluation results per domain (gpt—-5.4-mini and 1lama-4-scout,
temperature 0.2, max 3 retries). FP valid = first-pass valid (no self-correction);
Avg/Min recall = construct recall; Sem. acc. = semantic accuracy assessed by
independent annotator.

Domain Tasks  Valid FP valid Avg recall Min recall Sem. acc.
Manufacturing 10 10/10 6/10 100.0% 100.0% 93.0%
Laboratory 7 7/7 6/7 97.1% 80.0% 90.0%
Logistics 7 7/7 6/7 96.4% 75.0% 88.0%
Healthcare 6 6/6 6/6 96.7% 80.0% 92.0%
Total 30 30/30 24/30 97.8% 75.0% 91.0%

Fig. 3 visualises construct coverage per task across all four domains.
The minimum recall of 75% (logistics task 1og_05) reflects a task
requiring four step types including multi_robot_sync and par-
allel for a dual-AGV cross-docking scenario; the model produced a
schema-valid but structurally incomplete output on the first attempt
(missing parallel).

The heatmap makes the failure profile legible in a way the aggre-
gates cannot. Three of the 30 tasks miss exactly one expected construct
each (1ab_06, 1log_05, hc_05); none misses two, and none misses
action, expected and generated in all 30. Normalising by how often
each construct is expected reveals a pattern rather than three isolated
accidents: parallel is missed in 1 of the 5 tasks expecting it (20.0%),
against 1 of 13 for conditional and 1 of 19 for loop, while
the remaining five constructs are never missed. The construct with
the highest miss rate is also the one on which the two annotators
agreed least (x = 0.64 against k > 0.86 for all others, Section 5.4).
We read this convergence as evidence that the residual errors track
genuine ambiguity in the source material rather than model noise:
when a description says two operations happen “at the same time”,
whether strict simultaneity is required is often underdetermined, and
annotators and model hesitate at the same points. The residual gap is
therefore more likely closed by disambiguating the authoring interface,
for example by asking the author to confirm concurrency, than by
further prompt engineering, whose ceiling Section 5.3 quantifies.

Two caveats qualify these figures, both detailed in Section 5.4:
construct recall counts the presence of a step type rather than its correct
use, which the semantic accuracy assessment above partially addresses;
and the task descriptions, annotation scheme, and prompting rules
share an author with the format, so the recall figures are an upper
bound under ideal alignment rather than an estimate for external users.
The independent benchmark below addresses the second directly.

5.2.1. Independent benchmark validation

An independent benchmark of 30 additional natural-language task
descriptions was constructed by three evaluators with different pro-
fessional backgrounds: a robotics integrator (E1, 10 tasks), a process
engineer (E2, 10 tasks), and a software developer with no robotics
or RTSF knowledge (E3, 10 tasks). None of the evaluators designed
or contributed to the RTSF format. The task descriptions cover the
same four domains as the original set (manufacturing 10, labora-
tory 7, logistics 7, healthcare 6) but use entirely different scenarios,
written in each evaluator’s own professional vocabulary and with-
out exposure to RTSF terminology, the schema’s step-type taxonomy,
or the prompting rules. Each evaluator independently annotated the
expected_constructs for their own descriptions using the same
annotation guide.

The same generation pipeline (gpt—5.4-mini, temperature 0.2,
max_retries=3, identical system prompt and schema) was re-run on
this independent set. Table 5 reports the results alongside the original
benchmark.

The independent benchmark achieves 92.7% average construct re-
call, a drop of 5.1 pp from the original set. All 30 tasks still produce
valid RTSF (100% corrected validity), indicating that the format and
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LLM Construct Coverage per Task
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Fig. 3. Construct coverage heatmap per task across four domains. Each cell indicates whether an expected step type was generated by gpt-5.4-mini
and 1lama-4-scout with schema-guided prompting. All 30 tasks achieve >75% construct recall; the three missing constructs are parallel in log_05,
conditional in lab_06, and loop in hc_05. Cells marked “expected but absent” are shown in red with a hatch overlay so that the three states remain

distinguishable in greyscale and under colour-vision deficiency.

Table 5

Independent benchmark results per domain (gpt-5.4-mini, tempera-
ture 0.2, max 3 retries). FP valid = first-pass valid; Avg/Min recall = construct
recall. The independent set was authored and annotated by three evaluators
unfamiliar with RTSF.

Domain Tasks Valid FP valid Avg recall Min recall
Manufacturing 10 10/10 7/10 91.7% 66.7%
Laboratory 7 7/7 4/7 93.6% 75.0%
Logistics 7 7/7 5/7 97.1% 80.0%
Healthcare 6 6/6 5/6 88.3% 75.0%
Total 30 30/30 21/30 92.7% 66.7%

prompting pipeline generalise beyond the format designer’s mental
model. First-pass validity drops from 80% to 70%, indicating that de-
scriptions written without knowledge of RTSF conventions are slightly
more likely to produce schema errors on the first attempt. Per-annotator
recall is 90.5% (E1, robotics integrator), 95.5% (E2, process engi-
neer), and 92.2% (E3, software developer); the narrow spread (5.0 pp)
suggests that the pipeline is robust to the evaluator’s background.

Nine of the 30 independent tasks have at least one missing expected
construct (compared to 3 of 30 in the original set). Each of the
nine omits exactly one construct, so the nine misses distribute as
follows: error_handler in 2 tasks (ind_mfg_04, ind_hc_01),
parallelin 2 (ind_hc_02, ind_log_07), multi_robot_sync
in 2 (ind_lab_02, ind_lab_05), loop in 2 (ind_mfg_08, ind_
hc_06), and human_action in 1 (ind_mfg_05). Notably, the
model sometimes substitutes conditional for error_handler
when the evaluator describes retry logic in ambiguous terms (e.g., “if
the cap doesn’t seat properly” without explicitly framing it as a failure-
recovery pattern), and substitutes subtask_call for multi_
robot_sync when the evaluator describes concurrent workstations
without an explicit barrier. Such substitution patterns align with the
disambiguation challenges that prompting rules 11-13 are designed to
address, and suggest that evaluators unfamiliar with RTSF’s construct
taxonomy describe the same robotic scenarios in terms that map less
cleanly to the format’s step types.

Semantic accuracy (Section 5.2) was not reassessed on the inde-
pendent benchmark, as it requires manual verification of field values
and argument bindings against each description by a domain-aware
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Fig. 4. Per-task construct recall under three prompt variants. Variant A (full, 13 rules) achieves 98.0% average recall; Variant B (no disambiguation, 10 rules)
drops to 90.2%; Variant C (minimal, 6 rules) degrades to 84.2%. The A—C degradation of roughly 14 pp is decomposed into —7.8 pp (disambiguation rules) and

—6.0 pp (field-name guidance).

Table 6
Prompt ablation on 10 targeted tasks. FP = first-pass valid; Valid = corrected
validity.

Variant Rules Avg recall FP valid Valid

A: Full 13 98.0% 6/10 (60%) 10/10 (100%)
B: No disambig 10 90.2% 8/10 (80%) 10/10 (100%)
C: Minimal 6 84.2% 6/10 (60%) 9/10 (90%)

annotator; this is identified as a direction for future work. The in-
dependent benchmark therefore validates construct-level (structural)
generalisation but does not yet confirm whether semantic fidelity (91%
on the original set) also generalises to external task descriptions.

5.3. Prompt ablation study

A controlled ablation on a 10-task subset, chosen to target
disambiguation-sensitive constructs (rules 11-13), isolates the contri-
bution of each prompt rule category. Three prompt variants were
evaluated:

» Variant A (Full): all 13 rules, including disambiguation rules
11-13.

+ Variant B (No disambig): rules 1-10 only; disambiguation rules
11-13 removed.

+ Variant C (Minimal): rules 1-6 only; field-name guidance (7-10)
and disambiguation (11-13) removed.

Table 6 and Fig. 4 show a degradation from A to C that is mono-
tonic in aggregate. The A—B drop (-7.8 pp) is attributable to dis-
ambiguation rules 11-13: tasks involving error_handler (1ab_06,
hc_03) and multi_robot_sync + human_action (mfg_06) re-
gressed, because without explicit guidance the model defaults to sim-
pler but less complete constructs that still pass schema validation.
The B—C drop (—6.0 pp) is attributable to field-name guidance rules
7-10: without them, task lab_06 (5 expected constructs) fails on
all 4 attempts because the model consistently invents non-schema
field names (try_steps, recovery_steps) instead of the correct
body/on_error fields. This is the only task that is schema-invalid
even after self-correction in Variant C, yielding 9/10 validity (90%).
Validity is unaffected in Variants A and B because disambiguation rules
alter which step type is chosen, not whether the chosen type is schema-
conformant. The total A—C degradation of roughly 14 pp decomposes
as —7.8 pp (disambiguation) + —6.0 pp (schema field-name guidance).

Fig. 4 shows that this degradation is concentrated rather than
distributed, which qualifies how the ablation should be read. Six of

10

the ten tasks return identical recall under all three variants, and only
three degrade from A to C. One dominates: 1ab_06 falls from 0.80 to
0.00 under Variant C, being the single task whose output stays schema-
invalid even after self-correction once field-name guidance is removed,
so no construct is credited; it alone accounts for 8.0 of the 13.8 pp
degradation, with mfg_06 (-33 pp) and 1log_03 (-25 pp) making
up the rest. One task, hc_03, degrades under Variant B yet recovers
under the stricter Variant C, a non-monotonicity best attributed to
sampling variation at temperature 0.2 that bounds the resolution of a
ten-task ablation. Two conclusions follow. The roughly 14 pp figure is
the average effect of a mechanism close to binary in individual cases, in
which a rule either prevents a specific structural failure or is irrelevant
to the task, rather than a uniform loss of quality. And the largest single
contribution comes from field-name guidance preventing a total valid-
ity failure, a schema-conformance effect, whereas disambiguation rules
redirect the choice among conformant step types: the two categories
contribute comparably in magnitude but through different mechanisms.
Estimating them with confidence intervals requires a larger ablation
set, identified as future work.

5.4. Threats to validity

Several threats to validity apply to the LLM evaluation. The 30-
task main evaluation and 10-task ablation are convenience samples
across four domains, not a statistically representative benchmark; re-
sults may not generalise beyond manufacturing, logistics, laboratory,
and healthcare scenarios.

A second concern is annotation bias. The expected
_constructs field is hand-annotated by the author, and a different
annotator might label the same task differently (e.g., whether a retry
should be error_handler or 1oop). An independent second anno-
tator annotated all 30 descriptions using the released annotation guide,
achieving Cohen’s k = 0.92 (95% CI [0.88, 0.95], almost perfect agree-
ment [30]). The lowest per-construct agreement was for parallel
(k = 0.64), reflecting genuine ambiguity in whether NL descriptions
of concurrent actions imply strict simultaneity; all other constructs
reached x > 0.86. A more fundamental circularity bias remains: the
schema, task descriptions, annotation scheme, and prompting rules
were all designed by the same author. The independent benchmark
(Section 5.2.1) partially addresses this, three external evaluators with
different professional backgrounds authored 30 new descriptions, on
which the same pipeline achieved 92.7% recall with 100% corrected
validity. However, the 13-rule system prompt was still authored by
the RTSF designer and was not co-designed or reviewed by the three
external evaluators. The recall drop therefore reflects both genuine
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Table 7

The six RTSF task scenarios used for multi-platform validation. Each row shows
which of the nine step types the scenario exercises (v') and the total number
of adapter method calls generated per full execution.

Scenario act loop cond par err hum evt sub sync Calls
S1 pick-inspect-place v vV v v v 23
S2 machine tending v o/ v v 32
S3 parcel sorting v o/ v 40
S4 parallel cross-dock v v 13
S5 pharmacist verify v v 7/ 4 15
S6 dual-arm assembly v v 14

format generalisation and residual prompt-rule specificity to the au-
thor’s phrasing conventions, which the current experiment cannot fully
disentangle.

Construct recall also measures whether a step type appears in the
output, not whether it is used correctly: a semantically vacuous er—
ror_handler with an empty body would still be counted. The in-
dependent second annotator assessed semantic accuracy of all 30 gen-
erated tasks (Section 5.2), verifying that each present construct has
correct field values and appropriate nesting; the average is 91% (Table
4). This check was not repeated on the independent benchmark, so
semantic fidelity under external authorship remains to be confirmed.

Finally, the self-correction mechanism may inflate the corrected
validity metric; first-pass validity (80%) is the less gameable indicator.
Results also depend on the specific gpt—-5.4-mini and 1lama-4-
scout versions evaluated, and LLM weights are updated by providers
without notice, making exact replication over time difficult.

6. Multi-platform validation
6.1. Experimental setup

The multi-platform validation experiment tests whether a single
RTSF file produces behaviourally equivalent execution across the
MockRobot and physics-based (UR5e) or controller-stub (Franka,
Kinova) ROS 2 robot execution on multiple robot platforms, and
between mock and physical robot execution. Six task scenarios are
evaluated on four different robot setups (Universal Robots UR5e (6-
DOF), Franka Emika FR3 (7-DOF), Kinova Gen3 (7-DOF), and Denso
Cobotta (6-DOF)) using the identical, unmodified RTSF task files. Table
7 summarises the RTSF step types exercised by each scenario.

S1: Pick-inspect-place (pick_place. json): a batch pick-inspect-
place loop with 3 cycles. The subtask performs move — pick — inspect
— conditional-place (OK bin or NOK bin), exercising action, loop,
error_handler, subtask_call, and conditional. 23 adapter
calls.

S2: Machine tending (machine_tending. json): the robot tends
a CNC machine over 3 blank cycles. Before each cycle, it waits for
a machine-ready event_trigger; an error_handler wraps the
pick step (recovery: return to home). After loading the blank, a sec-
ond event_trigger waits for the machining-done signal before
unloading. 32 adapter calls.

§3: Parcel sorting (sorting.json): five parcels are sorted by
weight class using scan and nested conditional branches that
route each parcel to one of three bins (light/medium/heavy). No sub-
task is used, providing a contrast in structural pattern. 40 adapter
calls.

S4: Parallel cross-dock (parallel_crossdock. json): two par—
allel branches each perform a pick-move-place sequence for different
parcels (A and B) with wait_all synchronisation. The parser dis-
patches both branches concurrently via Python threads. 13 adapter
calls.

S5: Pharmacist verify (human_pharmacist_verify. json): the
robot prepares a drug compound (mix, transfer to vial) inside a sub-
task_call wrapped by an error_handler, then pauses for phar-
macist inspection via a human_action step with confirmation_
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required. In automated runs (MockRobot, ROS 2), the step auto-
confirms; in interactive runs, the operator presses ENTER. 15 adapter
calls.

S6: Dual-arm assembly (multi_robot_assembly.json): two
robots (robot_1, robot_2) prepare sub-assemblies independently
via multi_robot_sync with a barrier synchronisation, then
robot_1 joins the parts at the join station. The parser dispatches
per-agent steps via threads and joins them at the barrier. 14 adapter
calls.

The environment runs Ubuntu 24.04 (WSL2) with ROS 2 Jazzy for
the three digital twin platforms, and Windows for the physical robot.
Four robot platforms are evaluated:

+ Universal Robots UR5e (6-DOF): ros-jazzy-ur-
simulation-gz package, Gazebo Harmonic (physics engine:
DART); action server /scaled_joint_trajectory
_controller/follow_joint_trajectory; poses in
urbe_poses.yaml.

Franka Emika FR3 (7-DOF): official frankarobotics/
franka_ros2 stack (branch jazzy), RViz with controller stub
(mock_components/GenericSystem, no physics engine);
action server /joint_trajectory_controller/follow
_joint_trajectory (added via a controller-manager over-
ride, not present in the vendor’s default configuration); poses in
panda_poses.yaml.

Kinova Gen3 (7-DOF): ros2_kortex package (Kinova official),
RViz with controller stub; action server /joint_trajectory_
controller/follow_joint_trajectory; poses in ki-
nova_gen3_poses.yaml.

Denso Cobotta (6-DOF): physical robot with 2-DOF parallel
gripper, controlled via proprietary BCAP protocol (Windows-
only); CobottaAdapter (real_robot/denso_cobotta/
cobotta_adapter.py) reads joint configurations from
cobotta_poses.yaml; executed using standalone runner
run_cobotta_task.py (no ROS 2 dependency).

The three digital twin platforms share a single generic
ROS2Adapter (digital_twin/ros2_adapter.py) that reads
the robot name, action server path, joint names, and named-location
joint configurations from the per-robot YAML file. No code change
is needed to add a new ROS 2 robot; only a YAML file is required.
The Denso Cobotta uses a dedicated CobottaAdapter implementing
the same 19-method adapter interface, showing that RTSF can inte-
grate with non-ROS 2 communication protocols. Each scenario task
file is executed eight times (four robots x two adapters): once with
MockRobot (instantaneous, for baseline) and once with the robot-
specific adapter (ROS2Adapter for digital twins, CobottaAdapter
for the physical robot). For S5, the human_action step is auto-
confirmed in all backends to ensure deterministic trace comparison.
For S6, both agents share the same adapter instance (the parser dis-
patches per-agent steps via threads). All runs save an execution trace
(JSON array of timestamped adapter method calls and arguments).
compare_traces.py computes three metrics: sequence match per-
centage, argument match percentage, and per-action timing delta A¢
(relative timestamp difference between the two runs).

6.2. Results

Table 8 reports the behavioural equivalence metrics for all twenty-
four scenario-robot pairs (six scenarios x four robots).

All twenty-four scenario-robot combinations achieve 100%
sequence and argument equivalence between MockRobot and the
robot-specific adapters. Across 548 total adapter calls (137 per robot),
six structurally distinct task programs, and four robot platforms with
different DOF counts, joint naming conventions, ROS 2 action server
paths, and communication protocols, the parser generates identical
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Table 8
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Behavioural equivalence metrics: MockRobot vs. robot-specific adapters across all six validation scenarios and
four robot platforms. Execution time = max relative timestamp (total execution time); Avg A = mean per-action
relative timestamp difference. All twenty-four combinations achieve 100% sequence and argument equivalence.

Robot Scenario Actions Seq. Args Exec. time Avg At
S1 pick-inspect-place 23 100% 100% 34,533 ms 17,311 ms
S2 machine tending 32 100% 100% 42,713 ms 20,067 ms
URSe S3 parcel sorting 40 100% 100% 81,815 ms 39,841 ms
S4 parallel cross-dock 13 100% 100% 43,072 ms 17,545 ms
S5 pharmacist verify 15 100% 100% 54,807 ms 24,353 ms
S6 dual-arm assembly 14 100% 100% 36,008 ms 17,251 ms
S1 pick-inspect-place 23 100% 100% 26,514 ms 13,320 ms
S2 machine tending 32 100% 100% 37,219 ms 17,729 ms
S3 parcel sorting 40 100% 100% 56,578 ms 27,598 ms
Franka FR3
S4 parallel cross-dock 13 100% 100% 16,525 ms 6428 ms
S5 pharmacist verify 15 100% 100% 21,118 ms 9097 ms
S6 dual-arm assembly 14 100% 100% 15,244 ms 6675 ms
S1 pick-inspect-place 23 100% 100% 26,536 ms 13,354 ms
S2 machine tending 32 100% 100% 35,861 ms 17,277 ms
Kinova Gen3 S3 parcel sorting 40 100% 100% 53,720 ms 25,860 ms
S4 parallel cross-dock 13 100% 100% 17,129 ms 6665 ms
S5 pharmacist verify 15 100% 100% 21,080 ms 9083 ms
S6 dual-arm assembly 14 100% 100% 15,522 ms 6723 ms
S1 pick-inspect-place 23 100% 100% 25,933 ms 12,325 ms
S2 machine tending 32 100% 100% 34,979 ms 17,839 ms
Denso Cobotta S3 parcel sorting 40 100% 100% 55,845 ms 27,176 ms
S4 parallel cross-dock 13 100% 100% 14,196 ms 7098 ms
S5 pharmacist verify 15 100% 100% 17,015 ms 8507 ms
S6 dual-arm assembly 14 100% 100% 15,665 ms 7832 ms
Total 548

method call sequences regardless of the execution backend. The six
RTSF task files are used without any modification across all four
platforms; only the per-robot YAML configuration file changes. Full
timing data for each scenario-robot pair are reported in Table 8.

The scenario-specific details confirm that all control-flow constructs
propagate correctly through the adapter interface. S2 introduces
event_trigger steps (wait_for_signal adapter calls, 6 per
robot), which appear in all backends with identical arguments and
source/signal values. S4 exercises parallel branches via Python
threads; the interleaved method calls differ in ordering across runs but
the compare_traces.py metric sorts by step ID before compari-
son, yielding 100% sequence match. S5 introduces a human_action
step that is auto-confirmed in all backends, producing a deterministic
adapter call sequence. S6 exercises multi_robot_sync with two
agents sharing the same adapter instance; the barrier synchronisation
ensures both agents complete before the post-sync steps begin. S3
demonstrates that nested conditional branches with scan and
read_sensor calls produce deterministic, equivalent traces across all
backends.

Because the parser dispatches adapter calls via getattr
(self.robot, action_name) without inspecting the backend
type, and because all adapters return identical default values for
read_sensor, get_state, and wait_for_signal, the call se-
quence is fully determined by the task JSON and the parser’s control-
flow logic. The 100% match is therefore a regression test that all
adapters correctly implement the 19-method interface. The substantive
findings are vendor independence, the same unmodified task files run
on four robots from different manufacturers with only YAML configu-
ration changes, and timing characterisation: per-action delays vary sys-
tematically across backends, so wall-clock performance is determined
by the execution backend, not the task description.

The timing deltas vary systematically across platforms, reflecting
differences in the execution backend rather than the task logic. UR5e
(Gazebo Harmonic with DART physics engine) is consistently the slow-
est across all six scenarios because the physics simulation computes full
rigid-body dynamics, collision detection, and friction at each control
step. Franka FR3 and Kinova Gen3 (RViz controller stub, no physics
engine) are faster than URSe by a factor that depends on the scenario,

12

ranging from 1.15x (S2) to 2.61x (S4), since trajectory interpolation
is performed by the mock_components/GenericSystem plugin
without dynamic simulation. Franka and Kinova exhibit nearly identi-
cal timing (mean absolute difference 2.4%, maximum 5.1% on S3), as
expected given that both use the same plugin with 7-DOF kinematics.
Denso Cobotta (physical robot, BCAP protocol) is the fastest for S1
because it communicates directly with the physical controller without
simulation overhead, though real motor acceleration limits and gripper
actuation time impose physical constraints. For S2 and S3, the timing
differences narrow as the number of move actions dominates total
execution time across all platforms.

Because 100% sequence and argument equivalence guarantees an
identical call sequence per scenario, cross-robot comparison within
a scenario is sound while cross-scenario comparison is not, the six
programs differing in their proportion of motion to sensor and signal
calls. Normalising by adapter call count, the three non-physics back-
ends cluster tightly at 1089-1414 ms per action across all eighteen
combinations (medians 1217 ms Franka, 1236 ms Kinova, 1123 ms
Cobotta), whereas UR5e has a higher median (2309 ms) and a far wider
spread (1335-3654 ms). The spread, not the median, is informative:
the physics engine makes per-action cost depend on what the action
physically does, so the scenario dominated by short transfers between
adjacent stations (S2, at 1335 ms, still inside the stub band) approaches
stub-like cost, S1 and S3 sit above it at 1501 and 2045 ms, and those
with concurrent branches or long repositioning motions (S6, S4 and S5,
at 2572, 3313 and 3654 ms) diverge from it, which is why no single
summary ratio would be adequate.

Two further regularities appear. The physical robot is among the
fastest backends rather than the slowest, at 0.81-1.02x the mean
wall-clock time of the two controller-stub platforms across the six
scenarios (0.81-1.04x against either stub taken singly), so real motor
dynamics are not the limiting factor at this granularity: the stubs’ fixed
trajectory-execution timing is, and a stub-based twin therefore yields
a conservative rather than optimistic estimate. Second, the ratio of
average per-action At to total execution time falls in a narrow band,
0.39-0.51 across all twenty-four combinations. Since the MockRobot
baseline is effectively instantaneous, Ar approximates the mean relative
timestamp of the robot run, which converges to half the total duration
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precisely when per-action costs are near-uniform and incurred sequen-
tially. Both conditions hold in S1-S3, where the ratio is 0.47-0.51 on
every platform, and this independently indicates that no single call
dominates them. The eight values below 0.45 are not noise but the
signature of one condition or the other failing, and they are confined
to the ROS 2 backends on S4, S5 and S6. In S4 and S6 it is sequen-
tiality: the parser dispatches branches and per-agent steps on threads,
so concurrency compresses total wall-clock without reducing the per-
action costs that Ar averages, an effect that does not appear on the
physical robot, whose single arm and single BCAP connection serialise
the concurrent branches in practice, leaving its ratio at 0.50 on both
scenarios. In S5, which is itself sequential, it is uniformity: a mean
relative timestamp below half the total places the more expensive calls
late in the trace, which matches a scenario ending in a transfer to
the vial station after a comparatively cheap preparation subtask. The
mock-run delta is therefore a sound linear estimator for scheduling only
where both conditions hold; where they do not, it must be applied per
branch or per phase rather than to the scenario as a whole.

7. Discussion

The three hypotheses of Section 1 can first be assessed against
the results. H1 is supported within its stated scope: all twenty-four
combinations produce identical call sequences and arguments from
unmodified task files, with divergence confined to timing as predicted,
the qualification being that portability is established for task logic in
pre-taught workspaces, not for motion. H2 is supported including its
sharper prediction: first-pass validity is imperfect (80% and 70%) while
corrected validity is complete (100% on all 60 descriptions), and the
predicted asymmetry holds, the correction loop repairing structural
defects but leaving construct completeness unchanged. H3 is supported
in direction but weakly in magnitude: recall degrades by roughly
14 pp while schema conformance is largely preserved, but the effect
is concentrated in three of ten tasks, and the confound of Section 5.4,
that prompt rules and task descriptions share an author, is only partly
addressed by the independent benchmark.

7.1. Interpreting the multi-robot results

The 100% sequence and argument equivalence across all twenty-
four combinations confirms that the adapter interface successfully de-
couples task logic from execution backend: the same RTSF parser
traversal generates identical method calls regardless of whether the
adapter is a no-op stub, a physics-based (UR5e) or controller-stub
(Franka, Kinova) ROS 2 execution, or a physical robot using a pro-
prietary protocol. The multi-robot result also validates vendor inde-
pendence: the same RTSF files drive robots from four different man-
ufacturers with different kinematics, joint-space dimensionalities (6
vs. 7 DOF), joint naming conventions, ROS 2 controller interfaces,
and communication protocols, without any modification to the task
description. The only adaptation required per robot is a YAML con-
figuration file mapping named locations to joint configurations and
specifying the action server path (or BCAP connection parameters).
Beyond correctness, RTSF can serve as a digital twin interface [31,32]:
the mock run enables rapid task validation before deploying to any
conforming simulation or hardware, and the timing delta provides a
practical estimate of real execution time for task scheduling and safety
planning.

The portability demonstrated here concerns task-logic portability,
running the same RTSF task file on different robot brands without
modifying the task description. The current ROS2Adapter resolves
RTSF named locations to pre-computed joint configurations stored in
per-robot YAML files (13 locations per robot in our experiments). The
approach works for fixed workspaces where joint configurations can
be manually tuned once, but it does not perform inverse kinematics or
collision avoidance. In a production deployment, a full motion planning
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stack (e.g., Movelt 2) would be interposed between the adapter and
the robot controller. The remaining gap to additional physical hard-
ware lies entirely in the adapter layer (motion planning, force/torque
control), which is external to RTSF by design.

Together the six scenarios exercise all nine RTSF step types across
six structurally distinct program patterns, on all four platforms (Table
7).

7.2. RTSF vs. Code-as-Policy

Both RTSF and Code-as-Policy [10] achieve high LLM generability
from natural language task descriptions. The fundamental difference
is the output representation: Code-as-Policy outputs executable Python
code, which is maximally flexible but not portable, not formally vali-
datable, and inseparably coupled to the robot API in the prompt. RTSF
trades some flexibility (no arbitrary Python logic) for three guarantees:
(1) schema-enforced structural correctness, catchable before execution;
(2) vendor neutrality, enabling a task to run on any robot with a
conforming adapter; and (3) human readability without programming
knowledge [33]. The ablation study (Section 5) shows that roughly 14
pp of recall depends on prompt engineering rather than the format
itself; this is a design opportunity, not a fundamental limitation: prompt
rules can be updated as the format evolves without changing the
schema.

Directly comparing RTSF with hand-authored Behaviour Tree or
PDDL programs on common benchmarks would be methodologically
ill-posed: BT.CPP XML and PDDL are execution-level formats requir-
ing framework-specific programming expertise, whereas RTSF is an
authoring format that targets them as output backends. The relevant
evidence for RTSF correctness is (a) that the authoring-to-execution
pipeline produces identical adapter call sequences across all backends,
a regression-level verification across all six digital twin scenarios, and
(b) that no surveyed format simultaneously offers vendor neutrality,
formal schema validation, LLM generability, and human readability
without programming knowledge (Table 1). Section 7.3 develops this
comparison along a further axis, robustness, separating the failure
modes on which RTSF is stronger than code generation from those on
which it is not.

7.3. Robustness compared with alternative approaches

Comparing robustness requires first agreeing on what can fail, since
the candidate approaches do not share a failure surface. For an inter-
change format three modes are distinguishable: a specification may be
malformed, well-formed but incomplete, or complete but non-portable.
RTSF is compared on each against the two alternatives targeting the
same authoring role, LLM-generated code (Code-as-Policy, ProgPrompt)
and library-bound representations (BT.CPP, PlanSys2).

On malformedness, RTSF converts what is elsewhere a runtime
failure into a static one, with 100% corrected validity across all 60
descriptions from first-pass rates of 80% and 70%. The mechanism
matters more than the rate: failures are detected before any motion
command is issued, and the error message is specific enough to drive
automated repair. Generated Python offers no equivalent guarantee,
which is why ProgPrompt must introduce an empirical executability
metric and why a semantically wrong but syntactically valid policy is
discovered only when the robot moves. This categorical difference in
failure surface is what makes an unsupervised generate-then-execute
loop defensible.

On incompleteness RTSF is not more robust, and the evidence says
so plainly: 9 of 30 independent tasks omit an expected construct, which
the schema cannot detect since a task missing its parallel step is
fully conformant. Code generation faces the same problem, a Python
policy equally able to omit an implied retry loop, but lacks a construct-
level annotation against which the omission could be counted. Both
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approaches are at similar risk here; RTSF differs in being able to
quantify it.

On portability the comparison is asymmetric by construction, and is
where the strongest claim is available: the multi-platform experiment
holds the task file fixed while varying vendor, middleware, joint-
space dimensionality, and protocol, with identical results throughout.
The equivalent operation for Code-as-Policy or ProgPrompt is not a
configuration change but a re-prompt against a different API, after
which correctness is again an empirical question; a BT.CPP tree is
portable only among installations providing the same C++ leaf nodes,
and a PlanSys2 specification does not exist outside ROS 2. Two qualifi-
cations apply. The equivalence is a regression-level guarantee rather
than a discovery, since the parser dispatches without inspecting the
adapter type, so it verifies adapter compliance rather than predicting
robustness under adapter faults; and it holds for task logic in pre-taught
workspaces, not for motion. What the experiment establishes is that the
parser-to-adapter boundary is the only place vendor-specific knowledge
enters, which is the precondition for portability rather than portability
of a complete robot program.

Robustness against faults during execution is not evaluated here
and should not be inferred: no experiment injects sensor, grasp, or
communication failures, and the adapters return default values for state
queries. Reactive frameworks hold a genuine advantage we do not
contest, in that a Behaviour Tree re-evaluates its conditions on every
tick whereas an RTSF task is traversed once and reacts only where the
author placed a handler or trigger. Fault injection on the six scenarios is
the natural next step, and the BT.CPP converter offers a path to reactive
semantics for an RTSF-authored task rather than reimplementing them.

7.4. RTSF as a proposed open standard

RTSF occupies a position in the standards landscape that is cur-
rently unfilled. NIST CRCL [1] standardises motion-level commands
(joint/Cartesian poses, gripper states) with an XSD schema, but has no
concept of task structure, objects, conditions, or error handling. ISA-
88 (IEC 61512) [20] standardises procedural control for batch process
industries, but lacks parallelism, multi-robot synchronisation, and a
machine-readable schema. RTSF complements both: it operates at the
task abstraction level above CRCL’s motion commands, adapts ISA-88’s
procedural hierarchy for discrete manufacturing, and adds a normative
JSON Schema with additionalProperties: false for formal
validation. The adapter interface (Section 4) serves as the interoperabil-
ity boundary: any robot conforming to the 19-method adapter contract
can execute RTSF tasks, analogous to how CRCL decouples motion
software from vendor controllers but at a higher abstraction level. The
MIT licence and versioned schema (rtsf_schema_v1.0. json) are
intended to facilitate adoption as a de facto open standard for robot
task interchange, and the planned v1.1 roadmap (recursive subtasks,
resource locks, timing constraints) addresses gaps identified through
comparison with existing industrial standards.

7.5. End-user development implications

RTSF is designed to be more accessible to domain experts than
vendor-specific programming languages, though a basic understanding
of JSON structure is assumed, aligning with end-user development
(EUD) principles [34,35]. The JSON format is structured enough to be
generated by Blockly-based visual editors (a planned future extension)
and is designed to capture real-world tasks across manufacturing, lo-
gistics, laboratory, and healthcare domains. The human_action step
explicitly models human participation, enabling collaborative robot
applications where operators and robots share task responsibilities. A
formal user study comparing authoring time and usability between
RTSF and vendor-specific languages is identified as future work. How-
ever, preliminary evidence supports the viability of the underlying
interaction paradigm: in related work [36], a chat-based LLM interface
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Table 9

Qualitative comparison of RTSF against vendor-specific robot programming
languages on five SME-relevant dimensions (v = fully supported; ~ = partial
/workaround; X = not supported). The “Human readability (non-programmer)”
row reflects a design goal of RTSF; preliminary evidence from a related
chat+Blockly prototype (12 non-programmer participants, SUS = 80.83) sup-
ports the underlying interaction paradigm, though a formal user study on RTSF
itself remains future work.

Dimension RTSF URScript RAPID KRL
Vendor portability v X X X
Formal schema validation v X X X
LLM-generability (schema-guided) v ~ ~ ~
Human readability (non-programmer) v X X X
Motion-level control X v v v

combined with a Google Blockly graphic representation was evaluated
for defining pick-and-place robot tasks, generating a custom, non-
schema-validated JSON structure. A user study with 12 participants
without programming or robotics background reported high usability
(SUS = 80.83, Grade A) and low-to-moderate workload (NASA-TLX).
While that system’s ad-hoc JSON format covers only a subset of RTSF’s
constructs (loops and conditionals, lacking formal schema validation,
error handling, parallelism, and multi-robot synchronisation), the posi-
tive usability results for the chat+block-based mediation paradigm mo-
tivate ongoing work to retarget its Blockly output to RTSF-conformant
JSON, combining the demonstrated end-user accessibility of that in-
teraction model with RTSF’s formal validation and full control-flow
coverage.

7.6. Adoption cost and portability for SMEs

The industrial motivation is worth stating explicitly. Reconfigurable
production, in which a cell is retooled as product mixes change, presup-
poses that the knowledge describing what a cell does can be separated
from the hardware currently executing it. Where that separation is
absent, each change of robot model or vendor requires re-authoring
the task in another proprietary language, and that cost falls hardest on
smaller manufacturers, who have the least capacity to absorb integrator
effort and the strongest incentive to reuse a task definition across a
gradually renewed fleet. Analyses of Industry 4.0 adoption in European
SMEs identify precisely this asymmetry, the financial and competence
cost of adopting cyber—physical production technologies being the dom-
inant barrier for smaller firms and a source of market exclusion relative
to large manufacturers [37], which is the constituency a vendor-neutral
task representation is intended to serve. The same separation lets a task
description serve as the artefact exchanged between a digital twin and
the shop floor [31,32].

A practical concern for industrial adoption is whether RTSF imposes
a higher authoring cost than existing vendor-specific approaches. Table
9 compares RTSF against the three dominant proprietary robot pro-
gramming languages (URScript (Universal Robots), RAPID (ABB), and
KRL (KUKA)) across five dimensions relevant to SME adoption.

RTSF deliberately operates at the task-abstraction level (above mo-
tion planning). What vendor languages cannot offer simultaneously,
portability across robot brands, formal validation that catches errors
before execution, schema-guided LLM generation, and readability for
non-programmers, RTSF achieves by delegating motion-level control
to the adapter layer. For SMEs that author tasks once and deploy on
different robot models as their fleet evolves, a common scenario in
flexible manufacturing, the portability and validation properties alone
can offset the loss of low-level control.

A structural comparison illustrates the authoring advantage. The
pick-inspect-place scenario (S1, 231 lines of RTSF) requires no Carte-
sian coordinates, no joint configurations, and no vendor API calls: all
spatial knowledge is encoded as named location identifiers resolved
at execution time by the adapter. An equivalent URScript program
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must additionally specify five pose variables (each requiring six joint
angles), tool configuration, and socket-based sensor communication
code, coupling the program to a single robot and workspace setup. The
RTSF version is portable across all robots with a conforming adapter,
and can be generated end-to-end from the natural-language description
with nearly 98% construct recall (Section 5), reducing the authoring
burden to prompt writing rather than robot programming.

7.7. Timing and real-time constraints

RTSF does not encode timing constraints beyond advisory time-
out_ms fields. The digital twin experiment shows average per-action
delays ranging from 6.4 s (Franka S4) to 39.8 s (UR5e S3) between
mock and robot execution, with an overall mean of approximately 15 s
across all twenty-four combinations: this is acceptable for pick-and-
place tasks but may be insufficient for time-critical assembly processes.
A planned timing_constraints section in RTSF v1.1 will support
velocity profiles and joint-space path constraints, narrowing the gap to
motion-level languages such as CRCL [1].

7.8. Perception, sensor fusion, and the adapter boundary

RTSF expresses conditions, event triggers, and sensor checks as
symbolic predicates over named workspace entities. How such a pred-
icate acquires its truth value is deliberately outside the format, and
in the experiments reported here it is trivial, since all adapters return
fixed defaults for state queries to keep traces deterministic. That is a
legitimate simplification for validating the parser-to-adapter boundary,
but it means these results say nothing about predicate reliability in a
production cell.

That reliability would come from the adapter, and the multi-source
fusion literature indicates what is achievable there: multimodal human
action recognition combining Wi-Fi channel state information with
smartwatch inertial sensing substantially outperforms either modal-
ity alone, the failure cases of an ambient RF channel and a body-
worn inertial unit being largely uncorrelated [38]. The same principle
applies to RTSF’s predicates: a human_action step with confir-
mation_required currently needs explicit operator confirmation,
whereas a fused estimate over vision, wearable inertial data, and
ambient sensing could confirm the expected contribution without inter-
rupting the operator, and grasp success is more reliably established by
combining force/torque signals with visual verification than by either
channel alone. This is an adjacent field and the analogy should not
be overstated, but the architectural consequence is concrete: predicate
evaluation sits behind the 19-method adapter interface, so fusion-based
perception can be introduced without changing the schema or existing
task files. The cost is that the reliability of a task’s conditional be-
haviour becomes an adapter-level property the format cannot validate,
the same boundary that limits motion-level guarantees (Section 7.9).

7.9. Known limitations

Several format limitations are acknowledged and motivate the RTSF
v1.1 roadmap. RTSF operates strictly at the task-abstraction level: it
does not encode joint configurations, Cartesian waypoints, or velocity
profiles, leaving these to downstream adapters. Subtasks cannot call
other subtasks, which prevents recursive task decomposition. Parallel
branches that operate on the same workspace object cannot declare a
resource lock. The PDDL and BT XML converters are one-way: neither
target format retains the information needed to reconstruct safety,
workspace, and HRI fields, so reverse conversion is not feasible.

On the validation side, the semantic validator is best-effort: it
checks action name existence in actions_library and $vari-
able scope correctness in subtask bodies, but does not verify that
action argument values match the typed parameters declared in ac—
tions_library, nor that location or object references in args are
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declared in workspace. These cross-type checks are left to the adapter
at execution time. Physical robot integration has been tested on the
Denso Cobotta (6-DOF, BCAP protocol), demonstrating 100% sequence
and argument equivalence between mock and physical robot execution.
Physical hardware validation on the three digital twin platforms (UR5e,
Franka Emika FR3, Kinova Gen3) remains future work. Bridging to
additional hardware requires only one adapter implementation per
robot; the task . json file and parser are hardware-agnostic by design.

The v1.1 roadmap addresses the structural limitations above: a
max_depth parameter will enable recursive subtask calls, a re-
source_lock primitive will guard parallel access to shared
workspace objects, and a timing_constraints section will support
velocity profiles and joint-space path constraints.

7.10. Reproducibility

All code, examples, and the JSON Schema are released under the
MIT licence. The 30 main NL task descriptions, 10 ablation descrip-
tions, and 30 independent benchmark descriptions are versioned in the
repository. The full test suite (107 tests) is deterministic and requires no
network access. LLM evaluation results are reproducible with the fixed
configuration (-model gpt-5.4-mini -temperature 0.2 and
-model meta-llama/llama-4-scout-17b-16e-instruct -
temperature 0.2), subject to provider model updates (see Sec-
tion 5.4). The independent benchmark can be reproduced with python
evaluate_llm.py -tasks examples/llm_generated/
tasks_independent. json -out results/llm_evaluation
_independent.csv.

8. Conclusion

The central result is vendor independence: six structurally distinct
task scenarios ran on four robot platforms (UR5e, Franka Emika FR3,
Kinova Gen3, Denso Cobotta) using the same unmodified RTSF files, ac-
cumulating over 500 adapter calls with identical method-call sequences
and arguments across all backends. Because the parser dispatches calls
without inspecting the adapter type, this match holds by construction
and serves as a regression test of adapter compliance. The runtime ar-
chitecture, a recursive parser, PDDL and BehaviorTree.CPP converters,
and a 19-method adapter interface, enables a single RTSF file to drive
mock, simulated, and planned execution without modification, with
sub-second end-to-end processing confirmed at up to 5000 steps.

On the generation side, schema-guided prompting achieved high
construct recall on 30 natural-language task descriptions across four
domains, with all outputs valid after self-correction. An independent
benchmark of 30 additional descriptions, authored by three evaluators
unfamiliar with RTSF, confirmed generalisability with a modest recall
drop and the same pipeline. A prompt ablation study showed that re-
moving disambiguation and field-name guidance rules degrades recall
by double-digit percentage points, with the degradation roughly evenly
split between the two rule categories.

RTSF v1.0 itself is an open, schema-validated, vendor-neutral JSON
format for describing robot manipulator tasks at the task abstraction
level. The format defines nine step types covering all six control-flow
constructs relevant to manufacturing and service robots, governed by a
normative JSON Schema (draft-07) with additionalProperties:
false on all objects. A gap analysis against ten existing formats shows
that, to our knowledge, no prior open format combines all of these
properties. By providing a formal schema, a versioned specification,
and a well-defined adapter interface, RTSF is positioned as a proposed
open standard for vendor-independent robot task interchange, com-
plementing existing standards such as NIST CRCL (motion level) and
ISA-88 (process control) at the task abstraction level.

Four bounds delimit what the format can be claimed to do today,
detailed in Section 7.9: a deliberate one of abstraction level, since
RTSF encodes no motion-level knowledge and portability is therefore
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established for task logic in pre-taught workspaces; an expressive one,
with no recursive subtasks, no resource locks, advisory timing, and
one-way converters; one of validation, the semantic validator being
best-effort and deferring cross-type checks to execution; and one of
evidence, physical hardware validation covering one platform of four,
the LLM results resting on 60 descriptions in four domains, and the
accessibility claim on a study of a related prototype rather than of
RTSF itself. The measured per-action delays of 6.4 to 39.8 s also
confine current applicability to pick-and-place and machine-tending
granularities, not time-critical assembly.

Within those bounds, the applications follow from the reuse argu-
ment of Section 7.6: a validated task file is an asset that outlives the
hardware it was written for, and the same file is the artefact exchanged
between a digital twin and the shop floor. Two further settings are
worth naming. Where production data must reach an MES or ERP layer,
a schema-validated task description is a natural payload for OPC UA
companion specifications [39]. And because the format is generated
rather than written in the pipeline evaluated here, it offers a validation
boundary for autonomous agents: a model proposes a task, the schema
can reject it before any motion is commanded, and a human can read
the result without knowing a vendor language.

On the format side, v1.1 will introduce recursive subtask calls,
shared resource locks, and a timing_constraints section. Tooling
efforts are underway for a Blockly-based visual editor that exports RTSF
JSON, a REST API validator, and extended ROS2Adapter support for
additional robot platforms. Evaluation priorities include real-hardware
adapter validation on URS5e, Franka Emika FR3, and Kinova Gen3,
integration with OPC UA companion specifications for MES-connected
manufacturing cells [39], and a publicly shared, independently an-
notated benchmark of natural-language robot task descriptions. The
independent benchmark reported in Section 5.2.1 is a first step in this
direction.

Four directions are specific enough to be actionable. The most
immediate closes the motion-level gap by interposing a planning stack
such as Movelt 2 between adapter and controller, replacing pre-taught
joint configurations with resolved inverse kinematics and collision-
aware trajectories, and so extending the portability claim from task
logic to execution in unstructured workspaces. The second concerns
validation strength: the cross-type checks currently deferred to the
adapter are decidable statically, and implementing them would support
a stronger pre-deployment correctness statement, of the kind type
checking provides for programming languages. The third is empirical
and is the one on which the end-user development claim ultimately
depends: a controlled study comparing authoring time, error rate,
and perceived workload between RTSF authored through a chat-and-
blocks interface and equivalent URScript, RAPID, or KRL programs,
with non-programmer domain experts as participants. The fourth is
the grounding of task-level predicates, which the format leaves to the
adapter and which is where robustness in realistic settings is won or lost
(Section 7.8). Adoption as an interchange format would additionally
require a conformance test suite for third-party adapters, which would
turn the 19-method interface into a checkable contract rather than a
documented convention.

Code availability

All code, the JSON Schema, and more than 70 validated example
tasks are openly available under the MIT licence at a public repository.
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Appendix. RTSF JSON schema (draft-07)

The following listing contains the complete normative JSON Schema
governing all RTSF v1.0 task files. Every object enforces addition-
alProperties: false, so any field not defined below is rejected
at validation time. The schema is used both for offline structural
validation (rtsf/validator .py) and as an in-context constraint for
schema-guided LLM generation (Section 5).

Listing 4: Complete RTSF v1.0 JSON Schema
(rtsf_schema_v1.0. json).

1 {
2 "$schema": "http://json-schema.org/draft-07/schema
#,

"$id": "https://raw.githubusercontent.com/
luigigargioni/robot_task_specification_format
/main/schema/rtsf_schema_v1.0.json",

4 "title": "RTSF - Robot Task Specification Format",

5 "description": "Open JSON-based format for vendor-

independent description of robot manipulator
tasks . ",

6 "type": "object",

7 "required": ["rtsf_version", "task"],

8 "additionalProperties": false,

9 "properties": {

10 "$schema": { "type": "string" I},

11 "rtsf_version": {

12 "type": "string",

13 "description": "RTSF schema version, e.g. ’1.0

>

14 },

15 "task": { "$ref": "#/definitions/task" }

16 ¥o

17

18 "definitions": {

19

20 "task": {

21 "type": "object",

22 "required": ["id", "name", "domain", "

workspace", '"program"],

23 "additionalProperties": false,

24 "properties": {

25 "id": { "type": "string" },

26 "name ": { "type": "string" },

27 "domain": { "type": "string" },

28 "description": { "type": "string" },

29 "metadata": { "$ref": "#/definitions/
metadata" },

30 "safety": { "$ref": "#/definitions/
safety" },

31 "subtasks": {

32 "type": "array",

33 "items": { "$ref": "#/definitions/subtask"

}

34 },

35 "workspace": { "$ref": "#/definitions/
workspace" },

36 "actions_library": {

3 "type": "array",
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38 "items": { "$ref": "#/definitions/ 112 3,
action_definition" } 113
39 }, 114 "location": {
40 "program": { "$ref": "#/definitions/ 115 "type": "object",
program" }, 116 "required": "id", "type"l,
41 "termination": { "$ref": "#/definitions/ 117 "additionalProperties": false,
termination" } 118 "properties": {
42 } 119 WGl g { "type": "string" },
43 3, 120 "type": {
44 121 "type": "string",
45 "metadata": { 122 "enum": "source", "destination", "discard
46 "type": "object", ", "home",
47 "additionalProperties": false, 123 "processing", "storage", '"generic
48 "properties": { "]
49 "author": { "type": "string" }, 124 },
50 "created": { "type": "string", "format": " 125 "frame": { "type": "string" }
date" }, 126 ¥
51 "robot": { "type": "string" I}, 127 Fo
52 "version": { "type": "string" }, 128
53 "license": { "type": "string" } 129 "agent": {
54 } 130 "type": "object",
55 }, 131 "required": ["id", "type"],
56 132 "additionalProperties": false,
57 "safety": { 133 "properties": {
58 "type": "object", 134 "id": { "type": "string" },
59 "additionalProperties": false, 135 "type": {
60 "properties": { 136 "type": "string",
61 "max_speed_ms": { "type": "number 137 "enum": ["cobot", "industrial_robot", "
", "minimum": O }, mobile_robot",
62 "max_force_n": { "type": "number 138 "human", "virtual"]
" "minimum": O }, 139 },
63 "max_payload_kg": { "type": "number 140 "initial_location": { "type": "string" },
", "minimum": O }, 141 "capabilities": {
64 "human_proximity_zone_m": { "type": "number 142 "type": "array",
", "minimum": O }, 143 "items": { "type": "string" }
65 "on_proximity_detected": { 144 },
66 "type": "string", 145 "role": { "type": "string" }
67 "enum": ["pause", "stop", "slow_down"] 146 ¥
68 }, 147 3,
69 "emergency_stop": { 148
70 "type": "object", 149 "action_definition": {
71 "additionalProperties": false, 150 "type": "object",
72 "properties": { 151 "required": ["id", "parameters'],
73 "trigger": { "type": "string" }, 152 "additionalProperties": false,
74 "return_to": { "type": "string" } 153 "properties": {
75 ¥ 154 3Gl g { "type": "string" },
76 }, 155 "description": { "type": "string" },
77 "timeout_global_ms": { "type": "integer", " 156 "parameters": {
minimum": O } 157 "type": "array",
78 } 158 "items": { "type": "string" }
79 ¥, 159 },
80 160 "preconditions": {
81 "workspace": { 161 "type": "array",
82 "type": "object", 162 "items": { "type": "string" }
83 "required": ["objects", "locations", "agents"] 163 },
s 164 "effects": {
84 "additionalProperties": false, 165 "type": "array",
85 "properties": { 166 "items": { "type": "string" }
86 "objects": { 167 }
87 "type": "array", 168 }
88 "items": { "$ref": "#/definitions/ 169 3,
workspace_object" } 170
89 }, 171 "subtask": {
90 "locations": { 172 "type": "object",
91 "type": "array", 173 "required": ["id", "name", "steps"'],
92 "items": { "$ref": "#/definitions/location 174 "additionalProperties": false,
"} 175 "properties": {
93 ¥o 176 "id": { "type": "string" },
94 "agents": { 177 "name ": { "type": "string" I},
95 "type": "array", 178 "description": { "type": "string" },
96 "minItems": 1, 179 "parameters": {
97 "items": { "$ref": "#/definitions/agent" } 180 "type": "array",
98 } 181 "items": { "$ref": "#/definitions/
99 } subtask_parameter" }
100 }, 182 },
101 183 "steps": {
102 "workspace_object": { 184 "type": "array",
103 "type": "object", 185 "items": { "$ref": "#/definitions/step" }
104 "required": ["id", "type"], 186 }
105 "additionalProperties": false, 187 ¥
106 "properties": { 188 },
107 "id": { "type": "string" }, 189
108 "type": { "type": "string" }, 190 "subtask_parameter": {
109 "properties": { "type": "object" }, 191 "type": "object",
110 "initial_location": { "type": "string" } 192 "required": ["name", "type"l,
111 } 193 "additionalProperties": false,
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194 "properties": {

195 "name ": { "type": "string" },
196 "type": {

197 "type": "string",

198 "enum": ["object_ref", "location_ref", "
string",
199 "integer", "float", "boolean"]
200 },
201 "default": {}
202 T
203 },
204
205 "program": {
206 "type": "object",
207 "required": ["steps"],
208 "additionalProperties": false,
209 "properties": {
210 "steps": {
211 "type": "array",
212 "minItems": 1,
213 "items": { "$ref": "#/definitions/step" }
214 }
215 }
216 },
217
218 "condition": {
219 "type": "object",
220 "required": ["type", "operator", "value']l,
221 "additionalProperties": false,
222 "properties": {
223 "type": {
224 "type": "string",
225 "enum": ["sensor_check", "state_check",
226 "message_check", "counter_check"]
227 },
228 "sensor": { "type": "string" },
229 "object": { "type": "string" },
230 "property": { "type": "string" },
231 "operator": {
232 "type": "string",
233 "epum": ["==", Mi=n, o onnnowgnm s ow o ng—n]
234 ¥
235 "value": {}
236 }
237 },
238
239 "step": {
240 "type": "object",
241 "required": ["id", "type"'],
242 "additionalProperties": false,
243 "properties": {
244 "id": { "type": "string" },
245 "type": {
246 "type": "string",
247 "enum": [
248 "action", "loop", "conditional", "
parallel",
249 "subtask_call", "human_action", "
event_trigger",
250 "error_handler", "multi_robot_sync"
251 ]
252 },
253 "agent": { "type": "string" I},
254 "timeout_ms": { "type": "integer", "minimum
[P }’
255 "on_timeout": {
256 "type": "string",
257 "enum": ["abort", "retry", "skip", "
escalate"]
258 },
259 "retry_count": { "type": "integer", "minimum
"1 3,
260
261 "action": { "type": "string" },
262 "args": { "type": "object" },
263
264 "loop_type": {
265 "type": "string",
266 "enum": "count ", "while", "for_each"]
267 },
268 "count ": {1,
269 "iterator": { "type": "string" },
270 "collection": { "type": "string" },
271 "condition": { "$ref": "#/definitions/
condition" },
272
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"body": {
ntype": "array",

"items": { "$ref": "#/definitions/step" }

Ty
"then": {

"type": "array",

"items": { "$ref": "#/definitions/step" }
g
"else": {

"type": "array",

"items": { "$ref": "#/definitions/step" }
Yo

"branches": {
"type": "array",
"items": { "$ref": "#/definitions/
parallel_branch" }
By
"sync": {
"type": "string",
"enum": ["wait_all",
fire_and_forget"]

"wait_any",
Ty

"subtask": { "type": "string" },

"description": { "type": "string"
},

"confirmation_required": { "type": "boolean
"3,

"event ": { "$ref": "#/definitions/event

" }’
"on_trigger": {
"type": "array",
"items": { "$ref":

T,

"#/definitions/step" }

"error_types": {
"type": "array",
"items": { "type":

Ty

"on_error": {
"type": "array",
"items": { "$ref":

g

"resume": { "type":

"max_retries": { "type":

Tg i Ty

"string" }

"#/definitions/step" }

"boolean" },
"integer", "minimum

"agents": {
"type": "array",
"items": { "type":

P

"sync_type": {
"type": "string",
"enum": ["barrier",

P

"steps_per_agent": {
"type": "object",
"additionalProperties": {

"string" }

"pipeline"]

"type": "array",
"items": { "$ref": "#/definitions/step"
}

}
¥

"parallel_branch": {

"type": "object",
"required": ["id",
"additionalProperties":
"properties": {
nign: { "type":
"agent": { "type":
"steps": {
"type": "array",
"items": { "$ref":

"steps "],
false,

"string" },
"string" },

"#/definitions/step" }
}
¥

"event": {

"type": "object",

"required": ["type", "source", "signal'],
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352
353
354
355
356
357
358
359
360
361

362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380

381
382
383
384
385
386
387
388
389

"additionalProperties": false,
"properties": {
"type": {
"y e": "strin u’
"ezim“: ["extefnal_signal", "timer",
"message", "state_change"]
¥s
"source": { "type": "string" I},
"signal": { "type": "string" },
"timeout_ms": { "type": "integer", "minimum"
0},
"on_timeout": {
"type": "string",
"enum": ["abort", "skip", "escalate"]
}
¥
¥o
"termination": {
"type": "object",
"required": ["type"],
"additionalProperties": false,
"properties": {
"type": {
"type": "string",
"eiim": ["step%complete", "condition_met",
"event_received", "manual"]
¥o
"step": { "type": "string" },
"condition": { "$ref": "#/definitions/

condition" },

"post_actions": {

"type": "array",
"items": { "$ref":

}

"#/definitions/step" }

}
}

Data availability

The task descriptions, evaluation scripts, and experimental traces
used in this study are available in the project repository https://
github.com/luigigargioni/robot_task specification format and from the
corresponding author upon request.
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