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—Robotic industrial panel operation requires not only accurate control localization but also compliance with operating procedures, safety rules,
Oand device-state constraints distributed across heterogeneous manuals. This study presents MaCoPlanner, a task-planning framework built on
Q{‘knowledge compiled from equipment manuals that converts equipment manuals into a typed intermediate representation, retrieves task- and

state-relevant evidence, and uses it to support plan generation. Before actuation, candidate plans are symbolically rolled out and checked against

Uprocedural and state-transition constraints; detected violations are localized and returned for targeted repair, while unresolved plans are rejected. A
separate execution interface grounds verified symbolic actions to physical controls and updates the device state. Under an independent evaluation
oracle, MaCoPlanner achieves a final violation rate of 2.7%, and 26.3% of the runs in the repair analysis are rejected after exhausting the refinement

—=pudget. Compared with Raw-Manual, task success increases from 62.8% to 84.4% on Level-2 tasks and from 25.9% to 43.2% on Level-3
~>tasks. Experiments on a controller-panel simulator without an attached industrial load further demonstrate integrated execution feasibility under
Crepresentative interaction conditions, without claiming industrial deployment readiness.

51
. Introduction
(@\|

00  Industrial equipment operation panels are widely used in
Cproduction sites as the primary human-machine interface (HMI)
\Cor device monitoring and control. Through buttons, switches,
(.\!knobs, and display units, operators directly change equipment
~states and thus affect the stability and safety of industrial pro-
esses [1]. In high-risk or high-cost scenarios, such as live-line
%:naintenance, fault handling and recovery in substations, and haz-
CSardous industrial environments, using robots to replace human
workers in operating industrial panels is highly desirable. Yet
current industrial panel automation still relies heavily on expert
programming and manually designed procedures. These solu-
tions usually involve high deployment cost and limited adapt-
ability, since they are mainly designed for fixed devices and
predefined workflows and are difficult to transfer under device
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variation, small-batch production, rapid changeover, and abnor-
mal event handling [2].

Meanwhile, recent foundation-model-based robotic systems
have shown strong capabilities in language understanding, mul-
timodal perception, and long-horizon reasoning [3, 4, 5, 6, 7].
These advances open up the possibility of generating robotic
task plans directly from unstructured user instructions [8, 9].
However, many of these systems are primarily developed and
evaluated in household or general embodied manipulation set-
tings, where task planning is relatively less dependent on device-
specific operating logic. Compared with such tasks [10], indus-
trial panel operation is more strongly governed by operating
procedures, device states, system interlocks, and safety require-
ments, while the corresponding knowledge is distributed across
operation manuals, safety procedures, and parameter specifi-
cations [11]. As illustrated in Figure 1, directly feeding het-
erogeneous manuals into a VLM context does not reliably cap-
ture these distributed dependencies, particularly as the manual
collection grows, and the generated plan may still contain pro-
cedural or state inconsistencies [12, 13, 11]. This motivates
the central problem considered in this work: how to transform
human-oriented equipment manuals into machine-usable task
knowledge and rules that can directly support flexible robot
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planning and reduce unsafe plan generation.

To address this problem, this study presents MaCoPlan-
ner, a task-planning framework based on knowledge compiled
from heterogeneous equipment manuals into a typed intermedi-
ate representation (IR) for robot task planning. The compiled
IR represents procedures, task-level safety constraints, state
conditions, parameter specifications, and control relations in
machine-usable forms, with source back-links retained for evi-
dence retrieval, plan generation, symbolic rollout, verification,
and repair. In this way, equipment manuals are used as struc-
tured planning knowledge rather than only as auxiliary prompt
context [14, 15, 16, 17]. Based on the compiled representation,
MaCoPlanner performs proactive task-level verification before
physical execution. Candidate plans are checked against proce-
dural and state-dependent constraints, and detected violations
are returned to the planner for targeted repair. MaCoPlanner
outputs a verified symbolic action sequence or rejects the task if
verification fails within the refinement budget. This preserves
flexible instruction understanding while improving task-level
safety through pre-execution verification.

The key contributions of this study are summarized as fol-
lows:

1. MaCoPlanner was proposed to compile heterogeneous
manuals into structured machine-usable evidence, provid-

ing a more structured task-planning paradigm for knowledge-

intensive industrial scenarios than direct long-context
prompting with raw manuals, and supporting adaptation to
new equipment through manual-derived task knowledge.

. An evidence-conditioned proactive safety verification mech-
anism was developed to jointly enforce procedural con-
straints and mode/interlock constraints, thereby reducing
unsafe plan generation before execution and rejecting ac-
tion sequences that cannot satisfy the encoded task-level
constraints within the refinement budget.

. A controlled evaluation chain spanning manual-knowledge
compilation, retrieval quality, downstream task planning,
proactive safety verification, and physical robot execution
was established, and the proposed framework was vali-
dated on benchmark tasks and a representative robotic
platform, thereby evaluating the quality and downstream
effect of the manual-to-machine knowledge transforma-
tion and supporting integrated robotic panel-operation
feasibility under the evaluated interaction conditions.

2. Related Works

2.1. Robotic Equipment Operation

Research on robotic equipment operation mainly involves
perception and manipulation. On the perception side, exist-
ing methods often rely on task-specific datasets and supervised
learning for control instance segmentation, meter reading, and
nameplate recognition [18, 19, 20]. These methods can be effec-
tive in constrained settings, but their performance is still limited
by dataset scale, annotation quality, and scene coverage. As

a result, their cross-device generalization remains insufficient
in real industrial environments. On the manipulation side, con-
ventional approaches usually build executable policies based on
motion primitives, imitation learning, and reinforcement learn-
ing [21, 22, 23]. Recent advances in foundation models have
also promoted more general manipulation methods, such as
AnyGrasp [24], which improve object grasping across diverse
targets. However, these methods mainly target object pickup
and grasp pose generation, and are not directly suitable for fine-
grained control operations such as button pressing, knob turning,
and switch manipulation. Some recent studies further explore
operation with large vision-language models (LVLMs) by in-
ferring spatial constraints and predicting action locations for
unseen tasks [25]. Although this improves adaptability, general
foundation models remain sensitive to spatial relations and phys-
ical properties [26], and still fall short in precise and repeatable
device operation. Robotic equipment operation has also been
extended to long-horizon and multi-step tasks, such as domestic
and industrial device manipulation [27, 17], chemical laboratory
automation [28], and flight simulator control [15]. However,
many methods still depend on device-specific priors, one-time
calibration, or fixed workflows, which limits cross-device and
cross-task transfer.

2.2. LVLM-Based Task Planning

Applying LVLMs to robotic planning, especially high-level
task planning, has significantly changed the planning paradigm.
Classical symbolic planning is effective when a complete plan-
ning domain is available, but constructing such a domain for
new equipment usually requires substantial manual modeling
[29, 30]. MaCoPlanner likewise requires a shared IR schema
and verification machinery; its distinction is that device-specific
task knowledge is compiled from equipment manuals rather than
manually authored task by task. In contrast, LVLMs can con-
vert natural-language instructions into structured task sequences
and thus improve planning automation [8]. Recent works have
shown the potential of large language models (LLMs) in high-
level task decomposition, particularly for long-horizon sequen-
tial manipulation [31, 32, 33]. In robotic manipulation, vision—
language models (VLMs) further compensate for the lack of
visual grounding in LLMs and improve environmental under-
standing for planning [34]. Some recent frameworks further
combine traditional planning structures with LVLMs to improve
reliability and execution accuracy [5, 35, 36]. Despite these
advances, planning for complex industrial equipment remains
difficult. Such tasks rely heavily on domain knowledge, includ-
ing operating procedures, safety regulations, and equipment
principles. Existing LVLM-based methods still have limited
ability to capture such knowledge, especially functional logic
and procedural dependency. Therefore, the generated plans may
be technically infeasible or unsafe.

2.3. Task-Level Safety for Robotic Planning

Existing robotic safety research has mainly focused on the
motion or trajectory level, where collision avoidance and con-
strained control have been extensively studied [37, 38]. In con-
trast, task-level safety has received much less attention. In
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Figure 1: Core challenge and planning-paradigm comparison for robotic industrial panel operation. The left part highlights hidden procedural, state-dependent,

and safety constraints.
equipment-manual knowledge.

traditional closed-world task modeling, task objects, actions,
and preconditions are explicitly defined offline, so task execu-
tion is naturally restricted within predefined safe boundaries.
However, this assumption becomes weak in open-world and
natural-language-driven robotic systems based on LVLMs, lead-
ing to a clear safety gap at the task-planning level.

Recent studies have gradually moved safety enforcement
upstream into the planning stage. One line of work formalizes
natural-language safety rules into linear temporal logic (LTL)
and performs runtime monitoring to ensure verifiability and
compliance [39, 40]. In contrast to runtime monitoring, the
present work uses formal constraints to verify and repair can-
didate task plans before execution. Another line introduces
multi-LLM collaboration or separates task planning from safety
planning to reduce conflicts and missing dependencies in long-
horizon tasks [41]. A third line filters unsafe task goals before
decomposition, preventing unsafe targets from entering the ex-
ecution pipeline [42]. Although these methods improve safety
to different degrees, they still face limitations in cross-device
transfer, interpretability, and execution-time anomaly handling.
SafeAgentBench further demonstrates safety failures in house-
hold embodied tasks [10]; because its task setting differs from
industrial panel operation, we use it to motivate the broader
embodied-agent safety problem rather than as a directly compat-
ible evaluation benchmark.

Overall, the remaining gap addressed in this work is the
use of device manuals to support task-level planning and pre-
execution procedural/state verification for industrial panel oper-
ation.

3. MaCoPlanner: Task Planning from Compiled Equipment
Manuals with Proactive Safety Verification

3.1. Overview of MaCoPlanner

To address the limited use of manual knowledge and the dif-
ficulty of task-level verification in autonomous robotic industrial
panel operation, this study proposes MaCoPlanner, a framework
built around task-planning design choices tailored to industrial

iii

The right part contrasts classical symbolic planning, direct VLM planning, and the proposed planning paradigm based on compiled

panel operation. First, heterogeneous equipment manuals are
compiled into machine-usable task knowledge rather than used
only as raw prompt context, allowing device-specific procedures,
operating conditions, and safety rules to directly support plan-
ning. Second, task-relevant evidence is selected according to the
current device state to condition VLM-based plan generation,
preserving the flexibility of foundation models while incorporat-
ing equipment-specific knowledge. Third, verification is placed
before physical execution so that generated plans can be checked
and repaired before being issued to the robot.

As shown in Figure 2, the compiled knowledge and current
device state are used to retrieve task-relevant evidence and gen-
erate a candidate sequence of parameterized action primitives.
The candidate plan is then symbolically rolled out, with LTL
and the Safety FSM checking it from global and local perspec-
tives, respectively. Detected violations are returned to the VLM
as targeted feedback for replanning, while a plan that passes
both checks is returned as the verified symbolic task sequence.
These design choices connect manual-derived knowledge, flexi-
ble plan generation, and proactive verification within a unified
task-planning process.

3.2. Compiled Manual Knowledge for Task Planning

To address knowledge compilation and retrieval for task
planning from equipment manuals, this subsection details how
MaCoPlanner organizes heterogeneous equipment manuals and
retrieves task-relevant evidence. The key idea is to compile
and retrieve manual knowledge according to its functional type,
allowing different types of knowledge to be represented and
accessed separately. This type-aware organization reduces inter-
ference among heterogeneous manual content and supports more
targeted evidence retrieval. Given a user instruction and the cur-
rent device state, typed retrieval and evidence gating are then
used to select relevant and applicable evidence for subsequent
task planning.
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3.2.1. Intermediate Representation Construction for Task Plan-
ning

Industrial operation manuals contain dense procedural, safety,
parameter, and relation knowledge that is difficult to preserve
through direct retrieval over long unstructured text. To address
this issue, as illustrated in Figure 2(a), an offline knowledge
compilation method is introduced to map the manual collection
D ={d,,...,dp} into a typed IR space that is retrievable, trace-
able, and directly usable for reasoning. Here, the IR is not a
latent embedding space, but a typed and compiled task-oriented
knowledge representation, where normalized procedural steps,
safety constraints, parameter specifications, and control-state re-
lations are explicitly encoded for downstream retrieval, planning,
and verification. Formally, the compilation operator Compile(-)
transforms the manual collection into

I = Compile(D) = (7, S,P,5), (D

v

where 7 denotes the compiled IR, and 7, S, P, and G de-
note the process skeleton set, safety/compliance clause set, pa-
rameter specification set, and structural relation graph, respec-
tively. A provenance mapping ¢ associates each compiled item
i with its source manual and text span, £(i) = (d,w), where
d € D and w identifies the corresponding source span. In imple-
mentation, Compile(-) includes four stages: manual chunking
and clause extraction, LLM-assisted knowledge-type classifi-
cation, template-based normalization, and cross-item linking,
with source back-links preserved through ¢. Hence, (1) denotes
a manual-to-structured-knowledge transformation rather than
simple retrieval chunking.

Missing or ambiguous fields are explicitly recorded dur-
ing normalization. Since classification and rule translation are
model-assisted, compilation errors may still occur; therefore, the
validity of formal verification ultimately depends on the fidelity
of the manual-to-IR compilation.

Within 77, each procedure is decomposed into step nodes
{s;} with explicit execution semantics:

si =0} ai, 6" . Bi. pi). 2
Here, A denotes the action type set, ¢/ is a decidable predi-
cate over the current system state x, a; € A denotes an action
primitive together with its parameterization, and ¢/ denotes
the acceptance criterion verifiable from observation o. The term
B specifies the guard condition for exception-triggered tran-
sition, and p; constrains the retry policy. This representation
converts procedural text into executable step structures, so that
prerequisites, expected outcomes, and exception branches are
all explicitly available during planning.

Each clause in S is further compiled into a trigger-forbidden
constraint:

kj . ¢ljrig(x) = _‘l#;orbid(x, (,l), (3)

where ¢;rig denotes the triggering condition and ¥/ " denotes
the prohibited action or action set. In this way, safety knowl-
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edge becomes directly callable planning constraints rather than
implicit textual reminders.

To handle parameter-intensive specifications with unit varia-
tions,  normalizes each parameter item into

P = {uk, U, 1], €, 8k (4)), @

where 1y is the unit, [I, r;] is the allowable interval, €, is the
tolerance, and g;(o) is the observation-based extraction and
verification function. This representation enables parameter-
consistent and executable action generation. Finally, the spatial
layout and logical coupling among controls are compiled into
the structural graph G:

G = (V.E), ®

where V contains controls, steps, parameters, and state predi-
cates, and E encodes spatial adjacency, affiliation, and depen-
dency relations extracted from layout descriptions, control-step
references, and device logic statements in the manuals. This
graph provides structural priors for subsequent typed retrieval
and consistency checking.

3.2.2. Query-Decomposition-Driven Retrieval and Evidence
Gating

In the online stage, as shown in Figure 3, retrieval is con-
ditioned on the user instruction g and the device memory state
m,. Since high-level instructions are often abstract while rele-
vant knowledge is distributed across procedures, safety clauses,
parameters, and control relations, direct single-query retrieval
from unstructured text may miss critical constraints or introduce
irrelevant evidence. To address this issue, a retrieval decomposi-
tion operator is introduced to map (g, m;,) into typed subqueries
constrained by IR slots.

Let the typed index collection be

K= {Kproc’ Ksafm Kpamm’ Krel}7 (6)

where K denotes the set of typed knowledge indices, and K¢,
Ksate, Kparam, and K, store process structures, safety clause
specifications, parameter objects, and graph-based relation evi-
dence, respectively. Based on the compiled IR in (1), the online
retriever organizes manual knowledge through the typed indices
in (6). The retrieval decomposition is then defined as

Z = Dec(q,m;; I) = U Z, @)

ce{proc,safe,param,rel}

where Z. = {z(c,1), - - - » Zen,) } denotes the typed retrieval demands
aligned with category c.

In implementation, Dec(:) is a prompt-based structured de-
composition step constrained by the four IR slots and followed
by schema post-processing.

It reads the user instruction and current device state and
emits zero or more typed demands for procedure, safety, pa-
rameter, and relation evidence. Procedure demands identify the
required task progression and prerequisites, safety demands iden-
tify relevant constraints, parameter demands identify required

setpoints or ranges, and relation demands identify controls and
their associated relations.

Malformed or out-of-schema fields are rejected or normal-
ized during post-processing. Implementation details and fixed
settings for query decomposition, retrieval, and evidence gating
are summarized in Appendix D.

For each atomic demand in (7), a typed query vector is
constructed as

¢ € {proc, safe, param, rel},
(®)
where @ denotes structured concatenation, f,.(-) denotes the
dense query encoder, and 6.,. denotes its shared encoder param-
eters. Type specificity is introduced through the query templates
or prefixes associated with each knowledge type, allowing the
same instruction to be represented differently while using the
same dense retriever. Retrieval is then performed in parallel as

9ici) = Jenc(q® Zc.i) © my; Oenc)s

ne

Ei = TopL(K., q.) E.= U E. 9
i=1

Here, TopL(-) denotes top-L nearest-neighbor retrieval in the
corresponding typed vector index.

The same embedding, similarity, and retrieval-depth settings
are fixed across all controlled retrieval conditions.

The chain (7)-(8)—(9) makes the retrieval dependency ex-
plicit: the instruction and memory are first decomposed into
typed demands, which are then encoded and routed to the corre-
sponding indices in parallel. This type-aware retrieval strategy
improves access to task-relevant evidence while reducing inter-
ference from unrelated manual content.

To characterize constraint completeness, let R(g, m,) denote
the set of planning requirements and let cov(e) C R denote the
subset covered by evidence item e. The evidence coverage ratio
is defined as

1

Cover(E,R) = ﬁ

Z 1[3ec E:recovie)]. (10)

reR

Equation (10) is used as an empirical requirement-coverage
metric rather than an analytical guarantee and is evaluated under
the fixed corpus and context configuration used in Section 5.5.

After retrieval, evidence-availability gating is applied to
remove semantically related but inapplicable evidence. The
basic gating score is defined as

SCOre(e, Q(c,i), mt) = Q¢ Sim(e, q(c,l))+(1 _aC) App(es mt)v (1 1)

where Sim(-) denotes dense semantic similarity and App(-) de-
notes a rule-based applicability term that checks whether the
evidence is consistent with the current device mode, target con-
trol, and state or parameter predicates recorded in m, and 7.
Let H, = H(e) be the set of mode, control, state, and pa-
rameter predicates explicitly attached to evidence item e, let
gn(e,m;) € {0, 1} indicate whether check # is satisfied, and let
wy, > 0 be its predefined weight. Let Hiaa(e) € H, contain the
predicates whose contradiction makes the evidence inapplicable,
and let Cj, = Cj,(e, m;) be the corresponding hard-conflict indi-
cator: Cj, = 1 if and only if gj(e, m;) = 0 for some i € Hi,q(e).
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For nonempty H,, the weighted predicate-satisfaction score
Zw(e,m,) and the applicability term are computed as

2oner, Wngnle, my)

Bule.my) = Yhett, Wh
0, C,=1, (12)
App(e,m)) = {gw(e,m;), C, =0, H, # I,
1, H, = 2.

Checks not specified for an evidence item are omitted rather
than treated as failures. The score and weights are predefined
rather than learned; the deployed check inventory and weights
are reported in Appendix D.

For any e € E,, its maximal availability score is then defined
as

Score.(e;q,m;) = glax }Score(e, Glciy> M), (13)
1€ 1,0y Ne
and the gated evidence set is obtained as
E.={ecE,| Cule,my) =0 A Score.(e;q,m;) > 7.}, (14)

The current implementation applies the hard-conflict test as a
veto before thresholding and uses @, = @ = 0.70 and one shared
cutoff 7, = 7 = 0.55 for all evidence types. The value @ = 0.70
gives semantic relevance the larger contribution while reserving
30% of the combined score for state applicability. The cutoff
7 = 0.55 is a conservative near-midrange gate: weakly supported
evidence is removed, whereas hard contradictions are rejected in-
dependently by the veto and cannot pass by score compensation.
All applicability predicates use equal weights. These settings
were fixed before benchmark evaluation and held constant across
all retrieval variants; they are reported for reproducibility rather
than claimed as generally optimal.

The final evidence set is then written as

Et=E=UEc,

and (15) is injected into the VLM context as explicit planning
evidence and constraints.

s)

3.3. Proactive Safety Verification Mechanism for Task Planning

To verify task-level procedural order and state-transition le-
gality before execution, this subsection presents MaCoPlanner’s
proactive safety verification mechanism for iterative plan im-
provement. The key idea is to treat safety not as a post hoc
filtering step, but as a pre-execution constraint-guided process in
which generated plans are evaluated, diagnosed, and refined
before physical action. Specifically, the initial plan is gen-
erated under retrieved evidence and then assessed under two
complementary types of constraints, namely procedural con-
straints across multi-step task progression and state-dependent
constraints induced by device modes and interlocks. Detected
violations are converted into structured feedback for targeted re-
planning, so that safety requirements become explicit refinement
signals during iterative planning.

vi

vi

3.3.1. Evidence-Conditioned Initial Planning

Instead of directly injecting the full manual into the VLM
prompt, as shown in Figure 2(b), the initial plan is generated un-
der retrieved task-relevant evidence. Specifically, the structured
retrieval module introduced in Section 3.2 extracts evidence
from the manual and device state, yielding an evidence set E;
aligned with the user instruction ¢ and current device memory
state m,. The VLM planner first generates the initial plan as

P =7, (q.my, Ey). (16)
Here, 7, () denotes a prompted VLM planner with parameters
Opin- It takes the user goal, the summarized device state, and
the gated manual evidence as input, and outputs a high-level
primitive sequence over a fixed action library (e.g., move-to-
control, press, rotate, toggle, and verify).

For subsequent proactive safety verification, the plan in (16)
is rewritten as a sequence of parameterized action primitives:

%) — ¢, (k) (k)
P = (u” u, ,...,uNk), 17

k k k k
u = @@, p), 4 eA. (18)

Here, pﬁk) denotes the action parameters.

Given (17)—(18), the device state is represented by a sym-
bolic state x € X, derived from observation, memory, and IR
rules. Here, X denotes the symbolic state space. Under the
abstract transition operator £, the symbolic state evolution is
written as

)

7 (k k
® = f(x() u()

X = Abs(m,), O u®)y, i=0,...,Ne=1, (19)
where Abs(-) abstracts the device memory into a symbolic state
consisting of slots such as power state, operation mode, direc-
tion state, alarm flags, and key setpoints, and f (+) denotes the
abstract transition operator generated from compiled precondi-
tions/postconditions and the device safety finite-state machine
(FSM). Equation (19) represents a deterministic symbolic rollout
rather than the physical device dynamics. Therefore, verifica-
tion guarantees plan legality only with respect to the encoded
symbolic state and transition model; errors in state estimation
or model abstraction may cause the actual device state to differ
from the predicted rollout. The state rollout in (19) then induces
the finite execution trace

(k) — ¢, k) (k) (k) (k) (k)
& —(xo Uy, X ,...,uNk,xNk). (20)
Equation (20) provides the explicit object that is checked and
repaired in the subsequent verification mechanism.

3.3.2. Constraint-Guided Verification and Plan Repair
Industrial safety rules, as shown in Figure 2(c), usually in-
volve two complementary forms of constraints: procedural con-
straints that govern temporal correctness across multiple steps,
and state-dependent constraints that govern local legality un-
der device modes and interlocks. Accordingly, the proposed
method evaluates the generated plan from these two perspec-
tives and converts detected violations into localized feedback for
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refinement. In implementation, the first class is instantiated as
finite-trace LTL (LTLf) formulas compiled from the procedure
and safety IR, while the second class is instantiated as a Safety
FSM whose transitions encode legal mode/interlock changes.

Based on the execution trace in (20), procedural constraint
checking evaluates global temporal safety. Let AP denote the set
of atomic propositions, and let the labeling function L:XxA—
24P label each action together with its pre-action symbolic state.
The proposition sequence induced by (20) is

k k
uly). Ly (),

where Ly labels the terminal symbolic state and contains no
action event. For example, the panel-OFF rule in Table B.8 re-
quires the load to be off in the symbolic state immediately before
the OFF-button action, rather than allowing it to be switched off
afterward.

Each finite candidate plan is checked using LTLf. For a
failed local precondition or FSM transition, iy, is the first failing
action. For a prefix-closed LTLf safety formula, it is the earliest
prefix with no satisfying continuation. If a non-safety eventuality
is still unsatisfied at the terminal state, the plan is invalid and
Iviol = Ny.

Given the safety formula set @, the procedural check is
written as

&) — (70 &) 70
o = (L(xy", u, ),...,L(xNk_l,

ey

P EDO = Vped, o® E ¢ (22)
If (22) fails, the system returns
Ve = (B vioD), (23)

where ¢; is the violated formula and i, is the earliest violation
index.

State-dependent constraint checking focuses on local tran-
sition legality. Operationally, each primitive in P® is replayed
on the Safety FSM generated from device operating logic; if a
transition is illegal (for example, a direction switch that skips
the OFF state), the checker immediately records the first failure.
If all steps are legal, it returns T; otherwise, it returns

(24)

k) _ s
Vstate = (viots rfail),

where 77, is the readable failure reason. When either (23)
or (24) is triggered, the outputs are merged into a structured
violation report V¥ and converted into a feedback prompt F®.
The refined plan is then generated as

P*D =y (g, my, E,, FO), (25)

expanded into a new trace £*1, and re-evaluated until all con-
straints are satisfied or the maximum number of refinement
attempts is reached.

Only plans passing both checkers are accepted for execution.
We set Kiax = 3 to provide sufficient opportunity for plan repair
while limiting repeated model calls and online latency. If no
admissible plan is obtained within this budget, the task is rejected
without issuing physical actions. Algorithm 1 summarizes the
complete procedure from evidence retrieval and plan generation
to verification, refinement, and the final decision.

Verification remains conditional on specification fidelity and
symbolic-state correctness.

vii

vii

Algorithm 1 Online planning from compiled equipment-manual
knowledge with fail-closed pre-execution verification in Ma-
CoPlanner.
Require: User instruction ¢, current device state m,, compiled
IR 7, typed indices K
Ensure: Verified symbolic plan P* or an explicit rejection
1: Z < Dec(q,my; T)
: for each type c € {proc, safe, param, rel} do
construct typed subqueries {g,;} from Z,
retrieve E. ;) < TopL(K., q.) fori=1,...,n,
gate retrieved evidence and obtain £,
end for
E U, Ec
PO .. (q.mi, E))
verified « false
for k = 0 to K¢ do
initialize symbolic state x(()k) « Abs(m,) and rollout &X
using f
evaluate finite-trace procedural constraints ® on &%
evaluate local legality by replaying P’ on the Safety
FSM
if no violation is detected then
P* « P®; verified « true; break
else if k < K.« then
build violation report V® and feedback prompt F®
P& — iy (q.my, Er, FO)
end if
end for
if verified = false then
return ResectTask; do not invoke grounding or physical
execution
end if
return P*

12:
13:

14:
15:
16:
17:
18:
19:
20:
21:
22:

23:
24:

4. Manual-Guided Grounding and Device Memory

After MaCoPlanner returns a verified symbolic task plan,
physical operation requires a separate execution interface that
maps symbolic controls to physical panel instances and updates
the device state from observed outcomes. As shown in Fig-
ure 4, this section describes the manual-guided grounding and
device-memory interface used for this purpose. The ground-
ing process is formulated as a multimodal matching problem
jointly constrained by semantic consistency and spatial-relation
consistency, and further outputs operation-ready parameters for
execution and verification. The device memory records modes,
key parameters, control states, and verification outcomes after
physical operation, providing the updated state input required
by subsequent MaCoPlanner planning calls.

At the visual grounding stage, SAM2 [43] is used to generate
pixel-level segmentation masks, DINO-X [44] performs open-
vocabulary detection, and optical character recognition (OCR)
extracts panel labels as semantic anchors. Through depth re-
construction, pixel-space boundaries and keypoints are mapped
to the robot base frame, yielding the observed pose p; of each
candidate control instance. To improve matching robustness,
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Figure 4: Illustration of manual-guided grounding and device memory. Multimodal perception and geometric parameter extraction are used to align symbolic controls

with physical instances and support state-consistent execution.

control aliases and layout priors from manuals/IR are incorpo-
rated as a spatial-relation vocabulary and its instantiated relation
set:

R, = {left_of, right_of, above, below, near, . . .}, (26)

R={(a,r,b) | r e R} 27

Here, R, denotes the predefined spatial-relation vocabulary, and
R denotes the relation triplets instantiated for the current panel.
Detection-class consistency and OCR/control-alias overlap first
produce a coarse candidate-assignment set C. For regularly
arranged control groups, each assignment c € C is ranked using
the deterministic geometric and relation-consistency score

n
S =piE+a Y glp.p).
i=1

(a,r,b)eR
arg min S maech(€).
ceC

S mateh ()
(28)

Here, pﬁ”) is the control pose assigned by candidate c, p; is the
observed pose, g,(-) penalizes violations of spatial relation r,
and lower scores indicate better consistency. Equation (28) is
a candidate-ranking rule, not a learned training objective. The
deployed relation weight is 4 = 0.5, which keeps relation con-
sistency as a secondary correction to the pose term rather than
allowing it to dominate class/OCR and geometric evidence. Af-
ter deterministic filtering, candidates with S paen < 0.65 are
retained; this permissive boundary avoids over-pruning plausi-
ble controls, while the VLM is invoked only for remaining ties
or semantic ambiguity. Both values were fixed before evalu-
ation and used unchanged across the five camera viewpoints;
they are implementation settings rather than transferable optima.
Geometric thresholds and clustering parameters are listed in
Appendix D.

Spatial localization alone is insufficient for panel operation,
since the robot also requires operation-critical parameters such
as knob radius, button stroke, and triggering threshold. Unlike
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general grasp methods such as AnyGrasp [24], our goal is to
estimate physical parameters directly usable for functional ex-
ecution and step-level verification. To this end, the grounding
result of each control is extended from pose p to (p, nop), where
1], denotes the operation parameter vector. Stereo depth images
are first processed by FoundationStereo [45] to recover the raw
point cloud and its denoised version:

Py ={pi e ®R?|i=1,...,N}, (29)

Priered = DCIlOiSC(PraW) P (30)

where N is the number of recovered 3D points and Denoise(:)
denotes outlier removal and local smoothing before geometric
fitting. A panel reference plane Ilpanel = {#panel> @pane} i then
estimated from Péjeereq bY

min
Inll2=1,d

D Leon(in" pi—di).

Pi€Pfilered

(npanel, dpanel) = arg | (31)

where npael and dpaner denote the plane normal and offset, re-
spectively, and L,(+) is a robust loss. Using the fitted plane in
(31), the point cloud is aligned to the panel coordinate system
by

Ppanel = Ralign(pworld - Opanel)’ (32)

where Rgjig, denotes the alignment rotation, pyoia denotes the
original 3D point in the world frame, and 0paner denotes the
chosen panel-frame origin. Control candidate clusters are then
extracted by DBSCAN-style density clustering:
{Ck}kNj;“ = DBSCAN (Ppanel; €db, MinPts) , (33)
where Cy denotes the kth density-connected candidate cluster, €4y
is the DBSCAN neighborhood radius, MinPts is the minimum
neighborhood size, and N, is the number of clusters returned
by the density-clustering procedure. Shape-based filtering is
then applied to the resulting clusters to obtain the optimal cluster
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Coptimal- For a knob cluster Cyyob, a cylindrical/disk model is
fitted to estimate the center c, radius r, and height A:
. 2
min ; (IPsy = coll = r) + gmiaclpe ). (34)
PECknob

where p,, and c,, denote the planar coordinates of a point and
the fitted center, respectively, p, denotes the point height in the
aligned panel frame, and g;cx (+) constrains height/thickness con-
sistency. For a button cluster Cpyyon, local plane/box fitting with
movable-margin estimation along the normal direction is used
to estimate the pressing stroke Opyon and triggering threshold
Tbutton- L€ resulting operation parameter set is

Nop = {Fknob> Obutton, Moutton > Dhandles - - -J- (35)

The chain (29)—(32) converts stereo depth observations into

panel-aligned geometric evidence, while (33)—(35) extracts control-

specific execution parameters for downstream manipulation and
verification.

Based on the grounding result, the device memory main-
tains device modes, key parameters, control states, and historical
verification results in structured slots, and updates them after
each action using observations and step-level completion crite-
ria, yielding the conditioned state m,. This state serves as the
condition input for retrieval and evidence gating in Section 3.2
and for procedural/state-dependent checking in Section 3.3. The
memory update reduces state drift but does not eliminate sens-
ing, grounding, stale-state, or unmodeled-dynamics errors; these
remain outside the formal guarantee of the task-level verifier.

5. Experiment

5.1. Experimental Setup

MaCoPlanner is evaluated through manual-compilation fi-
delity, retrieval/representation quality, task-planning performance,
independently assessed task-level safety, formal-rule/repair anal-
ysis, and physical execution. A summary of the benchmarks,
robotic setup, and evaluation metrics is provided in Table 1. The
physical platform uses a controller-panel simulator without an
attached industrial load, which isolates panel interaction and
state-dependent execution from load-driven process dynamics
while preserving the planning—verification—grounding—feedback
chain examined in this work.

5.1.1. Benchmark Construction and Experimental Protocol

To evaluate MaCoPlanner under controlled conditions, we
construct two complementary benchmarks for evidence retrieval
and high-level task planning, drawing on the benchmark de-
sign principles of prior retrieval and safety-aware planning stud-
ies [46, 47, 48].

The first benchmark contains 400 retrieval tasks, each de-
fined by a natural-language instruction and current device state.
Reference evidence is independently annotated from the orig-
inal manuals: annotators identify the complete task-required
evidence and the subset applicable to the given device state,
with agreement measured before adjudication. Source-level

iX

annotations are mapped to compiled items only when evaluat-
ing retrieval over the compiled representation. Appendix C
details the annotation, blinding, agreement, and adjudication
protocol. All retrieval methods use the same candidate pool and
K € {8,12,16}.

The second benchmark contains 480 high-level panel-operation
tasks, including 80 Level-1, 200 Level-2, and 200 Level-3 tasks.
Each task provides a structured initial state, a natural-language
goal, and an expert reference sequence over the shared action
primitives. Task definitions, reference sequences, safety require-
ments, and control relations are audited against the original
manuals. A separate external safety oracle is independently
constructed from the same sources and withheld from the plan-
ner, verifier, and repair loop. The 400 retrieval tasks and 480
planning tasks are independently constructed for their respective
evaluations; they share the same device/manual domains but are
not paired one-to-one.

All planner API calls are stateless and task-local. Each
task begins with a fresh context, and any subsequent repair
request receives only the current task context, candidate plan,
and verifier feedback; no conversational memory is shared across
tasks. Appendix D reports the planner model snapshots and
request-isolation protocol. All tasks receive equal weight when
computing the reported aggregate metrics.

5.1.2. Robotic Experimental Platform

As shown in Figure 5, the robotic platform consists of a
manipulator, a panel simulator of an industrial motor-drive con-
troller, an Intel RealSense D435i depth camera, and upper-level
planning/control nodes on ROS 2. No industrial load is attached.
This configuration preserves the panel layout, control actuation,
visual feedback, and device-state transitions needed to exercise
the complete task pipeline, while excluding load-dependent pro-
cess dynamics that are not modeled by the present task-level
formulation. The perception and manipulation measurements
are collected from five prescribed camera viewpoints, while the
long-horizon evaluation comprises 25 executions from the nom-
inal operating viewpoint. Across the five-view measurement
study, the panel, camera calibration, and illumination are held
fixed apart from the prescribed viewpoint change. The long-
horizon trials use a fixed viewpoint and calibration; wear and
cross-device hardware variation are not varied.

5.1.3. Evaluation Metrics

Compilation fidelity metrics.

We evaluate the generated representation against indepen-
dently annotated source manuals rather than infer its quality from
downstream planning performance. Completeness is the count-
derived proportion of gold source units that have an aligned
compiled item, whereas semantic consistency evaluates whether
the aligned items preserve the original operational meaning and
required fields.

Retrieval and task planning metrics. The evaluation con-
siders retrieval quality and task-level planning performance,
including task completion, safety outcomes, and refinement be-
havior. Retrieval quality is evaluated using Hit@K, Recall @K,
Precision@K, FI @K, and nDCG@K. Task success is measured
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Table 1: Summary of benchmarks, robotic setup, and evaluation metrics.

Setting Device Source

Scale Evaluation
Mode

Reported Metrics

Motor-drive controller simulator / Generator control
system / Laser controller / Engine controller

Manual compilation fidelity
fications

Operation manuals, safety specifications, parameter speci-

350 annotated Offline

audit units

Completeness, Semantic Consistency

Retrieval evaluation Motor-drive controller simulator / Generator control  Annotated evidence aligned with compiled IR 400 Offline Hit@K, Recall @K, Precision@K, F1@K, nDCG@K
system / Laser controller / Engine controller
Task planning and safety evaluation ~ Same four domains as retrieval evaluation Same source as the retrieval benchmark 480 Symbolic Success Rate, Violation Rate, Average Refinement Steps
Perception and operation Motor-drive controller simulator Image observation and depth geometry from five pre- 5 camera views Physical Measurement Error, Operation Success Rate
scribed camera viewpoints
Long-horizon execution Same as above Device memory, manual evidence, state feedback 25 repeated trials Physical Inference Time, Execution Time, Completion Rate, Safety Trigger Count

Figure 5: Real-robot experimental platform for industrial panel operation.

by whether the generated primitive sequence reaches the bench-
mark target under the executable symbolic action semantics.
Safety violation is evaluated using an independently annotated
procedural/state oracle rather than the internal LTL specifica-
tions and FSM state-transition constraints used for repair. In
addition to task success and safety violation, refinement behavior
is evaluated by the average number of refinement steps. Fail-
closed outcomes are described separately because rejection has
different operational meanings across the compared methods.
Perception and execution metrics. For physical interaction
evaluation, measurement error evaluates the accuracy of the
estimated geometric and interaction parameters, while operation
success rate measures whether the executed action achieves
the desired device response. Long-horizon physical evaluation
reports inference time, execution time, completion rate, and
safety-trigger counts to characterize execution efficiency, task
completion, and safety intervention during repeated operations.

5.2. Compilation-Fidelity Evaluation of the Manual-to-IR Trans-
formation

Before evaluating retrieval quality, we directly assess whether
the manual-compilation stage preserves the operational knowl-
edge contained in the source manuals. The audit spans all four
manual sources used by the retrieval and planning benchmarks:
the motor-drive controller simulator, generator control system,
laser controller, and engine controller. The exact compiled-IR
snapshot used in the downstream experiments is aligned with
a 350-unit reference set independently annotated from these
four sources. This audit set is distinct from the full compiled-

Table 2: Compilation-fidelity evaluation against independently annotated source
manuals.

IR Type Gold Units Compiled Items C (%) S Ce y (%)
Process skeleton 7~ 37 35 94.59 97.14
Safety clauses S 81 81 100.00 97.53
Parameters 54 53 98.15 98.11
Relations G 179 171 95.53 96.49
Overall 350 340 97.14 97.32

corpus inventory reported in Table D.16. Appendix C reports
the annotation, agreement, and adjudication procedure.

The annotated units are grouped into process skeletons 7,
safety clauses S, parameter specifications P, and structural rela-
tions G. For each type, Completeness is calculated directly as
Compiled Items divided by Gold Units, while Semantic Consis-
tency is the proportion of aligned items that preserve the source
meaning and required fields. Overall completeness uses the
pooled counts, and overall semantic consistency is the macro-
average across the four IR types.

Table 2 shows that most annotated operational units have a
corresponding compiled item. The count-derived coverage is
complete for safety clauses, while the unmatched units are con-
centrated in process skeletons and structural relations, where pro-
cedural boundaries and cross-control dependencies must often
be reconstructed from dispersed passages. Among the aligned
items, semantic consistency remains similar across the four IR
types; parameters perform best, whereas relations are more sus-
ceptible to incomplete or imprecise linkage. Thus, the two parts
of the audit identify different failure modes—missing source
requirements and semantic errors in retained items—and nei-
ther is used as a proxy for downstream retrieval or planning
performance.

5.3. Retrieval Quality Evaluation for Task-Relevant Manual
Evidence

We first evaluate whether the retrieval design supplies the
evidence required for a task and its current device state. Us-
ing e5-base-v2[49] as the shared dense encoder, we take Full
MaCoPlanner as the reference and compare three cumulative
retrieval ablations on the same compiled knowledge base: w/o
Evidence Gating, wjo Typed Indexing and Evidence Gating,
and w/o Decomposition, Typed Indexing, and Evidence Gating.
These conditions correspond to the compact plot labels Typed,
Decomp., and Dense, respectively; Typed+G. denotes the full
configuration. The candidate corpus and evaluation tasks are
held fixed, so the comparisons isolate query decomposition,
type-specific indexing, and evidence gating. The four typed in-
dices correspond to process knowledge, parameter specifications,
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Figure 6: Retrieval performance under cumulative retrieval ablations defined relative to Full MaCoPlanner.
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Figure 7: Transfer from retrieval quality to downstream task-planning perfor-
mance under proactive safety verification. The compact labels Dense, Decomp.,
Typed, and Typed+G. denote w/o Decomposition, Typed Indexing, and Evidence
Gating, wjo Typed Indexing and Evidence Gating, wjo Evidence Gating, and Full
MaCoPlanner, respectively.

safety clauses, and control relations. The deployed index applies
L2 normalization uniformly to both query and manual/evidence
embeddings before similarity-based ranking.

Figure 6 shows only a limited improvement when query
decomposition is restored, whereas restoring typed indexing
produces the larger and more consistent improvement in the
coverage-oriented metrics. For a fixed current device state, the
typed subqueries are generated by the schema-constrained de-
composition described in Section 3.2.2, validated by determin-
istic post-processing, and issued to their corresponding indices.
Restoring evidence gating changes recall and F1 only slightly
but improves nDCG@8 and nDCG@ [2 more clearly. The di-
vergence between coverage and ranking metrics indicates that
gating mainly promotes applicable, task-critical evidence within
the retrieved context rather than expanding corpus coverage. In
the evaluated implementation, a shared-threshold heuristic com-
bines relevance with state applicability to produce this ordering.

X1

5.4. Impact of Retrieval Quality on Downstream Task-Planning
Performance

Figure 7 further shows that the retrieval improvement is effec-
tively transferred to downstream task planning under proactive
safety verification, and that this effect becomes stronger as task
complexity increases. The limited variation on Level-1 tasks
indicates that simple single-control operations are less sensitive
to retrieval quality. By contrast, the much larger differences on
Level-2 and Level-3 tasks show that planning under cross-step
dependency, interlock conditions, and explicit safety constraints
relies heavily on structured and well-ranked evidence. In partic-
ular, Full MaCoPlanner achieves the best downstream perfor-
mance, improving Level-2 and Level-3 success while sharply
reducing the violation rate relative to w/o Decomposition, Typed
Indexing, and Evidence Gating. In this transfer experiment, the
planner, prompt, action space, state input, and knowledge source
are fixed, and only the retrieval configuration is changed. Here,
success is determined by whether the generated plan reaches
the target state under executable action semantics, while vio-
lation rate is measured by the procedural and state-dependent
constraint checks in Section 3.3. Overall, the proposed retrieval
design improves not only retrieval quality itself, but also the
usability of manual knowledge for constrained planning: typed
indexing improves evidence completeness and type correctness,
while evidence gating improves the visibility of task-critical
constraints, both of which are reflected in better executability
and more reliable task-planning outcomes under proactive safety
verification.

5.5. Controlled Analysis of Knowledge Representation and Sys-
tem Components

Figure 9 expresses every controlled variant as a w/o ablation
of Full MaCoPlanner. The retrieval rows use the same con-
trolled factors as the transfer analysis in Figure 7 and provide
the representation-side reference for the component ablations.
Their complexity-dependent pattern is consistent with the figure:
Level-1 is comparatively insensitive, whereas removing typed or-
ganization and constraint-aware ranking produces progressively
larger losses on Levels 2 and 3. Full MaCoPlanner consequently
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Table 3: End-to-end comparison with representative task-planning baselines on the same planning benchmark.

Method Retrieval Formal verif. Repair Memory Suce.L1 (%) Succ.L2 (%) Succ.L3(%) Viol.rate (%)
Raw-Manual Long-Context Raw manual No No No 88.2 62.8 259 11.6
Prompt-Safety Text context Nat.-lang. prompt No No 93.1 70.5 338 83
ISR-LLM [32] Text context Self-refine verifier Iter. refine. No 93.6 742 35.7 6.8
L3 [33] Task/motion fb. Failure fb. Motion-failure reas. No 934 76.8 37.1 52
SafePlan [42] Text context Formal logic + safety CoT refine. No 92.7 79.3 39.6 35
‘MaCoPlanner (ours) Typed evidence LTL + Safety FSM Targeted repair Device mem. 93.5 84.4 43.2 2.7
(a) Perception (b) Grounding (a) Success profile (b) Violation
o L1 w2 A L3
432 93.5 27
o Full MaCoPlanner A e -
- Frequency converter Alias: Direction /REV-FWD 84.4
Selector ) ) 428 93.4 3.1
Type: Knob w/o Evidence Gating A n-e |
Spatial prior: between 38.8 9 4.2
ESTOP and Speed w/o Typed + Gating A e —i
. . . . 22.1 925 9.8
(c) Button parameter estimation (d) Knob parameter estimation wlo Decomp. + Typed + Gating A e ]
25.9 931 12.0
w/o LTL A L L ] —ill
Target
rol mask 255 9338 8.5
k. w/o Safety FSM A L L ] —
327 91.6 48
w/o Targeted Repair A u—e —i
34.1 92.4 3.9
w/o Device Memory e —
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Task success (%) Rate (%)

Figure 8: Manual grounding, operation-oriented parameter estimation, and
repeated manipulation examples.

achieves the strongest complex-task performance and the lowest
independent violation rate.

The component ablations show the same complexity-dependent

pattern. Removing LTL or the Safety FSM has little effect on
simple Level-1 tasks but causes the largest degradation on Levels
2 and 3, indicating that temporal ordering and state-transition
constraints become important only when plans contain coupled
steps. Removing targeted repair or device memory also affects
the more complex levels more strongly than Level-1, showing
that constraint detection alone is insufficient without a mecha-
nism for correction and an up-to-date representation of device
state. The slight Level-1 increase without the FSM is therefore
a local non-monotonic result rather than evidence that the FSM
is unnecessary.

5.6. End-to-End Task Planning and Task-Level Safety Evalua-
tion

After the controlled analyses, we compare the complete
system with Raw-Manual, Prompt-Safety, ISR-LLM, LLM?, and
SafePlan. Each baseline retains its native planning and safety
mechanism, including iterative refinement only where it is part
of the original method; MaCoPlanner’s verifier is not imposed
on the other methods. For each method, the evidence form,

Xii

Figure 9: Controlled cumulative retrieval and system-component ablations in
MaCoPlanner. Colored markers and adjacent labels report exact success rates
across the three task levels; the right panel reports the independent violation rate.

context budget, safety information, applicable refinement budget
and stopping rule, and observed refinement usage are recorded
in Appendix D.

Table 3 reveals little separation among the advanced meth-
ods on Level-1, where MaCoPlanner does not obtain the highest
result. The performance gap emerges on Levels 2 and 3, where
MaCoPlanner achieves the strongest results among the compara-
ble natural-language planning methods. Its widening advantage
over Raw-Manual indicates that direct use of unstructured manu-
als becomes increasingly inadequate as cross-step dependencies
and safety constraints accumulate. Because the methods dif-
fer in evidence representation, verification, repair, and memory,
their end-to-end differences cannot isolate individual component
effects; those effects are examined in Figure 9.

MaCoPlanner nevertheless declines markedly on Level-3,
showing that verification and repair cannot remove the underly-
ing difficulty of generating valid plans under densely coupled
prerequisites, interlocks, and evolving device states. Success-
ful completion still depends on generating a valid alternative
within the refinement budget. Figure 10 therefore compares
initial task success with the final outcomes produced by post-
generation safety checking or refinement. Because unresolved
cases are handled differently by the baseline methods, rejec-
tion is discussed separately rather than treated as an additional
cross-method metric.

Figure 12 shows that GPT-5 gives the highest point estimates,
while GPT-40 remains close and Gemma 3 27B-IT exhibits a
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Figure 10: Initial and post-refinement outcomes for methods using post-
generation verification or refinement. The dumbbell plot shows the change
in task success; the adjacent panels report final violation rates and average re-
finement steps.

modest but increasingly visible deficit as task complexity rises.
The two lower-capacity planners preserve much of the Level-1
performance but show larger losses on Levels 2 and 3 together
with higher violation rates, indicating that the compiled repre-
sentation and verification scaffold reduce, but do not remove,
dependence on planner capacity. The comparison therefore
supports robustness across the evaluated backbones without im-
plying backbone independence beyond this subset. Figure 11
complements these aggregate results with a representative trace
through initial planning, pre-execution verification, violation
localization, feedback construction, and targeted repair.

Figure 10 shows a consistent improvement from the initial
to the final output after each method’s native post-generation
safety procedure. MaCoPlanner achieves the strongest final suc-
cess and the lowest final violation rate while using fewer refine-
ment steps on average than the two explicit iterative baselines,
ISR-LLM and LLM?. This combination indicates that localized
LTL/FSM feedback supports targeted correction rather than re-
peated unconstrained regeneration. SafePlan is retained because
its safety reasoning changes the final output, but its refinement
count is marked N/A because it does not expose a comparable
iterative plan-repair loop. The increase in MaCoPlanner’s suc-
cess remains smaller than the number of initially unresolved
cases because verification cannot convert every failed candidate
into a valid plan within the refinement budget.

Rejection is not reported as a separate cross-method metric
because it has different operational meanings across the base-
lines. ISR-LLM accepts the final generated action sequence
when its iteration limit is reached [32], whereas LLM? returns an
unsuccessful planning outcome if no feasible task-and-motion
solution is found within the prescribed attempts [33]. Safe-
Plan applies its native safety reasoning but does not implement
fail-closed rejection after a bounded iterative repair loop. Ma-
CoPlanner instead applies a fail-closed rule to the generated
plan: if no candidate satisfies both the LTL and Safety-FSM
conditions within the refinement budget, no physical action is
issued. Under this policy, 26.3% of the 357 runs entering the
planning loop were rejected. Thus, the post-refinement success
gain should be interpreted together with the explicit suppression
of unresolved plans, rather than as evidence that every detected
failure can be repaired.
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Figure 11: Representative case showing the positions and roles of key modules
in the end-to-end task-planning and proactive-verification pipeline.
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Figure 12: Backbone sensitivity on the 1/4 benchmark subset, including two
pre-specified lower-capacity planners. Colored markers and adjacent labels
report exact success rates across the three task levels; the right panel reports the
violation rate.

Figure 11 illustrates how the aggregate repair behavior arises
in an individual task. The initial plan attempts a direction change
without completing the required OFF-state transitions, and the
verifier localizes the corresponding constraint violation before
execution. The resulting feedback leads the planner to insert
the missing OFF operations and reorder the affected steps, after
which the repaired plan satisfies both verification layers. The
example therefore shows that repair is driven by a localized
procedural or state-transition violation rather than by restarting
generation without diagnostic feedback.

5.7. Formal-Specification Fidelity and Planning Analysis

The full source-to-specification audit in Table D.18 assesses
the semantic fidelity of the LTL rules and FSM transitions
against their source manuals. Semantically correct encodings
are distinguished from approximations, local atomic-proposition
or syntax errors, and LTL-FSM mismatches because each fail-
ure mode affects verification differently. The corresponding
plan-level outcomes after verification and repair are reported in
Figure 10.

The PDDL experiment tests whether planning failures can
be attributed to unreachable symbolic goals. Given the exact
initial state, oracle symbolic goal, and complete action model,
the planner returns a non-empty plan for every instance in the 50-
task subset, establishing reachability within the encoded model.
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Because this diagnostic bypasses natural-language goal inter-
pretation, manual-evidence retrieval, and construction of the
symbolic planning problem, it is not treated as an end-to-end
baseline. Its configuration is reported in Appendix D. Level-
2 and Level-3 plans have comparable lengths, whereas state-
verification actions constitute 42% of the Level-3 actions and
are absent from the simpler levels. Complex tasks are therefore
distinguished more by state confirmation and constraint coupling
than by sequence length alone.

The remaining unsuccessful cases are examined together
with grounding and execution failures in the failure-mode anal-
ysis below, allowing errors arising from evidence supply, plan
verification, and physical interaction to be compared within a
common pipeline-level taxonomy.

5.8. Perception and Manipulation Validation

The physical interface is evaluated separately from high-
level task planning because a symbolically valid action can still
fail if the target control is mislocalized or the interaction param-
eters are inaccurate. As illustrated in Figure 8, the grounding
module maps abstract controls to panel instances and estimates
the parameters used to instantiate pressing and rotation primi-
tives. Each control category is measured from five prescribed
camera viewpoints while the panel, depth-camera calibration,
and illumination are held fixed. Table 4 reports mean =+ stan-
dard deviation across these five viewpoints for the applicable
geometric or interaction deviations, together with the operation
success rate pooled over repeated manipulation trials conducted
at the same viewpoints. The number of views is therefore not
the denominator of the success rate. Each repeated operation
begins from the prescribed panel state and robot pre-contact
pose, and success requires the expected observed state change
after execution.

Table 4 shows that ordinary button and knob operations com-
bine small geometric deviations with high repeated-operation
success, supporting the basic feasibility of manual-guided ground-
ing. More importantly, localization error and operation success
are not strictly monotonic across control types: small controls
can have a lower absolute center deviation but slightly lower
execution success than larger controls. Contact geometry, con-
trol shape, and interaction tolerance therefore affect execution
in addition to localization accuracy. Because pressing and rota-
tion involve different error dimensions, deviations are analyzed
within each control type rather than pooled. The panel-mounted
emergency-stop control is the clearest outlier, with the lowest
operation success at 80.0%. This experiment concerns manipu-
lation of that panel control, not the robot or cell’s independent
protective emergency-stop function; the observed reliability is
insufficient for unattended reliance on the panel control and
remains a limitation of the physical execution layer.

5.9. Physical Experiments on Long-Horizon Tasks

The long-horizon physical evaluation comprises five panel
tasks, each repeated five times, for 25 executions in total. Before
each run, the panel is restored to the prescribed task-specific
initial state, the manipulator returns to the common pre-contact

Xiv

Table 4: Control-specific geometric/interaction deviations measured across five
camera viewpoints and repeated manipulation success pooled over trials at the
same viewpoints.

Views Center dev. (mm) Press dev. (mm) Thickness dev. (mm) Depth dev. (mm) Rotation dev. (deg) Succ. (%)

5 0.80 +0.04 2.80+0.14 - - - 96.0
5 0.30 +0.02 1.00 = 0.05 93.0
5 0.70 + 0.04 - 350+0.18 95.0
5 350+0.18
5 -

Control type

Small buttons
Knobs

1.20 +0.06
0.40 +0.02

Emergency stoy

- 80.0
Small round knob 220+0.11 93.0

Typed retrieval ®01-03

Planner API (initial)
LTL/FSM checking @ 0.1-02

Grounding / geometry QI 0.6-12

0 2 4 6
Online runtime (s)

Figure 13: Module-level decomposition of online runtime for typed retrieval,
the initial planner/API call, LTL/FSM checking, and grounding/geometry.

pose, and device memory is reinitialized from the current panel
observation. The trials exercise planning, verification, ground-
ing, execution, and state update under fixed panel, viewpoint,
calibration, and illumination conditions; wear and cross-device
variation are not varied.

Table 5 shows that most long-horizon trials complete suc-
cessfully, with 23 of 25 reaching the target state. The lower first-
attempt completion indicates that replanning recovers several
trials rather than merely filtering failures. The simplest power-
on task completes without intervention, whereas the direction-
change and READY-to-START procedures concentrate the in-
complete trials, repeated attempts, replanning, and safety trig-
gers. This pattern is consistent with corrective planning being
invoked primarily when execution depends on additional state
confirmations and interlocks. Nevertheless, the two incomplete
trials and the small physical sample prevent these results from
being interpreted as a general reliability estimate.

Figure 13 shows that the initial planner/API call dominates
the reported computational cost, while typed retrieval and LTL-
FSM checking contribute substantially less latency. Explicit
task-level verification is therefore not the principal computa-
tional bottleneck in the measured pipeline. Grounding remains
a non-negligible physical-interface cost, and repair generation is
incurred only when violations are detected. The task-dependent
physical execution times are reported separately in Table 5 and
are not included in the module-level computational ranges. Be-
cause panel operation is a state-dependent supervisory procedure
rather than a fixed-cycle repetitive production step, the measured
latency is governed by device-specific response and confirmation
requirements and does not constitute a general industrial cycle-
time guarantee. Figure 14 presents a representative long-horizon
sequence in which the robot stops the running state, verifies the
status indicator, changes the source to VFD, confirms the up-
dated source state, sets and checks the speed, and then completes
the final start operation.

5.10. Failure Mode Analysis

Each failed episode is assigned to the earliest identifiable
breakdown represented in Figure 15: retrieval miss, LTL viola-
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Table 5: Planner/API latency, physical execution time, and task outcomes for the 25 long-horizon physical trials.

Task Planner/API (s) Execution (s)

Completion 1st attempt Avg. replans Avg,. safety triggers

Turn on main power 35 4.1

5/5 5/5 0.0 0.0

Switch low speed under PANEL 4.2 3.9

5/5 4/5 0.2 0.0

Change the direction to REV 38 4.0

4/5 3/5 0.6 0.2

Perform a jog operation 37 25

5/5 4/5 0.2 0.2

Verify READY, then START 5.6 5.1

4/5 3/5 0.8 0.4

Aggregate 4.2 3.9

2325 19/25 036 0.16

itch source PANEL to VFD.

L
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(1) Initial Equipment Status (2) Stop running state (3) Check the status light

(6) Set Speed Operation

(5) Check source status

(7) Check the speed value

(8) Final execution

-

(a) Failure distribution

(b) Grounding mismatch

(¢) Retrieval miss

(d) Physical execution failure
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START.
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Consequence
“The planner ignores the
‘malfunction state and

Figure 14: Representative long-horizon execution sequence for switching the
source to VFD, setting the speed, and starting the device.

tion, FSM rejection, grounding mismatch, or physical execution
failure. Across the 12 audited failed episodes, retrieval miss is
the largest individual category. The remaining cases are evenly
divided between plan-level verification outcomes (LTL viola-
tion or FSM rejection) and failures at the grounding/execution
interface. This distribution shows that residual errors are not
confined to candidate generation: incomplete evidence, formal
constraint handling, and physical interaction all remain relevant
to end-to-end performance.

Figure 15(b)—(d) illustrates the corresponding mechanisms.
The grounding example shows how a mask-location error can
associate an otherwise valid symbolic action with the wrong con-
trol. The retrieval example omits the evidence prohibiting startup
when the fault indicator is active, leaving the planner without a
task-critical state constraint. The physical examples show that
insufficient pressing distance and handle-thickness estimation
error can prevent the intended state transition even when the sym-
bolic action is valid. These interface and execution failures lie
outside the formal verifier’s guarantee, which is conditional on a
correct symbolic state and action-to-control correspondence. Al-
gorithm 1 rejects tasks for which no admissible symbolic plan is
found before grounding; uncertainty introduced during ground-
ing or execution instead requires stopping, reinitialization, or
operator intervention beyond the symbolic verification layer.

6. Conclusions

This study presented MaCoPlanner, a framework that com-
bines typed knowledge compiled from equipment manuals with
evidence-conditioned planning and proactive safety verification.
Across 480 tasks from four panel domains, the framework im-
proves complex task planning while maintaining a 2.7% final
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fe action.

Figure 15: Distribution of the 12 audited failed episodes and representative
retrieval, grounding, and physical-execution failures.

violation rate under the independent safety oracle; plans that
remain unresolved after repair are rejected before execution.
Experiments on the no-load controller-panel simulator further
demonstrate that verified symbolic plans can be grounded and
executed under representative interaction conditions. The re-
maining limitations concern incomplete retrieval, symbolic-state
drift, difficult Level-3 planning, and grounding or contact errors.
Future work will strengthen these interfaces and evaluate the
system under real loads and plant-level safety architectures.
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Appendix A. Complete Prompts, Structured Outputs, and
Post-Processing

This appendix provides the prompts and structured output
formats used by the language-driven modules, including man-
ual compilation, query decomposition, task planning, violation-
guided repair, memory update, and output post-processing. Ta-
ble A.6 consolidates the prompt-based stages in pipeline order.
The compilation and rule-translation blocks correspond to Sec-
tion 3.2.1; query decomposition corresponds to Section 3.2.2;
initial planning and violation-guided repair correspond to Sec-
tions 3.3.1 and 3.3.2; and the memory-update and grounding
blocks correspond to Section 4. Table A.7 separately summa-
rizes the deterministic validation and post-processing applied to
their structured outputs.

Appendix B. Illustrative Examples of Safety Verification
and Benchmark Construction

This appendix provides concrete examples to further clarify
two key parts of the proposed framework, namely the proactive
safety verification mechanism and the benchmark-construction
protocol. As described in Section 3.3.2 of the main text, proac-
tive safety verification combines procedural constraint checking
and state-dependent legality checking. In this appendix, the
former is instantiated by representative LTL rules translated
from manuals, while the latter is instantiated by a lightweight
Safety FSM that tracks local engine operating modes. In addi-
tion, to make the benchmark design more transparent, a concrete
IR-backed running example is further provided to show how
procedure knowledge, safety constraints, control relations, and
operation-critical parameter specifications are aligned into a
unified benchmark item.

In the current implementation, each generated primitive se-
quence is first mapped into symbolic events, such as pressed (ST
ART_BTN), pressed (PANEL_QOFF). These symbolic events are
then checked against the LTL rule set and further passed to the
Safety FSM for local transition validation. Tables B.§8-B.10
summarize representative verification examples. Table B.11 fur-
ther provides a concrete IR-backed running example, showing
how benchmark instances and reference targets are derived from
the compiled manual knowledge.

Each action proposition in Table B.8 is evaluated together
with the symbolic state immediately before that action. The
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proposition done (PREHEAT) remains true after successful pre-
heating.

Appendix C. Independent Benchmark and Safety-Oracle
Protocol

This appendix records the independent annotation and audit
procedures used for the retrieval benchmark, planning refer-
ences, and external task-level safety oracle. The reference is
constructed from the original manuals, task instruction, and ini-
tial device state, not copied from MaCoPlanner’s compiled IR
or internal verifier.

Appendix D. Reproducibility and Implementation Details

This appendix consolidates the experiment-critical imple-

mentation settings used for manual compilation, retrieval, plan-
ning, verification, grounding, baseline evaluation, and stateless
API inference.
Rationale and scope of the fixed settings. The 512-token chunk
length follows the maximum input length of the deployed e5-
base-v2 encoder, while the 64-token overlap (12.5% of a chunk)
retains clauses crossing adjacent chunk boundaries without du-
plicating most of the corpus. L2-normalized query and evidence
embeddings follow the reference ES inference procedure, mak-
ing their dot product equivalent to cosine similarity [49, 50]. At
most one subquery is generated for each IR type because decom-
position is constrained by the four-slot schema rather than se-
lected by an unconstrained search. The reported K € {8, 12, 16}
values are evaluation cutoffs spanning three compact evidence
budgets, and L = 5K deliberately supplies a larger candidate
pool for applicability gating before the final top-K context is
formed; these values are held fixed across retrieval variants.

For evidence gating, @ = 0.70 intentionally prioritizes se-
mantic relevance while retaining a 30% state-applicability con-
tribution. The shared v = 0.55 cutoff is a conservative near-
midrange filter used after the independent hard-conflict veto.
The two values were fixed before evaluation and applied to every
evidence type and retrieval variant; no test-task tuning or claim
of universal optimality is made.

The repair cap Ko = 3 permits at most three verifier-guided
repair calls after the initial candidate, consistent with bounded
iterative-refinement designs [51], while limiting latency and
enforcing fail-closed rejection when no candidate passes both
checkers. It is a fixed system budget rather than a literature-
standard optimum.

In grounding, 4 = 0.5 deliberately makes relation consis-
tency a secondary correction to the pose term, and the 0.65

matching-cost threshold retains plausible candidates after class/fOCR

and geometric filtering so that only unresolved ambiguity is del-
egated to the VLM. Both are fixed engineering settings used
unchanged across the five camera viewpoints. DBSCAN and
RANSAC define the clustering and robust-fitting procedures [52,
53], but their numerical thresholds are necessarily scale- and
noise-dependent. Here, the 15-mm DBSCAN radius groups
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Table A.6: Consolidated prompt examples and instructions for the language-driven modules of MaCoPlanner.

Manual knowledge compilation
You are a manual knowledge compiler for industrial equipment. Convert the provided manual chunk {manualChunk?} into structured knowledge items for robotic panel operation. Classify each sentence into one of four types: procedure, safety, parameter, or relation.
For a procedure item, extract {precondition, action, postcondition, retry}. For asafety item, extract {trigger, forbidden_action, required_condition}. For a parameter item, extract {name, unit, range, tolerance}. For a relation
item, extract {source, relation, target}. Preserve the original terminology and attach a short evidence span from the manual. The required output format is: Type: {...}; Item: {...}; Evidence: {...}.

Safety-rule translation

You are a rule translator for industrial devi
emergency handling, and operation prerequ:
output format is: RuleID: {...}: Description: {

operation manuals. Translate the given operation and safety text {manualRuleText} into formal logic constraints for plan verification. Focus on temporal order, forbidden transitions, mode-dependent interlocks,
s. Use the atomic proposition library {apLibrary} to write each rule as an LTL formula. If a rule cannot be formalized exactly, provide the closest conservative approximation and mark it explicitly. The required
}: LTL: {...}: Approximate: {Yes/No}.

Query decomposition and retrieval

You are a retrieval planner for compiled manual knowledge. Given the user instruction {query} and the current device memory state {memoryState}, decompose the request into typed subqueries for procedure, safety, parameter, and relation retrieval. Each
subquery should target one missing decision required for execution, and should prefer explicit control names, state variables, thresholds, and interlocks over generic paraphrases. Rank the subqueries by urgency and expected usefulness for planning. The required
output format is: PROC: {...}; SAFE: {...}; PARAM: {...}; REL: {...}; Priority: {...}.

High-level task planning

You are a world-class robotic task planner that outputs ONLY executable robot action primitives for industrial panel operation. Given the user command {query}, device status {deviceState}, structured evidence {retrievedEvidence}, and the allowed action
primitive library {primitiveLibrary}, generate a valid step-by-step task plan. Each step must satisfy the retrieved safety rules, limits, and current mode/interlock conditions. Prefer minimal and state-consistent operations, and
avoid any action that changes direction, source, or speed under forbidden running states. The required output format is: StepX: { Action primitive}, { Parameters}.

Violation-guided plan repair

You are a violation-guided plan-repair module for industrial panel operation. Given the user goal {query}, current device state {deviceState}, retrieved evidence {retrievedEvidence}, previous candidate plan {candidatePlan}, localized LTL/FSM
violation report {violationReport}, and allowed primitive library {primitiveLibrary}, revise only the steps needed to remove the reported violation. Preserve every valid prefix, insert missing prerequisites or verification actions when required, and do not
introduce actions outside the primitive library. If the constraints cannot be satisfied, return INFEASIBLE. Otherwise, output only the revised sequence in the format: StepX: { Action primitive}, { Parameters}.

Device-memory update

You are a device-memory updater. Given the previous memory {memoryState}, executed primitive {executedAction}, post-action observation {observation}, and verification cue {verificationCue}, return a JSON object with the fields mode,
control_states, parameters, last_action, verification_status, confidence, and timestamp. Update only fields supported by the observation; retain unobserved fields but mark them stale when their age exceeds the staleness threshold. Do not
overwrite a verified state with an unconfirmed inference. Confidence values must lie in [0, 1], and failed or missing verification must be recorded explicitly.

Manual-guided grounding

You are a location matcher for industrial panel grounding. You receive merged OCR annotations {ocrAnchors}, candidate control detections {detectedControls}, spatial priors {spatialRelations}, and target control labels {targetLabels}. OCR text
anchors are soft hints only. Use semantic consistency, relative layout constraints, and 3D pose proximity to match each target label with the most likely physical control instance. For keypad-like layouts, same-row controls should have similar vertical coordinates and
same-column controls should have similar horizontal coordinates in the robot base frame. Return the results only as compact mappings. The required output format is: mapping: {label: {pose_base_m: {x, y, z, frame}}}.

Table A.7: Output validation and deterministic post-processing rules.

Module ‘Validation / post-processing
Compilation Parse the required type-specific schema; canonicalize units and enumerated values; require a non-empty source span; reject items with missing required
) fields, unresolved ambiguity, or unsupported values. ) » »

Query decomposition Accept only PROC, SAFE, PARAM, and REL; retain at most one subquery per type; normalize absent types to an empty list; reject duplicated, unparseable, or
out-of-schema fields.

Planner Parse the ordered step sequence: require every action to belong to the primitive library: validate parameter names, types, ranges, and units; mark unknown,
duplicated, or malformed actions invalid.

Violation feedback Require cach feedback item to resolve to a rule identifier, step index, and pre-action state; re-parse and re-verify every repaired plan before it can be accepted.

Memory update Validate the memory schema and slot types; update only observation-supported slots; retain unobserved values with a stale flag; prevent low-confidence
inferences from overwriting verified states.

Grounding Require class/label compatibility and a valid base-frame pose; accept matches only when S 5 icp < 0.65; use A = 0.5 for relation consistency and invoke

the VLM only for unresolved semantic ambiguity.
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Table B.8: Representative LTL rules used in the safety-verification layer.

Rule ID Description

LTL formula

murphy_contact_
required_to_run
start_requires_
coil_deenergized
preheat_required_for_
temperature_below_20C
drive_direction_
mutual_exclusion
switch_on_only_
if_voltage_ok
switch_off_load_first_
then_press_off

latched closed.

time.
the permissible range.

pressing the OFF button.

The engine can run only while the Murphy magnetic switch contact is
Cranking or running must not occur while the Murphy coil is energized.
Pre-heating is required when the operating temperature is below 20°C.
Forward and reverse drive commands must never be active at the same
The load may be switched on only when the generator voltage is within

When stopping the generator, the load should be switched off before

G ( is_on(ENGINE) -> contact(MURPHY, CLOSED) )

G ( (attempt_start | is_on(ENGINE)) -> !coil_on(MURPHY) )

G ( temp_1t(20C) -> ( done(PREHEAT) & light_on(LED_HEAT_ORANGE) ) )
G ! ( is_on(DRIVE_FWD) & is_on(DRIVE_REV) )

G ( switch_on_load -> ( voltage_ok & light_on(LED_AC_OK_GREEN) ) )

G ( pressed(PANEL_OFF) -> is_off (LOAD) )

Table B.9: Representative Safety FSM used for local legality checking.

Current state Trigger / condition Next state Interpretation

STOPPED pressed (START_BTN) and no Murphy trip CRANKING Engine start has been requested and the system enters the cranking
stage.

CRANKING ENGINE_RPM > 400 RUNNING_NO_LOAD A successful start is confirmed by the engine-speed threshold
while the load remains disconnected.

CRANKING Murphy trip is active, or the main breaker is tripped FAULTED Unsafe start progression is interrupted and the system enters a
fault state.

RUNNING_WITH_LOAD switch_off (LOAD) RUNNING_NO_LOAD The load is disconnected before the stop command is permitted.

RUNNING_NO_LOAD pressed (PANEL_OFF) and is_off (LOAD) STOPPED The stop command is accepted only from the no-load running
state.

RUNNING_WITH_LOAD Murphy trip becomes active FAULTED A protection-triggered shutdown transfers the system into a

RUNNING_NO_LOAD faulted mode.

FAULTED pressed (RESET_MURPHY) STOPPED Manual reset clears the faulted condition and returns the system

to a safe stopped state.
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Table B.10: Representative implementation-level violation tags derived from rule and FSM checking.

Violation tag Meaning

Typical corrective implication

start_requires_murphy_reset
been reset.
start_requires_sensor_data
able before start.
start_requires_preheat_in_cold
direction_change_requires_off
stop_requires_load_off

The plan attempts to start while the Murphy protection condition has not
Required oil-pressure or coolant-temperature sensing information is unavail-
The plan attempts to start in a cold condition without preheating.

The plan changes drive direction without first switching the drive to OFF.
The plan presses the OFF button while the load is still ON.

Insert a reset step before the start command, or abort the start sequence.
Add sensing/verification before allowing the start action.
Insert a preheat action and verify the corresponding indicator.

Insert an intermediate drive_off step before changing to FWD or REV.
Insert load_off before the stop command.

Table B.11: IR-backed shutdown example illustrating source-to-task alignment and benchmark construction.

Stage IR source / field Concrete IR knowledge entry

Task Task description Stop the generator safely after unloading the load

instance State before {ENGINE_RUNNING: true, LOAD: ON, PANEL_ON: true, HIGH_AMBIENT_TEMP: false, HIGH_PRIOR_LOAD: false}

Procedure Process Framework Name: Stop the Generator (Unload — Cooldown — OFF)

skeleton (TG-03) Preconditions: Generator is running and needs to be shut down
Steps: (1) Switch off load; (2) At high ambient temperature or high prior load, run without load for at least 5 minutes; (3) Press
button ’off’; (4) Verify LED for ’on’ is off.
Postchecks: Generator is stopped; battery is not switched off prematurely; fuel valve closed only if needed.

Safety LTL constraint Description: Load must be turned off before shutting down the generator.

constraints N .
FSM constraint

Formula: G ( shutdown(ENGINE) -> is_off(LOAD) )
State abstraction: {RUNNING_WITH_LOAD, RUNNING_NO_LOAD, STOPPED}

Allowed transition: RUNNING_WITH_LOAD -> RUNNING_NO_LOAD -> STOPPED
Forbidden transition: RUNNING_WITH_LOAD -> STOPPED
Action mapping: switch_off (load) drives RUNNING_WITH_LOAD -> RUNNING_NO_LOAD: press(OFF_BUTTON) drives RUNNING_NO_LOAD -> STOPPED.

Control / relation Control-Step Graph

Edge 1: STEP_SHUTDOWN_1 -> CTRL_LOAD_SWITCH, rel=deactivates, detail="Switch off the load before shutdown".

graph Edge 2: STEP_SHUTDOWN_2 -> CTRL_ENGINE_SWITCH, rel=stops,detail="Press OFF only after LOAD=0FF".
View: shutdown_procedure = {key_controls: [CTRL_LOAD_SWITCH, CTRL_ENGINE_SWITCH]}.
Parameter Parameter Specs Control part: Stop Generator Switch (Fischer Panda, 10250088)
specification Benchmark-membership status: this example belongs to the trol domain by the p source manuals in Table 1; it is
not an additional benchmark device.
Control family: button-like control
Operation mode: press-to-stop
Execution-critical parameters: {target pose, approach direction, pressing depth/stroke, trigger threshold, dwell time}
Verification cue: LED turns off after actuation
Function: Stops the generator, LED turns off
Benchmark Gold evidence set {TG-03, shutdown_requires_load_off, local shutdown FSM, G_generator_control_step_model, Stop Generator Switch}

(areet Reference plan target

switch_off(load) -> [cooldown only if HIGH_AMBIENT_TEMP or HIGH_PRIOR_LOAD] -> press(OFF_BUTTON) -> verify(LED_ON = OFF)

ing constraints for llm-driven robot agents, in: 2024 IEEE International
Conference on Robotics and Automation (ICRA), IEEE, 2024, pp. 14435—
14442.

A. A. Khan, M. Andrev, M. A. Murtaza, S. Aguilera, R. Zhang, J. Ding,
S. Hutchinson, A. Anwar, Safety aware task planning via large language
models in robotics, in: 2025 IEEE/RSJ International Conference on Intelli-
gent Robots and Systems (IROS), IEEE, 2025, pp. 21024-21031.

I. Obi, V. L. Venkatesh, W. Wang, R. Wang, D. Suh, T. I. Amosa, W. Jo, B.-
C. Min, Safeplan: Leveraging formal logic and chain-of-thought reasoning
for enhanced safety in llm-based robotic task planning, arXiv preprint
arXiv:2503.06892 (2025).

N. Ravi, V. Gabeur, Y.-T. Hu, R. Hu, C. Ryali, T. Ma, H. Khedr, R. Rédle,
C. Rolland, L. Gustafson, et al., Sam 2: Segment anything in images and
videos, arXiv preprint arXiv:2408.00714 (2024).

T. Ren, Y. Chen, Q. Jiang, Z. Zeng, Y. Xiong, W. Liu, Z. Ma, J. Shen,
Y. Gao, X. Jiang, et al., Dino-x: A unified vision model for open-world ob-
ject detection and understanding, arXiv preprint arXiv:2411.14347 (2024).
B. Wen, M. Trepte, J. Aribido, J. Kautz, O. Gallo, S. Birchfield, Founda-
tionstereo: Zero-shot stereo matching, in: Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, 2025, pp. 5249—
5260.

R. Friel, M. Belyi, A. Sanyal, Ragbench: Explainable benchmark for
retrieval-augmented generation systems, arXiv preprint arXiv:2407.11005
(2024). doi:10.48550/arXiv.2407.11005

K. Valmeekam, M. Marquez, A. Olmo, S. Sreedharan, S. Kambhampati,
Planbench: An extensible benchmark for evaluating large language models
on planning and reasoning about change, Advances in Neural Information
Processing Systems 36 (2023) 38975-38987.

T. Sadhu, Y. Chen, A. Pesaranghader, Vestabench: An embodied bench-
mark for safe long-horizon planning under multi-constraint and adversarial
settings, in: Proceedings of the 2025 Conference on Empirical Methods
in Natural Language Processing: Industry Track, Association for Com-
putational Linguistics, 2025, pp. 2122-2145. doi:10.18653/v1/2025.
emnlp-industry.149.

URL https://aclanthology.org/2025.emnlp-industry.149/

L. Wang, N. Yang, X. Huang, B. Jiao, L. Yang, D. Jiang, R. Majumder,
F. Wei, Text embeddings by weakly-supervised contrastive pre-training,
arXiv preprint arXiv:2212.03533 (2022).

Microsoft Research, ES-base-v2 model card, Hugging Face model reposi-

X1X

[51]

[52]

[53]

[54]

[55]

tory, accessed: 2026-08-27 (2023).

URL https://huggingface.co/intfloat/e5-base-v2

A. Madaan, N. Tandon, P. Gupta, S. Hallinan, L. Gao, S. Wiegrefte,
U. Alon, N. Dziri, S. Prabhumoye, Y. Yang, S. Welleck, B. P. Majumder,
S. Gupta, A. Yazdanbakhsh, P. Clark, Self-refine: Iterative refinement with
self-feedback, in: Advances in Neural Information Processing Systems,
Vol. 36, 2023, pp. 46534-46594.

M. Ester, H.-P. Kriegel, J. Sander, X. Xu, A density-based algorithm for
discovering clusters in large spatial databases with noise, in: Proceedings
of the Second International Conference on Knowledge Discovery and Data
Mining, 1996, pp. 226-231.

M. A. Fischler, R. C. Bolles, Random sample consensus: A paradigm
for model fitting with applications to image analysis and automated car-
tography, Communications of the ACM 24 (6) (1981) 381-395. doi:
10.1145/358669.358692.

M. Helmert, The fast downward planning system, Journal of Artificial
Intelligence Research 26 (2006) 191-246. doi:10.1613/jair.1705.
S. Richter, M. Westphal, The LAMA planner: Guiding cost-based anytime
planning with landmarks, Journal of Artificial Intelligence Research 39
(2010) 127-177. doi:10.1613/jair.2972.


https://doi.org/10.48550/arXiv.2407.11005
https://aclanthology.org/2025.emnlp-industry.149/
https://aclanthology.org/2025.emnlp-industry.149/
https://aclanthology.org/2025.emnlp-industry.149/
https://doi.org/10.18653/v1/2025.emnlp-industry.149
https://doi.org/10.18653/v1/2025.emnlp-industry.149
https://aclanthology.org/2025.emnlp-industry.149/
https://huggingface.co/intfloat/e5-base-v2
https://huggingface.co/intfloat/e5-base-v2
https://doi.org/10.1145/358669.358692
https://doi.org/10.1145/358669.358692
https://doi.org/10.1613/jair.1705
https://doi.org/10.1613/jair.2972

et al. / Robotics and Computer-Integrated Manufacturing 0 (2026) O—xix

Table C.12: Independent annotation, blinding, agreement, and adjudication protocol.

Ttem

Protocol

Annotator count / expertise
Materials shown
Task-required evidence
State-applicable evidence
Independent safety oracle
Blinding

TAA metric(s)
Adjudication

Benchmark audit

3 / two industrial-automation researchers and one robotics researcher

Original manuals + task instruction + initial device state; MaCoPlanner retrieval/IR output hidden

Complete source spans needed to determine the correct acuon/declslon

Subset valid under the specified device state

Procedural/state constraints mdependemly annotated from source manuals and task conditions

Items were order; did not see MaCoPlanner outputs or the other annotators” labels.
Fleiss’ « for categorical decisil and span-level F1 for source-evidence selection

Disagreements were resolved by consensus after source review; unresolved cases were decided by a senior domain expert.

Check evidence, initial state, conditional branches, reference plan, safety requirements, and control relations against source manuals

Table D.13: Consolidated implementation and hyperparameter configuration.

Component

Setting

Value / implementation

Manual chunking
Compilation model
Query decomposition
Dense retriever
Embedding normalization
Retrieval

Evidence gating

chunk size / overlap
exact model snapshot/API
model / subqueries
encoder

query + manual item

a, T, appllcabl]ny logic

512/ 64 tokens
gpt-4o through the OpenAl API
ggt -40 / at most one per type
base-v2
L2 normalization for both query and manual/evidence embeddings
L = 5K (40/60/80 candidates): evaluation K < (8, 12, 16}
@ = 0.70; 7 = 0.55; hard state contradictions are vetoed: the remaining mode, control, state, and

parameter checks use equal weights; shared 7¢ = 7
exact model snapshots GPT-40: gpt-40;  GPT-5: gpt-5; Gemma 3:
google/gemma-3-4b-it

Fresh context and no cross-task conversational memory

Planner API google/gemma-3-27b-it and
Planner API state
Refinement

Grounding score

request isolation

3

0.5 /0.65; fixed before evaluation; relation consistency remains secondary to class/OCR and geometric
filtering

DBSCAN: g, = 0.015 m, minimum samples = 10; plane: RANSAC distance = 0.005 m; shape:
circularity > 0.75, aspect ratio € [0.8,1.25]

JSON slots {mode, control_states, parameters, last_action, verification_status,

confidence, timestamp} /staleness threshold: 5s
Fast Downward with lama-first /60 s and 4 GB per task

Kmax

A/ matching threshold
Geometry DBSCAN/plane/shape parameters
Device memory schema / stale-state handling

Symbolic planner search algorithm / limits

Table D.14: Structure of the per-trial physical, runtime, and per-task planning records.

Record Fields

hick

Per-control physical measurements
Long-horizon runtime
Planning outcomes

Trial identifier, control type, calibrated predicted center/p: ion values, success outcome
Task/trial ID and timestamps for retrieval, planner, rollout, LTL/FSM feedback construction, repair API, grounding, execution, state confirmation
Task ID, method, initial/final plan status, dent violation, and fail-closed outcome

Table D.15: Retrieval/planning benchmark composition and independent annotation statistics.

Benchmark / source Tasks Devi split  Single-/multi-evid A TAA Adjudicated items
Retrieval benchmark 100/100/100/100 144/256 3 Kk =0.87; span Fl =0.90 47
Planning benchmark L1/L2/L3 80/200/200 120/120/120/120 n/a 3 K=

Independent safety oracle 480 task evaluations same task split nfa 3 K= 0 93 18

Table D.16: Full-corpus source-manual and compiled-IR provenance statistics across the four benchmark domains. These counts are distinct from the independently
annotated audit subset in Table 2. All manuals use the same 512-token chunking window with a 64-token overlap.

Device/manual source Manuals Pages Chunks [7] [S| [P |Gl Compiled total

Motor-drive controller simulator 1 57 65 16 41 33 65 155
Generator control system 1 42 48 12 21 9 18 60
Laser controller 1 92 105 7 19 11 88 125
Engine controller 1 113 129 15 26 17 65 123
Overall 4 304 347 50 107 70 236 463

Table D.17: Baseline information access, context, safety mechanism, and refinement configuration.

Method Evidence form Context budget Safety information Verifier / feedback Max. refinements Stop/reject rule Same typed evidence?
Raw-Manual Raw manuals 16,000 input tokens source text No No single- uulpul No
Prompi-Safety Text context 16,000 input tokens prompt rules prompt only No single-pass output No

Text context 16,000 input tokens prompt-level safety rules self-refine 3 return the last sequence at the nenuon c1p no fail-closed rejection No
LLM3 PDDL domain/problem and text context 16,000 input tokens  PDDL preconditions/effects and feasibility checks failure feedback 10 calls stop at the call budget; no independent fail-closed rejection No
SafePlan Text context 16,000 input tokens formal/natural safety information oT-guided safety reasoning N/A no fail-closed rejection after safety reasoning No
MaCoPlanner Typed compiled evidence 16,000 input tokens compiled task constraints LTL+FSM feedback reject if unverified Yes

Table D.18: Full LTL/FSM rule audit against source manuals.

Rule family Total Approximate Semantically correct AP/syntaxissue Cross LTL-FSM mismatch  Corrected
LTL rules 81 6 75 3 3 6
FSM transitions / guards 48 n/a 45 1 2 3

XX
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