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Abstract—Autonomous underwater vehicles (AUVs) operating
beyond reliable communications must recover from failures
without human intervention. We investigate an architecture
in which conventional deterministic layered control autonomy
manages normal operations, while an invokable large language
model (LLM) serves as a diagnostic and recovery planner
when onboard anomaly detection identifies performance outside
expected limits. Because language models are stochastic, rigorous
evaluation requires ensemble testing rather than individual
demonstrations. We present a closed-loop simulation architecture
that couples real-time C vehicle software with a higher-level
orchestration layer for physics-based fault injection, structured
prompting, language-model interaction, mission file generation,
validation, execution, and LLM-judge scoring. The framework,
which we call SPAR (Simulation Platform for AUV Recovery),
supports evaluation across fault realizations, prompt structures,
reasoning models, and mission conditions. We vary these for
a mass-shift fault over 480 SPAR trials, evaluating a frontier
model and three off-the-shelf locally deployable LLMs. Model
choice dominates diagnosis: the frontier model places the CG-shift
mechanism in its top three hypotheses in 85–90% of trials, versus
60–78% for the best local model. Reasoning analysis indicates
that local-model success is associated with following the complete
diagnostic procedure, whereas weaker models often commit
prematurely to elevator failure even though the actuator tracks
its command. Diagnosis and operational decision performance do
not appear to be coupled in this dataset. The contributions are an
architecture extending unanticipated-fault recovery from detection
to mitigation and an ensemble methodology for evaluating LLM-
assisted mission management on low-power AUVs.

Index Terms—autonomous underwater vehicles, simulation,
fault injection, fault diagnosis, fault mitigation, large language
models, edge AI.

I. INTRODUCTION AND RELATED WORK

A. Context and Contributions

Long-duration AUV missions are normally executed by
deterministic layered control autonomy that manages guidance,
control, behaviors, and mission sequencing. This architecture
is appropriate for nominal operation and for anticipated faults
with predefined responses. The unresolved case is mission
management after an unanticipated failure. The vehicle observes
out-of-bounds performance, but the cause and appropriate
operational decision are not encoded in the existing layered
control autonomy. This paper examines the use of a language
model as an invokable diagnostic and recovery planner for
that case. The LLM does not replace the real-time layered
control autonomy. The vehicle continues to operate under
its conventional layered control until an anomaly detector
identifies performance outside expected limits. The vehicle then

assembles a structured query containing mission state, vehicle
state, sensor history, actuator status, and available recovery
actions. The language model returns a diagnosis and candidate
recovery plan, which is validated for format before execution.

This architecture is motivated by the deployment constraints
of AUVs operating with limited or unavailable communications,
such as under-ice missions. It also reflects power and compu-
tational constraints as even small language models (SLMs) on
edge hardware such as the NVIDIA Jetson [1] can more than
double the idle (hotel-load) power of a vehicle as power-frugal
as the Tethys long-range AUV (LRAUV) [2]. Consequently,
real-time control remains in C code suitable for low-power
processors. The language model is invoked only after anomaly
detection. In the intended onboard implementation, the planner
would be a small local model rather than a frontier cloud model.
Onboard inference is required by limited-communications
operation but faces severe edge-hardware constraints [3].

Although retrieval augmentation [4], agentic tool use [5], and
fine-tuning [6] may improve performance, this study establishes
a baseline using off-the-shelf LLMs with a single response per
trial and no iterative re-prompting.

We implement this evaluation architecture building on the
MIT Sea Grant Odyssey II simulator, with real-time C vehicle
dynamics and mission logic coupled to a Python orchestration
layer for fault injection, structured prompting, model invocation,
mission file generation, validation, execution, and scoring. The
original C-simulator has been supplemented with parametric
models of vehicle subsystems for injecting realistic failures. The
result is a closed-loop test facility for reasoning-enabled AUV
autonomy. We demonstrate the system on a failure that occurred
in an MBARI (Monterey Bay Aquarium Research Institute)
LRAUV mission [7], a center-of-gravity mass-shift fault, and
we evaluate three levels of diagnostic framing, reporting
ensemble results over 480 SPAR trials. The contribution is an
experimental architecture for testing language-model-assisted
AUV mission recovery, together with initial measurements of
how diagnostic accuracy and operational decisions vary with
model class, prompt information, fault magnitude, and mission
phase.

B. Related Work

The work is organized around two related AUV platforms.
The MIT Sea Grant Odyssey II [8], [9] was an early (140–
200 kg) torpedo-type AUV with an extensive field history,
including Arctic, deep-ocean, coastal, and multi-vehicle de-

© 2026 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including
reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or
reuse of any copyrighted component of this work in other works.

ar
X

iv
:2

60
9.

20
62

0v
1 

 [
cs

.R
O

] 
 1

7 
S

ep
 2

02
6

https://arxiv.org/abs/2609.20620v1


ployments; its vehicle and simulator code base provides the
layered control autonomy used in SPAR. The MBARI Tethys-
class LRAUV [2] (similar weight class) provides the operational
context motivating the study: it is an active, long-endurance
scientific platform, with more than 36,000 offshore hours
accumulated across the fleet. Its operational history provides
field-grounded failure cases from which SPAR scenarios can
be constructed, including the mass-shift event examined here.
We note that the Tethys software evolved from the Odyssey II
code, so the two share a common heritage.

Undersea robotics has a broad simulator ecosystem, ranging
from vehicle-specific software-in-the-loop testbeds to general-
purpose robotics and game-engine platforms extended with
hydrodynamics, actuators, and underwater sensors. HoloOcean
builds on Unreal Engine to provide high-fidelity environmental
and sensor simulation [10], while UUV Simulator extends
Gazebo with underwater vehicle, actuator, and sensor mod-
els [11]. Other platforms, including Stonefish, DAVE, and
the AUV Workbench, provide related capabilities in physics-
based simulation, mission rehearsal, and vehicle-software
integration [12]–[14]. SPAR shares this general structure
but is organized specifically for fault modeling, repeatable
fault injection, and closed-loop operational decision evaluation
against proven vehicle code.

Classical AUV fault-diagnosis methods [15] predominantly
target predefined actuator, sensor, and component faults us-
ing model-based residuals, thresholds, observers, or trained
classifiers. Coverage of unknown or derived faults remains
limited. Raanan et al. [7], [16] advanced task-level monitoring
by detecting unanticipated departures from nominal vehicle be-
havior using online topic models and a real-time vertical-plane
anomaly detector. These methods establish that the vehicle
is behaving abnormally, but do not determine the underlying
physical cause or generate a mission-level operational decision.
This work addresses those subsequent diagnostic and mitigation
steps.

LLMs have been used to translate natural-language goals
into executable plans for ground and aerial robots [17], [18],
but their application to AUV fault recovery remains limited.
The closest concurrent work [19] considers operator-facing
anomaly diagnosis, while earlier planning studies generally
assume fault-free execution. We instead use the LLM as
a text-based diagnostic and recovery planner that interprets
structured anomaly telemetry, proposes a new mission file, and
passes that mission to a deterministic validator before closed-
loop execution. Because LLM physical reasoning remains
imperfect [20], SPAR evaluates this process statistically under
controlled vehicle faults.

II. SOFTWARE ARCHITECTURE

A. Software Components

SPAR is organized as four software components, shown
as lanes in Fig. 1: a Python/Qt orchestration layer, the C
vehicle simulator, the language-model planner under test, and
a language-model judge. The components exchange a small
set of files and data structures that close the loop from fault

Fig. 1. The SPAR pipeline by subsystem lane, top-down from injection to
scoring. The dashed arrow marks the optional re-prompt path, unused here.

injection to a scored operational decision. The orchestration
layer writes a fault descriptor that the simulator reads. The
simulator returns a per-control-cycle (5 Hz) sensor table and,
once its detector fires, an anomaly flag. The orchestration layer
then assembles a prompt for the planner, and the planner returns
a diagnosis together with a mission file. The validated mission
is executed, and the judge scores the resulting diagnosis and
operational decision.

Orchestration Layer (Python/Qt): The orchestration layer
is modular and coordinates the other three components. It writes
the fault descriptor that seeds injection, launches the vehicle
binary, ingests the sensor table and the anomaly flag, assembles
the prompt (Section II-B), validates the returned mission for
syntax and safety, and routes the operational decision outcome
to the judge. The layer runs no learned fault classifier, so all
diagnostic reasoning is left to the planner.

Vehicle Simulator (C): The vehicle simulator is a modi-
fied Odyssey II binary that integrates six-degree-of-freedom
hydrodynamics at 50 Hz [21]. It reads the fault descriptor and
injects the specified fault into the running vehicle, recording the
vehicle’s sensed variables to the sensor table. An error trapping
module watches four sensed channels through three filtering
stages, namely deadband, persistence, and verification, and
raises an anomaly flag when a channel breaches its threshold.
The simulator also exposes deterministic behaviors that a
mission can invoke, and it executes the planner’s mission file
to produce the resulting trajectory.

Language-Model Planner: The planner is the model
under evaluation, either the frontier gpt-5.5 or a locally
deployable model such as gemma4, gpt-oss, or nemotron.
The planner is a swappable component, so any local or cloud
model reachable through the same text interface can be used
in its place, the four here being representative. It receives
the assembled prompt and returns a single response that
carries a diagnosis, an executable mission in Odyssey II’s
1998 mission-file format, and, when the model exposes it, an
intermediate reasoning trace. Local models run under Ollama
on a single 24 GB RTX 3090. Median wall-clock LLM time
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Fig. 2. (a) CG-shift trial (gemma4:12b, Tier 1, 0.05 m at t=800 s), depth vs. mission time. (b) The shift pins the elevator at −30◦, so buoyancy (not
control) recovers. (c) Peak elevator and pitch vs. CG offset, two speeds. The knee moves out (0.024→0.040 m), the 0.05 m trial (star) past it.

per trial, including validation retries, ranged from about 45 s for
gemma4 to about 250 s for the larger local models (gpt-oss
∼251 s, nemotron ∼240 s) [22].

Language-Model Judge: The judge is a separate frontier
model, claude-opus-4-6, drawn from a fourth vendor
so no model grades itself. It reads the planner’s diagnosis
and the operational decision outcome and returns a diagnostic
score [23]. The continue-or-abort decision is checked separately
by deterministic code against the fault physics rather than by
the judge.

B. LLM Prompt

The LLM prompt is assembled per run from static and
dynamic sections. The static sections hold a fixed engineering
reference over eight physical domains (hydrostatic pressure
and buoyancy, drag and power, propulsion, propeller thrust,
static stability, attitude–depth kinematics, depth control, and the
ocean environment), the behavior catalog, and the Odyssey II
mission-file format. No subsystem is named as the source,
and competing mechanisms are given comparable detail. The
dynamic sections, supplied by the simulator and orchestration
layer, hold the fault report, vehicle and actuator status, power
state, and time-history telemetry. The fault report names only
the detected symptom, never the injected fault or its magnitude.
The prompt shows a subset of the 117 sensed variables sufficient
to characterize the anomaly. Internal quantities such as mass
distribution, net buoyancy, and moment balances are unsensed
and inferred from their effects, as on a real vehicle.

C. Workflow

The operator picks a vehicle, here the Odyssey II simulator
binary; a site, either a location with bathymetry or open water;
and a mission such as a descent-and-cruise profile. Fault
injection allows any phase, a range of magnitudes, and several
faults per mission. The operator then sets the run mode (instant,
real time, or overnight sweep), the planner models, which do
both diagnosis and operational decision, and a judge that rates
whether the diagnosis identifies the fault and whether the
continue-or-abort choice is sound.

III. EXPERIMENT DESIGN

A. Mass-Shift Fault

We simulate an uncommanded forward shift of the vehicle
center of gravity (CG), representing a displaced internal mass or

material attached during a collision. The scenario is motivated
by Tethys-class LRAUV incidents in which a battery mass
shifted forward, producing a nose-down attitude beyond −30◦

with the stern plane saturated, and a later mass-shifter fault
produced a slow trim drift of 0.06◦/hour [7].

For nose-up pitch θ, forward CG displacement ∆x, vehicle
weight W , and nominal vertical separation BG between the
center of buoyancy and CG, the hydrostatic pitch moment is

Mh(θ) = −W (BG sin θ +∆x cos θ) . (1)

With ∆x = 0, the restoring moment gives a stable equilibrium
at θ = 0. A forward shift adds a nose-down moment and moves
the uncontrolled equilibrium to θeq = − tan−1(∆x/BG).

The resulting deviation from commanded depth is caused
by the altered vehicle attitude, not by a direct downward force.
Odyssey II changes depth by pitching and moving along its
longitudinal axis. With depth positive downward,

ż ≃ −U sin θ + wb, (2)

where U is forward speed and wb is the vertical velocity
associated with net buoyancy. A persistent nose-down pitch
therefore produces a positive depth rate. If the elevator cannot
reject the CG-induced moment, the pitch error remains and
the vehicle diverges from its commanded depth (Fig. 2(a)).

Elevator authority increases approximately with U2 but is
limited by fin stall and the ±30◦ mechanical stop (Fig. 2(b)).
Consequently, the effect of a given CG shift depends on both
fault magnitude and flight phase. Table I summarizes the
four experiment cases using the measured saturation knees
(Fig. 2(c)) at the descent and cruise speeds. The 0.005 m
shift remains within elevator authority in both phases and
is therefore assigned a continue response. The 0.05 m shift
exceeds available authority in both phases, producing sustained
nose-down pitch and depth divergence, and is assigned a drop-
weight abort. During descent, the fault signature is partly
masked by the commanded nose-down attitude and increasing
depth; during cruise, the same departure is more conspicuous
against nominal level flight and constant depth.

B. Prompt Design

The three prompt tiers were designed to evaluate how
progressively reduced engineering guidance affects an LLM’s



TABLE I
PHYSICAL GROUND TRUTH FOR THE FOUR CG-SHIFT EXPERIMENT CASES. THE AUTHORITY RATIO IS χ = ∆x/∆xknee(U); χ < 1 INDICATES THAT THE

DISTURBANCE REMAINS WITHIN MEASURED ELEVATOR AUTHORITY.

Flight phase
U

(m/s)
∆xknee

(m)
∆x
(m) χ Expected vehicle response

Correct
action

Descent 1.45 0.040 0.005 0.13 Small added nose-down moment during commanded descent. Sufficient elevator authority remains.
The fault is trimmable. The nominal descent partly masks the depth signature.

Continue

Descent 1.45 0.040 0.050 1.25 The added moment exceeds elevator authority. The elevator saturates. Pitch becomes more nose-down
than commanded. Depth increases faster than the nominal descent.

Abort

Cruise 1.13 0.024 0.005 0.21 Small persistent nose-down trim disturbance during depth hold. Sufficient elevator authority remains.
Depth control remains feasible.

Continue

Cruise 1.13 0.024 0.050 2.08 The added moment substantially exceeds elevator authority. The elevator saturates. Nose-down pitch
persists. Depth leaves the commanded 200 m band.

Abort

ability to diagnose an AUV anomaly and generate an ap-
propriate mission file while keeping the operational task
unchanged. As described in Section II-B, each prompt includes
the mission objectives and acceptable operational risk, vehicle
and actuator status, power state, time-history telemetry, an
engineering reference, the available behaviors, and the required
Odyssey II mission-file format. Using this information, the
model is instructed to identify and rank candidate physical
failure modes, determine whether sufficient control authority
remains to continue the mission safely or whether an immediate
abort is required, and generate a valid mission file implementing
that decision.

The three prompt tiers differ only in the amount of engineer-
ing guidance provided to support that reasoning. Tier 1 provides
the most comprehensive engineering descriptions, subsystem-
specific context, safety guidance, and governing equations.
Tier 2 retains the same operational information while removing
the governing equations and most subsystem-specific context.
Tier 3 provides only the essential engineering reference and
operational constraints, requiring the model to rely more heavily
on its own marine engineering knowledge.

The prompt was constructed to avoid preferentially favoring
any diagnostic hypothesis. The engineering domains listed in
Section II-B are presented independently and with comparable
detail. No subsystem is identified as the source of the anomaly,
and the telemetry is provided without diagnostic interpretation.
Rather than emphasizing static stability or trim calculations,
the prompt requires the model to identify and rank candidate
mechanisms across the engineering reference before selecting
an operational decision. The resulting design therefore evaluates
diagnostic reasoning from the observed telemetry.

C. Experiment Case Matrix

The experiment evaluates four LLMs: one frontier
model, gpt-5.5, and three local models, gemma4:12b,
gpt-oss:20b, and nemotron-nano-12b-v2. Each
model is tested with three prompt tiers, two CG-shift magni-
tudes (0.005 and 0.05 m), and two injection phases: descent
(t=300 s) and cruise (t=800 s). Each condition is repeated ten
times, giving 480 SPAR trials and n=40 trials for each model–
tier pair. The same mission is used for every trial: initialize at
5 m, descend to a 200 m band, cruise ∼1 km.

D. Scoring Criteria

Each trial produces a ranked diagnosis, an operational
decision, an executable Odyssey II mission file, and, when
available, a reasoning trace. Because fault troubleshooting often
requires maintaining multiple plausible hypotheses, diagnostic
credit does not require the correct mechanism to be ranked
first. A diagnosis is scored as correct when a CG shift, mass
shift, or physically equivalent mechanism appears within the
model’s top three hypotheses. A trial is scored as diagnostically
incorrect when the mechanism does not appear within the top
three. Rank-one performance is reported separately.

The operational decision is scored independently from the
diagnosis using the simulated controllability results. Continuing
is correct for the manageable 0.005 m shift, while aborting is
correct for the 0.05 m shift. Generated mission files are checked
for valid Odyssey II syntax before execution. Reasoning traces
support qualitative analysis but are not scored separately;
gemma4:12b is evaluated from its final response because
reasoning mode was disabled due to unstable non-terminating
outputs.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Results

1) Diagnostic Performance: We report Wilson 95% con-
fidence intervals for the top-three diagnostic rates. Fig. 3(a)
shows substantial differences among models. gpt-5.5 placed
the injected CG shift within its top three diagnoses in 85%,
90%, and 85% of Tier 1, Tier 2, and Tier 3 trials, respectively.
nemotron-nano-12b-v2 had the highest rates among the
local models at 78%, 68%, and 60%. gemma4:12b reached
42%, 30%, and 38%, while gpt-oss:20b reached 10%,
28%, and 25%. The confidence intervals overlap across tiers
within each model, so the present sample does not resolve
a prompt-tier effect. Rank-one performance was lower. The
true cause was ranked first by gpt-5.5 in 75%, 70%,
and 43% of trials. Rank-one rates ranged from 20–30% for
nemotron-nano-12b-v2, 8–13% for gemma4:12b, and
0–5% for gpt-oss:20b.

2) Operational Decision: Fig. 3(b) reports continue-or-abort
accuracy by fault magnitude and mission phase. Each result
combines 30 trials across the three prompt tiers. For the
manageable 0.005 m shift, gpt-5.5 correctly continued in
93% of cruise trials and 90% of descent trials. gpt-oss:20b



Fig. 3. (a) Diagnosis ranking of the true cause in each model’s top-3 diagnosis, per model× tier; labels give the CG-in-top-3 rate and its Wilson 95% CI. (b)
Operational decision by magnitude, per model× phase.

reached 53% and 27%, while nemotron-nano-12b-v2
reached 3% and 7%. gemma4:12b aborted every manageable-
fault trial. For the 0.05 m shift, gemma4:12b correctly
aborted every trial. nemotron-nano-12b-v2 reached 97%
in cruise and 83% in descent, while gpt-oss:20b reached
93% and 80%. gpt-5.5 reached 100% in cruise but 33% in
descent. Across the four conditions, gpt-oss:20b had the
highest decision accuracy among the local models.

3) LLM Reasoning Traces: Table II summarizes how the
local models used the engineering reference after being
instructed to examine all eight domains. The nemotron and
gpt-oss values are derived from reasoning traces, while
the gemma4 values are inferred from final responses and
indicate only which sections appeared in the reported answer.
nemotron used static stability substantively in 94% of trials,
compared with 62% for gpt-oss. This coincided with the
highest local-model diagnostic performance, with the CG shift
appearing among nemotron’s top three diagnoses in 60–
78% of trials across tiers. gpt-oss analyzed the continue-or-
abort risk trade-off substantively in 90% of trials, compared
with 15% for nemotron. It also achieved the highest overall
decision accuracy among the local models. In its final responses,
gemma4 most often referenced depth control and attitude–
depth kinematics.

B. Discussion

The ensemble dataset produced by SPAR provides insight
into model performance under the tested conditions. The
local SLMs exhibited distinct strengths and failure modes.
nemotron-nano-12b-v2 produced the strongest diagnos-
tic results among the local models but remained conserva-
tive in its operational decisions. gpt-oss:20b identified
the CG shift less often, yet made better decisions for the
manageable fault. gemma4:12b always selected an abort and
often interpreted the telemetry incorrectly. In several final
responses, it inferred an elevator tracking error even though the
measured elevator followed its command. These results indicate
that telemetry interpretation, fault diagnosis, and operational
decision making are separate failure modes.

Reasoning traces provide useful insight into model process,
but are not uniformly available across models. The gpt-5.5

TABLE II
PROMPT-SECTION ENGAGEMENT PERCENTAGE BY MODEL, WITH

SUBSTANTIVE-REASONING PERCENTAGES IN PARENTHESES. ∗GEMMA4
VALUES ARE INFERRED FROM FINAL RESPONSES, NOT REASONING TRACES.

Prompt section nemotron gpt-oss gemma4∗

Hydrostatic pressure & buoyancy 99 (96) 99 (96) 53 (28)
Drag & power 84 (73) 91 (43) 39 (13)
Propulsion 98 (98) 94 (82) 25 (23)
Propeller thrust 60 (39) 54 (15) 4 ( 0)
Static stability 97 (94) 81 (62) 37 (14)
Attitude–depth kinematics 98 (79) 99 (92) 83 (62)
Depth control 96 (82) 100 (100) 100 (100)
Ocean environment 60 (58) 55 (12) 40 (34)

Analyze mission risk 52 (15) 100 (90) 87 (14)

interface did not expose a reasoning trace. Reasoning mode
was disabled for gemma4:12b because it could produce non-
terminating sequences. Its values in Table II are therefore
inferred from final responses and may omit prompt sections that
were considered but not reported. For models with traces, the
records provide evidence of instruction adherence, treatment of
contradictory data, and the integrity of the diagnostic process.
This distinction is important in safety-critical autonomy. A
correct action without a supported diagnostic process provides
less assurance that the model will respond correctly under a
different fault or mission condition.

Table II shows that nemotron-nano-12b-v2 consis-
tently followed the requested diagnostic procedure. It examined
multiple subsystems, retained competing hypotheses, and used
the static-stability material more often than the other local mod-
els. This behavior coincided with its higher diagnostic accuracy.
The result suggests that diagnosis depends on both relevant
engineering context and a structured procedure for testing
candidate mechanisms against telemetry. gpt-oss:20b used
equations and quantitative checks most often, but frequently
did so after committing to an elevator fault. Additional mathe-
matical analysis did not improve diagnosis when the available
evidence was not used to challenge the initial hypothesis.

Operational decision making followed a different pattern.
Only gpt-oss:20b consistently performed a substantive
continue-or-abort risk analysis. It was also the local model
most likely to continue after the manageable 0.005 m shift. The



other local models generally selected abort when the evidence
remained uncertain. The severe 0.05 m shift presented a clear
loss of control authority and was easier to act on. The smaller
mass shift required recognition of remaining authority and
increased operational risk. Fault detection and response also
depended strongly on mission phase because the immediate
consequences differed between descent and level flight.

The selective use of prompt sections and the weak, non-
monotonic response to prompt tier show that providing addi-
tional engineering material does not ensure that an SLM will
use it effectively. The present experiment does not separate the
effects of prompt length, section order, procedural requirements,
and model capability. Evaluating prompt composition will
require larger experimental runs and controlled ablation studies.
The results motivate shorter staged prompts, retrieval of
engineering material relevant to the observed anomaly, agentic
use of diagnostic tools, and task-specific fine-tuning.

Ultimately, the LLM diagnostic and recovery planner and the
layered control autonomy must be engineered as an integrated
system. For example, the layered control autonomy should be
capable of putting the vehicle in a safe state while the onboard
model generates a mitigation plan. It should also compute
and expose derived indicators such as command–response
consistency, actuator saturation, remaining control authority,
trim state, and energy margin, and provide deterministic
checks on critical decisions. We have focused on the LLM
implementation in this paper, but the process exposes lessons
for the entire AUV system.

V. CONCLUSION

We presented SPAR as a closed-loop framework for eval-
uating LLM-assisted diagnosis and recovery from unantici-
pated AUV faults. The ensemble results show that repeated
trials are essential: individual demonstrations do not reveal
stochastic variability, recurring failure modes, or systematic
differences in how models use evidence. They also show
that instruction adherence and evidence-consistent reasoning
cannot be assumed. Onboard models will therefore require
structured diagnostic procedures, explicit checks of evidence
for and against competing hypotheses, selective retrieval of
relevant engineering information, and deterministic verification
of critical decisions. Diagnostic accuracy and operational
decision making should be evaluated separately, since a model
may select an appropriate operational decision without correctly
identifying the underlying fault. The analysis provides guidance
beyond model selection. SPAR assists in closing the overall
AUV system development loop by allowing changes to the
model, prompt architecture, deterministic software, sensing,
and vehicle design to be evaluated under repeatable physical
conditions.
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