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Abstract—Robots can recall prior failures without knowing
whether recalled evidence remains valid, conflicts with current
observations, or is sufficient to guide a decision. We present
CoreSense, a robot-system integration architecture that combines
traceable episodic evidence with a conflict-aware belief gate and
bounded, auditable recommendations. The gate checks scope,
provenance, time, contradiction, and support before it permits
PROCEED, requests re-observation, abstains, or escalates. Evalu-
ation follows three complementary layers without commanding a
physical robot: offline public real-robot data, a frozen signal-level
simulation, and a live cloud deployment path. On CableTrace-120
and BotFails-200, belief gating reduces protocol-defined unsafe
proceeds from 20% and 40% to 0%. A disjointly calibrated raw-
video policy also reaches 0% unsafe proceed, but overblocks
every nominal episode. On public data, a ViFailback–BotFails
visual detector reaches 0.778 AUROC yet remains all-blocking,
whereas cycle-disjoint UR3 telemetry for protective stops yields
0% unsafe proceed, 36.1% overblocking, and 61.9% coverage;
grip-loss transfer remains a negative result. Controlled physical
corroboration yields 3.3%, 0%, and 42.0%, while conflict-aware
fusion yields 4.7%, 0%, and 42.8%. Finally, 20/20 cloud recalls
validate a CockroachDB Cloud–Amazon Bedrock deployment
path. The evidence supports an auditable integration pattern,
not autonomous recovery or certified safety.

Index Terms—robot system integration, episodic memory, be-
lief gating, failure recovery, traceability, auditability

I. INTRODUCTION

Failure-aware robot systems increasingly combine percep-
tion, learned models, retrieval, and language-conditioned rea-
soning. Recent work improves failure recognition and expla-
nation with vision-language models [1], and retrieves failure
exemplars to support online detection and causal reasoning [2].
These advances make remembered experience useful, but
retrieval alone does not answer a system-level question: when
should recalled evidence be allowed to influence action?

An episode can be similar yet stale, recorded for another
object or task, contradicted by current sensors, or supported
only by a derived model claim. Returning the nearest episode
or producing a fluent recovery suggestion can therefore create
a false sense of authorization. A deployable integration layer
must preserve source boundaries, distinguish observation from
inference, expose unresolved conflicts, and bound the output
when evidence is insufficient.

We introduce CoreSense, which integrates structured
episodic memory with a temporal, provenance-aware Conflict-
Aware Belief Gate. The architecture is deliberately not a

robot controller. It returns one of four bounded decisions—
PROCEED, REOBSERVE, ABSTAIN, or ESCALATE—together
with the evidence and rules that produced it. The main
contributions are:

• an integration boundary that separates memory retrieval
and candidate generation from action authorization;

• a traceable evidence representation over claim, source,
time, scope, and support, with deterministic conflict-
aware gate rules;

• a reproducible evaluation across a controlled cable case,
fixed public real-robot visual and telemetry splits, and a
calibrated signal-level corroboration simulation; and

• an explicit portability contract between an offline back-
end and a CockroachDB plus Amazon Bedrock adapter,
without making cloud services part of the algorithmic
claim.

The present evidence is a functional systems evaluation,
not proof of autonomous physical recovery or unconstrained
cross-domain generalization. We make this distinction explicit
throughout.

II. RELATED WORK

A. Robot failure detection and reasoning

AHA frames failure detection as free-form vision-language
reasoning and constructs scalable failure data with FailGen [1].
RoboFailRing combines failure memory with retrieval and
grounded language reasoning [2]. BotFails provides multi-
modal nominal and anomalous episodes across ten tasks [3];
ViFailback supplies real-world manipulation trajectories with
failure diagnosis and correction annotations [4]. Our work does
not replace these detectors. It addresses the downstream ques-
tion of whether heterogeneous evidence is mutually consistent
and sufficient to authorize a bounded recommendation.

B. Large robot datasets and transfer

Open X-Embodiment aggregates heterogeneous robot ex-
perience [5], DROID emphasizes diverse real-world scenes
and tasks [6], and LIBERO studies lifelong manipulation
learning [7]. ARMBench offers an object-centric manipula-
tion benchmark [8]; UR3 CobotOps provides public currents,
speeds, temperatures, protective stops, and grip-loss labels [9].
These resources motivate portable interfaces, but scale does
not resolve provenance or temporal conflict. We use small,
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frozen splits to test integration rules and independent corrob-
oration without claiming physical recovery.

C. Memory as evidence

Retrieval-augmented systems commonly rank records by
semantic similarity. CoreSense instead treats retrieved episodes
as evidence objects rather than instructions. Similarity may
identify a candidate, but authorization depends on source class,
temporal validity, task and entity scope, conflicts, and mini-
mum support. This separation is the central systems distinction
from a vector-database-only design.

III. PROBLEM FORMULATION

Let a query q contain the current task, entity scope, ob-
servations, and time. The memory bank E stores episodes
ei with structured context, outcome, failure mode, recovery,
provenance, and timestamps. A retriever returns Rk(q) ⊂ E.
A candidate generator proposes a bounded action a and
supporting claims. The belief gate evaluates the evidence set
B and emits

d = G(q, a,B) ∈ {P,R,A,E}, (1)

where P , R, A, and E denote PROCEED, REOBSERVE,
ABSTAIN, and ESCALATE.

Each claim is represented as

bj = (cj , vj , sj , tj , σj , wj , πj), (2)

where cj is the predicate, vj its value, sj the source, tj
time, σj scope, wj support weight, and πj provenance pointer.
Two active claims conflict when they share a predicate and
overlapping scope but assign incompatible values. Source
policy distinguishes authoritative current observations from
derived claims and historical episodes. The gate never converts
similarity alone into permission.

For a query whose protocol target requires withholding
action, a protocol-defined unsafe proceed is 1[d = P ]. For
a nominal query, overblocking is 1[d ̸= P ]. We additionally
evaluate conflict F1, decision accuracy, audit completeness,
and replay consistency.

IV. SYSTEM ARCHITECTURE

A. CoreSense episodic memory

CoreSense stores episodes as typed records rather than free
text alone. Retrieval first enforces task and scope constraints
and then ranks compatible episodes. The offline implementa-
tion uses deterministic lexical and hashed-vector features so
that results can be replayed without external services. The
production adapter can store the same records in a relational
vector store and obtain embeddings from a managed model.

B. Conflict-aware belief gate

The Conflict-Aware Belief Gate constructs an active claim
set from current observations, retrieved episodes, and derived
candidate claims. It applies four checks in order: (1) scope
compatibility, (2) source precedence, (3) temporal validity,

and (4) contradiction/support. Current authoritative observa-
tions can resolve older disagreement; a derived claim cannot
silently override conflicting direct or historical evidence. Stale
or incomplete evidence requests re-observation. Unresolved
high-impact conflict abstains or escalates. Only a supported,
conflict-free candidate proceeds.

C. Audit contract and autonomy boundary

Every decision record contains the input and configuration
hashes, source episode identifiers, selected claims, reason
codes, and final gate state. The system neither synthesizes
low-level motion nor sends commands to hardware. This
boundary makes a decision inspectable and lets integrators
replace storage, embedding, or perception modules without
changing gate semantics.

V. IMPLEMENTATION AND REPRODUCIBILITY

The reference implementation defines common Episode,
Query, and Recommendation schemas. JSONL is the
canonical offline representation. All selection and ranking ties
are resolved by a fixed SHA-256-based order. Five variants
share the same query and output contracts:

• M0: stateless candidate generation;
• M1: recency and keyword retrieval;
• M2: deterministic vector-similarity retrieval;
• M3: CoreSense structured retrieval without belief gating;

and
• M4: CoreSense plus the Conflict-Aware Belief Gate, with

the same retrieved set as M3.
M3 and M4 therefore isolate the effect of belief gating rather
than retrieval quality. Each experiment is executed three times;
byte-level hashes of decision files must match.

The cloud adapter maps structured records to CockroachDB
VECTOR(256) storage and cosine search [10], with Ama-
zon Titan Text Embeddings V2 through Bedrock [11]. The
adapter was validated in AWS CloudShell against services
co-located in us-west-2. It persisted one synthetic failure
record, recalled it in a separate process, and exposed only a
bounded avoid_region intent to a deterministic planner.
This portability check is not required for the offline decision
logic and does not send robot commands.

VI. EXPERIMENTAL DESIGN

A. Research questions

RQ1 asks whether conflict-aware gating reduces protocol-
defined unsafe proceeds relative to retrieval or structured
memory alone. RQ2 asks whether that reduction causes nom-
inal overblocking. RQ3 asks whether the same rules behave
consistently outside the cable workflow. RQ4 asks whether
all decision artifacts reproduce exactly. RQ5 asks whether
a threshold selected on disjoint raw-video development data
transfers to Raw-40. RQ6 asks whether independent detectors
trained on public real-robot observations provide selective cor-
roboration. RQ7 asks whether controlled independent physical
evidence can improve coverage without exceeding 5% unsafe
proceed.



CORESENSE-V

Evidence-bounded decision pipeline
Region-grounded recall with calibrated abstention and end-to-end traceability

01 /  OBSERVE

Current evidence
query · visual regions

02 /  RETRIEVE

Structured recall
scope-filtered episodes

03 /  BOUND

Candidate claim
claim · support · limits

04 / CALIBRATE

Belief Gate
scope · source · time · conflict

05 /  ACT

Bounded decision
recommendation + rationale

PROCEED REOBSERVE ABSTAIN ESCALATE

AUDIT TRAIL evidence IDs / source classes / reason codes / timestamps / configuration + replay hashes

TRACE · REVIEW · RECALIBRATE

Fig. 1. CoreSense evidence-bounded decision pipeline. Structured recall produces a bounded candidate, while the belief gate validates scope, source, temporal
relevance, and conflicts before authorizing an action. Every decision remains linked to an auditable provenance trail.

B. CableTrace-120 v1

CableTrace-120 is a controlled, sanitized functional bench-
mark with 60 memory episodes and 60 evaluation queries.
It covers six equally sized conditions: nominal operation,
missing detection, endpoint-count mismatch, topology conflict,
unsupported grasp, and stale contradictory history. The traces
are derived from an existing wiring-and-sorting workflow and
contain no partner, site, hardware-serial, image, or proprietary
process identifiers. They are not 120 independent physical
robot trials. Their purpose is to test interface and gate invari-
ants under known conditions.

C. BotFails-200 v1

BotFails-200 v1 is selected from upstream revision
3478e49d91e1737eb76dfee2d81bb22617039c13.
The frozen manifest contains 40 development records, 80
memory records, and 80 evaluation queries, balanced across
all ten upstream tasks. Evaluation contains four nominal
and four native-positive anomalous episodes per task, for
40 of each class. We use label CSVs and episode/task
metadata only; raw videos and proprioceptive arrays are not
downloaded.

BotFails does not specify a unique correct recovery for ev-
ery anomaly. We therefore evaluate whether the authorization
layer withholds unsupported PROCEED, not whether it detects
failures from pixels or selects an optimal recovery. To test
conflict handling, two anomalous evaluation episodes per task
are deterministically assigned a derived false-normal candi-
date claim, totaling 20 preregistered conflicts. The remaining
anomalous queries expose the native anomaly observation.
Native labels remain ground truth. This intervention is fixed
in the manifest and applied identically to all methods.

D. BotFails-Raw-40 v1 stress test

We additionally freeze two nominal and two native-positive
episodes per task from the BotFails-200 evaluation ordering.
For each of the 40 real-robot episodes, we download both
RGB views and the state record, then sample each view

at fixed fractions {0.1, 0.3, 0.5, 0.7, 0.9}. Amazon Nova Lite
receives only task text and JPEG frames through a forced tool
schema; labels, split names, source paths, and authorization
targets are unavailable. Its cached output becomes a derived
claim. An M5 ablation processes view 0 first and permits one
independent view-1 reobservation. It proceeds only if both
claims are nominal and satisfy a confidence threshold; all
other outcomes escalate. Invalid tool calls fail closed as zero-
confidence uncertainty after three attempts. This is an offline
observation replay, not a live robot trial.

For threshold calibration, Raw-Dev-40 v1 contains all 40
records in the frozen BotFails-200 development split: two
nominal and two native-positive episodes per task, with zero
source-episode overlap with Raw-40. The prompt, frame frac-
tions, model, and retry policy are identical. Before examining
its outcomes, we fix the candidate grid {0.50, 0.55, . . . , 1.00}
and select the lowest threshold whose development unsafe-
proceed rate is at most 5%. If none is feasible, the protocol
forbids a calibrated Raw-40 run. Raw-40 labels are unavailable
to this selection procedure. The resulting lock file, including
input and selection hashes, is then consumed once by the held-
out evaluation.

E. Independent public-data corroborators

The visual corroborator uses 240 balanced ViFailback
episodes for external training plus six BotFails task groups,
with two complete BotFails groups for calibration and two
unseen industrial groups for a 12-episode locked test. Four
chronological frames are encoded by a frozen MobileNetV3-
Small; a logistic head uses sequence mean, variance, and
change. It receives no Bedrock output, VLM confidence, belief
state, or memory score.

For physical telemetry, UR3 CobotOps is split by complete
operation cycle so rows from one cycle never cross train,
calibration, and test. Three logistic variants use tool current;
all joint and tool currents; or currents, speeds, temperatures,
and first differences. Thresholds are calibrated separately for
protective-stop and grip-loss targets. Both locked tests are run



once. These are offline evaluations of recorded real-robot data,
not control trials or calibration for another embodiment.

F. Controlled corroboration simulation

We freeze a phase-structured signal-level simulator with
nominal, empty-grasp, slip, soft-partial-closure, and visual-
occlusion-only scenarios. It produces kinematic, actuator-load,
contact, and visual-quality proxy signals; none are measured
current or force. Train, calibration, and locked-test namespaces
contain respectively 100, 40, and 100 episodes per scenario,
with stronger shift at test. Random-forest corroborators use
kinematics, load, or their physical combination. A logistic
fusion head consumes out-of-fold physical risk, visual risk,
quality, disagreement, and sensor validity. Temperature and
the proceed threshold are selected only on calibration data to
maximize coverage subject to unsafe proceed ≤ 5%. The test
is executed once. The simulator imports no robot or motion-
control interface.

G. Metrics and statistics

Unsafe-proceed rate is computed over anomalous or un-
resolved queries; nominal overblock rate is computed over
nominal queries. Selective coverage is the fraction permitted
to proceed. Detector ranking uses AUROC and AUPRC.
Conflict F1 evaluates the preregistered cable and BotFails
conflicts; decision accuracy compares the bounded decision
with its protocol target. We report Wilson intervals in machine-
readable summaries. M3–M4 and M4–M5 use exact paired
McNemar tests. Every calibrated threshold is selected on a
disjoint split and reported once on its held-out test.

VII. RESULTS

Table I shows that M0–M3 all permit the ten CableTrace
queries whose protocol targets require withholding action, giv-
ing a 20% unsafe-proceed rate under the evaluation definition.
M4 gates all ten while preserving proceed decisions for every
nominal query. The paired comparison contains ten M4-only
corrections and no M3-only corrections (p = 0.00195).

On BotFails-200, M3 has 40% protocol-defined unsafe
proceeds and 20% nominal overblocking. M4 resolves the
authoritative nominal observations, exposes all fixed conflicts,
and withholds every such proceed, yielding 24 M4-only cor-
rections and no M3-only corrections (p = 1.19 × 10−7).
These values validate the implemented rules on the frozen
intervention protocol. They must not be read as visual failure-
detection accuracy because the experiment consumes labels
and metadata rather than raw sensor streams.

On BotFails-Raw-40, the perception adapter predicts 12/20
anomalies and 10/20 nominal episodes correctly (55% over-
all); its median and p95 invocation latencies are 3893.9 and
5038.8 ms. M4 reaches 0% unsafe proceed at 100% nominal
overblocking and 50% accuracy. With the fixed 0.8 threshold,
M5 reobserves 25/40 cases and proceeds on 14: overblocking
falls to 12/20 (60%), but unsafe proceeds rise to 6/20 (30%);
accuracy is 55% and the paired M4–M5 difference is not
significant (p = 0.791). Median added reobservation latency

0 25 50 75 100
Percent

Visual joint

UR3 protective stop

UR3 grip loss

Visual only

Kinematics only

Load proxy

Physical multimodal

Conflict fusion

PUBLIC REAL-ROBOT DATA (OFFLINE)

CONTROLLED SIGNAL SIMULATION

Targets and denominators differ; rows show safety-availability trade-offs, not a leaderboard.

Unsafe Overblock Coverage

Fig. 2. Locked-test safety–availability point estimates. Public rows are offline
real-robot data; lower rows are controlled proxy simulation. Targets and
denominators differ, so the visualization is descriptive rather than a cross-
dataset ranking.

is 2246.1 ms. Two of 80 view requests returned no valid
forced tool call after bounded retries and were recorded as
uncertainty. Thresholds 0.6–0.9 produce the same descriptive
Raw-40 decisions.

The disjoint Raw-Dev-40 calibration selects 0.95, the lowest
candidate satisfying the 5% safety constraint. At this threshold,
development unsafe proceed is 0/20, but nominal overblocking
is 20/20 and no episode proceeds. Applying the signed lock
once to Raw-40 yields the same boundary: 0/20 unsafe pro-
ceeds, 20/20 nominal overblocks, 50% accuracy, and 38/40
reobservations. The calibration and held-out decision files
reproduce byte-for-byte locally. Thus independent calibration
prevents evaluation leakage and recovers safety, but it does not
make self-reported model confidence a useful authorization
signal.

The independent visual detector trained jointly on ViFail-
back and BotFails improves locked task-disjoint ranking to
0.778 AUROC and 0.869 AUPRC, versus 0.611 AUROC for
either source alone. Its 12-episode calibration split neverthe-
less selects an all-blocking threshold: unsafe proceed is 0%,
overblocking 100%, and coverage 0%. The ranking signal is
useful, but the selective policy is not.

On cycle-disjoint UR3 CobotOps telemetry, the physical
multimodal model reaches 0.994 AUROC and 0.805 AUPRC
for protective stops. Its locked point estimates are 0% unsafe
proceed, 36.1% overblocking, and 61.9% coverage. Transfer
to grip loss fails: AUROC is 0.729, unsafe proceed 16.7%,
overblocking 69.7%, and coverage 29.6%. Tool current alone
blocks every case for both targets. This failure-specific contrast
is retained rather than averaged away.

Figure 2 also shows the controlled mechanism study. Physi-
cal multimodal corroboration yields 3.3% unsafe proceed, 0%
overblocking, and 42.0% coverage. Fusion proceeds on all
200 physically safe nominal or visually occluded cases while
allowing 14/300 faults: 4.7% unsafe proceed, 0% overblock-
ing, and 42.8% coverage. Its 95% Wilson unsafe interval is



TABLE I
OFFLINE RESULTS. PROTOCOL-DEFINED UNSAFE PROCEED, OVERBLOCK, AND ACCURACY ARE PERCENTAGES; CONFLICT F1 IS IN [0, 1]. BOTFAILS

CONFLICT RESULTS INCLUDE THE FIXED DERIVED-CLAIM INTERVENTION.

Domain Method Unsafe ↓ Overblock ↓ Conflict F1 ↑ Accuracy ↑

Cable Stateless 20.0 0.0 0.00 83.3
Cable Recency/keyword 20.0 0.0 0.00 83.3
Cable Vector retrieval 20.0 0.0 0.00 83.3
Cable CoreSense 20.0 0.0 0.00 83.3
Cable CoreSense+Gate 0.0 0.0 1.00 100.0

BotFails Stateless 50.0 0.0 0.00 75.0
BotFails Recency/keyword 40.0 20.0 0.00 70.0
BotFails Vector retrieval 50.0 0.0 0.00 75.0
BotFails CoreSense 40.0 20.0 0.00 70.0
BotFails CoreSense+Gate 0.0 0.0 1.00 100.0

TABLE II
PAIRED DECISION-ACCURACY COMPARISON OF M3 AND M4.

Domain M3-only correct M4-only correct Exact p

CableTrace-120 0 10 0.00195
BotFails-200 0 24 1.19e-07

TABLE III
BOTFAILS-RAW-40 STRESS TEST (%).

Method Unsafe ↓ Overblock ↓ Accuracy ↑

M0 40 50 55
M3 20 70 55
M4 0 100 50
M5 fixed 0.8 30 60 55
M5 dev-calibrated 0 100 50

2.8–7.7%, so this demonstrates gate mechanics, not a certified
bound. Load alone misses the 5% target.

All three runs in each domain produce identical decision-
file hashes. Audit completeness is 100% by schema validation:
every M4 decision contains its query, configuration, evidence,
reason, and output identifiers. This establishes deterministic
replay of the reference backend, not numerical equivalence
with the cloud adapter.

A. Cloud portability check

After one live record/recall smoke test, we issued 20
sequential read-only recalls from AWS CloudShell. All 20
recalled the same memory with cosine score 0.672078, emitted
avoid_region, and produced the same successful path.
Observed end-to-end latency was 1294.5 ms median and
1359.0 ms p95. These values include client startup, Bedrock
embedding, network, and CockroachDB retrieval; they are
environment-specific descriptive observations, not an availabil-
ity, cost, or general performance benchmark. The check vali-
dates the public CoreSense deployment path, not equivalence
of the full cloud and offline belief-gating pipelines.

VIII. DISCUSSION

The results answer a narrow but important systems question.
Vector retrieval (M2) is neither necessary nor sufficient for the

observed safety behavior: M4 uses structured evidence and
an explicit gate, while M2 still proceeds on conflicts. This
does not prove that vector databases are generally unneces-
sary. Semantic retrieval may remain valuable at larger scale;
the evidence only shows that authorization semantics cannot
be delegated to nearest-neighbor similarity and that a small
deterministic backend is sufficient for this benchmark.

The evidence layers answer different questions. CableTrace
and BotFails test gate semantics; public RGB and UR3
telemetry test independent signals recorded on real robots;
simulation isolates corroboration under controlled shift; the
cloud check tests deployability. The UR3 protective-stop result
shows that real telemetry can break all-blocking for a specific
hazard, while the visual and grip-loss failures prevent a broad
detector claim. The proxy simulation supplies the controlled
mechanism: independent physical evidence restores coverage
under visual occlusion, while load alone remains insufficient.

IX. LIMITATIONS AND THREATS TO VALIDITY

CableTrace is constructed, and BotFails-200 uses metadata
and labels. Raw-40 is a small offline replay whose sparse
frames may miss transient failures. The independent visual test
has only 12 episodes; the UR3 thresholds and current scales
are embodiment- and failure-specific, as the grip-loss nega-
tive result demonstrates. No experiment measures executed
recovery success. The corroboration study is a signal simulator
rather than a dynamics engine: proxy load and contact cannot
establish real actuator calibration. Cross-dataset rows in Fig. 2
therefore visualize trade-offs, not statistical superiority.

Rule behavior was designed before final evaluation, but the
same author implemented both system and benchmark, creat-
ing experimenter bias. Although the threshold is calibrated on
a disjoint split, the development set contains only 40 episodes
and the confidence scores are model self-reports rather than
externally calibrated probabilities. Future work should test
selective re-observation policies, add independent annotations
and physical recovery trials, and evaluate externally generated
conflicts. The cloud check covers one synthetic record and
repeated reads; full offline/cloud equivalence, concurrency,
cost, outage, retry, and failure-mode tests remain incomplete.
Finally, the system offers bounded recommendations only;



human and controller behavior after escalation is outside the
evaluation.

X. CONCLUSION

CoreSense treats remembered failures as traceable evi-
dence rather than executable instructions. Public real-robot
data shows both a successful protective-stop corroborator
and visual/grip-loss limits; controlled simulation isolates how
independent physical evidence restores coverage; a live adapter
validates deployment feasibility. Together with the frozen gate
evaluations, these complementary layers support an auditable
robot-system-integration pattern, not a deployable physical-
recovery policy.
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