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Figure 1: End-to-end FactoryBench pipeline. (1) Q&A construction: normalized episodes from
FactoryWave, AURSAD [l1]], and voraus-AD [2] are paired with typed-variable templates (plus the
knowledge graph for L4) to generate Q&A items at four reasoning levels. (2) Evaluation: the
model’s answers are scored deterministically for L1-3 and by the median of three LLM judges for
L4 free-form, then chance-corrected per level.

Abstract

We introduce FactoryBench, a benchmark for evaluating time-series models and
LLMs on machine understanding over industrial robotic telemetry. Q&A pairs are
organized along four causal levels (state, intervention, counterfactual, decision)
instantiating Pearl’s ladder of causation, and span five answer formats: four struc-
tured formats are scored deterministically and free-form answers are scored by
an LLM-as-judge voting protocol. We propose a scalable Q&A generation frame-
work built around structured question templates, present FactoryWave (a dense,
multitask, multivariate sensor dataset collected from a UR3 cobot and a KUKA
KR10 industrial arm), and construct FactoryBench as a large-scale benchmark of
over 70k Q&A items grounded in roughly 15k normalized episodes from Facto-
ryWave, AURSAD [1]], and voraus-AD [2]]. Zero-shot evaluation of six frontier
LLMs shows that no model exceeds 50% on structured levels or 18% on decision-
making, revealing a wide gap between current models and operational machine
understanding.

Preprint.
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1 Introduction

Modern robotic manufacturing systems emit dense multivariate telemetry, encoding joint states,
torques, forces, velocities, contact events, task phases, and fault indicators. Extracting actionable
knowledge from these signals is central to monitoring, diagnostics, anomaly detection, and decision
support.

Traditional time-series models excel at narrow tasks such as prediction, classification, and anomaly
detection [3H5], but they are typically specialized, hard to interpret, output labels without explicit
reasoning, and generalize poorly outside their training task [6H8]], limiting their utility for automated
engineering decisions in a factory setting. Large language models, in contrast, possess strong
general reasoning and can produce structured technical explanations [9} [10], but underperform when
applied directly to dense numerical time series [[11, [12]]; specialized transformer-based architectures
meanwhile continue to advance time-series forecasting and representation learning [3} [13H18]].

Evaluating whether language-based systems truly reason about machine behavior, rather than pattern-
matching on textual cues, remains challenging. By machine-behavior understanding we mean
the ability to (i) interpret the current operational state from raw multivariate signals, (ii) predict
the effect of an intervention, (iii) reason counterfactually about alternative histories, and (iv) rec-
ommend remedial actions grounded in physical and engineering constraints. How current LLMs
perform across these four competences on dense industrial telemetry has not yet been systemat-
ically measured. General benchmarks such as MMLU, BIG-bench, and MMMU [19-21]] target
textual or multimodal understanding and cannot probe machine behavior; closer-in-spirit time-series
Q&A benchmarks (TimeSeriesExam [22]], ChatTS [23], EngineMT-QA [24], TSAQA [25]], Time-
MQA [26], MTBench [27], QuAnTS [28]; Table[I) restrict themselves to synthetic or univariate data,
omit counterfactual reasoning, or do not involve a robotic system under closed-loop control.

To address this gap we propose FactoryBench, a benchmark for machine-behavior reasoning in time-
series models and LLMs. FactoryBench is grounded in FactoryWave, a dense multivariate dataset
collected from collaborative and industrial one-arm platforms (UR3 at 125 Hz, KUKA KR10 at 83 Hz)
with synchronized setpoint, context, feedback, and effort signals. Industrial-robot data of this kind is
rare in public benchmarks: such systems live in restricted production environments behind proprietary
controllers with limited telemetry and plant-level confidentiality. To our knowledge FactoryWave
is the first extensive anomaly dataset to (partly) cover an industrial robot, explicitly bridging the
cobot-to-industrial-machine gap. To populate the benchmark, we introduce a scalable question-
generation framework of 21 structured templates spanning state, intervention, counterfactual, and
decision-making reasoning, applicable to general machine data flows; instantiated over FactoryWave
(and AURSAD / voraus-AD), they yield the full FactoryBench Q&A corpus.

2 Related work

Recent advances in LLM reasoning include prompting and deliberative strategies (e.g., Chain-of-
Thought and Tree-of-Thought) that improve multi-step performance [9}110], alongside tool-augmented
paradigms such as Toolformer and ReAct that enable grounded computation through external modules
[29-31]]. These ideas motivate industrial agent design where symbolic reasoning must be combined
with numerical workflows.

Time-series modeling has advanced through transformer-based architectures (Informer, Autoformer,
FEDformer, PatchTST) [3)[14-16], strong alternative baselines such as TFT and N-BEATS [32}133]],
and critical comparisons against simpler linear models [8]. Foundation-model directions (e.g.,
Chronos) further explore transfer and zero/few-shot adaptation [17, [18]. In parallel, anomaly and
reliability monitoring literature includes OmniAnomaly, USAD, and Deep SVDD [4] 5] 34], with
surveys and benchmarks highlighting persistent gaps in interpretability and root-cause actionability
[6L 7).

Causal frameworks provide formal tools for interventions and counterfactuals [35H37], while temporal
methods such as Granger causality and modern nonlinear causal discovery support directional
reasoning in time series [38,139]. Existing broad benchmarks (MMLU, BIG-bench, MMMU) [19-21]]
and classical time-series resources [40-42]] do not directly evaluate machine-centered reasoning over
industrial telemetry. FactoryBench targets this gap by jointly testing temporal interpretation, causal
reasoning, and engineering decision support. Table|l|positions FactoryBench against closely related



Q&A and time-series benchmarks along eight axes. The column labels refer to concepts introduced
later in the paper: Counterfactual denotes questions that reason about alternative histories (Level 3,
Section [3.1)); Free-Form denotes open-ended natural-language answers, scored by an LLM-as-judge
voting protocol (Appendix[A)); and Novel Dense TS indicates whether the benchmark contributes a
new, high-frequency multivariate dataset rather than relying exclusively on public sources.

Table 1: Comparison of FactoryBench with existing benchmarks. “Counterfactual” = questions
reasoning over alternative histories; “Free-Form” = open-ended answers judged by LLMs; “Novel
Dense TS” = contributes a new multivariate high-frequency dataset.

&
§ £ S N
& & § > § &
& s & & F S 9
& S )

Benchmark > <> Number of QAs o < < & %o
TimeSeriesExam X X ~700 X v X X X
ChatTS X v ~134k X v v X X
EngineMT-QA v v ~110k X v v v X
TSAQA Partial X ~210k X v X X X
Time-MQA X v ~200k X v v v X
MTBench X v ~3k X v v v X
QuAnTS X v ~150k X v v v X
CLEVR X X ~1M X X v X X
CLEVRER X X ~305k v X v v X
FactoryBench (Ours) v v ~T71k v v v v v

3 FactoryBench framework

3.1 Four levels of machine understanding

Table 2: FactoryBench levels, what they test, example questions, and expected answer formats.

Level Type Example question What it tests Answer format

1 State “We want to isolate the lifting phase in Can the model understand ~ Tensor
the robot’s time series. Assuming a fixed what the machine is doing
window length of 15 timesteps, at which and how it is behaving?
timestamp should the window begin?”

2 Intervention “A collision with a foam cube occurs at  Can the model reason Ranking
T'=850 ms. Rank signal segments (A-D) about how the machine
in the order you would expect them to will behave in the face of
appear after the event.” an event?

3 Counterfactual “Had a payload misconfiguration Can the model reason Scalar
occurred at 7'=200 ms, what would the  accurately about
target torque on joint 2 at 7+50 ms have theoretical scenarios?
been in this counterfactual case?”

4 Decision “Given the sensor stream below, does the Can the model make Free-form

machine show signs of anomalous
behavior? If yes, identify the root cause
and the steps to fix it.”

informed decisions about
the machine?

Our four-tier hierarchy is explicitly built on top of Pearl’s ladder of causation association, intervention,
and counterfactual reasoning which has become the organizing principle for causal inference and
is increasingly adopted as an evaluation axis for machine-learning systems [35} 36} 43145]. We
extend the causal hierarchy with a fourth decision-making level that reflects how industrial robotic
platforms are actually operated: after interpreting state and causal relationships, operators must select
and execute corrective procedures, typically prescribed by vendor manuals (e.g., Universal Robots
error-code handbooks). This final level aligns with the diagnose-then-act loop that is standard in
fault-tolerant control. Grounding the hierarchy in these established principles ensures that each level
probes a qualitatively distinct reasoning skill and that failure modes are interpretable in terms of the
underlying causal or decision-theoretic primitive.



To systematically evaluate machine-behavior reasoning, we organize question-answering tasks ac-
cording to this four-tier hierarchy, each probing distinct reasoning capabilities:

Level 1: State. This level assesses the agent’s ability to interpret the current state of the machine
under normal conditions, including identification of operational modes, prediction and recognition of
sensor patterns. Questions at this level require accurate extraction and interpretation of time series
features.

Level 2: Intervention. At this level, the agent must reason about the consequences of interventions
or events occurring at the present timestep that might perturb the distribution of machine states.
Tasks include predicting the immediate impact of control actions, diagnosing faults as they arise, and
understanding causal relationships in real time for both normal and anomalous episodes.

Level 3: Counterfactual. This level evaluates the agent’s ability to reason about hypothetical
scenarios, such as the effect of an event or intervention at a previous timestep. Questions require the
agent to simulate alternative histories and assess how outcomes would differ under counterfactual
conditions, while still considering the history they know.

Level 4: Decision Making. The highest level evaluates the agent’s ability to act on its understanding
of the system. Given a recorded episode and a task description, the agent must produce a sequence of
actions or recommendations to answer that prompt. In FactoryBench, this targets troubleshooting and
optimization, and combines the skills exercised at the previous three levels: reading the system state,
reasoning about causes, and weighing alternative interventions. It reflects what we expect from an
LLM acting as an engineering assistant on the factory floor.

By structuring Q&A tasks along these four levels, FactoryBench enables rigorous and granular
assessment of machine-behavior reasoning, from basic state recognition to advanced decision support.
Figure ] (Appendix [B)) instantiates Pearl’s three causal levels (L1-L3) on robotic time-series data and
adds the L4 decision-making layer that FactoryBench introduces on top. Each question is emitted
in one of five answer formats (single-select MCQ, multi-select MCQ, ranking, tensor, free-form);
the four structured formats are scored deterministically and free-form answers are scored by an
LLM-as-judge voting protocol, with per-format details in Appendix [A]

3.2 Time series data and causal schema (SCE)

So that the dataset structure itself encodes causality, all time-series signals are organized into three
causal groups: Setpoint (the controller’s commanded target), Context (physical and configured condi-
tions, split into static episode metadata and dynamic time-series channels), and Effort+Feedback (the
machine’s measured response). Under healthy operation the response is a known function of setpoint
and context; faults manifest as structured residuals from that baseline, giving a single operational
fault definition that applies across machines and tasks. Full per-group channel mappings, the formal
residual definition, and per-robot calibration details are deferred to Appendix [Kl

The data conforms to this schema across two source types:
* FactoryWave: A custom dataset generated from one-arm robotic platforms executing

industrial tasks (e.g., pick-and-place) under varied conditions and systematically injected
anomalies.

* Open Source Datasets: Adapted datasets such as AURSAD [1]] and voraus-AD [2], offering
diverse industrial scenarios and preprocessed to conform to the unified episode structure.

The datasets integrated into FactoryBench are summarized in Table 3} all provide the full setpoint—

context—effort triplet at 83 Hz or higher and have been (re)labelled to conform to our unified episode
schema.

4 Reliable Q&A generation

4.1 Scalable generation via extensive labeling

Scalable ground-truth generation is the central challenge of any Q&A benchmark grounded in raw
data. FactoryBench addresses this by coupling a structured labeling ontology with a context-free



Table 3: Datasets incorporated into FactoryBench. FactoryWave is collected and released with this
work; the other two are open-source datasets adapted to our schema. Tasks: PnP = pick-and-place,
Scr = screwing, PiH = peg-in-hole.

Dataset Robot Episodes Frequency Tasks Anomalies
AURSAD [1] UR3e 4094 100Hz Scr 4
voraus-AD [2] Yu-Cobot 2122 100/500 Hz PnP 12

FactoryWave (ours) UR3, KUKA KR10 8983 125/83Hz  PnP, Scr, PiH 27

grammar (CFG)-style template system, designed by robotics experts and PhD researchers. Each
template contains variable slots filled at generation time from one of two sources: label information
read directly from the episode data (signal names, timestamps, anomaly labels, root causes), or a
predefined sampling distribution attached to that slot (prediction horizons, numerical thresholds,
curated vocabularies for discrete options). The discrete vocabularies are seeded from the label sets of
AURSAD [1] and voraus-AD [2], extended to cover FactoryWave-specific cases, and released in full
S0 every instantiation is inspectable and reproducible. The context time series used to fill the variables
is sampled uniformly by data source (open source vs FactoryWave), then dataset, experiment, length
within controlled bounds, and finally placement, yielding a combinatorial expansion from a small set
of carefully designed templates into a large, diverse question pool.

Each of the 21 templates is manually authored to probe one specific machine-understanding level
while remaining general enough to admit a wide range of instantiations across episode segments,
signal names, event descriptions, timestamps, and predicted values. Answer options for single-
and multi-select questions are drawn from a shared pool of pre-defined verifiable statements (for
example, the question “What anomaly is present in this robotic sensor time series?” draws its options
from the full catalogue of documented anomalies), each paired with a rule that can be evaluated
deterministically against the time series given the densely labelled data, so ground truth is never
imputed or inferred but computed directly from the underlying labels; for single-select MCQ items,
the option-sampling step additionally enforces that exactly one of the four sampled options evaluates
to true on the chosen episode, so the question is unambiguous by construction. This is also our
primary defense against the natural concern that template-generated benchmarks can be solved by
learning template surface structure rather than the underlying reasoning: every template admits a
combinatorially large instantiation space over signal names, timestamps, prediction horizons, payload
conditions, and injected-fault types, so two questions sharing the same template rarely overlap in more
than a fraction of their variable slots, and the correct answer is never recoverable from the question
text alone since it is always determined by the paired time series, which varies across instantiations.

4.2 Density of FactoryWave

FactoryWave is collected from two physical robots (UR3 and the KUKA KR10; Figure [2)) executing
up to three industrial tasks each: pick-and-place, screwing, and peg-in-hole. Each complete task
cycle constitutes one episode, recorded at 125 and 83 Hz across over 100 sensor channels covering
joint setpoints, feedback, torques, speeds, estimated contact forces, TCP pose, gripper state, and
task-phase labels. To compensate for the limited tool-side telemetry exposed by the KUKA KSS
controller, we additionally mount a 9-DoF inertial measurement unit on the KUKA gripper and
stream its acceleration, angular-rate, and orientation channels in sync with the controller signals.
The full per-robot, per-task, per-condition breakdown of the 8,983 episodes is given in Table [§] of
Appendix [G|

Episodes are organized into three experiment types. Normal episodes capture nominal operation
across three payload levels (light, medium, heavy for pick-and-place). Fault episodes inject one of 27
fault types (spanning gripper failures, misconfigurations, collisions, and peg-in-hole-specific anoma-
lies), each recorded with fault-specific metadata and, where applicable, a precise injection timestep.
Counterfactual episodes provide ground truth for Level 3 causal reasoning by approximating the
do-operation on physical hardware, via the protocol described next.

Counterfactual generation approximates the last step of Pearl’s ladder on physical hardware, which
cannot reproduce a bit-identical pre-injection state. For each baseline we re-execute the task 3-5
times with every controllable condition held fixed (object pose, payload, controller configuration,
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Figure 2: FactoryWave tasks and fault catalogue. Photographs of the robotic platforms (UR3, KUKA
KR10) executing the three tasks (pick-and-place, peg-in-hole, screwdriving) and a representative
subset of the 27 systematically injected fault conditions.

exact scripted trajectory) and inject the target fault at a fixed timestep ¢. We then keep the run whose
pre-injection segment minimizes the signature kernel MMD against the baseline, and use that episode
as an approximate ground truth for hypothetical divergence of baseline.

4.3 Knowledge graph and protocol extraction

Reliable ground truth for Level 4 troubleshooting questions requires more than episode labels: it
demands machine-specific recovery protocols grounded in manufacturer documentation. For each
robot in FactoryBench we parse the manufacturer’s official runtime error documentation into a
structured mapping from error codes to error names, descriptions, and recommended recovery steps,
capturing what the controller reports when a fault occurs and what an operator should do to resolve
it. We then map every anomaly type studied in FactoryBench to the most likely corresponding
manufacturer error code, with PhD-level robotics experts reasoning about the physical cause of
each anomaly and identifying which runtime error it would most plausibly trigger on the target
robot. Where a physical fault injection (such as gripper misactivation, peg misalignment, or external
collision) has no well-defined controller error, the same experts author the recovery protocol directly
using the same structure for consistency.

The complete mapping (error-derived and expert-authored protocols alike) is ingested into a knowl-
edge graph alongside robot specifications, task definitions, and signal schema. At question generation
time, the pipeline queries this graph to automatically assemble the relevant protocol context and inject
it as ground truth into Level 4 troubleshooting Q&A pairs, without requiring per-question human
review.

5 Evaluation and results

5.1 Zero-shot evaluation

We evaluate a cross-vendor panel of frontier LLMs available at submission time (April 2026): Claude
Sonnet 4.6 [46] and GPT-5.1 [47] on the closed-weight side, and DeepSeek V3.2 [48], Mistral Large
3 [49], and Qwen3-235B [50] on the open-weight side. We also include Qwen3-4B [50]] in zero-shot
mode as a lightweight open-weight reference point. For calibration we report a non-LLM baseline
that dispatches per item by answer format: linear regression on the target signal for scalar and tensor
templates, and uniform random over the option set for single- and multi-select MCQ and ranking
templates. Free-form Level 4 templates are excluded from the baseline (no traditional method maps



cleanly to producing a remediation protocol). Figure [3|reports chance-corrected accuracy for the full
panel.

FactoryBench Results: Model x Level (Chance-Corrected)

Claude Sonnet 4.6 - 46.8% 47.1% 45.9% 4.3% 100
Qwen3-235B - 36.0% 35.6% 43.6% 4.4% 9
80 =
g
GPT-5.1 - 30.9% 30.0% 31.7% 17.7% g
60 2
Mistral Large 3 - 34.6% 31.7% 36.3% 5.4% 3
9
40 E
Simple Baseline - 28.4% 24.1% 20.4% %ﬁ
Q
-20 2
DeepSeek V3.2 - 25.0% 29.1% 28.5% 7.6% @)
Qwen3-4B - 21.8% 27.5% 28.8% 2.9% -0
1 1 1 1
Level 1 Level 2 Level 3 Level 4
(N=1,209) (N=3,132) (N=297) (N=1,113)
(a) Chance-corrected accuracy (%) on FactoryBench’s four reasoning levels.
Score
HEE 0.0 Wrong s 0.5 Partial B 1.0 Correct
(a) L4.1 Troubleshooting (mean 17.4%) (b) L4.2 Optimization (mean 20.1%)

Score
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Nominal (no fault)
(n=412)

Collision (rigid)
(n=9) 25.0%

Damaged screw thread

(n=46)
Add'l axis payload FOAETA 11.2%
(n=40) o
Collision (cardboard) 6.5%
(n=23) M s

Loosening phase
(n=195)

Arm disturbance
(n=12)

| 6.2%

£y 4.2%

Payload mass 24.0%

Missing screw 2.9% n=75
(n=34) . o (n=75)
Extra component 2.9%
(n=34) I 2o
0 20 40 60 80 100 0 20 40 60 80 100
Proportion of items (%) Proportion of items (%)

(b) GPT-5.1 L4 score distribution by ground-truth root cause (left, troubleshooting) and misconfigured parameter
(right, optimization). Each bar shows the proportion of items scored 0/0.5/1; the right-edge value is the per-
category mean accuracy.

Figure 3: Main results. (a) Cross-model panel performance across all four reasoning levels. (b)
Per-fault and per-parameter breakdown of the GPT-5.1 L4 mass.

5.2 Signal comprehension across Levels 1-3

Most models fail to separate from the simple baseline on Level 1, including the largest in the
panel. Three of six LLMs fail to clear the L1 baseline (28.4%): GPT-5.1 (30.9%), by parameter-
count and inference-cost proxies the largest in the panel, only matches it, and DeepSeek V3.2 (25.0%)
and Qwen3-4B (21.8%) sit clearly below. Only Mistral Large 3 (34.6%), Qwen3-235B (36.0%), and
Claude Sonnet 4.6 (46.8%) establish a margin. Raw scale does not reliably confer the ability to extract
precise state from dense industrial signals; L1 measures something general-purpose pretraining does
not optimize for.

Models that struggle on Level 1 still outperform the baseline on Levels 2 and 3. Qwen3-4B
(27.5%, 28.8%), DeepSeek V3.2 (29.1%, 28.5%), and GPT-5.1 (30.0%, 31.7%) all clear the bar on



L2 and L3 despite scoring below it on L1. That being said, the model rank order is nearly identical
across L1-L3: Claude Sonnet 4.6 stays in the lead at L2 and L3 (47.1%, 45.9%), Qwen3-235B is the
strongest open-weight model and tops L3 (43.6%), and Mistral Large 3 follows (31.7%, 36.3%). This
shows a strong correlation between the score of Levels 1-3, and point towards the fact that a stronger
state comprehension translates into better intervention and counterfactual reasoning: L2 and L3 build
on L1 ability rather than substituting for it.

5.3 Engineering decision-making at Level 4

Level 4 scores collapse absolutely, revealing an industrial readiness gap. Every model collapses
below 18%: the leader reaches 17.7% and the other five score between 2.9% and 7.6%. Claude Sonnet
4.6, dominant on L1-L3, crashes to 4.3% on L4, on par with the weakest models in the panel. The
model receives the time series and a machine description but must produce the root-cause diagnosis
and multi-step recovery procedure from its own knowledge. The L.1-3 scores below 50% already
indicate a gap in state, intervention, and counterfactual understanding; the L4 collapse exposes a
deeper one: models either lack the machine-specific technical knowledge to diagnose faults and
prescribe remediation, or cannot ground that knowledge in the observed signals. Closing this gap is
the central challenge FactoryBench is designed to measure.

GPT-5.1 leads on the most practically relevant level despite underperforming on the others.
The L4 ordering reshuffles completely relative to L1-L3: GPT-5.1, only fourth of six on the structured
levels, leads L4 at 17.7%, more than twice the next-best. L4 requires naming the root cause and pro-
ducing a multi-step remediation procedure grounded in manufacturer documentation; we conjecture
that GPT-5.1’s reversal reflects disproportionate exposure to structured industrial documentation in
pretraining, letting it match a protocol to a fault description even when its signal comprehension
is weak. The pattern reveals a dissociation between signal comprehension and protocol retrieval:
optimizing for one does not deliver the other.

Within Level 4, GPT-5.1 shows asymmetric failure modes across troubleshooting and optimiza-
tion. Breaking GPT-5.1’s L4 performance down by question type (Figure exposes a structural
difference in how the model fails. On troubleshooting (n=1,011, mean 0.174) the score distribution is
sharply bimodal: 79.6% zero, 14.4% perfect, only 5.9% partial. The perfect-score mass concentrates
on nominal (no-fault) episodes (Figure [3b] left): GPT-5.1 emits “no anomaly” correctly on 33% of
healthy episodes, accounting for 92% of all perfects. The remaining 11 perfects fall on collision,
payload, and screw-thread faults whose signal signature is strong and unmistakable: a TCP force
spike, a speed-scaling collapse, or a large torque drift. Subtler anomalies (task-phase sequencing
errors like an unintended loosening step, or flag-level state changes) produce no catastrophic event;
GPT-5.1 then over-interprets the signal, attributing the change to a software bug or controller race
rather than the expected phase transition, and scores zero or 0.5. Large-n fault categories (loosening
phase, missing screw, extra component) sit at < 11% partial and < 1% perfect: even when GPT-5.1
senses that something is off, it cannot recover the canonical root cause from the signal.

On optimization (n=102, mean 0.201) GPT-5.1 never achieves a perfect score (41 partial, 61 zero;
Figure [3b] right). Ground-truth optimization answers are single-parameter corrections (e.g. “payload
mass is set to 0.0 kg but the actual payload weighs 1.5 kg; update the installation settings”). GPT-
5.1 instead emits lists of 8—12 generic motion-tuning suggestions (reduce acceleration, retune PID
gains, add waypoints, lower speed scaling, enable force-mode compliance) and mentions payload
configuration only as one undifferentiated item without specifying direction or magnitude, earning
0.5 at best (according to our grading policy). Together these patterns show that even though GPT-5.1
outperforms every other model by a wide margin on L4, it remains weak at decision-making in an
industrial context.

5.4 Modular and extensible by design

FactoryBench is built to grow. The Q&A generator decouples reasoning templates from the underlying
robot, task, and signal schema: every template is parameterized over generic primitives (signal names,
phase indices, anomaly labels, fault categories) rather than hard-coded to a machine, so adding a
new platform only requires populating the labeling ontology and per-robot signal mapping. All
existing templates then instantiate automatically, and the format scorers, knowledge graph, and



judge prompts carry over. Planned extensions include further robots and machine families (industrial
arms, mobile manipulators, CNC and additive-manufacturing platforms), tasks (assembly variants,
polishing, inspection), gripper and end-effector types, and templates targeting under-represented
reasoning patterns. Each addition slots into the existing schema without breaking prior versions;
the versioned release track pins every reported number to a fixed dataset state while the benchmark
continues to grow.

5.5 Limitations

FactoryBench has two substantive limitations. First, Level 3 counterfactual ground truth on physical
hardware is fundamentally approximate and resource-intensive to generate: two real runs cannot share
an identical pre-injection state, so our signature-kernel-MMD-selected CF pair is the closest empirical
proxy for the do-operation rather than the do-operation itself, and L3 scores therefore conflate model
reasoning with proxy quality (simulation closes the gap only at the cost of physical realism). Second,
as the first benchmark of its sort our Q&A pairs use a simplified fault model: industrial faults in
production are typically compound, gradual, and detected through aggregate KPIs, while ours are
atomic, fast, and drawn from a closed catalogue of 27 injected mechanisms, making FactoryBench a
measurement of in-distribution fault recognition rather than the fault defection problem operators
actually face.

6 Conclusion

We introduced FactoryBench, a four-level benchmark for machine understanding over industrial
robotic telemetry, grounded in FactoryWave and structured around Pearl’s causal hierarchy. Zero-shot
evaluation of six frontier LLMs shows that signal comprehension and protocol-grounded decision-
making are distinct capabilities that do not co-develop: models that lead on Levels 1-3 collapse on
Level 4, while GPT-5.1 reverses rank at L4 despite being mediocre on the structured levels. Absolute
scores remain well below 50% on LL1-3 and below 18% on L4, with no model close to saturation.
A natural follow-up direction is tool-augmented LLM agents that delegate quantitative subtasks
to specialised tools (time-series foundation models, classical signal-processing modules, anomaly
detectors, or other domain-specific components; Appendix [H) and reserve the LLM for the linguistic,
classification, and decision-making templates where it has the structural advantage [29-31]. The
gap is structural, not incidental: until models can read industrial signals, reason causally about them,
and translate that reasoning into operator-grade decisions, they have no business on the factory floor.
FactoryBench draws that line, and gives the community the instrument to measure every step taken
toward crossing it.
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A Answer formats and scoring

FactoryBench emits questions in five answer formats. The four structured formats (single-select
MCQ, multi-select MCQ, ranking, tensor) are scored deterministically by per-format rules; free-form
answers, used only at Level 4, are scored by an LLM-as-judge voting protocol. Each format is
designed to remain hard to answer in the absence of correct reasoning over the time series. Table[d]
summarises the raw scoring rules; the rest of this section gives the implementation details together
with the chance-correction step that places every format on a comparable scale before aggregation.

Table 4: Answer formats used in FactoryBench and their raw scoring rules. The chance-correction
step described in this section is applied on top of these rules before per-level aggregation. Free-form
answers (Level 4 only) are scored by an LLM-as-judge voting protocol with three judges (GPT-5.1,

Claude Sonnet 4.6, DeepSeek V3.2) aggregated by the median of the three votes.

Format

Description

Raw scoring (before chance correction)

Single-select MCQ

Multi-select MCQ

Ranking

Tensor

Free-form

Three or four mutually exclusive op-
tions (A—C or A-D); the model se-
lects one.

Four independent statements (A—-D)
about the outcome of an event or in-
tervention; the model emits a T/F
string of length four.

Four time-series segments or out-
comes (A-D) ordered by a specified
criterion. Answer is a permutation
string (e.g. DABC).

One or more scalar values (e.g. ex-
pected sensor reading after an inter-
vention). Answer is a list of floats.

Open-ended natural-language re-
sponse, used only for the two Level 4
question types: troubleshooting and
optimization.

Exact match: 1 if the parsed letter equals the gold
letter, 0 otherwise. Per-item chance level £ =
1/k where k € {3, 4} is the option count for that
question.

Positional fraction: ~ 1/4 per slot whose
T/F matches the gold; raw score in
{0,0.25,0.5,0.75,1}. Chance level E = 1/2.

Positional fraction: 1/4 per slot whose letter
matches the gold permutation; raw score in
{0,0.25,0.5,0.75,1}. Chance level E = 1/4.

Per-scalar three-level piecewise score: 1 if |0 —
v*| <m, 0.5 if m < |d — v*| <2m, else 0. Per-
channel margin calibrated to m; = R;/12 so the
chance level matches MCQ (E = 1/4).

Score € {0,0.5,1}. Troubleshooting: 0.5 if the
reply names the correct root cause, 1 if it also
gives the correct corrective protocol, O otherwise.
Optimization: 0.5 if the reply correctly identifies

the misconfigured parameter, 1 if it also gives the
correct corrective protocol, O otherwise.

Chance correction. Without correction, formats with different chance baselines are not directly
comparable: a model scoring 0.5 on a multi-select item (chance £ = 1/2) has demonstrated nothing,
while a model scoring 0.5 on a single-select item (chance £ = 1/4) has demonstrated above-chance
performance. We therefore transform every raw item score s into a chance-corrected score

0 s—F

max D E—

) 1 _ E )

where FE' is the format’s chance level. After this transform, s = 0 corresponds to pure-chance
performance and s = 1 to perfect performance for every format. All level- and template-level means
reported in the paper are computed on 5. The simple non-LLM baseline used in Section doubles

as the empirical audit: after chance correction it should hover near 0 on every format, and we verify
this holds before treating any model score as evidence of reasoning.

§:

Single-select MCQ. Raw score s € {0,1}. The chance level is read off the question payload as
E = 1/k. The corrected score is § = max(0, (ks — 1)/(k — 1)), mapping a correct answer to § = 1
and a wrong answer to § = 0 regardless of k.

Multi-select MCQ. Raw score s € {0,0.25,0.5,0.75, 1} with chance level E = 1/2 (each T/F
slot matches the gold with probability 1/2 under uniform random guessing). The corrected score is
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§ = max(0, 2s — 1), mapping {0, 0.25,0.5,0.75,1} to {0,0,0,0.5,1}. The aggressive flooring is
intentional: getting half the slots right under random T/F is the expected outcome of a model that has
not read the question.

Ranking. Raw score is the positional-match fraction over a permutation of length four. The
expected number of fixed points of a uniformly random permutation is exactly 1 regardless of length,
so the chance level is E = 1/n = 1/4. The corrected score is § = max(0, (4s — 1)/3), mapping
{0,0.25,0.5,0.75,1} to {0,0,1/3,2/3,1}.

Tensor. Each scalar j in a vector answer is scored on a three-level scale: 1 if [0; — v;\ < m;,

0.5 if within 2m;, 0 otherwise. The raw item score is the average over the n scalars, s = % > ;55
The discrete form mirrors MCQ/ranking and still credits near-misses inside 2m ;. The per-channel
margin is calibrated to m; = R;/12, where R; is the channel’s empirical [p2, pgs] range across
the unified episodes (precomputed once); this sets the piecewise scorer’s chance expectation to
E = 1/4, matching single-select MCQ. The corrected item score follows the MCQ form, § =
max(0, (4s —1)/3). Scalars with a degenerate channel range (R; ~ 0) are dropped from the average.

Free-form. Free-form answers do not admit a meaningful chance baseline: the answer space is
unbounded natural language, so there is no uniform random distribution to subtract. We therefore
leave free-form scores uncorrected. The lack of correction does not introduce cross-format bias
because free-form is used only at Level 4, and Level 4 contains no other answer format, so free-form
scores are never aggregated alongside structured-format scores at the same level.

The scoring itself is a rubric on {0,0.5,1}, applied against the gold answer assembled from the
FactoryBench knowledge graph. The two Level 4 question types are scored separately:

* Troubleshooting. The reply receives 0.5 for naming the correct root cause, 1 for naming
both the root cause and the appropriate corrective protocol, and 0 otherwise.

* Optimization. The reply receives 0.5 for correctly identifying the misconfigured parameter,
1 for identifying both the misconfigured parameter and the general direction even without
exact values (increase vs decrease of appropriate dimensions), and 0 otherwise.

Aggregation. Per-question chance-corrected scores § are averaged uniformly within a template and
level.

B Question template inventory

Table 5]lists the number of question templates currently producing released Q&A items, broken down
by answer format. Templates that are defined in the generator but do not yet emit any questions in the
released set are excluded.

FigureE]instantiates Pearl’s three causal levels (Association, Intervention, Counterfactual) on robotic
time-series data and adds the Level 4 decision-making layer that FactoryBench introduces on top.
Each panel pairs the formal causal primitive with a representative FactoryBench template.

Table 5: Number of active question templates per level, by answer format. Counts reflect templates
that produce released Q&A items in the current dataset.

Level MC single-select MC multi-select Ranking Tensor / Numerical Free-form  Total
1 (State) 1 1 0 2 0 4
2 (Intervention) 3 2 2 3 0 10
3 (Counterfactual) 0 2 1 2 0 5
4 (Decision) 0 0 0 0 2 2
Total 4 5 3 7 2 21

Expert-authored severity ranking. Several Level-2 ranking templates (L2.1, L2.9) require or-
dering anomalies or signal segments by severity. Severity is not directly readable from the labels:
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Figure 4: The four levels of machine understanding defined by FactoryBench.

it depends on physical impact, controller reaction, recovery cost, and downstream production con-
sequences. The reference ordering used for these templates was authored and cross-checked by
a panel of PhD-level robotics experts, who ranked each anomaly category along these axes and
reviewed the resulting ranks for cross-anomaly consistency. The fixed expert ranking is shipped
with the benchmark and used as the gold permutation by the deterministic positional-match scorer

(Appendix [A).
B.1 Full template list

Table[6]lists every active template (the templates that emit released Q&A items in the current dataset).
Placeholders in braces ({task}, {anomaly}, {phase}, {signal}, {n}, {event}, {window_length},
{joint_signal}) are filled at generation time from the episode metadata or the relevance specification.
The trailing answer-format reminders (“Answer only with . . .”) are truncated for readability, matching
the convention used in Table[IT7

Table 6: Full list of FactoryBench question templates by causal level. Single-choice MCQ requires
one letter; multi-select MCQ requires a binary string over a fixed option set; ranking requires a
permutation over k items; tensor (scalar) is a single real number accepted within a tolerance band,
tensor (6-vector) is a JSON array of six real numbers, one per joint axis; free-form responses are
evaluated by an LLM-as-judge against a reference answer.

ID Answer format Template (boilerplate truncated)

Level 1: State

L1.1  Tensor (scalar) The robot is performing a {task} task. We want to isolate the {phase} in
the robot’s time series. Assuming a fixed window length of
{window_length} timesteps, at which timestamp should the window

begin?
L1.3  Multi-select MCQ ‘What changed between the two instances of robotic time series data?
L1.6  Single-choice MCQ What robot does this sensor data originate from?

continued on next page

15



TableHcontinued from previous page

1)) Answer format

Template (boilerplate truncated)

L1.7  Tensor (scalar)

Given the sensor stream below, what is the expected value of {signal} at
T+{n}ms?

Level 2: Intervention

L2.1 Ranking

L2.2  Multi-select MCQ
L2.3  Multi-select MCQ
L2.4  Tensor (scalar)
L2.5 Tensor (6-vector)

L2.6  Tensor (scalar)

L2.7  Single-choice MCQ

L2.8  Single-choice MCQ

L2.9 Ranking

L2.10 Single-choice MCQ

The sensor stream below is from a robot exhibiting {anomaly}. Rank the
signal segments listed in the ‘options’ field in the order you would expect
them to appear as the anomaly manifests.

The sensor stream below is from a robot exhibiting {anomaly}. What
would most likely happen next?

The sensor stream below is from a robot exhibiting {anomaly}. Select all
statements that apply in the options provided.

The sensor stream below is from a robot exhibiting {anomaly}. What is
the expected value of {signal} at T+{n}ms?

The sensor stream below is from a robot exhibiting {anomaly}. What are
the expected values of {joint_signal} at T+{n}ms?

Knowing that the robot suffers from {anomaly} in the given context time
series, we want to isolate the {phase} phase. Assuming a fixed window
length of {window_length} timesteps, at which timestamp should the
window begin?

Given the sensor data from a robot performing the task, determine what
anomaly is present?

You are provided with two sensor streams originating from robots
accomplishing tasks. What differences between the two given instances of
robotic time series data (if any) do you notice?

Rank the following robot time series segments from most to least severe
anomaly.

Knowing that the robot suffers from {anomaly} in the given context time
series, what robot does this sensor data originate from?

Level 3: Counterfactual

L3.1 Ranking

L3.2  Multi-select MCQ
L3.3  Multi-select MCQ
L3.4  Tensor (scalar)

L3.5 Tensor (6-vector)

Given the baseline sensor stream below and the counterfactual scenario
where {event}, rank the signal segments listed in the ‘options’ field in the
order you would expect them to appear as the event manifests.

Given the counterfactual scenario where {event}, what would most likely
happen next?

Given the counterfactual scenario where {event}, select all statements that
would apply.

In the counterfactual scenario where {event}, what would be the expected
value of {signal} at T+{n}ms?

In the counterfactual scenario where {event}, what would be the expected
values of {joint_signal} at T+{n}ms?

Level 4: Decision

L4.1 Free-form

L4.2  Free-form

Given the sensor stream below, does the machine show signs of
anomalous behavior? If yes, identify the most likely root cause and
describe the steps you would take to fix it.

An engineer wants to increase the effectiveness and accuracy of this
machine. Based on the sensor stream below, what operational changes or
parameter adjustments could help achieve this? Do not justify your
answer, simply indicate steps to take (or specify if nothing can be done).
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Prompt structure and knowledge-graph augmentation. Models under evaluation receive a single
user message; no system role is set on the evaluated model. The message is assembled at prompt-build
time from four ordered blocks:

<machine_sentence>
<acronym_mapping>
<time_series>

Question: <question_text>
Here are the options:
<options>

The leading <machine_sentence> is filled at prompt-build time from the FactoryBench knowledge
graph, specifically the machine and gripper tables, keyed on the dataset that the question is grounded
in. This guarantees that identical question templates are grounded in the correct hardware description
regardless of which underlying dataset the episode comes from. For a UR3e-grounded question on
FactoryWave, the resulting line expands to:

The following sensor data comes from Universal Robots UR3e, a collaborative robot (cobot)
from the E-series with 3 kg payload, 6 degrees of freedom, controlled via UR PolyScope
(teach pendant), UrScript, typically used for light assembly tasks, automated workbench
scenarios. It is equipped with a 2FG14 Finger Gripper OnRobot.

The augmentation is conditional: identification templates such as L1.6 (“What robot does this sensor
data originate from?”) and L.2.10 suppress the machine sentence so the model cannot read the answer
off the prompt header, and templates that probe gripping behavior without revealing tooling can
selectively suppress only the gripper clause. The acronym-mapping block decodes the time-series
header into long-form channel names and is included whenever the question carries one.

Level-4 free-form responses are scored by an LLM-as-judge under a strict three-point rubric
({0.0, 0.5, 1.0}) that is template-specific: troubleshooting items (template L4.1) and optimiza-
tion items (template L.4.2) use different prompts, since the relevant axes of correctness differ (root
cause + remediation steps vs. problematic parameter + adjustment direction).

Troubleshooting prompt (L4.1).

You are scoring a model’s troubleshooting answer for a robotics
sensor-data benchmark.

Rubric (apply strictly, no other values allowed):

1.0 - the answer correctly identifies the underlying root cause AND
the proposed remediation steps are mostly right. The steps do
NOT need to match the reference exactly: minor wording
differences, additional sensible checks, or omitted minor
steps are all fine, as long as the overall remediation is on
the right track and would plausibly resolve the issue.

0.5 - the answer correctly identifies the underlying root cause but
the remediation is wrong, missing, or off-topic (e.g. proposes
an unrelated fix, contradicts the reference, or refuses to
give steps).

0.0 - the root cause is wrong or absent (model refused, identified
the wrong fault, or stated "no anomaly" when one was present).

The known root cause is provided to you separately. An answer counts
as identifying the root cause when it names the same physical
phenomenon - equivalent paraphrases are fine, but a different fault
category (e.g. saying "payload too heavy" when the root cause is
"TCP misconfiguration") is wrong.

Respond with ONLY a JSON object on a single line, no markdown:
{"score": <0.0/0.5/1.0>, "reason": "<one short sentence>"}
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Question: {question}

Reference: {reference}
Known root cause:{root_cause}
Model answer: {prediction}

Optimization prompt (1.4.2).

You are scoring a model’s optimization answer for a robotics sensor-
data benchmark.

Rubric (apply strictly, no other values allowed):

1.0 - the answer identifies the problematic parameter AND proposes
adjusting it in the correct direction (increase vs. decrease,
matching the reference). Exact magnitudes do not matter; only
direction matters.

0.5 - the answer identifies the problematic parameter but proposes
the wrong direction, no direction, or contradictory directions.

0.0 - the problematic parameter is not identified, or the model
recommends adjusting an unrelated parameter, or refuses to
answer.

The reference answer states the correct parameter and its target
value, from which the correct adjustment direction can be inferred
relative to the configured value.

Respond with ONLY a JSON object on a single line, no markdown:

{"score": <0.0/0.5/1.0>, "reason": "<one short sentence>"}
Question: {question}
Reference: {reference}

Model answer:{prediction}

The judge ensemble comprises three frontier LLMs from different vendors: GPT-5.1, Claude Sonnet
4.6, and DeepSeek V3.2. Each judge independently scores every Level-4 free-form response with
the appropriate template-specific prompt above, and the per-item score reported in our results is the
median of the three valid votes (snapped to the {0, 0.5, 1} grid).

C Episode eligibility filtering

Before any sub-window is drawn (Appendix [D), each template restricts the pool of source episodes to
those that can support a well-defined ground-truth answer. The filter is template-aware and combines
a level-specific condition predicate with a length/coverage check.

Level-specific condition predicate. The level a template lives at fixes which episode condition the
template can pull from: Level 1 templates probe nominal state and therefore consume only baseline
(normal) episodes, Level 2 templates probe the immediate effect of an intervention and therefore
consume only anomalous (fault) episodes, and Level 3 templates probe counterfactual reasoning and
therefore consume only counterfactual pairs (one baseline plus one fault run, paired by the protocol
described in Appendix[G)). Level 4 templates draw from baseline and fault episodes depending on
the troubleshooting/optimization variant. Episodes whose condition does not match the template are
removed from the pool before sampling.

Ground-truth feasibility. Eligible episodes must additionally carry the labels and trajectory length
the template needs to derive its answer. Concretely, we require that (i) the episode contains every
metadata field the template instantiates (root-cause label, anomaly type, fault-injection timestep,
target phase, etc.), (ii) the episode is long enough that a relevance-compliant sub-window of the
requested length (Appendix [E) fits, and (iii) for templates whose answer is computed from a future
segment of the trajectory (numerical and tensor forecasts at 1.7, L2.4, 1.2.5), the trajectory extends
at least the requested forecast horizon beyond the displayed window. Episodes that fail any of these
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checks are dropped at filter time rather than at sampling time, so each template’s sample distribution
is over its true eligibility pool.

Effect on the released set. The filter is applied per (template, dataset, condition) cell before the
train/validation/test split, so the public 70k Q&A items released on Hugging Face are exactly the
items for which a verifiable ground-truth answer exists.

D Fault-relevance window sampling

For Q&A pairs grounded in a fault episode, the time-series context shown to the model is a sub-
window of the full episode rather than the entire trajectory. A naive uniformly sampled sub-window
can miss the segment where the fault is actually visible: for a transient collision lasting tens of
milliseconds, a uniformly sampled one-second window has a non-negligible probability of falling
entirely outside the disturbed segment, producing an item whose ground-truth label is correct
but whose evidence is invisible to any model. To prevent this, each fault type is paired with a
relevance specification that constrains how the sub-window is drawn so that the fault signature is, by
construction, present in the displayed context.

Four temporal footprints. Each fault is assigned, by domain annotation, to one of four classes that
describe how its signature is distributed across the episode:

* Global: the signature is present throughout the entire episode, for instance a payload
misconfiguration that biases every torque reading. Sub-windows are sampled uniformly
under the requested length bounds.

» Event-anchored: the signature is a transient localized at a specific timestep recorded in
the episode (collisions, gripper misactivation). The sub-window is required to contain that
timestep; its length and start are otherwise random.

* Phase-gated: the signature is only diagnostic during specific task phases, for instance a
peg-misalignment fault that is only visible during insertion. The sub-window is required to
overlap one of the target phases by at least a minimum number of rows, where the relevant
phases depend on the task.

* Cumulative: the signature has a monotonically growing footprint that becomes visible
only after a certain phase begins, for instance progressive torque drift. The sub-window is
required to be at least a minimum length and, where applicable, to start no earlier than the
onset phase.

Sampling and validation. Given a fault episode and the requested length bounds, the sampler
draws a window that satisfies the corresponding constraint and records the constraint that was applied
alongside the question’s provenance, so downstream analyses can condition on it. A post-hoc check
verifies that the returned window meets the locality’s requirement; if it cannot be met (e.g., a phase-
gated fault whose target phase is missing from the recording), the item is either discarded or, for
templates where the anomaly signature is helpful but not required for correctness, the sub-window
falls back to uniform sampling and the item is flagged accordingly.

Effect on the dataset. Relevance-aware sampling is applied to all fault-grounded items in Levels 1,
2, and 4. Level 3 counterfactual pairs use a separate fixed-injection-timestep protocol described in
Section 4.2 and do not rely on this mechanism. In pilot generation runs without relevance constraints,
a non-trivial fraction of fault items had sub-windows that did not contain the fault signature, inflating
the apparent difficulty of Levels 1 and 2 in a way that could not be distinguished from genuine model
failure. The mechanism can be disabled to recover uniform sampling for ablation studies that require
a no-relevance baseline.

E Time-series context: features and window length

Two design choices govern what each Q&A item actually shows the model: which channels of
the multivariate trajectory are included, and how long the displayed window is. Both choices are
deliberately constrained.
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Resampling to a uniform 10 Hz. The source datasets record at heterogeneous frequencies (83—
125 Hz for FactoryWave, 100 Hz for AURSAD [[1]], 100 or 500 Hz for voraus-AD [2]). Before any
Q&A item is built, every episode is anti-alias filtered and resampled to a common 10 Hz timeline. This
serves three purposes: it normalizes the time axis across robots so that templates can specify window
lengths in absolute seconds without conditioning on the source platform, it keeps the displayed
context within the prompt budget of every evaluated model, and it removes high-frequency content
that would otherwise dominate the token sequence with information not needed for the reasoning
levels we evaluate. Ten Hertz is admittedly low by industrial-sensor standards: at higher sampling
rates one can resolve fast transients (millisecond-scale collisions, valve switches) that are smoothed
away here. We accept this trade-off because the fault catalogue evaluated in this paper is deliberately
simplified to atomic, well-isolated mechanisms, and we observe empirically that 10 Hz is sufficient to
expose every fault signature in our catalogue at a level that PhD-level annotators can verify on the
displayed context. Future versions of the benchmark targeting compound or sub-second faults would
need to revisit this choice.

Per-template feature pre-selection. The raw signal schema is large: FactoryWave exposes more
than 120 channels per timestep (joint positions, velocities, accelerations, currents, target torques,
contact forces, TCP pose, gripper state, and so on). Including every channel verbatim would produce
contexts that are both prohibitively long and dominated by signals irrelevant to the question being
asked. We therefore equip every question template with a hand-curated subset of important features:
30 channels per template for Levels 1-3, and roughly 20 for Level 4 (whose templates focus on the
diagnostic and remediation signals that matter for troubleshooting). The selections are authored by
PhD-level robotics experts on the team and target the channels most informative for the specific
reasoning skill the template probes; for instance, an anomaly-detection template emphasizes torques
and contact forces, while a phase-isolation template foregrounds joint positions and velocities. The
full per-template feature lists are released alongside the benchmark so that every Q&A item can be
reproduced bit-for-bit from the underlying episode.

Window length. Across all four levels, each Q&A item shows a sub-window of between 32 and
64 timesteps drawn from the 10 Hz-resampled trajectory, corresponding to roughly 3.2-6.4s of
robot motion. The lower bound is set so that even the shortest displayed window contains enough
samples to expose the dynamics the templates probe (transient onsets, phase boundaries, force spikes);
the upper bound keeps the prompt within the context limits of all evaluated models, including the
smaller open-weight ones. Within these bounds, the exact length and start position are randomized
at generation time, with the start position constrained by the relevance specification of Appendix D]
when the item is fault-grounded.

Why these choices matter for interpretability. Fixing the resampling rate, the feature subset, and
the window-length range across templates means that performance differences between models on a
given template cannot be attributed to one model receiving a longer, faster, or richer context than
another, only to its ability to interpret the same content. The randomization within bounds prevents
models from exploiting positional or length cues to recognize templates by their surface form: two
items instantiated from the same template are typically presented with different lengths, different
start positions, and — once relevance constraints and per-template feature subsets are honoured — with
the fault evidence falling at different relative positions in the displayed window.

F Validation of solvability

This appendix collects the diagnostic checks we ran to convince ourselves that FactoryBench items
are answerable from the released time-series context, rather than from question wording alone, and
that the templates flagged as “too easy” by the noise-substitution check are nevertheless grounded in
genuine signal structure.

F.1 Noise-substitution check
To probe whether the model scores in Figure [3| reflect actual reading of the time-series context

or merely priors over question templates and option positions, we constructed a noise-substituted
counterpart of the dataset and re-ran every model against it. This check was an early diagnostic study
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run on a previous, smaller model panel (Claude Haiku 4.5, DeepSeek V3.1, gpt-5.1, Mistral Large 3)
and a 400-item Q&A subset; it predates the main evaluation reported in the body of the paper, so the
absolute scores below are not directly comparable to those in Figure[3] In particular, this early subset
was generated with substantially longer time-series contexts than the released benchmark, which
depresses scores across the board for every model in the panel; the relative differences between Orig
and Sub remain interpretable, but absolute levels run roughly 5—10 chance-corrected points below
the comparable cells in the main results.

Construction. For each of the 400 generated Q&A pairs (100 per level), we duplicate the item
and rewrite only the numerical time-series content. For each numeric float feature we preserve the
original first value and substitute every subsequent value with the cumulative sum of independent
Gaussian increments:

vy = vo, vy = v, + N(0,0?), o =10.5,

where o is shared across all features. The same substitution is applied to time-series chunks embedded
in option strings (Level 1 severity-ranking, Level 2/3 chunk-ranking).

Expected behavior. A model that scores by genuinely reading the time series should drop sharply
on the noise-substituted variant, because the substitution destroys the signal-trajectory information
that the gold answer hinges on. A model that scores by template-level priors (e.g. guessing the
most plausible MC option given the question wording) or by option-position bias should be roughly
invariant, since the question text and options are unchanged.

Result. Table[7|reports the side-by-side mean rubric scores. Three patterns emerge.

1. On Level 1 every model is essentially flat or improves slightly under substitution. This is
consistent with L1 templates being substantially answerable from the question wording, the
option set, and the still-present discrete annotations of task phase and fault label. It also
flags L1 as the level where overlap between LLM scores and a random/regression baseline
is most expected.

2. On Level 2 and Level 3 every model drops, often substantially: DeepSeek and Mistral lose
9-11 points on L3, and gpt-5.1 loses 7.7 on L2. The L3 drops are particularly informative
because L3 templates ask counterfactual “what would have happened” questions where the
answer hinges on the actual signal trajectory rather than on a discrete annotation.

3. On Level 4, gpt-5.1’s 7.6% original score collapses to 0.5% under noise substitution, a 15x
drop. Inspection of the per-item rubric notes shows that gpt-5.1’s L4 mass on the original
data came almost entirely from correctly emitting “no anomaly is present” on truly nominal
episodes; once the time series is replaced by Gaussian noise, the same nominal episodes
look anomalous to the model and it now hallucinates faults on them, losing its only mode of
scoring. The other three models score < 0.005 in either condition and have no comparable
mode to lose.

Table 7: Noise-substitution check: measured mean scores (%) on the original FactoryBench Q&A
pairs (Orig) vs. the noise-substituted variant (Sub) constructed by replacing every numerical time-
series value with cumulative Gaussian increments seeded at the original first value (¢ = 0.5).
Questions, options, and gold answers are identical between the two runs. A = Sub — Orig; large
negative values are evidence that the model was using the data from the time series rather than the
question alone.

L1 L2 L3 L4
Method Orig  Sub A Orig  Sub A Orig  Sub A Orig  Sub A
Claude Haiku4.5  19.0 195 405 255 267 +12 6.3 4.4 -1.9 0.5 00 -05
DeepSeek V3.1 165 150 -1.5 237 195 42 247 157 -9.0 35 40 405
gpt-5.1 240 240 00 287 210 77 220 160  -6.0 7.6 0.5 7.1

Mistral-Large-3 220 250 +3.0 227 218 -0.9 26.7 158  -109 0.0 0.0 0.0
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F.2 Distribution-shift analysis

For the templates that produced a small noise-substitution A in the previous subsection, we confirm
that they are nevertheless solvable by further empirical analysis, for example by inspecting how
the sensor data distribution shifts when a fault is present. Figure [fillustrates this by comparing
multiple healthy KUKA episodes (blue) against multiple faulty episodes with an arm-disturbance
fault (orange) drawn from FactoryWave (Figure [5] shows the physical setup of the fault for visual
intuition), and reveals a clear distributional shift between the two groups on the channels the affected
templates read from. The shift is more pronounced on some joints than on others, as the angle at
which the disturbance is applied loads them unequally.

Figure 5: The arm-disturbance fault as physically applied to the KUKA in FactoryWave.

G Details of the FactoryWave dataset

FactoryWave was collected on two one-armed platforms: the Universal Robots UR3 (cobot; OnRobot
Screwdriver and two-finger gripper variants) and the KUKA KR10 (industrial arm). Each episode
corresponds to one complete task cycle; episodes are recorded under three conditions (normal, fault,
and counterfactual), described below. Because state interpretation rather than policy quality is the
object of study, motion is generated by a deterministic scripted controller. Every sample carries
extensive labeling metadata, and the full native-rate sensor stream is logged without online feature
selection. Tablelgl gives the breakdown of the 8,983 episodes across robots, tasks, and conditions.

Table 8: Distribution of FactoryWave episodes by robot, task, and condition. Counterfactual entries
count CF groups (one baseline plus one retained fault run per group), as each one represents data of
one studied scenario.

Robot Task Normal Fault CF groups Total
UR3 Pick-and-Place 1053 3238 109 4400
UR3 Screwing 230 850 40 1120
UR3 Peg-in-Hole 322 1200 100 1622
KUKA KR10  Pick-and-Place 578 1221 42 1841
Total 2183 6509 291 8983

G.1 Tasks and phase structure
Three industrial tasks are represented in the dataset: Pick-and-Place, Screwing, and Peg-in-Hole.

All three are executed on both robots, using matched scripted controllers and task layouts so that
cross-embodiment comparisons hold the task fixed. We structure each task as a deterministic sequence
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Figure 6: Sensor data distribution across multiple healthy KUKA episodes (blue) versus multiple
faulty episodes with an arm-disturbance fault (orange) in FactoryWave. The visible shift between
the two groups confirms that templates with small noise-substitution A are still solvable from the
released signal; the magnitude of the shift varies across joints because the disturbance angle loads

them unequally.
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of phases (Tables 0] [I0] [TT); the phase index is written as a discrete label at every timestep, providing
an interpretable segmentation that downstream models can condition on or that can be used to localize
questions to a specific stage of the cycle. Within this fixed phase skeleton, we randomize as much
of the episode as the task permits so that a question template that targets a given phase does not
accidentally learn a fixed pose, timing, or trajectory. Pick and place locations are sampled uniformly
from predefined workspace regions; phase-specific joint velocities, accelerations, and end-effector
(EEF) rotations are drawn from bounded per-phase ranges; and approach angles to contact events
are perturbed within the tolerances of the controller. This forces the Q&A pairs generated from
FactoryWave to reflect phase-level reasoning rather than memorisation of a single scripted trajectory,
which in turn makes them generalizable to a wide variety of trajectories and variation found in real
recordings.

Table 9: Task phases for Pick-and-Place. EEF refers to End-Effector

Phase index  Phase name Description

0 above_pick EEF moves to a waypoint directly above the object
1 descend EEF lowers toward the object

2 settle Brief hold to let physics settle before grasping

3 close Gripper closes around the object

4 lift EEF lifts the grasped object off the surface

5 move_xy Lateral transfer toward the bin

6 lower EEF lowers into the bin

7 open Gripper opens, object released

8 retract EEF moves away from the bin

9 return EEF returns to home configuration

Table 10: Task phases for Screwing.

Phase index Phase name  Description

0 approach EEF moves to a pre-contact waypoint above the fastener
1 descend EEF lowers to engage the fastener
2 screw Continuous downward force + wrist rotation to thread
3 disengage  Gripper opens / tool lifts off
4 retract EEF returns to a safe height
5 descend EEF lowers to engage the fastener (loosening pass)
6 loosen Loosen the screw
7 engage Gripper closes on the retrieved screw
8 retract EEF returns to home position
Table 11: Task phases for Peg-in-Hole.
Phase index  Phase name Description
0 above_hole EEF moves above the hole and aligns
1 insert EEF pushes peg downward into the hole
2 disengage Gripper opens
3 above_hole EEF rises back to the waypoint above the hole
4 retract EEF returns to home position
5 above_object EEF moves above the object and aligns with it
6 engage Gripper closes
7 above_object  EEF rises back to the waypoint above the object
8 retract EEF returns to home position

G.2 Episode metadata

Alongside the sensor stream, every episode carries a fixed set of metadata fields describing the robot,
task, condition, payload, and end-effector configuration (Table @ These fields are constant within
an episode and are used both as filters during question generation (e.g. to restrict a template to a
specific payload regime) and as provenance in the released Q&A pairs. This includes fault-specific
fields (such as injection timestamp or physical offset).
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Table 12: Default per-episode metadata fields.

Field

Description

episode_id

robot_model

task

condition

fault_id

weight_of_box

shape_of _box
position_of_box
gripper_model
payload_mass_configured
payload_cog_configured
tcp_offset_configured
tcp_orientation_configured

Unique identifier for the episode

Robot model (UR3, KUKA KR10)

Task (pick-and-place, screwing, peg-in-hole)

Episode condition (normal, fault, counterfactual)

Fault index for fault episodes; null otherwise

Mass of the transported object in kg (pick-and-place only)
Shape/dimensions of the transported object (pick-and-place only)
Initial XYZ position of the object on the table, where measurable
Gripper model and type (vacuum, two-finger, screwdriver)
Payload mass configured at the controller (kg)

Payload CoG offset configured at the controller (X, y, z in mm)
TCP position offset configured at the controller (X, y, z in mm)
TCP orientation configured at the controller (rx, ry, rz in radians)

G.3 Fault taxonomy

FactoryWave includes 27 distinct fault types (Table[I3)). Each fault is paired with a plain-language
description of the underlying physical or control-level mechanism and the injection procedure used to
induce it during data collection. The last three columns indicate which tasks include the fault in the

collected dataset; faults that apply to all three tasks (e.g. collisions with a shared workspace object,

misconfigurations of the shared controller) are recorded under each applicable task with task-specific

signal imprints.

Table 13: Fault catalogue. Columns PP, Scr, PiH indicate whether the fault is included in the
Pick-and-Place, Screwing, and Peg-in-Hole recordings.

Fault Explanation Injection PP Scr PiH
Damaged screw  Screw thread physically dam- Pre-damaged the screw thread  x v X
thread aged, preventing proper en- with sandpaper.
gagement during tightening.
Missing screw Tightening is attempted with Removed the screw from screw- X v X
no screw present. driver before the cycle.
Damaged plate thread The threaded hole in the plate  Pre-damaged the plate hole with ~ x v X
is damaged, preventing en- a metal screwdriver.
gagement.
Loosening phase A counterclockwise loosening  Reversed the rotation direction  x v X
rotation replaces tightening; a  in the controller program to ex-
normal phase with a distinct ecute a counterclockwise loosen-
signal. It is counted here ing pass in place of tightening.
as an anomaly to match the
fault schema of the AURSAD
dataset [[1]].
Gripper activation fail- The vacuum gripper fails to ac- Disabled the gripper activation Vv X X
ure tivate and never picks up the command in the robot program
box. so the pick cycle completes with-
out a grasp.
Gripper release during  The gripper releases the pay- Triggered a  programmatic v/ X X
motion load mid-trajectory, causing gripper-release command at a
an abrupt payload loss. scripted timestep mid-trajectory.
Additional axis pay- A dead weight attached to one  Bolted calibrated weights of vary- vV X

load

link increases inertia and grav-
ity loading on all joints.

ing mass to one robot link.
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Table|l3|(cont.)

Fault Explanation Injection PP Scr PiH
Collision with foam Contact with a soft foam Placed afoam cube directlyinthe vV v
object block produces a brief TCP programmed TCP trajectory.
force spike without a protec-
tive stop.
Unexpected payload The transported box has a Swapped the nominal box for X X
weight weight that deviates from the a known heavier or lighter one.
nominal payload configura- This is done in a counterfactual
tion. context, ie. switching weights
and asking about alternate weight
scenario.
Invalid gripping posi- Timing error: the gripper Inserted a brief delay in the con- v/ X X
tion closes after the arm has begun  troller program so gripper closure
lifting, gripping the object off- lags the lift motion.
center.
Unstable mounting Base instability introduces Placed 8 layers of towels under v X X
platform low-frequency vibrations into  the base plate.
the arm.
Joint position limit vi- A joint moves outside its con- Random waypoint slightly be- v X X
olation figured soft or hard position yond the configured soft joint
limits, triggering a safety stop.  limit.
TCP frame misconfig- TCP frame or mounting ori- Entered an incorrect TCP offset vV v
uration entation misconfigured at the or mounting angle in the con-
controller; gravity torques de- troller installation settings.
viate.
Payload weight mis- Payload mass misconfigured Left the configured payload v V X
configuration while a tool or workpiece is weight at multiple wrong mass
physically attached. configurations while a task-
dependent gripper remained
mounted.
External arm distur- A continuous external force Anchored an elastic rope between 'V v
bance pulls or pushes the TCP dur- the bench frame and the tool
ing motion. flange.
Mild payload CoG Payload CoG specified at an Entered a CoG offset in the pay- vV v
misconfiguration incorrect offset from the tool load configuration that differs
flange; gravity compensation from the physical tool CoG.
is wrong.
Collision with hang- A loose cable drags along a Suspended a loose cable across vV v
ing cable robot link or the tool flange the trajectory at arm height.
during motion.
Collision with card- A cardboard carton in the tra- Placed a free-standing or vV v
board object jectory provides moderate re- braced cardboard box in the
sistance; may trigger a protec- programmed trajectory.
tive stop.
Collision with rigid A rigid plastic block in the Clamped a rigid plastic blockin v v v
object TCP path triggers an immedi- the programmed TCP path. Un-
ate protective stop. like the other collisions, this fault
consistently causes safety stops.
Peg insertion misalign- Peg approaches the hole at an  Added a recorded lateral offset at ~ x X v

ment

angular or lateral offset and
jams against the rim.
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Table|l3|(cont.)

Fault Explanation Injection PP Scr PiH
Hole obstruction Foreign object or debris in the Placed a small object (metal X X v
hole prevents full insertion. screw) inside the hole before in-
sertion.
Incorrect  insertion Insertion terminates at an in- Shifted the insertion endpoint  x X v
depth correct Z depth due to a mis- waypoint Z by recorded offset
configured waypoint. from nominal.
Peg surface contami- Contamination or roughness Applied dry chalk powder to the  x X v
nation on the peg raises insertion fric- peg surface.
tion and produces stick-slip.
Fixture displacement  Insertion fixture shifted later- Physically shifted the hole fixture — x X v
ally, breaking the match be- by recorded offset without updat-
tween programmed approach ing the robot program.
and actual hole.
Self-collision Arm configuration causes a Random waypoint that forces X X
link to contact the robot body a self-colliding configuration or
or mounting fixture, triggering  offset the mounting fixture into
a protective stop. the trajectory.
Missing box Box absent from the pick po- Removed the box from the X X
sition; the gripper closes on pick position before the episode
empty air. started.
Missing peg Arm descends into the hole Removed the peg from the grip- x X v

empty-handed; insertion pro-

per before the episode started.

duces no contact force.

G.4 Counterfactual episodes

Counterfactual pairs are constructed for the subset of faults in Table[I3]whose injection moment can be
controlled at a specific timestep rather than being present throughout the episode. For each such fault,
the initial conditions of the physical setup (object identity and pose, payload configuration, controller
settings) are held as constant as the platform allows, one baseline execution is recorded without any
injection, and several fault executions are then recorded under the same initial conditions with the
fault applied at a shared sampled timestep. Because the physical system is not perfectly reproducible,
the pre-injection sensor trajectories of the baseline and the fault candidates diverge slightly; we retain,
as the counterfactual partner of the baseline, the fault candidate whose pre-injection window is closest
to the baseline under the signature kernel MMD, and discard the others. This yields an approximate
counterfactual pair in which the early history is as matched as the real platform permits, while the
post-injection divergence isolates the effect of the intervention. The approximation error introduced
by this procedure, relative to the exact counterfactuals available in simulation, motivates the sim2real
analysis in Section[J]

G.5 Signal schema

The UR3 is recorded at 125 Hz, yielding 136 per-sample signals grouped by semantic role (Table [T4):
controller setpoints, actual effort / feedback readings from joints and the TCP, context / health signals
covering joint temperatures, voltages, and internal controller state, a small block of controller status /
mode indicators, and digital/analog /O lines. A handful of episode-level provenance fields (episode
identifier, robot type, task, fault label, payload mass, recording date) are appended per episode but
are constant within an episode.

The KUKA KR10 is controlled through the KRC4 controller. We stream 53 per-sample signals
at 83 Hz, grouped by semantic role in Table |15| using the same partition as the UR3 schema. A
handful of signals that the UR3 exposes natively are unavailable on KSS 8.3, specifically joint
velocities, commanded TCP pose, joint voltage, and joint-level control outputs; TCP force/torque
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Table 14: UR3 signal groups recorded at 125 Hz (excluding episode-level provenance columns).

Group #signals  Contents

Setpoint (intent) 42  Target joint position, velocity, acceleration, current, torque;
target TCP pose and speed.

Effort / feedback 48  Actual joint position, velocity, current, current-as-torque,
joint control output; actual TCP pose, speed, and
force/torque.

Context / health 33 Joint temperatures, joint voltages, joint modes, tool ac-
celerometer, raw F/T wrench, main/robot voltage and current,
momentum, speed scaling, execution time.

Status / mode 7  Timestamp, robot mode, robot status, safety mode, safety
status bits, runtime state, configured payload mass.

I/O 6  Digital inputs/outputs, two analog inputs, two analog out-
puts.

Total 136

is also absent because no force sensor is fitted. To recover tool-side feedback, we mount a 9-DoF
inertial measurement unit on the gripper and log its triaxial linear acceleration (acc_x/y/z), angular
rate (gyro_x/y/z), and orientation (angle_x/y/z) at the controller’s 83 Hz cadence.

Table 15: KUKA KRI10 signal groups recorded at 83 Hz via RSI/KRL (excluding episode-level
provenance columns).

Group #signals  Contents

Setpoint (intent) 6 Commanded joint positions (degrees).

Effort / feedback 24 Actual joint positions (degrees), actual TCP pose (mm /
degrees), per-axis motor current (% of max), and per-axis
motor torque (Nm).

Context / health 11 Per-axis motor temperature (Kelvin), Cartesian acceleration
on X, Y, Z and absolute magnitude (m/s2), and speed over-
ride (%).

Tool IMU 9 Gripper-mounted 9-DoF IMU: triaxial linear acceleration

acc_x/y/z (m/s®), angular rate gyro_x/y/z (rad/s), and
orientation angle_x/y/z (degrees).

Status / mode 1 Controller process state (FREE / ACTIVE / STOP / END).
1/0 2 Digital inputs bitmask and digital outputs bitmask.
Total 53

H Time-series foundation model baseline (Chronos-Bolt)

To check whether the LLM panel is the right comparison set on a benchmark whose motivation
references time-series models, we evaluate CHRONOS-BOLT [17] (~200 M parameters), a pretrained
probabilistic time-series forecaster, as a non-LLM baseline in the same zero-shot setting (no fine-
tuning, prompting, or context-window engineering on either side).

Template applicability. A pure forecaster has neither a language interface nor a notion of options,
ranking, or counterfactual conditioning. Of the 21 active question templates in FactoryBench, only
three reduce to a well-posed forecasting problem: L1.7 (scalar forecast), L2.4 (scalar forecast under
a known anomaly), and L2.5 (six-joint tensor forecast under a known anomaly). The remaining
18 templates (MCQ classification, ranking, counterfactual conditioning, free-form root-cause and
protocol writing) are structurally outside the scope of any TSFM that lacks a language head. This
14 % template coverage is itself a finding: any TSFM, regardless of size or pretraining quality, can
address only the forecasting slice of FactoryBench, and the other 86 % of the benchmark measures
capabilities that no current TSFM provides.
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Setup. For each forecasting item we form a univariate context per target channel, request the
median quantile at the requested horizon, and score under the same chance-corrected piecewise-
margin rule used in the main paper (Appendix [Af E = 1/4). For the tensor template (L2.5) we
run six independent per-joint forecasts and average the per-channel scores. Chronos-Bolt has no
multivariate or text-conditioned mode, so cross-channel correlations and the anomaly named in the
question are unavailable to it.

Results. On the three forecasting templates of the test split (Table [I6] n = 469), Chronos-Bolt
achieves chance-corrected accuracy of 51.5%, 46.9%, and 49.7% on L1.7, L.2.4, and L2.5 respectively.
As a reference point, the strongest LLM in the panel reaches 46.8% on the L1 level aggregate and
47.1% on the L2 aggregate (Section ; a strict per-template re-score of the LLM panel is left to
follow-up work.

Table 16: CHRONOS-BOLT zero-shot performance on the three forecasting templates of FactoryBench
(test split, n = 469). Confidence intervals are 95 % percentile intervals from 1000 bootstrap resamples.
Chance-corrected (CC) scores apply max(0, (s — 1/4)/(1 — 1/4)).

Template n  Rawmean Raw95% ClI  CC mean CC95% CI
L1.7 (state, scalar) 334 0.636 [0.588, 0.681] 0.515 [0.451, 0.575]
L2.4 (intervention, scalar) 74 0.601 [0.493,0.710] 0.469 [0.324, 0.614]

L2.5 (intervention, tensor[6]) 61 0.623 [0.537, 0.708] 0.497 [0.383, 0.611]

Score distribution and signal coverage. Per-item scores are strongly bimodal: items tend to land
at 1.0 or 0.0, with a smaller mass at the half-credit band, characteristic of a margin-thresholded scorer.
Aggregating items by target-signal family shows roughly uniform capability across the four families
(positions, speeds, torques/efforts, contact forces) within bootstrap noise, indicating the baseline does
not selectively succeed on smooth signals and fail on noisy ones. Score declines monotonically with
forecast horizon, as expected for a probabilistic forecaster.

Fairness of comparison. The comparison is apples-to-apples on item identity, scoring rule, chance
correction, and zero-shot setting. It is not apples-to-apples on (i) input representation: LLMs see
acronymized text-encoded values, alongside the question, robot description, and option set, while
Chronos-Bolt sees raw univariate float arrays only; and (ii) question awareness: on L2.4 and L2.5
the LLM is told which anomaly is present, while Chronos-Bolt cannot use that information. A
multivariate or text-conditioned TSFM (e.g. Moirai-MoE, Time-MoE) might exploit these signals;
we do not, to keep the baseline architecturally minimal. We therefore report Chronos-Bolt numbers
as template-specific rather than as level aggregates.

Interpretation. Two messages emerge. First, on the templates where forecasting is the right
tool, a 200 M-parameter pretrained forecaster is competitive with frontier LLMs, consistent
with the main paper’s observation that LLMs struggle with precise numerical state extraction at L1.
The LLM panel is not the only, nor the most viable model class on the forecasting slice. This opens
the door to tool-assisted LLM agents that delegate forecasting subtasks to a specialised TSFM and
reserve the LLM for the linguistic, classification, and decision-making templates where it has the
structural advantage. Second, the remaining 18 of 21 FactoryBench templates (classification,
ranking, counterfactual reasoning, free-form troubleshooting and optimization) are structurally
outside any current TSFM’s scope. Together these reinforce the paper’s central claim: the gap
between current models and operational machine understanding is not closed by solely scaling LLMs
or deploying purpose-built forecasters.

I Example question-answer pairs and question templates

Table[T7) presents seventeen representative Q&A pairs spanning every causal level and every answer
format the generator produces (single-select MCQ, multi-select MCQ, tensor, ranking, free-form).
For readability we omit the underlying sensor context (tens to hundreds of time-series rows), truncate
verbose boilerplate such as “Answer only with . ..”, and abbreviate long option strings.
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Table 17: Representative Q& A pairs from FactoryBench spanning all four causal levels and every
answer format.

Level

Answer format

Prompt, options, and reference answer

L1

Tensor

Q: The robot is performing a screwing task. We want to isolate the screwing phase
in the robot’s time series. Assuming a fixed window length of 10 timesteps, at
which timestamp should the window begin?

A: 14 (accepted within +3)

L1

Single-select
MCQ

Q: What changed between the two instances of robotic time series data?
Options:
a. different anomalous states (exactly one anomalous, or both but distinct)
b. different tasks
c¢. different robots
d. same task, different phases
A:a

L1

Single-select
MCQ

Q: What robot does this sensor data originate from?
Options:

a. Agile Robots Yu 5 Industrial

b. KUKA KR 10 R1100-2

¢. Universal Robots UR3
A:c

L1

Tensor

Q: Given the sensor stream below, what is the expected value of the position of
joint 2 at T+6 ms?
A:102.7777

L2

Tensor

Q: The sensor stream below is from a robot exhibiting a collision with a cardboard
object. What is the expected value of the velocity of joint 3 at T+68 ms?
A:-0.272044 (accepted within +2.42)

L2

Tensor

Q: The sensor stream below is from a robot exhibiting a collision with a cardboard
object. What are the expected values of joint positions at T+506 ms?
A: [17.884, -115.897, 121.049, -95.595, -90.258, 293.860]

L2

Tensor

Q: Knowing that the robot suffers from a hole obstruction, we want to isolate the
“rise back above the object” phase. Assuming a fixed window length of 16
timesteps, at which timestamp should the window begin?

A: 202 (accepted within £3)

L2

Single-select
MCQ

Q: Given the sensor data, determine what anomaly is present.
Options:
a. sustained command/measurement deviation
b. no anomaly
¢. measured joint speeds drop abruptly with a TCP force spike (typical
collision signature)
d. isolated unrealistic force-sensor spike inconsistent with motion
A:c

L3

Ranking

Q: Given the baseline stream and the counterfactual scenario where a collision
foam object occurs at timestep 7366 ms, rank the four labeled signal segments in
the order they would appear as the event manifests.

A: abdc

L3

Multi-select
MCQ

Q: Given the counterfactual scenario where a collision hanging cable occurs at
timestep 8363 ms, select all statements that would apply.
Options:
a. motor current rises > 33% while speed stays < 10% of baseline (stall-
like)
b. contact-force spike > 36% above baseline
¢. tracking-error rise > 34% above pre-event mean
d. at least one joint speed drops sharply (> 31%)
A: FFFT

continued on next page
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Tuhlecominued from previous page

Level

Answer format

Prompt, options, and reference answer

L3

Tensor

Q: In the counterfactual scenario where a collision foam object occurs at timestep
7659 ms, what would be the expected value of the position of joint 2 at T+100 ms?
A:72.144939 (accepted within £2.77)

L4

Free form

Q: Given the sensor stream below, does the machine show signs of anomalous
behavior? If yes, identify the most likely root cause and describe the steps you
would take to fix it.

A: No anomalous behavior detected; the machine is operating normally; no
remediation is required.

L4

Free form

Q: Given the sensor stream below, does the machine show signs of anomalous
behavior? If yes, identify the most likely root cause and describe the steps you
would take to fix it.
A:
a. Inspect the workspace and remove any soft obstructions from the
programmed trajectory.
b. If a protective stop occurred, acknowledge it in the robot controller and
verify arm posture before resuming.
¢. Reduce speed if repeated false-positive collision detections occur.

L4

Free form

Q: Given the sensor stream below, does the machine show signs of anomalous
behavior? If yes, identify the most likely root cause and describe the steps you
would take to fix it.
A:
a. Stop the robot and update the payload configuration to include the
additional axis weight.
b. Set the correct CoG offset for the modified arm in the installation
settings.
¢. Reduce motion accelerations and speeds to account for increased effec-
tive inertia.
d. Run a slow-speed test cycle to verify dynamic loads stay within rated
limits before resuming.

L4

Free form

Q: An engineer wants to increase the effectiveness and accuracy of this machine.
Based on the sensor stream below, what operational changes or parameter
adjustments could help achieve this?

A: The payload mass is set to 0.0 kg but the actual payload weighs 1.5 kg. Update
the payload mass in the installation settings to 1.5 kg.

L4

Free form

Q: An engineer wants to increase the effectiveness and accuracy of this machine.
Based on the sensor stream below, what operational changes or parameter
adjustments could help achieve this?

A: The TCP offset is misconfigured at [0, 0.3, 55] instead of the correct [0, 0, 55].
Update the TCP position offset in the installation settings to [0, 0, 55].

L4

Free form

Q: An engineer wants to increase the effectiveness and accuracy of this machine.
Based on the sensor stream below, what operational changes or parameter
adjustments could help achieve this?

A: The payload center of gravity is set to [25, 0, 20] but the correct value is [0, O,
20]. Update the CoG offset in the installation settings to [0, 0, 20].

J Simulation setup and sim-to-real gap analysis

We run sim2real rollouts in Isaac Sim using the built-in UR3 asset, with phase-consistent waypoint
replay of the recorded target_joint_x* signals. The simulated task is UR3 pick-and-place, follow-
ing the 10-phase structure of Table[J] Payload settings are matched episode-wise to the FactoryWave
chronology.

Each real episode is exported, converted to a per-episode simulation config, and replayed in Isaac.
Simulated outputs preserve the FactoryWave field schema (joint_x*, tcp_*, task_phase, etc.)
and are paired with their real counterpart by episode ID. Gap metrics are computed phase-wise on
aligned trajectories: joint RMSE (deg), TCP position RMSE (mm), TCP rotation error (mrad), and
Wasserstein-1 on joint_current_x (A).
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Across 1,155 paired episodes, pooled per-episode metrics are: joint RMSE mean/median =
3.65,/2.83 deg, TCP position RMSE = 13.16/13.26 mm, and W1 effort mean = 0.83/0.81 A. TCP
rotation error remains broad (median 2605 mrad), indicating orientation mismatch is the least stable
component. Translational kinematics and effort-proxy alignment are substantially more consistent
than rotational alignment.

K Causal schema (SCE): full details

This appendix gives the long-form definition of the Setpoint—Context—Effort + Feedback (SCE)
schema used to organize every time-series channel in FactoryBench, together with the residual-based
fault definition that the schema enables. The motivation is summarized in Section[3.2} here we cover
the per-group channel breakdown, the residual formalism, and the per-robot calibration that makes
faults computable rather than imputed.

The schema groups every recorded channel into one of three causal roles. Setpoint captures the
controller’s commanded target: per-axis position, velocity, and acceleration setpoints emitted by the
trajectory generator. Context captures physical and configured conditions affecting behavior, split
into static context (episode-level metadata such as payload mass, payload center of gravity, TCP
offset, gripper model, and box / peg geometry) and dynamic context (per-sample channels such as
joint temperatures, supply voltages, controller mode, and safety mode). Effort + Feedback captures
the machine’s measured response: motor currents and torques (effort), measured joint positions and
TCP pose (feedback), tool accelerometer, and acoustic emission where available. The exact per-robot
channel mapping appears in the signal-group tables in this appendix (UR3 and KUKA KR10).

This split enables a single operational definition of a fault that applies across machines and tasks.
Under healthy operation, the measured Effort + Feedback response y; is by definition a function of
the Setpoint command S and the Context C;:

Yyt = f(SaCt)v

where f represents the nominal plant dynamics (inverse-dynamics-plus-controller transfer) calibrated
per robot. Faults manifest as structured residuals from this expected baseline: y; — f(S, C;) forms
a clear, fault-specific spatiotemporal pattern. Because every episode supplies the paired (S, Cy, y:)
streams, this residual is computable directly from the data, giving ground truth that does not have to
be hand-imputed. Figure[7]summarises the causal relationships between the three groups.

e )

S
Setpoint

(V
Context Effort+Feedback
(target commands) (environment) (response)

Healthy: £ = f(S,C) | Fault: E # f(S,C)

Fault < empirical deviation in Effort given Setpoint and Context

\ J

Figure 7: Physical causal schema. Setpoint commands S and contextual variables C' jointly determine
the measured Effort + Feedback response E under healthy operation. Faults manifest as residuals
E — f(S,C) from this nominal mapping.

L License and availability

FactoryBench and FactoryWave are released under the MIT License and are freely available for
academic and commercial use. Both the episode data and the benchmark artefacts (question templates,
paraphrase banks, LLM-as-judge prompts, generator source code, and the full Q&A dataset) are
distributed via the public Hugging Face repository FactoryBench/FactoryBench. To guard against
test-set contamination in future model releases, we hold back a private 15% subset of the Q&A pairs
at the episode level (so all questions grounded in any held-out episode stay private across all four
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levels) and keep its raw episode data, gold answers, and rubric annotations off the public release;
this private slice is used internally for contamination checks and may also be used to score future
evaluees on request. The remaining 85% is fully public, with a train/validation/test split included in
the release so that evaluees can reproduce the exact partition used in this paper.

We provide a versioned release track (e.g., v1.0, v1.1) so that reported numbers always refer to
a fixed benchmark state; corrections to labels or templates are published as minor-version updates
with a public changelog, and the exact version used in any evaluation is stamped into every result

file. Bug reports and label-correction requests are tracked on a public repository (link provided upon
acceptance).
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