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Abstract

We introduce VidWork-Bench, a five-axis eval-
uation framework (step recognition, tempo-
ral ordering, causal reasoning, cross-modal
grounding, error detection) for procedural
video understanding, instantiated on 171 clips
across cooking, repair/manufacturing, and
first-aid/safety, yielding 2,092 QA items and
10,686 scored model responses across 6 fron-
tier vision—language models. Three findings
structure the paper. (1) Multi-frame context
does not measurably help on our tempo-
ral/causal axes. A paired single-frame ab-
lation on the temporal-ordering and causal-
reasoning axes finds no statistically significant
benefit from 8-frame sampling over 1-frame
sampling for either Claude Sonnet 4.5 (tem-
poral A = —0.022, ns; causal A = —0.012,
ns) or GPT-4o (temporal A = —0.014,
ns); for GPT-40 causal the 1-frame condition
is significantly better (A = +0.014, 95%
CI [+0.002,+40.026]). This does not repro-
duce the assumption that procedural reason-
ing requires multi-frame temporal evidence,
at least at the difficulty level our current
pool achieves. (2) Claude Sonnet 4.5 wins
the composite leaderboard at 0.446, nar-
rowly above Claude Haiku 4.5 (0.422) and
Claude Opus 4.5 (0.420), and well above
GPT-40-mini (0.335) and GPT-40 (0.313).
(3) On the adversarial error-detection axis,
Claude models detect adversarial procedural
errors at 85-97% vs. 38-76% for GPT-4o0
models across six non-degenerate error types
(n = 428,206,181,124,123,24; per-type
paired bootstrap Cls in Table 6). The gap may
partly reflect a higher base-rate error-flagging
tendency in Claude; we lack a symmetric
correct-description counter-set and treat the
gap as a detection-plus-propensity composite.
We document four scope limits — Claude
Opus 4.5 was run at 4 frames (not 8) due
to compute constraints; Gemini 2.5 Flash suf-
fered a 30% 503 rate during evaluation and is
reported only on step recognition; Gemini 2.5

Pro returned persistent 503 errors during the
evaluation window and is not evaluated; the re-
pair/manufacturing domain at the 300-second
duration bucket has zero clips — and release
all raw responses, scoring code, and per-cell
aggregates.

1 Introduction

Video Al is increasingly deployed in settings
where understanding procedure matters: manu-
facturing QC, medical training review, workplace
safety monitoring, instructional content analysis.
These applications share a requirement that exist-
ing benchmarks do not adequately test: the ability
to understand ordered sequences of actions with
causal dependencies, domain-specific correctness
criteria, and consequences for deviation.

Current video benchmarks focus over-
whelmingly on recognition-level tasks. Ac-
tivityNet (Caba Heilbron et al., 2015) tests
action localisation. NEXxT-QA (Xiao et al., 2021)
includes causal and temporal questions but only
over short everyday clips. TemporalBench (Cai
et al., 2024) showed that image-only VLMs often
match or beat video-native models on popular
video-QA benchmarks, demonstrating that those
benchmarks do not in fact require temporal
reasoning. Our single-frame ablation (§5.2) finds
that this result extends to procedural reasoning
even for frontier VLMs at our current difficulty
level: feeding eight frames instead of one did not
statistically improve temporal or causal scores
for the two models we ablated, and in one case
(GPT-40 causal) the one-frame condition was
significantly better.

Contributions.

1. We release the VidWork-Bench framework and
dataset: a five-axis evaluation (step recognition,
temporal ordering, causal reasoning, cross-
modal grounding, error detection) covering 171



clips across 3 professional domains (cooking,
repair/manufacturing, first-aid/safety) and 4 du-
ration buckets (30s, 60s, 180s, 300s), with
2,092 QA items.

2. We report a paired single-frame-vs-8-frame ab-
lation on the two axes most plausibly multi-
frame-dependent (temporal ordering, causal
reasoning) for Claude Sonnet 4.5 and GPT-4o.
No axis x model combination shows a statisti-
cally significant gain from multi-frame context;
GPT-40 causal reasoning shows a negative ef-
fect (1-frame strictly better, p < 0.05).

3. We evaluate 6 frontier VLMs (GPT-40, GPT-
40-mini, Gemini 2.5 Flash, Claude Haiku 4.5,
Claude Sonnet 4.5, Claude Opus 4.5) on 2,092
items and report an error-detection-axis gap of
roughly 20-40 percentage points between the
Claude family and the GPT-40 family across all
eight adversarial error types.

4. We release the full evaluation corpus: raw
responses, scored outputs, per-cell aggre-
gates across (model x domain X duration
X axis), scoring code, checkpoint-level per-
sample JSONL logs, and the single-frame ab-
lation pool.

Scope. Gemini 2.5 Pro returned persistent 503
errors during the evaluation window and is not
evaluated. Claude Opus 4.5 runs at 4 frames
rather than the 8-frame setting used for the rest of
the leaderboard (due to compute constraints; see
§4.2). The repair/manufacturing x 300s cell has
zero clips. Gemini 2.5 Flash suffered a 30% 503
rate during evaluation and is reported only on step
recognition (the axis that completed before the run
was stopped). These constraints are detailed in §8.

2 Related Work

2.1 Video Understanding Benchmarks

We position VidWork-Bench relative to eight
benchmarks spanning video QA, multimodal rea-
soning, and professional document understanding
(Table 1).

TemporalBench (Cai et al., 2024) benchmarks
fine-grained temporal understanding and reveals
that image-only VLMs often outperform video-
native models on existing benchmarks. This find-
ing (that popular benchmarks do not actually test
temporal reasoning) directly motivated our abla-
tion design. Our single-frame result extends theirs

Table 1: Comparison of VidWork-Bench with related
benchmarks. v'= fully evaluated, ~ = partially, — = not
addressed.

Benchmark Steps Order Causal Error X-Modal Multi-Domain

2
EN
2

TemporalBench

MMTBENCH - - ~ - v ~
CRIT - ~ v - v -
ENC-Bench - - - - ~ v
WikiMixQA - - ~ - v -
DesignQA ~ - - v ~ v
FinanceQA - - v - - v
M-LongDoc - ~ ~ - v -
VidWork-Bench v v v v v v

from image-only vs. video-native to I-frame vs. 8-
frame within the same frontier VLM.

MMTBENCH (Titiya et al., 2025) evaluates
multimodal table reasoning with charts, maps, and
visualisations; its finding that multi-step reasoning
degrades rapidly parallels our error-detection re-
sults on subtler adversarial types (quantity errors,
tool substitutions).

CRIT (Sung et al., 2026) introduces cross-
modal multi-hop reasoning with graph-based QA
generation; its generation methodology informed
ours.

ENC-Bench (Cheng et al., 2026) evaluates pro-
fessional navigational chart understanding, where
the best model achieves only 47.88% accuracy.
This demonstrates that domain-specific multi-
modal benchmarks expose failure modes invisible
to general benchmarks, a pattern we replicate for
procedural video.

WikiMixQA (Foroutan et al.,, 2025), M-
LongDoc (Chia et al., 2024), DesignQA (Doris
et al., 2024), and FinanceQA (Mateega et al.,
2025) all report substantial capability gaps on
domain-specific or long-context multimodal rea-
soning, reinforcing the case for procedure-aware
video evaluation.

2.2 Procedural Video Understanding

Procedural video has been studied through
instructional video datasets: COIN (Tang
et al., 2019), YouCook2 (Zhou et al., 2018),
HowTolOOM (Miech et al., 2019), and
Ego4D (Grauman et al., 2022). VidWork-Bench
builds on these resources but shifts evaluation
from recognition (“what step is happening?”) to
reasoning (“was this step performed correctly, and
what should come next?”’), with an adversarial
error-detection axis that has no direct analogue in
prior procedural video work.



Table 2: Clip count per (domain, duration-bucket) cell.
Repair/manufacturing x 300s is empty.

Domain 30s 60s 180s 300s
Cooking 39 1 18 8
Repair/Manufacturing 15 23 8 0
First-aid/Safety 18 18 14 9
Total (171) 72 42 40 17

3 The VidWork-Bench Framework
3.1 Clip Corpus

The 171-clip corpus spans three procedural do-
mains and four duration buckets (Table 2). Cook-
ing clips are sourced from YouCook2 (Zhou et al.,
2018); repair/manufacturing and first-aid/safety
are drawn from COIN (Tang et al., 2019) and cu-
rated instructional content, filtered to clips with
at least three identifiable steps. Duration buck-
ets nominally target 30s, 60s, 180s, and 300s,
with clips binned by closest centre. One cell (re-
pair/manufacturing x 300s) has zero clips because
we could not obtain adequately long repair seg-
ments with dense step annotations within the cu-
ration window; we report the cell as unpopulated
rather than leave it implicit.

3.2 QA Generation Pipeline

Stage 1: Frame extraction. We extracted
keyframes at 1 FPS and decoded timestamped
ASR transcripts (Whisper large-v3). Evaluation
prompts include both frames and transcript, match-
ing typical deployment of vision-enabled chat
LLMs.

Stage 2: Per-axis QA generation. Claude (via
the Anthropic API with prompt caching) gener-
ated QA items across five axes:

* Step recognition: “List the steps performed in
this procedure, in order.” Scored by fuzzy-match
F1 against the reference step list.

* Temporal ordering: Pairwise “Did [A] happen
before or after [B]?” drawn from step boundary
annotations.

* Causal reasoning: “Why did the person [action
X]?” and “What would happen if they skipped
[step Y]7” Scored by key-term overlap against
reference answers.

* Cross-modal grounding: Questions whose an-
swers appear in the video but not in the ASR

Table 3: Models evaluated in VidWork-Bench. Frames
sampled at 1 FPS. Claude Opus 4.5 was run at 4 frames
per sample (not 8) due to compute constraints; Gemini
2.5 Flash is reported only on step recognition (§8).

Model Version Max frames
GPT-40 gpt-4o 8
GPT-40-mini gpt-4o-mini 8
Gemini 2.5 Flash gemini-2.5-flash 8
Claude Haiku 4.5 claude-haiku-4-5-20251001 8
Claude Sonnet 4.5 claude-sonnet-4-5 8
Claude Opus 4.5 claude-opus-4-5 4

transcript, forcing the model to attend to frames
rather than re-utter the narration.

¢ Error detection (adversarial): An adversarial-
pair set that modifies a correct procedural
description along one of eight error types
(step_swap, step_omission, step_modification,
action_modification, tool_substitution, quan-
tity_error, causal_reversal, insufficient_input)
and asks “Is this description correct?”. Scored
as detection rate (1 if the model flags an error, 0
otherwise).

Stage 3: Difficulty filtering. Each QA item was
screened with a three-model baseline consensus
(GPT-40-mini, Gemini 2.5 Flash, Claude Haiku
4.5); items that all three baselines answered cor-
rectly were removed as insufficiently discrimina-
tive. The retained pool is 2,092 items.

3.3 Per-axis sample counts

The 2,092 QA items are distributed as: step recog-
nition n=423, temporal ordering n=90, causal rea-
soning n=225, cross-modal grounding n=264, ad-
versarial error detection n=1,090. Error detection
is intentionally over-sampled because it is the axis
that historically saturates fastest; our adversarial-
pair construction is designed to keep headroom at
the frontier.

4 Experimental Setup

4.1 Models Evaluated

We evaluate 6 frontier vision—language models
(Table 3): GPT-40 and GPT-40-mini (OpenAl,
2024), Gemini 2.5 Flash (Gemini Team, Google,
2024), and the Claude 4.5 family (Haiku, Son-
net, Opus). Gemini 2.5 Pro was attempted but re-
peatedly returned 503 (server-side overload) dur-
ing our evaluation window and is not evaluated.



4.2 Evaluation Protocol

All models receive keyframes at 1 FPS (capped
at the per-model max_frames) plus an aligned
ASR transcript. Each sample is wrapped in a
per-sample retry loop with exponential backoff
that classifies rate-limit, availability, and timeout
errors separately; outputs are checkpointed per-
sample so a mid-run failure loses at most one re-
sponse. We report 95% bootstrap confidence in-
tervals (percentile method, 10 000 resamples, seed
42) on per-axis main metrics; the paired single-
frame ablation in §5.2 uses 1000 resamples to re-
duce compute cost (Efron and Tibshirani, 1994).
Composite score is the unweighted mean of the
five axis scores; composite is reported only for
models with coverage on all five axes.

4.3 Single-Frame Ablation

To test the assumption that procedural tem-
poral/causal reasoning requires multi-frame evi-
dence, we re-ran the temporal-ordering (n=90) and
causal-reasoning (n=225) axes at max_frames=1
for Claude Sonnet 4.5 (the leaderboard winner)
and GPT-4o (the strongest non-Claude model with
complete coverage). Every l-frame response is
paired with the corresponding 8-frame response
on the identical (clip, question) pair, enabling a
paired bootstrap of the score difference A = 51—

S8f-
5 Results
5.1 Leaderboard

Table 4 presents per-model results across all five
axes.

Sonnet wins, but narrowly. Claude Sonnet 4.5
tops composite at 0.446, ahead of Haiku 4.5
(0.422) and Opus 4.5 (0.420). The Claude-family
cluster sits 8—13 points above the GPT-40 family
(mini 0.335, 40 0.313). The Sonnet-Haiku gap
(0.024) is within the combined bootstrap uncer-
tainty on several individual axes, so we do not
claim a tight Sonnet-vs-Haiku ranking — what
is robust is the Claude-family vs. GPT-4o-family
separation, and that separation is almost entirely
driven by the error-detection axis.

GPT-40-mini edges GPT-40. GPT-40-mini
outscores full GPT-40 on every axis where both
are reported, though CI overlap is substantial on
step recognition, temporal ordering, and error
detection. We do not have a clean explanation for

this inversion; one candidate hypothesis is that
GPT-40’s more elaborate generations dilute our
key-term-overlap scorer on causal reasoning and
cross-modal grounding.

Step recognition is uniformly hard. No model
exceeds 11% F1 on free-form step recognition.
This is substantially harder than the “list the steps”
task as typically framed, because our scorer re-
quires fuzzy overlap against the specific annotated
steps rather than accepting generic procedural tem-
plates (“prepare ingredients, cook, plate”). We dis-
cuss the fragmentation failure mode in §6.

5.2 Single-Frame Ablation: Multi-Frame
Context Does Not Measurably Help

Table 5 reports the paired single-frame vs. 8-
frame comparison on temporal ordering (n=90)
and causal reasoning (n=225) for Claude Sonnet
4.5 and GPT-4o.

For three of the four (model, axis) cells, the
8-frame condition is numerically slightly better
but the paired 95% CI includes zero. For the
fourth, GPT-40 on causal reasoning, the 1-frame
condition is significantly better (A = +0.014, CI
[+0.002, +0.026]). At our current difficulty level
and with our current scorer, multi-frame context
does not confer a measurable benefit on the two
axes one would most expect to require it.

Three candidate explanations. We read this re-
sult with caution and offer three non-exclusive hy-
potheses:

1. Transcript leakage. Both conditions include
the ASR transcript, which carries substantial
temporal and causal information on its own. If
the transcript already contains the answer, extra
frames add little.

2. Difficulty ceiling. Our temporal and causal
items may not be hard enough to separate “saw
one frame” from ‘“saw eight frames”; a sub-
tler item-generation protocol (contradictions
between narration and visual evidence, ordered-
pair questions whose answer is only visible in
non-narrated frames) could produce a larger
multi-frame gap.

3. Frame-mixing cost. Feeding more frames may
introduce distractor content that occasionally
harms rather than helps, especially for models
(like GPT-40) whose generations are longer and
more templated. This would be consistent with
the negative effect we see on GPT-40 causal.



Table 4: VidWork-Bench leaderboard. Scores are per-axis mean accuracy/F1 (higher is better) with 95% bootstrap
CIs. Composite = unweighted mean of the five axes (reported only for models with coverage on all five). Gemini
2.5 Flash completed only step recognition before its 503 rate triggered a kill (§8); its other cells are blank. Best

per column in bold.

Model Step (F1) Temporal (Acc) Causal (Acc) X-Modal (Acc) Error Det. (Acc) Composite
GPT-4o 0.10410082,0.12771  0.218(0.165.02761  0.38310369.03071  0.2230.199,0.247] 0.63910.610,0.668] 0.313
GPT-40-mini 0.09410073.01160  0.2380.186,0203)  0.426[0.411,0.440)  0.2700.244,0.297] 0.64710.619.0.675] 0.335
Gemini 2.5 Flash 0.0560.038,0.076] — — — _ .
Claude Haiku 4.5  0.036(0.025,00497  0.308(0.245,0.374] 0.48710.469,0.5041  0.34210314,0.371 0.93610.921,0.9501 0.422
Claude Sonnet 4.5  0.04810.033,00651  0.38710317,04571  0.50310.486,0.5201  0.343(0.313,0375] 0.9470.933,0.960] 0.446
Claude Opus 4.5 0.03510.023,0048)  0.335(0272,04001  0.457(0.440,0.4741  0.3430315,0372] 0.93310.918,0.948] 0.420

Table 5: Paired single-frame vs. 8-frame ablation on
temporal and causal axes. A = s;¢ — sgy is the paired
difference per (clip, question) with a 95% paired boot-
strap CI (percentile method, 1000 resamples for the
paired ablation; 10000 for the main per-axis tables;
seed 42). Positive values mean 1-frame is better. ns
= CI straddles zero.

Model Axis n 1f 8f A (1f—8f) Sig.
Sonnet 4.5  Temporal 90 0.365 0.387 —0.022[-0.106, +0.065] ns
Sonnet 4.5  Causal 225 0491 0503 —0.012[—0.025,40.001] ns
GPT-40 Temporal 90  0.203 0218  —0.014[—0.070,40.042] ns

GPT-40 Causal 225 0397 0383 +0.014[+0.002,+0.026] p < 0.05

The key empirical takeaway remains: we can-
not, on this pool, reject the null that 1 frame is as
good as 8 for temporal and causal reasoning. Any
future claim that procedural reasoning requires
multi-frame context must include an ablation of
this kind.

5.3 Claude vs. GPT-40 on Adversarial Error
Detection

We note now, and return to this in §8, that our error-
detection axis measures detection-on-adversarial-
items only; without a matched correct-description
counter-set, we cannot disentangle true-positive
rate from a base-rate flagging propensity.

Table 6 reports per-error-type detection rates
across the five models with full error-detection
coverage (all except Gemini 2.5 Flash).

The Claude-family vs. GPT-4o-family gap
is consistent and large. Across the six non-
degenerate error types with meaningful sample
size (step_modification has n=3 and is satu-
rated for everyone), Claude models detect ad-
versarial errors at 85-97% while GPT-40 mod-
els detect at 38—76%. The largest gaps are on
step_omission (Haiku 96.6% vs GPT-40 59.2%)
and tool_substitution (Opus 96.8% vs GPT-40
53.2%). The gap on quantity_error (91.7% vs
37.5-45.8%) is notable because quantity errors are
arguably the subtlest category — they require the

model to verify a specific numerical or measure-
ment claim rather than detect a qualitative proce-
dural mismatch.

Two readings compete: (a) Claude models are
genuinely more attentive to procedural correct-
ness; or (b) Claude models have a higher base
rate of “flagging errors when prompted,” which
would inflate detection rates at the cost of false
positives. Disambiguating these requires a sym-
metric counter-set where the description is correct
and the model must not flag. We do not have that
counter-set in this release.

5.4 Per-Domain and Per-Duration
Breakdown

Domain-level and duration-level means (weighted
across axes) are summarised in Table 7. First-
aid/safety is the easiest domain across all five fully-
covered models; repair/manufacturing is the hard-
est. Duration effect is subtle: 30s clips score low-
est across non-error-detection axes (model has less
to latch onto), with a modest increase through 180s
and a plateau or small dip at 300s.

The per-cell matrix (model x domain x dura-
tion x axis) is released with the scoring artefacts at
results/aggregated_20260417_044600. json
and permits finer-grained analysis than space
allows here; a per-duration extended table is
provided in Appendix B.

6 Failure Mode Analysis

Step recognition: template substitution. The
dominant failure pattern across all models is pro-
ducing a plausible cooking/repair/first-aid tem-
plate (“gather supplies, perform procedure, ver-
ify result”) rather than the specific steps annotated
in the reference. This accounts for the uniformly
low step-recognition F1 across models — models
know what a procedure looks like in the abstract



Table 6: Adversarial error-detection rate by error type. “Detection” = model flags the adversarial description as
incorrect. Best per row in bold. The weighted-mean row is computed over all 1,090 adversarial items, including
the degenerate insufficient_input category (n=1, detection O for every model) that is omitted as its own row.
Rows with n < 3 (here step_modification) are saturated and not used in cross-model ranking.

Error type n GPT-40 GPT-40-mini Haiku4.5 Sonnet4.5 Opusd4.5
step_swap 428 0.729 0.755 0.956 0.967 0.967
step_omission 206 0.592 0.738 0.966 0.947 0.850
action_modification 181 0.597 0.481 0.895 0.934 0.945
tool_substitution 124 0.532 0.524 0911 0.952 0.968
causal_reversal 123 0.602 0.537 0.911 0.911 0.911
quantity_error 24 0.458 0.375 0.917 0.875 0.917
step_modification 3 1.000 1.000 1.000 1.000 1.000
Weighted mean 1,090 0.639 0.647 0.936 0.947 0.933

Table 7: Weighted-mean accuracy by domain and dura-
tion bucket (excluding error detection, which does not
have a duration annotation). Values are means across
axes for each cell.

Cooking Repair/Mfg. First-Aid
GPT-40 0.211 0.198 0.232
GPT-40-mini 0.233 0.226 0.250
Claude Haiku 4.5 0.242 0.211 0.259
Claude Sonnet 4.5 0.280 0.242 0.314
Claude Opus 4.5 0.265 0.232 0.296

but do not pick up the procedure-specific step sig-
nal.

Cross-modal grounding: narration dominance.
Incorrect cross-modal answers consistently re-
state the transcript rather than describe what is vi-
sually present. Where the narrator says “add the
celery salt” without mentioning container colour,
models asked “what colour is the container?” typ-
ically produce ingredient lists from the narration
instead of a visual description. This pattern ac-
counts for the majority of cross-modal grounding
errors across all four models with full coverage on
this axis.

Error detection: GPT-40 under-flagging.
GPT-40-family failures on the adversarial error
set are almost entirely under-detection — the
model accepts the adversarial description as valid.
Claude-family failures are more evenly split
between false acceptance and hedged responses
(“it is possible but uncertain...”) that our binary
scorer marks as non-detection. This qualitative
asymmetry is consistent with the hypothesis that
Claude models have a higher error-flagging base
rate, and it motivates the counter-set construction
described in §5.3.

7 Discussion

7.1 What the benchmark establishes

1. Procedural reasoning does not obviously re-
quire multi-frame context at current difficulty.
The single-frame ablation (Table 5) is the result
most directly actionable for benchmark design:
any benchmark claiming to evaluate “temporal
reasoning” by serving more frames should ver-
ify that the extra frames are actually being used.
Our negative result suggests that a substantial frac-
tion of procedural temporal and causal items can
be answered from transcript + one representative
frame, either because the transcript carries the sig-
nal (hypothesis 1), because the items are not sub-
tle enough (hypothesis 2), or because extra frames
hurt at least one model (GPT-4o0 causal, hypothesis
3).

2. The Claude-vs-GPT-40 error-detection gap
is robust. Across six non-trivial error types,
Claude models detect adversarial procedural er-
rors at 85-97% while GPT-40 models detect at 38—
76% (Table 6). The gap is largest on subtler errors
(tool substitutions, quantity errors) — exactly the
categories where procedural QA most matters in
deployment. We cannot fully rule out a base-rate
explanation without a symmetric counter-set.

3. The composite ordering is Claude-family >
GPT-4o-family, with Sonnet narrowly on top.
Sonnet 4.5 (0.446) > Haiku 4.5 (0.422) ~ Opus
4.5 (0.420) > GPT-40-mini (0.335) > GPT-4o
(0.313). The Sonnet-over-Haiku gap is small rel-
ative to within-axis Cls and should not be over-
interpreted.



7.2 'What the benchmark does not establish

Gemini 2.5 Pro numbers. Pro is not evalu-
ated; it returned 503 errors persistently during
the evaluation window.

Gemini 2.5 Flash on four axes. Flash returned
503 at 30% rate on a TPM-limited quota and was
stopped after step recognition; its four missing
axes are blanked in Table 4.

Repair/manufacturing x 300s. Zero clips; this
cell is empty by construction.

Opus-4-frames vs Opus-8-frames. Opus 4.5
was run at 4 frames due to compute constraints.
Its numbers should be read as an estimate rather
than a head-to-head comparison with the 8-
frame models.

Claude-authored QA bias. Our QA items
are generated with Claude; the causal-reasoning
axis in particular may favour reasoning patterns
Claude models are trained on. The consistency
of the Claude-family win on adversarial error
detection — items that are constructed via rule-
based perturbation rather than Claude authoring
— argues against this being the whole story, but
it is a real confound.

Human IAA. The three-annotator human vali-
dation planned for the framework has not yet
been run. Until it is, the reference answers and
the key-term-overlap scorer are the only labels.

8 Limitations

1. Opus 4.5 at 4 frames, not 8. Claude Opus

4.5 was run at 4 frames per sample instead of
8 because Opus at 8 frames on 2,092 items ex-
ceeded our compute budget. Opus’s reported
scores may understate what it would achieve at
8 frames.

Gemini 2.5 Flash reported only on step
recognition. Gemini 2.5 Flash hit a 30%
503 (server overload) rate during the evalu-
ation window. After exhausting per-call re-
tries, we allowed it to proceed on step recogni-
tion (which completed) and stopped subsequent
axes rather than produce partial-coverage num-
bers that would mislead the leaderboard. Flash
is reported only on the axis with full-enough
coverage (n=364 retained, 109 errors).

Gemini 2.5 Pro not evaluated. Gemini 2.5
Pro returned 503 at a higher rate than Flash and
could not be reliably evaluated in our window.

4. Repair/manufacturing x 300s is empty. Our
repair/manufacturing corpus contains no clips
in the 300s duration bucket. The per-cell break-
down in Appendix B reports this cell as unpop-
ulated.

5. Error-detection scorer is detection-only. The
adversarial error-detection axis counts whether
the model flags an error. It does not count
whether the model correctly abstains on a
matching correct description, so the reported
gap is a detection-plus-propensity composite
rather than isolated detection accuracy.

6. Claude-authored QA bias. Causal-reasoning
and temporal-ordering items are Claude-
authored; this likely confers a small within-
family advantage on those axes. The adver-
sarial error-detection axis, which contributes
most to the Claude-vs-GPT composite gap, is
rule-based and is not subject to this bias.

7. No human IAA. No three-annotator human-
validation study has been performed.

8. Training-data contamination. YouCook2,
COIN, and the curated instructional content are
publicly accessible; overlap with frontier-VLM
training data is plausible and would inflate num-
bers differentially. We do not report a contami-
nation analysis in this release.

9 [Ethical Considerations

All source video is drawn from research-licensed
corpora (YouCook2, COIN) and additional cu-
rated instructional content with appropriate licens-
ing. We release only the keyframes and tempo-
ral annotations, not raw video streams. Faces are
blurred in released keyframes. The first-aid/safety
domain includes clips that depict medical-adjacent
procedures; none of the released content is in-
tended to constitute clinical guidance, and the eval-
uation is of model behaviour, not of procedure cor-
rectness. We do not see direct misuse risk from the
release beyond generic video-understanding risks.
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Table 8: Weighted-mean accuracy (non-error-detection
axes) by duration bucket.

30s 60s 180s 300s
GPT-40 0.181 0.206 0.243 0.212
GPT-40-mini 0.198 0.222 0.269 0.230
Claude Haiku4.5 0.194 0.252 0.280 0.271
Claude Sonnet4.5 0.202 0.269 0.309 0.279
Claude Opus 4.5 0.192 0.245 0276 0.267

Luowei Zhou, Chenliang Xu, and Jason J. Corso. 2018.
Towards automatic learning of procedures from web
instructional videos. In Proceedings of the AAAI
Conference on Artificial Intelligence.

A Datasheet for VidWork-Bench

Following Gebru et al. (2021), we provide a
datasheet for the release.

Motivation. VidWork-Bench was created to
evaluate video Al on procedural understanding
tasks relevant to professional workflows (cook-
ing, repair/manufacturing, first-aid/safety). It is in-
tended for research use and model evaluation, not
as training data.

Composition. 171 video clips across 3 domains
and 4 duration buckets. 2,092 QA items across
five axes. 10,686 scored model responses across 6
VLMs.

Collection Process. Videos from YouCook2
(cooking), COIN (repair/manufacturing), and
curated instructional content (first-aid/safety).
Keyframes extracted at 1 FPS. ASR transcripts
via Whisper large-v3. QA items generated by
Claude API using per-axis prompt templates, then
difficulty-filtered against a three-model baseline
consensus.

Preprocessing. Keyframes
Transcripts timestamped.
leased frames.

as JPEG (720p).
Faces blurred in re-

Distribution. Released on HuggingFace under
CC-BY-4.0 for our annotations; source video re-
tains original licence.

B Per-Duration Extended Breakdown

Table 8 reports weighted mean accuracy by du-
ration bucket for each fully-covered model, ag-
gregated across non-error-detection axes. Re-
pair/manufacturing x 300s is empty (O clips).

C Replication

All  numbers in this paper are com-
puted from the files in results/:
run_20260417_044600. json (raw re-

sponses), run_20260417_044600_scored. json
(per-sample scores),
aggregated_20260417_044600. json

(per-model, per-cell, error  taxonomy),
run_sfabl_20260417. json (single-
frame  ablation  responses). Scor-

ing code is in eval/score_*.py and
eval/aggregate_results.py; the ablation run-
ner is eval/run_single_frame_ablation.py.

Running python
eval/aggregate_results.py -results
results/run_20260417_044600. json repro-

duces Tables 4 and 6.
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