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Abstract

Anticipating risky events before accidents un-
fold is essential for safety-critical Al systems
and increasingly relevant in video-centric so-
cial media. However, existing video risk as-
sessment benchmarks largely evaluate post-hoc
understanding, assuming access to complete
videos that include the incident itself. We in-
troduce RiskCueBench, a benchmark spanning
four risk domains that evaluates whether vision-
language models (VLMs) can anticipate emerg-
ing safety concerns from incomplete visual
cues. Each video is annotated with a risk signal
clip, defined as the earliest segment contain-
ing sufficient cues for humans to infer elevated
risk prior to incident onset. To assess not only
prediction accuracy but also reasoning qual-
ity, we adopt a Question-Reasoning-Answer
(QRA) framework that evaluates grounded rea-
soning, temporal sensitivity, and self-correction
behavior. Experiments across 16 state-of-the-
art VLMs reveal a substantial gap between cur-
rent systems (best F1 0.69) and human perfor-
mance (F1 0.98), with particularly pronounced
failures on socially embedded risks such as
protests and arson. These results show persis-
tent limitations in anticipatory video reasoning
and establish RiskCueBench as a testbed for
safety-oriented video understanding.

1 Introduction

Advanced vision-language models (VLMs) have
surfaced with remarkable abilities to comprehend
complex spatial relationships, temporal sequences,
and visual narratives. However, the specific needs
of safety-critical applications, particularly situa-
tional risk assessment and prediction, still differ
significantly from those of general video under-
standing benchmarks. As shown in Figure 1, most
existing benchmarks emphasize post hoc under-
standing, where models analyze or describe events
after they have fully unfolded, such as answering
questions or generating captions given complete

Driver Turns Left S<|
Predict whether a risk event is going to occur ...

Figure 1: Many existing benchmarks ask about events
that occur during the video. Our RiskCueBench focuses
on predicting future risky events (details in §3).

visual context (Caba Heilbron et al., 2015; Zhou
et al., 2025; Hong et al., 2025a).

Predictive reasoning requires models to antici-
pate future events from ambiguous early signals.
While current VLMs perform well on descriptive
tasks, their capacity for such anticipatory reason-
ing remains largely unexplored. Recent bench-
marks targeting next event prediction typically
frame evaluation as multiple choice question an-
swering, where models select from predefined out-
comes rather than reason freely about future risks
(Wu et al., 2024; Wang et al., 2025; Xun et al.,
2025; Cheng et al., 2025), which lack the open-
ended nature of real-world risk. Other work focuses
narrowly on traffic accidents via synthetic data or
non-reasoning metrics (Kung et al., 2024; Fatima
et al., 2021; Bao et al., 2020; Hussain et al., 2024),
leaving broader risk types such as crowd dynamics,
malicious intent in arson, sudden kinematic haz-
ards in traffic, and complex navigational failures
in cruise collisions, largely unaddressed. Cover-
ing these domains is essential to study whether
anticipatory reasoning generalizes across physical
kinematics and social behaviors.

To bridge this gap, we propose RiskCueBench,
a benchmark evaluating whether VLLMs can antic-
ipate emerging safety concerns from early video
signals (Table 1). Using a Question-Reasoning-
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Dataset

Temporal Reasoning Object Grounding Reasoning Metrics

Event Forecasting Risk Events

§4.3.3 §4.3.1 §4.3.2 §4.3.4 §3.3
TimeLogic v v X X X
ReXTime v v X X X
MotionBench v X X X X
MVBench v v X X X
VLM4D v X X X X
RTV-Bench v v X v X
FutureBench v X X v X
RiskBench v v X v v
Ours v v v v v

Table 1: Overview of benchmarks for spatio-temporal reasoning in vision—language models. Unlike prior work,
our analysis centers on risk events, evaluating models’ ability to forecast under uncertainty, while also examining

reasoning traces and object grounding.

Answer (QRA) framework, we explicitly capture
model decision-making. Our analysis reveals sig-
nificant limitations in state-of-the-art VLMs’ pre-
dictive abilities. Our contributions include:

¢ We introduce RiskCueBench, a VLM bench-
mark of 1648 videos across four domains
(protest, car crash, arson, cruise collision), re-
quiring inference of danger from subtle pre-
incident cues.

* We develop a workflow that uses model disagree-
ment and LLM filtering to automatically curate
challenging high-utility video examples (§3).

* We propose three diagnostic metrics: Reason-
ing Grounding Accuracy (RGA), Temporal Rea-
soning Difference (TRD), and Self-Correction
Degradation (SCD), to quantify VLM reasoning
behavior (§4).

* We show that state-of-the-art VLMs substan-
tially underperform on socially-embedded risks
(protests/arson) compared to kinematic ones
(car/cruise), revealing key anticipatory failures.

2 Related Work

Video Language Models and Reasoning Systems
Recent advances in VLM encoding for temporal
reasoning which combines language modeling with
video encoding mechanisms for intricate tempo-
ral reasoning is represented by VideoLLaMA 3
(Zhang et al., 2025), Video LLaVA (Lin et al.,
2023), Qwen-VL (Bai et al., 2025), and Apollo (Zo-
har et al., 2025). With the introduction of reinforce-
ment learning techniques for video comprehension
by MiMo-RL (Team et al., 2025), the resolution of
long-form video analysis problems by LongVILA-
R1 (Chen et al., 2025), and the incorporation of
explicit reasoning mechanisms that mimic human
cognitive processes by GLM-4.1V-Thinking (Hong

et al., 2025b), specialized reasoning systems have
further advanced this field.

Spatio-Temporal Reasoning Recent work has
introduced numerous benchmarks aimed at eval-
uating the spatio temporal reasoning capabilities
of vision language models in video understand-
ing (Table 1). These efforts probe diverse aspects
of temporal and spatial cognition, including tem-
poral logic and event ordering, fine grained mo-
tion understanding, and dynamic scene interpreta-
tion in domains such as egocentric video and au-
tonomous driving. Benchmarks such as TimeLogic
(Swetha et al., 2025) and ReXTime (Chen et al.,
2024) focus on logical and causal reasoning over
event sequences, while MotionBench (Hong et al.,
2025a) and related diagnostic tasks evaluate sensi-
tivity to motion dynamics and temporal direction.
MVBench (Li et al., 2024), VLM4D (Zhou et al.,
2025), and STSBench (Fruhwirth-Reisinger et al.,
2025), assess joint spatial and temporal reasoning
across diverse video scenarios, yet many tasks can
still be solved using static cues or retrospective
access to the full video.

Crucially, existing benchmarks rely on multiple-
choice accuracy, offering limited insight into how
models arrive at predictions, they do not assess the
faithfulness or grounding of model reasoning. In
contrast, our benchmark employs dedicated met-
rics to assess if risk predictions are supported by
temporally coherent and visually grounded expla-
nations. This enables a fine-grained analysis of
spatio-temporal reasoning, exposing limitations ob-
scured by traditional accuracy metrics.

3 Benchmark Construction

We propose a reproducible, domain-agnostic frame-
work for constructing risk-centric video bench-
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Figure 2: Overview of our pipeline to curate risk signal clips from real-world incidents and evaluate VLM reasoning.
Collection: We collect a large candidate set of YouTube videos using domain-relevant keywords. Scoring: The

collected videos are filtered to only retain those with potential risk and high difficulty. Annotation:

Human

annotators label the filtered videos to identify the risk signal clip. Evaluation: Popular VLMs are presented with
only the risk signal clip, and their output reasoning traces are evaluated.

marks, emphasized by temporally grounded signals.
The four-stage process includes: (1) large-scale col-
lection via structured queries (§3.1); (2) multi-stage
filtering for risk relevance (§3.2); (3) fine-grained
human annotation using a temporal protocol (§3.3);
and (4) a set of evaluation metrics for video reason-
ing, as shown in Figure 2. While instantiated across
four diverse domains (protests, traffic incidents, ar-
son, and cruise collisions), the framework remains
easily extensible to other safety-critical scenarios
like natural disasters, ensuring both diverse risk
coverage and detailed temporal depth.

3.1 Data Collection

We first curate diverse risk-relevant text queries for
the YouTube Data API and collect an initial pool
of candidate videos and their metadata.

Query Curation. We curate video footage across
four domains: protests, traffic incidents, arson, and
cruise collisions. To account for differences in how
these incidents are visually documented, we imple-
ment a dual-stream curation strategy. For macro-
events anchored in specific sociopolitical contexts
(e.g., protests), we construct queries using GPT-4V
generated year—location pairs, followed by manual
Google Search verification. For localized micro-
anomalies (arson, cruise collisions), use intersec-
tional queries combining action, actor, and target
terms to filter out abstracted news. We convert each
structured event into a text query using a template
in Appendix A.l1. This process maximizes cov-
erage while reducing bias toward specific regions
or languages, ensuring the dataset reflects diverse
sociopolitical and environmental conditions.

Video Collection. Using these queries, we re-
trieve videos and their metadata (e.g., title, descrip-
tion, upload date) through the YouTube Data APIL.
This ensured replicable sampling of publicly avail-
able video, rather than relying on proprietary or
manually sourced data. Metadata enables traceabil-
ity and allows filtering or stratification by contex-
tual variables such as time and location.

3.2 Dataset Filtering

We apply a sequence of automated filtering steps to
retain videos that depict active risk events and meet
minimum visual quality standards. We use LLMs
as high-throughput filtering assistants to manage
raw data scale. While these models facilitate candi-
date selection, the final dataset is established exclu-
sively on the manual protocol in Section 3.3. By
keeping human-annotated ground truth as the fi-
nal authority, we ensure benchmark metrics remain
free from systematic LLM bias.

Text-based Relevance Filtering. Not all re-
trieved videos are useful for analyzing real-time
risk dynamics; many contain news commentary or
post-event summaries. To identify videos that plau-
sibly contain in-action risk events, we use an LLM
(GPT-40) to evaluate each video’s title and descrip-
tion pair. The model is prompted to assess the like-
lihood that the video depicts an ongoing risk event
rather than commentary, lectures, or summaries:

Prompt: On a scale from 1 to 10, how likely is this
video to contain [risk event] video in action but not
lecture/tutorial/slides, etc.? Answer with a single
integer from 1 (very unlikely) to 10 (very likely).
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Videos scoring below a predefined threshold of 9
out of 10 are filtered out.

Fine-Grained Visual Quality Filtering. Even
among relevant videos, production artifacts such as
subtitles, overlays, or heavy editing can introduce
spurious shortcuts for visual models. To ensure
models perform reasoning on risk-relevant visual
content rather than these shortcuts, we use Gem-
ini 2.5 Flash Lite to evaluate videos along 12 vi-
sual quality dimensions as in Appendix A.2 (i.e.,
logo, location, time/date, reporter presence, SNS
overlay, image quality, temporal continuity, con-
sequence text, title/banner, subtitle, camera per-
spective). Videos that fail to obtain Score 2 in at
least 10 out of the 12 quality criteria are removed,
ensuring that the benchmark prioritizes authentic,
unedited videos and emphasizes visual perception
and reasoning under realistic conditions.

Hard Example Mining. To explicitly include
challenging and ambiguous cases, we perform hard
example mining using a committee of five VLMs
(Gemini 2.5, Qwen-7B, MiMo-RL, MiMo-SFT,
InternVL) across all four domains. Given a stan-
dardized visual-only prompt (Appendix A.4), we
define a hard example as a video if more than three
out of five models disagree with each other. These
high-disagreement cases represent ambiguous or
complex scenarios which challenge both human
and Al perception, strengthening the dataset’s abil-
ity to test model resilience in borderline conditions.

3.3 Annotation

The final dataset is annotated utilizing crowd-
sourced workers via Amazon Mechanical Turk
(MTurk) and trained internal annotators using a
structured protocol designed to capture the tempo-
ral and visual progression of risk (the full protocol,
instruction materials and interface documentation
are included in Appendix A.9).

Annotation Protocol. Each video is annotated
along eight dimensions that jointly consider tempo-
ral boundaries, visual cues, and semantic content
(annotation example see Appendix A.3)

1. Risk Signal Start. Timestamp of the first ob-
servable visual signal indicating potential risk
(or no risk).

2. Risk Signal End. Timestamp when clear risk
(or no-risk) indicators cease.

3. Risk Visual Indicator. Initial visual cues used
to judge risk/no risk.

4. Risk Signal Description. Full narrative descrip-
tion of the signals using temporal markers (first,
then, afterwards).

5. Accident Start Frame. Timestamp of the first
observable moment of incident.

6. Accident End Frame. Timestamp when the
incident or scene fully concludes.

7. Accident Description. One or more sentences
summarizing the incident.

8. Risk Label. Binary assignment of “yes” (clear
risk observed) or “no” (e.g., peaceful protest).

To ensure data quality and objectivity across
the MTurk workforce, we conducted an Inter-
Annotator Agreement validation study. A ran-
domly sampled subset of the videos was indepen-
dently labeled by internal expert annotators and
cross-referenced with the crowdsourced annota-
tions. For categorical risk labels, we achieved
100% agreement. For temporal boundaries, we
observed a Mean Absolute Deviation of less than
4 frames. This process ensures the dataset retains
high-granularity temporal and semantic informa-
tion regarding risk onset, escalation, and resolution.

Instantiation. Using our pipeline, we collect
video data from four risk domains: protests, traffic
incidents, arson, and cruise collisions. We report
statistics in Table 2. Depending on the domain
and data source, certain steps in the pipeline may
be omitted. For example, a 50-video subset of
the arson domain were sourced from existing,
preprocessed datasets (Sultani et al., 2018), we
omitted preliminary steps such as YouTube API
collection and initial visual quality filtering for it.

Video Type Average Signal Length (s)  # Videos
Car Crash (Normal) 3.49 + 0.58 250
Car Crash (High Risk) 1.38 £0.77 252
Protest (Normal) 17.77 £ 14.81 267
Protest (High Risk) 5.99 £ 7.07 217
Arson (Normal) 15.83 £+ 26.24 178
Arson (High Risk) 17.33 £26.29 231
Cruise Collision (Normal) 44.68+29.27 134
Cruise Collision (High Risk) 42.51+34.46 119
Total 1648

Table 2: Risk signal length for RiskCueBench videos.

Risk signal lengths vary by domain, e.g, Cruise
Collision events average 43.6 seconds, reflecting
gradual escalation, while Car Crash signals aver-
age just 2.4 seconds due to their abrupt nature (see
Appendix 7). These statistics define the "decision
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windows" available for VLMs to predict risk. Be-
cause risk and non-risk clips also differ in duration,
we conduct an additional length-matched analysis
to assess whether clip duration drives model perfor-
mance. Results remain highly stable after match-
ing, suggesting that the observed performance lim-
itations are not primarily explained by duration
imbalance (Appendix A.11).

3.4 Evaluation

Risk Prediction (F1). We first evaluate the bi-
nary risk classification of each model using the
standard F1 score.

Reasoning Grounding Accuracy (RGA). To
quantify how well model reasoning is anchored
in relevant visual evidence, we calculate the seman-
tic alignment between model-extracted reasoning
items (O; = {6i1, ..., 04;}) and human-annotated
risk indicators (O; = {0;1,...,0;}) using Sen-
tenceTransformer embeddings (all-MiniLM-L6-
v2). Here, i indexes the video sample, j indexes
predicted decision items, and k indexes ground-
truth visual indicators. For a decision item 0;;, we
compute a relatedness score by its maximum co-
sine similarity against all ground-truth indicators:

Sij = max

ke{l,...,m} Cos(eaij’eOik) ()

where e;,; and e,,, denote the embedding vectors
for decision item 0;; and visual indicator o;j, re-
spectively. Because s;; is continuous, we use a
threshold 7 to determine whether a decision item
is treated as semantically grounded:

gij = L[sij > 7] ()

we select 7 through an F1-maximization sweep us-
ing the association between average semantic simi-
larity scores and binary prediction correctness. We
use this procedure as a practical calibration strategy
for separating higher- and lower-relatedness reason-
ing items. We note that 7 is a task-specific oper-
ating threshold rather than a unique threshold for
semantic grounding, and we report additional ro-
bustness metrics in Appendix A.10. Finally, RGA
is the average proportion of correctly grounded
decision items across all sampled test samples:

]

\V! > — 02 ng x 100%  (3)

v, eV

To assess the reliability of this LLM-assisted
grounding evaluation, we additionally conduct a

human validation on high- and low-RGA sam-
ples. Human judgments show clear separation
between the two groups, supporting RGA as a
meaningful proxy for visual grounding quality (Ap-
pendix A.14).

Temporal Reasoning Difference (TRD). To
measure model sensitivity to temporal ordering,
we augmented each video in 3 different ways and
observed the effect on performance:
* Frames Shuffled: All the frames in the video
are shuffled into random order.
» Half-Swapped: The first half of the video is
swapped with the second half.
* Frames Reversed: The frames of the video
are presented to the model in reverse order.
For each augmentation type a € A =
{“shuffled”, “swapped”, “reversed”}, we compute
the absolute F1 score difference between the origi-
nal video and its augmented counterpart. The TRD
metric is then calculated as the average absolute F1
difference across all augmentation types:

TRD =

’.A’ Z ‘Flonglnal Fl, ‘ (4)

acA

A higher TRD value indicates sensitivity to tempo-
ral ordering, suggesting the model relies on tem-
poral information for risk prediction. Conversely,
a TRD near zero implies performance changes lit-
tle when temporal order is disrupted. Noting that
low TRD does not imply that individual frames
contain no predictive information. To distinguish
temporal-order sensitivity from sparse static-cue
reliance, we additionally evaluate first-frame-only
and last-frame-only baselines (Appendix A.13). On
average, the first-frame condition underperforms
the full-video condition across domains, whereas
last-frame performance is generally comparable to
the full-video condition. This is expected because
the last frame immediately precedes incident onset
and therefore contains more explicit pre-incident
cues. Since shuffling and reversal preserve such
salient frames while disrupting their temporal pro-
gression, low TRD together with the key-frame re-
sults suggests that models rely substantially on the
presence of salient later-stage cues while making
more limited use of the temporal ordering through
which those cues emerge.

Self-Correction Degradation (SCD). To quan-
tify the performance difference associated with
explicit self-correction behavior, we partition the
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dataset into two subsets based on whether the judge-
extracted confusion count is non-zero: V1 = {v; |
¢; > 0} (samples with self-correction markers) and
V™~ = {v; | ¢; = 0} (samples without). We then
compute a weighted F1 gap that accounts for subset
size:

SCD = P(V")-FI(VY) = P(V") -F1(V") (5)

where P(V¥) = % is the proportion of sam-
ples in subset k, and F1(-) denotes the F1 score
over the respective subset. The weighting reflects
differences in subset prevalence when comparing
self-correction patterns across models. Importantly,
SCD is defined by the presence of explicit self-
correction markers rather than reasoning length.
Our additional analysis shows that responses con-
taining such markers tend to have longer reasoning
chains, indicating that reasoning length and ex-
ample difficulty may covary with self-correction
behavior. A negative SCD value indicates lower
weighted F1 performance for the marker-present
subset, with more negative values reflecting a larger
performance gap associated with self-correction
markers.

4 Experiments and Analysis

4.1 Experimental Setup

Videos are sampled at 1 frame per second (fps)
to balance computational efficiency with temporal
coverage. All models use a standardized prompt
template; for reasoning-enhanced models, we omit
explicit instructions as these capabilities are inte-
grated into their existing chat templates.

Baseline Models We evaluate 16 SOTA models.
(1) Standard VLMs perform direct video-to-text
generation; include Video LLaVA, VideoLLaMA
3, InternVL 3.5, Qwen-VL, ChatUniVi, Gemini-
Flash-3, Apollo, and MiMo-SFT.

(2) Reasoning-Enhanced VLMs leverage explicit
reasoning chains or reinforcement learning-based
training to bolster predictive accuracy. These are
represented by Qwen-VL Thinking, MiMo-RL,
LongVILA-R1, and GLM-4.1V-Thinking.

4.2 Overall Performance

Performance varies significantly across domains
(Table.3). Models achieve F1 scores of 0.27-0.71
on Car Crashes, led by Qwen3-VL-8B (0.7151),
followed by InternVL-3.5 (0.6585) and VideoL-
LaMA 3 (0.6047). Protest scenarios show markedly

lower performance (F1: 0.26-0.46), suggesting
models struggle with nuanced social and behavioral
cues compared to structured vehicular patterns.

Different models exhibit distinct failure modes.
Video LLaVA and ChatUniVi show low precision
on protests (high false positives), while MiMo-SFT
demonstrates low recall on car crashes (conserva-
tive detection). Reasoning-enhanced models do
not consistently outperform standard VLMs, sug-
gesting that explicit reasoning mechanisms are not
effectively calibrated for early risk signal detection.

Overall, results reveal a critical performance ceil-
ing, particularly for socially-embedded scenarios.
F1 scores of 45-55% on protest footage indicate
substantial gaps from human-level performance
and fundamental limitations in interpreting early
warning signals and predicting safety outcomes
from partial information.

Takeaway: Model performance varies sharply
by domain. While leading vision—language models
achieve moderate success on car-crash prediction,
they struggle substantially on protest scenarios that
require interpreting social and behavioral cues.

4.3 Reasoning Chain Analysis

To analyze current VLM risk prediction failures,
we study two aspects of model behavior: self-
correction patterns and reasoning grounding, using
Gemini-Pro-3 as a judge. For each video v; € V,
we obtain human ground-truth risk annotations
a; = (d;, O;,1;), where d; is the human-written
risk description, O; = {01, 02, ...,0im} is the
set of annotated risk visual indicators, and I; is the
risk label. The judge model parses each model-
generated reasoning chain 7; to extract: (1) a con-
fusion count c¢;, indicating the presence of self-
correction markers (e.g., “wait...”, “actually...”),
and (2) a structured set of predicted decision items
0; = {6i1, 0i2, . . ., Oin }, representing the objects
and entities the model references when justifying
its individual risk prediction.

4.3.1 Reasoning Grounding

There is a strong association between reasoning
grounding and risk prediction accuracy. In Fig-
ure 3, we compute the average relatedness score
(Eq. 1) averaged over all predicted items by all
the models for each video sample in our bench-
mark, and split the video samples into 8 relatedness
score bins. As the relatedness score (measuring
the alignment between model reasoning and visual
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Model Car Crash Protest Arson Cruise Collision

FI RGA TRD SCD FlI RGA TRD SCD F1I RGA TRD SCD Fl RGA TRD SCD
Non-Reasoning Models
Video-LLaVA 053 482 1.84 - 044 335 187 - 0.55 528 191 - 0.55 493 1.68 -
VideoLLaMA 3 0.59 54.1 1.65 - 046 392 242 - 0.57 532 1.65 - 0.56 52.0 1.61 -
Qwen3-VL-8B 0.64 573 148 - 048 428 223 - 0.62 553 159 - 0.63 577 1.72 -
MiMo-SFT 0.58 514 212 - 047 38.1 1.76 - 0.56 504 205 - 0.59 525 208 -
Apollo-7B 0.57 53.6 1.83 - 045 374 259 - 0.58 556 1.82 - 0.57 529 1.63 -
Reasoning Models
InternVL-3.5 061 642 287 -028 047 478 254 -042 0.60 632 290 -030 059 627 295 -0.26
Qwen3-VL-8B-T 0.66 68.7 221 -029 057 565 208 -036 064 668 221 -031 066 698 239 -029
MiMo-RL 063 613 367 -035 051 499 342 -045 061 603 349 -036 0.64 615 349 -038
Keye-VL 1.5 0.57 638 315 -021 059 523 291 -029 059 529 290 -029 057 575 290 -0.24
GLM 4.1 V-T 058 65.1 339 -026 056 49.1 3.18 -034 058 641 331 -027 056 646 351 -023
Closed-Source Models
Gemini-Flash-3 0.69 - - - 0.67 - - - 0.62 - - - 0.68 - - -
Baselines
Random Guess 0.50 - - - 0.44 - - - 0.53 - - - 0.47 - - -
Human 0.98 - - - 0.97 - - - 0.98 - - - 0.96 - - -

Table 3: Performance statistics of current SOTA models on binary risk prediction across the four domains. F1
denotes positive-class (risk) F1 computed separately within each domain; we do not report an overall or cross-domain
average F1. The corresponding always-risk no-skill F1 baselines and additional TN-sensitive metrics including
Accuracy, Specificity, and MCC are reported in Appendix 10. Random Guess reports a fixed-seed empirical random
baseline; deviations from 0.50 reflect finite-sample variation, class imbalance, and seed noise. Certain metrics
remain blank for Gemini-Flash-3 because its internal reasoning traces are not accessible for evaluation.

features) increases, the proportion of correct pre-
dictions (green bar) rises substantially. Notably,
the dip in the 0.2-0.3 relatedness bin, where ac-
curacy is lowest (15.3%), reveals a distinct failure
mode in which the models generate “hallucination’
reasoning that is not aligned with the true risk indi-
cators in the image. In these cases, the models are
not merely overlooking the risk; rather, they con-
struct justification for their wrong answers based
on irrelevant or misleading visual features.

’

Takeaway: VLM reasoning is poorly grounded
in relevant risk objects. Prediction accuracy
strongly correlates with whether the model explic-
itly references relevant visual risk indicator objects.

4.3.2 Self-Correcting Reasoning Analysis.

Models frequently engage in self-correction during
risk prediction, as reflected by elevated confusion
counts. However, self-correction consistently re-
duces accuracy by 15-26 percentage points across
all experimental conditions as in Figure. 4. Quali-
tative inspection reveals two dominant patterns: (1)
rethinking fails to correct an initially wrong per-
ception, and (2) rethinking overrides an initially
correct judgment with speculative reasoning. This
contrasts with prior work where deliberation im-
proves performance, suggesting that uncertainty in
early risk prediction stems from insufficient visual
evidence rather than inadequate reasoning.

Relatedness Score vs Correctness
o

100 — —
—e— Accuracy (%)
I Incorrect (%)

go| EEE Correct (%)

-}
=)

N
o

Share of Samples (%)

20

0.1-0.2 0.2-0.3 0.3-04 04-05 0.5-0.6 0.6-0.7 0.7-0.8 0.9-1.0

Relatedness Score Bin

Figure 3: Percentages of correct and incorrect risk
predictions across 8 relatedness score bins. Related-
ness score here refers to the average over all predicted
items by all models for each video in our dataset; see
Eq. (1). Correct predictions (green bars) exhibit signif-
icantly higher mean relatedness scores than incorrect
ones (red bars), indicating that accurate risk anticipation
is strongly tied to better visual grounding.

Takeaway: Overthinking degrades performance
in risk prediction. Unlike traditional reasoning
tasks, additional deliberation consistently lowers
accuracy.

4.3.3 Temporal Reasoning Analysis

Table 4 illustrates the performance for each aug-
mentation. Across domains, reversing or shuffling
video frames results in only minor performance
degradation (1-3%). This suggests that VLM pre-
dictions are driven by the presence of salient frames
rather than by temporal progression or causal order-
ing, revealing a lack of robust temporal reasoning.
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To ensure that this finding is not an artifact of sparse
temporal sampling, we conduct an additional full-
frame ablation on the Car Crash subset using 10
fps. As shown in Appendix A.8, increasing the
temporal resolution yields only marginal improve-
ments in F1 and RGA, while TRD and SCD remain
nearly unchanged, further supporting that current
VLMs are limited by deficient temporal reasoning
rather than by limited frame availability.

Takeaway: Current VLMs lack genuine tempo-
ral reasoning. Performance differences between
original, shuffled, and reversed video inputs are
small, indicating that models rely primarily on static
frame content rather than temporal order.

Video Type Car Crash Protest Arson Cruise Collision
Basic 0.67+£02 059+£0.2 0.57+0.1 0.62+0.2
Shuffled 0.68+0.1 0.57+£0.3 0.5940.1 0.61+0.1
Swap Halves  0.654+0.3 0.58+0.3 0.56+0.2 0.59+£0.3
Reversed 0.68+0.3 0.58+0.3 0.5840.3 0.62£0.3

Table 4: Model performance across temporal pertur-
bations. Model performance is nearly identical across
original and modified temporal sequences, suggesting
that VLMs rely more on static frame content than gen-
uine temporal reasoning for risk assessment.

4.3.4 Effect of Risk Signal Length

Aggregating results across the entire test set, we
observed that: as the temporal gap between the risk
signal and incident increases from 1 to 20 seconds,
model accuracy systematically degrades, typically
dropping from 45-50% to 36—44% . This shows
that VLMs struggle to anticipate future risky events
when predictive cues are subtle and temporally re-
mote. Among evaluated models, MiMo-RL main-

Reasoning Length Distribution
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600
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Model Evaluation
Figure 4: Reasoning length distribution across incor-
rect and correct predictions. Incorrect predictions (red)
are associated with significantly longer and more com-
plex reasoning traces compared to correct ones (green),
suggesting that models’ overthinking or circular delib-
eration often leads to performance degradation.

tains stable performance across a temporal gap (1 to
20 sec lead time), indicating improved robustness
to early signals as in Figure 6.

Takeaway: Longer temporal distance weakens
risk prediction. Model accuracy declines as the risk
signal becomes temporally distant from the incident.

4.4 Qualitative Case Study: Error Analysis of
Gemini on Car-Crash Videos

To analyze VLM failures, we conducted a quali-
tative study of 336 incorrect predictions of best-
performing model Gemini across domains. By
manually inspecting reasoning traces, we derived
an error taxonomy from recurring patterns (Fig-
ure 5):

* Perceptual Errors (57.1%): Missing or misinter-
preting critical visual cues, such as aggressive
gestures or unexpected vehicle entries.

* Reasoning Errors (19.3%): Failing to integrate
detected cues, leading to causal misattribution
or incomplete inference.

* Conclusion Errors: Premature decisions, over-
confidence, or internal contradictions.
Perceptual errors were identified in 57.1% of

failures (192/336), while reasoning errors occurred
in 19.3% (65/336). These categories overlap: 9.2%
of failures contained both perceptual and reasoning
errors. Perceptual failures were therefore the most
common identifiable upstream source of incorrect
predictions, often involving missed motion, tra-
jectory, proximity, or behavioral cues. Reasoning
errors instead reflected cases in which the model’s
own visual observations were sufficient to support
an appropriate judgment, but those observations
were converted into an incorrect risk inference. The
complete overlap analysis is reported in Appendix
A.12.

5 Conclusion

We introduce a video benchmark RiskCueBench
designed to evaluate models’ ability to predict real-
life risk events, supported by a high-quality dataset
constructed through model disagreement and LLM-
based filtering. Beyond the benchmark itself, we
develop a framework for identifying challenging
scenarios and define metrics that capture tempo-
ral sensitivity, visual grounding, and reasoning be-
havior. Our evaluation shows that existing VLMs
substantially lag behind human performance, re-
lying on static visual cues for temporal reasoning
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Type 1. Perceptual Error

" Type 2. Reasoning Error // Type 3. Conclusion Error\\\

Case: Car Crash

Case: Car Crash

Case: Car Crash

Video LLaVA: The video shows a traffic
scene with vehicles stopped at a red light.
Model fail to detect the , and
perpendicular

Gemini: There is no erratic driving behavior,
and the drivers are maintaining a safe distance.
Model failed to reason that

Qwen-8b: Answer: No.
Model made

conclusion.

Case: Protest

Case: Protest

InternVL: The police are standing in a
formation facing the crowd, and the crowd is
not showing any signs of aggression or
disturbance.
Model fails to detect

and showing

AN

: ...The presence of police in riot gear
and the close proximity of the protesters
suggest a potential for conflict or escalation...
Model failed to account for the fact that

Case: Protest

Apollo: Answer: No.

Model made conclusion.

Figure 5: Taxonomy of VLM failure modes in situational risk assessment, categorized by perceptual, reasoning,
and conclusion errors. Examples include perceptual errors (Type 1) that miss critical cues like aggressive shoving,
reasoning errors (Type 2) like failing to interpret normal vs. abnormal behaviors, and incorrect answers (Type 3).

F1 Score vs Risk Signal Distance (Protest Dataset)
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Figure 6: Model accuracy vs. Risk signal distance
for Protest data. F1 scores decline as the temporal gap
between the risk cue and the incident increases from 1 to
20 seconds, suggesting that VLMs struggle to maintain
predictive accuracy when cues are temporally far.

and performing similarly under temporal pertur-
bations. Moreover, models struggle to justify pre-
dicted risks through accurate visual grounding, and
unlike in mathematics or coding, elaborate reason-
ing traces frequently degrade performance. We
hope our benchmark, data curation pipeline, and
evaluation code provide a foundation for evaluating
VLMs in situational risk assessment.

Limitations

While our study encompasses four diverse risk
domains (protests, traffic incidents, arson, and
cruise collisions), it does not cover all realistic haz-
ards. RiskCueBench targets physically observable
risks, omitting digital threats like misinformation
or Al-generated content, leaving these for future
study. Additionally, our evaluation pipeline relies
on an LLM-based judge. While scalable and in-

terpretable, it may occasionally hallucinate, intro-
ducing noise into the reported metrics. Finally, our
temporal annotation framework requires precise
manual labeling to pinpoint risk signal boundaries.
Although crowdsourcing platforms like MTurk en-
abled scaling to our current benchmark size, the
intense quality-control demands of frame-level an-
notation limit aggresive expansion. Future work
will explore weakly-supervised or automated ap-
proaches to scale early risk localization further.

Ethical Considerations

This research adheres to the ACL Code of Ethics.
The data collection and annotation process was con-
ducted under the following ethical considerations:

Data Collection and Privacy The video data
used in this benchmark were sourced from pub-
lic platforms (YouTube) following the platform’s
Terms of Service. We have ensured that no private
or personally identifiable information is explicitly
highlighted or utilized beyond the scope of situa-
tional risk assessment.

Annotation Process The annotation involves two
phases: (1) a crowdsourced phase via MTurk (all
participants paid above federal minimum wage),
and (2) a benchmark phase performed by the au-
thors. Research was conducted under an IRB-
approved protocol to ensure ethical standards and
avoid vulnerable populations. Using internal ex-
perts for reasoning traces ensured high quality con-
trol and domain alignment across protests, traffic
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incidents, arson, and cruise collisions. This hybrid
approach balances the scalability needed for bench-
mark expansion with the domain expertise required
for situational risk reasoning.

Potential Misuse While RiskCueBench aims to
improve public safety through early risk anticipa-
tion, we acknowledge that risk prediction models
could potentially be used for unauthorized surveil-
lance. We advocate for the use of this technol-
ogy strictly within the bounds of legal and ethical
safety-critical frameworks.
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A Appendix

A.1 Example List for Query Construction
(Truncated for Readability)

As detailed in Section 3.1, we utilize a dual-stream
curation strategy based on the nature of the domain.
Table 5 details the year-location anchoring used
(e.g., protest). Table 6 details the combined vo-
cabulary matrices used to extract raw footage for
localized micro-anomalies (e.g., arson), explicitly
filtering out abstracted news broadcasts.
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Year Location Specific Cities Domain Synonyms Example Query
Domain: Protests
2000 Palestine Ramallah, Nablus, Hebron, ... 2000 Palestine civil unrest; 2000
Ramallah civil unrest. ..
2003  Global New York City, London, Tokyo, civil unrest, 2003 Global civil unrest; 2003
... protest, New York City march. ..
2011  Egypt Cairo, Alexandria, Suez, ... rally, 2011 Cairo demonstration. . .
2014 Hong Kong Hong Kong sit_-in, 2014 Hong Kong strike. ..
2020  United States ~ Minneapolis, New York City, ... strike, 2020 Minneapolis civil unrest. ..
2024 India New Delhi, Amritsar, Chandi- q march, 2024 New Delhi protest. ..
garh, ... emonstration

Table 5: Example List for Macro-Year-Location Query Construction

Domain  Vocabulary Group

Included Terms & Constraints

Evidence Terms

caught on camera, caught on tape, CCTV , surveillance video, security camera, doorbell
camera, dashcam, footage

Arson Action Terms set on fire, setting fire, pours gasoline, pouring petrol, lights himself on fire, sets ablaze,
torching
Actor Terms suspect, arsonist, man, masked, criminal, blundering, wanted
Target Terms car, truck, vehicle, house, restaurant, store, church, mosque, gas station, strip mall, cop
car, apartments
Example Query (surveillance video) AND (pours gasoline) AND (masked suspect) AND (“gas station”)
Base Terms cruise ship collision, passenger ship collision, ferry collision, maritime collision, vessel
Crui collision, cruise ship hits dock, ship docking accident, bridge strike ship
ruise

Video Terms

Context Terms

raw footage, caught on camera, CCTYV, security footage, witness video, bystander video,
bridge cam, port cam

dock, pier, port, harbor, terminal, canal

Example Query

(cruise ship hits dock) AND (witness video) AND (terminal)

Table 6: Example List for Micro-Anomaly Combination Queries (Arson and Cruise Collisions)
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A.2 Visual Quality and Authenticity Scoring Criteria

No. Dimension Criterion Score 0 Score 1 Score 2

1 Logo Assessment Video should Obvious news lo- Ambiguous lo- No branding
have no news gos, watermarks, gos or possible visible; appears
organization or media brand- reposts with  bystander- or
branding or ing visible unclear branding ~ CCTV-style
features

2 Location Information Video should con-  Explicit location =~ Ambiguous or No location infor-
tain no location references (city, hypothetical loca- mation present
mentioned in text  state, country) tion references
or audio

3 Time/Date Information Video should con-  Explicit time/date ~ Ambiguous or un- No time/date in-
tain no time or references (e.g., realistic temporal formation present
date mentioned in  dates, times- references
text or audio tamps)

4 Reporter Presence Video should in- Clearly identifi- Possibly media- No formal
clude no reporter, able reporter or affiliated speaker speaker; only
anchor, or journal-  journalist present  or unclear role participants  or
ist bystanders

5 SNS Engagement Overlays Video should con-  Likes, shares, Minimal or tran- No overlays or
tain no social me- emojis, or UI sient overlays engagement ele-
dia overlays oren- elements visible ments
gagement icons

6 Natural Image Quality Video should Heavy editing, Some editing ar- Continuous,
show no signs stylized transi- tifacts or unclear shaky, or natural
of professional tions, montage transitions camera  move-
editing effects ment

7 Natural Temporal Continuity Video should Obvious jump Possible continu- One uninter-
be a continuous cuts, stitched ity, but breaks un- rupted shot with
recording scenes, or time clear natural temporal

gaps flow

8 Consequence Text Video should in- Text describing Minor or unclear No consequence
clude no embed- severity (arrests, commentary text  text present
ded text describ- crackdowns,
ing consequences  deaths)

9 Title / Description / Banner Text ~ Video should Mentions  vio- Vague or unclear Only factual
have no in- lence, arrests, or text metadata  (e.g.,
flammatory or protest names place, date)
descriptive ban-
ners

10 Subtitle Text Video should con-  Subtitles clearly Partial or unclear No subtitles visi-
tain no speech present subtitle presence  ble
transcription sub-
titles

11~ Camera Perspective Video should ap- Professional me- Drone or distant Ground-level,
pear from partic- dia vantage point  zoomed footage handheld, im-
ipant, bystander, mersed, or
or CCTV view surveillance view

12 Post-Production Effects Video should Filters, slow mo- Minor or uncer- Completely raw,
have no post- tion, stabilization tain processing unfiltered footage

processing effects

effects visible

Table 7: Visual Quality and Authenticity Scoring Criteria
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A.3 Examples of Risk and Non-Risk Annotations Across Domains

Label Protest (Risk) Protest (No-Risk) Arson (Risk) Arson (No-Risk)

Risk Signal Start 00:03:00 00:04:00 00:01:15 00:02:00

Risk Signal End 00:12:58 00:08:55 00:08:12 00:05:00

Risk Visual Indicator Throwing gestures, Singing, dancing, Plastic bottle, dousing  Birthday cake, can-
aggressive body pos- sign-holding, and liquid from the bottle, dles on cake, parent
tures, raised batons, stationary police lighter. monitoring.
riot shields. lines.

Risk Signal Description

First police vehicles
appear and protestors
intend to throw ob-
jects; then officers
raise baton toward
protesters.

Protesters hold signs
still, some sing and
dance while police ob-
serve from a distance
without engagement.

First a man in black
hoodie enter the room
carrying a big plastic
bottle, then he douse
liquid all over the
room from the bottle,
afterward he takes out
a lighter from pocket.

First a girl shows up
sitting in front of a
birthday cake, next
her parents hold her
hand to light up the
candle on the cake
with a burning match.

Accident Start Frame 00:12:59 / 00:08:13 /
Accident End Frame 00:15:00 / 00:12:00 /
Accident Description A smoke device is de- / House interior ignites  /

ployed into the crowd, rapidly.

causing protesters to

disperse.
Risk Label Yes No Yes No

Table 8: Annotation Examples: Protests & Arson
Label Car Crash (Risk) Car Crash (No- Cruise (Risk) Cruise (No-Risk)
Risk)

Risk Signal Start 00:05:12 00:39:38 00:02:45 00:10:00
Risk Signal End 00:10:11 00:44:00 00:07:30 00:15:00
Risk Visual Indicator Crossing vehicle,red Lane mark, steady Large cruise ship Slow controlled ap-

Risk Signal Description

Accident Start Frame
Accident End Frame
Accident Description

Risk Label

light, arrow on the
ground  indicating
traffic flow.

First a car enters the
intersection against
traffic flow; then
ego continues when
traffic light is red.

00:10:12

00:13:00

Following a collision,
the vehicle spins and
stops near the road-
side.

Yes

speed, stop sign

Vehicles slow appro-
priately at stop sign
and proceed steadily
according to traffic
signals within lane
mark correctly.

No

moving fast toward
the dock, loud warn-
ing horn sounding
continuously, people
on the dock starting
to run away in panic,
ship appears too large
to stop in time.

First, the cruise ship
approaches the dock
at a high speed with
its horn blaring. Then,
it becomes clear it
cannot stop as peo-
ple on the pier be-
gin to scatter. After-
wards, the ship main-
tains its trajectory di-
rectly toward the sta-
tionary river boat and
dock.

00:07:31

00:11:00

The cruise ship col-
lided with a smaller
river boat and scraped
along the dock, caus-
ing significant dam-
age and panic among
bystanders.

Yes

proach to port, steady
movement, maintain-
ing course toward the
docking area, no vi-
sual signs of impact
or distress.

First, the cruise ship
approached the pier
slowly. Then, it main-
tained a steady path
for docking. Af-
terwards, it success-
fully reached the des-
ignated area without
any issues.

Table 9: Annotation Examples: Car Crash & Cruise Collisions
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A.4 Prompt Used for Quality Filtering of 12 Selection Criteria.

Selection Criteria

You are a video analysis expert tasked with evaluating YouTube videos based on 12 specific criteria. Analyze the provided video and assign scores
for each category based on the detailed scoring rubric below.

SCORING SYSTEM

For each category, assign exactly one score:

Score 0 = Fails to meet criterion

Score 1 = Partially meets or unclear

Score 2 = Fully meets criterion

EVALUATION CRITERIA

1. Logo Assessment

Criterion: Video should have no news organization branding or features
Score 0: Obvious news marks, logos, or clear media branding visible

Score 1: Ambiguous news marks/logos or possible reposts with unclear branding
Score 2: No branding visible, appears to be bystander-style or CCTV-style capture
2. Location Information

Criterion: Video should have no location mentioned in text or audio

Score 0: Obvious location references in text or audio (city, state, country)
Score 1: Ambiguous location references (hypothetical/unrealistic places)
Score 2: No location information present in text or audio

3. Time/Date Information

Criterion: Video should have no time/date mentioned in text or audio

Score 0: Obvious time/date references (e.g., "May 25th, 2025", "13:00pm")
Score 1: Ambiguous temporal references (e.g., "a thousand years ago/later")
Score 2: No time/date information present in text or audio

4. Reporter Presence

Criterion: Video should have no reporter, anchor, or journalist present

Score 0: Reporter, journalist, or anchor clearly present and identifiable

Score 1: Possibly media-affiliated speaker or unclear professional presence
Score 2: No formal speaker present, only participants/bystanders

5. SNS Engagement Overlays

Criterion: Video should have no social media overlays or engagement icons
Score 0: Social media overlays/pop-ups clearly visible (likes, shares, emojis)
Score 1: Minimal or transient overlays present

Score 2: No overlays or engagement elements visible

6. Natural Image Quality

Criterion: Video should show no signs of professional editing

Score 0: Highly edited with stylized transitions, cuts, or montage effects
Score 1: Some editing artifacts present or unclear transitions

Score 2: Continuous, shaky, or natural camera movement with no professional editing
7. Natural Temporal Continuity

Criterion: Video should be continuous recording without interruptions

Score 0: Obvious jump cuts, stitched scenes, or time gaps

Score 1: Possibly continuous but breaks/transitions unclear

Score 2: One uninterrupted shot with natural temporal flow

8. Consequence Text

Criterion: Video should have no embedded text about protest consequences
Score 0: Text describing consequences/severity (arrests, crackdowns, deaths)
Score 1: Unclear or minor commentary text present

Score 2: No consequence text; only basic metadata like location/time allowed
9. Title/Description/Banner Text

Criterion: Video should have no inflammatory title/description banners
Score 0: Text mentioning violence, specific protest names, arrests

Score 1: Title/description is unclear or vague

Score 2: Only factual metadata like place/date present

10. Subtitle Text

Criterion: Video should have no speech transcription subtitles

Score 0: Subtitles clearly present showing speech transcriptions

Score 1: Some subtitle presence but hard to distinguish

Score 2: No subtitles visible at all

11. Camera Perspective

Criterion: Video should appear to be from participant, bystander, or CCTV perspective
Score 0: Clearly taken from media zone or professional media position
Score 1: Drone footage or distant zoomed footage

Score 2: Ground-level, hand-held, immersed in crowd, or surveillance camera
12. Post-Production Effects

Criterion: Video should have no post-processing effects applied

Score 0: Clear post-processing (filters, slow motion, stabilization effects)
Score 1: Some smoothing effects or unknown processing present

Score 2: Completely raw, unfiltered footage

OUTPUT FORMAT

Provide your analysis as a JSON array containing exactly 12 objects, one for each category. Each object must include:
category_number: integer (1-12)

category_name: string (exact name from criteria above)

score: integer (0, 1, or 2)

ANALYSIS INSTRUCTIONS

1. Watch the entire video carefully

2. Listen to all audio content

3. Examine all visible text and overlays

4. Assess video quality and editing characteristics

5. Score each category independently

6. If uncertain between two scores, choose the lower score

7. Ensure all 12 categories are evaluated and included in response
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A.5 Prompt Used for Reasoning Chain Evaluation

Reasoning Trace Evaluation Prompt

You are analyzing a reasoning chain from Video-Language Models to evaluate its quality and characteristics. Please analyze the following reasoning
chain and provide the requested metrics.

GROUND TRUTH: {ground_truth}

MODEL PREDICTION: {model_pred}

REASONING CHAIN: {reasoning}

Please analyze this reasoning chain and provide:
1. Confusion Count: Count the number of times the reasoning shows confusion, uncertainty, or self-correction. Look for phrases like:

"wait..."

"no let me think again"

"actually..."

"hold on..."

* "let me reconsider”

¢ "I"'m confused"

"that doesn’t seem right"

Similar expressions of uncertainty or backtracking

2. Decision Items: Extract ALL items, objects, or things that the model specifically mentions from the video as part of its reasoning process for
reaching its conclusion. This includes:

« Physical objects mentioned in the reasoning

« Items that influenced the decision (whether risky or safe)

 Specific things the model identified or considered

¢ Objects that were part of the analysis

* Any concrete items/things mentioned that contributed to the final decision

« Both safe items (for non-risk scenarios) and dangerous items (for risk scenarios)

OUTPUT FORMAT
Provide your analysis in the requested JSON format.
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A.6 Risk Signal Temporal Distribution

In Figure 7, we report the histograms that illus-
trate the distribution of risk signal lengths across
four visual risk domains: car crashes, protests, ar-
son, and cruise collisions.

Protest Dataset. The data shows a significantly
broader distribution of signal lengths. The mean
duration is 12.5s, while the median is 6.0s. This
suggests that risk in protest scenarios often involves
a gradual escalation, with some signals extending
beyond 40 seconds.

Car Crash Dataset. In contrast, the risk signals
for vehicular accidents are highly concentrated and
brief. The mean length is 2.4s and the median is
2.9s, indicating that the critical decision-making
window for safety systems in these scenarios is
VEry narrow.

Arson Dataset. The arson dataset is strongly
right-skewed, with many short signals and a smaller
number of much longer cases. The mean duration
is 16.68s, while the median is 9.00s. This indicates
that arson-related risk is often signaled by relatively
short visual cues, although some incidents involve
extended pre-event activity.

Cruise Collision Dataset. Risk signals for
cruise collisions are substantially more protracted
and variable. The mean signal length is 43.66s and
the median is 14.00s, suggesting that these inci-
dents often involve longer developmental phases
than the other domains. However, the gap between
the mean and median also indicates a long-tailed
distribution driven by a subset of very long signal
windows.
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Figure 7: The histograms illustrate the distribution of risk signal lengths across four visual risk domains: car crashes,
protests, arson, and cruise collisions. A “risk signal” is defined as the observable temporal window before an
incident or outcome during which visible cues of potential danger are present.
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A.7 Representative Failure Cases

We present representative failure cases from Gem-
ini to illustrate how perceptual and reasoning errors
manifest in practice in Table 10. These examples
are selected from the car-crash domain and are in-
tended to highlight common patterns rather than
exhaustively enumerate all error types.
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Perceptual Errors

Case 1: Snow-caused loss of control misper-
ceived as a normal intersection.

Annotation. “First, a black car on the opposing lane
slips on snow, then it drifts out of control.”

Model output. Gemini describes a routine urban
intersection with functioning traffic lights and a yel-
low taxi. Diagnosis. The model fails to indicate the
hazardous road condition of snow and the resulting
loss of traction, instead substituting an unrelated
scene with different objects and traffic structure.
The core visual indicators are entirely absent from
the model’s perception.

Case 2: Wrong-way driving replaced by an
empty parking garage.

Annotation. “First, the car in front drives in the op-
posing direction, then it continues into the driver’s
lane.”

Model output. The model describes an empty un-
derground parking garage with no moving vehicles.
Diagnosis. The active roadway, opposing traffic
flow, and dynamic agents are replaced by a static
and unrelated environment.

Reasoning Errors

Case 3: “No collision yet” interpreted as no risk.
Annotation. “The white car in front brakes sud-
denly while the ego vehicle is still approaching.”
Model output. Gemini concludes that no risk is
present because traffic lights are functioning and
no crash is visible.

Diagnosis. Although the sudden braking event is

acknowledged, the model incorrectly equates the
absence of an observed collision with safety, ignor-
ing the temporal consequence of risk.

Case 4: Normal lane change framed as risky via
hypothetical hazards.

Annotation. “Ego vehicle changes to the right lane
at normal speed.”

Model output. The model predicts risk by invoking
slippery roads or poor weather conditions not ob-
served.

Diagnosis. 'The model introduces speculative
weather hazards instead of reasoning based on
the described driving behavior, applying a generic
safety heuristic without causal grounding of visual
indicators in the video.

Conclusion Errors

Case 5: Collision labeled as no risk.
Annotation. “First, a black car in front signals left
and turns, at the same time it does not yield to the
ego vehicle.”

Model output. Gemini predicts no risk.
Diagnosis. The cars collide after the signal, while
the model assigns a negative risk label.

Case 6: Benign stop at red light labeled as risky.
Annotation. “During the red light, vehicles are
waiting, and vehicles going straight from the right
intersection are moving at normal speed the whole
time.”

Model output. Gemini predicts a risk.

Diagnosis. The model incorrectly flags a compliant
and stationary driving scenario as risky.

Table 10: Case studies for different error types
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A.8 Temporal Resolution Ablation with Full-Frame Sampling

Model Category Model F1 RGA TRD SCD
Video-LLaVA 0.54£0.05 496548 1.86+0.63 -
VideoLLaMA 3 0.60£0.04 554+6.18 1.63+0.58 -
Non-Reasoning Qwen3-VL-8B 0.654+0.04 587+5.09 1.51+£0.52 -
MiMo-SFT 0.59£0.05 528+£7.31 2.09+0.74 -
Apollo-7B 0.58 £0.06 54.9+6.77 1.854+0.61 -
InternVL-3.5 0.62+0.05 65.7+491 2.894+0.68 —0.27+0.05
Qwen3-VL-8B-T 0.67+0.04 70.14+4.19 2244+0.57 —0.31+£0.04
Reasoning MiMo-RL 0.64£0.06 628+6.88 3.71+0.82 —0.33£0.07
Keye-VL 1.5 0.58+0.05 65.2+551 3.17+0.71 —-0.22+£0.04
GLM 4.1 V-T 0.59+£0.04 665+524 3.36+0.76 —0.28£0.05
Baselines Random Guess 0.50 - - -
Human 0.98 £0.01 - - -

Table 11: Follow-up experiment on the Car Crash scenario using all 50 frames. Increasing the frame rate yields only
marginal improvements in F1 and RGA, while TRD and SCD remain largely unchanged.
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A.9 Human Annotation and Evaluation
Protocol

A.9.1 Use of Annotation

RiskCueBench uses human annotations for three
distinct purposes:

1. Binary risk classification: establishing
the ground-truth risk/no-risk labels used for
model evaluation.

2. Temporal localization: identifying the risk
signal clip, defined as the earliest temporal
segment containing sufficient cues for humans
to infer elevated risk before incident onset.

3. Visual evidence annotation: identifying in-
terpretable risk indicators used as reference ev-
idence for evaluating model reasoning ground-
ing (RGA).

We conducted separate validation steps for guide-
line development, scalability audit, and crowd-
sroucing quality control. The agreement statistics
reported in the main paper should not be interpreted
as coming from a single annotation round.

A.9.2 Annotation Protocol Development and
Expert Consensus

Before large-scale annotation, three internal re-
searchers with experience in video understanding
and safety-related visual analysis developed the an-
notation guidelines for crowdsourced data collec-
tion. The guidelines specified criteria for assigning
risk/no-risk labels, principles for identifying early
risk signal clips, and requirements for describing
observable visual risk indicators.

The researchers independently annotated an ini-
tial set of 60 videos and subsequently discussed dis-
agreements to refine the annotation protocol. Dur-
ing disagreement resolution, the experts examined
cases where annotators differed in their interpreta-
tion of risk cues, temporal boundaries, or the level
of specificity required for visual indicators.

For example, in a car-crash scenario where a ve-
hicle was gradually drifting toward another lane,
annotators initially disagreed on whether earlier
frames showing minor lane deviation constituted
sufficient evidence for a risk signal or whether the
risk signal should begin only when the vehicle ap-
proached the neighboring car. The team refined the
guideline to define the risk signal as the earliest
point at which a reasonable observer could identify

an elevated likelihood of an incident, rather than
the moment when the collision became imminent.

Another example concerns natural-language risk
indicators. Researchers refined the guideline to
avoid speculative descriptions. For instance, de-
scriptions such as “the person intends to attack”
were replaced with observable descriptions such
as “the person is holding an object and moving
rapidly toward another individual.” These discus-
sions were incorporated into the final annotation
guidelines and examples provided to subsequent
annotators.

After iterative refinement, the expert team
reached 96% consensus on this initial set. The
refined guidelines, examples, and quality-control
criteria were then used for subsequent data collec-
tion.

The following example illustrates the final anno-
tation guideline for the arson domain.

Arson Domain Annotation Guideline

Task Instruction

Imagine you are a detective now, and your
job is to look into the future and tell us when
you see clues that something is about to
happen.

Think about it like this: If you’re playing a
game and someone is about to high-five you,
they don’t just magically touch your hand,
right? First, they look at you. Then, they
raise their hand back. Finally, they swing
it forward. Those first two steps are clues
(or signals) that tell you: "A high-five is
coming".

In this task, you’ll watch videos that might
be Risky (like a fire starting where it
shouldn’t) or Benign (which just means "To-
tally Normal/Safe," like a backyard BBQ).

The Two Main Parts in Videos:

The "Clues" (Signal): This is the "Uh-oh"
moment. It’s the part of the video you use
to predict what happens next, e.g., seeing
someone pouring liquid from a gas can, fum-
bling with a lighter near a trash can, or
throwing a lit object, etc.

The "Fire" (Event): The actual moment the
fire catches and starts to spread, meaning
the consequence of the clue/signal, e.g., the
building, trash, or object actually starts burn-
ing (not just the lighter flame, but the real
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fire).

1. When does the '"Clue/Signal" start and
end?

The Start Time [hh:mm:ss]: This is the
very first second you see someone prepar-
ing.

If it’s a Risk (Dangerous): it’s the first sec-
ond you see someone acting suspiciously
(e.g., masking up, splashing liquid).

If it’s Benign (Safe): It’s the second you
see someone doing something normal (e.g.,
someone bringing out a bag of charcoal,
opening a grill).

The End Time [hh:mm:ss]: This is the
very last second of the clue/signal, right
before the fire catches.

2. What evidence are you seeing?

You need to prove why you made your pre-
diction. In this part, you will list the specific
things (objects) or behaviors (actions) that
caught your eye during the "Clue" stage.

If it’s a RISK (Dangerous Fire), list the
things that show someone is planning to
start a fire on purpose to hurt property, such
as:

"Red gas can," "Lighter flicking," "Spilling
gasoline on the floor instead of a car tank,"
"Breaking a window to throw something
in," "Looking around to see if anyone is
watching."

If it’'s BENIGN (Safe/Normal Fire), list the
things that show the fire is under control and
meant for something good, like cooking or
a party, such as:

"BBQ Tongs," "Birthday cake," "Fireplace
log," "Using a long safety lighter for a grill,"
"Singing 'Happy Birthday’ before lighting
a candle," "Arranging logs neatly inside a
stone fire pit."

3. Tell the Story of the Clues/Signals
Now, you need to write a short description
of the clues you just found. Imagine you
are explaining what happened to someone
who can’t see the video. To make the timing
clear, you must use timing words, such as
First, Then, and Afterwards.

If it’s a RISK (Dangerous):

"First, a person in a hoodie approached the
dumpster. Then, they poured liquid from a
bottle onto paper. Afterwards, they reached

for a lighter and threw it into the dumpster."
If it’s BENIGN (Safe):

"First, a person in an apron opened a grill.
Then, they placed charcoal inside. After-
wards, they used a long lighter to start the
briquettes."

4. When does the ""Fire/Event'' start?
Fire Start Frame [hh:mm:ss]: This is the
exact moment the thing they were planning
to light actually catches fire.

If it’s Risk (Dangerous): The second the
building/trash/car starts burning.

If it’s Benign (Safe): The second the char-
coal or the candle wick catches fire.

Fire End Frame [hh:mm:ss]: Mark the
second when the fire goes out or the person
leaves; if the video just cuts to black while
the fire is still burning, use the very last
second of the video.

S. Summarize the Fire Event

Risk (Dangerous):

"The wooden shed was intentionally set on
fire."

Benign (Safe):

"The family started a controlled backyard
barbecue."

6. Was it Arson?

Risk Label:

YES: If you saw someone intentionally try-
ing to destroy property, or injure others, or
start an uncontrolled fire.

NO: If it was a person lighting a fire safely,
normal fire situation a backyard grill, a pro-
fessional firefighter doing a controlled burn,
or someone lighting a candle.
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A.9.3 Scalability Audit and Annotation

Validation

To evaluate whether the expert-developed anno-
tation protocol could be consistently applied by
non-expert annotators, we conducted a held-out
scalability audit.
Two undergraduate annotators (one majoring
in Anthropology and one in Computer Science)
received three hours of training using the final-
ized annotation guidelines and example cases de-
veloped during the expert consensus stage. They
then independently annotated a held-out set of 20
videos from the expert-labeled set described in Sec-
tion 9.2.
For categorical risk labels (yes/no risk), both




annotators achieved 100% agreement with expert
annotations. For temporal annotations, the annota-
tors achieved a mean absolute deviation (MAD) of
fewer than 4 frames compared with expert temporal
boundaries. These results indicate that the anno-
tation guidelines were sufficiently clear and could
be reliably applied by trained external annotators
beyond the original research team.

A.9.4 Crowdsourcing Quality Control

After validating the scalability of the annotation
protocol, we conducted large-scale annotation
through Amazon Mechanical Turk.

To ensure annotation quality, all workers first
completed a mandatory qualification round consist-
ing of 50 videos sampled from the expert-labeled
set. Workers were retained for the final annota-
tion pool only if they achieved greater than 98%
agreement with expert consensus for categorical la-
bels and greater than 90% agreement for timestamp
annotations and natural-language risk indicators.

Following this qualification procedure, seven an-
notators were selected for the final annotation pro-
cess. This multi-stage pipeline combines expert-
defined annotation standards with scalable crowd-
sourcing while maintaining annotation reliability.

The crowdsourcing interface using Arson do-
main as an example is shown in Figure 8. All
annotators used the same standardized interface
and annotation procedure.

[Detective Clue Annotation Task

:

 Fir/ Evant: he momant hs manded obec Acualy Caches .

rt 1. Mark the Clue / Signal Window

Figure 8: Crowdsourcing annotation interface for Arson.
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A.10 Additional Evaluation Metrics and F1
Analysis

The primary evaluation metric reported in the main
paper is the positive-class F1 score, which captures
the trade-off between precision and recall for identi-
fying risky videos. However, as discussed by prior
work, F1 alone does not fully capture classification
performance, particularly under class imbalance
or when true negatives are informative. Therefore,
we provide additional evaluation metrics, including
accuracy, specificity, balanced accuracy, Matthews
correlation coefficient (MCC), and class-specific
performance measures.

A.10.1 Definition of Evaluation Metrics

For each domain, we define the confusion matrix
components as follows:
* True Positive (TP): a risky video correctly
predicted as risky.
¢ False Positive (FP): a non-risk video incor-
rectly predicted as risky.
* True Negative (TN): a non-risk video cor-
rectly predicted as non-risk.
* False Negative (FN): a risky video incorrectly
predicted as non-risk.
The positive-class F1 score is computed as:

22X Precision x Recall

Fl= 6
Precision + Recall '’ ©)
where
TP TP
Precision = —————— =
recision TPLFD Reca

(7
To complement F1, we additionally report accu-
racy, specificity, and balanced accuracy:

4 B TP+ TN -
Y = P PY TN+ FP+ FN'
TN

Recall + Speci ficity

Balanced Accuracy =

(10)

We also report Matthews correlation coefficient
(MCO):

MCOC — TP xTN—-FP xFN

MCC provides a balanced measure of binary
classification performance by incorporating all four
components of the confusion matrix and remains
informative under class imbalance.

A.10.2 Domain-Level Results

Because RiskCueBench contains heterogeneous
risk domains with different visual characteristics
and class distributions, we report metrics separately
for each domain rather than aggregating across do-
mains into a single overall score. This avoids po-
tential aggregation biases and preserves domain-
specific performance differences.

Table 12 presents the additional evaluation met-
rics for all evaluated models.

A.10.3 Comparison with No-Skill Baselines

To contextualize positive-class F1 values, we ad-
ditionally compare model performance against an
always-risk classifier, which predicts all samples
as risky. This classifier provides a no-skill baseline
that depends on the prevalence of positive examples
in each domain.

The additional no-skill F1 strengthens rather
than changes this central conclusion as in 13. Sev-
eral evaluated models do not exceed these values.
This shows that positive-class F1 alone may pro-
vide an overly favorable impression of model per-
formance because it rewards high recall without
accounting for true-negative performance.

A.10.4 Robustness of Model Ranking

To examine whether conclusions depend on the

TP + F N choice of evaluation metric, we compare model

rankings across positive-class F1, balanced accu-
racy, and MCC.

The relative ordering of models remains consis-
tent across these complementary metrics, suggest-
ing that the observed performance gap between
current VLMs and human performance is not an
artifact of the choice of F1 alone.

V(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

an
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Table 12: Additional evaluation metrics beyond positive-class F1 across RiskCueBench domains.

Domain Model F1  Accuracy Specificity Balanced Accuracy MCC
Video-LLaVA 0.53 0.59 0.62 0.58 0.17
VideoLLaMA 3 0.59 0.59 0.60 0.59 0.18
Qwen3-VL-8B 0.64 0.61 0.61 0.61 0.22
MiMo-SFT 0.58 0.62 0.65 0.62 0.24
Apollo-7B 0.57 0.59 0.61 0.59 0.18
Car Crash InternVL-3.5 0.61 0.64 0.66 0.64 0.28
Qwen3-VL-8B-T  0.66 0.65 0.62 0.65 0.29
MiMo-RL 0.63 0.64 0.66 0.64 0.28
Keye-VL 1.5 0.57 0.59 0.62 0.59 0.18
GLM 4.1 V-T 0.58 0.59 0.59 0.59 0.18
Gemini-Flash-3 0.69 0.64 0.58 0.64 0.27
Video-LLaVA 0.44 0.64 0.70 0.60 0.18
VideoLLaMA 3 0.46 0.67 0.70 0.63 0.24
Qwen3-VL-8B 0.48 0.62 0.65 0.60 0.20
MiMo-SFT 0.47 0.61 0.65 0.59 0.17
Apollo-7B 0.45 0.60 0.65 0.58 0.15
Protest InternVL-3.5 0.47 0.63 0.67 0.60 0.20
Qwen3-VL-8B-T  0.57 0.62 0.66 0.62 0.24
MiMo-RL 0.51 0.60 0.65 0.59 0.18
Keye-VL 1.5 0.59 0.59 0.58 0.59 0.17
GLM 4.1 V-T 0.56 0.59 0.61 0.59 0.18
Gemini-Flash-3 0.67 0.65 0.67 0.66 0.31
Video-LLaVA 0.55 0.59 0.61 0.59 0.18
VideoLLaMA 3 0.57 0.61 0.62 0.60 0.21
Qwen3-VL-8B 0.62 0.61 0.61 0.61 0.21
MiMo-SFT 0.56 0.57 0.58 0.57 0.13
Apollo-7B 0.58 0.64 0.67 0.63 0.26
Arson InternVL-3.5 0.60 0.64 0.65 0.64 0.28
Qwen3-VL-8B-T 0.64 0.62 0.60 0.62 0.24
MiMo-RL 0.61 0.62 0.61 0.62 0.23
Keye-VL 1.5 0.59 0.63 0.64 0.62 0.25
GLM 4.1 V-T 0.58 0.60 0.59 0.60 0.19
Gemini-Flash-3 0.62 0.61 0.59 0.61 0.21
Video-LLaVA 0.55 0.57 0.60 0.57 0.15
VideoLLaMA 3 0.56 0.59 0.60 0.59 0.18
Qwen3-VL-8B 0.63 0.61 0.62 0.61 0.22
MiMo-SFT 0.59 0.59 0.59 0.59 0.19
Apollo-7B 0.57 0.58 0.61 0.58 0.16
Cruise Collision  InternVL-3.5 0.59 0.63 0.66 0.63 0.26
Qwen3-VL-8B-T  0.66 0.63 0.62 0.63 0.26
MiMo-RL 0.64 0.63 0.64 0.63 0.26
Keye-VL 1.5 0.57 0.58 0.60 0.58 0.16
GLM 4.1 V-T 0.56 0.59 0.59 0.59 0.18
Gemini-Flash-3 0.68 0.67 0.63 0.66 0.33
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Domain Always-Risk F1 Random Guess F1

Car Crash 0.668 0.50
Protest 0.619 0.44
Arson 0.722 0.53
Cruise Collision 0.640 0.47

Table 13: No-skill baseline comparison across
RiskCueBench domains. The always-risk classifier
predicts all samples as risky, providing a prevalence-
dependent positive-class F1 baseline.
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A.11 Length-Matched Analysis

To isolate the effect of clip duration, we constructed
full-length-matched positive (risk) and negative
(non-risk) video subsets within each domain and re-
peated the evaluation using the same protocol as the
main experiments. Model performance remained
highly stable after duration matching.

Across all evaluated models, the absolute change
in F1 was no greater than 0.01 in either domain.
RGA, TRD, and SCD also showed only minor
changes relative to the full-sample results. For
example, Car Crash F1 ranged from 0.52 to 0.65 in
the matched analysis, compared with 0.53 to 0.66
in the original analysis, while Protest F1 ranged
from 0.43 to 0.58, compared with 0.44 to 0.59 orig-
inally.

These results suggest that the observed perfor-
mance limitations are not primarily explained by
differences in clip duration between risk and no-
risk videos. We provide the complete length-
matched results below.
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Model Category Model Car Crash Protest
F1 RGA TRD SCD F1 RGA TRD SCD

Video-LLaVA 0.52 476 1.90 - 043 329 1.92 -
VideoLLaMA 3 0.58 534  1.69 - 045 387 249 -
Non-Reasoning Qwen3-VL-8B 0.63 56.8 1.46 - 047 422 228 -
MiMo-SFT 0.57 50.6 2.17 - 048 374 1.81 -
Apollo-7B 0.58 529 1.89 - 044 368 2.66 -
InternVL-3.5 060 634 294 -027 046 47.1 261 -041
Qwen3-VL-8B-T 0.65 68.0 226 -028 056 558 214 -035
Reasoning MiMo-RL 0.62 60.7 375 -036 050 50.1 3,50 -0.44
Keye-VL 1.5 056 640 320 -020 058 516 297 -0.30
GLM 4.1 V-T 0.57 644 335 -025 055 484 325 -0.33

Table 14: Length-matched evaluation results for Car Crash and Protest domains. After matching risk and non-risk
videos by duration, model performance remains comparable to the original evaluation, suggesting that observed
performance differences are not primarily driven by duration imbalance.
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A.12 Opverlap of Qualitative Error Categories

Since the qualitative analysis was conducted ex-
clusively on misclassified cases, conclusion errors
occur in all 336 samples by construction. The over-
lap analysis therefore primarily characterizes the
relationship between perceptual and reasoning fail-
ures preceding the incorrect conclusion.

Perceptual Reasoning Conclusion

Perceptual 192 (57.1%) 31 (9.2%) 192 (57.1%)
Reasoning 31 (9.2%) 65 (19.3%) 65 (19.3%)
Conclusion 192 (57.1%) 65 (19.3%) 336 (100%)

Table 15: Overlap matrix for qualitative error categories
among 336 misclassified cases. Diagonal entries report
the prevalence of each error category, while off-diagonal
entries report pairwise co-occurrence. Because all an-
alyzed cases are prediction failures, conclusion errors
occur in every sample.
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A.13 Key-Frame Analysis for Temporal vs.
Static Cue Reliance

To further distinguish temporal-order sensitivity
from reliance on sparse static cues, we conducted
an extreme-sparse key-frame analysis. Specifically,
we evaluated models under two additional condi-
tions: (1) First Frame Only, where models received
only the earliest frame of the risk signal clip, and
(2) Last Frame Only, where models received only
the final frame immediately preceding the incident.
These conditions provide a comparison between
early static evidence, late-stage static evidence, and
the full temporal information available in the origi-
nal video condition.

Across domains, the first-frame condition con-
sistently underperformed the full-video condition,
with an average F1 decrease of 0.015-0.033. This
suggests that the earliest static frame generally does
not contain sufficient information for reliable risk
prediction. In contrast, last-frame performance was
generally comparable to or slightly higher than
full-video performance. This pattern is expected
because the last frame represents a privileged con-
dition immediately before incident onset, where
the most explicit pre-incident visual cues are likely
to appear.

These results clarify the interpretation of the
Temporal Reasoning Difference (TRD) metric.
TRD is intended to measure sensitivity to temporal
ordering rather than whether static visual cues con-
tain any predictive information. Since later frames
may already contain highly salient risk indicators,
strong performance from the last-frame condition
does not imply effective temporal reasoning. In-
stead, the combination of limited performance dif-
ferences under temporal perturbations and compa-
rable last-frame performance suggests that current
VLMs rely substantially on salient visual states
while making limited use of the temporal progres-
sion through which these states emerge.
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Model CCV CC1st CCLast PRY PR1st PRLast ARV AR1st ARLast CRV CR1st CR Last

Video-LLaVA .53 49 .55 44 42 43 .55 .50 .58 .55 .50 .58
VideoLLaMA 3 .59 .55 .61 46 44 45 57 52 .60 .56 S1 .59
Qwen3-VL-8B .64 .61 .63 48 A7 46 .62 .59 .61 .63 .60 .62
MiMo-SFT .58 52 .62 A7 43 49 .56 .50 .60 .59 .53 .63
Apollo-7B 57 .53 .59 45 43 44 .58 .53 .61 57 52 .60
InternVL-3.5 .61 .63 .60 47 49 46 .60 .61 .59 .59 .60 .58
Qwen3-VL-8B-T .66 .66 .66 57 57 57 .64 .63 .64 .66 .65 .66
MiMo-RL .63 .58 .67 Sl A7 .54 .61 .56 .65 .64 .59 .68
Keye-VL 1.5 57 .56 .58 .59 .58 .59 .59 57 .60 57 .55 .58
GLM 4.1 V-T .58 57 .59 .56 .55 .56 .58 .56 .59 .56 .54 57
Mean 596 570 .610 500 485 499 590 557 .607 592 559 .609

Table 16: Key-frame analysis across RiskCueBench domains. CC, PR, AR, and CR denote Car Crash, Protest,
Arson, and Cruise Collision, respectively. V denotes the original full-video condition, while 1st and Last denote
extreme-sparse baselines using only the first or last frame of the risk signal clip.
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A.14 Human Validation of LLM-Based
Reasoning Grounding Evaluation

The Reasoning Grounding Accuracy (RGA) metric
evaluates whether the visual evidence mentioned
in a model-generated reasoning chain corresponds
to human-annotated risk indicators. Because manu-
ally evaluating reasoning grounding at the scale of
all model outputs is costly, we use an LLM-based
evaluator to extract decision items from model rea-
soning and compute their semantic alignment with
annotated visual indicators. To validate the reliabil-
ity of this approach, we conducted a human audit
comparing samples with high and low RGA scores.

A.14.1 LLM-Based RGA Evaluation

For each model-generated reasoning chain, the
LLM evaluator extracts concrete visual decision
items, including objects, actions, and observable
cues referenced by the model as evidence for its
prediction. These extracted items are compared
with human-annotated visual risk indicators using
embedding-based semantic similarity. The result-
ing alignment score is aggregated to produce the
RGA metric.

The LLM evaluator enables large-scale analysis
across all model outputs while maintaining a con-
sistent evaluation protocol. However, recognizing
that LL.M-based evaluation may introduce noise,
we performed an independent human validation
analysis.

A.14.2

We sampled reasoning outputs from the Protest do-
main, which contains socially embedded risk sce-
narios and represents one of the more challenging
domains in RiskCueBench. We selected 70 sam-
ples consisting of 35 samples above the 75th per-
centile and 35 samples below the 25th percentile.
For each sampled reasoning output, human anno-
tators examined whether the visual evidence items
extracted by the LLM evaluator semantically cor-
responded to verified visual indicators present in
the video and human annotations. Annotators were
instructed to judge whether the referenced evidence
represented observable visual cues rather than spec-
ulative interpretations or unsupported assumptions.

Human Validation Protocol

A.14.3 Validation Results

Human evaluation showed a clear separation be-
tween high- and low-RGA samples. Among rea-
soning items classified as grounded by RGA, 75%
were confirmed by human annotators to correspond

RGA Group Verified (%) N

High RGA 75 35
Low RGA 21 35

Table 17: Human validation of RGA. Verified indicates
the percentage of reasoning items judged by human

annotators to correspond to visual evidence in the video
and annotations.

to verified visual risk indicators. In contrast, only
21% of reasoning items classified as ungrounded by
RGA contained evidence that humans considered
visually supported.

These results indicate that RGA provides a mean-
ingful approximation of visual grounding qual-
ity. While LLM-based evaluation may introduce
occasional errors, the human validation demon-
strates that RGA successfully distinguishes rea-
soning chains that reference observable visual evi-
dence from those that rely on unsupported or irrel-
evant explanations.
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