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Abstract

With the rapid growth of video centered so-
cial media, the ability to anticipate risky events
from visual data is a promising direction for en-
suring public safety and preventing real world
accidents. Prior work has extensively stud-
ied supervised video risk assessment across
domains such as driving, protests, and natu-
ral disasters. However, many existing datasets
provide models with access to the full video
sequence, including the accident itself, which
substantially reduces the difficulty of the task.
To better reflect real world conditions, we in-
troduce a new video understanding benchmark
RiskCueBench in which videos are carefully
annotated to identify a risk signal clip, defined
as the earliest moment that indicates a potential
safety concern. Experimental results reveal a
significant gap in current systems’ ability to in-
terpret evolving situations and anticipate future
risky events from early visual signals, highlight-
ing important challenges for deploying video
risk prediction models in practice.

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

In contrast, predictive reasoning requires models
to anticipate future events from partial and often
ambiguous early signals. While current VLMs
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Figure 1: Many existing benchmarks ask about events
which occur during the video. Our RiskCueBench fo-
cuses on predicting future risky events (details in §3).

per- form well on descriptive tasks, their capac-
ity for such anticipatory reasoning remains largely
unex- plored. Recent benchmarks targeting next
event prediction typically frame evaluation as mul-
tiple choice question answering, where models se-
lect from predefined outcomes 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 acci-
dents via synthetic data or non-reasoning metrics
(Kung et al., 2024; Fatima et al., 2021; Bao et al.,
2020; Hussain et al., 2024), leaving domains like
crowd dynamics unaddressed.

To bridge this gap, we propose RiskCueBench,
a benchmark evaluating whether VLMs can antici-
pate emerging safety concerns from early video sig-
nals. Using a Question-Reasoning-Answer (QRA)
framework, we explicitly capture model decision-
making. Our analysis reveals significant limitations
in state-of-the-art VLMSs’ predictive abilities. Our
contributions include:

* We introduce a challenging video risk prediction
benchmark RiskCueBench that requires VLMs



Dataset

Temporal Reasoning Object Grounding Reasoning Metrics

Event Forecasting Risk Events

Sec 4.3.3 Sec 4.3.1 Sec 4.3.2 Sec 4.3.4 Sec 3.3
TimeLogic v 4 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.

to infer potential danger from subtle visual cues.

* We develop an efficient workflow that leverages
model disagreement and LLM filtering to auto-
matically identify difficult cases and construct
the benchmark (Section 3).

* We conduct an extensive analysis of model rea-
soning using custom metrics on our curated
videos, highlighting strengths and limitations
of current state-of-the-art VLMs (Section 4).

2 Related Work

Video Language Models and Reasoning Systems
Advanced capabilities across temporal visual un-
derstanding tasks have been demonstrated by re-
cent developments in video language models. The
state-of-the-art in combining language modeling
with video encoding mechanisms for intricate tem-
poral 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 primarily evalu-
ate model performance using multiple-choice ac-
curacy, providing limited insight into how models
arrive at their predictions. As a result, they do not
explicitly assess the quality, faithfulness, or ground-
ing of model reasoning. In contrast, we include a
dedicated evaluation of model reasoning with met-
rics designed to assess whether risk predictions
are supported by temporally coherent and visually
grounded explanations. This enables a more fine-
grained understanding of spatio-temporal reason-
ing capabilities and exposes limitations that are not
captured by answer accuracy.

3 Benchmark Construction

We propose a reproducible, domain-agnostic frame-
work for constructing risk-centric video bench-
marks, emphasized by temporally grounded signals.
The four-stage process includes: (1) large-scale col-
lection via structured queries (§3.1); (2) multi-stage



Scoring (Sec 3.2)

Relevance Scoring
- (:-;ality!ilte:ing .‘
Gemini

Collection (Sec 3.1)

Query Generation

2000 Ramallah Strike

2014 | HongKong |  March

2020 Minneapolis Protest

|

Hard Example Mining
% B

Risk Signal Labelling

Annotation (Sec 3.3)

Evaluation (Sec 3.4)

Signal Start
A truck is approaching
from the opposite
direction; big objects on
the truck are falling
towards ego-car's lane. g

Signal Description {0 = ’

Signal End

: Keye

R
ini vf (% InternVL
Qwen

Answer: Yes

Reasoning: The video shows
protesters attempting to break through
a police barricade, which indicates a

potential for conflict or unrest...

Annotator Consensus

ik~

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.

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 rea-
soning, as shown in Figure 2. While instantiated
for protests and traffic incidents, the framework
is extensible to scenarios like natural disasters or
workplace hazards, ensuring both diverse risk con-
text 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. To systematically evaluate
models, we construct a structured list of real-world
events across diverse regions and time. First, we
identify safety-critical domains relevant to public
safety and social risk(e.g., protests, traffic inci-
dents). For each, we curate an event list by prompt-
ing GPT-4V for year—location pairs, followed by
manual verification via Google Search to ensure
actual news coverage. The validated events are
compiled into a structured list of year—location
combinations.Each event is paired with a prede-
fined vocabulary of domain-relevant terms (e.g.,
“protest,” “march,” ). We convert each structured
event into a text query using a template; the full
template and examples are provided in Appendix
A.1. This process maximizes coverage while re-
ducing bias toward specific regions or languages,
enabling the dataset to reflect a variety of sociopo-
litical and environmental conditions under which
risk unfolds.

Video Collection. Using these queries, we re-
trieve videos and their metadata (e.g., title, descrip-
tion, upload date) through the YouTube Data APL.
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.

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).

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 five VLMs (Gemini
2.5, Qwen-7B, MiMo-RL, MiMo-SFT, InternVL).
Each model is prompted to predict whether a given
video contains a clear risk event solely based on
the visual content, using a standardized instruction
prompt (provided in the Appendix A.5). We define
a video as a hard example if more than three out
of five models disagree with each other. Videos
with the highest disagreement represent the most
ambiguous or complex scenarios, meaning cases
that often challenge both human and Al perception.
Including these “hard examples” strengthens the
dataset’s ability to test model generalization and
resilience in uncertain or borderline conditions.

3.3 Annotation

The final dataset is annotated by trained human
annotators using a structured protocol designed to
capture the temporal and visual progression of risk.

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” (peaceful protest, normal
driving).

This manual annotation process ensures the final
dataset retains high-granularity temporal and se-
mantic information about risk onset, escalation,
and resolution. By combining timestamped cues,
narratives, and categorical labels, the annotation
schema supports both fine-grained visual reasoning
analysis and binary classification evaluation.

Instantiation. Using our pipeline, we collect
video data from two risk domains: protest and
traffic incidents. We report statistics in Table
2. Depending on the domain and data source,
certain steps in the pipeline may be omitted. For
example, for the car crash dataset, which was
already preprocessed and cleaned, we skipped
several cleaning and filtering steps (e.g., YouTube
API collection, visual quality filtering).

Video Type Average Signal Length  # 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
Total 986

Table 2: Risk Signal Length for Our Risk Prediction
Dataset.

The length of risk signal vary by domain. The
Protest dataset exhibits a broad distribution with
an average high-risk signal length of 12.5 seconds,
reflecting the gradual escalation typical of crowd
dynamics. In contrast, the Car Crash dataset fea-
tures much more abrupt transitions, with high-risk
signals averaging only 2.4 seconds (see Appendix
A.6). These statistics shows the differing "decision
windows" available for VLMs to perform success-
ful risk prediction in each scenario.



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 compute seman-
tic alignment between judge-extracted decision
items and human-annotated risk visual indica-
tors using SentenceTransformer embeddings (all-
MiniLM-L6-v2). For each decision item 0;; €
O;, we compute its maximum cosine similarity
against all ground-truth visual indicators O; =

{Oih e ,Oim}i

max

peix | os(esye0n) (D)

Sij =
where e;,; and e,,, denote the embedding vectors
for decision item 0;; and visual indicator o;j, re-
spectively. Using an F1-optimized threshold 7 de-
rived from ROC analysis, we determine whether
each decision item is semantically grounded:

9ij = L[sij > 7] (2)

The overall reasoning grounding accuracy (RGA)
metric is computed as the average percentage of
grounded decision items across all samples:
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Temporal Reasoning Difference (TRD). To an-
alyze the temporal reasoning capabilities, we aug-
mented 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-Swaped: 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 ‘Florlgmal - 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 the model is invariant
to temporal structure, potentially relying on static
visual features rather than dynamic reasoning.

Self-Correction Degradation (SCD). To quan-
tify the impact of model hesitation on prediction
quality, we partition the dataset into two subsets
based on whether the judge-extracted confusion
count is non-zero: V' = {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:

— P(V7)-F1(V™

where P(VF) = |K)|‘ is the proportion of samples
in subset &, and F1(-) denotes the F1 score over the
respective subset. This formulation automatically
normalizes for subset size, enabling fair compari-
son across models. A negative SCD value indicates
that self-correction behavior degrades model per-
formance, with larger negative values suggesting
greater F1 loss due to overthinking.

SCD = P(V") -F1(V1) ) (5)

4 Experiments and Analysis

4.1 Experimental Setup

Videos are sampled at 1 frame per second (fps)
to balance computational efficiency with tempo-
ral coverage of the risk signal clips. All models
are evaluated using the same standardized prompt
template to ensure fair comparison, with one ex-
ception: for reasoning-enhanced models, we omit
explicit reasoning instructions as these capabilities
are integrated directly into their chat templates.

Baseline Models We evaluate 16 state-of-the-art
models across two distinct categories.

(1) Standard VLMs perform direct video-to-text
generation; include Video LLaVA, VideoLLaMA
3, InternVL 3.5, Qwen-VL, ChatUniVi, Gemini
2.5 Flash Lite, 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.
On Car Crashes, models achieve F1 scores of



Model Car Crash Protest

F1 RGA TRD SCD F1 RGA TRD SCD
Non-Reasoning Models
Video LLaVA 0.53+0.04 482+562 1.84+0.63 044+0.02 335+10.54 1.87+0.83 -
VideoLLaMA 3 0.59+0.05 54.1+£621 1.65+0.58 046+0.05 392+873 242+0.71 -
Qwen3-VL-8B 0.64+0.03 573+5.14 148+0.52 048 +0.04 428+792 223+0.69 -
MiMo-SFT 0.58+0.06 514+738 2.12+0.74 047+0.04 38.1+£945 1.76+0.81 -
Apollo-7B 0.57+0.05 53.6+6.84 1.83+0.61 045+0.03 374+891 259+0.76 -
Reasoning Models
InternVL-3.5 0.61+£0.04 642+487 2.87+0.68 -028+0.05 047+0.05 47.8+632 2.54+0.73 -042+0.06
Qwen3-VL-8B-T 0.66+£0.03 68.7+4.23 221+0.57 -029+0.04 0.57+004 565+£541 2.08+0.64 -0.36=+0.05
MiMo-RL 0.63+0.05 61.3+£695 3.67+0.82 -0.35+0.07 051+£0.06 499+7.84 342+0.89 -045+0.08
Keye-VL 1.5 0.57+0.04 638+556 3.15+0.71 -0.21+0.04 059+£0.05 523+6.18 291+0.77 -0.29+0.05
GLM 4.1 V-T 0.58+0.05 65.1+£528 3.39+0.76 -0.26+0.05 056+0.05 49.1+£6.72 3.18+0.81 -0.34+0.06
Closed-Source Models
Gemini-Flash-3 0.69 +0.02 - - 0.67 £0.03 - - -
Baselines
Random Guess 0.50 - - 0.44 - - -
Human 0.98 £ 0.01 - - 0.97 £0.01 - - -

Table 3: Performance statistics of current SOTA models on the binary risk prediction task for both Car Crash and
Protest scenarios. Certain metrics remain blank for Gemini-Flash-3 as its internal reasoning traces are not accessible

for evaluation.

0.27-0.71, with Qwen3-VL-8B leading (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 behav-
ioral cues compared to structured vehicular pat-
terns. MiMo-RL performs best on protests (0.4560)
but only achieves 0.4256 on car crashes.

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 the failure modes of VLMs in risk pre-
diction, we study two aspects of model behavior:

self-correction patterns and reasoning grounding.
We employ Gemini-Pro-3 as a judge model to sys-
tematically evaluate model reasoning chains.

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; =
{0i1,0i2,...,0im} is the set of annotated risk vi-
sual indicators, and [; is the risk label. The judge
model parses each model-generated reasoning
chain r; to extract: (1) a confusion count ¢;, indi-
cating the presence of self-correction markers (e.g.,
“wait...”, “actually...”), and (2) a structured set of
predicted decision items 0; = {6i1,0i2, ..., 0in}s
representing the objects and entities the model ref-
erences when justifying its risk prediction.
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Figure 3: Distribution of Relatedness Score. Correct
predictions (green) exhibit significantly higher mean
relatedness scores than incorrect ones (red), indicating
that accurate risk anticipation is strongly tied to better
visual grounding.



4.3.1 Reasoning Grounding

Correct predictions exhibit stronger grounding than
incorrect ones. In the protest dataset, correct predic-
tions achieve a mean relatedness score of 0.48 com-
pared to 0.33 for incorrect ones, while car crash sce-
narios show a similar gap (0.40 vs. 0.32). Addition-
ally, incorrect predictions contain approximately
50% more ungrounded decision items. These re-
sults indicate grounding failures are prevalent in
VLM risk prediction errors.

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.
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Figure 4: Reasoning Length Distribution. Incorrect pre-
dictions (red) are associated with significantly longer
and more complex reasoning traces compared to correct
ones (green), suggesting that model’s overthinking or
circular deliberation often leads to performance degra-
dation.

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. Qualitative inspec-
tion reveals two dominant patterns: (1) rethinking
fails to correct an initially wrong perception, and
(2) rethinking overrides an initially correct judg-
ment with speculative reasoning. This contrasts
with prior work where deliberation improves per-
formance, suggesting that uncertainty in early risk
prediction stems from insufficient visual evidence
rather than inadequate reasoning.

Video Type Car Crash Protest

Basic 06702 059+0.2
Shuffled 0.68+0.1 0.57+0.3
Swap Halves 0.65+0.3 0.58+0.3
Reversed 0.68+£03 0.58+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.

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 both protest and car crash
datasets, reversing or shuffling video frames results
in only minor performance degradation (1-3%).
For example, protest scenarios show a ~2% differ-
ence between the basic and shuffled settings, while
car crash performance remains largely unchanged.
This suggests that VLM predictions are driven by
the presence of salient frames rather than by tem-
poral progression or causal ordering, revealing a
lack of robust temporal reasoning.

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.

4.3.4 Effect of Risk Signal Length

As the temporal gap between the risk signal and
incident increases from 1 to 20 seconds, model
accuracy systematically degrades, typically drop-
ping from 45-50% to 36-44%. This demonstrates
VLMs struggle to anticipate future risky events
when predictive cues are subtle and temporally re-
mote. Among evaluated models, MiMo-RL main-
tains stable performance across temporal distances,
indicating improved robustness to early signals.

Takeaway: Longer temporal distance weakens
risk prediction. Model accuracy declines as the risk
signal becomes temporally distant from the incident.
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Figure 5: Taxonomy of VLM failure modes in situational risk assessment, categorized by perceptual, reasoning, and
conclusion errors. Examples include perceptual errors (Type 1) miss critical cues like aggressive shoving, reasoning
errors (Type 2) like failing to interpret normal vs. abnormal behaviors, and incorrect answers (Type 3).
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Figure 6: Model Accuracy vs. Risk Signal Distance
for Protest Dataset. F1 scores generally decline as the
temporal distance 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.

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

To analyze VLM failures, we conducted a quali-
tative study of 120 incorrect predictions of best-
performing model Gemini. By manually inspect-
ing reasoning traces, we derived an error taxonomy
from recurring patterns (Figure 5):

* Perceptual Errors (38.33%): Missing or misin-
terpreting critical visual cues, such as aggressive
gestures or unexpected vehicle entries.

* Reasoning Errors (92.50%): Failing to integrate
detected cues, leading to causal misattribution
or incomplete inference.

e Conclusion Errors: Premature decisions, over-
confidence, or internal contradictions.

These non-mutually exclusive categories indi-
cate that while perceptual misalignment is com-
mon, reasoning failures where models apply inap-
propriate causal explanations to detected elements,
remain the primary bottleneck for state-of-the-art
VLMs.

5 Conclusion

We introduce a video benchmark RiskCueBench
designed to explicitly evaluate models’ ability to
predict real-life risk events, supported by a care-
fully curated, high quality dataset constructed
through model disagreement and LLM based filter-
ing. Beyond the benchmark itself, we develop a
principled framework for identifying challenging
risk scenarios and define interpretable evaluation
metrics that capture temporal sensitivity, visual
grounding, and reasoning behavior. Our evalua-
tion shows that existing VLMs substantially lag
behind human performance, relying on static visual
cues for temporal reasoning and performing simi-
larly even under significant temporal perturbations.
Moreover, models struggle to justify predicted risks
through accurate visual grounding, and unlike in
domains such as mathematics or coding, more elab-
orate reasoning traces frequently lead to degraded
performance rather than improvements. We hope
that our benchmark, data curation pipeline, and
accompanying evaluation code provide a strong
foundation for evaluating VLMs in situational risk
assessment.



Limitations

Our study focuses on two categories of risk videos,
Protest and Car Crash. While these domains cap-
ture important safety scenarios, they do not com-
prehensively cover all realistic risk situations en-
countered in video understanding. In particular,
RiskCueBench does not include other non physi-
cal risk types such as misinformation or Al gen-
erated content, which remain important directions
for future study. In addition, parts of our evalua-
tion pipeline rely on results extracted from an LLM
based judge. Although this enables scalable and
interpretable analysis, the judge may occasionally
produce incorrect assessments, which could impact
some of the reported metrics and findings. Finally,
the current annotation framework requires manual
labeling of risk signal clips, including identifying
when risk becomes relevant. This process is diffi-
cult to scale to larger datasets, and future work may
explore more automated approaches for localizing
risk signals.

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 human annotations for
the risk signal clips and reasoning traces were per-
formed entirely by the authors of this paper. As
the researchers themselves conducted the labeling,
there are no concerns regarding the recruitment
of vulnerable populations or the adequacy of par-
ticipant compensation. This internal annotation
process ensured high-quality control and a deep
alignment with the specialized domain expertise
required for situational risk reasoning.

Funding and Support This work was supported
by a funded project.

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

Year Location Specific Cities Protest Synonym Example Query

2000 Palestine Ramallah, Nablus, Hebron, Gaza 2000 Palestine civil unrest; 2000
City, ... Ramallah civil unrest,...

2001  Philippines Manila, Quezon City, Makati, ... 2001 Philippines rally; 2001

o Manila civil unrest, ...

2003 Global New York City, London, Rome, civil unrest, 2003 Global civil unrest; 2003
Tokyo, ... protest, New York City march; ...

2010  Tunisia Sidi Bouzid, Tunis, Kasserine, ... ;?tl_ll};; 2010 Sidi Bouzid civil unrest;...

2011  Egypt Cairo, Alexandria, Suez, ... strike’, 2011 Cairo demonstration;...

2014  Ukraine Kyiv, Lviv, Kharkiv, ... march, 2014 Kyiv march;...

2014 Hong Kong Hong Kong demonstration 2014 Hong Kong strike; ...

2016 USA Standing Rock 2016 Standing Rock rallys...

2020  United States ~ Minneapolis, New York City, Los 2020 Minneapolis civil unrest;...
Angeles, ...

2022 Iran Tehran, Sanandaj, Mashhad, ... 2022 Tehran strike;...

2023  France Paris, Lyon, Marseille, ... 2023 Paris demonstration;...

2024 India New Delhi, Amritsar, Chandi- 2024 New Delhi protest;...
garh, ...

2025 UK (Essex) Clacton-on-Sea, Colchester, ... 2025 UK (Essex) civil unrest; ...
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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
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A.3 Examples of Risk and Non-Risk Annotations Across Protest and Car Crash Scenarios

Label Protest (Risk) Protest (Non-Risk) Car Crash (Risk) Car Crash (Non-
Risk)

Risk Signal Start 00:03:00 00:04:00 00:05:12 00:39:38

Risk Signal End 00:12:58 00:08:55. 00:10:11. 00:44:00

Risk Visual Indicator Throwing gestures, Singing, dancing, Crossing vehicle,red Lane mark, steady
aggressive body pos- sign-holding, and light, arrow on the speed, stop sign
tures, raised batons, stationary police ground indicating
riot shields. lines. traffic flow.

Risk Signal Description

Accident Start Frame
Accident End Frame
Accident Description

Risk Label

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

00:12:59

00:15:00

A smoke device is de-
ployed into the crowd,
causing protesters to
disperse.

Yes

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

/
/
/

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

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

/
/
/
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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

. Watch the entire video carefully

. Listen to all audio content

. Examine all visible text and overlays

. Assess video quality and editing characteristics

. Score each category independently

. If uncertain between two scores, choose the lower score

. Ensure all 12 categories are evaluated and included in response

NN bW
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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:

e 'wait..."

* "no let me think again"
¢ "actually..."

e "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

Distribution of Risk Signal Length (Protest Dataset) Distribution of Risk Signal Length (Car Crash Dataset)
105+

90+
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904 ~—— Median: 6.0s 801 —— Median: 2.9s
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Figure A.6: Distribution of risk signal lengths for protest (left) and car crash (right) scenarios.

The histograms above illustrate the distribution of risk signal lengths across the two primary datasets
used in this study. A “risk signal” is defined as the temporal window during which a model can identify
potential danger before an actual incident occurs.

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.
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A.7 Representative Failure Cases

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

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.
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