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Abstract

Safety-critical traffic reasoning requires con-
trastive consistency: models must detect true
hazards when an accident occurs, and re-
liably reject plausible-but-false hypotheses
under near-identical counterfactual scenes.
We present CCTVBENCH, a Contrastive
Consistency Traffic VideoQA Benchmark
built on paired real accident videos and world-
model-generated counterfactual counterparts,
together with minimally different, mutually ex-
clusive hypothesis questions. CCTVBENCH
enforces a single structured decision pattern
over each video question quadruple and pro-
vides actionable diagnostics that decompose
failures into positive omission, positive swap,
negative hallucination, and mutual-exclusivity
violation, while separating video versus ques-
tion consistency. Experiments across open-
source and proprietary video LLMs reveal a
large and persistent gap between standard per-
instance QA metrics and quadruple-level con-
trastive consistency, with unreliable none-of-
the-above rejection as a key bottleneck. Finally,
we introduce C-TCD, a contrastive decoding
approach leveraging a semantically exclusive
counterpart video as the contrast input at infer-
ence time, improving both instance-level QA
and contrastive consistency.

1 Introduction

Vision—language models (VLMs) are increasingly
applied to traffic scene understanding, roadway
monitoring, and language-conditioned perception
and decision making in autonomous driving sys-
tems (Zhou et al., 2024; Cui et al., 2026). However,
current Video-LLMs are prone to hallucinating non-
existent entities or events and to missing subtle but
critical visual cues, while recent multi-modal stud-
ies therefore begin to systematically evaluate and
mitigate such hallucinations (Guan et al., 2024;
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Figure 1: Illustration of the contrastive quadruple eval-
uation protocol in CCTVBench. Given a contrastive
video pair (v, v™) and a mutually exclusive question
pair (¢%,¢7), a consistent model should answer Yes
only for (v, ¢™) and reject all other combinations.

Leng et al., 2023; Zhang et al., 2025b). In safety-
critical traffic settings, this behavior manifests as
false alarms and missed hazards that can propagate
into unstable or unsafe downstream decisions. Be-
yond improving per-instance accuracy, it is there-
fore essential to ensure that models exhibit con-
trastive consistency: when the decisive outcome
changes under tightly controlled scene edits, their
predictions must adapt coherently to the underlying
evidence. Concretely, models should behave con-
sistently under scene-matched counterfactual edits,
reject plausible-but-false alternatives, and support
a calibrated none-of-the-above state instead of de-
faulting to overconfident but unsupported answers.

At the same time, most existing traffic video
QA benchmarks evaluate models on isolated video
question pairs and report standard classification
metrics (Qian et al., 2023; Zhou et al., 2025; Xu
et al., 2021; Sima et al., 2023), which provide lim-
ited signal on whether a model maintains a co-
herent decision rule when the decisive outcome
changes while the surrounding scene context is
largely preserved. This leaves contrastive failures
under scene-matched counterfactual edits under-
explored. A model can achieve reasonable per-
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instance accuracy yet still answer Yes on counter-
factual negatives, endorse a plausible distractor on
the same scene, or even accept mutually exclu-
sive hypotheses, all unacceptable for risk-aware
traffic decision making. We therefore introduce
CCTVBENCH, a Contrastive Consistency Traffic
VideoQA Benchmark.

CCTVBENCH is designed to make failures ac-
tionable. Its metric suite measures video and ques-
tion consistency, enforces a strict quadruple-level
decision pattern, reports vision-language sensitiv-
ity, and decomposes failed quadruples into posi-
tive omission, positive swap, negative hallucina-
tion, and mutual-exclusivity violation, as shown in
Fig. 1. This allows targeted diagnosis of whether
errors stem from missed hazard detection on v,
false positives on v~ or confusion between paired
hypotheses. The same counterfactual pairing also
provides a stronger contrast signal at inference time.
We therefore present C-TCD, which introduces the
semantically exclusive counterpart video as a con-
trast input, showing that counterfactual pairs are
not only for evaluation but also effective to improve
consistency. Our contributions can be summarized
as follows:

* We introduce CCTVBENCH, a contrastive
traffic VideoQA benchmark built on real
anomaly footage, with contrastive video and
question pairs across six categories.

* We propose a quadruple evaluation protocol
with a diagnostic suite that measures cross-
video and cross-question consistency and at-
tributes quadruple failures to major patterns.

* We benchmark a broad set of video LLMs
and reveal the gap between classification qual-
ity and contrastive consistency, highlighting
robust rejection remains the main bottleneck.

* We propose C-TCD for inference-time con-
trastive decoding with semantically exclusive
counterfactual pairs, demonstrating that coun-
terfactual video pairs are not only for eval-
uation but also effective to improve model
consistency.

2 Related Work

Traffic and Driving Vision-Language Bench-
marks. VideoQA benchmarks in the traffic do-
main primarily study traffic event-centric reasoning

and multi-agent interactions in real-world mon-
itoring scenarios. SUTD-TrafficQA (Xu et al.,
2021) provides large-scale traffic video QA cover-
ing diverse traffic accidents, while TUMTraffic-
VideoQA (Zhou et al., 2025) studies incident-
centric questions in roadside surveillance footage.
In the driving domain, multiple works (Qian et al.,
2023; Sima et al., 2023; Marcu et al., 2023) ex-
tend VQA to multi-view driving perception, target-
ing instruction-following and reasoning grounded
in driving scenes understanding. Despite existing
contrastive-pair benchmarks in general VQA (Li
et al., 2025; Qiu et al., 2024; Chandu et al., 2024),
neither the traffic nor the driving VideoQA lines
provide benchmarks explicitly designed for con-
trastive consistency evaluation, which is critical for
VLM-based models.

Consistency and Hallucination Evaluation of
Multimodal LLMs. Despite strong generation
and instruction following, multimodal LLMs of-
ten hallucinate non-existent entities or events. In
images, POPE (Li et al., 2023b) proposes a polling-
based protocol for stable hallucination measure-
ment. Some benchmarks and mitigation work fur-
ther motivate evidence-grounded evaluation Guan
et al., 2024; Lee et al., 2024. In the video under-
standing domain, hallucinations are amplified by
temporal ambiguity and long-range dependencies.
VidHal (Choong et al., 2025) evaluates temporal
hallucination via ordering-based probes, while Vid-
Halluc (Li et al., 2025) targets temporally grounded
hallucinations. Complementary to QA-only eval-
uation, contrastive setting formulations naturally
support consistency checks (Liu et al., 2020; Lei
et al., 2020b,a; Xiao et al., 2024).

Controllable Driving World Models. World
models for autonomous driving aim to simulate
or forecast future observations under actions and
interventions. GAIA-2 (Russell et al., 2025) for-
mulates driving world modeling as autoregressive
sequence prediction conditioned on video, text, and
actions. DrivingDiffusion (Li et al., 2023a) syn-
thesizes layout-guided multi-view driving videos
using latent diffusion with cross-view and cross-
frame consistency mechanisms. Drive-WM (Wang
et al., 2024a) generates controllable multi-view fu-
ture videos and explores planning via imagined
rollouts. MagicDrive (Gao et al., 2024) provides
diverse 3D geometry control for street-view gen-
eration and supports multi-view consistency. Re-
cent world foundation model (NVIDIA et al., 2025;
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Zheng et al., 2024) further scales controllable video
world simulation and controllable video editing.

3 CCTVBENCH

In real-world driving, traffic accidents and anoma-
lies are rare corner cases, and we empirically find
that current world models struggle to synthesize
physically plausible accident videos, whereas they
can generate high-quality normal sequences.

3.1 Dataset Curation

As illustrated in Fig. 2, CCTVBENCH is curated to
evaluate faithfulness via contrastive video pairs and
mutually exclusive question pairs. We start from
open-source traffic and driving anomaly datasets
and select representative accident scenes as posi-
tive videos v. For each v/, annotators segment
the clip into three parts, as shown in Fig. 4. A
base segment that does not affect the outcome, key
frames that determine the event trajectory, and a
contrastive segment targeted for counterfactual syn-
thesis. Besides, we run off-the-shelf detectors and
trackers to extract traffic participants and coarse
trajectories across the video. Annotators then re-
fine instance identities and provide scene-level
meta annotations, including involved instances, ma-
jor causes, and critical spatio-temporal relations
among key entities. To obtain minimally different
yet semantically decisive video pairs, we gener-
ate the counterfactual variant v using a driving
world model (NVIDIA et al., 2025). We condi-
tion the generation on the shared base video prefix
and synthesize the contrastive segment such that
the accident does not occur, while preserving lay-
out, illumination, and camera viewpoint as much
as possible. We then temporally align (v}, v])
and apply quality filtering to remove videos with
obvious artifacts, viewpoint drift, and key-entity in-
consistencies, ensuring v, remains a valid negative
control for the target hypotheses.

Given the aligned video pair and the human meta
annotations, we adopt GPT-5 to generate paired
contrastive questions across multiple categories,
spanning event, key entity, temporal, spatial, spatio-
temporal, causal, and counterfactual. We further
constrain s 1O be a plausible but verifiably false
distractor on v;. By design, (q:k, q, ) are mutu-
ally exclusive but not collectively exhaustive: they
cannot both be true, and on the negative-control
video v; we expect both to be false with respect
to the target hypotheses. By construction, each
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Figure 2: Dataset curation pipeline of CCTVBench.

QA pair follows a fixed four-way decision pat-
tern: on the positive video v, the positive question
q:k should be answered Yes while its counterpart
sk should be Noj; on the counterfactual negative-
control video v, both questions should be an-
swered No. Finally, we conduct human validation
and remove samples with generation artifacts, se-
mantic mismatch, viewpoint drift, key-entity incon-
sistency, or ambiguous question grounding, yield-
ing the finalized dataset. This review ensures that
each (v, v™) pair remains a valid contrastive con-
trol and that each question pair is visually grounded
and mutually exclusive.

3.2 Dataset Overview

CCTVBENCH is a contrastive traffic video QA
benchmark with 305 contrastive scenes, 305
positive—negative video pairs v+ and v~, and
1,776 mutually exclusive question pairs, yielding
7,104 binary video question instances across six
categories: Event, Key-Entity, Spatial, Spatial-
Temporal, Causal, and Counterfactual.

Fig. 3 (left) summarizes the distribution of high-
level crash types such as rear-end, T-bone, and
sideswipe across various accident video datasets
(Fang et al., 2019; Chan et al., 2016; Bao et al.,
2020), covering a broad range of recording sources.
Fig. 3 (right) shows the question vocabulary, domi-
nated by accident-centric words such as car, vehi-
cle, and collision.

3.3 Counterfactual Quality and Reliability

We quantify generator-induced bias and distribu-
tion shift in counterfactual videos using two com-
plementary analyses: artifact leakage and distribu-
tional similarity.

Artifact Leakage. Using frozen R3D-18 features
and a linear classifier, distinguishing counterfac-
tual from real videos yields near-chance perfor-
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Figure 3: Left: Distribution of event types from various
sources. Right: Word cloud of event scene caption.

mance (AUC 56.7%, accuracy 53.6%), indicating
that counterfactual videos do not exhibit strong
generator-specific artifacts that could be exploited
as shortcut signals.

Distributional Similarity. We measure FVD and
FID between counterfactual and real videos. Coun-
terfactual videos are substantially closer to real
accident videos (FVD 22.44, FID 32.63) than to
unrelated normal driving footage (FVD 35.73, FID
105.00), suggesting a moderate distribution shift.

Overall, these results indicate that generator-
induced bias is limited and that counterfactual
videos remain reasonably aligned with the real data
distribution.

3.4 Contrastive Consistency Evaluation

The core of CCTVBENCH is a contrastive quadru-
ple structure that evaluates whether a model can
maintain a coherent decision pattern across con-
trastive paired videos and mutually exclusive ques-
tions. Let K, be the number of question pairs for
scene s, Npairs = » , /(s the total number of (s, k)
pairs, and ) ; denote summation over all such
pairs. For brevity, we denote the binary outputs

95 =90l ), ol = 9(ef a0,
SO O O (D
Usr =005 a53)s Usrp = 0(v5,a5)

with g(+) € {0, 1} denoting the final binary pre-
diction.

Quadruple Correctness. The benchmark is con-
structed such that each contrastive quadruple has
a single consistent semantic pattern: q+k is true
only on v s s, is false on both videos, and v,

a genuine none-of-the-above counterfactual. We
count a pair (s, k) as fully consistent only if the
model recovers the entire pattern:

QuadCr() =1[g T =1A§T =0Ag T =0A§~ =0],

QuadAcc =

QuadCr(s, k)

pairs "

(@)

QuadAcc therefore measures how often a model
simultaneously detects the target event in the posi-
tive video, rejects the mutually exclusive alternative
on the same scene, and assigns negative answers to
both hypotheses on the counterfactual video. Un-
like single-video accuracy, it only gives credit when
the entire contrastive VQA pair is correct, making
it the strictest consistency metric in our benchmark.

Video Consistency. Video consistency evaluates
whether model predictions genuinely respond to
changes in the video when question is kept fixed.
We therefore consider two complementary quanti-
ties. For positive query ¢, the desired behavior
is a clean transition from Yes on the positive video
v to No on the counterfactual vy

Contr@q* = 51—

palrs

1[ysk_1/\ysk _0] (3)

For the mutually exclusive alternative query ¢,
the model should consistently reject the hypothesis
on both videos:

Reject@q™ = Nplnirs Z 1 [?JS r =0A :’;s_k_ = 0] “)

In the tables, Video Consistency is reported as
the average of Contr@q™ and Reject@q ™, summa-
rizing how reliably a model exploits the contrast
between vl and v, under fixed queries, both re-
quired by the quadruple pattern.

Question Consistency. Question consistency, in
turn, probes whether the model separates the two
linguistic hypotheses q*k and q*k when the video
is fixed. On the positive video v, the desired pat-
tern is to endorse the target proposition and reject
its mutually exclusive alternative:

Contr@v* = Npla;rs Z 1 [ys ko =1A ys k - O] (5)

On the counterfactual video vy, both formula-
tions should be rejected:

Reject@v™ = ﬁ Sk i =0Ag =0] (6)

21668



Contrastive 5

QAs ( 7 % Did a head-on collision occur | Did a rear-end collision occur ‘ ;‘ou;fe Could the collision have been Could the collision have been |
Positive | Event between the silver car and the | between the silver car and the | el avoided if the silver car had avoided if the silver car had
Question | 4 ego vehicle? ego vehicle? J Z ) yielded? accelerated? )

—— / 2
I!g s qfinlg Was the silver car turning left || Was the silver car turning left = | éi Was the silver car to the left | = Was the silver car to the right |
Tern el while being to the left front of | while being to the right front of Spatial ‘ front of the ego vehicle during | front of the ego vehicle during
Negative | /i, thelegolvehicles the ego vehicle? | the collision? the collision? )
| -
; \ . . Er®

uestion o)

Q K . Was ‘I’hzlsdver car g fery Was the red car involved in the | | ‘Was the collision caused because Was the collision caused because
ey Entity| involved in the collision with the i A Causal ¢ = 4 | : %
| ego vehicle? collision with the ego vehicle? the silver car did not yield? | the ego vehicle was speeding?
At !

Positive |

Video

=
Negative

Video

Contrasti

or\;i:zzswe Key Frames Contrastive

Figure 4: Quadruple Example of CCTVBench with contrastive video pair (v}, v;") and corresponding contrastive

question pairs (q:k, q, ;) across different categories.

We report Question Consistency as the average
of Contr@v™ and Reject@v ™, balancing mutual-
exclusivity handling on v and none-of-the-above
rejectionon v .

Global Classification Metrics. To relate this
contrastive protocol to standard QA performance,
we additionally report balanced accuracy (BaAcc)
and a squashed Matthews correlation coefficient

MCCScore = (%)2 (7

computed over all VQA instances. MCCScore fol-
lows the setting of Scoreqs in (Li et al., 2025).
Both summarize plain binary classification quality
on our data, while the contrastive metrics above
reveal how that quality decomposes when video
and question are systematically perturbed.

3.5 Behavior Diagnosis

Contrastive consistency scores indicate whether a
model succeeds on a quadruple, but not how it fails.
To analyze typical error patterns in traffic reasoning,
we introduce two diagnostic families tailored to our
setting: failure-mode decomposition over failed
quadruples, and vision-language sensitivity within
the same quadruple structure.

Failure Mode Decomposition. To expose the
typical failure reasons of existing Video LLMs, we
focus on the subset of failed question pairs F' and
decompose them into 4 major failure modes: posi-
tive omission, positive swap, negative hallucination,
and mutual-exclusivity violation. For each failure
mode, we report its failure rate as the proportion of
(s, k) € F that satisfy the corresponding condition.

Positive omission measures how often the model
misses the target hypothesis on positive video v :

PosOmiss = |—}T| S 1[gtt =0] ®)

Positive swap measures how often the model
answers Yes to ¢, on positive video v

PosSwap = ﬁ Sigt =1] ©)

Negative hallucination quantifies violations of
the none-of-the-above requirement on v; :

NegHall = ﬁ S1gt=1vy =1 (10)

Mutual-exclusivity violation measures how often
the model simultaneously breaks mutually exclu-
sive hypotheses on the same video, both on v and

v, -

MEViol = 4 3 1[(g++ —IAgt =)V (Tt =1A = 1)]
(1)
Note that a failed pair can satisfy multiple reasons,
so the 4 failure rates are not mutually exclusive and
do not necessarily sum to 1.

Vision-Language Sensitivity. Vision-language
sensitivity metrics show how strongly model pre-
dictions depend on visual evidence or textual
modality. Video sensitivity (VS) measures the ef-
fect of swapping v} and v, under the positive
query:

VS =+

pairs

Sl Uin — Uk | (12)

while question sensitivity (QS) measures the effect
of swapping qjk and ¢, on the positive video:

QS = m Zapliii — o] (3
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We aggregate them into a visual reliance index
and a global vision-language balance score:

VRI = %

(14)

VRI quantifies the relative reliance on the video
modality, whereas GVRS captures joint sensitivity
to both visual changes and question wording. It
attains high values only when the model reacts
strongly to perturbations in both the vision and
language branches.

SVE = xbo S, 1[G #9550 A G = 57)]
15)
To capture more selective visual grounding, we
additionally report the selective video effect (SVE),
which counts cases where changing the video flips
the answer only for the positive query ¢+ while
leaving responses to ¢~ unchanged.

4 Experiments

4.1 Models

We evaluate a diverse set of video LLMs span-
ning multiple well-known VLMs. Our open-source
lineup includes InternVL3.5 (Wang et al., 2025),
Qwen2.5-VL (Bai et al., 2025b), Qwen3-VL (Bai
et al., 2025a), PLLaVA (Xu et al., 2024), Vide-
oLLaMA3 (Zhang et al., 2025a), VideoChatGPT
(Maaz et al., 2024), and phi-4-multimodal (Mi-
crosoft et al., 2025). We also include proprietary
API-based models from Gemini-2.5 (Comanici
et al., 2025) and GPT-5 (OpenAl et al., 2024), i.e.,
Gemini-2.5 flash/flash-lite; GPT-5 mini/nano.

4.2 Experimental Setup

All open-sourced models are evaluated under a uni-
fied binary QA interface. Each query is format-
ted with the instruction: You are given a traffic
video and a question. Answer based only on the
video with exactly one word: Yes or No. Question:
{QUESTION}. We instruct the model to answer
with a single word (Yes or No) and map the out-
put to a binary label. We use the default model
decoding strategy with a temperature as 0. For
proprietary models, we run the model in a video-
level batch to reduce the cost of closed-source API
evaluations, while then parsing each QA as an in-
dependent binary response.

4.3 Contrastive Decoding Inference

Recent work has shown that training-free con-
trastive decoding can mitigate hallucinations in

W Positive Omission

Positive Swap W= Negative Hallucination ~ mss ME Violation

Proportion (%)

Figure 5: Normalized four failure-mode composition
across various models.

large VLMs by contrasting the output distribu-
tions of an original input with those of a deliber-
ately degraded counterpart during inference. There-
fore, we follow VCD (Leng et al., 2023) and
TCD (Zhang et al., 2025b) to examine how these
methods behave under our contrastive evaluation
protocol. Building on the paired counterfactual
videos provided by our benchmark, we additionally
present contrastive temporal contrastive decoding
(C-TCD). Instead of constructing the contrast input
by generic visual corruption or temporal degrada-
tion, C-TCD uses the semantically exclusive coun-
terpart video from the same scene as the contrast
signal. At each decoding step t for a query (v, q),
we obtain logits under the original video 2§ and

under a contrastive video z;°", and fuse them as

2= (1+a)z — azon

16)

where o > 0 controls the contrast strength and
a = 0 reduces to vanilla decoding.

The three variants differ in how 2z{*" is con-
structed. VCD and TCD rely on heuristic degrada-
tions of the same input video. In VCD, 2" is com-
puted on a visually corrupted video v, 4 obtained
by injecting diffusion noise into frames, which pre-
serves coarse layout but removes fine-grained evi-
dence. In TCD, z{°" is computed on a temporally
degraded video v, produced by strong temporal
downsampling, which blurs temporal cues while
keeping appearance largely intact.

In contrast, C-TCD uses a semantically deci-
sive, scene-matched counterpart video provided by
CCTVBENCH. We compute z;{°" on the paired
counterfactual video from the same scene, denoted
Vg for a positive video v~ we use its paired neg-
ative v}, and for v, we use v;. C-TCD therefore

21670



Table 1: Quadruple-consistency evaluation on CCTVBENCH. All values are percentages. Each entry is reported as
mean with confidence interval, where the interval is the larger absolute deviation, in percentage points, between the
mean and the upper bound of the 95% bootstrap confidence interval.

Video Consistency

Question Consistency

Model Size BaAcet  MCCScoret QuadAcct
Contr@q+1T Reject@q-T Overallf Contr@v+! Reject@v-1  Overall
Open-source Models
InternVL3.5 2B 13.0541.05 63.79+1.76 38.4241.06 24.23+157 53.5441.77  38.88+1.01 58.46+0.97 33.17+1.02 7.05+0.08
InternVL3.5 8B 20.884+1.45 64921177  42.90+1.06 38.58+181 48491183 43.5311.00 64.851110 39.89:104 11.381116
PLLaVA 7B 8.89+1.04  80.7541.45 44.8240.74 22351147 68954162 45.65+0.74 57.3840.00 33.354+1.04  3.90+0.71
PLLaVA 13B 13.87+1.26  66.67+1.68 40.2740.95 29.06+1.58 52.3941.84 40.73+0.94 59.8111.09 34.7041.14  6.1940.90
Qwen3-VL 2B 17.0241.37  63.5141.77  40.2641.00 34.214170 479441176 41.0740.90 62.9611.01 37.77T+1.08 7.62+0.08
Qwen3-VL 8B 13.014+1.26 91.05+103 52.031075 27.85+165 76.38+1540 52114074 60.2641.00 38.624126 10.6541.13
VideoLLaMA3 2B 21.654+1.40 31.164166 26411111 274441620 28.284163 27.86+1.13 55.38+1.17  29.89+1.10 6.48 10 .88
VideoLLaMA3 7B 20.04 41 .48 36.8041.78 28.4247112 36.411184 21.814749 29.1147113 58.471196 32914104 6.5810.92
VideoChatGPT 7B 16.21i1_32 21-45i1.50 18.83i1_01 18.59i1_50 19.8111_41 19»2011.01 49.8511_14 24.87i1_02 4-13i0A71
Phi-4-Multimodal 14B 11.2341.16  40.07+1.83 25.6541.01 27.26+1.67 25.38+152 26.3241.02 57.0741.09 31.6141.07 2.9240.60
Proprietary Models
Gemini-2.5 flash 24481148 83.79+1.32 54.1340.99 55564175 48.9141.75  52.2441.10 69.6641.18  46.4341.45 20.87+1.39
Gemini-2.5 flash-lite  21.4311.46 86.9541125 54.1940.94 59.421179 48.86+1.86 5H4.1440.93 70.3741.16 47.714139 18.2841.39
GPT-5 nano 13.924127 91.194103 52554081 26.244+158 68.39+166 47.3141.00 57.4641.04 34.434+135 12.6041.18
GPT-5 mini 29.07+166 87.131126 58104104 56.64+1885 55471176 56.05+108 T70.43+123 48431156 25.8541157

replaces generic corruption or temporal degrada-
tion with an aligned counterfactual contrast signal,
which directly matches the benchmark design and
provides a more targeted semantic regularizer at
inference time.

Assumptions and interpretation. C-TCD is a
training-free inference-time calibration method. It
does not modify model parameters or improve in-
trinsic visual representations, but instead adjusts
prediction confidence using semantically matched
counterfactual evidence. It does not assume that
the counterfactual video perfectly replicates the
original scene with only the target signal removed.
Instead, it relies on a weaker condition: the coun-
terfactual reduces causal evidence for the positive
hypothesis while preserving most background con-
text. Under this setting, the logit difference be-
tween the original and counterfactual inputs acts as
a contrastive calibration signal.

4.4 Results and Analysis

Statistical Reliability. To quantify statistical re-
liability under the benchmark scale, we perform
scene-level bootstrap resampling with 2,000 repli-
cates and report 95% confidence intervals for all
metrics. Across models, interval widths are typ-
ically around 1-2 percentage points, indicating
low variance. For example, GPT-5-mini achieves
a QuadAcc of 25.85% with a 95% CI of [24.32,
27.42], while its video consistency and question
consistency are 58.10% [57.07, 59.14] and 56.05%
[54.98, 57.12], respectively. We further evalu-
ate ranking stability under bootstrap resampling
and observe that model rankings remain consistent,

with GPT-5-mini ranked first on QuadAcc across
resampled datasets.

Large gap between global classification and con-
trastive consistency. Tab. 1 shows that most
models reach moderate binary QA quality, with
BaAcc commonly in the 50-70% range and
non-trivial MCCScore, yet QuadAcc remains
low across the board. For open-source models,
QuadAcc is typically below 12%, and even the best
open-source entries only approach low double dig-
its despite BaAcc around 60% and above. The gap
is also visible among proprietary models, which
indicates that many models can produce plausible
answers for isolated video question instances, but
do not implement a stable decision rule that gener-
alizes across the structured quadruple.

Video and question consistency expose dis-
tinct weaknesses. The consistency breakdown
in Tab. 1 reveals two common behaviors. First,
several models achieve very high Reject@q™ but
low Contr@q™, meaning they reliably reject the
mutually exclusive alternative yet frequently miss
the true event on v*. Second, other models show
stronger Contr@v ™ but weaker Reject@v—, mean-
ing they can separate q* from q~ on the positive
video but still produce excessive Yes answers on
the counterfactual video, violating the none-of-the-
above requirement.

Failure-mode composition across models.
Fig. 5 decomposes failed quadruples into four
failure patterns. Model size affects the omission-
hallucination balance but not in a consistent
direction across families. Within GPT-5, the

21671



CAUSAL

Rt
SPATIAL_TEMPORAL 10% Qs\nmcrum SPATIAL_TEMPORAL
\
SPATIAL \/// EVENT

KEY ENTITY
—+— PLLaVA-7B
—— InternVL3.5-2B —+— Qwen3-VL-2B

VideoLLaMA3-2B VideoLLaMA3-7B

(a) Small models

CAUSAL

KEY ENTITY

(b) Medium models

CAUSAL

SPATIAL_TEMPORAL , 23% Qs\nmcrum
/\15

KEY ENTITY

13:'$S\R FACTUAL

—e— InternVL3.5-88 —+— PLLaVA-13B
—+— VideoChatGPT-78 —+— Qwen3-VL-8B

—+— phi-a-multimodal-148 —+— gpt-5-nano

—+— gemini-2.5-flash

gemini-2.5-flash-lite —s— gpt-5-mini

(c) Large/commercial models

Figure 6: Category-wise QuadAcc radar plots for (a) small, (b) medium, and (c) large/commercial model groups.

Table 2: Vision-language sensitivity and binding diag-
nostics across models on CCTVBENCH. All values are
percentages. Values are reported as mean percentages,
with 95% bootstrap confidence intervals estimated by
bootstrap. Shaded cells indicate the best result within
each model group, and boldface marks the best overall
result in each column.

VL Sensitivity & Binding Diagnostics

Model Size
VST QST GVRS?T SVE?T
Open-source Models
InternVL3.5 2B 16.05 29.92 20.79 10.69
InternVL3.5 8B 2775 36.11 31.27 14.41
PLLaVA 7B 16.33 3045 21.14 9.35
PLLaVA 13B 18.02 3042 22.53 10.30
Qwen3-VL 2B 20.34 29.08 23.82 11.01
Qwen3-VL 8B 1636 29.03 20.84 14.02
VideoLLaMA3 2B 40.89 4254 41.61 23.27
VideoLLaMA3 7B 38.06 48.13 42.41 21.01
VideoChatGPT 7B 31.92 31.61 31.67 16.63
Phi-4-Multimodal 14B 19.08 3436 24.42 13.41
Proprietary Models
Gemini-2.5 flash-lite 25.70 83.71 39.25 18.32
Gemini-2.5 flash 36.06 63.70 4598 31.38
GPT-5 nano  33.00 40.68 36.36 28.68
GPT-5 mini 36.67 68.67 47.74 30.97

smaller variant becomes markedly more conser-
vative and fails mainly by Positive Omission,
while the larger variant shifts toward Negative
Hallucination. In Qwen3-VL, scaling to 8B
also increases Positive Omission, suggesting
that improved fluency or safety calibration can
collapse decisions toward No rather than improving
contrastive binding.

High reactivity does not imply correct binding.
Regarding sensitivity diagnostics, Tab. 2 shows
that strong modality sensitivity alone is insufficient.
VideoLLaMA3 attains the highest VS and QS, and
also leads on SVE among open-source models, in-
dicating that its predictions change substantially
under controlled swaps. Yet its QuadAcc in Tab. 1

Table 3: Effect of contrastive decoding variants on clas-
sification and quadruple consistency. Subscripts denote
signed change relative to Base.

Model Decoding  BaAcct ScoreqsT  QuadAcce?
Base 62.96 37.77 7.62
VT VCD 58.76_4.20 33.19_458 8.46.035
QWCH3 VL 2B TCD 63.564»()‘6() 38-18+(J,11 7.567(),()6
C‘TCD 65.84+288 40.69+2,92 9-85+2,z3
Base 60.26 38.62 10.65
VT VCD 63.2042.05 39.6911.06 14.6243.097
Qwen3-VL-8B - pcp 61.82.1 56 30.62.1 00 12.70.205
C-TCD 64.82, 456 43.0314.41 18.6317.97

remains limited, suggesting that the direction of
these changes is often misaligned with the con-
trastive constraints. Besides, GPT-5-mini combines
high GVRS with the highest SVE and also achieves
the best QuadAcc. Gemini-2.5-flash-lite shows ex-
tremely high QS but weaker QuadAcc, consistent
with over-reacting to wording differences without
reliably enforcing rejection on v~

Category-wise analysis highlights persistent
gaps in counterfactual and causal reasoning.
Fig. 6 summarizes QuadAcc by question category.
Key-Entity tends to be the easiest, likely because
it reduces to identifying salient participants and
outcomes in accident scenes. Event and Spatial
categories are intermediate. Counterfactual and
Causal remain consistently hard, because they re-
quire rejecting plausible hypotheses on counter-
factual videos and resisting language priors that
associate accident scenes with stereotypical causes.
Proprietary models excel across all categories, but
the radar shapes still show imbalance, with most
models concentrating successes in a subset of cate-
gories rather than achieving uniform consistency.

Contrastive decoding benefits most from seman-
tically decisive counterfactual pairs. Tab. 3
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compares training-free contrastive decoding vari-
ants on Qwen3-VL. VCD can improve QuadAcc
but may reduce BaAcc and Scores, indicating that
visually corrupted negatives can over-suppress use-
ful evidence in strict Yes/No classification. TCD
yields smaller and less consistent gains. C-TCD
improves all reported metrics simultaneously and
produces the largest QuadAcc gains. These results
suggest that using a semantically exclusive counter-
part video provides a more targeted contrast signal
than generic corruption or temporal degradation,
aligning well with the benchmark’s design.

4.5 Discussion

Why QuadAcc is hard: enforcing none-of-the-
above without collapsing to conservatism. The
quadruple protocol is intentionally asymmetric: ¢
is true only on v, while both questions must be
rejected on v~. Fig. 5 shows that many models do
not handle this none-of-the-above state robustly. A
common pattern is that rejecting ¢~ is much easier
than answering ¢ correctly. The other bottleneck
is rejecting both questions on v~. Even strong
models with high Contr@v™ still leak Yes on the
counterfactual, and lead to QuadAcc fail.

Language priors vs. visual grounding: im-
balance shows up differently across metrics.
Strong language grounding yields reasonable
BaAcc, since many queries align with accident pat-
terns and can be answered from text priors alone.
However, when decisions are driven mainly by
question wording and not by the video, QuadAcc
remains low, because predictions fail to flip cor-
rectly across v* and v~. In contrast, models
with stronger visual grounding react more to video
changes and can better separate positive and coun-
terfactual scenes, which helps QuadAcc, but they
still lose contrastive consistency if they do not dis-
tinguish mutually exclusive formulations. High
BaAcc, therefore, does not imply high QuadAcc
unless visual evidence and language understanding
are jointly calibrated, as reflected by GVRS and
SVE in Tab. 2.

Implications: Counterfactual world modeling is
useful beyond evaluation. The consistent gains
of C-TCD indicate that counterfactual pairs can
serve as a strong inference-time anchor. More
broadly, they suggest an interesting direction: align
models using paired (v, v~ ) with objectives that
explicitly enforce mutual exclusivity on v™, rather
than relying solely on single-video QA supervision.

It also shows that driving world models facilitates
model consistency ability, leveraging contrastive
video pairs.

Benchmark scope. CCTVBench is a controlled
contrastive benchmark rather than a large-scale dis-
tributional dataset. It focuses on event-level paired
scenes with minimal counterfactual edits, preserv-
ing causal structure but limiting coverage of long-
tail driving scenarios. Compared to existing traffic
VideoQA benchmarks that emphasize large-scale
QA under natural distributions, CCTVBench pro-
vides a complementary setting for evaluating con-
sistency under near-identical counterfactual condi-
tions, trading coverage for diagnostic precision.

5 Conclusion

We introduced CCTVBENCH, a contrastive traf-
fic VideoQA benchmark built from real accident
footage paired with generated counterfactual nor-
mal videos. The contrastive quadruple protocol en-
forces a single coherent decision rule and explicitly
probes calibrated rejection under minimal scene
changes for risk-aware reasoning. We also provide
actionable diagnostics that separate cross-video and
cross-question consistency and attribute failures
to 4 failure patterns. Experiments across diverse
video LLMs reveal a persistent gap between per-
instance classification scores and quadruple-level
contrastive consistency. We further proposed C-
TCD, showing that semantically contrastive video
pairs serve not only as an evaluation construct but
also as an effective inference-time contrast signal
that improves consistency without retraining.

Limitations

CCTVBench has several limitations. First, counter-
factual negatives are generated using a single driv-
ing world model, as our setting requires temporally
consistent video-conditioned generation with stable
camera geometry, which is not supported by most
publicly accessible alternatives. Although we miti-
gate artifacts through filtering and human review,
some generator-specific bias may remain. Second,
the benchmark scale is constrained by the cost of
collecting rare accident scenes and constructing
paired counterfactuals, limiting statistical cover-
age and external validity. Third, ensuring strictly
mutually exclusive yet not collectively exhaustive
video-text pairs is challenging, and some residual
ambiguity may persist despite manual validation.
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A Appendix
A.1 Additional Related Work

Recent work has moved beyond generic VQA ac-
curacy to explicitly probe faithfulness, meaning an-
swers must be grounded in visual evidence, and to
diagnose hallucination. Early image-centric bench-
marks (Sun et al., 2023; Chen et al., 2024; Qiu
et al., 2024) typically evaluate models via LLM-
based judging or curated prompts, focusing on ob-
ject, attribute, and relation errors. A clear trend is
the use of paired or controlled questions for con-
sistency evaluation under minimal linguistic per-
turbations (Guan et al., 2024; Chandu et al., 2024),
which contrastive QA settings that expose strong
language priors and poor calibration on unanswer-
able cases. Video-based domain is less explored
but rapidly emerging (Wang et al., 2024b; Zhang
et al., 2025b; Seth et al., 2025). However, most
faithfulness benchmarks remain single-image or
single-video centered. They measure whether a
model answers each query correctly, but do not
enforce a global decision pattern across mutually
exclusive conditions.

As summarized in Tab. 4, most existing video
faithfulness datasets still lack scene-matched coun-
terfactual video pairs that differ only in the critical
event, which is essential to disentangle genuine vi-
sual grounding from plausible narrative completion.
In parallel, traffic and autonomous driving VQA
benchmarks have grown in scale and diversity (Xu
et al., 2021; Zhou et al., 2025; Qian et al., 2023;
Xie et al., 2025; Fruhwirth-Reisinger et al., 2025).
These benchmarks primarily emphasize capabil-
ity in scene understanding, multi-agent reasoning,
and planning-related queries via multiple-choice or
mixed-format VQA, but they are not designed for
contrastive faithfulness evaluation.

A.2 Data Distribution and Statistics

CCTVBENCH contains 7,104 binary video-
question instances, comprising 305 positive
videos and 305 paired generated negative
videos. The benchmark is organized into 1,776
complete contrastive quadruples, where each
quadruple includes four instances (v™,q"),
(vt,q7), (v™,q¢"), and (v™,q"). All samples
fall into six categories: event, key_entity,
spatial, spatial_temporal, causal, and
counterfactual. The dataset is strictly paired
with equal numbers of positive and negative videos
and has 100% quadruple coverage.
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Figure 7: CCTVBench dataset statistics.

Fig. 7 summarizes several basic properties of
CCTVBENCH. Fig. 7 (a) plot reports the distribu-
tion of clip durations across major anomaly types,
showing that most clips concentrate around a short
time window with a long tail of longer scenarios.
Fig. 7 (b) plot compares question length across
the six categories, indicating that the paired ques-
tions are concise and largely consistent in length,
with moderate variation depending on whether the
category emphasizes entities, spatial relations, or
temporal descriptions. Fig. 7 (c¢) plot visualizes
the overall question vocabulary as a word cloud,
which is dominated by accident-centric terms such
as collision, and vehicle.

A.3 Dataset Generation Details

CCTVBENCH is constructed via a hybrid pipeline
that couples (i) structured traffic video annotations,
(i) world-model-based counterfactual video syn-
thesis to obtain video pairs, and (iii) LLM-assisted
contrastive caption and QA generation.

Manual meta-data annotation. We annotate
each positive clip v} with visual instance tracks
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Table 4: Comparison of faithfulness-oriented and traffic VQA benchmarks. #Ques = #QA pairs ; #lmg/#Video
= unique images / video clips. Eval: LLM = LLM-judge; B-QA = binary QA; MCQ = multiple-choice QA; OE =
open-ended. CP (contrastive pairing): Video CP = contrastive/paired videos; Text CP = contrastive/paired questions.

Benchmark Modality #Ques #Img #Video Eval Video CP  Text CP
Faithfulness VOA benchmarks
MMHal-Bench (Sun et al., 2023) Image 96 96 - LLM X X
EasyDetect (Chen et al., 2024) Image 420 420 - LLM X X
VideoHallucer (Wang et al., 2024b) Video 1,800 - 948 B-QA/OE X v
EventHallusion (Zhang et al., 2025b) Video 711 - 400 B-QA/OE X X
VALOR (Qiu et al., 2024) Image 211 211 - LLM X v
HallusionBench (Guan et al., 2024) Image, Video 1,129 - 346 LLM X v
CertainlyUncertain (Chandu et al., 2024) Image 178,000 - 95,800 VQA X v
EGOILLUSION (Seth et al., 2025) Video 8,000 - 1,400 Closed+Open X X
VidHalluc (Li et al., 2025) Video 9,295 - 5,002 B-QA/MCQ/OE/Sort v v
Traffic VOA benchmarks
SUTD-TrafficQA (Xu et al., 2021) Video 62,535 - 10,080 MQA X X
TUMTraffic-VideoQA (Zhou et al., 2025) Video 85,000 - 1,000 MCQ X X
NuScenes-QA (Qian et al., 2023) Multi-view Image, LIDAR 460,000 34,000 - VQA X X
DriveBench (Xie et al., 2025) Image 20,498 19,200 - VQA X X
STSBench (Fruhwirth-Reisinger et al., 2025) Video 971 - 43 VQA X X
CCTVBench (Ours) Video 7,104 - 610 B-QA v v

and structured scene meta data. We first run RT-
DETR-L (Lv et al., 2024) at 1 fps and ByteTrack
(Zhang et al., 2022) to obtain coarse trajectories,
which annotators refine into consistent instance
identities and key participants, along with hypothe-
sized causes and critical spatio-temporal relations.
Annotators also segment v into base and con-
trastive segment. The resulting track IDs, event
segments, and motion cues constrain downstream
caption and QA synthesis during LLM-assisted QA
generation.

Counterfactual video synthesis. To construct
minimally different yet semantically decisive video
pairs, we leverage NVIDIA Cosmos Predict-2
Video2World-2B to synthesize a counterfactual
video v, in which the accident does not occur
while preserving layout, illumination, and camera
viewpoint as much as possible. We condition gen-
eration on the preserved prefix using a small set
of conditioning frames, typically five, and falling
back to one when the prefix is short. We execute
generation at 720p by default, and use 16 frames
per second for videos with sufficiently high frame
rates and 10 frames per second otherwise. We show
view-specific safe prompts in Fig. 8 and negative
prompt in Fig. 9.

For long videos, we perform auto-regressive
multi-segment generation with a maximum seg-
ment length of 5 seconds and re-condition each
segment on the last conditioning frames from the
previous segment. Prompts are selected based on
the camera view, driving or roadside, to encour-

Safe prompts

SAFE_PROMPTS = {
"driving": [
"Continue the driving scene with
smooth, normal traffic flow. "
"Show vehicles moving safely and
predictably without any accidents, "
"collisions, or traffic violations.”,
:ly
"roadside": [
"Continue the roadside view showing
normal traffic passing by safely. "
"Maintain the fixed camera position
with smooth vehicle movements and "
"no traffic incidents. The objects
in the scene remain in the same "
"relative positions”,

Figure 8: Safe prompts for counterfactual video synthe-
sis

age normal continuation without collisions or vi-
olations, while a negative prompt list suppresses
failure modes such as reckless behavior, anoma-
lies, and temporal artifacts. After synthesis, we
remove duplicated conditioning frames at segment
boundaries, normalize the two videos to a consis-
tent frame rate and resolution, and match their du-
rations by truncating both videos to the shorter one,
yielding temporally aligned pairs for contrastive
evaluation.
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Negative prompt

NEGATIVE_PROMPT = (
"reckless behavior, traffic jam,
emergency vehicles, police chase, road
rage, speeding, illegal maneuvers, "
"traffic anomaly, traffic anomalies,
anomaly, anomalies, inconsistency,
inconsistencies, temporal inconsistency,
temporal artifacts”

Figure 9: Negative prompt for counterfactual video
synthesis.

A.3.1 Category-wise Breakdown of Main
Results

Fig. 12 summarizes the category-wise classifica-
tion score Score.js. Across model groups, BaAcc is
comparatively high and shows a relatively smooth
profile across Event, Spatial, Spatial-Temporal, and
Key-Entity, indicating that many models can reach
moderate instance-level QA quality when evaluated
independently. However, the consistency-oriented
views in Fig. 13 and Fig. 14 expose much sharper
category gaps and model separations. Key-Entity
is the most stable category across groups, while
Causal and Counterfactual remain the most chal-
lenging and also exhibit the largest variance across
models, consistent with the benchmark requirement
to reject plausible-but-false hypotheses under near-
identical counterfactual scenes.

Within open-source models, the medium group
shows the clearest stratification. Qwen3-VL-
8B presents the most uniformly high profiles in
both question and video consistency, whereas
VideoChatGPT and Phi-4-Multimodal display con-
sistently low and uneven shapes, suggesting that
improvements in standard QA accuracy do not
necessarily translate into stable contrastive deci-
sion patterns. The small-model group further high-
lights this mismatch: despite moderate BaAcc. For
commercial models, the group shows substantially
more balanced radar shapes in consistency metrics,
with GPT-5-mini and Gemini-2.5 variants maintain-
ing stronger and more uniform performance across
categories, while GPT-5-nano remains weaker and
less stable, especially on the harder Counterfactual
and Causal axes.

A.3.2 Detailed Contrastive Decoding Results

Fig. 10 reveal that contrastive decoding improves
standard QA scores but is not always aligned with

Score (%)

Quad Balanced Precision Recall Fl MCC Score_cls
‘Ace Accuracy

Figure 10: Qwen3-VL contrastive decoding compari-
son.

Figure 11: Grouped bar charts for Qwen3-VL-7B con-
trastive decoding methods, Quad Acc and classification
metrics.

quadruple consistency. On Qwen, C-TCD yields
the strongest overall gains, increasing QuadAcc
while also improving balanced accuracy, F1, MCC,
and Score.s. The main effect is a large boost
in recall, which indicates that Qwen is partially
omission-limited on positive scenes and benefits
from a semantically decisive contrast signal pro-
vided by the paired counterfactual video. In com-
parison, VCD and TCD also raise recall but re-
duce precision more noticeably, suggesting that
generic corruption or temporal degradation can
over-suppress useful evidence and shift the deci-
sion boundary in a less targeted way than C-TCD.

A.3.3 Hyperparameter Analysis of
Contrastive Decoding

Fig. 15 analyzes the effect of the contrast strength
a for Qwen3-VL-2B under VCD, TCD, and C-
TCD. Overall, C-TCD is the most a-sensitive but
also the most rewarding: increasing « steadily im-
proves both video consistency and question con-
sistency, and these gains translate to higher Bal-
ancedAcc and QuadAcc up to a clear sweet spot
around o ~ 0.75-1.0. Beyond this range, perfor-
mance drops across metrics, suggesting that overly
strong contrast begins to over-suppress valid ev-
idence and destabilizes the strict quadruple deci-
sion pattern. TCD is comparatively stable across
a with modest fluctuations, indicating that tem-
poral degradation provides a weaker and less tar-
geted contrast signal, so scaling « yields limited
returns. In contrast, VCD degrades as « increases,
with both consistency scores and QuadAcc trend-
ing downward, which is consistent with visually
corrupted negatives becoming increasingly harm-
ful when their influence is amplified. These results
support using a moderate contrast strength for reli-
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Figure 14: Category-wise video consistency radar plots for small, medium, and large/commercial model groups.

able improvements, and they further highlight that
semantically decisive counterfactual pairs make C-
TCD substantially more effective and tunable than
generic corruption or temporal degradation.

A.4 Qualitative Results

Fig. 16 shows an intersection scenario with a T-
bone collision between the black car and the ego
vehicle in the positive video, paired with a coun-

terfactual negative where the collision is removed.
The quadruple structure exposes two common in-
consistencies: some models correctly fire on the
target event but still answer Yes on the counterfac-
tual negative under the same query, while others
confuse the mutually exclusive alternative collision
type and trigger a false positive on the rear-end hy-
pothesis on the same scene. The spatial and spatial-
temporal pairs further reveal brittle left-right and
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front-behind grounding under near-identical views,
where models may change answers across videos
but in the wrong direction.

Fig. 17 presents a snowy road case where the
silver car’s turning maneuver is central to the
accident trajectory. This scene highlights how
temporal-localized motion cues and turning intent
can dominate the downstream causal and counter-
factual questions: even when models reject the
alternative event type, they may still fail the none-
of-the-above requirement by producing affirma-
tive answers on the counterfactual negative for
maneuver-dependent or explanation-style queries.
The case illustrates that counterfactual and causal
questions are especially sensitive to subtle premise
mismatches and to ambiguity in what visual evi-
dence is sufficient to justify a causal attribution.

Fig. 18 shows an urban scene involving a red
motorcycle, where the target event is a head-on
collision in the positive video and the paired neg-
ative removes the collision while preserving the
surrounding layout. Here, a frequent failure mode
is omission on the positive video, where models
default to No for the target event and propagate
that conservatism to related key-entity and coun-
terfactual questions. At the same time, some mod-
els still hallucinate on the counterfactual negative
for counterfactual-condition queries, suggesting
that plausible textual hypotheses can override the
intended none-of-the-above state even when the
paired video edit removes the critical event.
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Figure 16: Qualitative example 1: Intersection T-bone collision between the black car and the ego vehicle.
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