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Abstract: Video large language models (video-LLMs) have demonstrated impressive capabilities in multimodal
understanding, but their potential as zero-shot evaluators for temporal consistency in video captions remains
underexplored. Existing methods notably underperform in detecting critical temporal errors, such as missing,
hallucinated, or misordered actions. To address this gap, we introduce two key contributions. (1) TimeJudge:
a novel zero-shot framework that recasts temporal error detection as answering calibrated binary question pairs.
It incorporates modality-sensitive confidence calibration and uses consistency-weighted voting for robust prediction
aggregation. (2) TEDBench: a rigorously constructed benchmark featuring videos across four distinct complexity
levels, specifically designed with fine-grained temporal error annotations to evaluate video-LLM performance on this
task. Through a comprehensive evaluation of multiple state-of-the-art video-LLMs on TEDBench, we demonstrate
that TimeJudge consistently yields substantial gains in terms of recall and F1-score without requiring any task-
specific fine-tuning. Our approach provides a generalizable, scalable, and training-free solution for enhancing the
temporal error detection capabilities of video-LLMs.
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1 Introduction

Video large language models (video-LLMs) are
rapidly transitioning from research prototypes to
real-world products, making rigorous and scalable
evaluation indispensable. Although human assess-
ment remains the gold standard, it is slow, costly,
and subjective, prompting a shift toward automated,
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model-based protocols. Building on the success of
the “LLM-as-a-Judge” paradigm for text, the emerg-
ing “Video-LLM-as-a-Judge” framework proposes to
apply powerful video-LLMs to score, rank, and fil-
ter the video captions generated by other video
language models (VLMs) (Zheng et al., 2023; Liu
and Zhang, 2025). Besides offering low-cost, high-
throughput evaluation, this approach accelerates the
evolution of video-LLMs from dialogue systems into
general-purpose multimodal agents with broad appli-
cations in evaluation, alignment, retrieval, and rea-
soning (Bai YS et al., 2023; Lee et al., 2023; Li RS
et al., 2023; Liang et al., 2023; Liao et al., 2024; Xu
et al., 2024).

However, when applied to video-understanding
benchmarks, existing video-LLM judges prove
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unreliable. As illustrated in Fig. 1, directly prompt-
ing them to verify the fidelity of machine-generated
captions often yields incorrect verdicts, particularly
regarding temporal coherence, missing events, hallu-
cinated actions, or misordered sequences. We iden-
tify three underlying causes: (1) an over-reliance on
static spatial cues (e.g., objects and scenes) at the ex-
pense of temporal perspicacity; (2) limited capacity
for multi-hop, high-level reasoning in the temporal
domain; (3) pronounced biases toward textual priors
or visually dominant patterns rather than grounding
decisions on video evidence. These shortcomings,
rooted in both training data and model architecture,
erode the reliability of video-LLM-based evaluation
for temporally sensitive tasks such as event localiza-
tion and action detection.

To mitigate these limitations, we observe that
reducing cognitive load and explicitly weighting
modality evidence make video-LLMs markedly more
attuned to temporal inconsistencies. Building on this
insight, we introduce TimeJudge, a zero-shot proto-
col that boosts a video-LLM’s ability to spot tem-
poral errors in captions. TimeJudge decomposes the
original, open-ended verification task into a sequence
of lightweight binary queries, nudging the model to
inspect fine-grained temporal relations while dynam-
ically calibrating its confidence according to the rel-
ative contributions of visual and textual cues. By
lowering the reasoning burden and steering attention
toward the relevant spatiotemporal evidence, Time-
Judge delivers substantial gains in temporal consis-
tency assessment without any additional training or

task-specific fine-tuning, as illustrated in Fig. 2.
To rigorously benchmark temporal error detec-

tion and validate our method, we introduce the
temporal error detection benchmark (TEDBench).
TEDBench comprises 381 videos paired with 1524
captions containing controlled temporal errors, plus
3048 bidirectional question–answer (QA) pairs that
probe fine-grained temporal reasoning. Videos are
sampled from diverse public corpora something-
something V2 (Goyal et al., 2017), Moments in
Time (Monfort et al., 2020), and Charades (Sigurds-
son et al., 2016). Captions are generated or per-
turbed by GPT-4o through rule-based transforma-
tions and then manually verified. Experiments with
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Fig. 2 Performance with and without TimeJudge.
Five video-LLMs show F1-score gains with Time-
Judge (solid) over the baseline (dashed) on missing
(blue), hallucinated (green), and misordered (red) er-
rors in TEDBench. References to color refer to the
online version of this figure
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Fig. 1 Limitations of the current video-LLMs in temporal error detection. Given a video and a VLM-
generated caption, even advanced video-LLMs such as GPT-4o often fail to detect temporal errors (such as
captions containing missing, hallucinated, or misordered actions) and incorrectly mark them as correct. This
reflects their reliance on textual fluency or familiar visual cues rather than true temporal alignment with the
video
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several recent video-LLMs show that in their default
configurations, these models frequently miss tem-
poral inconsistencies. After applying TimeJudge,
however, they achieve substantially higher accuracy
on TEDBench, underscoring the effectiveness and
generality of our approach.

2 Related works

2.1 MLLM-as-a-Judge paradigm

With the growing comprehension and genera-
tion abilities of LLMs, automatic evaluation has be-
come increasingly feasible. To align model judg-
ments with human standards, researchers estab-
lish the data foundation by integrating existing or
new resources, gathering high-quality human judg-
ments (Wang BS et al., 2023; Deshpande et al.,
2024; Vu et al., 2024), or generating synthetic data
with LLMs to alleviate annotation efforts (Wang
BJ et al., 2024; Wu et al., 2024). Building on
this, methods such as supervised fine-tuning (Li JL
et al., 2023; Wang YD et al., 2023; Xie et al., 2024),
directed optimization (Rafailov et al., 2023; Park
et al., 2024), and meta-rewarding (Wang TL et al.,
2024; Wu et al., 2024) further improve LLM evalu-
ation capabilities. Liu and Zhang (2025) presented
the first systematic study on the “Video-LLM as a
Judge” paradigm, revealing the unreliability of exist-
ing models and introducing agent–debate for stricter
evaluation, albeit requiring reference answers. In
contrast, TimeJudge targets temporal error detec-
tion by refining the evaluation pipeline and guiding
model attention, without relying on reference an-
swers or model fine-tuning.

2.2 MLLM-as-a-Judge benchmarking

Evaluating LLMs-as-a-Judge typically focuses
on specific dimensions, such as the overall perfor-
mance (Zheng et al., 2023; Wang YC et al., 2024),

bias detection (Park et al., 2024; Shi et al., 2024),
reasoning (Tan et al., 2024; Ye et al., 2024), and mul-
tilingual capabilities (Son et al., 2024). Table 1 sum-
marizes recent multimodal judge benchmarks, most
targeting image-based tasks. Chen et al. (2024) pro-
posed MLLM-as-a-Judge, revealing that multimodal
large language models (MLLMs) excel at pairwise
judgment but struggle with scoring and ranking con-
sistency. VL-RewardBench (Li L et al., 2024) cov-
ers multimodal queries, hallucination detection, and
complex reasoning, highlighting deficiencies in basic
visual perception. Wang ZT et al. (2025) introduced
Objective Safety Bench, using diffusion models to
generate rule-violating images for safety evaluation.
Multimodal RewardBench (Yasunaga et al., 2025)
challenges reward models with expert-annotated
data in six domains, exposing reasoning and safety
limitations in state-of-the-art video-LLMs. Pu et al.
(2025) proposed comprehensive cross-modal bench-
marks including video-to-text evaluation, exposing
gaps between model and human judgments. In con-
trast, TEDBench is the first benchmark specifically
focused on temporal error detection in video-LLMs,
assessing models’ ability to judge temporal align-
ment between video and caption and revealing weak-
nesses in handling temporal inconsistencies.

3 TimeJudge framework

In this section, we propose TimeJudge, a zero-
shot framework to verify caption fidelity to video
content and enhance video-LLMs’ ability to de-
tect temporal errors. After defining the task
(Section 3.1), we introduce TimeJudge, which sim-
plifies the judgment process through problem de-
composition (QD) (Section 3.2), calibrates confi-
dence based on modality contribution (Section 3.3),
improves reliability with opposite question pairs,
and aggregates judgments via weighted voting
(Section 3.4).

Table 1 Comparison of our TEDBench with existing multimodal judge benchmarks

Benchmark Modality Scale (×103) Annotation Task

MLLM-as-a-Judge Image 15.45 Human Human-model agreement
VL-RewardBench Image 1.54 Human, LLMs General QA, reasoning, hallucination
Objective Safety Bench Image 1.4 Diffusion models Image safety
Multimodal RewardBench Image 5.21 Human, LLMs General correctness, knowledge, etc.
JudgeAnything Image, video, etc. 9 Human, LLMs Understanding, generation
TEDBench (Ours) Video 3.05 Human, LLMs Temporal error detection
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3.1 Problem formulation

Given a video v, a caption c, and a question q,
our goal is to perform structured judgment in two
parts: (1) determine whether the caption c satisfies
the temporal condition implied by q; (2) identify
which specific temporal constraints are violated, if
any. Formally, we define the evaluation function as
follows:

A(v, c, q) → (s,R), (1)

where s indicates the correct label (either “correct”
or “incorrect”), and R denotes the specific temporal
aspects violated by the inspected caption.

3.2 Question decomposition (QD)

Directly judging caption correctness is challeng-
ing for the current video-LLMs due to the complexity
of temporal understanding. To reduce ambiguity and
cognitive load, we decompose the task into a series
of binary questions, each targeting a specific aspect
of consistency. Each question Q is paired with its in-
verse Q′ to enable cross-validation, reducing yes/no
bias and enhancing judgment stability. As shown
in Fig. 3, all questions are generated via GPT-4o
using structured prompts to ensure clarity and con-

trolled complexity, and guiding video-LLMs to fo-
cus on temporal cues and subtle inconsistencies in
plausible captions. We then query the video-LLMs
with these question pairs and aggregate their confi-
dence scores to make the final decision, considering
the consistency between answers within each pair.
Detailed questions are provided in the supplemen-
tary materials.

3.3 Modality-sensitive calibration (MSC)

To mitigate language bias and visual neglect
in video-LLMs, we propose a confidence calibra-
tion method based on modality contributions. As
shown in Fig. 3, given a video–caption pair with the
predicted probability P ∈ [0, 1], we measure each
modality’s contribution by masking it and calculat-
ing the change in confidence:

Δc = P − Pvideo-only, Δv = P − Pcaption-only. (2)

The combined contribution is computed as follows:

Δ = αΔv + (1− α)Δc, (3)

where α ∈ [0, 1] balances the visual and textual im-
portance. The calibrated confidence Pcal is then
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Fig. 3 An overview of the TimeJudge. TimeJudge first decomposes the overall judgment into temporally
focused binary questions using GPT-4o, pairing each question with its inverse for self-consistency checks.
Then, it evaluates modality contributions by comparing model predictions under full, video-only, and caption-
only inputs, calibrating confidence based on the differences Δc and Δv. Finally, logical consistency across
question pairs is enforced, and answers are aggregated via weighted voting to produce the final decision
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obtained by adding an offset in logit space:

Pcal = T−1(T (P ) + λf(Δ)), (4)

where T (P ) = ln
(

P
1−P

)
is the logit function, T−1

is its inverse (i.e., sigmoid), f = arctanh maps Δ

to a logit space, and λ indicates the calibration
strength. This calibration method favors predictions
that leverage both modalities positively, encouraging
balanced multimodal reasoning.

3.4 Judgment aggregation (JA)

After obtaining modality-calibrated confidence
scores for each question pair, we proceed to aggregate
them into a final binary decision. For a question pair
(Q,Q′) with calibrated probabilities (Pyes, Pno) and
(P ′

yes, P
′
no), we define the “yes” support score and

self-consistency weight as follows:

syes =
1

2
(Pyes+P ′

no), wyes = 1−|Pyes−P ′
no| . (5)

As shown in Fig. 3, wyes reflects the model’s inter-
nal consistency, approaching 1 when the predictions
for “yes” and its inverse “no” align. Similarly, we de-
fine the “no” support score and consistency weight as
follows:

sno =
1

2
(Pno +P ′

yes), wno = 1− |Pno −P ′
yes| . (6)

We then aggregate support over all N question pairs
(Qi, Q

′
i) via weighted voting:

Syes =

∑N
i=1 w

yes
i syes

i∑N
i=1 w

yes
i

, Sno =

∑N
i=1 w

no
i sno

i∑N
i=1 w

no
i

. (7)

The final decision is “Yes” if Syes > Sno, and “No”
otherwise. This strategy encourages semantically
consistent predictions while mitigating phrasing-
induced variability, leading to more reliable decisions
across diverse temporal reasoning scenarios.

4 TEDBench

It is broadly recognized that video-LLMs strug-
gle with temporal understanding, yet no comprehen-
sive benchmarks exist to thoroughly investigate this
issue. To address this gap, we introduce TEDBench,
a multidimensional benchmark specifically designed
to evaluate and improve video-LLMs’ ability to de-
tect temporal errors.

4.1 Construction

4.1.1 Data collection

We selected videos from various public datasets,
including something-something V2, Moment in
Time, and Charades, focusing on temporally sen-
sitive content to test the model’s understanding of
temporal sequences rather than just static frames.
The selected videos cover various scenes, actions,
scene transitions, and time spans, offering the model
significant diversity and challenges. To avoid infor-
mation leakage, subtitles are removed to ensure that
analysis relies solely on visual content.

4.1.2 Action categorization

As shown in Fig. 4, we compiled 75 actions
and categorized them into four levels based on their
temporal and semantic complexity. Atomic actions
(31%) are fine-grained movements such as bending
or twisting, serving as basic units for complex ac-
tions and requiring temporal modeling. Composi-
tional actions (25%) are short functional activities
built from atomic motions, such as walking or lift-
ing, often with clear goals. Interactive actions (24%)
involve human–object interactions such as opening a
drawer or pouring water, often requiring multimodal
understanding. Complex behaviors (20%) involve
multistep actions with context and intent, such as
cooking or cleaning. Most videos in our dataset play
for <6 s. These short clips focus on a few actions,
aiding evaluation of the model’s fine-grained tempo-
ral understanding.

4.1.3 Data augmentation

As shown in Fig. 4, each original video is aug-
mented with multiple captions: one correct caption
and several captions containing temporal errors, in-
cluding missing, hallucinated, and misordered ac-
tions. GPT-4o generates these captions as follows:
missing and hallucinated errors are generated by
modifying correct captions, and misordered errors
are generated by shuffling video frames for more nat-
ural results. To ensure challenge and realism, tem-
poral errors are designed to be reasonably consistent
with the video content, since completely illogical er-
rors are easily detected. Cross-verification ensured
quality by having reviewers assess the accuracy and
contextual relevance of each video–caption pair and
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Fig. 4 An overview of the TEDBench dataset. Left panel: videos are categorized into four levels: atomic
action, compositional action, interactive action, and complex behavior, capturing a wide spectrum of temporal
reasoning challenges. Middle panel: the video duration distribution shows that most clips play for <6 s,
offering concise yet detail-rich content. Right panel: our pipeline generates both correct and diverse erroneous
captions to create video–caption pairs for evaluating the judgment capabilities of video-LLMs

make necessary corrections.

4.1.4 Statistics

Using our data augmentation strategy, we cre-
ated a temporal error detection dataset with 381
videos, each having multiple captions, including 381
correct and 1143 erroneous ones, along with er-
ror type annotations for detailed model evaluation.
Based on this, we generated 3048 QA pairs to as-
sess the model’s ability to detect temporal errors in
the captions. For each video–caption pair, we adopt
a bidirectional consistency check, whereby a predic-
tion is considered correct only if the model answers
both the forward and the reverse questions correctly,
enabling a stricter evaluation of its logical consis-
tency and real-world reliability.

4.2 Evaluation protocol

In this evaluation, for each video–caption pair,
the model answers two semantically equivalent but
oppositely phrased binary questions, such as the fol-
lowing: “Does the caption accurately reflect the con-
tent of the video?” and “Is there any inconsistency
between the caption and the video content?” The
judgment is considered correct only if both answers
are correct, reducing bias from one-sided responses.
Models must respond strictly with “Yes” or “No,”
without ambiguous answers such as “Uncertain,” and
provide brief explanations to facilitate comparison
with ground truth. To ensure logical consistency,
GPT-4o jointly evaluates the question, model an-
swer, and explanation, accepting only self-consistent
responses. Performance is measured by accuracy, re-

call, and F1-score. We prioritize recall, as missing
errors are more harmful downstream, while moder-
ate false-positive results can be efficiently reviewed.
Precision can be improved via post-processing, e.g.,
high-confidence filtering, cross-question consistency,
or a conservative “uncertain/human-review” mode,
but may reduce recall and complicate the pipeline.

5 Experiments

In this section, we present experiments to eval-
uate the effectiveness of TimeJudge and analyze the
impact of each component and key hyperparameter
and thereafter discuss its limitations.

5.1 Implementation details

We evaluated four of the most advanced open-
source video-LLMs on TEDBench for temporal er-
ror detection: Qwen2.5-VL 7B (Bai S et al., 2025),
VideoLLaMA 3 7B (Zhang et al., 2025), InternVL3
8B (Zhu et al., 2025), and MiniCPM-o 2.6 8B (Yu
et al., 2025), each using different architectures and
training strategies. GPT-4o mini (Hurst et al., 2024)
was also included as a high-performance reference.
Each model is tested under the default (base) and
enhanced (TimeJudge, ours) settings. We report ac-
curacy, recall, and F1-score, prioritizing high recall
to avoid missed detections.

To demonstrate the robustness of TimeJudge,
we adopt a unified configuration (α = 0.5, λ = 8.0,
N = 10) across all models, ensuring consistency in
evaluation. However, these parameters remain ad-
justable to achieve each model’s best performance.
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We conducted experiments under each model’s de-
fault settings to ensure fairness. All models process
eight frames per video using temporal segment net-
work (TSN) sampling (Wang LM et al., 2016), which
divides a video into eight temporal segments and
samples one frame from each segment to cover the
entire duration. Greedy decoding was used as the de-
fault strategy across all open-source models. Exper-
iments were run on identical hardware (4× NVIDIA
A100 40 GB GPUs).

5.2 Comparisons

Table 2 summarizes the results across the three
tasks. The base rows reveal that all models perform
suboptimally, especially in terms of recall, indicating
that when captions appear highly plausible (gram-
matically correct and contextually typical), models
tend to accept them as correct. Models perform bet-
ter on hallucinated actions, probably due to targeted
optimization for such errors. After applying Time-
Judge, all models consistently improve, demonstrat-
ing its effectiveness in enhancing temporal reasoning.

5.2.1 Missing action

Most models exhibit weak baseline performance
(recall <60%), reflecting insensitivity to omitted ac-

tions in captions. Applying TimeJudge boosted
recall by about 30 percentage points (PPs) for
VideoLLaMA 3 and 25 PPs for InternVL3, although
F1-score gains were limited due to overdetection.
In contrast, Qwen2.5-VL and GPT-4o mini showed
steady improvements across all metrics, especially in
terms of F1-score, indicating a more balanced judg-
ment. MiniCPM-o 2.6 showed modest recall gains
but notable F1-score improvement, indicating bet-
ter precision. Detecting missing actions requires
fine-grained video–text alignment, which our MSC
method effectively strengthens.

5.2.2 Hallucinated action

Baseline results are relatively strong but still
leave room for improvement. MiniCPM-o 2.6,
VideoLLaMA 3, and InternVL3 improved the F1-
score by > 10%, showing stronger resistance to
hallucinated captions. GPT-4o mini achieved the
highest F1-score, suggesting a more balanced de-
cision boundary. Detecting hallucinations is chal-
lenging because it relies on “negative evidence,”
recognizing that something did not occur in the
video. Our method enhances access to such evidence
by structuring judgment through QD and inverse
verification.

Table 2 Performance on the TEDBench

Video-LLMs Npar Method

Missing action Hallucinated action Misordered action

Accuracy
(%)

Recall
(%) F1

Accuracy
(%)

Recall
(%) F1

Accuracy
(%)

Recall
(%) F1

Random 25.00 25.00 0.2500 25.00 25.00 0.2500 25.00 25.00 0.2500

Qwen2.5-VL 7B
Base 50.26 50.16 0.6295 54.59 52.59 0.6723 50.13 50.08 0.6282

Ours 61.29 57.03 0.7029 68.77 62.84 0.7463 72.05 72.34 0.7186

VideoLLaMA 3 7B
Base 53.41 53.63 0.5196 59.38 61.76 0.5478 58.40 58.08 0.5920

Ours 66.67 83.96 0.5528 66.67 65.38 0.6801 69.16 73.55 0.6599

InternVL3 8B
Base 47.11 47.44 0.5031 55.51 54.25 0.6126 56.25 55.71 0.5821

Ours 66.01 72.93 0.5997 75.20 84.04 0.7149 71.13 85.46 0.6382

MiniCPM-o 2.6 8B
Base 54.16 62.00 0.4059 62.73 69.48 0.5492 56.56 62.38 0.4322

Ours 68.50 62.39 0.7474 72.83 75.44 0.7137 61.30 75.57 0.4776

GPT-4o mini
Base 61.29 57.62 0.6878 65.88 61.02 0.7204 63.12 60.25 0.6766

Ours 68.50 62.35 0.7479 74.67 67.81 0.7859 75.72 72.17 0.7752
Npar: number of parameters. Better results are in bold. Base: results with the original model predictions. Ours: results
after applying TimeJudge. All models consistently improve across three temporal error types after applying TimeJudge,
demonstrating the latter’s general effectiveness. Notably, Qwen2.5-VL and GPT-4o mini achieved comprehensive gains across
all metrics, while other models showed significant gains in terms of recall
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5.2.3 Misordered action

Models struggle with this task due to lim-
ited temporal modeling in the current video-LLMs.
Our method significantly improved the perfor-
mance, with the F1-scores of Qwen2.5-VL and
GPT-4o mini increasing by approximately 10%, re-
flecting enhanced sensitivity to action sequences.
VideoLLaMA 3 and InternVL3 showed significant
recall gains but still tend toward overdetection.
MiniCPM-o 2.6’s low F1-score despite high recall
reflects a high false-positive rate. This task de-
mands capturing detailed action order and rhythm;
our method strengthens temporal judgment via rig-
orous reasoning and consistency constraints.

5.3 Effectiveness of different components

We conducted ablation studies to evaluate the
contribution of each component in our proposed
framework. Starting from the base video-LLMs, we
progressively incorporated QD, MSC, and JA. Tak-
ing Qwen2.5-VL as an example, Table 3 summarizes
the results on TEDBench. Adding QD improves the
accuracy and recall by breaking complex judgments
into simpler binary questions, with larger gains on
hallucinated and misordered actions. MSC further
boosts the performance across all three tasks by cali-
brating confidence, reducing modality bias, and pro-
moting balanced multimodal reasoning. Building
on QD and MSC, JA provides additional gains by
integrating results from all question pairs through
self-consistency checks and weighted voting. These
components complement each other, and our full
framework consistently surpasses the baseline and
partial variants, confirming each module’s essential
role in enhancing video-LLMs’ temporal reasoning
and judgment.

5.4 Hyperparameter ablation studies

We conducted ablation studies on three key
hyperparameters: modality weight α, calibration
strength λ, and the number of QA pairs N . Us-
ing the F1-score of Qwen2.5-VL as an example, we
varied one parameter at a time while keeping others
fixed to isolate their effects. As shown in Fig. 5 (left
panel), performance peaks at a balanced α (around
0.5), highlighting the importance of jointly leverag-
ing both video and caption modalities. In contrast,
extreme values (α = 0 or α = 1) lead to signifi-
cant performance degradation, indicating that rely-
ing solely on either modality is suboptimal. Fig. 5
(middle panel) demonstrates the effectiveness of cal-
ibration: introducing a nonzero λ consistently im-
proves the performance compared to the experiment
without calibration (λ = 0). The best results are
achieved at λ = 8, while further increases cause the
gains to plateau or slightly decline, probably due
to the overconfidence effects. Fig. 5 (right panel)
shows that the performance improves with more QA
pairs N , plateauing near N = 10. However, the
missing action task benefits beyond this point, re-
flecting its complexity and the need for more ques-
tions to cover diverse scenarios. However, a larger
N also increases the computational cost, as Time-
Judge requires 3 × 2N model calls (N QA pairs,
three passes for calibration), highlighting a trade-off
between performance and efficiency. These ablation
results validate our design and confirm the method’s
robustness under reasonable parameter changes. We
also provide additional baseline comparisons in the
supplementary materials.

5.5 Challenges and limitations

While TimeJudge generally performs robustly
in detecting temporal errors, certain extreme

Table 3 Impact of each component of the TimeJudge

Method
Missing action Hallucinated action Misordered action

Accuracy
(%)

Recall
(%) F1

Accuracy
(%)

Recall
(%) F1

Accuracy
(%)

Recall
(%) F1

Random 25.00 25.00 0.2500 25.00 25.00 0.2500 25.00 25.00 0.2500
Base 50.26 50.16 0.6295 54.59 52.59 0.6723 50.13 50.08 0.6282
QD 51.32 50.70 0.6599 62.34 57.56 0.7139 66.14 64.82 0.6759
QD+MSC 55.25 52.84 0.6857 67.06 61.32 0.7372 71.26 71.89 0.7084
QD+MSC+JA (TimeJudge) 61.29 57.03 0.7029 68.77 62.84 0.7463 72.05 72.34 0.7186
Progressive addition of QD, MSC, and JA steadily improves all metrics across temporal error types, with the full framework
achieving the best overall performance
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Fig. 5 Ablation on key hyperparameters using F1-score on the TEDBench. Left panel: modality weight α

peaks near 0.5, highlighting the need to combine video and caption. Middle panel: calibration strength λ

performs best at 8. Right panel: F1-score improves with the increasing number of QA pairs N but plateaus
after 10, except for the missing action task, which is more complex and requires more questions to cover
diverse scenarios

scenarios reveal its limitations. This section sum-
marizes key factors affecting its performance.

5.5.1 Incomplete QD

Even with state-of-the-art video-LLMs such as
GPT-4o, subtle temporal errors may be missed. Fu-
ture work could use finer-grained subquestions or
per-video–caption-pair customization, albeit at sub-
stantially increased computational cost.

5.5.2 Long videos and fine-grained temporal dynam-
ics

Evaluating long videos is computationally ex-
pensive. In videos with high temporal resolution
or subtle actions, TimeJudge may miss fine-grained
temporal dynamics, leading to undetected errors.
Multiscale temporal encoding can help reduce cost
while preserving key temporal information.

5.5.3 External factors

Factors such as video-LLM hallucinations,
modality biases, rare or complex actions, and ad-
versarial video–caption pairs can negatively affect
TimeJudge’s performance, emphasizing the need for
improved model architectures and more comprehen-
sive video-LLMs.

6 Conclusions

Using video-LLMs to replace human evaluators
is becoming mainstream, but these models still strug-
gle with detecting temporal inconsistencies in cap-
tions. In this work, we present TimeJudge, a novel

zero-shot framework for detecting temporal errors in
video captions. By decomposing judgments into sim-
pler binary questions, calibrating confidence based
on modality contributions, and aggregating results
via consistency-weighted voting, TimeJudge signifi-
cantly improves temporal error detection across mul-
tiple video-LLMs without requiring fine-tuning. Ad-
ditionally, we introduce TEDBench, the first bench-
mark specifically designed for this task, featuring di-
verse video types and various caption errors, laying
a foundation for more robust and reliable evaluation
of vision-language models. In the future, we plan
to expand our dataset with larger videos and more
tasks to increase its impact.
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