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Abstract

Video-to-text summarization remains under-
explored in terms of comprehensive evalua-
tion methods. Traditional n-gram overlap-
based metrics and recent large language model
(LLM)-based approaches depend heavily on
human-written reference summaries, limiting
their practicality and sensitivity to nuanced
semantic aspects. In this paper, we pro-
pose QEVA, a reference-free metric evaluating
candidate summaries directly against source
videos through multimodal question answer-
ing. QEVA assesses summaries along three
clear dimensions: Coverage, Factuality, and
Chronology. We also introduce MLVU(VS)-
Eval, a new annotated benchmark derived from
the MLVU dataset, comprising 800 summaries
generated from 200 videos using state-of-the-
art video-language multimodal models. This
dataset establishes a transparent and consistent
framework for evaluation. Experimental results
demonstrate that QEVA shows higher correla-
tion with human judgments compared to ex-
isting approaches, as measured by Kendall’s
τb, τc, and Spearman’s ρ. We hope that our
benchmark and metric will facilitate meaning-
ful progress in video-to-text summarization re-
search and provide valuable insights for the
development of future evaluation methods.1

1 Introduction

Text-based video summarization has become in-
creasingly crucial due to the explosive growth of
video content and significant advances in Video-
Large Multimodal Models (Video-LMMs). Despite
substantial progress in generating comprehensive
textual summaries from videos, insufficient atten-
tion has been paid to reliably evaluating the quality
of these summaries. Currently, evaluation primarily
relies on reference-based metrics such as ROUGE

*Corresponding author.
1Our evaluation metric (QEVA) is available at https://

github.com/jungnerd/QEVA
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Figure 1: Overview of existing video summarization
evaluation approaches and our proposed method, QEVA.
(Top) Traditional reference-based metrics rely solely
on text-to-text comparisons between candidate and
human-written reference summaries, often failing to
capture nuanced semantic and multimodal content. (Bot-
tom) QEVA leverages a fully reference-free multimodal
question-answering pipeline (Coverage QA, Factual-
ity QA, Chronology QA) to directly evaluate candi-
date summaries against source videos, enabling a more
comprehensive and semantically grounded assessment.
Takeaway: QEVA provides a more accurate and scal-
able alternative by eliminating the reliance on human-
written reference summaries and directly assessing sum-
maries against source video content.

or METEOR, which compare generated summaries
to reference texts produced by human annotators.
However, acquiring accurate and detailed reference
summaries for videos requires considerable human
effort and resources, making the process both costly
and inefficient at scale. Consequently, the absence
of efficient evaluation approaches has become a
major obstacle to the advancement of video sum-
marization research.

While reference-free metrics have gained con-
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Figure 2: Detailed illustration of QEVA’s multimodal question-answering methodology. Given a video and
candidate summary, QEVA evaluates the summary across three distinct dimensions: (1) Coverage (whether the
summary comprehensively covers key video content), (2) Factuality (accuracy of the information presented), and (3)
Chronology (i.e.,chronological fidelity; correctness of event ordering). QEVA generates tailored QA pairs through a
structured pipeline involving question generation, question answering, and answer correctness checking. Takeaway:
QEVA explicitly decomposes video summary quality into three complementary dimensions, enabling nuanced and
interpretable evaluation.

siderable attention in text summarization tasks,
these methods typically compare the generated
summaries directly with the source text, leverag-
ing linguistic similarities or embeddings. Unfor-
tunately, extending this concept to videos is inher-
ently challenging due to the fundamental modality
gap - videos are spatio-temporal and multimodal,
and thus cannot be directly compared to textual
summaries in a straightforward manner. Moreover,
recent attempts at multimodal evaluation, such as
CLIPScore or LLM-based comparisons used in
benchmarks like MLVU, still rely heavily on ref-
erence summaries or fail to reliably capture impor-
tant aspects such as chronological fidelity or fac-
tual accuracy. Thus, there is a pressing need for a
novel, effective, and fully reference-free evaluation
paradigm tailored specifically for video summariza-
tion.

To address these challenges, we propose a
Question-answering based Evaluation metric for

Video summArization, QEVA. QEVA is built upon
the intuitive principle that a high-quality video
summary should be able to substitute the original
video content effectively. Based on this principle,
we identify three critical dimensions for evaluat-
ing summaries: Coverage (capturing all essential
content), Chronology (chronological fidelity; pre-
serving the order of events), and Factuality (ensur-
ing factual correctness). QEVA leverages Video-
LMMs to automatically generate relevant questions
from the original video content across these dimen-
sions and employs LLMs to answer these questions
using only the generated summaries. By measuring
the accuracy of these answers, QEVA quantitatively
assesses summary quality without the need for any
human reference summaries.

Furthermore, we present MLVU(VS)-Eval, a
new annotated evaluation dataset derived from the
MLVU benchmark, containing 800 summaries gen-
erated by Video-LMMs such as GPT-4o, QwenVL,
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InternVL, and Video-LLaVA. Each summary has
been rigorously annotated by multiple human eval-
uators according to Coverage, Chronology, and
Factuality, demonstrating strong inter-annotator
agreement (Krippendorff’s α = 0.68). Our com-
prehensive experiments show that QEVA consis-
tently exhibits the highest correlation with human
judgments compared to existing reference-based
and multimodal evaluation methods (e.g., ROUGE,
METEOR, BERTscore).

By introducing QEVA and the MLVU(VS)-Eval
dataset, this work pioneers the first systematic ex-
ploration of reference-free evaluation for video-to-
text summarization. Our approach not only ad-
dresses the pressing scalability and practicality is-
sues but also sets a clear foundation for future ad-
vancements in multimodal summarization research,
facilitating rapid and reliable assessment of Video-
LMMs in real-world applications, including con-
tent platforms, news summarization, and automated
content generation services.

2 Related Work

2.1 Automated Evaluation of Summarization

Automated evaluation has traditionally relied on
lexical overlap metrics such as BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), ME-
TEOR (Banerjee and Lavie, 2005), CIDEr (Vedan-
tam et al., 2015), and SPICE (Anderson et al.,
2016). While computationally efficient and widely
used, these reference-based metrics primarily mea-
sure surface-level similarity between candidate and
human-written reference texts, often failing to cap-
ture deeper semantic consistency, factual correct-
ness, or coherence (Kryściński et al., 2019; Kasai
et al., 2022).

To address these limitations, embedding-based
metrics such as BERTScore (Zhang et al., 2020)
and CLIPScore (Hessel et al., 2022) have been pro-
posed to measure semantic similarity using learned
embeddings. However, these methods still require
reference summaries, limiting their practical appli-
cability and scalability. More recently, Large Lan-
guage Models (LLMs) have been leveraged as eval-
uators ("LLM-as-a-Judge"), demonstrating promis-
ing correlation with human judgments (Zheng et al.,
2023), but they introduce challenges such as biases,
reproducibility issues, and high API costs (Fu et al.,
2023).

Our proposed QEVA metric addresses these chal-
lenges by employing a fully reference-free evalua-

tion approach, directly comparing generated sum-
maries against source videos through multimodal
question-answering, thus providing a more seman-
tically grounded and scalable alternative.

2.2 QA-based Evaluation Metrics

Question-answering (QA) based evaluation meth-
ods assess the semantic quality of generated texts
by testing their ability to answer questions derived
from relevant contexts (Wang et al., 2020). Unlike
traditional lexical metrics, QA-based evaluation
directly probes textual outputs for factuality, cover-
age, and relevance. Examples include FEQA (Dur-
mus et al., 2020) and QAFactEval (Fabbri et al.,
2022), which evaluate factual consistency by com-
paring answers derived from summaries and source
documents.

Reference-free QA metrics such as QuestE-
val (Scialom et al., 2021) and Q2 (Honovich et al.,
2021) offer increased scalability by eliminating the
dependency on human-written references. QuestE-
val integrates precision-oriented (summary-based)
and recall-oriented (source-based) QA components,
achieving strong correlation with human judgments.
Recently, the TIFA metric (Hu et al., 2023) ex-
tended QA-based evaluation to text-to-image syn-
thesis by generating questions from textual prompts
and assessing image fidelity through visual QA.

Our work builds upon these advances by intro-
ducing QEVA, which uniquely applies multimodal
QA to narrative video summarization, explicitly
measuring Coverage, Factuality, and Chronology,
thereby providing a comprehensive and reference-
free evaluation framework tailored specifically for
multimodal summarization.

3 The QEVA Method

We introduce QEVA, a novel evaluation frame-
work designed to assess how comprehensively and
faithfully a textual video summary captures the
original video’s content. QEVA is grounded in the
principle that "a good summary should serve as
an effective substitute for the source video". To
operationalize this intuition, QEVA employs multi-
modal question answering (QA) as its core mecha-
nism: a high-quality summary should allow accu-
rate answering of critical questions derived from
the source video content. Unlike prior work rely-
ing solely on direct LLM-based judgments, QEVA
integrates both Video-LMMs and LLMs within a
collaborative pipeline, thus mitigating the inher-
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You are an instructor in "Deep Video 
Comprehension through Summaries". Given an 
entire video, generate 10 diverse quiz 
questions measuring high-level comprehension 
(themes, motivation, causal relations)… 
(continues)  
Avoid timestamps, subtitles, or trivial 
factual questions; require inference and 
synthesis… (continues)

Output example: {"question_1": "What is the 
video's central conflict?", ...}

Input: <entire video>

Coverage Question Generation Prompt Factuality Question Generation Prompt 

You are an instructor in "Deep Video 
Comprehension through Summaries". Given a 
video summary, extract concepts in 10 
categories (entity, scene, action, attribute, 
counting, spatial, temporal, color, emotion, 
factual). For each category, generate 
exactly one clear factual question-answer 
pair (yes/no or 4-way multiple choice).

Output example: {"Entities": {"question": 
"...?", "choices": ["...", "..."], "answer": 
"..."}, ...}

Input: <video summary>

You are an instructor in "Deep Video 
Comprehension through Summaries”. Given an 
entire video, identify chronologically ordered 
key events, then generate 10 quiz questions 
testing chronological fidelity (order 
discrimination, adjacency, precedence, 
sequencing). Use formats such as "Did event A 
happen before B?" or "List events in correct 
order".

Output example: [{"question": "Did '[A]' 
happen before '[B]'?", "choices": ["yes", 
"no"], "answer": "yes"}, ...]

Input: <entire video>

Chronology Question Generation Prompt 

Figure 3: Detailed prompts used by QEVA for multimodal question-answer generation across three distinct
evaluation dimensions: (a) Coverage, (b) Factuality, and (c) Chronology. (a) Coverage QA prompts instruct a
Video-LMM to generate high-level, inference-driven questions that assess whether the summary comprehensively
captures essential content, themes, and events from the source video. (b) Factuality QA prompts guide an LLM
to first extract critical factual elements explicitly mentioned in the summary (such as entities, actions, attributes),
and subsequently generate targeted questions designed to verify factual accuracy. (c) Chronology QA prompts
outline a structured workflow for event segmentation from the source video, sampling adjacent and distant pairs of
events, and generating questions to evaluate whether the summary preserves the correct chronological order of these
events. Takeaway: QEVA employs carefully structured prompts tailored to each evaluation dimension, enabling a
systematic and comprehensive assessment of video summary quality along the axes of Coverage, Factuality, and
Chronology.

ent limitations of Video-LMMs as direct evaluators
(see Section 4.4 for detailed analyses). Given a
source video and candidate summary, QEVA out-
puts a multidimensional quality score reflecting
the summary’s coverage, factuality, and chronol-
ogy (chronological fidelity). Figure 6 provides an
overview of our QEVA workflow.

3.1 Evaluation Criteria

Inspired by prior work in text summarization eval-
uation (e.g., SummEval) and recent multimodal
captioning evaluation metrics (e.g., ACCR in G-
VEval), we define three complementary criteria to
comprehensively evaluate video summaries: Cov-
erage, Factuality, and Chronology.

Coverage. Coverage measures whether the sum-
mary includes essential content, key events, and
the main messages of the source video. A high-
coverage summary should comprehensively repre-
sent all core information and omit no major events
or salient points.

Factuality. Factuality assesses whether the sum-
mary accurately reflects details present in the
source video without introducing hallucinated or
unsupported information. Good factuality implies
all claims in the summary can be directly verified
from the video.

Chronology. Chronology (chronological fidelity)
evaluates whether a summary preserves the source
video’s order of events and correctly interprets non-

linear structures (e.g., flashbacks/flash-forwards).
This criterion concerns ordering only; fine-grained
timing such as duration or pace is not evaluated.

These criteria are mutually complementary. A
summary may comprehensively cover all major
events (Coverage) but misrepresent critical de-
tails (Factuality), or accurately summarize events
but distort their order (Chronology). By explic-
itly defining these distinct evaluation dimensions,
QEVA ensures consistent and interpretable eval-
uation, minimizing subjective interpretation and
inter-annotator variance.

3.2 Question-Answer Generation
For each evaluation criterion, QEVA generates tai-
lored question-answer (QA) pairs to probe sum-
mary quality. Figure 3 illustrates example prompts
for QA generation, with complete prompts pro-
vided in Appendix A.

Coverage QA Generation. We prompt a Video-
LMM with the full source video and a special-
ized instruction to generate N diverse, high-level
questions. These prompts encourage synthesis and
inference-based questions that target main events,
causal relations, and overarching themes, explicitly
avoiding superficial factual or timestamp-specific
queries.

Factuality QA Generation. We prompt an LLM
to extract salient elements from the candidate sum-
mary and categorize them (entities, actions, at-
tributes, counting, etc.). Then, we generate tar-
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geted factual queries that require answers strictly
supported by the summary itself, enabling verifi-
cation of summary correctness against the source
video.

Chronology QA Generation. We first employ a
Video-LMM to extract a chronological sequence
of key events from the video. Subsequently, we
sample pairs of events (adjacent and non-adjacent)
and generate three types of chronological questions:
(1) order verification (yes/no), (2) temporal prece-
dence (multiple-choice), and (3) event sequence
sorting tasks. These questions explicitly evaluate if
the summary accurately preserves event ordering.

3.3 Question and Answer Filtering
To ensure the quality and discriminative power of
generated QA pairs, we introduce a two-stage au-
tomatic filtering step. This process is designed to
eliminate questions that either do not require the
source context (i.e., are trivial) or are inherently
flawed (i.e., ambiguous or low-quality). Specif-
ically, we employ an alternative Video-LMM or
LLM (distinct from the model used for generating
the QA pairs) to answer each question under two
conditions:

• Trivial Filtering: If the alternative model cor-
rectly answers a question without any context
(using only the question and answer choices),
we consider it trivial and remove it. This step
is vital to ensure that QEVA genuinely tests
for faithfulness to the provided context rather
than the model’s own parametric knowledge.

• Low-quality Filtering: If the model fails to
answer correctly even when provided with the
appropriate context (the source video or sum-
mary), the question is considered ambiguous
or unanswerable and is thus discarded. This
removes noise from the evaluation.

This two-stage filtering ensures retained QA
pairs are neither trivial nor excessively ambiguous.

3.4 QEVA Score Computation
For each criterion, QEVA computes an evaluation
score as the proportion of correctly answered ques-
tions from the filtered set. Let QCov, QFact, and
QChrono denote the filtered QA sets for Coverage,
Factuality, and Chronology, respectively.

• For Coverage and Chronology, the summary
S is used as the context. The scores are the

proportions of correctly answered questions:

ScoreCov(S,QCov) =
|QCov,correct|

|QCov|
(1)

ScoreChrono(S,QChrono) =
|QChrono,correct|

|QChrono|
(2)

• For Factuality, the source video V is used
as the context. The score is the proportion of
questions confirmed as accurate:

ScoreFact(V,QFact) =
|QFact,correct|

|QFact|
(3)

The final QEVA score is the arithmetic mean of
these three component scores. This provides a final
score on a normalized 0-to-1 scale. Formally, for a
summary S and video V , the score is defined as:

QEVA(S, V ) =
(
ScoreCov(S,QCov)

+ ScoreFact(V,QFact)

+ ScoreChrono(S,QChrono)
)
/3

(4)

3.5 Implementation Details

For our default experimental setup, we use Gemini-
1.5 Pro as the primary Video-LMM and GPT-4o as
the primary LLM for QA generation and answering.
Alternative settings with open-source models (e.g.,
Qwen2.5-VL, InternVL3, LLaMA-3.1, Gemma-
3) are also explored in Section 4.4. All prompts,
hyperparameters, and scripts necessary for full re-
producibility are included in the supplementary
material and will be publicly released upon accep-
tance.

4 Experiments

We conduct comprehensive experiments to validate
the effectiveness of our proposed QEVA metric.
We first introduce MLVU(VS)-Eval, a novel bench-
mark dataset for evaluating video-to-text summa-
rization metrics (§4.1). We then compare QEVA
against existing metrics in terms of correlation with
human judgments (§4.2). Additionally, we ana-
lyze model-wise performance of QEVA (§4.3), and
demonstrate the robustness of QEVA via ablation
studies (§4.4).
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Direction Metric Reference
Summary

Video
Used

MLVU(VS)-Eval
Kendall’s τb Kendall’s τc Spearman’s ρ

Rule-based

BLEU-1 ✓ 0.0217 (0.7803) 0.0219 (0.7803) 0.0431 (0.7045)
BLEU-2 ✓ 0.0673 (0.3865) 0.0680 (0.3865) 0.1045 (0.3561)
BLEU-3 ✓ 0.1994 (0.0152) 0.1836 (0.0152) 0.2836 (0.0108)
BLEU-4 ✓ 0.2113 (0.0155) 0.1578 (0.0155) 0.2798 (0.0119)
ROUGE-L ✓ 0.1094 (0.1593) 0.1104 (0.1593) 0.1571 (0.1639)

Similarity-based

METEOR ✓ 0.2663 (0.0006) 0.2689 (0.0006) 0.3822 (0.0005)
CIDEr ✓ 0.2401 (0.0015) 0.2435 (0.0014) 0.3612 (0.0012)
SPICE ✓ 0.2287 (0.0021) 0.2312 (0.0020) 0.3489 (0.0019)
BERTscore ✓ 0.1415 (0.0688) 0.1428 (0.0688) 0.1987 (0.0773)
Video-Summary Similarity ✓ 0.0278 (0.0517) 0.0266 (0.0522) 0.0401 (0.0549)

LLM-based
MLVU ✓ 0.5284 (0.0000) 0.5309 (0.0000) 0.6738 (0.0000)
Video-LMM Judge ✓ 0.5376 (0.0000) 0.5441 (0.0000) 0.6810 (0.0000)

QA-based QEVA(Ours) ✓ 0.6465 (0.0000) 0.6407 (0.0000) 0.7326 (0.0000)

Table 1: Comparative evaluation results of QEVA and existing summarization evaluation metrics on the MLVU(VS)-
Eval benchmark. We report correlations with human judgments using Kendall’s τb, τc, and Spearman’s ρ. The
metrics are categorized into several groups: rule-based n-gram metrics (BLEU variants, ROUGE-L), similarity-
based metrics (METEOR, CIDEr, SPICE, BERTScore, Video-Summary Similarity), LLM-based metrics (MLVU,
Video-LMM Judge), and our proposed QA-based metric (QEVA). Reference usage and video modality usage
for each metric are also indicated. Takeaway: QEVA consistently achieves significantly higher correlation with
human judgments compared to existing metrics, demonstrating its effectiveness as a reference-free and multimodal
evaluation metric.

Metric Kendalls’ τb Kendalls’ τc
Qwen2.5-VL-7B InternVL3-8B Video-LLaVA-7B GPT-4o Qwen2.5-VL-7B InternVL3-8B Video-LLaVA-7B GPT-4o

BLEU-1 0.1662 0.0870 0.0758 0.0053 0.1669 0.0867 0.0758 0.0054
BLEU-2 0.2735 0.1247 0.1457 0.1333 0.2746 0.1246 0.1458 0.1339
BLEU-3 0.2914 0.1380 0.1370 0.3293 0.2800 0.1300 0.1108 0.3088
BLEU-4 0.1654 0.1130 0.3565 0.1717 0.1444 0.0914 0.2025 0.1463
ROUGE-L 0.4022 0.2332 0.1573 0.3423 0.4038 0.2329 0.1575 0.3429
METEOR 0.2628 0.1573 0.3555 0.4107 0.2638 0.1571 0.3558 0.4125
BERTscore 0.5202 0.0163 0.0701 0.3147 0.5223 0.0163 0.0700 0.3161
Video-Summary Similarity 0.0012 -0.0301 0.2277 0.2417 -0.0218 -0.0119 0.2117 0.1472
MLVU 0.3950 0.3260 -0.1254 0.2361 0.3900 0.3208 -0.1067 0.2392
Video-LMM Judge 0.4138 0.3358 0.2056 0.2178 0.2005 0.3123 0.1233 0.2198
QEVA(Ours) 0.4509 0.4268 0.1450 0.4262 0.4500 0.4114 0.1000 0.4222

Table 2: Model-wise correlation analysis of summarization evaluation metrics on the MLVU(VS)-Eval dataset.
Correlations (measured by Kendall’s τb and τc) are reported separately for summaries generated by four representa-
tive Video-LMM models: Qwen2.5-VL-7B, InternVL3-8B, Video-LLaVA-7B, and GPT-4o. Takeaway: QEVA
exhibits stable and positive correlations with human judgments across diverse Video-LMM summarization models,
highlighting its robustness and generalizability.

4.1 MLVU(VS)-Eval: A Novel Benchmark for
Evaluating Video Summarization Metrics

Existing evaluation datasets for video-to-text sum-
marization lack human annotations, limiting accu-
rate metric evaluation. To address this, we pro-
pose MLVU(VS)-Eval, a novel human-annotated
dataset built upon the MLVU benchmark (Zhou
et al., 2024).

We select 200 video clips (average length ∼15
minutes) from the MLVU Video Summarization
task. Each video has a human-written reference
summary. We generate candidate summaries us-
ing four widely-used Video-LMM models: GPT-
4o, InternVL3-8B, Qwen2.5-VL-7B, and Video-
LLaVA-7B, resulting in 800 candidate summaries.
For our evaluation, we recruited 20 annotators

(comprising graduate and undergraduate students)
to assess each summary based on three criteria:
Coverage, Factuality, and Chronology, using a 5-
point Likert scale. Each summary received eval-
uations from two independent annotators. The
inter-annotator agreement, measured using Krip-
pendorff’s α, is 0.68, indicating substantial relia-
bility of the annotations.

4.2 Correlation with Human Judgments
We compare QEVA with various existing evalua-
tion metrics in terms of correlation with human
judgments.

Baseline Metrics. We compare QEVA with sev-
eral representative categories of evaluation met-
rics: reference-based n-gram overlap metrics,
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embedding-based similarity metrics, and LLM-
based evaluation approaches. For the n-gram and
embedding-based metrics, we report results using
widely adopted methods in each category. Addi-
tionally, we introduce two novel baselines: (1) em-
ploying a Video-LMM as a direct judge by prompt-
ing it with our human annotation guidelines, and
(2) computing multimodal embedding similarity
between the original video and generated summary
using a state-of-the-art multimodal encoder2.

Results and Analysis. Table 1 presents correla-
tions measured by Kendall’s τb, τc, and Spearman’s
ρ. QEVA consistently achieves significantly higher
correlations than all existing metrics, highlighting
its superior alignment with human evaluations, es-
pecially notable given QEVA is a reference-free
metric.

4.3 Model-wise Correlation Analysis

To further examine QEVA’s consistency, we ana-
lyze correlation results separately for each Video-
LMM summarization model. Table 2 shows that
QEVA consistently yields positive and stable corre-
lations across different summarization models. In
contrast, some baseline metrics even show negative
or inconsistent correlations for certain models.

We observe relatively lower correlations for
Video-LLaVA-generated summaries. Upon qualita-
tive analysis, we find these summaries are generally
shorter and of lower quality, making it challenging
for QEVA to generate meaningful questions and
answers.

4.4 Ablation Studies

We perform ablation studies to analyze QEVA’s
robustness and generalizability.

Evaluation Criteria-wise Ablation. We sepa-
rately calculate correlations between human judg-
ments and QEVA scores for each evaluation crite-
rion (Coverage, Factuality, Chronology). As shown
in Table 3, QEVA demonstrates strong correlations
across all individual criteria, validating its capabil-
ity to accurately capture different aspects of sum-
marization quality.

Robustness to Different Video-LMM and LLM
Models. We further examine QEVA’s internal
robustness by replacing the original Video-LMM
(Gemini-1.5 Pro) and LLM (GPT-4o) components

2We use LanguageBind (Zhu et al., 2023) for multimodal
embedding in this paper.

Criteria τb τc ρ

Coverage 0.6005 0.5872 0.7349
Factuality 0.5731 0.5586 0.7123
Chronology 0.5610 0.5479 0.6984

Table 3: Ablation study of QEVA across the three
individual evaluation criteria (Coverage, Factuality,
Chronology). Correlations with human judgments
(measured by Kendall’s τb, τc, and Spearman’s ρ) are
reported separately for each dimension. Takeaway:
QEVA demonstrates strong and consistent correlations
across all individual evaluation criteria, validating its
comprehensive and multidimensional evaluation ap-
proach.

Video-LMM + LLM τb τc ρ

Qwen2.5-VL + LLaMA-3.1 0.6211 0.6152 0.7012
Qwen2.5-VL + Gemma-3 0.6075 0.6021 0.7120
InternVL3 + LLaMA-3.1 0.5988 0.5933 0.6761
InternVL3 + Gemma-3 0.5827 0.5780 0.6894
Gemini-1.5-Pro + GPT-4o 0.6465 0.6407 0.7326

Table 4: Ablation study examining the robustness of
QEVA to different combinations of Video-LMM and
LLM models compared to the default setting (Gemini-
1.5 Pro + GPT-4o). We report correlations with hu-
man annotations (Kendall’s τb, τc, and Spearman’s ρ)
when replacing original models with alternative open-
source models (Qwen2.5-VL, InternVL3, LLaMA-3.1,
Gemma-3). Takeaway: QEVA maintains high correla-
tions with human judgments even when using alternative
open-source models, indicating practical applicability
and cost-effectiveness without relying solely on costly
API-based models.

with alternative models. Specifically, we test open-
source Video-LMM variants (QwenVL, InternVL)
and LLM variants (LLaMA, Gemma). Table 4
indicates that QEVA maintains high correlations
even with open-source alternatives. This demon-
strates QEVA’s practical applicability and cost-
effectiveness by alleviating reliance on costly API-
based models.

5 Conclusion

We propose QEVA, a novel reference-free met-
ric for evaluating narrative video summarization
leveraging multimodal question answering. QEVA
demonstrates significantly higher correlation with
human judgments compared to existing metrics,
while eliminating reliance on costly reference sum-
maries. Our approach facilitates scalable, accurate,
and practical evaluation of video summarization
systems, accelerating the development and deploy-
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ment of Video-LMMs in real-world multimodal
applications.

Limitations

Despite the effectiveness and practicality demon-
strated by QEVA, our proposed metric inherits sev-
eral limitations inherent to its underlying models
and design.

Hallucination. As QEVA employs a Large Mul-
timodal Model (LMM) for question generation and
answering, it may occasionally produce halluci-
nated content in the generated questions or answers
not actually present in the video. Although our fil-
tering process significantly mitigates this issue, the
possibility of subtle hallucinations remains, poten-
tially affecting evaluation reliability in edge cases.

API Cost and Processing Speed. QEVA relies
heavily on inference from Large Language Mod-
els (LLMs) and Video-LMMs. Such models typ-
ically require significant computational resources
and incur relatively high API costs, particularly
when evaluating large-scale datasets or numerous
summaries. This dependence may limit QEVA’s
practical applicability in resource-constrained envi-
ronments or real-time scenarios.

Necessity of Post-processing. QEVA occasion-
ally produces outputs that deviate from the pre-
defined format or scoring criteria. Although in-
frequent, these cases necessitate additional post-
processing to ensure compliance with the intended
evaluation guidelines, slightly complicating the
evaluation pipeline.

Preference for LLM-based Outputs. Recent
evaluations using LLMs have identified a sub-
tle preference bias towards outputs generated by
LLMs themselves. QEVA may similarly exhibit a
slight bias favoring summaries produced by certain
Video-LMMs, potentially influencing the fairness
and objectivity of the evaluation. This phenomenon
warrants further investigation to quantify and miti-
gate such biases in future research.
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You are an expert instructor in the course “Deep Video Understanding through Summarization”.

## Objective
Given an entire video as input, your task is to generate exactly 10 diverse quiz questions. These questions will assess 
students' deep comprehension of the video based solely on reading a textual summary.

## Abilities to test
- Identifying key ideas, causal connections, motivations, and overarching themes in the video.
- Summarizing, comparing, and synthesizing long segments rather than recalling isolated details.
- Reasoning and inference beyond surface-level details.

## Guidelines for question generation
- **DO NOT** reference timestamps, subtitles, screen texts, or narration explicitly.
- **DO NOT** generate superficial factual questions ("When…?", "How many…?").
- **DO** formulate high-level inference questions asking to explain, infer, or synthesize key ideas (e.g., "What is the central 
conflict of the story?", "Why did Character A decide to do action B?").
- Ensure answers can be clearly derived from a well-written textual summary (without requiring detailed visual-only cues).
- Questions should cover diverse aspects of the video (themes, conflicts, character motivations, cause-effect relations) 
without redundancy.

## Output format
Return a JSON object with exactly 10 keys as follows:

{
"question_1": "Question text here",
"question_2": "Question text here",
...
"question_10": "Question text here"

}

Figure 4: Methodology figure of QEVA.

You are an expert instructor in the course “Deep Video Understanding through Summarization”.

## Objective
Given a textual video summary, your task is to generate exactly 10 clear and precise quiz questions. These questions will 
measure whether a generated video summary is factually accurate and consistent with the original video content.

## Abilities to test
- Accurate recognition and recall of explicit factual information from the summary.
- Validation of objective details such as entities, scenes, actions, and attributes.

## Guidelines for question generation
- **DO NOT** ask overly obvious or trivial questions (e.g., "Is there a person?").
- Generate exactly one quiz question per each of the following 10 categories:  
Entities, Scene, Actions, Attributes, Counting, Spatial, Temporal, Colors, Emotion, Factual.

- For each category, first extract one meaningful concept explicitly mentioned in the summary, then generate one question-
answer pair.
- Each question must be answerable directly from the given summary (no external knowledge or inference required).
- Question formats allowed:  
(1) yes/no (Choices: yes, no), or  
(2) multiple-choice with four options (exactly one correct option).

## Output format
Return a JSON object with exactly 10 questions as follows:

{
"Entities": {
"question": "Question text here",
"choices": ["option1", "option2", "option3", "option4"], // or ["yes", "no"]
"answer": "correct option here"

},
"Scene": {
"question": "...",
"choices": [...],
"answer": "..."

},
...
"Factual": {
"question": "...",
"choices": [...],
"answer": "..."

}
}

Figure 5: Methodology figure of QEVA.
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# Objective:
Analyze the provided video to generate Question-Answering (QA) pairs designed to evaluate the temporal order of events within 
it. These QA pairs will be used to assess how well a video summary preserves the chronological flow of the original video.

# Input:
[Provide the video input here, e.g., file path, link, or direct upload if supported]

# Execution Steps:

## Step 1: Event Segmentation and Listing
1.  Analyze the entire video to identify key events (significant actions, scene changes, state transitions, etc.).
2.  Sort the identified events chronologically based on their occurrence in the video.
3.  Describe each event concisely and clearly (e.g., "A man opens the door," "A car passes through the intersection," "A cat 
jumps off the sofa").
4.  Output the result as a numbered list. (Assume the total number of events in this list is L).

**Example Output (Event List):**
1.  [Event 1 Description]
2.  [Event 2 Description]
3.  ...
L.  [Event L Description]

## Step 2: Event Pair Sampling
Using the chronologically ordered event list (L events total) generated in Step 1, sample pairs of events (Event i, Event j) 
according to the following criteria:

1.  **Adjacency Pairs:**
* Definition: Pairs of events that occur immediately one after the other in the list (Event i, Event i+1).
* Purpose: To check the order of logically connected, consecutive events.
* Sampling: Select **all** Adjacency Pairs (Event i, Event i+1) for i from 1 to L-1.

2.  **Distant Pairs:**
* Definition: Pairs of events that are temporally separated in the list (|i - j| ≥ k, where k=2).
* Purpose: To detect global temporal order distortions (e.g., flashbacks, scene inserts).
* Sampling Quantity: Sample approximately [Number, e.g., 5-10 or desired number] Distant Pairs.
* Sampling Strategy: Use a combination of the following strategies to ensure diversity:

* **Edge Emphasis:** Try to include pairs involving events from the beginning-middle, middle-end, or beginning-end of 
the video.

* **Diversity:** Prefer pairs involving different subjects or actions to avoid redundancy. (Pairs with similar subject-
verb structures to already selected pairs should be given lower priority).

* Sample pairs satisfying |i - j| ≥ 2, considering the strategies above.

3.  **Output:** Clearly list the sampled pairs, distinguishing between 'Adjacency' and 'Distant' types.

**Example Output (Sampled Pair List):**
* Adjacency Pairs: (Event 1, Event 2), (Event 2, Event 3), ... (Event L-1, Event L)
* Distant Pairs: (Event 1, Event 4), (Event 3, Event 7), (Event 2, Event L), ... (Total of [Sampled Quantity] pairs)

## Step 3: QA Pair Generation
For each sampled event pair (A, B) from Step 2, or for selected triplets of events (X, Y, Z) as needed, generate question-
answer pairs based on the provided QA templates. Replace <A>, <B>, <X>, <Y>, <Z> with the actual event descriptions from Step 1.

1.  **Apply QA Templates:**
* **Order Discrimination (Boolean):** (Applicable to all pairs)

* Question: "Did <A> happen before <B>?"
* Answer: (Based on original video) Yes / No

* **Adjacency Check (Boolean):** (**Only** applicable to Adjacency Pairs)
* Question: "Does <B> happen immediately after <A>?"
* Answer: (Based on original video) Yes / No

* **Precedence Selection (Multiple Choice):** (Applicable to all pairs)
* Question: "Which of the following two events happened first? 1. <A> 2. <B>"
* Answer: (The event that occurred earlier in the original video) 1 or 2

* **Sequence Ordering (Ordering):** (Generate about [Number, e.g., 2-3] questions using Distant Pairs or arbitrary triplets 
(X, Y, Z))

* Question: "List the following events in the order they occurred: A. <X>, B. <Y>, C. <Z>"
* Answer: (The correctly ordered sequence based on the original video) e.g., ACB

2.  **Output:** Present the generated QA pairs clearly. Include both the question and the corresponding ground truth answer 
(based on the original video). **You MUST generate 10 QA pairs.** 

**Example Output (QA Pairs):**
* Question: "Did '[Event 1 Description]' happen before '[Event 2 Description]'?" / Answer: Yes
* Question: "Does '[Event 1 Description]' happen immediately after '[Event 2 Description]'?" / Answer: No
* Question: "Which of the following two events happened first? 1. [Event 5 Description] 2. [Event 3 Description]" / Answer: 

2
* Question: "List the following events in the order they occurred: A. [Event 1 Description], B. [Event 7 Description], C. 

[Event 4 Description]" / Answer: ACB
* ... (3 Boolean QA pairs, 4 Multiple choice QA pairs, 3 Ordering QA pairs)

# Final Output Format:
Present the results for Step 3 in json format.

**Example Output**
[{"question": "Did '[Event 1 Description]' happen before '[Event 2 Description]'?",
"choices": ['yes', 'no'],
"answer": 'yes'},
{"question": "Does '[Event 1 Description]' happen immediately after '[Event 2 Description]'?",
"choices": ['yes', 'no'],
"answer": 'no'},
{"question": "Which of the following two events happened first? 1. [Event 5 Description] 2. [Event 3 Description]",
"choices": ['1', '2'],
"answer": '2'},
{"question": "List the following events in the order they occurred: A. [Event 1 Description], B. [Event 7 Description], C. 
[Event 4 Description]",
"choices": ['ABC', 'ACB', 'BAC', 'BCA', 'CAB', 'CBA'],
"answer": 'ACB'},
...
]

Figure 6: Methodology figure of QEVA.
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