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Facts

unless the company pays him.
+/ The manager fires the man.

+/ The manager watches the man in shock as the man
beats himself up.

Tyler as he beats himself up.

Movie Subtitles

= We need to talk. Where to begin? With your constant
absenteeism? You're up for review.

linings that fail. What then?
= Are you threatening me?
= Ohh! Ohh! Ahh... ahh... Ohh... that hurt.
= What the hell are you doing?

Under and behind and inside, everything this man
took for granted... something horrible had been
growing. Now, look.

+/ The man threatens to expose the company's corruption

/After being fired, the man starts beating himself up.

/The man recalls the night when he first fought with

= Let's pretend you're the Department of Transportation.
Someone informs you that this company installs brake

= For some reason, | thought of my first fight with Tyler.

bmt63}@cornell.edu

Q1: What struggle does

the man experience after
being let go?

/ Factual

A1: The man physically harms \/ Relevant

himself while recalling a past fight

with Tyler
Qwen
A1: The man struggles to defend / Factual
himself and tries to fight back after GPT-40 Relevant
being let go. XFa ctual A1: The man experiences a physical

xtelevant struggle, harming himself to

MiniCPM-0 manipulate the situation to his

A1: The man struggles with advantage

violence and aggression after

being let go. XFactuaI
Relevant

Figure 1. MoviEREcapPsQA Benchmark. An example (movie Fight Club) from our benchmark illustrating how MLLMs answer questions
using recap-video frames and aligned movie subtitles. Q1 was constructed from Facts (3) and (5), and answering it requires integrating
visual cues (Frame 2) with supporting subtitle evidence (Lines 4 and 6). We show the human answer alongside model outputs, evaluated
for relevance and factuality on a 0-5 fact-grounded scale, with colors indicating quality from lowest to highest: X, X, /, /.

Abstract

Understanding real-world videos such as movies requires
integrating visual and dialogue cues. Yet existing VideoQA
benchmarks struggle to capture this multimodal reasoning
and, given the difficulty of evaluating free-form answers,
largely resort to simple multiple choice questions. We intro-
duce a novel open-ended multimodal VideoQA benchmark,
MovieREcaPsQA, created using movie recap videos — a dis-
tinctive type of YouTube content that summarizes a film via
a voiceover description of key clips from the movie (recap
video). From the transcribed voiceover (recap summary) of
60 recap videos, we generate ~8.2K questions along with the
necessary “facts” expected in each answer; the former facil-
itates the creation of questions that require mutimodal rea-
soning and the latter allow the construction of a reference-
free evaluation metric that can be applied to open-ended
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responses. To our knowledge, this is the first reference-free
open-ended VideoQA benchmark. The benchmark allows
each question to be evaluated in different input video set-
tings: given (a) the full-length movie, (b) the full (=11 min)
recap video (visual only), (c) ~14 min of aligned movie
scenes, i.e, movie scenes relevant to the question, and (d)
~1.2 min of aligned recap video scenes. In all cases, the
text of any associated movie dialogue is provided. Each
question is categorized by the modality required to answer
it—visual, dialogue, or both—enabling fine-grained eval-
uation of multimodal capabilities. We benchmark (setting
(d)) seven state-of-the-art MLLMs and find that (i) only our
reference-free metric produces meaningful human-aligned
model separation; (ii) vision-centric questions yield the low-
est scores across all models; (iii) removing visual input often
improves model factuality; and (iv) the primary bottleneck
is visual perception, not visual reasoning.



1. Introduction

Consider the prospect of a system that can watch a movie
like Fight Club (Figure 1) and then answer questions about
the movie. To answer a question like “What struggle does
the man experience after being let go?", the system would
need to listen to the dialogue to determine when the person is
being fired (i.e., “let go"), and then look at the corresponding
video sequence to see how the person reacts. The need
for multimodal reasoning across video and dialogue is not
limited to the context of movie understanding; it generalizes
to real world tasks, such as robot reasoning over visual and
linguistic modalities.

Most existing Video Question Answering (VideoQA)
benchmarks fall short of capturing the complexity of such
multimodal understanding. Many benchmarks focus on a
single modality (e.g., solely visual or solely audio) [27] and
often feature simple thematic questions and relatively short
video clips. Even recent work that explicitly focuses on long
videos and multimodal reasoning uses simpler multiple-
choice questions [12, 33, 36]. In contrast to open-ended
question answering, multiple choice questions offer short-
cuts for answering the question without understanding the
video. Thus, current benchmarks provide only limited un-
derstanding of how well models generalize to real-world
content, such as movies and real-life social contexts, where
understanding the temporal dynamics and fine-grained char-
acter interactions require complex multimodal reasoning.

A key reason for the lack of better benchmarks is the
sheer difficulty of acquiring complex questions and answers
— careful manual construction of high-quality QA pairs is
time-consuming. Evaluating model answers in this open-
ended setting is also hard: gold standard answers are not
typically single words or simple phrases, and comparing
them to model-generated answers is subjective. As a result,
evaluation strategies rely on the use of word-based semantic
similarity metrics (e.g., ROUGE) that have been shown to
have a low correlation with human judgments on factuality
and quality [9, 18, 30].

The evaluation challenge is further magnified in the video
domain. In text-based question answering, using LLMs as a
judge has been proposed to verify an answer’s factuality and
relevance with respect to a source text. However, this ap-
proach is not directly transferable to VideoQA: using the full
video as “context” for a judge is computationally expensive
and imprecise. The model would have to parse complex,
multimodal signals just to find the relevant information for
answer grounding. Consequently, existing attempts to use
LLM judges for VideoQA often fall back on the reference-
answer paradigm [5, 26].

We address these challenges by tapping into a novel data
source: movie recaps. A movie recap is a distinctive type
of YouTube content that provides a short (~10 min) sum-
mary of a full-length film via a voiceover description of
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key visual-only clips from the movie. We will refer to the

clips as the RecapVideo and the transcribed voiceover as the

RecapSummary. Importantly, the RecapSummary can be

automatically mined to extract facts, questions and answers.

And because it is aligned with the RecapVideo, extracted

questions and answers can be grounded in specific segments

of the movie and its corresponding dialogue. We leverage
this insight to introduce MoviEREcaprsQA, a novel bench-
mark that features open-ended questions requiring multi-
modal reasoning over long-form, narrative video. Multiple
levels of granularity of input video length are provided for
each QA pair ranging from the full-length movie to just the

RecapVideo segments relevant to the question.

Crucially, MovieREcaprsQA is designed to solve the
core evaluation problems of open-ended questions in video.
Specifically, we introduce an intermediary annotation layer
of atomic facts—concise, verifiable statements—that are au-
tomatically derived from the RecapSummary and used to
generate a QA pair. The facts, in turn, support our proposed
areference-free evaluation that uses an LLM judge grounded
with question-specific facts to evaluate a generated answer.
The facts provide a precise, text-based, verifiable represen-
tation of video content that enables the assessment of answer
factuality, relevance, and coherence without relying on re-
strictive reference answers.

Using MoviEREcarsQA, we benchmark seven state-
of-the-art multimodal large language models (MLLMs),
both proprietary and open-source, alongside human partici-
pants. The dataset exposes several trends: (i) semantic and
reference-based metrics often rank models similarly with
little separation, whereas our reference-free metric yields
more meaningful separation and better alignment with hu-
man preferences; (ii) vision-centric questions yield the low-
est scores across all models; (iii) proprietary model factual-
ity improves when visual input is removed, revealing a visual
understanding gap; and (iv) the primary bottleneck is visual
perception, not reasoning, with fine-grained scene details
showing the largest human—model gap.'

Our contributions can be summarized as:

. We introduce MoviEREcAPsQA, a long-form, multi-
modal VideoQA benchmark comprising ~8,200 open-
ended questions across 60 videos with modality-type la-
bels (dialogue-centric, vision-centric, multimodal) and
reasoning categories.

. We propose a reference-free evaluation metric for
open-ended VideoQA that uses recap-derived atomic
facts to ground an LLM judge in assessing factuality,
relevance, and coherence without relying on a unique
reference answer.

. We benchmark and analyze the performance of 7 mul-
timodal LLMs and human annotators on MoviEREcap-
sQA, revealing a substantial human—-model performance

TAll code is released, MoviEREcaPsQA.


https://github.com/sshaar/MovieRecapsQA.git

gap, a pronounced over-reliance on dialogue, and sys-
tematic failures on fine-grained visual perception.

2. Related Work

Video Question Answering (VideoQA). VideoQA was
introduced as a proxy task to evaluate a model’s ability to
understand and reason over video inputs. Existing VideoQA
benchmarks typically adopt either a multiple-choice format
(e.g., TVQA [21], MovQA [40], How2QA [37], DramaQA
[6]) or an open-ended format (Video-Bench [29], MVBench
[23], EgoSchema [27], CinePile [33]). Open-ended bench-
marks, however, remain both more challenging and far less
common, as evaluation for free-form responses is still an
open problem [2].

Moreover, there has been growing interest in multimodal
VideoQA [33, 40], where models receive both video and
textual context — and questions typically require integrating
information across visual and textual modalities to gener-
ate accurate responses. However, curating such datasets is
far more expensive, and they often need to be partially or
fully automatically generated, with some generation meth-
ods limiting the resulting QA pairs to either visual-only or
dialogue-only questions.

Open-Ended Question Answering Evaluation Evaluat-
ing the quality of open-ended, free-form text remains one
of the most significant challenges in QA, and other gen-
eration tasks. For years, the field relied on n-gram over-
lap metrics, such as ROUGE[24], BLEU[31], METEOR[4].
Later embedding-based metrics such as BERTScore [41]
and BARTScore were introduced, though they showed lim-
ited alignment with human judgments [9]. More recently,
open-ended QA benchmarks have exclusively used LLM-
as-a-judge metrics (e.g., HELMET [38] and GEval [25])
to evaluate the relevance and coherence of model answers.
Both approaches, however, require reference answers. To
our knowledge, there are no benchmarks that evaluate model
answers without relying on a reference, a limitation that pre-
vents the creation of larger and more cost-effective datasets.

In other QA settings (e.g., text-based QA), the factuality
of an answer is a critical evaluation dimension but remains
difficult to measure reliably [8, 20]. Early approaches relied
on NLI models or entity matching [11], yet these methods
consistently failed to capture factuality with strong human
alignment [19]. More recently, LLM-as-judge factuality
metrics (i.e., FactScore[28] and VeriScore[34]) assess fac-
tuality without requiring a reference answer more reliably.
Since factuality concerns the truthfulness of the answer—not
its similarity to a reference—these methods instead verify
claims against the input text context, with some work sug-
gesting that context quality affects scoring[32]. This is par-
ticularly difficult to achieve in VideoQA, as using raw video
as the verification context is unreliable (with MLLM) and
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computationally expensive. To our knowledge, no VideoQA
dataset explicitly measures factuality.

3. MoviEREcAPSQA Benchmark

We construct our dataset automatically by leveraging a
widely available and increasingly popular genre of YouTube
content known as recap videos. These videos narrate the full
storyline of a movie—typically in an 8—15 minute continu-
ous format—while replaying key scenes. Unlike Wikipedia
Synopsis or IMDb plot summaries, which are often high-
level and omit substantial narrative detail, recap videos
provide dense, scene-by-scene coverage of the film’s ma-
jor events, characters, and plot developments.

Additionally, unlike other VideoQA datasets built from
movies (e.g., MovieQA, TVQA, MovQA), the recap videos
directly pair each narrated event with the corresponding
movie shot(s) through visual-only representation (i.e., no
audio). This tight coupling between narration and visuals
allows for accurate summary—movie alignment and enables
a more accurate pairing between the question, the movie
dialogue, and the question-specific facts derived from the
RecapSummary. The dataset was constructed in two main
steps: (1) Collection & Alignment, and (2) QA Generation.”

3.1. MovieRecarsQA Collection & Alignment

We begin by selecting a set of 60 films released between
1980 and 2024, spanning both widely known titles (e.g.,
Avatar) and more niche works (e.g., Year One).” To source
recap content, we compile a list of the top 10 most popular
YouTube recap channels, which we treat as trusted providers
of high-quality summaries. Using the YouTube API, we
retrieve candidate RecapVideos for each movie and collect
the top five search results originating from these trusted
channels. Finally, we manually filter these videos, verifying
that each recap is indeed aligned with the corresponding
movie’s storyline and title.

Next produce a scene-level alignment of each Re-
capVideo to its corresponding movie. We first apply
SceneDetect [16] to segment both the full movie and its
corresponding RecapVideo into scenes. We group all con-
secutive frames belonging to the same scene. Then we
embed the first and last three seconds of footage for every
detected scene in both the movie and the RecapVideo, and
compute cosine similarity to match corresponding shots.
We use SlowFast [10] for the embeddings. Because some
RecapVideos are not strictly chronological, we additionally
perform a lightweight statistical alignment step to enforce
a semi-chronological ordering of matched scenes. Further
alignment details and results can be found in Appendix C.

2We address all copyright issues in Appendix A.

3We intentionally include movies with publicly available scripts so that
future work can incorporate script-based annotations and build further
extensions on top of our benchmark.



Dataset Annotation  # QAPairs  Avg. Len. (s) Modality Q Type
MovieQA [35] Human 6,462 203 No MC
TGIF-QA [17] Auto/Human 165,165 3 No MC & OE
TVQA [21] Human 152,545 76 No MC
DramaQA [6] Human 17,983 91 No MC
MoVQA [40] Human 21,953 992 No MC
CinePile [33] Auto 303,828 160 No MC
MovieRecapsQA (Ours) Auto 8,231 660 Yes FF

Table 1. Comparison of existing video QA datasets. Our proposed dataset introduces multimodal distinctions and free-form question types,

distinguishing it from prior benchmarks.

...she’s moving to Boston with her
boyfriend and Max . The revelation
worries Fletcher, so he
disconnects ...

Fletcher pleads with her to stay
saying he cannot afford to lose his
son . He asserts that in this
chaotic life that he's living , max
is the only good thing he has...

Scene Segmentation

Audrey reveals she is moving to
Boston with her boyfriend and Max
Fletcher worries about Audrey's
revelation.

Fletcher pleads with Audrey not to
move to Boston, stating he cannot
afford to lose Max

Fletcher asserts that Max is the
only good thing in his chaotic
life.

Fact Extraction

- What realization did Fletcher

come to after talking to his
son Max about his wish?

- What emotional plea did

Fletcher make to Audrey
after she helped him during
his troubles?

- Why was Fletcher worried

after Audrey revealed her
plans to move to Boston
with her boyfriend and son
Max?

A-

Fletcher realized the true meaning
of parenthood and understood that
he had neglected Max

- After Audrey helped him, Fletcher

pleaded with her to stay,
expressing that he could not afford
to lose Max

- Fletcher was worried because

he felt he could not afford to
lose his son, Max, and Audrey's
move would mean he would
have less access to him.

QA Generation

- What did Fletcher realize after

speaking with a child?

- What did Fletcher ask after

receiving help from someone?

- Why was Fletcher worried

after Audrey announced
plans to move?

QA Simplification

Figure 2. QA Generation Pipeline. Example question-answer pairs from recap video 6Tfmy3uGTmQ (for Liar Liar) on the recap segment
“00:06:50-00:12:42" (and “00:31:44-00:50:12" from the movie). The red-highlighted text indicates the recap-segment input used to extract

facts and generate the corresponding QA pair.

Statistic Value
Dataset Size

Total Films & Recap Videos 60
Total QA Pairs 8,231
Total Aligned Atomic Facts 16,462

Temporal Statistics

Avg. Length of Full Recap Video
Avg. Length of Full Movie

Avg. Segment Length (Recap)
Avg. Aligned Segment (Full)

~660 s (11 min)
~6,446 s (107 min)
~73s

~863 s (14 min)

Facts and Questions

Avg. Total Facts from Segments
Avg. Facts per Video

Avg. Questions from Segments

~12
~222
~172

Table 2. Overall statistics for the MoviEREcaPsQA dataset.

Using this process, we obtain an alignment of the Re-

capVideo not only with the movie video but also with the
corresponding dialogue via the available movie subtitles.
Because the RecapVideo is itself aligned with the Recap-
Summary, we also obtain an alignment of the summary with
the movie and its dialogue.

4540

3.2. MovieRecapsQA QA Generation

To construct the question—answer pairs, we divide each Re-
capSummary into segments and use prompting to extract
all facts from each recap segment via LLM-based prompt-
ing. We then instruct an LLM to generate QA pairs that
rely on one or more facts within a single segment. How-
ever, because these extracted facts tend to be highly verbose,
the resulting QA pairs are often too easy: they reveal ex-
cessive information about the scene. In addition, questions
frequently include character names, which can hinder align-
ment with subtitles (since dialogue excerpts may not mention
the character’s name at the corresponding moment). To ad-
dress these issues, we additionaly generated simplified QA
pairs using a dedicated LLM prompt designed to abstract
away identifying details. All dataset construction steps are
performed using GPT-4.1. All prompts regarding the QA
generation can be found in Appendix B.

Figure 2 illustrates QA generation for Segment 4 of the
Liar Liar RecapVideo: fact extraction produces 32 facts
(only four are shown); then verbose QA pairs and their sim-
plified counterparts are generated. We retain the answer
from the verbose QA pair and the question from the simpli-
fied QA pair in our final QA set.



3.3. Statistics

The MoviEREcAPsQA dataset is built on 60 films, result-
ing in a corpus of 8,231 open-ended question-answer pairs.
Each question is aligned with with a specific segment from a
movie recap video, the corresponding (video-only) segment
from the original full-length movie, and the corresponding
movie subtitles. A summary of the dataset’s key statistics is
presented in Table 3.

Questions are categorized by the primary modality re-
quired to answer them and the type of reasoning involved.
The distribution of question modalitites is diverse, as shown
in Table 3, which forces the models to use different types of
reasoning. The breakdown of different question categories,
based on the CinePile taxonomy, is also detailed in Table 3.
All prompts used to categories the dataset can be found in
Appendix E.

Question Modality

Dialogue-centric 2,932
Multimodal 3,525
Vision-centric 1,774
Question Categories

Narrative and Plot Analysis (NPA) 3,294
Character and Relationship Dynamics (CRD) 3,149
Thematic Exploration (TH) 677
Setting and Technical Analysis (STA) 655
Temporal Reasoning (TEMP) 456
Total 8,231

Table 3. Question statistics for MoviERECcAPSQA: modality distri-
bution (top) and categories (bottom) over 8,231 total questions.

4. Evaluation Metrics

Evaluating free-form open-ended VideoQA is fundamen-
tally harder than evaluating multiple-choice or short-answer
formats. A correct open-ended answer must satisfy multiple
criteria simultaneously: it must be factually accurate with
respect to the video content, relevant to the question being
asked, and internally coherent. No single existing metric
captures all three dimensions, and most fail to capture even
one reliably. We first survey the shortcomings of standard
metrics, then introduce our reference-free evaluation frame-
work designed to address them.

4.1. Baseline Metrics

Semantic Evaluation Metrics We first establish baselines
using standard semantic similarity metrics that compare
model-generated responses against reference answers at the
lexical and embedding level. ROUGE [24] measures n-
gram overlap; BERTScore [4 1] computes embedding-based
similarity; and BARTScore [39] uses a seq2seq model to

4541

score conditional likelihood. These metrics capture surface
form and paraphrastic similarity but not factual correctness.

Reference-Based Evaluation Metrics To assess factual
correctness in long-form answers we employ reference-
based LLM judges that leverage the reasoning capabilities
of LLMs to evaluate response quality.

We include two reference-based LLM judges: G-Eval
[25], a framework that rates the coherence and consistency
of an answer given a reference, and HELMET|[38], which
targets two dimensions — Fluency, which captures gram-
matical correctness and coherence, and Correctness, which
is designed to measure factual agreement with the reference
answer on a 0-3 scale. HELMET Correctness serves as
our primary reference-based baseline as it explicitly targets
factual accuracy. However, it still relies on a single gold stan-
dard answer and cannot verify whether a model’s response
is grounded in the underlying video content.

4.2. Reference-Free Evaluation Metric

The limitations above motivate our central evaluation contri-
bution: areference-free LLM judge that evaluates whether a
response is factually grounded in the video content, indepen-
dent of how any particular reference answer is formulated.

We first leverage our recap pipeline to construct a fextual
layer of atomic facts that serves as a compact, verifiable
representation of the video content.

For each question g, we collect a set of atomic facts
Fq = {f1,..., fx} derived from the aligned recap summary
for the corresponding video segment. Each atomic fact is a
short, standalone proposition about the movie (e.g., “Tyler
threatens to destroy the narrator’s apartment’), written so
that its truth can be directly verified from the recap. In
addition to the atomic facts extracted for each questions,
we also extract a set of claims for each model response
C, ={c1,...,ckx}. Given a question g, the model claims
C;, the associated atomic facts %, and the subtitles for the
segment our LLM judge is prompted to evaluate a along
three dimensions:

 Factuality (sg): to what extent the claims in a are sup-
ported (or contradicted) by 7.

* Relevance (sy): whether a directly addresses ¢ and
avoids introducing unsupported, off-topic content.

All reference-free evaluations are performed using GPT-
4.1 mini as the LLM judge. We select this model for its cost
efficiency given the scale of evaluation, as scoring 8.2K
questions across seven models and three dimensions requires
a substantial number of API calls. We verified that GPT-
4.1 mini produces scores comparable to GPT-4.1 on our
evaluation dimensions.

The judge returns integer scores in the range 0-5 for each
dimension, where higher scores indicate better performance.
Full prompts can be found in Appendix F.



We exclude the coherence metric from the main results,
as the answers are too short to meaningfully exhibit internal
contradictions. Results on the coherence dimension are
reported in Appendix G.

5. Experiments

Our goal is to evaluate how current multimodal LLMs handle
long-form, open-ended VideoQA under controlled, compa-
rable conditions. This section describes how we construct
model inputs, how we prompt each system, and how we run
our ablations.

5.1. Models

We evaluate a diverse set of multimodal models, spanning
both proprietary and open-source systems. Our selection in-
cludes leading proprietary models: GPT-40[14], Gemini 2.5
Flash[7], Claude 3.5 Sonnet[1], and Amazon Nova Lite[15],
which represent the current frontier in commercial video un-
derstanding capabilities. We complement these with open-
source alternatives: LLaVA NeXT-Video[22], MiniCPM-
o[13], and Qwen 2.5-VL[3]. All models are evaluated in a
zero-shot setting with a standardized prompting scheme and
input format.

5.2. Input Formats and Modalities

Each question in MoviEREcapsQA is aligned with a spe-
cific recap segment, its corresponding full-movie segment,
and the matched dialogue (subtitles + script) for that in-
terval (Section 3). Unless otherwise noted, all models are
evaluated using the recap segment as the visual source.”

Visual input. For models that accept raw video files (e.g.,
Gemini 2.5 Flash, Amazon Nova Lite), we pass the aligned
recap segment as a short MP4 clip. For frame-based mod-
els (e.g., GPT-40, Claude 3.5 Sonnet, LLaVA-NeXT-Video,
MiniCPM-o0, Qwen2.5-VL), we uniformly sample frames
from the recap segment and pass them as an ordered image
sequence. We use a different number of frames for each
model, up to the maximum context length allowed by that
model.

Dialogue input. We use the aligned subtitles from the
same temporal window as the visual input.

Multimodal, frames-only, and dialogue-only conditions.
By default, models in the multimodal setting receive both the
visual input (video or frames) and the aligned dialogue. For
our ablations, we also evaluate two restricted conditions: (i)
frames-only, where the model receives only the visual input
and no text, and (ii) dialogue-only, where the model re-
ceives only the subtitle snippet without any images or video.

4The dataset design enables multiple task formulations, with variable
video length (clip, recap, full movie) and variable text length (segment-level
or full dialogue). Further details can be found in Appendix D.
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These three conditions allow us to tease apart how much
each system relies on vision versus language, and whether
multimodal input improves or harms factual accuracy.

5.3. Human Study

To establish a human upper bound and to validate our eval-
uation metrics, we conducted a human study. We ran-
domly sampled 118 questions from our dataset, spanning
all three modalities (dialogue-centric, vision-centric, multi-
modal) These questions were presented to five human par-
ticipants, who provided open-ended answers under the same
conditions as models: each participant saw the question, the
recap segment, and the aligned subtitles for that segment.

We then scored human answers using HELMET Cor-
rectness and our fact-based Factuality and Relevance met-
rics. For each question, we compute both the average hu-
man score (averaged across participants) and the best human
score (maximum across participants).

6. Results & Discussion

This section presents an analysis of model performance on
the MoviEREcAPSQA benchmark. Table 4 reports overall
performance across all metrics and models, and Table 5
presents ablation results across question categories and rea-
soning types; further ablation details are provided in Ap-
pendix H.

6.1. The Metric Divergence Problem

Observation #1: Semantic scores fail to discriminate be-
tween models. Semantic metrics show virtually no dis-
crimination across models; for example, ROUGE-L ranged
only 0.22-0.28, BERTScorE 0.63-0.69, and BARTScore
0.03-0.05, as shown in Table 4. Moreover, the per-model
variance of each metric is < 0.03, indicating that these met-
rics assign nearly identical scores to every answer produced
by the same model, regardless of question or answer content.
Together, this suggests that n-gram overlap and embedding-
based similarity fail to capture anything beyond surface-level
token matching.

Observation #2: Reference-based LLM judges do not
align with human preference. While reference-based
metrics yield better model separation than semantic met-
rics, they do not align with human preference, Table 4. For
example, HELMET-CorrecTNESSs rates MiniICPM-o, 1.27,
above the best, 1.26, and average human, 0.98. Similarly
LLAVA-NeXT-ViDEo, 0.98, is scored on par with the aver-
age human. This suggests that reference-based judges inflate
model scores and fail to reflect the true gap between model
and human performance.

Observation #3: Reference-free metric produces human-
aligned model separation. In contrast to both prior met-
ric families, our reference-free metrics produce a wider and
more meaningful spread, Table 4. FAcTUALITY scores range



Semantic Metrics

Reference-Based Evaluation Reference-Free Evaluation

HELMET HELMET

Model ROUGE-L BERTScore BARTScore G-Eval Fluency Correctness Factuality Relevance
LLaVA-NeXT-Video 0.23.0.01 0.65.40.01 0.03.000 0.26.003 0.96.0.04 0.98.0.89 2.9641.97 3.3541.47
Mini-CPM-o0 024,000  0.65.0.01 0.04,000 0301004 094,005 1271108 3214004 3.6141 47
Qwen2.5VL 0.26.40.02 0.6740.01 0.04.:000 031003 0.97:0.03 1.2340.08 3.4741.98 3.8341.41
Amazon Nova Lite 0.2810_()2 0.6910_01 0-051:0.00 0.3210.04 09910.01 1.2911.03 3-5311.96 39311435
Claude 3.5 Sonnet 0-2210402 0.63i0'01 0~05t0.00 03710.05 0.98i0.02 1.3511_42 3-7611.80 3-9211419
Gemini-2.5-Flash 0.2210.02 0.6310_01 0.0510_00 0.38i0.05 0.95i0.05 1.8211_33 3.26i2‘35 3.70i1 57
GPT-40 0.28:0.03  0.68.0.01 0.05:0.01  0.37:0.06 0941005 1431118 3994201 3.9711.92
Avg. Human* 0.16i0401 0.88i0.0() - - 0.94ﬂ)_06 0.9811_06 4-0111.70 4-0111434
Best Human* 0.1910.01 0.8710_00 - - 0-93i0.06 1.2611_21 4594;0.63 4-53i0.76

Table 4. Models Performance. This table reports model performance on our benchmark across semantic, reference-based, and reference-
free metrics. We additionally include HumaN* performance on a sampled set of 118 questions. For each metric, we report the mean
score across all benchmark questions + variance. HELMET scores range from 0-3, our reference-free metrics from 0-5, and all remaining

metrics are normalized to 1.

from 2.96-3.99 across models, complimented with 4.01 and
4.59 for average and best human. Furthermore, the higher
per-model variance of our metric (1.97-2.35 on FacTuaL-
ITY) relative to reference-based metrics (0.89-1.42) con-
firms that our scores reflect genuine differences in answer
quality across questions rather than model-level tendencies.

6.2. The Modality Performance Gap

Observation #4: Vision-centric questions yield the lowest
Factuality scores across all models. Questions requiring
visual understanding, whether vision-centric or multimodal,
score lowest on FactuaLiTy for both models and humans,
Table 5. Proprietary models drop from 3.63 (dialogue)
to 3.15 (vision); open-source models from 3.21 to 3.05.
Humans follow the same trend, falling from 4.17 to 3.84.
This confirms that MoviEREcaPsSQA poses a genuine visual
challenge: getting the facts right is hard not because models
are weak, but because visual information is difficult to extract
even for humans watching the same video.

Observation #5: Models stay on-topic but fail to get
the facts right. Unlike Factuality, Relevance scores re-
main stable across modalities for proprietary, 3.84-3.63,
and open-source, 3.52-3.61, indicating that models consis-
tently attend to the correct scene regardless of modality.
Yet humans score substantially higher on Relevance across
modality (=4.0+), revealing a clear dissociation: models
discuss the right content but cannot extract the precise vi-
sual facts needed to answer correctly, i.e., they know where
to look, but not what to say.

6.3. The Visual Information Gap

Observation #6: Removing visual input improves pro-
prietary model performance. Proprietary models score
higher under dialogue-only than full-modality input across
all question types and both metrics (Table 5). Factuarity
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improves by +0.49, +0.73, and +0.70 on dialogue, vision-
centric, and multimodal questions respectively, with RELE-
vaNcE following the same trend. The gains are largest on
vision-centric questions, questions relying on visual cues
only, indicating that these models do not extract useful sig-
nal from video frames. Rather than helping, visual input
actively disrupts their predictions, pulling them away from
the textual priors they would otherwise rely on.

Observation #7: Proprietary models lose their advantage
when given only frames. Under full-modality input, pro-
prietary models lead open-source across all question types,
but this advantage collapses under frames-only, Table 5.
On vision-centric questions, open-source models score bet-
ter than proprietary (3.15 vs. 3.06). We also observe that
open-source models show smaller performance drops under
frames-only in comparison to proprietary models. Com-
bined with Observation #6, this suggests that proprietary
superiority is driven by stronger language priors, not better
visual understanding.

6.4. Performance Across Question Categories

Observation #8: The primary performance bottleneck
is visual perception, not reasoning type. Performance
across question categories follows a clear pattern: categories
that reward dialogue comprehension (CRD, NPA) are easiest
for models (3.53, 3.41 proprietary Factuality), while STA
(i.e., requiring fine-grained perception of lighting, camera
work, and environmental detail) is hardest by a wide margin
(2.98 proprietary, 2.83 open-source). Interestingly, humans
show no such drop (4.15), making the human—model gap on
STA (1.17-1.32) roughly double that of CRD or NPA. The
modality ablations sharpen the point: on STA, proprietary
models given dialogue-only improve by +0.63 Factuality,
while those given frames-only decline by —0.19, indicating



Question Types Question Categories
Model Dialogue Scene Multimodal ‘ CRD NPA STA TEMP TH
Relevance Score
Open-Source Models 3.61 3.53 3.52 353 352 358 3.70 3.72
(only frames) +0.06  +0.14 +0.15 +0.15 +0.07 +0.08 +0.00 +0.11
(only dialogue) +0.05  -0.09 +0.08 +0.09 +0.03 -0.14 -0.16 +0.01
Proprietary Models 3.84 3.63 3.83 382 374 353 3.73 3.86
(only frames) -0.18  +0.01 -0.11 -0.14 -0.09 +0.11 -0.11 -0.17
(only dialogue) +0.37  +0.24 +0.30 +0.33  +0.32 +0.31 +0.15 +0.35
Human#* 4.27 3.97 4.00 4.05 398 441 - 4.11
Factuality Score
Open-Source Models 3.21 3.05 3.11 319 3.13 283 3.15 3.02
(only frames) -0.14  +0.08 -0.02 -0.07 -0.03 +0.12 -0.06 —0.09
(only dialogue) -0.01  +0.02 +0.10 +0.07 +0.08 -0.05 -0.16 +0.03
Proprietary Models 3.63 3.15 3.46 353 341 298 3.23 3.38
(only frames) -0.48  -0.09 -0.25 -0.29 -0.22 -0.19 -0.26 -0.38
(only dialogue) +0.49  +0.73 +0.70 +0.64 +0.69 +0.63 +0.61 +0.59
Human#* 4.17 3.84 3.98 4.07 386 4.15 - 4.14

Table 5. Ablation Experiments. We report the average performance of an open-source model and a proprietary model on our proposed
reference-free metric, broken down by question types and categories. We include ablations where models are prompted with only video
frames, only dialogue, or the full context (blue rows). We also report the average performance of Humans* on each question type and

category using the sampled set of 118 questions.

that visual encoders actively hurt on questions demanding
the most from them.

7. Conclusion

We proposed MoviEREcaPsQA, a multimodal open-ended
VideoQA benchmark built from aligned recap videos, full-
length movies, subtitles, and summaries. By leveraging
recap videos as an intermediate representation, our dataset
supports questions that require reasoning over both visual
and linguistic context while preserving the narrative struc-
ture of the underlying film. In addition, we proposed on
atomic fact-based, reference-free evaluation framework that
scores answers on factuality, coherence, and relevance with-
out relying on a single reference response.

Taken together, our analyses highlight three broader im-
plications for long-form VideoQA:
1. Metrics matter. Conventional semantic metrics and
reference-based LLM judges are not reliable indicators
of factual correctness in open-ended VideoQA. Our fact-
based metric better separates models and humans and ex-
poses genuine weaknesses, suggesting that future bench-
marks should incorporate similar fact-grounded evalua-
tion rather than relying solely on reference answers.
Multimodality is still brittle. The visual informa-
tion gap—where removing frames improves factual-
ity—indicates that current MLLMs do not robustly in-
tegrate video and dialogue. Progress on visual encoders
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alone is not enough; we need architectures and training
strategies that force models to ground language in vi-
sual evidence rather than treating subtitles as the primary
source of truth.

. Recap videos are a powerful but underused signal. By
aligning recap summaries, recap videos, and full movies,
MovieREcaPsQA provides a scalable source of atomic
facts and multimodal context that can drive both better
models and better evaluation (through fact-based met-
rics).

We hope these findings encourage future work on (i) archi-
tectures that explicitly ground answers in both videos and
dialogue, (ii) training objectives that reward visual-textual
consistency rather than mere fluency, and (iii) new bench-
marks that, like MoviERECAPSQA, pair long-form narrative
videos with auxiliary textual signals rich enough to support
atomic fact extraction and reference-free evaluation.
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