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Abstract

No. While Multimodal Large Language Mod-
els (MLLMs) have been shown to perform
very well on general video data, we system-
atically show that their performance on movies
lags behind. This is surprising as MLLMs
are increasingly used for movie understand-
ing. To measure the performance of MLLMs
on movies, we explore three pillars of movie
mastery: movie knowledge, cinematographic
knowledge, and critical analysis. Through a
combination of quantitative and in-depth quali-
tative evaluations, we identify where MLLMs
show promise and, in particular, where they
fail. Our findings show that in small-scale set-
tings involving factual knowledge, MLLMs are
able to outperform existing methods. However,
once cinematographic and critical analysis is
required, MLLMs are insufficiently able to ex-
tract meaningful information from the visual
modality to be able to provide useful insights.
The data and project page are available at car-
lobretti.github.io/moviebuff.

1 Introduction

Over the past couple of years, multimodal large lan-
guage models (MLLMs) have shown great promise
in video understanding tasks (Wang et al., 2024b,a;
Li et al., 2024b). Among different tasks, MLLMs
have been used in text-to-video retrieval (Li et al.,
2024b), in video question-answering (Wang et al.,
2024a), and video captioning (Wang et al., 2024b).
Their strength lies in the ability to connect visual
representations and to make use of LLMs’ ability
to understand and produce semantic predictions.
Due to the promise of MLLMs on general video
understanding, recent research has begun extend-
ing their use to movies for tasks such as audio
description generation (Xie et al., 2024; Han et al.,
2023b,a, 2024; Ye et al., 2024; Zhang et al., 2022;
Yue et al., 2023, 2025; Gao et al., 2025) or ques-
tion answering (Zhang et al., 2025b; Fung et al.,
2023). However, as MLLM adoption grows and
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Figure 1: To evaluate whether MLLMs are movie buffs,
we introduce three pillars: Movie knowledge, Cinemato-
graphic knowledge, and Critical analysis. While they
can perform competitively in small-scale settings, they
fall short on meaningful visual movie understanding.

MLLMs increasingly become embedded in work-
flows, the question remains as to how suitable they
are for movie material. Since MLLMs consist of
modality-specific encoders and a large language
model (LLM) component, which are often trained
independently, there are multiple training stages
where MLLM components might come in contact
with movie-related data. This variation across mul-
tiple MLLM components of how and what type of
movie material they are exposed to may influence
their capabilities in unique ways, which means that
determining their capabilities on movies requires
evaluation from multiple angles.

In this work, we investigate the extent to which
off-the-shelf general-purpose MLLMs, which form
the backbone of movie understanding systems,
are knowledgeable about movies. Film studies
handbooks often consider the understanding of
stylistic and formal cinematographic elements as
foundations for the ability to critically analyze a
movie (Bordwell et al., 2020; Barsam and Mona-
han, 2019). In this spirit, we identify three pillars
defining the capabilities that an MLLM should have
to be considered knowledgeable about movies.

The first pillar considers cultural movie knowl-
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edge. Movies are not created in a cultural void:
they are a product of all the people and institutions
involved in their creation. Among other relevant
attributes, a movie involves a director, a budget, a
country of production, and an intended genre. All
of these elements influence the final visual product.
A knowledgeable system should therefore be able
to discern movies based on their cultural context.

The second capability we investigate regards
classifying cinematographic attributes. When
analyzing a movie, film scholars consider the for-
mal visual aspects of a shot (Bordwell et al., 2020).
For example, the shot size or the camera angle
used are key to the look and feel of a movie. A
knowledgeable MLLM should therefore be able to
distinguish between different shot attributes.

Lastly, the third pillar regards the ability to crit-
ically analyze a movie. While film scholars are
initially often trained in the formal analysis of a
movie, the goal is to then be able to use formal
analysis as a basis for a holistic critical analysis of
a movie. In a similar vein, a capable and knowl-
edgeable MLLM should have “taste” and be able to
identify the strengths and flaws of a movie scene.

Overall, this work investigates the extent to
which existing MLLMs are knowledgeable about
movies. We do so by defining three pillars, and we
investigate each pillar using off-the-shelf MLLMs,
and by proposing two new benchmarks for movies
(CMD-AD+ and MovieCom). Our results demon-
strate that MLLMs show potential for movie knowl-
edge in a small-scale setting, where movie classi-
fication is required from limited options. For clas-
sifying cinematographic attributes, which depend
on visual understanding, MLLMs fall short of their
specialised counterparts. Additionally, even for
the critical analysis, where the textual component
could potentially compensate for a lack of visual
understanding, we observe a breakdown in perfor-
mance, with MLLMs failing to identify key events
and misinterpreting stylistic choices. Our results
highlight crucial limitations in MLLMs for mean-
ingful movie understanding.

2 Related Work

To evaluate whether MLLMs are knowledgeable
about movies, we explore three pillars (cultural
knowledge, cinematographic attributes, and movie
critique) that lay bare their potential for movie un-
derstanding. In the following, we discuss the re-
lated work for each of these pillars.

2.1 Movie Attribute Classification

The production of movies involves a range of roles
and factors that influence the final product, such as
the director, where the movie was made, or how
much it cost to make. These factors influence the
interpretation of a movie, i.e., a viewer may be
more forgiving of bad visual effects in a low-budget
indie movie than they would be for a blockbuster
production. One’s familiarity with and knowledge
about movies is reflected in the ability to recall
or determine these factors or attributes of a movie.
Hence, to evaluate the movie knowledge of MLLM,
we focus on their ability to classify movie attributes.
Over the years, many works have investigated how
to classify attributes of movies (Rasheed and Shah,
2002; Zhou et al., 2010; Simdes et al., 2016; Wu
and Krahenbuhl, 2021).

Recently, we have observed a resurgence of work
on movie attribute classification, partly driven by
the release of the Long-form Video Understand-
ing (LVU) benchmark (Wu and Krahenbuhl, 2021).
Common approaches applied to the LVU bench-
mark include state-space modelling (Islam and
Bertasius, 2022; Wang et al., 2023; Li et al., 2024a),
contrastive learning (Xiao et al., 2022; Chen et al.,
2023), and, of particular interest for this paper,
MLLMs (He et al., 2024; Azad et al., 2025). MA-
LLM (He et al., 2024) proposes a technique to
improve MLLM for handling long context, which
is particularly relevant for dealing with the long
temporal dependencies in movies. More recently,
HierarQ (Azad et al., 2025) proposed a hierarchi-
cal approach that employs memory banks across
two time-scales. Following a similar supervised
setting, they outperform MA-LLM on movie un-
derstanding tasks. While adding additional com-
ponents, both MA-LLM (He et al., 2024) and Hi-
erarQ (Azad et al., 2025) rely on pre-trained and
frozen MLLMSs, underscoring the importance of
general-purpose MLLMs as building blocks for
movie understanding systems. Therefore, we focus
on general-purpose MLLMs and evaluate them on
movie understanding tasks in a zero-shot manner.
To further facilitate such analysis, we propose a
new movie attribute dataset that enables a broader
exploration of the importance of domain knowl-
edge for attribute classification.

2.2 Cinematography Classification

The second pillar focuses on a cinematographic
understanding of individual shots from a formal
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perspective. A common goal here is to classify shot
size (sometimes called shot type or scale), which
regards the scale of human bodies in the shot (Bor-
dwell et al., 2020), such as close-ups or wide shots.
Increasingly, additional cinematographic aspects
such as camera motion (Rao et al., 2020; Lin et al.,
2025), camera angle (Argaw et al., 2022) and light-
ing (Liu et al., 2025) are also considered.

The use of additional cinematographic shot
attributes is also reflected in datasets. While
CineScale (Savardi et al., 2021) consists of frames
of movies from 6 directors annotated for shot
scale, CineScale2 (Savardi et al., 2023) expands
this with annotations for camera angle and level.
MovieShots (Rao et al., 2020) similarly contains
47k annotated movie shots for shot scale and
camera movement. More recently, the Camer-
aBench (Lin et al., 2025) dataset was introduced,
which provides extremely detailed annotations for
the type of camera movement employed. However,
particularly notable is AVE (Argaw et al., 2022),
which is the largest available dataset, containing
over 200k annotated videos with annotations for
multiple attributes, including shot size, shot type,
camera motion, and camera angle. Approaches
for AVE mainly feature large-scale multimodal
contrastive pretraining (Argaw et al., 2023) and
multi-task training, trying to optimize for the com-
monality between the different tasks at hand (Ar-
gaw et al., 2022; Li et al., 2024c). More recently,
two additional datasets have been introduced, Shot-
Bench (Liu et al., 2025) and CineTechBench (Wang
et al., 2025), which cover a similar range of at-
tributes as AVE. However, given AVE’s larger size
and scope, we focus on AVE to get a more accurate
judgment of MLLMs’ cinematographic understand-
ing abilities.

2.3 LLMs for Analysis and Critique

While the first two pillars focus on assessing knowl-
edge, the third pillar focuses on MLLMs’ ability
to critically evaluate a movie scene. Recently,
the Movie Facts and Fibs dataset (Zaranis et al.,
2025) was introduced to evaluate the narrative un-
derstanding abilities of MLLMs’ on films, by test-
ing whether they can reasonably judge the veracity
of a series of claims. In contrast, our focus is on
evaluating the ability to produce free-form analyses
of a movie scene. On the other hand, the ability
for MLLMs to criticize and analyze visual material
such as photographs (Qi et al., 2025) has been inves-
tigated. And while MLLMs have not been broadly

used for visual analysis of movies, their text-only
counterparts have been used for analyzing movie re-
views (Paiva and Diecke, 2024). In general, LLMs
have been investigated for their potential to aid in
annotation for social science research (Ziems et al.,
2024; Karjus, 2025). As an example, LLMs have
been used to discover narratives used in discourse
surrounding veganism in YouTube comments (Pera
and Aiello, 2024). Recently, some works have also
tested out LLMs’ ability to act as academic review-
ers (Tyser et al., 2024). Within the movie domain,
our goal is to explore MLLMs’ ability to engage in
meaningful discourse about movie scenes.

3 Do MLLMs Know Who Directed Jaws?

Pillar 1. To test MLLMs’ understanding of
movie knowledge, we perform classification on
an existing movie attribute dataset, LVU (Wu and
Krahenbuhl, 2021), and on the larger dataset CMD-
AD (Han et al., 2024), which we expand with
movie attributes (resulting in CMD-AD+). To eval-
uate the performance of the MLLMs on these tasks,
we prompt them in a zero-shot multiple-choice
question answering setting. The aim of this eval-
uation is to determine what knowledge MLLMs
have about movies, and to learn which information
in the prompt influences their ability to correctly
classify movies. Here, movie knowledge concerns
both what an MLLM can infer about a movie from
the prompt, and what it knows given its training
data, i.e., we would expect a movie buff MLLM to
recognize a Wes Anderson movie from his style,
but similarly it should know that James Cameron
directed Titanic from the title.

To determine the influence of additional informa-
tion, we prompt the model in different ways. In the
minimalistic setting, the model is prompted with
either only a video clip or only textual informa-
tion. We build on these settings by prompting the
model with additional contextual knowledge about
the movie in the prompt, such as the title, cast, and
information about all other attributes that are not
the one being classified. This setup allows us to
compare the relative importance of data modalities.

In the following, we describe the experimental
setup, data, and comparison with previous work on
movie attribute classification.

3.1 Experimental Setup

For evaluation we prompt 4 MLLMs, Qwen?2.5-
VL (Bai et al., 2025), VideoLLaMA3 (Zhang
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et al., 2025a), InternVL3 (Zhu et al., 2025), and
Gemma3n (Google, 2025). Using the 7B versions
of both Qwen2.5 and VideoLLLaMA23, and the 8B
versions of InternVL3 and Gemma3n (with 4B ac-
tive parameters at a time). We feed videos at one
frame per second to the models following exist-
ing work (Zhang et al., 2025a), up to a maximum
of 180 frames (for Gemma3n this is capped at 30
frames due to compute cost).

The task is set up as a randomized multiple-
choice QA, in line with Pezeshkpour and Hruschka
(2024), with the additional context in the question.
The full prompt can be found in Appendix A.1.

3.2 Data

For the experiments in this section, we use two
datasets, LVU and CMD-AD+. LVU (Wu and
Krahenbuhl, 2021) contains video clips from 2797
movies from the MovieClips YouTube channel,
split across 9 different tasks, including director,
genre, writer, and year classification. For each task,
LVU contains a subset of datapoints matching a
small number of labels. We obtain all available
videos for the existing test split to compare our
results with previous work. While LVU provides
a strong basis for attribute classification, the range
of classes covered for each attribute is limited in
scope.

In addition, we collect the 8687 available
YouTube videos used in CMD-AD (Han et al.,
2024) and their respective attribute information
from IMDB. This newly proposed dataset (CMD-
AD+) is the largest available movie attribute dataset
with both attributes and video. In terms of at-
tributes, we retrieve, on top of director and genre,
labels for budget and primary country of produc-
tion. For this dataset, differently from LVU, which
uses 3 unique combinations of genre as class, we
treat genre as a multi-label classification problem
with 22 possible classes, and 439 unique combi-
nations of genres. For budget classification, we
exclude all movies without budget information. To
adjust for inflation and currency, we compute the
inflation-adjusted budget in USD in 2025 and bin
it into 5 categories. A full comparison of LVU and
CMD-AD+ can be found in Appendix A.2.

3.3 Results

To evaluate MLLMs on movie attribute classifi-
cation, we experiment with four MLLMs across
two datasets (LVU and CMD-AD+) and with con-
textual knowledge in the text, such as title, cast,

Video Text Avg.

VideoBERT v 43.3
Obj_T4mer ve 43.6
Orthoformer v 50.3
VIS4mer ve 52.7
TranS4mer v 53.1
S5 v 58.0
Movies2Scene v 59.6
VideoMamba v 58.4
MA-LMM v 64.5
HierarQ v 70.0
v 68.0

Qwen2.5-VL v 68.0
v v 74.1

v 61.7

VideoLLaMA3 v 57.1
v v 72.0

v 77.1

InternVL3 v 46.7
v v 76.0

v 60.4

Gemma3n v 49.0
v v 65.7

Table 1: Average classification accuracy on the LVU
dataset on director, genre, writer, and year. The top half
includes prior works that were evaluated only on video
data, the lower half compares four general-purpose
MLLMs on text-only, video-only, and multimodal.

or other attributes not currently evaluated. Ta-
ble 1 shows the results for LVU compared to
baselines (VideoBERT (Sun et al., 2019), Object-
Transformer (Wu and Krahenbuhl, 2021), Ortho-
former (Patrick et al., 2021), VIS4mer (Islam and
Bertasius, 2022), TranS4mer (Islam et al., 2023),
S5 (Wang et al., 2023), Movies2Scene (Chen
et al., 2023), VideoMamba (Li et al., 2024a), MA-
LMM (He et al., 2024), HierarQ (Azad et al.,
2025)). A breakdown of per-attribute performance
for increasing amounts of contextual knowledge
can be found in Appendix A.4. For LVU, we
observe that MLLMs only outperform the base-
line models when relying on both visual and tex-
tual data, with just Qwen2.5-VL performing com-
petitively in the video-only setting. However, In-
ternVL3 surprisingly achieves the highest perfor-
mance overall using just text, even surpassing the
most recent video baselines. This indicates that the
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Video Text Budget Country Director Genre Avg.

Qwen v 39.7 25.0 37.3 60.2 40.5
2 5.VL ve 24.4+2.3 159+14 22.6 +£0.4 45.9 4+ 0.5 27.2
ve e 40.2 +2.9 282+1.6 38.6 0.4 59.9+0.3 41.7

Video v 38.3 27.6 26.9 51.4 36.1
LLaMA3 ve 284 +1.3 8.9+0.6 10.7 £ 0.6 35.5+04 20.9
Ve v 38.1+£1.7 31.1+24 27.6 £1.0 48.0+ 1.0 36.2

v 27.5 24.6 43.2 66.2 40.4

InternVL3 ve 276 £1.1 8.8+0.9 199+0.4 43.0+ 0.4 24.8
v v 34.7+1.5 31.3+3.1 44.2 £ 0.8 62.4+0.9 43.1

v 33.0 33.9 40.9 61.3 423

Gemma3n ve 22.0£0.7 12.0+0.8 16.3+0.4 46.4+0.4 24.2
v v 26.8 £0.5 34.7+4.8 325+1.1 63.0+04 39.2

Table 2: Movie attribute classification F1-score on the CMD-AD+ dataset. CMD-AD+ contains multiple video clips
per movie. As such, we report the average (and standard deviation) of randomly sampling a single video clip per
movie 5 times. As the text-only settings do not consider the video clips, these are based on a single run.

GT: 100M+ USD
Pred: 10-50M USD

[ GT: Action, Adventure, Sci-Fi } [

Pred: Action, Adventure, Sci-Fi

Figure 2: Qualitative results for Qwen2.5 on video only.
Some movie attributes are more easily identifiable based
on visuals, while for attributes such as budget, external
factors, such as casting, can play a pivotal role.

text-based LLM component plays a significant role
in correctly classifying movie attributes.

Our evaluation shows that the combination of
visual and textual information generally boosts the
performance. This shows promise in how the ad-
dition of contextual information can significantly
boost the performance of off-the-shelf general-
purpose MLLMs, outperforming existing MLLM-
based methods such as MA-LMM (He et al., 2024)
and HierarQ (Azad et al., 2025), which were specif-
ically tailored and trained for movie understanding.

To evaluate MLLMs in a more challenging set-
ting, we report results for movie attribute classifi-
cation on the proposed CMD-AD+ dataset in Table
2. Across the board, we observe that CMD-AD+
is much more challenging than LVU, as it contains
more movies and more classes per attribute. Sim-
ilar to the prior results, we can observe that the
text-only setting performs best across all models,
with reduced performance in the visual-only set-

ting. Although we see the highest performance for
Qwen2.5-VL and InternVL3 in the multimodal set-
ting, the gap remains small relative to the amount
of additional data and processing employed.

Across the different attributes, we can see dif-
ferences in performance, in particular for genre
and country, which have a comparable number of
classes. We suspect that genre may be discussed
more directly in discourse on movies in the training
data, whereas the production country may be dis-
cussed more indirectly, e.g., by mentioning movie
studios or cities instead. Admittedly, classifying
movie attributes such as genre or budget is not an
easy feat. As shown in Figure 2, visually clas-
sifying some genres might be easier than others,
e.g., a giant alien robot walking towards a city is a
clear indicator of a sci-fi movie. However, for an
attribute like budget, there is a strong reliance on
context and domain knowledge: the high budget
of the scene on the right may be better explained
by its casting of the popular actor Adam Sandler
than by visual aesthetics. As such, multimodal ap-
proaches should have an advantage in this domain.
We further explore the relationship between popu-
larity and task performance using box office as a
proxy in Appendix A.3.

Overall, we observe that on LVU the off-the-
shelf MLLMs achieve state-of-the-art performance,
often outperforming prior supervised approaches.
However, LVU is rather small-scale, as shown
in Table 5, and only has a few classes for each
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Angle Motion Size Type Avg.
Trained on AVE
AVE (w/o logit adj.) (Argaw et al., 2022) 28.9 31.2 39.1 62.3 40.4
AVE (Argaw et al., 2022) 49.8 437 67.6 66.7 57.0
LMP (Argaw et al., 2023) 57.7 46.1 67.4 63.8 58.8
IAI-AVE (Li et al., 2024c¢) 85.7 48.3 714 51.6 64.3
Zero/few-shot
7S 45.8 28.8 55.7 53.6 46.0
Qwen2.5-VL FS 524 31.2 60.2 50.7 48.6
PE 47.5 27.1 55.8 58.7 47.3
7S 48.6 30.5 50.2 58.6 47.0
VideoLLaMA3 FS 40.6 22.0 51.7 35.2 374
PE 47.3 29.8 51.8 57.2 46.5
7S 45.1 28.8 55.7 534 45.8
InternVL3 FS 54.4 29.6 60.2 56.4 50.1
PE 52.6 27.8 54.8 62.2 49.3
7S 45.5 25.1 48.3 49.6 42.1
Gemma3n FS 30.6 22.2 40.7 27.2 30.2
PE 47.0 25.3 43.9 50.9 41.8

Table 3: Shot attribute classification mean-per-class accuracy on the AVE dataset. Prior work has been trained on
the AVE dataset (including using specific class imbalance mitigation strategies), whereas the MLLMs are evaluated
in a zero-shot (ZS), few-shot (FS), or prompt engineering (PE) setting.

attribute. The performance on the larger-scale
CMD-AD+ is more indicative of the real movie
knowledge capabilities, as it is a more challenging
dataset than LVU. By scaling up to more movies
and more classes per attribute, the tasks become
more challenging, which is reflected in severely
reduced MLLM performance. Notably, on CMD-
AD+, the performance with just visual information
is much worse, with the MLLM relying on the
textual modality for its performance.

4 Do MLLMs Know What a Close-up
Looks Like?

Pillar 2. Second, we focus on testing MLLMs’
knowledge of cinematography. We focus here on
the classification of cinematographic attributes of
movie shots and compare our findings with previ-
ous work on the AVE dataset (Argaw et al., 2022).
We test the MLLMs in three settings: a zero-shot, a
few-shot with three example frames per class (one
for Gemma3n due to compute cost), and prompt
engineering with class definitions in text.

[ GT: Extreme close-up } {

GT: Close-up }

Pred: Extreme close-up Pred: Extreme close-up

Figure 3: Qualitative examples of shot size classification
by VideoLLaMA3.

4.1 Data

The AVE (Argaw et al., 2022) dataset contains 5591
movie clips with around 200k annotated shots for
different characteristics. We focus on shot type, an-
gle, motion, and size, as these are more prominent
in existing movie literature (Bordwell et al., 2020)
when discussing cinematographic attributes.

Most shots are very brief, with over a third of
the test set being under one second. For that rea-
son, for AVE we increase the number of frames
per second processed from 1 to 4, to ensure that
we sample multiple frames per clip. We split the
data following (Argaw et al., 2022) and randomly
sample the same number of clips for the test set.
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4.2 Results

The results on AVE are shown in Table 3. Al-
though VideoLLLaMa3 performs best in the zero-
shot setting, the best overall results are obtained
by InternVL3 in the few-shot setting. The benefits
of prompt engineering and few-shot examples ap-
pear to be mixed, with sharp drops in performance
for some models. Yet, on the whole, the MLLMs
are outperformed by prior approaches on all tasks,
even with the additional data and compute of the
prompt engineering and few-shot examples. As
the data in AVE is heavily imbalanced, previous
approaches employ a class imbalance mitigation
strategy such as logit adjustment (Menon et al.,
2021) or downsampling the training data based on
prior knowledge from film production (Li et al.,
2024c). As the MLLMs are evaluated without fur-
ther training, similar strategies cannot be employed,
nevertheless given that the MLLMs employ much
larger models which were trained on large-scale
datasets, we would expect more.

The MLLMs seem to have limited out-of-the-
box knowledge of cinematographic concepts and
lack the ability to consistently recognize them.

Among the attributes, prior research has predom-
inantly focused on shot size, and it is frequently
brought up in analyses of cinematography. To dive
deeper into the results, in Figure 3 we show qual-
itative examples of predictions made by VideoL-
LaMA3 given its superior performance in the zero-
shot setting. On the left, the shot is correctly classi-
fied as an extreme close-up. On the right, we see
a case where the model misclassified a close-up as
an extreme close-up. While a misfire, the shot is
indeed a case in which the lines between the two
types of shots are more subtle.

While the MLLMs are outperformed by prior
work, they do demonstrate a rough understanding
of the cinematographic concepts discussed and are
able to recognize them visually in certain cases. In
particular, we observe that the MLLMs struggle
with motion, despite being given more frames (4
FPS) than for the movie knowledge tasks (1 FPS).
Presumably, this attribute would benefit from video
as input, as it is also challenging for prior methods,
which are similarly frame-based. However, for the
time being, we conclude that the cinematographic
knowledge of MLLMs is lacking.

5 Can MLLMs Critique a Film Scene?

Pillar 3. The final pillar we investigate concerns
MLLMs’ ability to critically analyze a movie scene.
To do so, we collect a new dataset of movie clips
with director commentary and prompt the MLLMs
to produce descriptions of the scene as if they were
the director. We choose to focus on director com-
mentary as it best captures the intent and meaning
behind a scene. We then measure hallucination and
omission rates (Rawal et al., 2025) across models.
In addition, for qualitative assessment, we asked a
film scholar to judge generated movie scene analy-
ses as if they were students’ assignments.

5.1 Setup

We collect a new dataset of 321 movie clips with
director commentary from the Anatomy of a Scene
playlist, which we dub the MovieCom dataset. We
transcribe and diarize the dataset using WhisperX
(Bain et al., 2023; Radford et al., 2022), and re-
move all speech that is not produced by the director.
We then prompt the MLLMs to act as if they were
the director and describe a scene and its core mes-
sage. To evaluate the generated descriptions, we
follow the Argus framework (Rawal et al., 2025)
and use an LLM to judge the output, in line with
other works on evaluating hallucination rates for
MLLMs (Jing et al., 2024; Sun et al., 2024). We
compute two measures: ArgusCost-H, quantifying
the rate of hallucinated statements, and ArgusCost-
O, which quantifies the rate at which important
details are omitted. For the LLM judge, we use the
70B variant of Llama 3.3 (Grattafiori et al., 2024).

In addition, to gain deeper qualitative insights
into the MLLM outputs, we prompted VideoL-
LaMA3 to obtain a critical analysis of a scene cov-
ering formal aspects of the movie clip and asked
a film scholar to review it. For this, we randomly
select 7 clips from CMD-AD+ and pass them to
VideoLLaMA3 with a prompt that can be found in
Appendix A.1.

5.2 Results

Quantitative results Table 4 shows the results
of evaluating the descriptions produced by the
MLLMs. What stands out is that all models pro-
duce high omission rates, effectively failing to de-
scribe the core message of the movie clips. While
the director has a deeper understanding of the
movie, the clips shown are focused on the core
message, which is necessary for meaningful movie
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https://www.youtube.com/playlist?list=PL4CGYNsoW2iBup_LVjhX7C9qceoMpiLEL

Incorrect, the first scene is a full
shot of the whole group.

[... 1 The scene begins with a close-up of a
woman lying on an operating table,
wearing a hospital gown and an oxygen
mask. The camera then pans out to reveal
a group of surgeons dressed in surgical
gowns, masks, and caps, preparing for
the operation. The lighting is dim, with a
blue hue dominating the scene, creating a
clinical and sterile atmosphere. [...]

Accurate comment on the lighting!

No comments on the fact that
she's flying and the surgeons turn
into aliens?

F -

Comments on lighting
and tone are accurate.

The use of shadows and low lighting
creates an atmosphere of suspense
[...] The camera angles are carefully
chosen to emphasize the power
dynamics at play, with the man in the
suit often positioned higher than the
police officer. [...] The use of slow
motion during key moments adds to
the dramatic effect [..]

Good assessment of the
power dynamics based
on positioning!

There is no slow motion.

“ -

Figure 4: Qualitative results. Here we show the results prompting an MLLM to get a critical formal analysis,

together with comments from a film scholar.

understanding. In turn, we similarly observe high
hallucination rates. We suspect that the textual com-
ponent of the MLLMs is trying to compensate for
the limited visual understanding by hallucinating
a response. Upon closer inspection of the omis-
sion and hallucination rates split by statement type,
we find that statements about visual descriptions
have the highest rates of hallucination, while for
omissions the type of statement does not affect it.
Further discussion of the results by statement type
are include in Appendix A.8. In general, despite
differences in model architectures, there appear to
be no notable differences in performance.

Hallucination Omission
Qwen2.5-VL 83.4 91.6
VideoLLaMA3 89.7 96.5
InternVL3 82.0 95.5
Gemma3n 86.6 93.7

Table 4: Hallucination (ArgusCost-H) and Omis-
sion (ArgusCost-O) cost of different MLLMs on the
MovieCom dataset. All MLLMs hallucinate statements
at a high rate and omit important statements present in
the original captions.

Qualitative analysis In Figure 4 we show ex-
cerpts of the analyses made by the MLLM, includ-
ing comments provided by the film scholar who
reviewed them. These excerpts capture patterns in
the MLLM analyses. For instance, the left exam-
ple showcases how the model can pick up on the
lighting used, but misconstructs what the first shot
looks like, by mixing up a close-up and a full shot.
Another interesting aspect is that the scene shown
involves sci-fi elements, with people floating and

surgeons turning into aliens, but these supernatural
aspects are completely missing from the analysis.
This may be due to a lack of exposure to sci-fi data
in the training of the visual encoder.

On the right, the comments on lighting and tone
were deemed accurate by the film scholar. In ad-
dition, the analysis contained a good assessment
of the power dynamics between the two characters
based on the shot composition. However, the com-
ments on editing were incorrect, as slow motion is
not employed in any of the scenes.

Overall, MLLMs can provide scene descriptions,
but they are unable to engage in meaningful dis-
course on film. They can often correctly describe
the setting of a scene and the lighting used. How-
ever, their comments are very generic, and the more
specific comments are mainly incorrect and halluci-
natory. On the whole, the analyses considered fail
to capture key elements of a scene and the events
that transpire.

6 Conclusion

In this paper, we investigated MLLMs and the ex-
tent to which they can be considered movie buffs.
For this, we defined three pillars: Movie Knowl-
edge, Cinematographic knowledge, and Critical
analysis ability, and evaluated how well MLLMs
perform on tasks within these pillars.

Movie knowledge. We find that MLLMs can
outperform existing approaches in a small-scale
setting, but that they fall short on the larger-scale
setting of our newly proposed dataset CMD-AD+.

Cinematographic knowledge. MLLMs un-
derperform compared to existing supervised ap-
proaches, highlighting their limited visual capabili-
ties for movie understanding.
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Critical analysis ability. MLLMs can identify
some themes in movie clips, but miss out on key
events and misinterpret stylistic choices, leading to
high degrees of hallucinations.

Overall, we conclude that while MLLMs show
potential for general video understanding, they lack
the ability to meaningfully understand a movie
scene. They are unable to recognize key plot points
or crucial cinematographic qualities that may en-
able further analysis. Moreover, we observe that
much of the MLLM capabilities heavily depend
on the textual components, with the visual side
severely lagging behind. While powerful and gen-
eralizable, the representations obtained from the
visual encoder are often not fine-grained enough to
enable the deep understanding needed for movie
scenes. Future work should focus on improving the
capabilities of the visual encoder to match those of
the text component.

7 Limitations

In testing out the capabilities of MLLMs for
movies, one key limitation is the difficulty in dis-
entangling how each modality influences perfor-
mance. This is especially apparent for Pillar 1
when discussing the influence of adding contex-
tual information about the movie in the text prompt.
While we see a clear benefit in the extra context
information, it is unclear what brings the largest
improvements.

The exploration of few-shot examples and
prompt engineering is limited to Pillar 2. This is
for two reasons: (1) the cinematographic attributes
considered can be represented by a single frame,
making it feasible to fit them in the context of the
MLLMs considered, (2) they represent more con-
crete concepts that can be easily described in text.
Ideally, these settings could also be explored for
Pillar 1, but it is currently not feasible to fit mul-
tiple videos in the model context or to accurately
describe concepts relating to movie domain knowl-
edge.

Another limitation pertains to the subjectivity
of the task introduced alongside the MovieCom
dataset in Pillar 3. While the director’s commen-
tary provides a clear signal as to what the key com-
ponents of a scene are, there is no objective gold
standard for a scene description. Cultural products
are subject to personal interpretation and can have
different meanings for different individuals. Still,
unfiltered commentary from the main person re-

sponsible for the creation of a film is a useful proxy
for a high quality description. In a similar vein,
having a single expert evaluator in Pillar 3 could
be considered a weakness. However, the person’s
expertise as a film scholar and lecturer makes their
judgement particularly valuable, especially because
the task is hermeneutic in nature, rather than a sub-
jective scoring task. In hermeneutic evaluation, the
validity comes from the evaluator’s domain knowl-
edge, not from multiple aggregated independent
evaluations (Moss, 1994).

8 Ethical Considerations

Given the ongoing debate on the use of Al within
the film industry, we wanted to acknowledge our
awareness of these issues. We aim to support better
film research through a deeper understanding of
the performance of MLLMs on movies and how
this may lead to better analyses of movies. Al-
though using MLLMs for such research may have
consequences for data annotation workers, the cur-
rent trends in research funding in the Humanities
are negatively impacting possibilities for data an-
notation, which may make the use of MLLMs a
necessity for large-scale analysis.

Additionally, we have strived to handle the dif-
ficulties around working with movie data that has
complicated copyright circumstances to the best of
our ability. While MLLMs have most likely been
trained on copyrighted data, we believe that the
cultural importance of movies makes it crucial to
evaluate how these models perform on them. The
datasets proposed in this paper are intended for
research purposes only.
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A Appendix

A.1 Prompts employed

For Pillars 1 and 2, we set up the tasks as a multiple-
choice question-answer exercise with the following
prompt:

Pillar 1-2 QA prompt

This video is a clip from (a movie | the
movie <title>).

(This movie features <cast>).

(This movie is a <genre>).

(Who directed the movie? | What is the
budget of this movie? | ...)

Pick one of the following options:

A) <option A>

B) <option B>

C) <option C>

Answer with the option’s letter from the
given choices directly.

For Pillar 3, we employed the following prompts
to obtain scene descriptions for the quantitative and
qualitative task respectively.

Pillar 3 Quantitative task prompt

You are a movie director. This is a scene
from one of your movies, carefully describe
what the core message of the scene is and
which visual and stylistic elements con-
tribute to that."

| r

Pillar 3 Qualitative task prompt

You are a film scholar with a deep knowl-
edge of film and cinematographic, and edit-
ing techniques. Provide a thorough and crit-
ical analysis covering different formal as-
pects of this movie clip. Be critical but fair.
Conclude with three points of praise and
three points of criticism. Only focus on the
visuals. Refrain from discussing the sound
and the title of the movie.

You should consider different aspects of
what appears in the frame, including the set-
ting, lighting, and costume. You should also
consider the cinematography, like the differ-
ent angles, shot compositions, and framing.
Keep in mind aspects of the editing as well,
such as the pace, rhythm, and transitions.
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A.2 Pillar 1: Dataset descriptives

Here, we report a comparison in size and attributes
of the existing LVU dataset and our proposed CMD-
AD+.

Dataset Attribute# # #
Videos Movies Classes

Director 107 12 8
Genre 582 174 3

Lvu Writer 168 18 7
Year 141 108 9
Director 8687 1398 806
Genre 8687 1398 439

CMD-AD+ (intry 8687 1398 21
Budget 8117 1310 5

Table 5: Distribution of attributes across the splits of
LVU and CMD-AD+. Compared to LVU, CMD-AD+
consists of more videos from a larger number of movies
and it has more classes per attribute.

A.3 Pillar 1: Correlation between
classification performance and popularity

Video Text Video

Text

Qwen2.5-VL 0.23 0.15 0.16
VideoLLaMA3 0.17 0.11 0.14
InternVL3 0.22 0.12 0.12
Gemma3n 0.19 0.12 0.16

Table 6: Correlation between F1-score for each director
in CMD-AD+ and the director’s average box-office.

Video Text Video

Text

Qwen2.5-VL 0.58 0.36 0.54
VideoLLaMA3 0.43 0.42 0.42
InternVL3 0.58 0.44 0.59
Gemma3n 0.56 0.57 0.53

Table 7: Correlation between F1-score for each genre
class in CMD-AD+ and the genre’s average box-office.

We conducted a preliminary analysis to investi-
gate what could drive the difference in performance
across genres and directors. We consider box of-
fice revenue as a proxy for fame and frequency in

web-scale training data. We break down the re-
sults for each genre and director, and compute their
correlation with their respective average box office
revenue, as shown in Tables 6 and 7.

We observe a moderate positive correlation be-
tween revenue and genre F1-score, especially for
the Video only and Video+Text setting across all
models. This indicates that MLLLM performance on
this task is higher for genres with higher revenues
and lower for less remunerating ones. The weaker
correlation for the text-only setting indicates that
less training data is needed compared to the video
settings. On the other hand, the correlation be-
tween director F1 and director’s box office revenue
is weaker and more stable across the different set-
tings.

A.4 Pillar 1 detailed tables

Table 8 and Table 9 show detailed results for the
LVU and CMD-AD+ datasets, with performance
per individual attribute with increasing amounts of
context added in the textual modality. Across all
models and attributes, we see that increasingly sup-
plying more contextual information improves per-
formance, showing that MLLMs need the knowl-
edge supplied by the textual component to perform
well.

A.5 Pillar 1 & 2: Visual encoder analysis

The MLLMs considered share similar architectures
for their visual encoders (i.e., ViTs) with the excep-
tion of Gemma3n, which uses a CNN-based visual
encoder. We find that the performance differences
do not align with the architecture choice. For in-
stance, in Table 1, Gemma3n performs better than
InternVL3, a ViT-based MLLM with the same pa-
rameter count (300M). On the other hand, in Table
2 Gemma3n performs better than VideoLLaMa3
despite having fewer parameters dedicated to the
vision encoder.

While for the first pillar, Table 1 and Table 2 sug-
gest that a larger visual encoder is beneficial, as
Qwen2.5-VL outperforms the other models, for the
second pillar, Table 3 shows that Qwen2.5-VL does
not outperform the other models, despite having the
largest visual encoder. While the type of architec-
ture and network size do not seem strong indicators
for performance, we hypothesize that training data
and training strategies may play a more important
role. However, experimentally verifying this would
be prohibitively expensive, given the scales of these
models and the multiple stages of training involved.
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Vid. Title Cast Dir. Gen. Writ. Year Avg.

VideoBERT (Sun et al., 2019) v 473 51.1 385 36.1 433
Obj_T4mer. (Wu and Krahenbuhl, 2021) v 477 527 363 37.8 43.6
Orthoformer (Patrick et al., 2021) v 55.1 558 470 434 50.3
VIS4mer (Islam and Bertasius, 2022) v 62.6 547 48.8 448 52.7
TranS4mer (Islam et al., 2023) v 63.9 559 469 455 53.1
S5 (Wang et al., 2023) v 673 654 513 48.0 58.0
Movies2Scene (Chen et al., 2023) v 70.9 559 5377 57.8 59.6
VideoMamba (Li et al., 2024a) v 673 652 530 482 584
MA-LMM (He et al., 2024) v 746 61.1 704 519 645
HierarQ (Azad et al., 2025) v 784 679 719 619 70.0
v 88.8 735 524 418 64.1
v v 869 784 548 51.8 68.0
Qwen2.5-VL
(Bai et al., 2025) v 85.0 73,5 595 539 680
v v 89.7 809 643 582 1733
v v v 91.6 823 637 589 74.1
v 579 66.5 589 41.1 56.1
VideoLLaMAS o 7T a1 s ma s
(Zhang et al., 2025a) : : : : :
v v 85.0 704 595 51.1 66.5
v v v 88.8 73.0 637 624 720
v 85.0 80.9 66.1 525 71.1
v v 96.3 83.2 67.9 61.0 77.1
InternVL3
(Zhu et al., 2025) v 40.2 57.2 44.6 44.7 46.7
v v 82.2 77.8 62.5 60.3 70.7
v v v 944 79.6 655 64.5 76.0
v 794 741 57.7 369 620
Gemma3n v v 68.2 76.6 60.7 36.2 604
(Google, 2025) v 68.5 644 256 376 49.0
v v 84.1 749 57.1 383 63.6
v v v 82.6 758 66.1 38.3 65.7

Table 8: Movie attribute classification accuracy on the LVU dataset. The top half of the table reports on prior
works which were evaluated only on video data, the lower half compares two general-purpose MLLMs in text-only,
video-only, and multimodal settings.
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Video Title Cast Other Budget Country Director Genre Avg.

v 33.9 22.3 34.8 61.2 38.0

v v 39.6 25.8 36.5 60.8 40.7

Qwen v v v 39.7 25.0 37.3 60.2 40.5
2 5-VL v 244423 159+£14 2264+04 459+£05 272
v v 37.9+25 21.3+£22 35.8+0.5 605+£04 389

v v v 399429 27.0+£08 37.7+0.2 594+04 41.0

v v v v 40.24+2.9 282+16 38.6+04 5994+0.3 41.7

v 34.0 12.9 24.6 49.0 30.1

v v 37.3 22.6 26.6 49.7 34.0

Video v v v 38.3 27.6 26.9 51.4 36.1
LLaMA3 v 284+13 89406 10.7+0.6 355+£04 209
v v 372429 13.4+09 25.04+0.6 50.1+0.7 314

v v v 39.0+£19 215+£1.7 2654+0.8 47.5£0.5 33.6

v v v v 381+1.7 31.1+£24 276+1.0 48.0+1.0 36.2

v 26.7 24.2 38.9 63.5 38.3

v v 27.9 24.0 43.3 65.2 40.1

v v v 27.5 24.6 43.2 66.2 40.4

InternVL3 v 276+11 88409 199404 43.0£04 248
v v 299+1.3 258+13 389+14 609+£0.6 389

v v v 31.24+14 276+£08 422409 62.0£08 408

v v v v 347+15 31.3+£3.1 4424+0.8 624409 43.1

v 37.9 21.5 39.7 61.0 40.0

v v 33.2 33.0 42.1 61.3 42.4

v v v 33.0 33.9 40.9 61.3 42.3

Gemma3n v 220£0.7 120£08 16.3+0.4 464+04 242
v v 271409 212423 326+1.2 623+£0.2 358

v v v 27.0+£0.7 29.2+£51 3214+09 626£04 377

v v v v 26.8+05 34.7+48 325+1.1 63.0£04 392

Table 9: Movie attribute classification F1-score on the CMD-AD+ dataset. CMD-AD+ contains multiple video clips
per movie. As such, we report the average (and standard deviation) of randomly sampling a single video clip per
movie 5 times. As the text-only settings do not consider the video clips, these are based on a single run.
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Vid. Title Cast Director Genre Writer Year
S L S L S L S L

v 589 888 70.8 73.5 32.1 524 426 418

v v 59.8 869 66.8 784 28.0 5H4.8 525 518

Qwen2.5-VL v 86.0 85.0 70.3 73.5 583 59.5 482 53.9
v v 879 89.7 773 809 679 643 56.0 58.2

v v v 86.0 91.6 7r.7 823 423 63.7 59.6 589

v 39.3 579 60.1 66.5 333 589 227 41.1

v v 41.1  59.8 644 699 29.2 619 355 553

VideoLLaMA3 v 794 794 613 65.1 220 50.6 220 33.3
v v 85.0 85.0 69.2 704 405 59.5 326 51.1

v v v 85.0 88.8 682 73.0 327 637 376 624

Table 10: Model size comparison on LVU. We compare the smaller (S) versions of Qwen2.5-VL and VideoLLaMA3,
3B and 2B, respectively, against their larger (L) 7B variant.

Angle Motion Size Type
S L S L S L S L
Qwen2.5-VL 40.5 45.8 29.1 28.8 52.7 55.7 43.8 53.6
VideoLLaMA3 46.9 48.6 29.1 30.5 46.5 50.2 49.2 58.6

Table 11: Model size comparison on AVE. We compare the smaller (S) versions of Qwen2.5-VL and VideoLLaMA3,
3B and 2B, respectively, against their larger (L) 7B variant.

A.6 Pillar 1 & 2: Model size comparison

To understand the influence of MLLM parameter
size, we additionally compare the performance of
smaller variants (3B and 2B for Qwen2.5-VL and
VideoLLaMA3, respectively) to the 7B variants
on LVU in Table 10. Across both model archi-
tectures, we predominantly notice a difference in
performance between the smaller variants and the
7B variants in the text-only settings, where the
reduction in model size leads to a drop in perfor-
mance. Apart from writer classification and year
classification for VideoLLaMAJ3, it appears that
the reduction in model size is much less conse-
quential for the settings involving video. Overall,
we observe a positive effect from the larger model
size across both architectures, but, from a multi-
modal perspective, it appears the visual encoder is
a limiting factor for scaling the model size.
Similarly, as for LVU, Table 11 shows a compar-
ison between MLLM versions of different sizes on
AVE. We observe a drop in performance between
2 and 10 percentage points due to the reduction
in model size across three out of four tasks. For
motion classification, there is no benefit from the
increase in model size. Moreover, the performance
on this task is also the worst across all four tasks.

We believe this may be caused by the models uti-
lizing multiple frames rather than video, which
may obfuscate the motion, and we expect fewer
instances of discussion of motion in training data
consisting of text and/or video.

A.7 Pillar 2: Further analysis on shot size

Among the cinematographic attributes of Pillar 2,
prior research has predominantly focused on shot
size, and it is frequently brought up in analyses of
cinematography. To dive deeper into the results, we
show the confusion matrix for shot size in Figure 5
for both VideoLLaMA?3 and Qwen2.5-VL. Across
models, we can observe that most confusions are
between adjacent shot sizes, i.e., extreme close-ups
are most often confused with close-ups, and ex-
treme wides with wides. Interestingly, in almost
all cases, extreme-wide shots are predicted as wide
shots by VideoLLaMA3. However, possibly due
to a lack of diversity in MLLMs’ pretraining data,
medium shots are most often predicted as close-ups
by the models at hand. As the difference between
adjacent shot sizes can sometimes depend on the
definition used, it is promising that the MLLMs ap-
pear to understand the general difference between
shot sizes.
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Qwen2.5-VL VideoLLaMA3
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Figure 5: Confusion matrix for shot size for the MLLM:s.
Close-ups and their extreme counterparts are often
mixed up. This is also the case for wide and extreme
wide shots.

A.8 Pillar 3: Error rate breakdown

Dynamic Summ.  Visual

Action Descr.

Qwen2.5-VL 83.5 54.0 92.8
VideoLLaMA3 85.9 76.7 95.3
InternVL3 85.8 60.5 90.5
Gemma3n 89.3 82.2 94.8

Table 12: Hallucination Error rates

To obtain a more fine grained look at the failure
modes, we considered the categories used by the
Argus framework to group statements. These are
either summary statements, statements describing
a static visual detail of the video, or statements
describing dynamic actions, such as events or at-
tribute/relationship changes. Each statement is then
judged as entailed, contradictory, or undetermined,
based on whether the statement is supported by the
source material.

We show the detailed breakdown in Tables 12 and
13. Both in terms of hallucination and omission,
the summary statements have the lowest error rates.

Dynamic Summ.  Visual

Action Descr.

Qwen2.5-VL 92.0 85.3 89.4
VideoLLaMA3 95.9 95.0 96.2
InternVL3 95.2 94.9 94.2
Gemma3n 94.7 90.7 92.2

Table 13: Omission Error rates

On the other hand, for hallucination, dynamic ac-
tions have slightly lower error rates than visual
descriptions, while they have similar error rates
for omission. Overall, this hints that MLLMs are
able to make more general statements that are ap-
plicable, but that they severely struggle with the
video-specific understanding required for the task.
Improved mechanisms to ensure that statements are
visually-grounded and supported by the provided
context are necessary for this task.
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