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Figure 1: We propose a generative model that has the ability to mimic camera motion styles of different film directors. Given a 3D scene of
two interacting characters as well as a scene theme (i.e., “discovery of evidence” in this example), our model generates two distinct camera
trajectories—sequences of camera poses in 3D space—in the styles of Woody Allen and Pedro Almoddvar (highlighted in blue and green,
respectively). 3D camera poses at four moments along each camera trajectory, alongside the corresponding 2D frames, are sampled and
visualized. The model allows us to systematically and quantitatively compare and understand the cinematography styles of different directors
in terms of shot type, shot composition and camera movement.

Abstract

In filmmaking, cinematography captures a story visually with shot sequences by placing and moving the camera. Professional
filmmakers often develop their own unique shot design styles that deviate from conventional cinematographic rules to create a
distinct look and feel for the films. However, understanding these styles can be challenging for film practitioners. In this paper,
we represent a method to facilitate understanding of cinematography styles of different film directors by exploiting a generative
model of stylized camera motions. Our generative model is able to synthesize camera motions in the style of a specified director
given a 3D animation of characters and a scene theme. To train the model, we curate a new dataset of movie shots by various film
directors, with extracted character and camera motions for each shot. Our evaluation demonstrates that our model outperforms
existing alternatives in producing high-quality camera motions and replicating a director’s style. Based on our trained model,
we analyze the features that shape the unique styles of multiple film directors in placing and moving the camera across different
film genres.
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1. Introduction

In filmmaking, cinematography is a challenging task that requires
the filmmaker to portray the film’s story events through carefully
crafted visual representations, i.e., a sequence of shots. A shot is se-
ries of frames captured by a camera in a continuous, uninterrupted
recording, encapsulating an ongoing event with a unique combina-
tion of camera placement and movement (e.g., pan, tilt, push in,
pull out and tracking). To design the shots that effectively draw
the audience’s attention, evoke emotional reactions, and convey the
story, filmmakers typically follow a set of conventional cinematog-
raphy guidelines, such as “rule of third” for shot composition.
In practice, filmmakers may extend the common cinematography
rules with their stylistic variations, telling a story through unique
approaches to composing a shot and moving the camera, which we
refer to as cinematography styles. These styles contributes to the
distinct look and feel of the filmmakers’ movies. For example, Wes
Anderson breaks the rule of thirds very often, and instead prefers to
use center framing (i.e., put the main subject in the center). Further-
more, Wes Anderson frequently trucks the camera right to follow
a character to create a storybook-like world of the film. These has
been recognized as his trademark cinematographic techniques.

These cinematography styles can be well received by audiences
and it is a common lesson for students to study them in a film
school. However, it is rather difficult for film practitioners, either
beginners or experts, to fully capture the essence of the styles and
apply them effectively in practice. Common practice for investi-
gating cinematographic characteristics of a particular filmmaker
is to watch a large quantity of existing film clips and manually
summarize observed patterns. This process, however, is quite te-
dious and time-consuming. More importantly, this approach pre-
vents straightforward comparison of cinematographic features be-
tween filmmakers, since it is hard to factor out the effect of scene
contents that vary greatly across the films of different filmmakers.

In view of the above problem, we aim to to computationally
replicate camera motion styles of different filmmakers and quanti-
tatively understand their cinematography styles in terms of how the
camera is placed and moved. Studying what features a filmmaker’s
cinematography style offers several notable benefits: first, it pro-
vides useful insights for film practitioners, allowing them to learn
and draw inspiration from these practically successful cinematog-
raphy techniques; second, it can inform the development of compu-
tational models that generate stylistic camera motions, which will
find a wide spectrum of applications in filmmaking, animation and
gaming.

In this paper, we design a diffusion-based generative model of
3D camera motions and condition the model on a 3D animation of
characters, a scene theme and a director label. As shown in Fig-
ure 1, our model can be controlled to generate camera pose se-
quences following different director styles, given the same input
character animation and scene theme. Therefore, by examining syn-
thetic samples from our model, it is possible to answer the question
of how different directors make cinematographic design decisions
under the same context. For training our model, we construct a
new dataset of 3D character animations paired with camera mo-
tions, which are extracted from meticulously selected film clips by
arange of well-known film directors. Our experiments show the su-

periority of our model over existing methods in sample quality and
style adherence. We further show that our model can enable a novel
generative paradigm for cinematography style study, by conducting
a model-based study, where we analyze camera motions generated
by our trained model, in terms of fundamental cinematography ele-
ments (shot type, shot composition and camera movement), to shed
light on what distinguishes between the styles of different directors
in placing and moving the camera. Our data and code are available
at: https://github.com/NalJinhe/cam_style

Our paper makes the following contributions:

o Generative model. We propose a generative model with strong
capabilities to replicate the camera motion styles of different film
directors under various thematic contexts.

e Dataset. We introduce a new dataset, encompassing diverse 3D
character animations along with stylistic camera motions, which
are constructed from real shots taken from movies of various
well-known film directors.

e Cinematography style study methodology. We introduce a
novel method that harnesses the generative capabilities and con-
trollability of our proposed model to analyze and understand the
distinctive ways that different filmmakers place and move the
camera.

2. Related Work
2.1. Cinematography in Filmmaking

Filmmaking follows a conventional workflow that includes
scriptwriting, storyboarding, shot recording, and shot sequence
editing [Ari91]. Within this workflow, the storyboarding stage
involves planning a sequence of shots that compose the visual
representation of each critical event in the film script [Glel2].
These shots are created through cinematography, which is essen-
tially the art of capturing a story visually with a camera to cre-
ate motion pictures we see on screen. Bowen’s Grammar of the
Shot [Bow13] summarizes some general rules for cinematography.
However, these general rules can hardly encompass the extensive
design space of cinematography. In practice, filmmakers would de-
sign many stylized variations within their specific working contexts
to express intended emotions and convey the story event, which
shape their own styles of cinematography.

To draw inspiration from well-established cinematography
styles, film practitioners can refer to numerous style exemplars.
This process, known as film analysis, involves a detailed shot-by-
shot examination of a wide array of film clips, referred to as iconic
analysis [AoTPB*92, SS87]. However, such film analysis process
is usually expensive, and prevents an accurate comparison between
the cinematographic techniques of different filmmakers, primarily
due to variations in scene content across the filmmakers’ movies.
Some prior studies, such as [RS24], automate analysis on the cin-
ematographic styles of film directors based on existing film exam-
ples, which avoids manual examination, but still suffers from the
scene content variation issue. In contrast, our proposed generative
model enables a new cinematography style study method that can
address both issues: it compares statistics for important elements of
cinematography that are automatically computed from generated
camera motions of different styles on the same set of scenes.

© 2026 The Author(s).
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2.2. Camera Motion Control

Automatic control of camera motion through real or virtual 3D en-
vironments is a widely studied area, with a rich history of inves-
tigation. Many of earlier works exploit path or motion planning
techniques for creating camera trajectories in 3D space, while con-
sidering some important factors such as visibility, collision avoid-
ance and smoothness [DZ94, OSTG09, LCL*10]. Optimization-
based approaches have also been explored [GCLR15, HLH*16],
which search the space of camera parameters (e.g., position, ori-
entation, velocity) for solutions that enforce certain prior such as
temporal coherence of camera poses and satisfy specific constraints
such as projecting objects of interest at desired on-screen posi-
tions. Several works take data-driven approaches to extract cam-
era motions from video examples and re-apply them to new scenes
[CRE*14, SDM*14]. Cine-Al [EHG22] attempts to imitate a film
director’s cinematography style when placing and moving the cam-
era in a virtual environment, but does not model the correlation be-
tween scene contents and camera motions.

Recent years have seen a rising interest in learning to control
camera behaviors from real video footages, which captures the cor-
relation between camera motions and scene contents from data di-
rectly. For example, several attempts have been made to imitate
professional filming via camera drones by learning from single-
subject videos captured by experts [HYK*19,HLY *19]. A deep re-
inforcement learning framework is proposed in [GCB*19], which
drives the motion of a camera drone to select aesthetic viewpoints
without human guidance. A recent work learns to transfer camera
motion styles in reference 2D film clips to a 3D character anima-
tion [JWW™20] . A later approach extends such camera style trans-
fer with additional low-level control over generated camera mo-
tions by introducing camera keyframes as constraints [JCW*21].

Motivated by the success of recent deep generative models in
language and image generation, several method build generative
models specialized in learning complex and diverse camera behav-
iors. A GAN-based framework is proposed in [WWK23], which
synthesizes camera motion trajectories given input character mo-
tions and emotional states. A Transformer-based model is devel-
oped by [HWC24] to generate camera poses autoregressively given
an input 3D scene of moving characters. A text-to-camera-motion
diffusion model is proposed in [JWC*24], which translates cam-
era shooting scripts, along with optional camera keyframes, into
specific camera motions. DanceCamera3D [WJS*24] is a diffusion
model trained to predict camera motion trajectories conditioned on
dance motions and music audios. Recently, a diffusion model is
proposed in [CXH*26] to jointly generate character and camera
motions by explicitly learn pairwise interactions among the char-
acters and camera.

Different from the prior methods, our camera motion generative
model is scene-conditioned and style-aware, focusing on faithfully
reproducing distinctive camera motion styles of various filmmakers
under different scene contexts.

3. Our Model

We aim to build a generative models of camera motions ¢, which
is able to replicate the camera motion styles of different filmmak-
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ers, in order to facilitate the understanding of their cinematography
styles. For this, our model is designed to process conditioning in-
puts including a 3D animation of characters m, a scene theme yy,
and a director label y,;, so that it is possible to vary the director
label while keeping the other inputs fixed to synthesize camera be-
haviors of different styles under the same context. Formally, our
model learns a conditional distribution p(c|m,yy,y4) from training
data. We approach our learning problem with diffusion denoising
probabilistic models [HJA20], in view of their strong performance
in learning the distributions of complex and diverse data.

We assume that an input animation of N frames consists of
one or two characters, and each character’s motion is defined
as a sequence of 3D poses, each being represented as a set of
3D joint locations. Then, the animation is formulated as m =
(m1 2, m ), where m' is the concatenation of two distinct 3D
poses at timestep i for two-character scenarios. When there is only
a single character, m; simply combines two duplicated, identical 3D
poses. Following [JWW*20, HWC24, CXH*26], we define a cam-
era motion as a sequence of camera poses ¢ = (6‘1762, . ,cN ) in
Toric space [LC15]. As shown in Figure 2, given two target char-
acters a and b, a camera pose in Toric space is written as:

(xa7ya7xb,yb7e7¢)7 (1)

where (x4,yq) and (xp,y,) are the on-screen head positions of the
two characters, and 0 and ¢ represent the horizontal and vertical an-
gles around the two characters, respectively. To apply the Toric rep-
resentation to single-character scenarios, we set (xq,yq) and (xp,yp)
to the on-screen positions of the character’s left and right shoulders.

Figure 2: Toric camera pose representation.

3.1. Model Architecture and Training

Our conditional diffusion model defines a forward diffusion pro-
cess that gradually add Gaussian noise to a camera motion sample
¢o from the training dataset along a Markov chain of T steps, pro-
ducing a sequence of noisy samples (¢j,¢,...,¢r). The forward
process is reversed by iteratively denoising pure Gaussian noise
cr ~ N(0,I) to recover the original sample ¢y based on learned
condition distributions pg(¢,—1|c;,u), where u = (m,y;,y,) de-
notes the conditional inputs. pe(¢;—1|c;,u) is parameterized by op-
timizing a denoising network fo(¢;,7,u). fo takes as input a noisy
camera motion sample ¢;, a timestep ¢, and the conditions u, and
predicts a clear sample &g.

The architecture of the denoising network is build upon a stack
of Diffusion Transformer (DiT) blocks [PX23], which is shown in
Figure 3. The input noisy sample ¢; = (c,l ,c,z, e 7cfv) is first con-
verted to a sequence of embeddings via a linear projection, and the
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Figure 3: Left: Architecture of our denoising network, which takes as input a noisy camera motion ¢; = (c,1 , cfz, Ciy e

PR ezl

( ) c/\
61‘1 a, T
1
7355 !
| — T“
a,
m,
R
,
725 il
¢ Vi y t m
‘ 75, )
< 1 e
v, ¢

3 ,cﬁv), a timestep ¢, and

conditioning inputs (including a 3D character motion m = (m17n12,m3 o 7mN ), a scene theme yy, a director label y;), and predicts a clear
camera motion ¢y = (é(l),c%,é?), e ,68’ ). Right: Tterative denoising process (generation process). Each reverse step goes from ¢; to ¢;_1 by
first estimating a clean sample &, from ¢, using the denoising network, and then diffusing ¢y to timestep ¢ — 1 to obtain ¢;,_;.

timestep embedding of ¢ is prepended to the sequence. We then
augment the resulting sequence with position embeddings before
processing them by a sequence of DiT blocks. To incorporate the
input animation m = (ml ,m27 ... ,mN ), we use a motion encoder
that is a standard Transformer encoder to map m to a human mo-
tion representation m = (mé,mg7 cmb ), which is then injected
into each DiT block via a cross-attention layer. To condition on yy,
and y,, each of them is independently encoded into an embedding.
The two embeddings are then concatenated together and integrated
into each DiT block using the adaptive layer norm of DiT with zero

initialization (i.e., AdaLLN-Zero).

The denoising network is optimized by minimizing the following
simplified objective [TRG*23, HJA20]:

@

where, given ¢y, the noisy sample ¢; at timestep ¢ can be efficiently
sampled from the marginal distribution g(c;|cg) defined by the for-
ward process. At inference time , our model generates camera mo-
tions given conditional inputs by running the learned reverse pro-
cess that starts from ¢z ~ N(0,1). At each reverse step, the denois-
ing network produces the predicted clean sample & from ¢;, which
is then diffused to ¢, using g(c/|cp).

2
Lsimple = Eco,u:(yh,yd),tN[l,T] [”CO 7f(P(cf7tvu)H2] )

4. Our Dataset

To train our model, we collect a set of film clips that span a range of
scene theme and film directors. Each clip correspond to a shot in the
film, and is annotated with a theme label y;, and a director label y,.
Furthermore, for each shot clip, we estimate its character motion
m and camera motion ¢ in 3D space. This gives rise to our dataset
D = {(m,c,y;,y4)} with a total of 3285 samples. We first describe
our film clilp collection pipeline and the introduce our method for
3D character and camera motion estimation.

4.1. Film Clip Collection

We select a list of well-known film directors and, for each director,
we consider one or several movie genres that the director is most
known for: Wong Kar Wai for romance, Woody Allen for romance
and comedy, Alfred Hitchcock and David Lynch for mystery, and
Pedro Almodévar for comedy. For each director, we download sev-
eral film videos of the considered genres, e.g., the videos of the
romance and comedy films by Woody Allen are downloaded; we
also get the subtitle file for each downloaded video. For each film,
we then apply the shot detection method of [PyS] to obtain all the
shots. For each shot, we use its timestamps to extract the subtitles
of the shot from the subtitle file, and leverage GPT-4 to determine
the scene theme of the shot based on the extracted subtitles. Specif-
ically, we first query GPT-4 to identify typical film scenes shared
by film directors, using the prompt: “Summarize a set of typical
romance/comedy/mystery scenes of “two character” that are all
shared by popular eastern and western directors.” . This results in
a list of scene themes for each genre. For example, five schemes

”, “conflicted love”, “intimate conver-

including “chance meetings”,
”, “moments of realization”, “separation and reunion” are re-

sions”,
turned by GPT-4 for “romance”. We then feed a shot’s subtitles
along the list of scene themes to GPT-4 and instruct it to choose
one theme from the list based on the subtitles. We filter for shots
whose subtitles are present to ensure that each shot in our dataset
has a scene label obtained using the above method. We also only
keep shots with one or two characters. For each shot, we sample a
film clip consisting of a sequence of frames. Each film clip has a a
maximum length of 120 frames (spanning 6 seconds with FPS 20);
longer shots are cropped. After filtering out film clips where the
human motion extraction (introduced in Section 4.2) fails to yield
good results, e.g., due to severe occlusion, we end up with 3,285
film clips. In Table 1, we report the number of retained flim clips
for different genres of each director.

© 2026 The Author(s).
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Table 1: Number of film clips (shots) for each combination of di-
rector and genre in our dataset.

Romance Mystery Comedy
Wong Kar Wai 190 - -
Woody Allen 460 - 246
Alfred Hitchcock - 1395 -
David Lynch - 560 -
Pedro Almodévar - - 434

4.2. Human and Camera Motion Extraction

For each film clip in our dataset, we extract the 3D motions of its
characters, by applying Multi-HMR [BAG*24] to each frame. A
character motion is a sequence of 3D character poses, each com-
prising a set of 3D joint positions. However, the per-frame 3D pose
estimation of Multi-HMR may lead to temporal incoherency in the
estimated character motions. To mitigate this issue, we propose to
optimize the root positions of the characters in the estimated poses.
Specifically, we first use a single-character motion estimation ap-
proach, GVHMR [SPX*24], to process the entire clip, obtaining a
temporally coherent motion for each character in the clip individu-
ally. Suppose there are N frames in the clip with characters A and
B. Letx € RM*% and x} € RY*3 be the root positions of A and B
that are estimated by Multi-HMR, and x5 € RV*3 and xg € RV*3
be the GVHMR predictions of the root positions of A and B. We
then minimize the following objective to optimize the two charac-
ters’ root positions Xa, Xg:

Frotal = wrFr +wvFy +waFa, 3

where wr, wy and w, are weights to balance different terms. F; is a
relative position term, which is defined as:

N
Fe=Y (xali] = xp[i]) — (xR [i] — x3[i) %, )

i=1

where x4 [i] € R? is the root position of character A at frame i. F¢
preserves the relative positions between A and B that are estimated
by Multi-HMR. Fy is a velocity term written as:

N
Fv =Y llaxali] — Azali]l* + lAxg[] - A%s [, (5)
i=2

where Axp [i] = xa[i] —xa[i — 1] denotes the velocity at frame i.
JFv matches the velocities of each character’s root position to those
estimated by GVHMR. F; is an acceleration term:

N—1
Fa= X IAxAli+ 1) = Axali|* + || Axp[i+ 1] - Axg [i]%, (6)
i=2
which minimizes the accelerations of each character’s root po-
sition to avoid motion jittering. We optimize Fiy using the
Limited-memory Broyden—Fletcher—Goldfarb—Shanno (L-BFGS)
algorithm. Our implementation uses wr = 10, wy = 500 and wy =
100. We initialize x5 as XOA and xg as x%, and run L-BFGS for
1000 iterations. This gives the optimized root positions of the two
characters.

Based on the extracted 3D character motions for a film clip, we

© 2026 The Author(s).
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extract the camera motion by computing the Toric camera pose pa-
rameters for each frame, following the approach of [LC15]. See the
supplementary material for full details.

5. Model Evaluation
5.1. Implementation Details

Our denoising network comprises 8 DiT blocks, each with 4 atten-
tion heads, an embedding dimensionality of 512, and an MLP using
GELU activation. We use 80% and 20 % of our dataset as training
and test sets, which contain 2629 and 656 samples, respectively.
The number of diffusion steps is set to 1000. Our model is trained
for 1400 epochs using the Adam optimizer with an initial learning
rate of le-4 and a batch size of 64.

5.2. Evaluation Metrics

We evaluate the performance of our model using the following
quantitative metrics:

e FrameFID computes FID between generated and real frames,
measuring the quality of frame compositions. Following
[WJS*24], to calculate FrameFID, we define the features of a

frame as (%, %), where S; denote the projection area of the

full body on the image plane, S3 is the area of the body parts
inside the frame, and S, is the frame area.

o CamSeqFID evaluates the quality of generated camera mo-
tions by comparing them against camera motions extracted from
film clips through FID. To compute CamSeqFID, we train a
Transformer-based autoencoder on camera motion sequences in
our dataset, and use its encoder to extract camera motion fea-
tures.

e Character motion matching score (CMM-Score) is used to judge
the consistency between the input character motion and the gen-
erated camera motion. It is effectively an indicator of how well
the generated camera behavior portray the input animation. For
computing CMM-Score, we train a character motion encoder
and a camera motion encoder to project character and camera
motions into a joint embedding space. Both encoders are learned
jointly through contrastive learning as in CLIP, so that matched
character and camera motions lie close in the embedding space
while mismatched ones are far apart. CMM-Score between a
character motion and a camera motion is defined as cosine simi-
larity between their embeddings.

e Style Recognizability (StyleReg) evaluates how well generated
camera motions emulates the target director’s style. Our intuition
is that, if a camera motion successfully exhibits the distinctive
style of a director, a well-trained style recognition model should
be able to correctly classify the camera motion as being created
by the director. Motivated by this, we build a classifier that takes
as input a character animation, a scene scheme label as well as
a camera motion, and predicts a director label. We exploit the
encoders used in CMM-Score to extract the features of the input
character and camera motions and obtain the scheme features
via a MLP. Then, all the features are concatenated and fed into
a MLP to output class probabilities, one for each director in our
dataset. To train the classifier, we use 20% of each director’s
samples for training and the rest for testing; the classifier yields
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Table 2: Quantitative comparison of different models. The best results are in bold.

Method FrameFID | CamSeqFID | CMM-Score? StyleReg 1
CineCamera 1.94 17.59 0.256 0.7881
DanceCamera3D 1.63 16.83 0.424 0.7363
Ours 1.33 5.76 0.651 0.8796
Table 3: Ablation study results. The best results are in bold.
Method FrameFID | CamSeqFID | CMM-Scoret StyleReg T
w/o Character Motion 1.56 7.48 0.305 0.7651
w/o Scene Theme 3.36 7.29 0.562 0.8323
w/o Director Label 1.46 8.11 0.505 0.8049
Ours 1.33 5.76 0.651 0.8796

91.46% accuracy on the test split. We report the average accuracy
of the classifier on generated camera motions as StyleReg.

5.3. Comparison to Baselines

Since there is no prior work specifically for generating camera
motions conditioned on director and scheme labels, we use two
recent camera motion generation models, CineCamera [JWC*24]
(a text-driven model) and DanceCamera3D [WJS*24] (a music-
driven model), as baselines, and evaluate our model against them.
For CineCamera, we combine the input director and scheme labels
as the input text; for DanceCamera3D, we replace its music path-
way (from the music input to the music embedding) with a branch
that linearly projects the input director and scheme labels, adds
the resultant embeddings and feeds the obtained embedding into
a MLP. All the models are trained on our training set, and tested on
the test set.

The results are reported in Table 2. Our model outperforms
CineCamera and DanceCamera3D across all the metrics, suggest-
ing the strong performance of our model in generating high-fidelity
camera motions that well match the input animations and faith-
fully reproduce the distinctive styles of various filmmakers. Fig-
ure 4 shows the visual comparison of camera motions generated
by different methods. Our results better align with those directly
extracted from film clips, compared to those from the other two
models.

5.4. Ablation Study

We conduct an ablation study to evaluate the importance of the
three conditional inputs in our model: character motion, scene
theme, director label. We consider three variants of our model that
remove the three conditions, respectively. The results are reported
in Table 3. Removing the character motion results in a substan-
tial reduction in CMM-Score and also degrades StlyeReg signifi-
cantly, since the generated camera motion is irrelevant to the input
character motion. The absence of the scene theme leads to a large
increase in FrameFID, suggesting its importance for frame compo-
sition quality. Without the director label, significant degradations
in CamSeqFID and StyleReg are observed, which implies that it is
vital for generating the distinctive style of a specific director.

6. Model-based Study

The results in Section 5 has demonstrated the promising capabil-
ities of our model in emulating camera motion styles of different
filmmakers for a given scenario (specified by a 3D animation and a
theme). With our model, we conduct a cinematography style study,
where we perform quantitative analysis on samples from our model
to gain an understanding of what features contribute to the unique
cinematography approaches of different filmmakers.

For this study, we hypothesize that a cinematography style is
characterized by three fundamental factors: shot type (e.g., close-
up shot, medium shot), shot composition (i.e., the arrangement of
visual elements within a frame), and camera movement (e.g, pan,
push in and arc). Note that we do consider other cinematography
factors such as lighting and color, which are not modeled by our
model. Furthermore, we consider three common genres, including
romance, comedy and mystery, which appear in our dataset. For
each genre, we compare the styles of two directors who are famous
for making the films of the genre. For this, we apply our model to
each 3D character animation in the test split obtained in Section 5 to
generate two camera motions, which are conditioned on the same,
randomly selected scheme label under the genre but two different
target director labels. This gives rise to a set of 656 camera motions
for each of the two directors. Comparing the statistics of the two
camera motion sets, in terms of the above cinematography factors,
allows us to understand how the cinematographic decisions of the
two directors differ when facing the same scenarios. Note that the
aim of this study is to provide an demonstration of how our model
can be applied to understand cinematography styles, rather than
to draw rigorous conclusions about what defines a film director’s
style; imperfect model generations may result in the study’s statis-
tical results not being complete accurate. In the remainder of this
section, we present the results and analysis for each of the afore-
mentioned genres.

6.1. Romance

We first compare the styles of Wong Kar Wai and Woody Allen for
the romance genre. Figure 5 visualizes the shot type distributions
of the two directors. In the experiments, we consider 7 typical shot
types, including extreme close-up (ECU), close-up (CU), medium
close-up (MCU), medium shot (MS), medium full shot (MFS), full

© 2026 The Author(s).
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Figure 4: Comparison of generated camera motions by different models. For each camera motion, we display a sequence of 2D frames
rendered using 6 camera poses that are sampled uniformly along the trajectory. We show two groups of results, each consisting of camera
motions synthesized by CineCamera (orange), DanceCamera3D (¢!low) and our model (red) as well as the camera motion extracted from
the film clip (blue). The input scene themes for the top and bottom groups are “awkward situatio” and “intimate conversation”, respectively.
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Figure 5: Shot type distributions of Wong Kar Wai and Woody
Allen for the romance genre.
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shot (FS), wide shot (WS). Wong Kar Wai uses wide shot more fre-
quently than Woody Allen. The wide shot, which places the camera
far from characters, is used to represent the relationship of charac-
ters to the environment. It has an effect of isolating characters from
the world, making them lonely or overwhelmed. In contrast, Woody
Allen relies more on medium close-up, which frames a character
from the top of the head to the middle chest, to highlight character
details and create an intimate feeling without losing physicality.

To investigate differences in shot composition between the two
directors, we plot the spatial distributions of characters on the
screen for Wong Kar Wai and Woody Allen in Figure 6. We nor-
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Figure 6: Distributions of on-screen character head positions for
Wong Kar Wai and Woody Allen for the romance genre. In each
subplot, the “rule of thirds” lines (gray dashed lines) are drawn for

reference.

malize the 2D on-screen coordinates of character heads into [—1, 1],
and consider the distributions of character head positions for single-
character and double-character scenarios separately. We observe
that Wong Kar Wai prefers to frame characters at the lower part
of the screen. Furthermore, the double-character composition of
Wong Kar Wai adheres to the rule of thirds, positioning two char-
acters at the two lower interaction points of the “rule of thirds”
lines. Woody Allen, however, tends to position characters near the
center of the frame. Such center composition, when combined with
his frequent use of medium close-up, furthers his dialogue-driven
film style. More specifically, for shooting a single character, the
rule of thirds is broken, and the character is often placed at the cen-
ter. When two characters are present in a frame, the composition is
made symmetrical, where the two characters are placed along the
two vertical grid lines of the rule of thirds.

80.0% mmm Wong Kar Wai
—_ Woody Allen
60.0%-

40.0%-

Percentage (%

20.0%

0.0% - "
Static Pan Tilt Push In Pull Out  Tracking Arc

Figure 7: Camera movement distributions of Wong Kar Wai and
Woody Allen for the romance genre.

Figure 7 compares the distributions of camera movements for
Wong Kar Wai and Woody Allen. We consider several common
camera movements, including static (the camera is still), pan (the
camera rotates horizontally while being in a fixed location), tilt (the
camera rotates vertically while being in a fixed location), push in
(the camera moves closer to a subject), pull out (the camera moves
further away from a subject), tracking (the camera follows a sub-
ject), and arc (the camera rotates around a subject). We observe
pronounced preference distinctions between the two directors in
camera movement. In particular, Wong Kar Wai opts to use push in
and tracking more often to elevate tension in a shot and get audi-
ences immersed into a scene. Woody Allen favors the static camera,
which is great for dialogues; he also more frequently uses pull out,
which can unveil the context of a scene or characters and emphasize
some negative feelings such as isolation.

6.2. Comedy

We then analyze the style differences between Pedro Almodovar
and Woody Allen for the comedy genre. As shown in Figure 8, com-

50.0%
W Pedro Almodévar

—~40.0% Woody Allen

X

©30.0%

s

20.0%

g20.

% 10.0%

0.0% - - -
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Figure 8: Shot type distributions of Pedro Almodévar and Woody
Allen for the comedy genre.

pared to Woody Allen, Pedro Almodévar adopts medium close-
up more extensively to highlight the exaggerated expressions and
physical movements of the characters for a stronger comedic effect.
In addition, full shot, which frames a character’s entire body from
the top to the bottom of the screen, is also more widely used by
Pedro Almoddvar to advance the story by showing the entire bod-
ies, poses and costumes of characters. Woody Allen relies more
strongly on medium shot that starts just above the head and ends
just above the waist, to capture the subtle movements of charac-
ters’ upper bodies to express the humor through body language.
Meanwhile, he uses more wide shots to present the strong contrast
between characters’ clumsy behaviors and realistic environments
surrounding them, which makes the characters look more absurd.

Pedro AlImodévar Woody Allen

{ &

Single-character Distribution
Figure 9: Distributions of on-screen character head positions for
Pedro Almodévar and Woody Allen for the comedy genre. In each
subplot, the “rule of thirds” lines (gray dashed lines) are drawn for
reference.

Pedro Almoddvar Woody Allen

ASEA

Double-character Distribution

We show the spatial distributions of character heads on the
screen in Figure 9. For the single-character case, Both directors em-
brace center framing, but Pedro Almodévar’s distribution spreads
density more uniformly across the center region, while Woody
Allen’s distribution puts more density at a higher position near the
top grid line of the rule of thirds. In case of two characters, both
directors shoot symmetrical shots by positioning the two charac-
ters along the two vertical grid lines of the rule of thirds. However,
Pedro Almoddvar tends to place the characters’ heads at the two
lower intersection points of the “rule of third” lines; Woody Allen
makes use of all the four intersection points in his compositions.

Figure 10 shows the camera movement distributions of the two
directors. Pedro Almoddévar utilizes push in more frequently to ele-
vate tension in a scene, whereas Woody Allen relies more on track-
ing to make audiences move with a character in order to directly
immerse them into the scene.

6.3. Mystery

We finally study differences between the cinematic decisions of Al-
fred Hitchcock and David Lynch for the mystery genre. As shown

© 2026 The Author(s).
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Figure 10: Camera movement distributions of Pedro Almodévar
and Woody Allen for the comedy genre.
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Figure 11: Shot type distributions of Alfred Hitchcock and David
Lynch for the mystery genre.

in Figure 11, Alfred Hitchcock opts to include more environmen-
tal contexts on the screen by more frequently using medium shot,
medium full shot, full shot and wide shot. The Alfred Hitchcock’s
shot type choices aim to build tension and suspense in a shot by
emphasizing the relationship between characters and the environ-
ment surrounding them—e.g., a shot showing that a character is
exploring an unfamiliar environment can keep audiences in sus-
pense. This is in strong contrast to David Lynch’s extensive use of
medium close-up, which prioritizes a character’s facial expressions
and physical details to unveil the feelings (e.g., anxiety) and inter-
nal conflict of the characters.

Alfred Hitchcock

A S

Double-character Distribution

Alfred Hitchcock David Lynch David Lynch

\ %

Single-character Distribution
Figure 12: Distributions of on-screen character head positions for
Alfred Hitchcock and David Lynch for the mystery genre. In each
subplot, the “rule of thirds” lines (gray dashed lines) are drawn for
reference.

According to the character head position distributions in Figure
12, Alfred Hitchcock likes to center characters in a frame in both
single-character and double-character settings. In contrast, David
Lynch, in general, tends to frame characters at a relatively lower
position on the screen to weaken the spatial dominance of the char-
acters, making them oppressive and overwhelmed, and suggesting
their helplessness. It can also be observed that David Lynch’s frame
composition well follows the rule of thirds, with the higher density
of the distributions near either the grid lines or intersection points
of the rule of thirds.

Alfred Hitchcock and David Lynch exhibit distinct preference

in planning camera movements, when shooting mystery scenes,

© 2026 The Author(s).
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Figure 13: Camera movement distributions of Alfred Hitchcock
and David Lynch for the mystery genre.

which is shown in Figure 13. Alfred Hitchcock’s use of push in is
much more frequent than that of David Lynch, drawing the viewer’s
attention to details crucial for the narrative. He also prefers to uti-
lize pull out to reveal the context of characters in a shot. David
Lynch relies more heavily on tracking to keep audiences thinking
about what is going to happen next, thus building suspense and cre-
ating an immersive experience. Both directors rarely use static, pan
and tilt for mystery scenes.

7. Conclusions and Discussions

In this paper, we present an attempt to model camera motions styles
of film directors and understand their unique cinematography styles
in terms of placing and moving the camera. To this end, we pro-
pose a diffusion-based generative model of camera motions and
condition it on various conditional inputs including character mo-
tion, scene theme and director. Our model enables a controllable
approach to synthesizing stylistic camera motion trajectories, and
a novel methodology for cinematography style study. We hope our
work can inspire future research in leveraging recent advances in
deep generative models to study artist styles in other art or design
domains.

Our method has several limitations. First, in our current trained
model, the input director label and scene scheme are not fully de-
coupled; for example, our model can not faithfully generate the
camera motion style of Alfred Hitchcock for a comedic scheme,
since our training dataset lacks data from the movies of Alfred
Hitchcock under the comedy genre (as shown in Table 1). This is-
sue could be alleviated by further expanding the scale of our dataset
so that it can cover as many genres as possible for each director.
Further, our model can not handle director labels outside our train-
ing dataset. Second, the evaluation metrics used in our experiments
rely on character and camera motions estimated from film clips.
The estimation errors may adversely affect the reliability of the ab-
solute metric scores. However, we evaluate the performance of our
model based on its relative scores with respect to the baselines,
which could provide a reasonable way to showcase the superiority
of our model. In addition, these metrics may not be well aligned
with human perception of camera motion quality and styles. Thus,
we plan to conduct a large-scale human evaluation with cinematog-
raphy experts to better gauge the abilities of our model. Third, our
model generations may contain errors, especially for conditional
inputs that are relatively rare in the training dataset. This could ad-
versely affect the accuracy of the analysis results. To mitigate this
issue, one way is to further improve the generation performance of
our model, and another possibility to develop a mechanism for au-



100f 10 J. Na, P. Wang, R. He, Y. Xi, B. Cheng, G. Jing, X. Yang, Y. Cao / Understanding Cinematography Styles with Generative Modeling of Camera Behaviors

tomated evaluation of the quality of individual samples from our
model, so that low-quality samples can be excluded from the anal-
ysis.
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