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Abstract
Fully automatic camera movement directly affects
the art quality of dance expressiveness, especially
in terms of visual expression, as well as chore-
ography and music. Current studies mainly focus
on synthesizing camera movements conditioned on
dance and music, but they overlook the camera
movement style, which is essential factor for artis-
tic and visual coherence. In this paper, we in-
troduce DanceStyleCam, a unified framework that
incorporates the style-consistent characteristic into
dance camera movement synthesis with diverse
stylistic characteristics. Specifically, a style-aware
feature learning module is proposed to map dance
style information into compact embeddings, facil-
itating stable and discriminative style learning. To
further guarantee that the generated camera move-
ments remain faithful to the target style, we pro-
pose a style-consistent adversarial training scheme,
leading and optimizing the model to learn better
style-consistent representations. In addition, we
also enrich the DCM dataset with diverse cam-
era movement style annotations. Extensive ex-
periments demonstrate that DanceStyleCam out-
performs state-of-the-art methods in both genera-
tion quality and style consistency. Qualitative re-
sults further show that our method produces stylis-
tically consistent camera movements while pre-
serving smooth trajectories and natural shot transi-
tions. Project page: https://github.com/YCCCCM/
DanceStyleCam.

1 Introduction
With the advancement of digital media, dance performances
driven by digital avatars have become a hot research area
[Tseng et al., 2023]. In such performances, camera work
plays a crucial role in enhancing the expressive power of
dance movements [Xie et al., 2023]. However, carefully de-
signing camera movement for a digital dance sequence re
mains a time-consuming and skill-dependent task, which mo-
tivates us to explore fully automatic camera movement syn-
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Figure 1: Comparison with and without style expression for cam-
era movement synthesis. (a) Existing models without style expres-
sion tend to incorporate a limited set of camera movement patterns,
(b) while our proposed method with rich style expression is good at
mimicking a diverse range of camera movement patterns associated
with specific style factors.

thesis as a viable solution that inspires novel choreographic
perspectives and enhances productivity for dance creators.

Earlier research on camera planning and control focused
mainly on constraint-based methods [Christie et al., 2008;
Bares et al., 2000], which was applied to gaming [Li and
Cheng, 2008], film [Jiang et al., 2024b], and drone film-
ing [Huang et al., 2021] applications. Recently, several
studies have aimed to tackle the more challenging task of
music- and dance-driven camera synthesis. Among these,
DanceCamera3D [Wang et al., 2024a] introduced the first 3D
dance-camera-music dataset (DCM) and demonstrated the
feasibility of synthesizing camera movements conditioned on
music and dance. DanceCamAnimator [Wang et al., 2024b]
integrated prior knowledge from animation practice, mimick-
ing animators’ hierarchical camera-authoring process to gen-
erate camera movement. Cine-AI [Evin et al., 2022] sim-
plified the problem by reducing camera synthesis from 3D
to 2D, removing roll and pitch orientations of the camera.
This reduction significantly lowers the expressiveness of the
generated camera movements while decreasing task complex-
ity. TemMEGA [Xu et al., 2025] further proposed a temporal
masked generative modeling framework for offline and online
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camera movement synthesis.
Though the aforementioned methods have made notable

progress in camera movement synthesis, they focus on gener-
ating camera movement from the content of music and dance,
overlooking the crucial relation between artistic expression
and camera movement style. In professional cinematography,
camera movement is inherently stylistic, while camera style
can be defined as an explicit factor to convey specific narra-
tive emotions or visual aesthetics, as demonstrated in cine-
matography [Jiang et al., 2024a; Rao et al., 2020]. However,
in camera synthesis, this important stylistic factor remains
underexplored and unmodeled, as shown in Figure 1. There-
fore, how to achieve style-consistent dance camera movement
synthesis automatically is a key but underexplored challenge.
Besides, the newly synthesized camera movements should
not only be synchronized with music and dance content but
also exhibit distinct artistic stylistic expression.

To address the above limitations, we introduce DanceS-
tyleCam (DSC), a unified framework that incorporates the
style-consistent characteristic into dance camera movement
synthesis with diverse stylistic characteristics. The proposed
DanceStyleCam consists of the following two core modules:
(a) A style-conditioned camera movement synthesis network.
We design a style-aware feature learning module that maps
dance style information into compact embeddings. We com-
bine the dance poses, music features, and the style embed-
ding as joint input and feed it into the generator to produce
style-conditioned camera movements. (b) A style-consistent
adversarial training framework. To enhance style discrim-
inability and generation quality, we design a training strategy
based on a dual adversarial loss. In the meantime, the style
consistency and movement constraints are enforced to ensure
the synthesized movements are synchronized with music and
dance while remaining visually faithful to the specified style.
In addition, to support the style-consistent learning, we ex-
tend and annotate an existing dance-camera dataset. Building
upon the DCM dataset, we introduce fine-grained style labels
and align it with the FineDance dataset [Li et al., 2023], re-
sulting in a style-conditioned dance-camera dataset that sup-
ports style-driven synthesis. Extensive experiments demon-
strate that our proposed method significantly outperforms ex-
isting methods in terms of both style consistency and content
synchronization, validating the effectiveness of DanceStyle-
Cam in the task of camera movement synthesis.

Our main contributions can be summarized as follows:

• We identify camera movement style as a previously un-
derexplored yet critical factor in dance camera move-
ment synthesis, and establish the first style-annotated
benchmark for this task by enriching an existing
3D dance–camera–music dataset with explicit camera
movement style labels.

• We propose DanceStyleCam, a unified framework
for style-consistent dance camera movement synthesis,
which explicitly disentangles content-driven movement
synthesis from style conditioning via a dedicated style
encoding mechanism and a style-consistent adversarial
training strategy, enabling a single model to synthesize
camera movements in multiple cinematographic styles.

• Extensive quantitative and qualitative evaluations
demonstrate that DanceStyleCam consistently out-
performs state-of-the-art methods, achieving superior
generation quality while preserving stylistic fidelity and
smooth, natural camera transitions.

2 Related Work
2.1 Camera Control and Planning
Automated camera control and planning has garnered signif-
icant attention in recent years due to the high level of exper-
tise required for manually creating cinematic video, which is
crucial for the media, entertainment, and gaming industries.
In the fields of virtual environments and film production, a
line of research focuses on the automated planning of cam-
era behaviors, such as extracting reusable shot patterns from
film clips or generating dynamic shots [Jiang et al., 2020;
Rao et al., 2023; Wu et al., 2023; Xie et al., 2023; Pueyo
et al., 2024; Yang et al., 2023]. For games and real-time
rendering, related methods emphasize simulating director-
level cinematographic techniques within third-person per-
spectives or cutscenes [Rucks and Katzakis, 2021; Evin et
al., 2022]. In aerial cinematography, a series of studies have
also automated drone camera movements according to artis-
tic principles [Gschwindt et al., 2019; Huang et al., 2021;
Huang et al., 2019a; Huang et al., 2019b]. However, control-
ling cameras for dance is more complex, as it requires precise
synchronization with both musical rhythm and motion.

Wang et al. [Wang et al., 2024a] introduced DCM dataset
and proposed DanceCamera3D, a Transformer-based diffu-
sion model for synthesis. While capable of generating basic
motion, this approach did not fully account for the mix of
continuous camera movements and abrupt cuts characteristic
of dance cinematography. DanceCamAnimator [Wang et al.,
2024b] achieved finer control over variable-length sequences
by incorporating animator priors into a three-stage network,
and Xu et al. [Xu et al., 2025] further proposed TemMEGA,
a temporal masking generative model for online synthesis.

Although the aforementioned works have advanced dance-
driven camera movement synthesis, their focus remains pri-
marily on generating motion from music and dance content,
overlooking the artistic stylistic dimension inherent to cam-
era movements itself. In professional cinematography, shot
style is a key factor for conveying narrative emotion and vi-
sual aesthetics [Jiang et al., 2024a; Rao et al., 2020]. Yet, in
camera synthesis, this important stylistic factor has not been
systematically explored or modeled. Therefore, this paper ad-
dresses the critical and underexplored challenge of achieving
style-consistent dance camera movement synthesis.

2.2 Music-Driven 3D Dance Generation
The music-driven 3D dance generation tasks share several
core technical challenges with dance-driven camera synthe-
sis, such as processing music audio and motion sequences
and extracting spatio-temporal features. Early methods pri-
marily utilized sequence-to-sequence models [Li et al., 2021]
and VQ-VAE [Siyao et al., 2022]. Recent advances in-
creasingly employ Transformer-based diffusion models for
high-quality dance generation [Alexanderson et al., 2023;
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Figure 2: Framework overview of the proposed DanceStyleCam. Our method comprises three key components: the Dataset Label
Extension, the two-stage DSC camera movement synthesis models, and the style-consistent adversarial training (ScAT).

Li et al., 2024b]. EDGE [Tseng et al., 2023] integrates a
Transformer-based diffusion model with Jukebox [Dhariwal
et al., 2020], enabling advanced editing capabilities. Kim et
al. [Kim et al., 2022] and Wu et al. [Wu et al., 2022] lever-
age Generative Adversarial Networks (GAN) to investigate
genre-specific control and dual learning between dance and
music. LODGE [Li et al., 2024a] further develops a coarse-
to-fine, two-stage diffusion framework that incorporates ad-
versarial training for style-diverse dance generation.

Notably, as a pivotal upstream task, contemporary dance
generation research explicitly models dance style as a key
factor [Li et al., 2024a]. This provides a crucial precedent for
its downstream counterpart: camera synthesis for dance. For
a complete generative system to produce a cohesive artistic
piece, the style expression of the camera must be consciously
aligned with the dance motion. This inter-task stylistic con-
sistency is essential for the final presentation but remains an
unexplored dimension in existing camera synthesis.

3 Method
Given a style label s, a sequence of T frames of music m =
{m1,m2, . . . ,mT } and dance motion d = {d1, d2, . . . , dT },
our goal is to synthesize the full camera movement sequence
c = DSC(m, d, s) = {c1, c2, . . . , cT }. Specifically, we in-
troduce an explicit style label s as a novel conditioning vari-
able—obtained through manual annotation—to enable the
synthesis of style-consistent camera movements. We fur-
ther propose a style-consistent adversarial training strategy
that enhances the model’s ability to understand and generate
stylized dance cinematography. The overall pipeline of our
method is illustrated in Figure 2.

3.1 Dataset Label Extension
To enable research on style-consistent dance camera synthe-
sis, we augment the existing standard DCM dataset with fine-
grained style annotations. While the original DCM dataset

provides precisely aligned ”music–dance–camera” triplets, it
lacks precise descriptions of the artistic style of camera move-
ments, containing only song-language tags. To bridge this
gap, we construct the first dance–camera dataset with style
annotations by extending the DCM dataset through system-
atic multimodal analysis and collaborative expert labeling.

Our annotation procedure is built upon a holistic analy-
sis of the music, dance, and camera movement. Concretely,
for each data sample, we simultaneously examine its musi-
cal characteristics (e.g., rhythm and melody), dance move-
ments (e.g., movement vocabulary and intensity), and camera
movement patterns (e.g., editing pace and shot transitions) to
determine its dominant artistic style. The labeling process
was conducted in collaboration with art professionals to en-
sure artistic credibility. Moreover, to maintain consistency
with upstream tasks and improve the generality of the label
taxonomy, the style categories we adopt are aligned with the
mainstream music-to-dance generation dataset FineDance [Li
et al., 2023], thereby placing our “dance–camera” style labels
in the same semantic space as the “music–dance” style labels.

The final annotations cover a variety of styles including
‘Korean‘, ‘Choreography‘, ‘Traditional-Chinese‘, ‘Hiphop‘,
‘Popping‘, ‘Locking‘, ‘Urban‘ and ‘Jazz‘. The data distri-
bution reflects the characteristics of the original DCM data,
which originates from MikuMikuDance (MMD) community
creations. This augmented DCM dataset lays the foundation
for training and evaluating style-consistent camera movement
synthesis models. (Dataset details in Appendix A)

3.2 Style-Based Dance Camera Synthesis Model
In professional animation production, animators follow a hi-
erarchical procedure: they first identify keyframes on the
timeline based on the music and dance, then design the cam-
era movements at those keyframes, and finally smoothly in-
terpolate the camera trajectory between keyframes. Thanks to
the DCM dataset, which already provides annotated keyframe
information, our model is designed based on this hierarchical
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animator workflow. The DSC model consists of two parts:
(a) Camera Keyframe Detection and (b) Camera Synthe-
sis. The model architecture as shown in Figure 2 b.
Camera Keyframe Detection (CKD). The objective of the
camera keyframe detection stage is to predict a temporal
keyframe position sequence k = {k1, k2, . . . , kT } from the
given music features m, dance sequence d, and the target style
label s, where kt ∈ {0, 1} indicates whether the t-th frame is
a keyframe.

Formally, we formulate this as a conditional probability
prediction problem. At each time step t, the model predicts
the probability of each frame in a historical–future window
being a keyframe, conditioned on the context within that win-
dow. Specifically, we first map the discrete style label S to a
style embedding vector es ∈ Rds via a learnable style en-
coder. For the current frame t, we extract a sliding window
of length L = h + w, comprising h frames of history and
w frames of the future (including the current frame), obtain-
ing subsequences of music features mt−h:t+w−1, dance mo-
tions dt−h:t+w−1, and the corresponding keyframe label sub-
sequence kt−h:t+w−1.

The style label s is first encoded into a style embedding
vector es via the style encoder. To condition the sequen-
tial model, es is broadcast (replicated) to match the sequence
length L, denoted as es ⊕ 1L. The model then encodes the
concatenated features [mt−h:t+w−1;dt−h:t+w−1; es ⊕ 1L]
through a Transformer encoder. The encoded features are fed
into a classification head to predict the probability of each
frame in the future w frames being a keyframe:

k̂t+i = P (kt+i = 1 | mt−h:t+w−1,dt−h:t+w−1, es ⊕ 1L),
(1)

where i ∈ [0, w − 1]. A binary keyframe label is ob-
tained by applying a threshold. The incorporation of the style
embedding es enables the model to perceive and learn the
shot-switching rhythms and patterns characteristic of differ-
ent artistic styles. The entire stage can be summarized as a
conditional mapping:

k = CKD(m, d, s) = {argmaxP (kt | m, d, s)}Tt=1 . (2)

The model is trained with a weighted binary cross-entropy
loss to handle the class imbalance between keyframes and
non-keyframes:

Lkf = − 1

w

w−1∑
i=0

[
λ · kt+i log(k̂t+i) + (1− kt+i) log(1− k̂t+i)

]
,

(3)
where kt+i is the ground-truth label, and λ > 1 is the weight
assigned to the keyframe class from datasets.
Camera Synthesis (CS). Given the keyframe sequence k,
this stage synthesizes the complete camera movement se-
quence c that adheres to the target style s. The process is
performed iteratively: for each pair of adjacent keyframe po-
sitions tj and tj+1, the model first synthesizes the camera pa-
rameters at these keyframes, ĉtj and ĉtj+1

, based on the his-
tory of camera movement, the current music–dance context,
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Figure 3: Overview of the style discriminator model in ScAT.

and the style embedding es. Subsequently, instead of directly
predicting the parameters of every frame between keyframes,
the model predicts a style-dependent, monotonically increas-
ing tween function ρ(t; s) ∈ [0, 1]. The camera movement for
all non-keyframes is then obtained via linear interpolation:

ct = ĉtj + ρ(t; s)
(
ĉtj+1

− ĉtj
)
, t ∈ [tj , tj+1]. (4)

This design ensures smooth motion within each shot while
allowing different styles to exhibit distinct velocity pro-
files. The entire synthesis is performed by a unified, style-
conditioned generative network. Formally, the stage can be
summarized as a conditional mapping:

c = CS(m, d, s, k), (5)

where the keyframe sequence k is obtained from the preced-
ing detection stage.
Synthesis Model Training. The model is optimized with
a composite loss function that consists of reconstruction and
kinematic terms. The overall synthesis loss is defined as:

Lsyn = λrecLrec + λvelLvel + λaccLacc + λbaLba, (6)

where Lrec is the frame-wise reconstruction loss, Lvel and Lacc
are velocity and acceleration smoothness losses, and Lba is a
body-attention loss that encourages the camera to focus on
relevant body parts. In addition, the training of the CS model
is also trained with the style-consistent adversarial loss LScAT
(defined in Section 3.3). The full training objective is:

Lgen = Lsyn + LScAT. (7)

Inference. At inference time, the complete camera move-
ment sequence for a given music clip m, dance sequence d,
and style label s is generated in two steps:

c = DSC(m, d, s) = CS
(
m, d, s, CKD(m, d, s)

)
. (8)

3.3 Style-Consistent Adversarial Training
In camera movement synthesis, style serves as an explicit,
high-level artistic condition, and its effective incorporation
is crucial for the visual expressiveness of the generated re-
sults. To further strengthen the model’s understanding and
generative capability of style features, we introduce a style-
consistent adversarial training mechanism.

We design a camera style discriminator model D. The
model architecture is illustrated in Figure 3. The D takes the
camera sequence, the fused music-dance conditional features,
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and the style label as inputs. Its core consists of a lightweight
Transformer encoder and multi-layer MLPs. The adversar-
ial training first introduces the Style-Focusing Contrastive
(SFC) Loss Lsfc to enhance the precision of style consis-
tency and prevent confusion between different styles. Specif-
ically, for the same sample synthesized by the generator DSC,
the discriminator simultaneously receives the correct style la-
bel s and a randomly sampled incorrect style label s̃. The
goal of the generator is to maximize the authenticity score
of the sample when conditioned on the correct label, while
minimizing its score when conditioned on the incorrect label.
Inspired by Wu et al. [Wu et al., 2022], we design a loss
function based on WGAN [Gulrajani et al., 2017]:
Lsfc = −E[D(DSC(m, d, s) | s)]+E[D(DSC(m, d, s) | s̃)].

(9)
Next is the Style Classification Loss Lstyle. In parallel

to the contrastive objective, the D also includes a style clas-
sification head Dcls. We employ a cross-entropy loss with
label smoothing to train this classification head, which in
turn forces the generator to produce motions highly consis-
tent with the target style. Its formula is as follows:

Lstyle = CE(Dcls(DSC(m, d, s), s), α), (10)
where α is the label smoothing factor. Finally, we employ a
Basic Adversarial Loss Ladv to drive the generator to out-
put distributions that closely approximate the real data. Also
based on the WGAN [Gulrajani et al., 2017], this loss is:

Ladv = −E[D(DSC(m, d, s))]. (11)
In summary, the total loss for style-consistent adversarial

training is the weighted sum of the above components:
LScAT = λsfcLsfc + λstyleLstyle + λadvLadv. (12)

Discriminator Training. The discriminator D is optimized
to accurately distinguish real camera sequences from gener-
ated ones while correctly classifying their style. For each
training step, real camera sequences creal and synthesized se-
quences cfake = DSC(m, d, s) are passed through D along
with the corresponding fused condition (music and dance fea-
tures) and the ground-truth style label s. The basic adversarial
loss for the D is computed based on WGAN-GP and WGAN
loss [Gulrajani et al., 2017]:
Ladv
D = D(creal,hcond, s)︸ ︷︷ ︸

real as positive

+max(0, 1−D(cfake,hcond, s))︸ ︷︷ ︸
fake as negative

,

(13)
where hcond denotes the fused music-dance conditional fea-
tures. To enforce Lipschitz continuity and stabilize training,
a gradient penalty term is added. For each mini-batch, an in-
terpolated sample is constructed as c̃ = ϵcreal + (1 − ϵ)cfake,
with ϵ ∼ U(0, 1). The gradient penalty is computed as:

Lgp = γ · Ec̃

[
(∥∇c̃D(c̃,hcond, s)∥2 − 1)

2
]
, (14)

where γ is the penalty coefficient. The total loss for the D is
thus:

LD = Ladv
D + Lgp. (15)

The D is updated by minimizing LD, while the generator
is optimized using the combined adversarial, style, and SFC
losses as defined in LScAT. This alternating training scheme
enhances both the realism and style fidelity of the synthesized
camera movements.

4 Experiments
4.1 Experiment Setup
Datasets. In this work, we employ the DCM dataset [Wang
et al., 2024a], which we have augmented with manual style
annotations. The dataset comprises 108 pieces of animator-
designed, paired data, including dance sequences, camera
movements, music tracks, keyframes, and our newly added
style labels. To ensure a fair comparison, we retain the origi-
nal training and testing splits as defined in prior work.

Dataset Process. For music feature extraction, we employ
Librosa [McFee et al., 2015] to compute a 2D feature map
m ∈ RT×35, where T is the total number of frames (de-
tails in Appendix B). For dance and camera movements, we
adopt the approach of DanceCamera3D [Wang et al., 2024a].
The dance is represented by the global positions of 60 human
body joints, denoted as di ∈ RT×180. The camera is repre-
sented in the MMD format using polar coordinates, denoted
as ci ∈ RT×8, which includes the global position of the ref-
erence point, the camera’s rotation and distance relative to it,
and the camera’s Field of View. The style label is converted
into a numerical encoding and is expanded to be temporally
aligned with the other features, represented as s ∈ RT×1.

Implementation Details. The DSC model comprises a to-
tal of 104M parameters. Its components include the Cam-
era Keyframe Detection (CKD) model with 39M, the Cam-
era Synthesis (CS) model with 64M parameters and the Dis-
criminator (D) with 1M parameters. All models were trained
for one day using five NVIDIA GeForce RTX 3090 GPUs.
For training the CKD, we set a per-GPU batch size of 256,
learning rate of 2 × 10−4, and trained for 3000 epochs with
the Adan optimizer [Xie et al., 2024]. For the CS training,
the per-GPU batch size was 256 and the learning rate was
2 × 10−4. The loss weights were set as follows: λrec = 2,
λvel = 5, λacc = 5, λba = 0.0075, λsfc = 4 × 10−4,
λstyle = 5 × 10−5, and λadv = 5 × 10−5. The label smooth-
ing factor α was set to 0.015. The CS was trained for 1200
epochs using the Adan optimizer. To stabilize the adversarial
training, we employed a dynamic training strategy for the D.
The training was divided at epoch 300. For the first phase, the
D’s learning rate was set to 1×10−5 and the gradient penalty
weight γ was 0.5. In the second phase, these were adjusted to
5 × 10−6 and 0.8, respectively. The D was optimized using
the Adam optimizer [Kingma and Ba, 2014].

Evaluation Metrics. We evaluate the generated results fol-
lowing prior work [Wang et al., 2024a]. This includes quan-
titative metrics for quality, diversity, and dancer fidelity:
Fréchet Inception Distance (FIDk/s), average feature distance
(Distk/s), Dancer Missing Rate (DMR), and Limbs Capture
Difference (LCD). For qualitative assessment, we provide
visualization results. For user study, we randomly select
10 test dance sequences and generate corresponding camera
movements using our method and all baselines, creating 30
comparison video pairs. These are presented in random or-
der to 20 participants, comprising both professional art prac-
titioners and individuals with minimal art experience, who se-
lect which camera movement better highlights the dance and
music in each pair. To specifically evaluate the Style Accu-
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Method Quality Diversity Dancer Fidelity User Study
FIDk ↓ FIDs ↓ Distk ↑ Dists ↑ DMR ↓ LCD ↓ DSC WinRate ↑

GT - - 3.275 1.731 0.00142 - 42.29 ± 2.33 %
DanceRevolution [Huang et al., 2020] 10.267 2.368 1.491 1.118 0.0062 0.154 90.12 ± 0.25 %
FACT [Li et al., 2021] 5.205 0.960 1.505 1.007 0.0070 0.151 88.64 ± 1.44 %
DanceCamera3D [Wang et al., 2024a] 3.749 0.280 1.631 1.326 0.0025 0.147 77.88 ± 2.23 %
DanceCamera3D* [Wang et al., 2024a] 7.864 0.313 0.861 1.301 0.0047 0.151 -
DanceCamAnimator [Wang et al., 2024b] 3.453 0.268 3.140 1.293 0.0022 0.152 69.14 ± 0.88 %
TemMEGA [Xu et al., 2025] 3.237 0.255 1.961 1.347 0.0020 0.141 -
DanceStyleCam 2.751 0.254 3.201 1.380 0.0016 0.138 -

Table 1: Comparisons with SOTA methods on the DCM dataset.

Method Style Accuracy Style Consistency
Top-1 % ↑ Top-3 % ↑ Top-5 % ↑ Mean CosSim ↑ Max CosSim ↑ Min CosSim ↑

FACT [Li et al., 2021] 27.34 64.18 80.22 0.3992 0.6923 -0.528
DanceCamera3D
[Wang et al., 2024a] 31.78 69.87 88.32 0.4927 0.8012 -0.382

DanceCameraAnimator
[Wang et al., 2024b] 35.66 76.74 90.7 0.5658 0.8711 -0.169

DanceStyleCam 48.84 79.07 95.37 0.7565 0.9833 -0.0999

Table 2: Comparisons of Style Consistency and Accuracy with SOTA methods on the DCM dataset.

racy and Consistency, we propose new consistency metrics.
We construct a 30-dimensional prototype feature vector sproto
for each style from real data, comprising basic motion statis-
tics (14-dim) and advanced descriptors (16-dim) (details in
Appendix C). For each generated sample with feature sgen,
we compute its cosine similarity to all style prototypes. The
style consistency of the synthesized camera movements is as-
sessed by the Top-K ranking accuracy of the target style and
the distribution of target similarity scores.

4.2 Evaluation Results
Quantitative Results. We compare our model with state-
of-the-art camera generation methods on the DCM dataset,
reporting the quantitative results in Table 1. Our method
achieves the best performance across all key metrics. The
ScAT enables our model to significantly outperform existing
approaches in terms of quality, diversity, and dancer fidelity.
This demonstrates that explicitly modeling style through our
proposed components not only enhances style consistency but
also leads to comprehensive gains in synthesis quality.

To quantitatively evaluate the style accuracy of the synthe-
sized camera movements, we extract the 30-dim style features
from the samples synthesized by all compared methods and
compute their Top-K classification accuracy and cosine sim-
ilarity to the target style prototypes. The results presented in
Table 2 verify the effectiveness of the introduced explicit style
labels and ScAT. Our method achieves a significant advantage
on all style accuracy metrics, indicating a high degree of con-
formity between the style features of the generated samples
and the target prototypes. This demonstrates that the D is
capable of performing both style classification and adversar-
ial discrimination on both real and synthesized samples si-
multaneously. This dual objective collaboratively guides the
generator not only to learn the real data distribution but also
to precisely capture and replicate the unique motion patterns
of different styles. This demonstrates that our method could

Method Quality Diversity Dancer Fidelity
FIDk ↓ FIDs ↓ Distk ↑ Dists ↑ DMR ↓ LCD ↓

w/o ScAT 3.457 0.301 3.221 1.291 0.0021 0.148
w/o LAdv 3.391 0.296 3.227 1.332 0.0020 0.145
w/o Lstyle 2.819 0.256 3.199 1.357 0.0012 0.140
w/o Lsfc 3.104 0.271 3.214 1.377 0.0016 0.144
Full 2.751 0.254 3.201 1.380 0.0016 0.138

Table 3: Ablation Study on ScAT Components for Synthesis Quality.

transforms style from an implicit attribute into a learnable and
consistently realizable dimension for synthesis.
Qualitative Results. To comprehensively demonstrate the
efficacy of our method, we visualize the samples alongside
the rendered dance sequences for different style labels, as
shown in Figure 4. Our method samples that distinctively em-
body their respective stylistic characteristics. For instance,
the Korean is characterized by frequent shifts between long
shots and close-ups, with relatively fewer abrupt jump cuts.
In contrast, the Choreography exhibits a more dynamic and
lively feel, featuring a higher frequency of jump cuts. The
Traditional-Chinese predominantly features smooth, flowing
camera movements with an increased emphasis on orbiting
movements around the dancer. These visual results qual-
itatively validate that our method can accurately interpret
diverse stylistic intents and realize style-consistent camera
movement synthesis. More visual results and analysis of
other styles can be found in Appendix D.

4.3 Ablation Studies
Synthesis Quality Perspective. From the perspective of
synthesis quality, the ablation study clearly reveals the im-
portance of the ScAT and its components, as shown in Table
3. When the entire ScAT is removed, all metrics show sig-
nificant degradation. This confirms the fundamental role of
ScAT in learning the real data distribution and generating di-
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Method Style Accuracy Style Consistency
Top-1 % ↑ Top-3 % ↑ Top-5 % ↑ Mean CosSim ↑ Max CosSim ↑ Min CosSim ↑

w/o ScAT 38.26 76.74 91.21 0.5882 0.8739 -0.144
w/o LAdv 47.12 76.74 92.19 0.7125 0.9639 -0.147
w/o Lstyle 44.22 72.11 95.37 0.6343 0.9282 -0.156
w/o Lsfc 40.28 70.28 92.19 0.6121 0.8911 -0.167
Full 48.84 79.07 95.37 0.7565 0.9833 -0.0999

Table 4: Ablation Study on ScAT Components for Style Consistency and Accuracy
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Figure 4: Visualization of the synthesized camera movements using DanceStyleCam. We showcase results for the three most prevalent style
categories in dataset. The floor grid provides a spatial reference to validate the distinct camera movement patterns characteristic of each style.

verse and stable motions. Specifically, the absence of LAdv

leads to a marked deterioration in synthesis quality, which
confirms the key contribution of adversarial training. In con-
trast, removing the style-related losses has a relatively limited
impact on synthesis quality, suggesting that these losses pri-
marily focus on style modeling without substantially interfer-
ing with the base motion generation pipeline. The full model
achieves optimal performance across all metrics, demonstrat-
ing the effectiveness of the collaborative work of ScAT com-
ponents in comprehensively improving synthesis quality.

Style Adherence Perspective. From the perspective of
style accuracy, the ablation study further verifies the core role
of the ScAT in achieving precise style aware, as shown in
Table 4. Completely removing ScAT leads to a substantial
decline in all style metrics, proving the effectiveness of the
framework in achieving style alignment. Removing only the
LAdv has a relatively mild impact on style metrics, indicating
that adversarial training itself contributes limitedly to style
fidelity, with its primary role being to enhance generation
realism. However, removing the style-related losses (with-
out Lstyle and Lsfc) significantly impairs style consistency,
demonstrating the effectiveness of Lstyle and Lsfc in guiding
the model to learn and replicate the specific motion patterns

of each style. In particular, removing Lsfc causes a more
pronounced drop in style classification metrics than removing
Lstyle, indicating that our dual adversarial loss mechanism is
more effective at ensuring style specificity.

5 Conclusion
This paper presents DanceStyleCam (DSC), a novel frame-
work for synthesizing style-consistent dance camera move-
ment. We address a key gap in prior work by introducing
camera movement style as an explicit conditioning signal,
enabling style-aware synthesis beyond mere content gener-
ation. Our approach is based on a manually annotated paired
dataset of styles and camera movement, and employs a two-
stage camera movement generator guided by Style-consistent
Adversarial Training. This mechanism enables the genera-
tor to precisely learn the unique motion patterns of different
styles. Quantitative experiments and user studies on DCM
dataset demonstrate that DSC achieves state-of-the-art perfor-
mance in terms of synthesis quality, diversity, and dancer fi-
delity, while significantly outperforming existing methods in
style consistency. These results validate the effectiveness of
our framework and highlight the importance of explicit style
modeling for advancing dance-driven camera synthesis.
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