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Abstract

We propose a novel and general framework to disentangle
video data into its dynamic motion and static content com-
ponents. Our proposed method is a self-supervised pipeline
with less assumptions and inductive biases than previous
works: it utilizes a transformer-based architecture to jointly
generate flexible implicit features for frame-wise motion
and clip-wise content, and incorporates a low-bitrate vector
quantization as an information bottleneck to promote disen-
tanglement and form a meaningful discrete motion space.
The bitrate-controlled latent motion and content are used
as conditional inputs to a denoising diffusion model to fa-
cilitate self-supervised representation learning. We validate
our disentangled representation learning framework on real
world talking head videos with motion transfer and auto-
regressive motion generation tasks. Furthermore, we also
show that our method can generalize to other type of video
data, such as pixel sprites of 2D cartoon characters. Our
work presents a new perspective on self-supervised learn-
ing of disentangled video representations, contributing to
the broader field of video analysis and generation.

1. Introduction
Video data contains rich temporal information and intricate
patterns of movement and change, offering a deeper under-
standing of real-world environments. Following the intrin-
sic information structure, a compact and robust representa-
tion of video sequences is the disentangled representation in
terms of the static part (i.e. content) and the dynamic part
(i.e. motion). The content part is highly semantic, encap-
sulating the unchanging aspects of the scene. The motion
component captures the time-varying essentials of the in-
put data, embodying the essence of change and movement
within the video. Hence, the disentangled representation
offers a structured space for accurately modeling, process-
ing, and understanding the motion and the content, enabling
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the interpretation, the synthesis and the manipulation of the
visual world in its first principles.

Despite the clear advantages of the disentangled repre-
sentation of video data, the disentanglement learning task
itself remains challenging. The decomposition task is in-
trinsically an under-determined problem, not to mention the
extremely high-dimensional nature of video signals which
exacerbates the computational demands as well as intro-
duces complexities in the construction of meaningful dis-
entanglement. Existing works either introduce additional
assumptions [5, 7, 40, 42, 43, 52] or impose task-specific
prior constraints [17, 23, 38, 51, 56, 62]. These additional
assumptions are often overly idealistic and limit the expres-
siveness of disentanglement features in real scenarios, while
the introduced priors constrain the target framework to spe-
cific tasks, restricting its applicability to a narrow domain.

In this paper, we propose a general and practical frame-
work for disentangling motion and content representations
in real-world video data, minimizing assumptions and task-
specific inductive biases. The form of our disentangled rep-
resentation is uniquely flexible - a purely implicit frame-
wise motion feature and clip-wise global content latent fea-
tures for a given video input sequence. Compared with
other explicit or hybrid representations, implicit features
have less inductive bias, significantly increasing the expres-
siveness of our representation. To make our disentangle-
ment assumptions more general, we resort to the first prin-
ciple and introduce an information bottleneck to regulate
the information flow of implicit features during training.
Inspired by recent neural codec methods [34], we achieve
this by leveraging a low-bitrate codebook. Our key insight
is that low-bitrate constraint acts as a general prior to en-
force meaningful disentanglement, as video reconstruction
under an information bottleneck shares the same goal as
disentangled representations: providing a compact yet in-
formative representation of the data [53]. We facilitate the
self-supervised video reconstruction under low-bitrate with
a latent denoising diffusion model. The usage of the latent
diffusion model as a generative decoder for representation
learning enhances the fidelity of the learned representation
under information bottlenecks [31].
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Figure 1. Overview of our method. (a) BCD learns compact and disentangled features to represent video data in a self-supervised manner:
each video clip is represented by a clip-wise content feature and frame-wise motion feature sequences. (b) The learned disentangled
video space natively supports editing tasks, e.g., swapping the content feature between two videos for motion transfer. (c) The learned
representations form a structured motion space, which further enables training of auto-regressive video generation.

Putting it all together, we propose Bitrate Controlled
Diffusion model, BCD for short, a new pipeline for learn-
ing disentangled motion and content representations from
video sequences (Figure 1). We demonstrate the expres-
siveness and the effectiveness of our proposed BCD frame-
work by showing results on motion transfer and auto-
regressive motion generation on a real world talking head
video dataset [2]. Furthermore, we demonstrate the gener-
ality of our method by showing additional disentanglement
results on other video data such as the LPC Sprites [48].
Our contributions can be summarized as follows:
• A novel self-supervised framework for disentangling mo-

tion and content in video with minimal assumptions and
greater flexibility than prior methods.

• A low-bitrate vector quantization approach that serves as
an information bottleneck to enforce meaningful disen-
tanglement for real world videos.

• A structured and expressive latent video space enabled by
a denoising diffusion model, supporting generative tasks
such as motion transfer and auto-regressive video gener-
ation.

2. Related Works

Visual Representation Learning Recent years have wit-
nessed significant advancements in image representation
learning with self-supervised pre-training. The Vision
Transformer (ViT) [15] paired with pretask of contrastive
learning [11, 21, 25] or masked image modeling [45, 60]
encodes image patches into discrete tokens and leveraging
Transformer architectures [55] typically used in NLP for

visual tasks. Concurrently, generative techniques like VQ-
VAE [54], GANs [19], VQ-based diffusion [16, 22] or auto-
regressive models [59, 61] have demonstrated remarkable
capabilities in image synthesis and editing. Specifically, re-
cent studies [31, 39] have demonstrated the potential of dif-
fusion models in learning robust visual representations. The
emergence of video diffusion models such as Sora [10] also
significantly advances the progress in video representation.
These techniques learned to compress high-dimensional vi-
sual data into lower-dimensional latent spaces while pre-
serving essential semantic information. Our approach lever-
ages these pioneer works, aims at representing video in a
disentangled manner.

Disentangled Video Representation There are many
works that attempts to separate motion and content from
video sequences. One line of works studies the disentangle-
ment problem from a general perspective. They introduce
additional assumptions within the VAE framework such as
low-dimensional features for dynamics [40], explicit depen-
dence [52] or independence [5, 24, 43] between motion and
content, or that static content can be fully modeled from
a single frame in the video [7]. SKD [6] explores multi-
factor disentanglement with structured Koopman autoen-
coders, yet they only demonstrate preliminary results on toy
datasets. Our method avoids predefining motion-content
correlations, allowing the aggregation of content from mul-
tiple frames, and regulate with bitrate control rather than
explictly using feature with lower channels. These design
choices result in a simple yet effective framework capa-
ble of handling real-world videos with complex motion and

12905



content.
One crucial real application for video disentanglement is

the generation and editing of talking head videos. Existing
methods often employing explicit optical flow for motion
modeling [30, 62], using specific priors such as landmarks,
keypoints or 3D reconstructions [9, 17, 20, 23, 29, 38, 42,
42, 51, 56]. LIA [57] proposes to model image animation
in a latent space using linear motion decomposition with a
learnable orthogonal motion basis. Our goal is to explore a
more general paradigm for motion-content disentanglement
with minimal task-specific inductive bias. While we include
talking head synthesis as an evaluation task, our approach is
not tailored to solve the talking head task exclusively.

Information Bottleneck and Neural Codec The theoret-
ical feasibility of our method is based on the information
bottleneck (IB) theory. The information bottleneck (IB)
provides a principled framework for learning simplified yet
informative representations of data [53]. The core of IB
is to retain the most relevant information of the data while
discarding irrelevant details through a compression process.
As noted in [1, 3], the use of IB not only yields a compact
representation but also facilitates disentanglement. Our ap-
proach leverages this intrinsic property of IB as a powerful
tool to disentangle video into motion and semantic content.

State-of-the-art neural video codecs [34–36, 50] have
demonstrated promising results in efficient of video sig-
nals. These methods employ a strong IB with extremely
high compression ratios, often relying on explicit motion
vectors, such as optical flow. However, they generally do
not explicitly model the disentanglement of content and mo-
tion. Recently, disentangled low-bitrate audio codecs [32]
have demonstrated that a low-bitrate vector quantizer can
serve as a strong information bottleneck (IB) for separat-
ing speech content from speaker identity. Inspired by these
advancements in neural codecs, we apply low-bitrate con-
straints as an IB for video disentanglement, but with a dif-
ferent objective—discovering disentangled representations
of motion and content within an implicit latent space.

3. Method
BCD is a self-supervised diffusion model that learns to en-
code video sequences into a disentangled representation of
a frame-wise motion feature sequence and a sequence-wise
content feature. The overall framework of BCD is illus-
trated in Figure 2. Following common latent diffusion ap-
proach [49], an input video sequence are first tokenized into
a pre-frame latent sequence z = {zt | t ∈ [1, T ]} with a
pre-trained image VAE. Our BCD consists of a transformer
encoder T (l) = ({mt | t ∈ [1, T ]}, c) that encodes the
latent sequence z into its disentangled representations of
per-frame motion features m = {mt | t ∈ [1, T ]} and a
global content feature c (Sec. 3.1). To promote a correct

disentanglement, the per-frame motion m is bounded with
a low-bitrate vector quantization bottleneck to retain only
the essential motion information necessary for preserving
the scene dynamics (Sec. 3.2). These disentangled repre-
sentations then serve as condition inputs to guide the recon-
struction of the original latent z through a diffusion model
D (Sec. 3.3). The full model is end-to-end trained with a
rate-distortion objective (Sec. 3.4).

3.1. Content and Motion Extraction
The transformer architecture [55] is pivotal to our model
for the extraction and assembly of information, owing
to its proven capability to facilitate information transfer
across varied modalities and domains with less inductive
biases [37, 42]. In our framework, we utilize a transformer
encoder T to simultaneously aggregate information among
frames and build correlations between frames in the latent
space. To aggregate the content information, we prepend
a fixed number of learnable queries with K tokens, i.e.,
q ∈ RK×d, to the feature sequence {zt | t ∈ [1, T ]} as
a prefix before input into the transformer network T . The
learnable queries q are optimized over the whole training
set, so that it implicitly learns to robustly aggregate infor-
mation from multiple video frames. The output of the net-
work is a prefixed latent sequence where the first K prefix
token corresponding to the content feature c ∈ RK×Cc , fol-
lowed by the motion sequence m ∈ RT×Cm . Compared to
existing work which either uses image-based features with a
fixed number, arbitrarily chosen reference frames, or simple
pooling operators [17, 42, 51], our design can better encode
content information of videos with large variations among
frames (e.g., videos with different views or videos with cer-
tain details only exist in specific frames), and is flexible to
the number of input frames. We implement T with the
T5 [47] transformer equipped with relative positional en-
coding.

3.2. Feature Disentanglement
Separating video latents into a global content feature and a
frame-wise motion sequence using only the prefixed trans-
former approach in Sec. 3.1, does not inherently guaran-
tee disentangled information encoding in the corresponding
features. Without constraints, the implicit features we use
exhibit extremely high expressiveness, allowing arbitrary
encoding of video information. This leads to two common
failure modes in disentanglement [7, 52]: information pref-
erence, where the mutual information between inputs and
latents is insufficient, and information leakage, where mo-
tion and content features become improperly entangled.

To ensure the disentanglement of the motion branch and
content branch, we utilize Information Bottlenecks (IB) as
a key component. Our key observation is that both infor-
mation leakage and information preference essentially stem
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Figure 2. BCD is a diffusion model which consists of (a) a pre-trained image encoder to generate latent features for each video frame;
(b) a latent transformer to extract a clip-wise content feature and frame-wise motion features; (c) a low-bitrate vector quantization module
serving as information bottleneck on motion features to ensure disentanglement; (d) a latent video diffusion decoder using both content
and motion features as conditions; (e) paired image decoder of (a) to synthesize final video frames.

from the improper distribution of information within the
representation, failing to follow the correct disentanglement
scheme. According to the information bottleneck theory,
modeling a representation through an IB shares the same
ultimate goal to disentanglement representations, that is, to
provide a most compact yet informative representation of
the data [53]. On one hand, by seeking a compact repre-
sentation, the IB forces the model to discard unnecessary
details, which often corresponds to the entangled factors in
the data [3]. On the other hand, by preserving the most
relevant information for a specific task, the model is en-
couraged to keep the factors that are truly meaningful and
universal for the data generation process [1]. Therefore, a
robust information bottleneck can not only find a compact
representation, but also guide the disentanglement process
by aiding in separating the underlying factors of the data.
Inspired by recent work on low-bitrate neural codec [32],
we implement our IB by passing the per-frame motion fea-
tures {mt} through a bitrate-controlled vector quantization
(VQ) module, detailed as follows.

Group VQ We adopt group VQ [4] to maximize the ca-
pacity upper bound of our codebooks. Specifically, the mo-
tion latent for input frame at time t, mt ∈ Rc is splited into
N groups {mi

t ∈ Rc/N | i ∈ [1, N ]}. Each group is then in-
dividually processed by a codebook Ei with K code entries
of cvq = c/N channels. We use a distance-gumbel-softmax
layer to quantize mi

t and sample from the codebook Ei. The
sampling distribution is based on the distance between input
and codes:

dit = [ℓ(mi
t, e

i
1), ℓ(m

i
t, e

i
2), · · · , ℓ(mi

t, e
i
K)] (1)

µi
t = GumbelSoftmax(−α · dit) (2)

where ℓ(·, ·) measures the L2 distance, α is a scale fac-
tor, eij is the j-th entry of the i-th codebook group, and µi

t

is the sampling distribution from Ei for input mi
t. Quan-

tized code m̂i
t are sampled according to µi

t with the gumbel
reparametrization trick during training and retrieved with
argmax of the distribution for inference.

Bitrate Control According to Shannon’s source coding
theorem [12], the metric for compressibility (or compact-
ness) of the quantized latent motion feature m̂i

t is the en-
tropy:

H(m̂i
t|Ei) = −

∑
j

P (m̂i
t = eij)log(P (m̂i

t = eij)) (3)

For training, since we have the sampling distribution µi
t for

each input, we can approximate Eq. (3) with the average
sampling histogram over the training batch B, i.e.,

µi
avg =

1

|B|
∑
B

µt
i , ∀µt

i ∈ B (4)

Ĥ(m̂i
t|Ei) = −

∑
µi
avglog(µ

i
avg) (5)

The motion bitrate per frame from the model can be com-
puted as Hmodel =

∑
i H(m̂i

t|Ei). To constrain the target
bitrate, we employ MSE loss between Hmodel and a tar-
get bitrate Htarget. The target bitrate Htarget is a hyper-
parameter and we empirically set it slightly lower than the
average bitrate of the video dataset (approximated from ex-
isting video codec methods).

Remarks The bitrate-controlled VQ enforces an optimal
codebook that meets the average bitrate requirement for
video sets while allowing the bitrate of individual videos
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to remain flexible, accommodating diverse inputs. Dur-
ing training, the bitrate constraint is equipped with the data
fidelity loss, forming a rate-distortion objective. Accord-
ing to rate-distortion theory, optimal compression inher-
ently preserves expressiveness by minimizing distortion at
a given bitrate. By selecting an appropriately low but non-
zero bitrate, our low-bitrate controller for motion helps alle-
viate both information leakage and information preference.
Restricting the motion bitrate prevents content from leak-
ing into motion, as otherwise the leaked content informa-
tion would cause the motion bitrate to exceed its constraint.
Meanwhile, maintaining a nonzero target bitrate mitigates
information preference by preventing excessive information
loss in motion feature and ensuring reconstruction fidelity.

3.3. Conditional Diffusion Decoder
The BCD decoder is a conditional latent denoising diffusion
model [49], which operates through a pair of forward and
backward Markov chains. In the forward process, Gaus-
sian noise ϵt is progressively added to erode zt, according
to a pre-defined noise schedule [33]. Conversely, the back-
ward process performs step-by-step denoising, estimating
ϵt to recover from zt−1 from zt. The backward process is
conditioned on the motion feature and content feature as
guidance. We refer to [28] for closed-form equations of the
diffusion process. We use DiT [44] as the backbone for our
diffusion network. To ensure temporal smoothness in the
generated latents, we insert additional temporal attention
layers between each DiT spatial block, following [8]. We
insert the motion condition by adding the motion feature
to the diffusion timestep embedding, and insert the content
condition by concatenate the content feature with the noisy
input.

3.4. Model Training
Loss Functions Following classical rate-distortion ap-
proach [34], we train our model using both diffusion denois-
ing loss Ld and the bitrate loss LV Q with a weight factor λ:

Ld = MSE(z, z̃) (6)

LV Q = MSE(H, Ĥ) (7)
L = Ld + λLV Q (8)

We set λ to 0.04 in our experiments.

Cross-driven Strategy To further avoid collapse into
trivial, entangled representations, each training video clip
is evenly divided along the temporal axis into two segments
with similar semantic content but distinct motion dynamics.
During training, the content feature from the first segment
and the motion feature from the second segment are used to
reconstruct the latter segment of the video.

Implementation Details We use the pretrained image
VAE from Stable Diffusion 2.0 [49] to tokenize input frame
sequences. The transformer encoder has 12 layers with
a hidden size of 512, a feedforward dimension of 2048
and 8 attention heads. The diffusion decoder is a DiT-
B/4. The low-bitrate codebook has 64 groups, each with
32 codes. The temperature of the gumbel-softmax opera-
tor is annealed from 1.1 to 0.5 with a factor of 0.999. We
adopt the EDM [33] framework for diffusion training and
sampling. Please see the experiment section for training
hyper-parameters and statistics.

4. Experiments

To validate our proposed BCD framework, we conduct ex-
periments on two video datasets with distinctly different
data distributions. Our main experiments are conducted
on a real world video dataset consists of massive internet
collected talking head videos. We choose talking heads as
our primary demonstration scenario because it represents a
significant real-world application of video disentanglement
with in-the-wild video inputs. Additionally, fidelity and dis-
entanglement quality can be clearly assessed through cross-
identity motion transfer and video generation quality. To
make our experiments more comprehensive, we also con-
duct a second experiment on a pixel-art style 2D character
dataset, commonly used in the disentanglement literature,
to provide additional disentanglement evaluation as well as
to demonstrate the generalizability of our method.

4.1. Datasets
LRS3 [2] is a talking head dataset consists of face head
crops from over 400 hours of TED and TEDx videos. All
videos are converted to 25fps and resized to 256×256.
Sprites [48] is a synthetic cartoon character video dataset.
Each character’s dynamic motion falls into one of three
action categories (walking, spellcasting, or slashing) per-
formed in three possible directions (left, front, and right).
The static content includes the character’s skin color, top
color, pants color, and hair color, each with six possible
variations. Each sequence consists of 8 frames with a reso-
lution of 64×64.

4.2. Experiment Setup on LRS3
Hyper-parameters We set a target bitrate Htarget = 160
which corresponds to 4kbps bitrate with 25fps video. The
video batch size is set to 32 with 50 frames for each video
clip. We train our model for 30 epochs without tempo-
ral layer, followed by 15 epochs with temporal layer, us-
ing AdamW [41] optimizer. The learning rate for first 30
epochs is 0.0001 for the decoder and 0.0002 for the en-
coder. For final 15 epochs, we reduce the learning rate of
the encoder by half. Training on LRS3 takes ∼ 4–5 days on
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8xA100 GPUs with 80GB memory, with an inference time
of ∼ 30 seconds for a 50-frame video on a single A100.

Metrics For the LRS3 dataset, we adopt the FID
score [26] and the cosine similarity (CSIM) computed from
face recognition networks [13] to evaluate the (perceptual)
video fidelity following previous talking head works. To
evaluate disentanglement, we use a 3D head reconstruc-
tion method [27, 58] to fit parametric mesh coefficients and
reconstruct identity mesh, motion mesh, and cross-driven
ground truth mesh for reference and generated videos. We
then measure the identity error, motion error, and cross-
driven error by computing the mean-squared vertex distance
between corresponding mesh pairs. Please refer to the supp.
materials for more details.

Baselines For talking head tasks, there exists a bunch of
existing works using different types of priors. We chose
the following methods representing typical types of pri-
ors as our baseline: FOMM [51], MCNET [29] and Live-
Portrait [23] with learned keypoints and piece-wise affine
flow, HyperReenact [9] with 3D parametric face priors, and
LIA [57] with linear orthogonal motion basis.

4.3. Main Results on Talking Heads

Table 1. Comparisons on cross identity motion transfer. Best and
runner-up methods are marked with bold and underlines.

Method FID↓ CSIM↑ Identity error↓
×10−1

Motion error↓
×10−2

Cross error↓
×10−2

FOMM 98.5 0.76 0.75 24.3 24.1
MCNET 98.6 0.76 0.85 23.9 23.6

HyperReenact 106.8 0.58 0.57 3.94 4.68
LIA 104.4 0.71 0.57 36.1 34.1

LivePortrait 100.3 0.69 0.66 24.6 23.7

Ours 86.0 0.69 0.41 3.13 3.67

Motion Transfer The motion transfer result is shown
quantitatively in Tab. 1. Although our method does not use
any human face related prior, it performs the best in terms
of identity error, motion error, cross transfer error, and FID
score; we also achieve a reasonable score of CSIM. We have
attached more results in the supplementary materials.

To further compare our method to other baselines with
different types of inductive bias, we conduct an analysis
on results in the test set, and visualize generated frames in
Fig. 3. FOMM [51], MCNET [29] and LivePortrait [23]
share similarities with the usage of self-supervised key-
point as motion representations, which employs relative
key-point locations to account for identity preservation with
higher CSIM. However, they have significant larger mo-
tion (and identity) errors due to warping artifacts with large
motion as well as its same pose assumptions between the
reference frame and the first frame of the driving video.

LIA [57] has the largest motion error because it exhibits
a very constrained motion space with its linear combination
of motion basis. Visualizations demonstrated that gener-
ated frames have good identity preservation but often com-
pletely fail to transfer motion. HyperReenact [9] leverages
a 3D face prior, enabling more accurate 3D vertex posi-
tions and thus lower motion error. However, the explicit
usage of a 3DMM [14] face prior makes their generated
frames look like 3DMM renderings. This is reflected in
its worst FID scores and can be clearly observed from the
qualitative results. Compared with all these methods using
different types of inductive bias, our method can synthe-
size high-quality motion transfer results under diverse mo-
tion inputs, even for some extreme motions while all other
methods failed (Fig. 3, the first row). Please refer to our
supplemental material for more video comparison results.
Overall, these results clearly demonstrate that our method
is able to synthesize high-fidelity videos for motion transfer
via proper disentanglement of motion and content.

User Study. In addition to quantitative evaluation, we
conduct a user study for subjective evaluation. The study
consists of 15 groups of video reference and generated base-
line videos. Users are then asked to score each generated
video in terms of (1) identity preservation, (2) motion con-
sistency and (3) visual quality. We collect responses from
18 participants in total. The result is shown in Tab. 2.
As shown, we have achieved the highest score compared
to other baselines, demonstrating that our disentanglement
also matches human perception of video data.

Table 2. User study on identity preservation, motion consistency
and visual quality. Best and runner-up methods are marked with
bold and underlines.

Method Identity Preservation ↑ Motion Consistency ↑ Visual Quality ↑
FOMM 3.34 2.63 2.84
MCNET 3.36 2.74 2.94

HyperReenact 2.97 4.01 3.72
LIA 3.66 2.53 3.53

Ours 4.10 4.30 4.00

Video Generation Our learned video space provides a
structured motion representation for video generation. We
demonstrate this by training an auto-regressive transformer
directly on our motion spaces for the video generation task.
Specifically, we train a GPT-2 [46] model on motion fea-
tures generated by the BCD model on the talking head
data. The content feature is inserted at the beginning as the
prompt. Figure 4 visualizes some of our generated frames.
We are able to generate video sequences with reasonable
motion patterns based on a single-frame prompt. This ex-
periment confirms that our motion space captures the full
motion distribution rather than memorizing data points in
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Content Ref. Motion Ref. FOMM MCNET HyperReenact LIA LivePortrait Ours

Figure 3. Motion transfer results on different input videos. The reference appearance and motion frames are shown in the first two colums.

Prompt Generated Frames

Figure 4. Motion generation results. We use the content and motion feature of a single frame as the prompt shown on the left; five of the
generated frames are shown on the right.

the training set, enabling content-preserved motion genera-
tion via sampling. We refer to the supplementary materials
for the training details as well as generated video clips.

4.4. Discussions

In this section, we discuss some of our design considera-
tions, limitations, and societal impact.

Bitrate The most important hyperparameter for BCD is
the target bitrate during training. Excessive bitrate does
not serve as an effective information bottleneck, resulting
in diminished decoupling capabilities; conversely, a bitrate
that is too low leads to insufficient transmission of informa-
tion, making it struggle to synthesize high-quality videos.
Both cases would lead to an increase in error for motion
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Table 3. Quantitative results under different training and evalua-
tion setup. Best and runner-up methods are marked with bold and
underlines.

Target Bitrate
(kbps) FID↓ CSIM↑ Shape error↓

×10−1
Motion error↓

×10−2
Cross error↓

×10−2

2.0 88.5 0.71 0.34 5.26 5.68
6.0 87.6 0.68 0.56 3.23 4.13
8.0 89.3 0.66 0.49 3.04 3.74

4.0 86.0 0.69 0.41 3.13 3.67

4.0
(single ref.) 87.9 0.69 0.47 3.13 3.81

4.0
(w/o. cross-driven) 120.1 0.64 0.58 41.5 40.4

transfer. We empirically set the target bitrate for motion to
4kbps, slightly lower than a recent method [18] that reports
an average bitrate of approximately 5kbps for talking head
videos, to promote motion disentanglement. We validate
our bitrate selection in Tab. 3, which presents talking head
motion transfer results across target bitrates ranging from
2 kbps (80 bits per frame) to 8 kbps (320 bits per frame).
We observed that the minimum cross-driven error occurs at
approximately 4kbps.

Input sequence lengths Our video disentanglement
model supports a flexible number of input frames for both
motion and content. As shown in Tab. 3 (row “4.0-single”),
our method remains robust even with a single content frame,
enabling one-shot input. Our method can be integrated with
common techniques for handling transformers with long
contexts, such as sliding windows. Additional long-video
examples can be found in our supplemental material.

Training strategy The cross-driven strategy (Sec. 3.4)
also benefits our disentanglement. The last row of Tab. 3
shows that disabling this strategy during training results in
increased motion transfer error.

Societal impact Our research focuses on the self-
supervised decoupling of motion and content from video.
While we present results on human faces, our goal is
solely to demonstrate our disentanglement capability on
real videos. We have no intention of generating content for
misleading or deceptive purposes. We are opposed to any
behavior of creating misleading or harmful contents of real
persons, and we are also interested in applying our tech-
nique for advancing forgery detection.

Limitations Our method requires substantial training
data to disentangle videos with minimal task-specific induc-
tive bias. The optimal bitrate for BCD to achieve the best
disentangle can be dataset dependent. We are still observ-
ing a slight amount of video flickering even after the tempo-
ral fine-tuning. Real-world video datasets typically contain
more dynamic variations and fewer static variations. This

Input A Input B

motion of A + content of B motion of B + content of A

Figure 5. Motion transfer results on Sprites test set.

may lead to a degradation in the model’s performance to
capture static elements when encountering completely out-
of-distribution video inputs.

4.5. Results on Sprites dataset

Our proposed BCD framework is not restricted to talking
head video data only, and it can potentially be applied to
other video datasets that have significant different distribu-
tions. We demonstrate the generality of our BCD frame-
work by training our model on the LPC Sprites dataset,
which has been widely adopted in the disentanglement re-
search field [5, 40, 52, 62] . The LPC Sprites dataset con-
sists of pixel-art style, cartoon character videos in a lower
resolution (4× lower than talking head videos) and fewer
video clips, with a more artistic style. Hence we reduce the
target bitrate Htarget to 6 (correspond to 150bps), and di-
rectly training in pixel space instead of pre-trained image
latent space. Figure 5 demonstrates motion transfer results
on the LPC Sprites test dataset. Our motion transfer re-
sults demonstrate superior attribute accuracy. See the sup-
plement for details.

5. Conclusion

We have proposed Bitrate Controlled Diffusion (BCD) for
learning disentangled video representations into motion and
semantic contents. BCD represents motion and contents
with less inductive bias, leveraging the information bottle-
neck with low-bitrate vector quantization to effectively dis-
entangle them in latent space. The training process is self-
supervised with a denoising diffusion task. We have demon-
strated the fidelity and the disentanglement of our method
on real world talking head videos with motion transfer and
generation tasks. We have also illustrated the generaliza-
tion ability of our method by demonstrate results on both
real world video data and synthetic cartoon video data. We
believe our work offers a new perspective on disentangled
video representation learning.

Future work. Future avenues include expanding our
method to general video data with broader applications, ex-
ploring the interactivity of the learned motion latent space
through post-hoc mapping, as well as establishing a more
theoretical elaboration for the optimal bitrate to achieve dis-
entanglement.
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