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Abstract. Video Variational Auto-Encoders (Video VAEs) compress
video data from the highly redundant pixel space into a compact la-
tent representation, playing an important role in state-of-the-art video
generation models. However, existing methods typically learn inter-frame
correlations implicitly, overlooking the potential of breaking down video
compression into two separate parts: keyframe encoding and inter-frame
dynamic encoding, which is a fundamental design of traditional video
codecs. To address this, we incorporate traditional video codec standard
design into the Video VAE and introduce VC-VAE, a model that explic-
itly separates keyframe and inter-frame dynamic compression. We start
by establishing a high-fidelity static keyframe anchor through initializa-
tion from a powerful pre-trained image VAE. Then, to explicitly model
dynamic relative to this anchor, we introduce the Temporal Dynamic Dif-
ference Convolution (TDC), an operator designed to learn sparse motion
residuals from inter-frame differences while maintaining a separate path-
way for static content. Qualitative and quantitative experiments show
that our proposed VC-VAE significantly outperforms baseline models in
reconstruction quality, dynamic modelling, and training efficiency.

1 Introduction

Recent advances in video generation enable the creation of high-quality videos [13,
18,21,24,29]. The progress is mainly built upon the Latent Diffusion Model
(LDM) architecture [23], which relies heavily on the Video VAE as its core com-
ponent. The task of the Video VAE is to compress video data from the highly
redundant pixel space into a compact latent representation, directly influenc-
ing the efliciency of the following diffusion process and the quality of the final
generated videos.
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Fig.1: (a) Inter-frame dependency in Video Codec. (b) Our model first anchors the
reconstruction on a single, representative I-frame. (¢) Our proposed TDC explicitly
learns from the decoupled sparse motion residual from the I-frame.

Extensive research has been conducted on enhancing Video VAEs. From the
signal processing viewpoint, WF-VAE [16] and Cosmos Tokenizer [1] aim to han-
dle the spatio-temporal redundant in the frequency domain. By employing Haar
Wavelet Transform [22], these methods compactly encode the structurally-vital
but temporally-redundant low-frequency information, thereby freeing up more
model capacity to capture the more complex, high-frequency variations. Another
line of work focuses on basic architectural design. For instance, MovieGen [21]
uses a non-causal architecture to improve inter-frame modeling, whereas IV-
VAE [34] leverages a grouping mechanism to create local bidirectional dependen-
cies, which enhances reconstruction stability while maintaining causality. How-
ever, leveraging the design principles of video codecs [32] to improve Video VAEs
remains a sparsely explored area.

Rethinking the evolution of convolutional operators in Video VAEs uncovers
an implicit parallel with the video codecs standards. As shown in Fig. 1(a), Video
codecs standards [32] employ a Group-of-Pictures structure based on three types
of frames: I-frames, which are independently encoded as self-contained anchor
points; P-frames, which efficiently encode motion residuals relative to a previous
frame; and B-frames, which further enhance compression by referencing frames
in both past and future context. Early Video VAEs [37,39] used causal con-
volution, establishing an inter-frame dependency similar to P-frame prediction
where the current frame is reconstructed using only past and current context.
Subsequent work, such as IV-VAE [34], introduced group causal convolution,
which creates a B-frame-like dependency by utilizing both past and future con-
text for more stable reconstruction. These architectures implicitly reflect the
dependency structure of P and B frames; however, they treat static content
and dynamic motion as an entangled learning target, overlooking the essential
operational principle behind them. Video codecs leverage temporal redundancy
through the I-frame prediction and motion residual mechanism, enabling the
explicit decoupling of static content and dynamic motion. By isolating complex,
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sparse motion from the redundant static background, this separation offers a
fundamentally more efficient approach to video modeling.

Inspired by the above insights, our objective is to enhance both reconstruc-
tion quality and training efficiency by incorporating the above design principles
of video codecs into Video VAE. We start by establishing an I-frame prior within
the Video VAE, initializing our model from a pre-trained image VAE [15] to en-
dow our Video VAE with a strong static content prior. As shown in Fig. 1(b), the
model can generate high-fidelity, single-frame reconstructions at the initial state,
providing a stable foundation for learning dynamic motion. We then introduce
the Temporal Dynamic Difference Convolution (TDC), which is designed to in-
corporate decoupling inductive bias at the operator level. As shown in Fig. 1(c),
TDC achieves this by constructing two parallel pathways: a dedicated pathway
to preserve the static content from the I-frame prior, while the other learns
sparse inter-frame dynamics from explicit feature differences. Extensive experi-
ments validate the efficiency of our video codec-inspired learning paradigm. By
explicitly separating the learning of dynamic sparse motion from static content,
our model achieves superior reconstruction performance while reducing training
overhead by 50%. In summary, the core contributions of this paper are as follows:

— We introduce VC-VAE, a novel architecture that utilizes a codec-inspired in-
ductive bias. It explicitly decouples the video sequence into a static keyframe
anchor and inter-frame dynamic variations. To the best of our knowledge,
VC-VAE is the first work to successfully incorporate this spatio-temporal
decoupling strategy into the Video VAE framework.

— To implement this explicit modeling of inter-frame temporal dynamics into
the convolutional Video VAE architecture, we introduce the Temporal Dy-
namic Difference Convolution (TDC), a novel operator designed for this
purpose.

— Extensive experiments on several benchmarks demonstrate the SOTA video
reconstruction and generation capabilities of the proposed VC-VAE.

2 Related Work

2.1 Variational Autoencoder

The Variational Autoencoder (VAE) [12] is a foundational paradigm in gen-
erative modeling, designed to capture complex probability distributions within
high-dimensional data. VAEs’ development of both continuous [6,23] and dis-
crete latent representations [10] has established them as a versatile component in
modern generative pipelines, functioning as visual compressors for latent diffu-
sion models and as visual tokenizers for autoregressive systems. Contemporary
research on continuous VAEs largely focuses on enhancing their efficiency as
the first stage of latent diffusion systems, pursuing higher compression rates [6],
faster throughput [42,43], and ensuring better compatibility with latent diffusion
systems [14,25, 38].
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Fig. 2: (a). Initialization with the Flux VAE enables the Video VAE to reconstruct
keyframes. (b)-(c). Implementation of the Temporal Dynamic Difference Convolution
operator within different blocks of the Video VAE. (d). Overall structure of the pro-
posed Video VAE.

2.2 Video VAE

Early video generation systems employ SVD-VAE [3], which does not perform
temporal compression, necessitating temporal interaction layers to ensure tem-
poral consistency. CV-VAE [41] introduced temporal compression into the Video
VAE framework, while OD-VAE [7] and CogVideoX-VAE [37] incorporated the
temporal causal structure [39] for temporal tiling. WF-VAE [16] explored wavelet
transforms to efficiently reduce the expensive representation dimensionality of
high resolutions. IV-VAE [34] proposed the dual-stream architecture and Group
Causal Convolutions for robust inter-frame information interaction. To reduce
the computational cost in Diffusion Transformers [20], H3AE [35] and Reducio
VAE [27] aim for extremely high compression rates while maintaining the re-
construction capability. Vid-twin [30] improves the reconstruction quality of
video tokenizer by compressing structural and dynamic information into sep-
arate latent components. However, existing Video VAEs merely exploit redun-
dancy through temporal compression, without explicitly considering the inherent
redundant nature of video data [17]. Inspired by video codec standard, we incor-
porate the principle of separating static content from dynamic motion into our
Video VAE design.

3 Method

This section details our approach to integrating video codec principles into our
VC-VAE. The overall model architecture is illustrated in Fig. 2. First, we in-
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troduce the existing convolution operators in Sec. 3.1. Then, we build a reliable
keyframe prior by initializing the model with a pre-trained image VAE in Sec. 3.2.
Subsequently, to explicitly model temporal dynamics, we introduce the Tempo-
ral Dynamic Difference Convolution in Sec. 3.3. Finally, we describe additional
refinements for consistent reconstruction in Sec. 3.4.

3.1 Preliminary

The core task of Video VAE is to learn a compressed yet informative latent
representation for video data. Traditional video codec standards, designed ex-
plicitly for reducing the spatio-temporal redundancy in videos, offer invaluable
insights. Motivated by this, our preliminary section revisits the fundamental op-
erators of Video VAEs, such as Causal and Group Causal Convolutions, from
the perspective of video codec principles.

Causal Convolution To achieve unified encoding of images and videos in a
Video VAE, Causal 3D Conv [37,39] is widely adopted, which is achieved by
applying asymmetric padding only at the beginning of the temporal dimension,
so the receptive field at time step ¢ only covers current and past frames. Formally,
for input sequence {Xjy, ..., X7_1}, the output Y; at time step ¢ is:

Y; = CausalConv(X¢, Xe—1, .., Xe—k+1) (1)

where CausalConv represents a 3D convolution with temporal kernel size k. How-
ever, from a video codec perspective, the unidirectional dependency resembles
P-frame prediction, leading to an asymmetric temporal receptive field. By only
looking backwards in the temporal dimension, the model lacks future context,
resulting in an information imbalance that limits its ability to model inter-frame
dynamics effectively.

Group Causal Convolution Group Causal Convolution (GCConv) [34] miti-
gates this issue by introducing local bi-directional interactions, fostering stronger
local dependencies by segmenting the video sequence into local non-causal frame
groups. Formally, for an input frame group G; = {Xo, ..., Xr_1}, the output
group Y; is computed as:

Y; = Conv(Concat|G;-1[—1], G;]) (2)

where G;_1[—1] is the last frame from the past group to maintain global causal-
ity. GCConv’s advantage manifests in the superiority of bi-directional frames
over predictive frames in video codec, as it allows the frame group to be encoded
with richer, bi-directional context. The success of GCConv highlights the bene-
fits of borrowing principles from video codecs. Motivated by this, the following
section further instantiates the principle of video codec within the Video VAE
architecture.
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Fig. 3: Reconstruction results of different methods for a video sequence. Visual artifacts
are enclosed in red bounding boxes for clarity.

Table 1: Video reconstruction results on WebVid-test and UCF-101 val. | indicates
lower is better, 1 indicates higher is better.

WebVid-10M UCF-101
FVD| PSNR{ LPIPS| SSIM{ FVD| PSNR1 LPIPS| SSIM*

CogVideoX 4*8*8 16 215M 41.70 35.23 0.04125 0.9394 50.47 37.61 0.03292 0.9605
Wanx2.1  4*8*8 16 127TM 42.40 35.40 0.03724 0.9385 43.26 38.19 0.02971 0.9644
IVVAE 4*8*8 16 108M 42.80 35.21 0.04301 0.9343 40.68 38.48 0.02853 0.9660
WFVAE 4*%8*8 16 222M 36.86 35.60 0.03778 0.9394 42.73 38.31 0.03036 0.9645
Hunyuan 4*8*8 16 246M 36.23 35.84 0.03452 0.9425 37.07 38.80 0.02757 0.9671
VC-VAE 4*8*8 16 146M 36.80 36.04 0.03315 0.9459 36.30 38.97 0.02747 0.9684

WFVAE  8*8*8 32 227TM 44.13 35.86 0.03735 0.9396 53.11 37.95 0.03307 0.9627
VC-VAE 8*8*8 32 194M 36.63 36.40 0.03298 0.9485 38.47 38.85 0.02854 0.9672

Method FCR Chn Params

3.2 Static Spatial Prior via Image VAE Initialization

While basic operators effectively mirror the inter-frame interaction of a video
codec, an efficient encoding scheme also depends on high-quality Intra-encoded
keyframes, which are self-contained, independently compressed frames serving
as robust anchors for subsequent predictions. To integrate this essential feature
into our Video VAE, we initialize its weights with a powerful, pre-trained image
VAE, giving our model a strong spatial prior before it begins to learn temporal
dynamics. We start by inflating the 2D kernels of the image VAE into 3D ker-
nels to enable the model to act as a high-fidelity frame-wise encoder or decoder,
employing Tail Initialization [7] for Causal Convolution and Center Initializa-
tion [5] for Group Causal Convolution, as shown in Fig. 2(a). To leverage the
temporal redundancy inherent in video data, we configure Temporal Layers for
Keyframe Selection and Broadcast. Following IVVAE [34], we utilize a convo-
lutional layer with a temporal kernel size k; = 2 and stride s; = 2, denoted as
Waiown = |C, C, kt], where C represents the number of input and output channels.
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We then initialize it as follows:
Waownl[:y ke — 1] = L (3)

where I € RE*® denotes an identity matrix. For temporal upsampling, the
operator is implemented by a convolution that doubles the channel from C to
2 x C, followed by a PixelShuffle operation to expand the temporal dimension,
denoted as Wy, = [2 * C, C]. Then we initialize it as:

Wup[2 * C, C] = concat(L,I). (4)

As shown in Fig. 2 (a), when processing an input sequence consisting of frames
{0, 1, 2, 3}, the output of the encoder corresponds to the latent representation of
frame {3}, which is selected as the keyframe. Meanwhile, the decoder broadcasts
the latent representation of {3} across the entire sequence, resulting in {3, 3, 3,
3}. At the start of training, the model’s behavior is to select a keyframe from
a video clip, encoding and decoding it using the powerful inherited image VAE
and subsequently broadcasting this static frame to reconstruct the entire clip.
Consequently, the learning objective is simplified: instead of learning complex
visual features from scratch, the model only needs to learn the temporal dy-
namics required to animate the static keyframe into a dynamic sequence. This
drastically reduces training costs and provides a more efficient learning task.

3.3 Temporal Dynamic Difference Convolution

With a strong spatial prior established by our keyframe-centered initialization,
the model’s primary learning objective shifts from reconstructing entire frames to
capturing sparse temporal dynamics. To explicitly enforce this learning paradigm,
we introduce the Temporal Dynamic Difference Convolution (TDC), an opera-
tor designed to follow the efficient prediction-residual design principle of video
codecs. Unlike standard convolutions that process entangled features, TDC op-
erates on the explicit feature differences between frames. It creates two distinct
pathways: one that preserves the static content from the keyframe prior, and
a parallel one dedicated to learning a sparse motion residual. As illustrated in
Fig. 2, we incorporate specialized variants of TDC into the different blocks of
our Video VAE to implement this decoupled strategy.

TDC decomposes the features within its receptive field into a static anchor
frame and a set of dynamic difference features, forcing the network to learn from
motion explicitly. When TDC is integrated into a Group Causal Convolution
Resblock, the central frame X; of the group naturally serves as the static anchor.
The TDC operator is formulated to be equivalent to a standard convolution
while the kernel is explicitly re-parameterized for separate modeling, with no
additional parameters or computational overhead:

}/t = Wa * Xt + Wp * (Xt—l — Xt) + Wf * (Xt+1 — Xt) (5)

Here, W,, W), Wy are the temporal slices of the 3D kernel. The W, * X term,
backed by our image VAE initialization, preserves the anchor frame’s spatial
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Fig. 4: Visualization of the high frequency details reconstruction performance.

information, while the other terms are forced to learn from the motion resid-
uals between the anchor and its neighbors, as shown in Fig. 2(b). We further
apply TDC to model inter-frame interactions. Our temporal interaction module
operates on two distinct streams: the anchor X, itself and the motion residuals
(Xp — X,). The final output is a learned combination of these two streams:

Youtput = Wa * Xa + Wp * (Xp - Xa) (6)

In this way, the model is explicitly guided to distinguish between static scene
structure and temporal dynamics, as shown in Fig. 2(c). For Causal Convolu-
tions, the anchor is always the current frame X;. The operation thus learns from
the differences between past frames and the current frame:

Yi =W s Xy +Wiq # (Xeoy — Xp) + Wimo x (Xm0 — Xy) (7)

This forces the model to encode the current frame’s content while explicitly
learning from the historical residuals within its receptive field. This design en-
sures that at the start of training, its output is mathematically equivalent to
that of the model initialized with the Image VAE, and it preserves the static
reconstruction capability inherited from the image VAE throughout training,
leading to enhanced stability and superior results.

3.4 Other Implementation Refinement

We identified a common issue in current causal Video VAEs [29, 34]: the first
frame of a video sequence often has poorer reconstruction quality than later
frames. This problem likely stems from the widely used Separate First-Frame
Processing approach, which creates an architectural asymmetry since the first
frame is processed differently due to the lack of prior temporal context. As
illustrated in Fig. 6, this can cause a noticeable performance gap between first
frame and the following sequence. To prevent our model from suffering from this
flaw, we implement an In-Sequence First-Frame Processing pipeline that removes
the special treatment of the first frame. This approach also unifies the processing
of single images and video sequences by treating all inputs equally: a single image
is turned into a minimal pseudo-video by repeating the frame. Consequently, all
frames are processed with the same encoding-decoding process, eliminating the
reconstruction inconsistencies caused by the Separate First-Frame Processing.
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Table 2: Results on TokBench Video. T-ACC, T-NED measure the accuracy of text
reconstruction, while F-Sim measures the similarity of face reconstruction. 1 indicates

higher is better.

Method FCR T-ACC 1

T-NED 4

F-Sim 1

small medium large mean small medium large mean small medium large mean

Resolution: 256x

CogvideoX 4*8*8 24.80 72.47 86.34 61.21 43.06 82.29 92.41 72.59 0.58 0.78 0.91 0.76
Wanx2.1 4*8*8 17.88 69.52 87.56 58.32 37.27 81.04 93.18 70.50 0.59 0.79 0.92 0.77
IVVAE 4*8*8 18.43 72.08 89.52 60.01 38.29 82.49 94.36 71.72 0.57 0.79 0.93 0.76
Hunyuan 4*8*8 26.85 69.12 87.47 61.15 45.55 80.54 93.12 73.07 0.60 0.80 0.92 0.77
VC-VAE 4*8*8 31.81 77.21 89.70 66.24 51.21 85.24 94.39 76.95 0.64 0.82 0.93 0.80
Resolution: 480x
CogvideoX 4*8*8 28.02 65.41 91.71 61.71 43.47 78.24 95.60 72.43 0.67 0.80 0.91 0.79
Wanx2.1 4*8*8 18.88 63.42 92.36 58.22 35.95 77.43 96.02 69.80 0.68 0.82 0.92 0.81
IVVAE 4*8*8 20.58 63.89 92.98 59.15 37.85 78.07 96.37 70.76 0.68 0.82 0.92 0.80
Hunyuan 4*8*8 28.65 64.49 91.83 61.66 44.43 77.83 95.83 72.70 0.69 0.82 0.92 0.81
VC-VAE 4*8*8 31.24 72.27 92.72 65.41 48.11 82.90 96.24 75.75 0.72 0.83 0.92 0.83

Table 3: Effectiveness of

the TDC Table 4: Impact of the Image VAE’s Perfor-

Operator. mance.

Setting PSNR? SSIM?T LPIPS| Setting PSNR1 SSIM?T LPIPS|

Causal Conv Baseline  33.29  0.9298 0.04946 SD3.5-VAE Init w/o TDC 33.13  0.9264 0.05519
+ TDC 33.64 0.9336 0.04599 Flux-VAE Init w/o TDC  33.49 0.9323 0.04720

GCConv Baseline 33.49  0.9323 0.04720 SD3.5-VAE Init w TDC 33.74 0.9337 0.04691
- TDC (Full model) 33.79 0.9357 0.04455 Flux-VAE Init w TDC 33.79 0.9357 0.04455

4 Experiments

4.1 Experimental Setup

Training details. We train our Video VAE on the Kinetics-600 dataset [4]
using a two-stage approach. We first pretrain the model for 500k steps, focus-
ing on learning fundamental spatio-temporal dynamics from a large volume of

short-duration, low-resolution videos, opti-
mized with a combination of reconstruction
losses (L1, LPIPS [40]) and KL regulariza-
tion [12]. This is followed by a 50k steps fine-
tuning stage on a diverse mix of videos with
varying resolutions, frame rates, and dura-
tions. In this stage, we incorporate an adver-
sarial loss from a 3D discriminator to improve
high-frequency details and strengthen tempo-
ral extrapolation capabilities. As shown in Ta-
ble 5, we compare with the total training steps

Table 5: Comparison of the to-
tal training computation and re-
construction performance.

Method Training steps PSNR

WFVAE
IVVAE
VC-VAE

1200k
1000k
550k

35.60
35.21
36.04

required by state-of-the-art models. Notably, our total training compute is con-
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Fig. 5: Generative results from a Latent Video Diffusion Model built upon our proposed
VC-VAE.

siderably lower than that of state-of-the-art models, highlighting the training
efficiency of our proposed approach.

For the 4x8x8 compression version, which downsamples the video by a fac-
tor of 4 in the temporal dimension and 8 in each spatial dimension, we use 16
channels identical to most of the SOTA Video VAEs, and utilize Flux VAE [15]
for initialization. For the 8 x8x8 compression version, we employ a 32-channel
implementation, where the first half is initialized from Flux VAE and the re-
maining half is zero-initialized. This strategy ensures that, after increasing the
number of channels, our model begins with an initial image reconstruction capa-
bility identical to Flux VAE. Detailed hyperparameters, including learning rates
and loss weights for each stage, are provided in the supplementary material.

Evaluation details. We employ WebVid-10M [2] and UCF-101 [26] to as-
sess overall video reconstruction performance. To ensure an fair comparison,
all metrics are calculated without the first frame for baseline models. We utilize
FVD [28], PSNR [11], SSIM [31], and LPIPS [40] to measure reconstruction qual-
ity. Furthermore, we assess the VAE’s ability to reconstruct text and faces within
videos using the TokBench-Video [33] benchmark, with performance evaluated
by reconstruction text accuracy and face similarity [8].

4.2 Performance

Our baseline models include several 4x8x8 SOTA methods: CogVideoX-VAE [37],
Wan2.1-VAE [29], WFVAE [16], IVVAE [34], and Hunyuan-VAE [13]. Addition-
ally, WFVAE provides an 8x8x8 version, which serves as the baseline for our
experiments on high-ratio temporal compression.

Quantitative evaluation of reconstruction results. We present a com-
prehensive quantitative evaluation of our VC-VAE against several SOTA meth-
ods in Tab. 1, with results reported on both WebVid-10M and UCF-101. Under
the standard 4x8x8 compression setting, with significantly lower training com-
pute, our VC-VAE achieves SOTA performance across all datasets. We also eval-
uate a more challenging configuration with a higher temporal compression rate,
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where our model continues to outperform the WFVAE baseline. These results
validate the effectiveness and robustness of our proposed architecture.
Furthermore, to provide a more comprehensive analysis, we test our Video
VAE on the challenging TokBench-Video benchmark. This benchmark is partic-
ularly demanding as it comprises long-duration videos with complex motion and
intricate, high-frequency text. Because our method is specifically designed to en-
hance the modeling of both temporal dynamics and high-frequency details, our
model achieves significant performance gains on this benchmark, especially in
the reconstruction of small to medium-sized text and faces, as shown in Tab. 2.
Quantitative Evaluation of Generation Results. To evaluate the qual-
ity of the latent space and its suitability for downstream generative tasks, we
conducted video generation experiments following IVVAE [34]. Specifically, we
trained an unconditional diffusion model using Latte-XL [19] within our VC-VAE
latent space and generated 2,000 video samples for evaluation.
The generation quality is measured using the gen-
eralized Fréchet Video Distance (gFVD). As shown in
Tab.6, our model achieves a gF'VD score that is supe-
rior to the baseline. These quantitative results demon- Table 6: Comparison of
strate that VC-VAE does not merely excel at recon- gFVD on SkyTimelapse.

struction, but also structures a more favorable latent Method gFVD|
distribution for diffusion-based generation. The com- ODVAE  140.0

it FVD direct evid ¢ IVVAE 1186
petitive g scores serve as direct evidence of our VO-VAE 112.8

model’s reliability as a backbone for high-fidelity video
generation system.

Qualitative evaluation of reconstruction re-
sults. Our method’s superior reconstruction capabilities are demonstrated
across diverse and challenging scenes. Fig. 3 shows a sports scene with rapid
motion where our method effectively captures movement while maintaining the
stability of fine text details, unlike other methods that suffer from artifacts. Fur-
thermore, in scenes demanding high-frequency texture reconstruction as shown
in Fig. 4, our model continues to outperform baselines, producing visibly sharper
results. This offers qualitative evidence for the effectiveness of our proposed TDC
operator in decoupling static information from dynamic motion. Additional re-
construction results are included in the supplementary material.

4.3 Ablation Study

In this section, we conduct a series of ablation experiments. For the ablation
study, we first initialize Video VAE with Flux VAE, then train it for 100K steps
on 16-frame videos with 256 x256 resolution using the Kinetics-600 dataset. The
test dataset comprises 2000 videos from the Kinetics-600 validation set, each
with 16-frames at 256 x 256 resolution.

Ablation of main components. We conduct ablation studies to verify the
effectiveness of our TDC operator. First, we replace the core temporal operators
in the standard Causal Convolution and Group Causal Convolution baselines
with our TDC operator. As shown in Tab. 3, this substitution delivers significant
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Table 7: Ablation on First-Frame Table 8: Ablation on TDC operator under chal-

Processing Strategy. lenging compression rate.
Method PSNRf SSIM/t LPIPS| Method FCR PSNR{ SSIMt LPIPS|
Separate 32.15  0.9242 0.04059 GCConv w/o TDC 8*8*8 31.11 0.9018 0.07641
In-Sequence 33.34 0.9346 0.03601 GCConv w TDC  8*8*8 32.01 0.9122 0.07099

Comparison of SSIM Scores within Video Sequ

v
«Ground Truth Wan2.1-VAE

0 Frame :

1 Frame

2 Frame

(b)
Fig. 6: (a). Visualization of the video sequence’s reconstruction performance. (b). Av-
erage SSIM scores over the first five frames, calculated across 1000 videos from the

validation set, where baseline models often exhibit lower reconstruction quality on the
initial frame, while our VC-VAE maintains high and stable performance.

improvements in both PSNR and LPIPS metrics. This demonstrates that our
design, inspired by video codec compression, substantially enhances the model’s
ability to preserve static details inherited from the ImageVAE while effectively
modeling temporal dynamics. The consistent performance gains observed across
different architectures confirm the generality of our approach. Furthermore, to
evaluate the operator under more challenging conditions, we extend our analysis
to models with higher temporal compression rates. As reported in Tab. 8, our
method yields even more pronounced performance advantages as the compres-
sion rate increases, fully reinforcing the superiority and robustness of the TDC
operator.

Ablation on First Frame Processing Strategy. To validate the effec-
tiveness of our In-Sequence First-Frame Processing strategy, we compare our im-
plementation with the widely used Separate First-Frame Processing variant. As
shown in Tab. 7, by adopting the In-Sequence First-Frame Processing, our model
achieves a 1.2 dB improvement in PSNR for the first frame, effectively resolving
the inconsistency. More evaluation of our model’s performance on single-image
reconstruction is provided in the supplementary material.

Impact of the Initializing Image VAE. To evaluate our model’s sensi-
tivity to the quality of pre-trained Image VAE weights, we perform an ablation
study using two image VAEs with different performance levels: a stronger Flux-
VAE and a comparatively weaker SD3.5-VAE [9]. As shown in Tab. 4, when
training a baseline model without TDC, performance strongly depends on the
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Fig. 7: Visulization of the proposed TDC operator.

quality of initialization; the model initialized with the stronger Flux-VAE no-
tably outperforms the one starting from SD3.5-VAE. However, when our TDC
operator is added, the performance gap between the two setups decreases signif-
icantly. Remarkably, adding TDC results in a more notable improvement for the
model initialized with the weaker SD3.5-VAE, with a PSNR increase of 0.61 dB.
This indicates that TDC not only enhances overall performance but also makes
training more robust and less sensitive to the quality of initial spatial priors.

4.4 Visualization

Visualization of TDC. To intuitively understand how our Temporal Dynamic
Difference Convolution operator explicitly separates the sparse motion residual
from the static content, we perform visualization of its internal components.
As shown in Fig. 7, we use three frames from a video sequence with significant
motion to clearly illustrate the effect. The anchor component focuses solely on
modelling the intra-frame spatial information of the current frame, successfully
encoding the representation of static structures, including the car’s appearance,
the background, and the watermark, while the other components, derived from
the temporal differences, isolate inter-frame temporal changes. Static regions
such as the watermark and stationary background elements exhibit near-zero
activation. Conversely, activations are concentrated around the moving object,
effectively encoding its displacement between frames. These difference maps can
be interpreted as learned, high-level motion representations, highlighting where
and how the scene changes over time. The final output synthesizes these com-
ponents by combining the rich spatial details from the content component with
the precise motion information from the difference components, demonstrating
that our TDC operator does not merely mix temporal information but explicitly
disentangles the representation of content from its dynamics, enabling a more
efficient and interpretable modelling of video.
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Fig.8: (a). Visual comparison of reconstructed frames at different training itera-
tions. While both models start with a perfect reconstruction (0 iters), the baseline
quickly degrades and becomes blurry, whereas our model preserves high-frequency de-
tails throughout training. (b). Corresponding validation L1 and LPIPS loss curves of
VC-VAE and baseline.

Visulization of First Frame Performance. As discussed in the method
section, causal Video VAEs often suffer from inconsistent reconstruction quality,
particularly for the first frame. Fig. 6 provides a clear qualitative demonstration
of this phenomenon. In the 0 Frame column, it is evident that baseline models
like Wan2.1-VAE and IVVAE exhibit significant degradation. This quality drop
appears confined to the initial frame, as their performance on subsequent frames
is visibly better, highlighting the performance discrepancy stemming from archi-
tectural asymmetry. In contrast, our VC-VAE maintains a consistently high level
of reconstruction fidelity across all frames. This robustness is a direct result of our
In-Sequence First-Frame Processing strategy, which eliminates the performance
degradation of the initial frame. This visualization confirms that our approach
effectively resolves this common phenomenon in causal Video VAEs and ensures
stable, high-quality performance throughout the entire video sequence.

Analysis of the training process. We visualize the training process of the
Video VAE initialized from a pre-trained image VAE to analyse its training pro-
cess. As shown in Fig. 8(a), the baseline model, in its effort to learn inter-frame
dynamics, experiences a severe performance degradation in the early training
stages. The static content becomes heavily blurred, indicating that the model
suffers from catastrophic forgetting of the powerful spatial priors provided by the
image VAE. Our proposed VC-VAE maximally preserves the static reconstruc-
tion capability of the initial VAE while isolating the learning of the temporal
dynamics. This is quantitatively confirmed by the training curves in Fig. 8(b).
The baseline model’s validation loss noticeably spikes at the beginning of train-
ing, whereas our method exhibits a stable and monotonic decrease, effectively
mitigating the initial reconstruction degradation.

Generative Performance with VC-VAE. Following previous work [7,34],
we demonstrate the video generation capability of our Video VAE’s latent space.
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We train an unconditional latent video diffusion model, using Latte-XL [19]
as the generative backbone, on the SkyTimelapse [36] dataset. The qualitative
results are visualized in Fig. 5. Leveraging our VC-VAE, the video diffusion
model is capable of generating high-fidelity videos that exhibit both complex
temporal dynamics and intricate textures.

5 Conclusion

Inspired by video codecs, which use keyframes to encode static content and
motion residuals for inter-frame dynamics, we propose VC-VAE, a novel archi-
tecture that integrates this principle of decomposition into the design of Video
VAEs. First, by initializing with a high-quality ImageVAE, we endow the model
with strong keyframe reconstruction capabilities, ensuring the quality of its static
spatial priors. Second, we design the Temporal Dynamic Difference Convolution
operator, which explicitly computes temporal differences within convolution,
successfully decoupling static spatial content from dynamic temporal motion
information. The TDC operator significantly boosts the model’s performance
without introducing any additional parameters or computational costs, partic-
ularly enhancing its ability to model high-frequency motion details. Extensive
experiments show that the proposed VC-VAE achieves SOTA results in video
reconstruction and generation.
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