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Abstract

Learning a robust video Variational Autoencoder (VAE) is
essential for reducing video redundancy and facilitating ef-
ficient video generation. Directly applying image VAEs to
individual frames in isolation results in temporal inconsis-
tencies and fails to compress temporal redundancy effec-
tively. Existing works on Video VAEs compress temporal
redundancy but struggle to handle videos with large motion
effectively. They suffer from issues such as severe image
blur and loss of detail in scenarios with large motion. In this
paper, we present a powerful video VAE named VideoVAE+
that effectively reconstructs videos with large motion. First,
we investigate two architecture choices and propose our
simple yet effective architecture with better spatiotemporal
joint modeling performance. Second, we propose to lever-
age the textual information in existing text-to-video datasets
and incorporate text guidance during training. The textural
guidance is optional during inference. We find that this de-
sign enhances the reconstruction quality and preservation
of detail. Finally, our models achieve strong performance
compared with various baseline approaches in both general
videos and large motion videos, demonstrating its effective-
ness on the challenging large motion scenarios.

1. Introduction
Given the significant attention in the field of video genera-
tion, Latent Video Diffusion Models (LVDMs) [4, 5, 14, 37]
have emerged as a popular framework. They have been suc-
cessfully applied to powerful text-to-video models such as
VideoCrafter [7, 8], Sora [6], CogVideoX [31] and Hun-
yuan Video [27]. Different from directly generating video
pixels, LVDMs generate latent representations of videos in
a compact latent space. This is achieved by first train-
ing a Video VAE to encode videos into this latent space.
Thus, Video VAE, as a key and fundamental component
of LVDMs, has attracted great attention recently. An ef-
fective Video VAE can help to reduce the training costs
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of video diffusion models while improving the final qual-
ity of the generated videos. Initially, a series of studies
adopted the image VAE from Stable Diffusion [21] for
video generation tasks, such as AnimateDiff [13], Mag-
icVideo [37], VideoCrafter1 [7], VideoCrafter2 [8], and
Align-Your-Latents [5]. However, directly adopting an im-
age VAE and compressing video on a frame-by-frame ba-
sis leads to temporal flickering due to the lack of tempo-
ral correlation. Additionally, the information redundancy
along the temporal dimension is not reduced, leading to
low training efficiency for subsequent latent video diffusion
models. From the introduction of Sora, which compresses
videos both temporally and spatially through a Video VAE,
a series of studies have emerged that aim to replicate Sora
and train their own Video VAEs, including Open Sora [36],
Open Sora Plan [17], CV-VAE [35], CogVideo X [31], Easy
Animate [30], and Cosmos Tokenizer [20]. Despite their
progress in temporal compression, current video VAEs still
struggle to handle videos with large motion. They suffer
from many problems in large motion scenarios, including
motion ghost, low-level temporal flickering, blurring (faces,
hands, edges, texts), and motion stuttering (lack of correct
temporal transition).

In this work, we investigate the architecture of Video
VAE and propose simple yet effective Video VAE models
that have robust reconstruction performance on both gen-
eral videos and videos with large motion. First, we examine
two designs for spatial and temporal compression, includ-
ing simultaneous spatial-temporal (ST) compression and se-
quential ST compression. We observed that simultaneous
ST compression achieves better low-level temporal smooth-
ness and texture stability, while sequential ST compression
achieves better motion recovery, particularly in scenarios of
large motion. Thus, we propose our architecture that inte-
grates the advantages of both methods and enables effective
video detail and motion reconstruction.

Second, we integrate extra information from another
modality, e.g., text, into the Video VAE models, and pro-
pose the first text-guided Video VAE. The motivation is as
follows: (1) We observed that the normally used datasets
for text-to-video generation contain text-video pairs, thus
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Figure 1. Our reconstruction results compared with a line of three recent strong baseline approaches. The ground truth frame is (0). Our
model significantly outperforms previous methods, especially under large motion scenarios such as people doing sports.

the text descriptions for training VideoVAE models are al-
ready existing and easy to obtain. (2) Since video com-
pression is inherently lossy, it is challenging to recover all
details from the video latent representations without addi-
tional supplementary information. As a result, achieving
high-quality reconstruction becomes increasingly difficult
at higher compression ratios, as finer video details are more
likely to be lost. To this end, we conduct experiment on this
design, and we discover that leveraging information from
other modalities, e.g., text, enhances video reconstruction
performance, particularly improving detail reconstruction
and boosting performance under higher compression ratio

settings. It also helps the model converge during training.
To evaluate Video VAE models in scenarios with large

motion, we construct an additional test set containing
videos with large motion. Through extensive experiments
and comparisons, we demonstrate the superior performance
of our models under various settings.

In summary, our contributions are as follows:
• We propose an effective and robust Video VAE, conduct

extensive experiments, and achieve state-of-the-art.
• We propose a simple yet effective spatiotemporal model-

ing architecture for Video VAE.
• We propose the first text-guided video VAE that leverages
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the information from other modalities, i.e., text guidance,
and shows the improvement of textual guidance.

2. Related Work
Video Variational Autoencoder Video Variational Au-
toencoders (VAEs) [16] can be broadly categorized into
discrete and continuous types. Discrete video VAEs com-
press videos into discrete tokens by learning a codebook
for quantization and have achieved state-of-the-art perfor-
mance in video reconstruction, as demonstrated by mod-
els like MAGVIT-v2 [33]. However, these VAEs are not
suitable for Latent Video Diffusion Models (LVDMs) [15]
due to the lack of necessary gradients for backpropagation,
which hinders smooth optimization.

In contrast, continuous Video VAEs compress videos
into continuous latent representations that are widely
adopted in LVDMs. In earlier video generation studies,
including Stable Video Diffusion [4], the Video VAE was
directly adapted from the image VAE used in Stable Diffu-
sion [21], achieving a compression ratio of 1 × 8 × 8 by
processing each frame independently. To further reduce the
temporal redundancy, more recent studies [17, 30, 31, 35,
36] have trained their VAEs to achieve a more efficient com-
pression ratio of 4× 8× 8.

Despite these advancements, all of the aforementioned
video VAEs struggle with accurately reconstructing videos
with large motions due primarily to their limited ability to
handle the temporal dimension effectively. A high-quality
Video VAE that can robustly reconstruct videos with signif-
icant motion is critical in the LVDM pipeline, as it ensures
efficient latent space compression, maintains temporal co-
herence and reduces computational overhead [25]. Without
a robust VAE, large motions in videos can lead to poor la-
tent representations, negatively impacting the quality and
overall performance of the LVDMs.

Latent Video Diffusion Models Latent Video Diffusion
Models (LVDMs), such as Sora [6], OpenSora [36],
Open Sora Plan [17], VideoCrafter1 [7], VideoCrafter2 [8],
Latte[19], CogVideoX [31], DynamiCrafter [29] and
Vidu [3] have recently achieved significant success in video
generation tasks. The general pipeline for these LVDMs
consists of two primary steps. First, the raw video is com-
pressed into a latent space via a video Variational Autoen-
coder (VAE), significantly reducing computational com-
plexity. In the second step, a diffusion model operates
within this latent space, learning the desired transforma-
tions. The performance of LVDMs is critically dependent
on video VAEs, as the quality of the generated video is
heavily influenced by the latent space representation and the
encoding-decoding capabilities of the VAE.

In image generation tasks, Stable Diffusion [21] has ex-
celled, largely due to its efficient VAE that reconstructs di-

verse image types with high fidelity. However, no exist-
ing VAE in video generation achieves comparable quality,
particularly due to challenges in compressing the tempo-
ral dimension. This limitation hinders the performance of
LVDMs, especially in high-motion scenarios.

3. Method
3.1. Overview
The video autoencoding problem can be defined as follows.
Let X ∈ RC×T×H×W represent a video or image tensor,
where C, T , H , and W denote the number of channels,
frame(s), height, and width, respectively. We want to train
an encoder E that compresses the input tensor X into a
compact latent representation Z ∈ RC′×T ′×H′×W ′

. The
learned compact latent Z can be further reconstructed back
to RGB space with decoder D:

Z = E(X), X̂ = D(Z). (1)

Our goal is to design and learn such an autoencoder that
can reduce the spatial and temporal dimension of video data
in latent space and reconstruct the video with highly spatial
and temporal fidelity, especially for large-motion scenarios.

We first examine two inherited video VAE designs from
the pre-trained Stable Diffusion model. We then combine
the best of two designs and propose our spatiotemporal
modeling that can reconstruct high-dynamic contents with
fine details. We then investigate the text-conditioned video
autoencoding and propose an effective text-guided video
VAE architecture. Moreover, we propose a joint image and
video compression training method, that enables text-aided
joint image and video autoencoding. Our method does not
rely on causal convolution as adopted by prior works. Fi-
nally, we carefully study the effects of different loss func-
tions on the reconstruction performance and present the
state-of-the-art video VAE architecture.

3.2. Towards Better Spatiotemporal Modeling
Designing a video VAE that is inherited from a pre-trained
2D spatial VAE is a good practice to leverage the spatial
compression prior. There are typically two options to inflate
a 2D spatial VAE to its 3D video counterpart.

Option 1: Simultaneous Spatiotemporal Compression
One common way to inherit the weight from pre-trained
2D VAE is to inflate the 2D spatial blocks to 3D tempo-
ral blocks and simultaneously do the spatial and temporal
compression. We first examine this design. Specifically, we
replace the 2D convolution in SD VAE with 3D convolution
of kernel size (1,3,3), whose weights are initialized from the
2D convolution. Then we add an additional temporal convo-
lution layer with kernel size (3,3,3) to learn spatiotemporal
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Figure 2. We first investigate two preliminary solutions including simultaneous compression and sequential compression. Simultaneous
modeling is achieved by inflating pre-trained 2D spatial VAE to 3D VAE, and simultaneously compress both spatial and temporal infor-
mation. Sequential modeling indicates first compressing the spatial dimension with a spatial-only 2D encoder and then compressing the
temporal information with a temporal encoder. The decoding is symmetrical to the encoding architecture. Our solution is firstly compress-
ing on the spatial dimension, with temporal-aware modelling, and then compressing on the temporal dimension, with a temporal encoder.
The decoding is symmetrical to the encoding architecture. Additionally, our VAE also benefits from easy-obtained cross-modality infor-
mation, i.e., textual guidance, to provide more information to reconstruct fine details.

patterns. In this middle block of the inflated VAE, we in-
flate the 2D attention to 3D attention and we also include
a temporal attention to capture both the spatial and tempo-
ral information. We keep other components unchanged to
maximumly leverage the learned prior of SD VAE.

Option 2: Sequential Spatiotemporal Compression
Another reasonable way to cooperate the SD VAE to video
VAE is to keep the SD VAE unchanged: first utilize the
SD VAE to compress the input video frame-by-frame, and
then learn a temporal autoencoding process to further com-
press the temporal redundancy, as shown in Fig. 2. Specif-
ically, we adopt a lightweight temporal autoencoder for
temporal compression. The encoder consists of one con-
volutional layer to process the input, and two or three 3D
ResNet blocks with convolutional downsampling layers to
compress the temporal redundancy. Notably, we design the
decoder to be asymmetric as the encoder, i.e., there will be
two 3D ResNet blocks following each upsampling layer in
the decoder. Through this asymmetric design, our decoder
can potentially gain some hallucination ability beyond the

reconstruction.
Surprisingly, we find this sequential spatiotemporal de-

sign can better compress and recover the dynamic of the in-
put video than option 1, but is not good at recovering spatial
details, which is proved by consistent improvement under
large-motion video autoencoding as shown in Fig. 4.

Our Solution We find that simultaneous spatiotemporal
compression leads to better detail-recovering capability, and
the sequential spatiotemporal compression will exceed at
motion-recovering ability. Thus, we propose to combine
the best of two worlds, and introduce the two-stage spa-
tiotemporal modeling for video VAE. As the first stage, we
inflate the 2D convolution to 3D convolution with kernel
size (1,3,3), and similarly to option 1, we add additional
temporal convolution layers through 3D convolution. We
also include a temporal attention in the middle block of the
encoder and decoder, after the spatial cross attention layers.
We denote our first-stage model as a temporal-aware spatial
autoencoder. Different from option 1, we only compress
the spatial information and do not compress the temporal
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Figure 3. The architecture of our temporal-aware spatial autoen-
coder. We expand the 2D convolution of SD VAE [21] to 3D con-
volution and append one additional 3D convolution as temporal
convolution after the expanded 3D convolution, which forms the
STBlock3D. We also inject the cross-attention layers for cross-
modal learning with textual conditions.

information at the first stage, but introduce another tem-
poral encoder to further encode the temporal dimensions,
which serves as the second stage compression. We follow
the same design of option 2 for our temporal encoder and
decoder. After that, we decode the reconstructed latent of
the second stage to the RGB space, with the inflated 3D
decoder. We jointly train the inflated 3D VAE and the tem-
poral autoencoder. The main idea is illustrated in Fig. 2 and
Fig. 3.

Formulation Recall X ∈ RC×T×H×W represent a
video, where C, T , H , and W denote the number of chan-
nels, frames, height, and width, respectively. The i-th frame
of the video is denoted as xi ∈ RC×H×W . The temporal-
aware spatial encoder encodes X into a latent representation
Z1 ∈ Rc×T×h×w, where c is the number of latent channels,
and h = H

8 , w = W
8 , as formulated by:

Z1 = E1(X). (2)

Next, the temporal autoencoder encodes Z1 into Z2 ∈
Rc′×t×h×w, where c′ is the number of latent channels for
Z2 and t = T

4 , as given by:

Z2 = E2(Z1). (3)

Reconstruction is achieved by decoding Z2 back into the
original video space, X̂ ∈ RC×T×H×W , through the fol-
lowing inverse process:

X̂ = D1(D2(Z2)) = D1(Z1). (4)

3.3. Cross-modal Modeling

Since textual information is a native component for text-to-
video generation datasets, we examine if the textual infor-
mation can improve the autoencoding process of the model.
To achieve that, we split the feature maps into patches as
tokens after each ResNet block in the encoder and decoder,
and compute the cross attention by taking visual tokens as
query (Q) and value (V), the text embeddings as key (K).

We try to keep the patch size trackable for each layer.
Specifically, we use patch size to 8×8, 4×4, 2×2, and 1×1
for each layer in the temporal-aware spatial autoencoder re-
spectively. We directly use each pixel as one patch in the
temporal autoencoder. We adopt LayerNorm as the normal-
ization function. We use Flan-T5 [12] as the text embedder.
A projection convolution is applied to the result, which is
then added to the input via a residual connection.

3.4. Joint Image and Video Compression

In contrast to existing architectures such as MagVitV2 [33],
OD-VAE [9], and OPS-VAE [36], which use Causalconv3D
layers, we rely primarily on standard Conv3D layer.

A notable feature of our architecture is the ability to
mask out the temporal autoencoder, allowing the first-stage
model to operate as a standalone image compressor. During
training, our model is flexible to take both image and video
as input: when the current batch is composed of images, we
will disable the temporal convolution and temporal atten-
tion layers, as well as the temporal autoencoder. We train
our model on both the image dataset and video dataset to
let the model learn the image and video compression abil-
ity simultaneously. Besides, training on more high-quality
images can also help improve the video autoencoding per-
formance. We quantitatively evaluate the performance of
our joint image and video compression and compare it with
alternative solutions in Table 1.

3.5. Loss Functions

We use the reconstruction loss, the KL divergence loss, and
the video adversarial loss (3D GAN loss) to optimize our
model. The reconstruction loss, Lrecon, ensures that the gen-
erated frames are perceptually and structurally similar to the
input frames. It combines a pixel-wise error term with a per-
ceptual loss, weighted by a hyperparameter. The KL diver-
gence loss, LKL, regularizes the latent space by encouraging
it to conform to a prior distribution, ensuring smoothness
and continuity in the learned latent representations. Given
the hierarchical structure of our latent space, we only regu-
larize the innermost latent Z2, with dimensions T

4 ×
H
8 ×W

8 ,
where T , H , and W represent the temporal, height, and
width dimensions, respectively. The 3D GAN loss, LGAN, is
introduced to enhance the realism of the generated video se-
quences, leveraging a discriminator to distinguish between
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Figure 4. Comparisons among simultaneous spatiotemporal modeling, sequential spatiotemporal modeling and our proposed solution.
More results can be found in the supplement.

real and generated sequences. The total loss function is ex-
pressed as:

Ltotal = Lrecon + λKLLKL + λGANLGAN. (5)

4. Experiments
4.1. Experimental Setup
Training Details We train our models on three datasets:
the public Panda2M [10] with 2.28M videos, MM-
Trailer [11] with 3.11M videos, and an internal text-video
dataset with 0.48M videos. In total the training video
number is 5.87M videos. To start training, we initialize
our 4-channel and 16-channel Video VAE models from
SD1.4 [21] and SD3.5 [1], respectively. For both models,
we enable the video GAN loss after 50K warmup steps.
We initially train the 4-channel and 16-channel latent Video
VAEs for 230K and 310K steps, respectively. Subsequently,
we conduct joint image-video training, empirically using
an 8:2 video-to-image ratio to balance video and image re-
construction. The training images are randomly selected
from our training video datasets. By masking the tempo-
ral dimension and bypassing the temporal autoencoder, we
treat these images as independent static frames, allowing
the model to learn from both temporal and spatial infor-
mation. The 4-channel and 16-channel latent Video VAEs
undergo additional joint training for 100K and 185K steps,
respectively. For the cross-modal VAE, both models were
initialized with their pre-trained weights. We trained the
4-channel cross-modal VAE on video-text pairs for 215,000
steps and the 16-channel variant for 180,000 steps, enabling
the model to learn robust alignment between visual and tex-
tual modalities.

Evaluation Datasets We use three test sets for evaluation:
the WebVid-10M [2] test set, the Inter4K [22] test set, and a
self-constructed large motion test set. Specifically, the We-
bVid test set contains 1,000 videos. Each video is center
cropped and resized into 256×256 resolution. The Inter4K
test set consists of 500 videos with a different resolution
setting of 480×864 for a comprehensive evaluation. The
self-constructed large motion test set is used to better as-
sess the model’s ability to handle challenging large motion
patterns. The construction details are as follows: We fil-
ter videos from WebVid-10M test set and Inter4K test set
with large motions based on average optical flow scores. 80
videos with top score are selected. The final average opti-
cal flow of three evaluation sets are 12.585 (Large motion),
5.905 (WebVid), and 9.1339 (Inter4K), indicating the mo-
tion level is aligned with our expectations. We randomly
select a clip of 16 consecutive frames from each video with
the same frame stride as the training which is 4. The FPS
of the evaluated video is the FPS of original video divide by
the sampling frame stride.

Evaluation Metrics We use both pixel-level and
perceptual-level video reconstruction metrics including
PSNR, SSIM, and LPIPS [34] to quantitatively measure the
reconstruction performance of video semantics and details.
We also calculate the distribution metrics including FVD
and KVD [26], to measure the quality and realism of the
reconstructed distributions. Additionally, we conduct a
user study based on MOS score to evaluate the temporal
smoothness and overall video quality from real users.
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Model Downsample Factor #Channels WebVid Test Set [2] Inter4K Test Set [22] Large Motion Test Set

PSNR (↑) SSIM (↑) LPIPS (↓) FVD (↓) PSNR (↑) SSIM (↑) LPIPS (↓) FVD (↓) PSNR (↑) SSIM (↑) LPIPS (↓) FVD (↓)

Open-Sora-Plan (OD VAE [9]) 4x8x8 4 29.1646 0.8334 0.0789 40.0616 28.6690 0.8381 0.0906 38.3960 27.5697 0.8045 0.1065 219.4829
IV-VAE [28] 4x8x8 4 28.7000 0.8253 0.0832 38.4457 28.7599 0.8398 0.0906 28.6293 27.2838 0.8014 0.1053 197.0937
Open-Sora (OPS VAE [36]) 4x8x8 4 29.3753 0.8284 0.1240 90.8863 29.2721 0.8431 0.1316 55.1470 27.7586 0.8032 0.1540 355.5645
CV-VAE [35] 4x8x8 4 28.6795 0.8154 0.1072 70.7160 27.7437 0.8124 0.1284 50.9006 26.9456 0.7849 0.1411 293.7747
VidTok [24] 4x8x8 4 30.2517 0.8679 0.0645 33.9966 29.2400 0.8520 0.0865 33.6913 27.2922 0.8073 0.1044 193.3726
Video VAE w/o Joint Training (Ours) 4x8x8 4 30.2091 0.8656 0.0566 24.2982 28.9048 0.8543 0.0688 18.1236 27.3917 0.8078 0.0867 141.1166
Video VAE (Ours) 4x8x8 4 30.3140 0.8676 0.0538 22.4391 28.9227 0.8565 0.0665 17.6865 27.6236 0.8136 0.0841 138.6341
Cross-Modal VAE (Ours) 4x8x8 4 30.3486 0.8679 0.0530 18.1058 29.0295 0.8585 0.0649 15.0345 27.5009 0.8092 0.0820 122.4046

Cosmos-Tokenizer [20] 4x8x8 16 31.2545 0.8861 0.1030 24.7131 31.2002 0.8957 0.1071 19.3781 30.1619 0.8675 0.1194 109.3825
CogVideoX-VAE [31] 4x8x8 16 32.8940 0.9208 0.0504 14.0559 32.5122 0.9229 0.0532 10.8545 31.0906 0.8978 0.0685 68.6781
EasyAnimate-VAE [30] 4x8x8 16 32.1233 0.9085 0.0405 11.9533 31.5066 0.9048 0.0572 9.7797 30.5213 0.8846 0.0598 66.0293
CV-VAE [35] 4x8x8 16 32.2766 0.9080 0.0546 16.8478 31.6129 0.9060 0.0642 15.1846 30.7136 0.8868 0.0726 91.4076
Open-Sora-Plan (WF-VAE-L [18]) 4x8x8 16 33.1031 0.9214 0.0400 9.3192 32.5211 0.9153 0.0505 7.9032 31.1565 0.8958 0.0602 62.4018
IV-VAE [28] 4x8x8 16 33.1887 0.9227 0.0381 10.2930 33.2088 0.9270 0.0408 8.4002 31.9277 0.9086 0.0493 59.5411
HunyuanVAE [27] 4x8x8 16 33.4381 0.9271 0.0323 8.7744 33.2339 0.9272 0.0372 9.2010 32.1441 0.9118 0.0445 51.4671
VidTok [24] 4x8x8 16 34.3469 0.9364 0.0337 9.6649 33.4085 0.9305 0.0427 8.2432 31.9332 0.9080 0.0534 52.9496
Video VAE w/o Joint Training (Ours) 4x8x8 16 33.8844 0.9334 0.0344 8.5503 32.9416 0.9297 0.0409 8.6246 31.8471 0.9073 0.0499 46.6997
Video VAE w/ causal conv (Ours) 4x8x8 16 33.3031 0.9233 0.0382 9.7911 33.0645 0.9266 0.0415 9.5623 32.0313 0.9087 0.0494 50.4350
Video VAE (Ours) 4x8x8 16 34.1558 0.9362 0.0271 7.7195 33.3184 0.9328 0.0316 6.3432 32.1503 0.9122 0.0409 41.8797
Cross-Modal VAE (Ours) 4x8x8 16 34.4430 0.9403 0.0271 6.3560 33.7760 0.9371 0.0315 6.8278 32.2908 0.9174 0.0408 43.4941

Video VAE (Ours) 8x8x8 4 27.8445 0.8080 0.0760 35.2760 26.8921 0.8033 0.0953 34.4657 24.9830 0.7438 0.1214 217.8798
Cross-Modal VAE (Ours) 8x8x8 4 28.5882 0.8260 0.0712 34.4697 27.3075 0.8188 0.0883 28.9388 25.7957 0.7649 0.1112 202.7046

Table 1. Quantitative comparison with state-of-the-art methods.

Model #ch Temporal Overall
Smoothness ↑ Quality ↑

Open-Sora-Plan 4 3.84 3.64
Open-Sora 4 3.16 2.74
CV-VAE 4 2.84 2.46
Our VAE 4 4.6 4.54
Cosmos-Tokenizer 16 3.18 2.54
CogVideoX-VAE 16 3.86 3.48
EasyAnimate-VAE 16 4.06 4.02
CV-VAE 16 3.36 3.00
Our VAE 16 4.5 4.4

Table 2. User study based on MOS scores for comparisons with
baselines.

Model Factor UCF101 WebVid
FVD↓ KVD↓ FVD↓ KVD↓

Vc2 1x8x8 498.70 23.38 570.48 48.45
Vc2 + ours 4x8x8 479.69 20.18 529.75 37.39

Table 3. Applying our VAE on the video generation task.

4.2. Comparison with State-of-the-arts
We compare our Video VAE models with the state-of-the-
art methods: Open-Sora-Plan [17], Open-Sora [36], CV-
VAE [35], IV-VAE [28], VidTok [24] on the 4-channel
setting, and Cosmos-Tokenizer [20], CogVideoX [31],
EasyAnimate [30], CV-VAE [35], HunyuanVAE [27], IV-
VAE [28], WF-VAE [18], VidTok [24] on the 16-channel
setting.

Quantitative Evaluation We compare our method with
more than 10 baselines on three test sets, as shown in
Table 1. Among these, our 4-channel latent Video VAE
demonstrates superior performance across most of datasets
and metrics. Specifically, our model achieves the best re-
construction quality on the WebVid test set, shown as more
than 1dB improvements over baselines and a significant im-
provement on the LPIPS metrics, which indicates our re-

construction is both with high-fidelity and better perceptual
quality. A similar conclusion can be made on the Inter4K
test set. On the large motion test set, our model maintains
strong performance with a significant PSNR, SSIM, LPIPS
and FVD improvement, showcasing its superiority in han-
dling complex motion scenarios.

For models with 16-channel latent space, our model con-
sistently outperforms these baselines across all test sets.
For example, on the WebVid test set, our model achieves
more than 2dB in terms of PSNR, significantly higher than
Cosmos-Tokenizer and CogVideoX. Moreover, our model
achieves the best SSIM and LPIPS, demonstrating substan-
tial improvements in both fidelity and perceptual quality.

Qualitative Evaluation We provide qualitative compar-
isons with the baselines in Fig. 1. Our method demonstrates
significantly improved motion recovery, greatly reducing
ghosting artifacts even in rapid motion scenarios. In con-
trast, Open-Sora-Plan and CV-VAE struggle to reconstruct
fast-moving objects, leading to ghosting artifacts. Addition-
ally, Open-Sora VAE introduces color reconstruction errors,
as seen in the clothing of the moving figure. Increasing the
latent channels to 16 improves motion reconstruction across
all baselines, but noticeable detail errors remain. Our 16-
channel model further mitigates these errors, resulting in
more accurate detail reconstruction.

User study We conduct a user study to further compare
our method against baselines. We conduct the user study
using Mean Opinion Score (MOS) [23]. We randomly sam-
ple 10 videos and ask the users to rank the videos from dif-
ferent methods according to two criteria: temporal smooth-
ness and overall video quality. The results are shown in Ta-
ble 2. Our participants include researchers, engineers, and
university students—approximately 50% male and 50% fe-
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Model PSNR (↑) SSIM (↑) LPIPS (↓)

Simultaneous 24.0593 0.7315 0.1293
Sequential 23.3681 0.6917 0.1481
Ours 24.6722 0.7234 0.1162

Table 4. Ablation study comparing simultaneous modeling, se-
quential modeling, and ours on the large-motion test set.

male, mostly aged 20-30. Questionnaires were carefully de-
signed to ensure a clear understanding of evaluation criteria.
Our methods obtain the highest MOS on both the temporal
smoothness and the overall video quality.

4.3. Compatibility with video generation models
We investigate the compatibility of our VAE’s latent space
with video diffusion models. For this assessment, we em-
ploy the widely recognized open-source video generation
model VideoCrafter2 (VC2) [8]. Specifically, we finetuned
VC2 using both our VAE and VC2’s original VAE on the
UCF dataset. The comparison results measured by Fréchet
Video Distance (FVD) and Kernel Video Distance (KVD)
are presented in Table 3. Our model achieves superior gen-
eration results while maintaining a higher compression rate.
Additionally, we finetuned VC2 with our VAE on a private
dataset, then evaluated both the modified and original VC2
on 1,000 WebVid videos. These comparative results are
shown in Table 3. The findings further validate our VAE’s
effectiveness in video generation applications.

4.4. Ablation Study
Spatiotemporal Compression Architecture The visual
ablation and quantitative ablation results are shown in Fig. 4
and Table 4. We compare different spatiotemporal compres-
sion strategies, including simultaneous and sequential spa-
tiotemporal compression, and our proposed solution. These
architecture variants are tested on the large motion test set to
determine which model handles challenging scenarios most
effectively, as shown in Table 4.

Cross-modal guidance We provide visual ablation re-
sults on the cross-modal training on the 4-channel model,
as shown in Fig. 5. The textual guidance can improve
the fine-grained detail recovery, such as the text on the
man’s clothes, and the eye of the woman. The quantita-
tive ablation results are shown in Table 1, from where we
can see a clear improvement between “Cross-Modal VAE
(Ours)” and “Video VAE (Ours)” under all three differ-
ence settings: 4×8×8-4 channels, 4×8×8-16 channels, and
8×8×8-4 channels. Additionally, we analyse this design
on the convergence of training. The figure of convergence
curve during training is documented in the Section C of the
supplementary materials. From the figure we can see that
adopting textual guidance can speed up the converge of the
model training.

Ground-truth w/o cross-modal w/ cross-modal Attentionmap

Prompt: “…a woman with long dark hair…her facial expressions change from smiling to more serious…”

Prompt: “…soccer player… displaying the name 'RODRIGO' and the number '14' on the back…”

Figure 5. Visual ablation of the proposed cross-modal guidance on
the 4-ch models. The fine-grained reconstruction of small regions
such as the definition of the text on the cloth, and the woman’s
eye in the second case are improved. We also visualize the learned
attention map which shows the focused semantics of the video.

Joint Training We evaluate the effectiveness of our
image-video joint training on video reconstruction on both
4-channel and 16-channel settings, as shown in Table 1
(“Video VAE w/o Joint Training (Ours)” v.s. “Video VAE
(Ours)”). We also compare our joint training strategy with
causal convolution-based methods [9, 32, 36] in Table 1
(“Video VAE w/ causal conv (Ours)”). The joint training
can further boost the performance of video reconstruction
in both the 4-channel and 16-channel experiments. The vi-
sual results are documented in the Section A of the supple-
mentary materials. We also show the image reconstruction
results and compare our models with SD 1.4 and SD 3.5,
as shown in the Section A of the supplementary materials.
Our performance is better than the SD 1.4 and almost com-
parable with SD 3.5. Overall, these results demonstrate that
our joint image-video training strategy allows the model to
retain strong image reconstruction capability while improve
the performance of video reconstruction.

5. Conclusion

We propose VideoVAE+ to address the challenging prob-
lem of large motion video autoencoding. VideoVAE+ in-
troduces two key innovations: an improved spatiotemporal
modeling architecture and the incorporation of textual guid-
ance. To enhance reconstruction quality and versatility, we
employ joint image-video training. Extensive experiments
on various datasets and settings demonstrate the superior
performance of our model over state-of-the-art baselines,
particularly in challenging large motion scenarios.
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