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Abstract

Recent advances in Latent Video Diffusion Models
(LVDMs) have revolutionized video generation by leverag-
ing Video Variational Autoencoders (Video VAEs) to com-
press intricate video data into a compact latent space. How-
ever, as LVDM training scales, the computational over-
head of Video VAEs becomes a critical bottleneck, par-
ticularly for encoding high-resolution videos. To address
this, we propose LeanVAE, a novel and ultra-efficient Video
VAE framework that introduces two key innovations: (1) a
lightweight architecture based on a Neighborhood-Aware
Feedforward (NAF) module and non-overlapping patch op-
erations, drastically reducing computational cost, and (2)
the integration of wavelet transforms and compressed sens-
ing techniques to enhance reconstruction quality. Exten-
sive experiments validate LeanVAE’s superiority in video
reconstruction and generation, particularly in enhancing
efficiency over existing Video VAEs. Our model offers up to
50x fewer FLOPs and 44x faster inference speed ' while
maintaining competitive reconstruction quality, providing
insights for scalable, efficient video generation. Our mod-
els and code are available at https://github.com/westlake-
repl/LeanVAE.

1. Introduction

Video generation models have garnered widespread atten-
tion due to their significant impact on fields such as ani-
mation, advertisement, and simulation [5]. Among these,
Latent Video Diffusion Models (LVDMs) have emerged as
a leading approach. In these models, Video Variational Au-
toencoders (Video VAESs) facilitate a bidirectional mapping
between the high-dimensional, redundant video pixel space
and a low-dimensional, compact latent space, enabling both
spatial and temporal compression of the 3D RGB volume.
A diffusion denoising model is then trained to model the
distribution of the latent space. This latent space design
offers substantial advantages in training efficiency, stabil-
ity, and scalability compared to pixel-space diffusion mod-

*Corresponding author.
IEvaluated on 768 x 768 videos.

Fajie Yuan?*
2Westlake University

yuanfajie@westlake.edu.cn

els, leading to the widespread adoption of LVDMs in no-
table works such as Open-Sora-Plan [19], Open-Sora [48],
Latte [23], CogVideoX [42], EasyAnimate [40], Hunyuan-
Video [36], and Cosmos [1].

The Video VAEs play a crucial role in LVDM mod-
els. The quality of the video reconstruction directly de-
termines the upper bound of the generated video quality in
LVDMs. Artifacts [9] such as blurring, distortions, and mo-
tion inconsistencies in VAE outputs directly degrade the fi-
nal generation. Besides, the encoding efficiency of the VAE
often becomes a computational bottleneck during LVDM
training [22], particularly for long-duration, high-resolution
videos. Therefore, optimizing the Video VAE is essential to
enable efficient large-scale pre-training for LVDMs.

Given the significant value of an efficient and powerful
Video VAE in LVDMs, many research has been devoted
to this area. Early works like OD-VAE [8], CV-VAE [47],
and SliceVAE [40] typically extended the well-known Sta-
ble Diffusion image VAE (SD VAE) [26] by inflating 2D
convolutions to 3D and incorporating spatiotemporal atten-
tion modules to achieve temporal and spatial compression
for videos. While these models demonstrated promising re-
sults, they incur prohibitive computational costs. For exam-
ple, OD-VAE consumes around 32GB of memory to encode
and decode a 5-frame 1080 square video with FP16 infer-
ence. Subsequent research has pursued two main strate-
gies to address the computational burden. In works like
Open-Sora, Movie Gen [24], Cosmos Tokenizer [1], and
VidTok [30], various techniques have been proposed to fac-
torize the computationally intensive 3D structures. Other
works focus on building simplified network architectures.
For example, Cosmos Tokenizer [1], WF-VAE [22] re-
duce network redundancies by introducing wavelet trans-
forms. Omnitokenizer [33], ViTok [12] build much smaller
transformer-based models by leveraging global attention,
though they suffer from quadratic computational complex-
ity with respect to video resolution.

Inspired by above works, we aim to advance Video VAE
and demonstrate a significant improvement in balancing ef-
ficiency and performance by proposing a novel and highly
efficient Video VAE approach, coined LeanVAE. Unlike

15692



previous methods that either inherited the Video VAE from
the SD VAE or employed ViT [3] architectures, we use two
key designs to ensure a lightweight network. First, we em-
ploy a non-overlapping patch operation to downsample both
spatial and temporal dimensions at the very beginning of the
network, drastically reducing the computation. Second, we
introduce a Neighborhood-Aware Feedforward (NAF) mod-
ule as the backbone of our model, as shown in Fig. 1(b).
The NAF module efficiently captures local contexts via
depthwise convolutions and processes them through a feed-
forward network, enabling lightweight yet powerful extrac-
tion and transformation of video features.

After that, we integrate wavelet transform [6] and Com-
pressed Sensing (CS) [15] technique to further enhance re-
construction quality. Specifically, we apply wavelet trans-
forms to the input RGB signal following prior work [22,
27], obtaining features in the frequency domain that enrich
the input space and aid in expanding the model’s recep-
tive field [16]. Another key improvement is the adoption
of a classical CS algorithm for latent channel dimension
compression. This addresses the inefficiency we identified
in conventional two-linear-layer AutoEncoding (AE) [15]
structure for this task. To the best of our knowledge, this
is the first application of CS for channel compression bot-
tleneck in Video VAEs. Our experiments demonstrate a sig-
nificant performance boost, revealing the immense potential
of CS in this domain.

Finally, we explore the design space of LeanVAE and
propose several variations for further optimization [27].
Through careful experimentation, we identify the optimal
configuration and train a series of highly efficient LeanVAE
models. We then demonstrate its superiority in video re-
construction against various strong baselines and highlight
its strengths in both video reconstruction and generation.
Fig. 3 and Appendix B illustrate its ability to achieve high
reconstruction quality while significantly reducing compu-
tational cost, with this advantage especially pronounced at
higher resolutions. It is also worth mentioning that Lean-
VAE supports joint modeling of images and videos and
maintains causal property of the latent space, making it
broadly applicable. Additionally, we identify that the com-
mon practice in ViT of applying LayerNorm [4] to pixel
patches is a key factor contributing to block artifacts [20] in
reconstruction. We believe this is an interesting discovery
that may inspire improvements in similar models for low-
level vision tasks.

In summary, we present a highly efficient and
lightweight video reconstruction framework that accelerates
Video VAE and improves training throughput for LVDMs.
We believe this approach marks a important enhancement
toward more scalable and efficient video generation. There
are three technical novelty that contributed to the good per-
formance and merits of LeanVAE:

* We adopt the patch method inspired by ViT and design a
lightweight NAF module as the model backbone, achiev-
ing a ultra-efficient network architecture.

* We enrich input representations using wavelet transforms
and, for the first time, introduce a CS framework as
the channel compression bottleneck in Video VAE. Both
techniques significantly enhance model performance.

* We conduct an in-depth architectural ablation for further
optimization. Extensive experiments validate the superi-
ority of LeanVAE in both video reconstruction and gen-
eration, particularly in enhancing efficiency over existing
Video VAE:s.

2. Related Work

VAEs are powerful models for learning high-dimensional
data distributions in either continuous or discrete [10, 32,
44] latent space. This work focuses on continuous VAEs,
which are widely used in latent diffusion models to reduce
the computational cost. We categorize related work into two
main directions: Regular Video VAEs and Specific Video
VAE:s.
Regular Video VAEs Regular Video VAEs compress the
time, height, and width dimensions of videos into 3D la-
tent representations that resemble visual thumbnails. These
models typically achieve a 4x8x8 compression ratio for the
original videos and are widely adopted in popular open-
source video generation frameworks [, 19, 40, 42, 48].
To construct a Video VAE, the most straightforward idea
is to inherit from the well-established SD image VAE to
leverage its spatial compression priors. This involves in-
flating 2D convolutions in the image model to 3D convo-
lutions as the video counterpart. Building on this, var-
ious techniques have been introduced to improve recon-
struction quality. Pioneering works like OD-VAE [8], CV-
VAE [47], and SliceVAE [40] introduced attention lay-
ers to model global spatiotemporal dependencies. Models
like IV-VAE [37], VideoVAE+ [38], and FILM-VAE [2]
proposed well-curated spatiotemporal convolutional mod-
ules for smoother motion and enhanced spatial details.
CogVideoX [42] introduced increasing the latent channel
dimension for better reconstruction. These innovations have
effectively pushed the boundaries of reconstruction quality.
However, as video diffusion models scale, the com-
putational bottleneck caused by Video VAE models in
the LVDM pipeline has become increasingly unaffordable,
leading to growing interest in a better balance between
efficiency and reconstruction performance. Some works
have attempted to decompose the 3D network structure re-
quired for spatiotemporal compression to reduce computa-
tion. In Open-Sora [48] and MovieGen [24], 2D+1D net-
work architectures are chosen to compress the spatial di-
mensions first, followed by temporal compression. Cos-
mos Tokenizer [1] replaced standard 3D convolutions with
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Figure 1. (a) LeanVAE framework overview. (b) Key components: Patchifier for image-video joint patching in frequency domain;
Encoder for hierarchical feature extraction; (Res)NAF serves as model backbone, enabling Neighborhood-Aware Feedforward (with
Residual connections); Latent Channel Bottleneck for latent channel compression and restoration based on ISTA-Net™ algorithm.

factorized convolutions, applying 2D spatial convolutions
followed by a temporal convolution. VidTok [30] fur-
ther incorporates AlphaBlender into this factorized struc-
ture for better temporal modeling. Other works focus on
approaches to simplify the network architecture. In Cosmos
Tokenizer [1] and WF-VAE [22], wavelet transforms are ap-
plied to videos, resulting in lighter VAE models that reduce
computation while maintaining good reconstruction qual-
ity. Transformer-based methods like OmniTokenizer [33],
and ViTok [12] leveraged global dependency modeling to
build models with much fewer parameters, but they suf-
fer quadratic complexity with respect to video resolution.
Building on these insights, our work achieves an excellent
balance between efficiency and quality via a carefully de-
signed lightweight network architecture, alongside clever
use of wavelet transforms and compressive sensing.

Specific Video VAEs In LVDM, some works focus on
training VAEs to generate specialized video latent spaces
that enable more efficient training of diffusion models. For
instance, HVDM [16] uses a hybrid video autoencoder to
obtain a latent space that combines 2D triplane represen-
tations with 3D volume information. VidTwin [34] incor-
porates carefully designed submodules to disentangle the
structure and dynamics in the latent space. LTX-Video [11]
proposes a video compression method that increases spa-
tiotemporal compression ratios and latent channel dimen-
sion simultaneously so as to relocate the patchifying opera-
tion from the diffusion model to the VAEs. These works re-
quire designing corresponding diffusion models to accom-
modate the unique characteristics of the latent space. Due
to differences in compression ratios and latent space prop-
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erties compared to regular Video VAEs, we consider these
works as future directions for research rather than baselines
for comparison.

3. Preliminary

In this section, we briefly introduce two key techniques
utilized in LeanVAE: Wavelet Transform and Compressed
Sensing.

3.1. Wavelet Transform

Wavelet transform is widely used in fields such as medical
imaging and visual compression [27]. It decomposes visual
signals in the RGB space into multiple frequency-domain
components. In our work, we use the Haar wavelet trans-
form to process images and videos, which includes a pair of
reversible processes: Discrete Wavelet Transform (DWT)
and Inverse Discrete Wavelet Transform (IDWT). For a 2D
image I € RexhXw where ¢, h, and w represent chan-
nels, height, and width, respectively, the Haar 2D kernels
operate along the height and width axes, decomposing the
image into four subbands: {I;;, Ijx, Ix;, Ins}, each of size
¢ x & x 2. Similarly, given a 3D video V € Rex!xhxw,
where ¢ denotes the temporal frames, the 3D Haar DWT
is performed, dividing the input volume into eight sub-
bands: { Vi, Vun, Vine, Viek, Vi, Vi, Vit Vise b

each of size ¢ X % X % X 3. Among these subbands, the
first component (I;;0rV ;) represents low-frequency com-
ponents providing long-term average information. The re-
maining components capture high-frequency details and lo-
cal changes. These subbands can be perfectly reconstructed

into the original signal using IDWT, as presented in the Ap-



pendix Fig. 6. After applying the Haar DWT, the spatiotem-
poral dimensions of the input visual signal are halved, while
the channel dimension increases accordingly. This enriches
the feature space and has been shown to effectively expand
the receptive field of CNNs [16].

3.2. Compressed Sensing

Compressed sensing is a promising technique that enables
signal reconstruction with far fewer measurement data than
required by the Nyquist-Shannon sampling theorem [45].
Over the past decade, numerous effective CS methods have
been developed for signal compression and restoration,
which expresses the original signal with a reduced num-
ber of measurements and restores the signal through a re-
covery algorithm. For a signal p € RP, sensing matrix
& c R¥P the measurements z € R%(d < D) is obtained
by the sampling process:

z = $p.

To achieve reliable reconstruction p from reduced measure-
ments z, CS methods typically solve the following opti-
mization problem:

.1
argmin ||z — pll3 + A|¥p]1, (1)
P

where ||z — ®p||3 ensures data fidelity and || ¥p]||; pro-
motes sparsity in ¥p, with A as the regularization parame-
ter.

In this work, we use CS algorithm to build the latent
channel bottleneck, which performs downsampling and re-
construction of the latent channels. To be specific, we em-
ploy ISTA-Net™ [45], a unfolding algorithm framework that
effectively optimizes Eq. (1) through K iterative steps. In
the k-th iteration, it sequentially updates the intermediate
reconstruction result r(*) and final reconstruction p(*) as
follows:

r® = p*=D — NPT (dp*~1 —2). (2
p(k) O f-(k)(soft(]:'(k) (r(k)),g(k))). 3)

The reconstruction network is parameterized by @ =
{p®) k) Fk) FENK  where F*) and F*) represent
the forward and backward networks at the k-th iteration,
respectively, and p(*) and #(*) are scalar parameters. The
term so ft refers to the soft-shrinkage threshold operation:

soft(x,0) = sgn(x) - max (|| — 6,0) 4)
4. Method

4.1. Overall Process

Let the input video be denoted as x € R(THxHxWx3,
where (1 + T) is the number of frames (with T = 0 for im-
ages) and H x W denotes the spatial resolution. As shown

on the left side of Fig. 1(a), the input video x is encoded
RT +1)xH xW' xd

into the compressed latent z € ,with a
spatial compression factor of ¢; = %, a temporal com-
pression factor of c¢; = % = VVIY/, and d is the la-

tent channel dimension. The video is first processed with
a patchify operation to obtain patch embeddings, includ-
ing high-frequency component (HC) embedding p* ¢
R(T +DXH xW xdi and Jow-frequency component (LC)

embedding p¥ € R(T +1xH xW'xd> These embeddings
are then passed through the Encoder to facilitate feature in-
teraction and transformation, producing the feature tensor
p € R +1xH xW'xD Finally, a sensing matrix reduces
the dimension of p from D to d, resulting in the video latent
z. The right side of Fig. 1(a) depicts the inverse process,
where z is decoded back into the reconstructed video X. We
set cs = 8,¢¢ = 4,dy = 128,dy = 384,D = 512 and
d € 4,16. Detailed descriptions of each component are
provided in the following sections.

4.2. Architecture Details

Patchify and UnPatchify. For the given input x €
R(THDXHXWX3  we process the first frame xo €
RIXHXWx3 and following frames x;.p € RT*XHxWx3
separately for the joint encoding of videos and images.
Specifically, for the continuous frames x;.T, we apply a 3D
wavelet transform to map them into LC coefficients (the first
subband) and HC coefficients (the remaining subbands con-
catenated along the channel dimension). The shape of these
components are % X g X % x 3 for LC and % X g X % x21
for HC. These features are then split into non-overlapping
patches, with a patch size of 2 x 4 x 4. After that, we
project the LC and HC patches with two linear layers to ob-
tain their patch embeddings p¥. and ptlp.. Similarly, the
first frame xo undergoes a 2D Haar transform and is divided
into 4 x4 patches to obtain the corresponding low-frequency
and high-frequency patch vectors p§ and p§l. The p{ and
pL.r are then concatenated along the temporal dimension
as the LC embedding p¥, and the same process is applied
to the HC embeddings to form pt!. The unpatchify process
mirrors the patchify operation. We use the linear layer to
project the patch embeddings back to the frequency domain
coefficients, followed by resizing and applying the IDWT
to reconstruct the RGB visual output X.

Notably, our approach distinguishes from traditional vi-
sion transformer patching in three points: 1) we apply the
separate patch operation for the first frame and the remain-
ing frames, enabling our model to handle both images and
videos. 2) We enrich the representation space by operat-
ing in the frequency domain rather than the traditional RGB
space. 3) We do not apply normalization to visual patches.
We observed it degrades the performance and may result in
block artifacts reported in transformer models [20].
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Encoder and Decoder. We build a lightweight Encoder
network ¢ to further process p™ and p*!, enabling feature
interaction and transformation to obtain the final feature
vector p. Based on the ablation studies of the model ar-
chitecture (See Sec. 5.4), we adopt a structure that first
processes the low- and high-frequency features separately
before fusing them. The & consist of three modules, that is
¢ to process pY, &, to process ptl, and ¢ for fusing two
features. This process can be expressed as:

p = &s(cat(&(p"), & (P™))) (5)

where cat denotes concatenation along the channel dimen-
sion.

We use the Neighborhood-Aware Feedforward with
Residual Connection (ResNAF) module as the backbone to
build the network & = {&,&x, &}, as shown in Fig. 1(b).
In ResNAF, the 3D input vector first goes through a depth-
wise convolution with kernel size 3 x 3 x 3 to efficiently
aggregate local neighboring contexts. The contextual fea-
tures are then further enriched and transformed through a
feedforward layer. Meanwhile, residual connections are in-
corporated to optimize feature propagation. We construct
the &, &, &5 by stacking 2, 2, and 4 layers of ResNAF, re-
spectively. Through the hierarchical stacking of ResNAF
modules, Encoder achieves effective information propaga-
tion and feature modeling. The Decoder 1 follows a sym-
metric structure to the Encoder.

Notably, we apply causal padding in the temporal dimen-

sion for depthwise convolution, ensuring that each frame
only interacts with previous frames. This causal property
offers several benefits: 1) It improves modeling for im-
ages [44], as they are independent of neighboring frames.
2) It supports downstream models operating on causal la-
tent spaces [21], broadening the applicability of LeanVAE.
3) It enables efficient temporal tiling inference by caching
frames from previous chunks, ensuring continuity in convo-
lutional operations, see Appendix E.
Channel Compression Bottleneck. This module acts as
a latent channel bottleneck, performing both downsampling
and upsampling operations. The downsampling part com-
presses the feature p from channel dimension D to d, ob-
taining the final video latent z, which is subsequently used
by the diffusion model. The upsampling part maps the chan-
nel of z back to D, generating the feature p that is fed into
the Decoder 1.

To implement this, we adopt the classical ISTA-Net*
framework [45], which uses a sensing matrix & € R%*P
for channel downsampling and a recovery algorithm for up-
sampling. In the recovery process, the latent z is first mul-
tipied by a learnable matrix & c RP*d o get the initial
reconstruction pg. This is then refined by the recovery net-
work ® to obtain final result p. The network ® is a deep
unfolding network that simulates an iterative optimization

process, with the computation method defined by Eq. (2)
and Eq. (3) at each iteration. The entire computation pro-
cess is illustrated in Fig. 1(b). We employ a two-layer NAF
network to construct the forward network (%) and back-
ward network F*) | with p(k) and 0(F) set as learnable
scalars. The number of iterations K is set to 2.

While previous work often employs a simple AE struc-
ture with two linear layers for this purpose, we find this
approach suboptimal. Instead, we leverage the ISTA-Nett
framework to achieve effective downsampling and upsam-
pling for the latent channel. Experiments demonstrate its
strong effectiveness, leading to significant performance im-
provements in our model. We provide a straightforward
comparison between AE and CS signal recovery algorithms
in Appendix D for further clarity.

4.3. Training Objective

The entire model is then trained end-to-end. Our loss func-
tion includes four components, including a L1 reconstruc-
tion loss computed in both the RGB and frequency domains,
a perceptual loss [46]) based on VGG features, an adversar-
ial loss computed using a PatchGAN from work [49], and
a KL regularization term [18]. The final loss function is
formulated as:

L= Erecon + )\lpips'clpips + )\advﬁadv + )\KL‘CKL- (6)

5. Experiments

5.1. Experimental Setup

Training Details We train the model using Kinetics-600
dataset [7]. The videos are resized and cropped to resolu-
tions ranging from 96 x 128 to 352 x 288, with their orig-
inal aspect ratios preserved. For each training step, we ran-
domly sample 17 consecutive frames from a video. First,
we train the model for 600k steps without GAN loss, set-
ting Appips = 4, Aado = 0, Az, = le — 7. The learning rate
is warmed up to 5e-5 and decayed to le-5 using a cosine
scheduler. After that, We continue training for another 100k
steps with a learning rate of le-5 for the VAE and the dis-
criminator, setting A\jpips = 4, Aado = 0.2, A, = le — 7.
We employ the Adam [17] optimizer (81 = 0.5 and 55 =0.9)
and train the model with a batch size of 40 on 8 x NVIDIA
A40 GPUs.

Evaluation Datasets and Metrics  Following [1], we
evaluate the reconstruction performance of the video VAEs
on two video benchmarks: DAVIS [25] and TokenBench
[1]. We employ four evaluation metrics: Structural Sim-
ilarity Index Measure (SSIM) [35], Peak Signal-to-Noise
Ratio (PSNR) [14], Learned Perceptual Image Patch Simi-
larity (LPIPS) [46], and reconstruction Frechet Video Dis-
tance (tFVD) [31]. To assess performance across different
video resolutions, we resize the videos in the evaluation set.
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Method Param.  Ch. DAVIS TokenBench
PSNR (1) SSIM(1) LPIPS(|) rFVD(}) PSNR (1) SSIM (1) LPIPS(}) rFVD (])

CV-VAE 182M 4 25.75 0.7345 0.1464 598.55 30.37 0.8758 0.0706 265.99
Open-Sora VAE 393M 4 26.88 0.7741 0.1582 611.11 31.27 0.8883 0.0774 282.81
OD-VAE 239M 4 26.16 0.7589 0.1173 407.20 30.47 0.8791 0.0618 211.93
VidTok 157M 4 26.50 0.7707 0.1098 358.28 31.38 0.8963 0.0526 178.80
LeanVAE (Ours) 40M 4 26.04 0.7629 0.0899 322.46 31.12 0.8957 0.0432 162.55
CogVideoX-VAE  206M 16 29.88 0.8741 0.0773 175.57 34.39 0.9366 0.0331 75.54
WEF-VAE 316M 16 29.62 0.8668 0.0628 149.27 35.11 0.9435 0.0222 48.03
Cosmos-Tokenizer 101M 16 29.09 0.8477 0.1412 241.78 33.13 0.9191 0.0669 109.27
VidTok 157TM 16 31.06 0.8944 0.0436 103.79 36.12 0.9511 0.0166 40.89
LeanVAE (Ours) 40M 16 30.15 0.8760 0.0461 119.48 35.71 0.9506 0.0173 44.63

Table 1. Quantitative comparison on video reconstruction performance. Chn indicates the dimension of latent channels. All evaluated
models are causal and have a video compression ratio of 4 x 8 x 8. The input resolution in DAVIS is 17 x 256 x 256, with the encoded
latent of the size 5 x 32 x 32. The input video in TokenBench are resized with the short size of 256. The highest result is highlighted in

bold, and the second highest result is underlined.

Videos in the DAVIS dataset are processed into a square
resolution, while videos in TokenBench are resized based
on the shorter side, preserving the original aspect ratio.

To assess our models on video generation, we train the
video diffusion model following Latte [23] for 256 x 256
video generation with 16 frames.” We choose Latte-XL as
the denoiser and replace its original VAE (SD VAE) with
LeanVAE. The UCF101 [29] and SkyTimelapse [39] are
used for class-conditional and unconditional video gener-
ation respectively. Following the evaluation guidelines in
previous works [23], we use Frechet Video Distance (FVD)
[31] to measure the quality of generated videos, computing
FVD scores based on 2,048 video clips.

5.2. Video Reconstruction

Reconstruction Performance To demonstrate the effec-
tiveness of LeanVAE in video reconstruction, we compare it
with several state-of-the-art video autoencoders. The base-
line models include CV-VAE [47], Open-Sora VAE [48],
WEF-VAE [22], CogVideoX VAE [42], VidTok [30], and
Cosmos Tokenizer [1]. VidTok and Cosmos Tokenizer offer
both continuous and discrete models; we evaluate only their
continuous versions. For all models, we evaluate their latest
open-source updates to ensure optimal performance.

The results are presented in Tab. 1. LeanVAE achieves
highly competitive reconstruction performance with a sig-
nificantly lean model size. For latent dimensions of 4, our
model outperforms all baselines in LPIPS and rFVD met-
rics, demonstrating superior video quality. It also maintains
competing performance in video fidelity, achieving compa-
rable PSNR and SSIM scores with most baselines. When
the latent channel is increased to 16, LeanVAE surpasses

2We actually train the diffusion model on 17 frames and discard the
first frame of the generated video to ensure consistency with the baselines
during evaluation.

most models in reconstruction metrics but lags slightly be-
hind VidTok. However, we argue that at 16 latent chan-
nels, both LeanVAE and VidTok exhibit strong reconstruc-
tion capabilities, and the visual quality gap between them
is relatively negligible. We also provide a qualitative com-
parison of reconstruction results with competitive baselines
in Fig. 2. As can be seen, our model excels in preserving
fine details and capturing motion dynamics. These results
underscore the effectiveness of LeanVAE in video recon-
struction tasks.

Multi-resolution Evaluation = We further compare Lean-
VAE with the best-performing baseline, VidTok, across
multiple video resolutions. The evaluation focuses on com-
putational cost and reconstruction performance, with re-
sults shown in Fig. 3. As shown in Fig. 3(a), LeanVAE
demonstrates remarkable computational efficiency, achiev-
ing 50x fewer FLOPs than VidTok and accelerating infer-
ence speeds by 8-44x across resolutions. VidTok requires
94.1 TFLOPs for processing a 7682 video with 17 frames,
demanding impractical GPU memory. Given these, VidTok
and similar models rely on tiling inference’, further slowing
down the speed. For instance, VidTok takes 20.26 seconds
to process 17 frames of 7682 video using 5-frame temporal
tiling inference, whereas LeanVAE completes in just 0.46
seconds without chunking the frames.

In addition to its superior inference efficiency, LeanVAE
maintains satisfying reconstruction quality, as evidenced in
Fig. 3(b). At 7682 resolution, it achieves near-identical
PSNR (A < 0.3dB) to VidTok while delivering better rFVD
(18.6 and 6.3 points lower for 4 and 16 channels, respec-
tively). It is also worth noting that we observed tiling in-
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[1, 8, 22, 30] or spatial dimension [42, 47], followed by sequential infer-
ence on each chunk. Caching or overlapping group strategies are employed
to maintain convolution continuity, see Appendix E.
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Figure 2. Qualitative comparison between LeanVAE and leading baselines. Due to space limitations, we present only the model with
a latent channel size 4. The reconstruction performance of the leading models with 16 latent channels is notably better, and their visual
differences are subtle. More comprehensive visual comparisons are available on our GitHub page.
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Figure 3. Comparison across multiple resolutions. (a) Computational cost in terms of TFLOPs(bar plots, labeled in black) and encoding-
decoding time (line plots, labeled in red). (b) Reconstruction quality metrics. All evaluations were conducted on 17-frame videos using a

single NVIDIA A40 (48GB) GPU.

ference may affect the reconstruction quality of VidTok. A
well-designed caching strategy can enable lossless temporal
titling inference [22], and LeanVAE'’s structure design sup-
ports a simple and efficient temporal caching solution. Fur-
ther implementation details are provided in Appendix E.
Efficiency Analysis We conduct a comprehensive evalua-
tion of inference efficiency across all these Video VAEs, re-
porting FLOPs, inference time, and memory consumption.
The results are summarized in Tab. 4 (see Appendix B), of-
fering compelling support for LeanVAE’s superior compu-
tational performance over existing alternatives.

Overall, our rigorous evaluation demonstrates that Lean-
VAE achieves unparalleled efficiency in video reconstruc-
tion while maintaining competitive reconstruction quality.

5.3. Video Generation Evaluation

We evaluate video generation performance in Tab. 2 and
present generated examples in Fig. 5. As shown, Latte
equipped with LeanVAE (using 4 latent channels) achieves
a further improvement in generation quality, attaining the
best FVD scores for both conditional and unconditional
generation. Additionally, due to the 4x temporal compres-
sion of inputs and the extra-efficient video encoding, Lean-
VAE supports a 4x larger batch size and achieves 6.64 sam-
ples/sec throughput, leading in a 315% increase in training
speed over the original Latte.

We also notice that increasing the latent channels of
LeanVAE to 16, while significantly improving video recon-
struction, does not yield corresponding gains in generation
performance. The FVD scores actually increased by 45.56
and 10.88, and we observed more distortion in the generated

video. This finding aligns with work [43] that emphasizes
the necessity for stricter regularization in high-channel la-
tent spaces, indicating that high-channel diffusion remains
an open research area and warrants further investigation.

Method Sample/Sec  SkyTimelapse UCF101
VideoGPT [41] - 222.7 2880.6
StyleGAN-V [28] - 79.52 1431.0
LVDM [13] - 95.20 372.0

Latte [23] (4 chn) 1.60 59.82 477.97
Ours-Latte (4 chn) 6.64 49.59 164.45
Ours-Latte (16 chn) 6.64 95.15 175.33

Table 2. FVD values of video generation on UCF101 and
SkyTimelapse. FVD for other baselines are referenced from
Latte [23] paper. Sample/Sec is measured at the maximum batch
size (2 for original Latte and 8 for our Latte) on one A40 (48GB).

5.4. Ablation Study

We conduct comprehensive ablation experiments to validate
the superiority of the proposed techniques. In all experi-
ments, we set the latent channel dimension to 4 and trained
the model for 250k steps. The evaluation is conducted on
DAVIS, and the results are summarized in Tab. 3.

Model Architecture We aim to determine the optimal
Encoder and Decoder configurations for better model per-
formance. To this end, we tested three architectures, in-
cluding: Variant 1. Processes low-frequency and high-
frequency components jointly; Variant 2. Process low-
frequency and high-frequency components separately, then
merge them; Variant 3. No wavelet transform was applied.
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Method | PSNR1 SSIM{ LPIPS| rFVD |
(a) Variant 1 | 2604 0755  0.143  475.17
Variant2 | 2618 0756 0.145  470.64
Variant3 | 2541 0736 0.133  453.82
(AE | 2579 0744 0163 53518

©) w/norm\ 2291 0703  0.158  599.38

Table 3. Ablation study on different components. Variant 2
(highlighted in gray) serves as the baseline across all groups, with

CS channel compression and without patch normalization.

Figure 4. Examples of block artifacts in reconstructed video.
Left:ground truth; Middle:reconstruction of model w/o pixel nor-
malization; Right:reconstruction of model w/ pixel normalization.

Figure 5. Examples of videos generated by Latte+LeanVAE (chn 4). The top row is from SkyTimelapse and the bottom is UCF101.

More examples are provided on the GitHub page.

The model architectures are plotted in Appendix F. All
variants were designed to have similar parameter numbers
to ensure a fair comparison. As shown in Tab. 3(a), Variant
2 performs the best fidelity with highest PSNR and SSIM,
despite yielding slightly inferior LPIPS and rFVD scores.
Given that these perceptual metrics can be greatly optimized
through subsequent adversarial training, we choose Variant
2 as the final architecture. The following ablation studies
were also conducted based on Variant 2.

AutoEncoding vs. Compressed Sensing We explore the
advantages of using compressed sensing (CS) to construct
the latent channel bottleneck. Therefore, we implement the
bottleneck using both AE and CS algorithms. The two ap-
proaches have nearly the same parameter counts, except
for the additional two scalars p(*) and %) in each itera-
tion of the CS method. As shown in Tab. 3(b), the CS
algorithm ISTA-Ner™ demonstrates significant performance
gains, outperforming the AE-based approach by 0.39 dB in
PSNR and 0.018 in LPIPS. These results highlight the po-
tential of compressed sensing in this application.

Effect of Patch Normalization Block artifacts manifest
as grid-like discontinuities in the visual output. We iden-
tified the LayerNorm commonly applied to pixel patches
in transformers contributes to this issue. We evaluate
the model with and without the patch normalization in
Tab. 3(c), showing that normalization leads to a significant
decline (3.27 dB in PSNR and 0.013 in LPIPS) in recon-

struction metrics. Fig. 4 visualizes the block artifacts in-
duced by pixel normalization. We hypothesize normalizing
pixel patches introduces anisotropy, making it more chal-
lenging for the model to maintain consistency across recon-
structed patches. We hope this finding could provide valu-
able insights for related models in low-level vision tasks.

6. Conclusion

We introduced LeanVAE, a novel and highly efficient
Video VAE framework designed to address computational
bottlenecks of video compression in Latent Video Diffusion
Models. LeanVAE strikes an impressive balance between
efficiency and reconstruction quality through the following
contributions: (1) a lightweight architecture based on non-
overlapping patching and a Neighborhood-Aware Feedfor-
ward (NAF) module, (2) the integration of wavelet trans-
forms to enrich input representations, (3) the pioneering ap-
plication of compressed sensing for channel compression,
and (4) an analysis of the model design to identify the opti-
mal architecture. Experiments have verified the boost Lean-
VAE brings to both video reconstruction and generation.
Limitations Future work includes developing models
with higher compression rates, exploring discrete latent
space representations, and exploring broader applications
of LeanVAE in LVDMs, such as text-to-video generation.
These efforts aim to further enhance LeanVAE’s capacity
and broaden its applicability in the visual generation field.
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