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Ground-Truth MagViTv2-16× ProMAG-16× Prompt: a capybara made of 
pixelated voxels is seated …

Reconstruction Text-to-Video

Prompt: An astronaut in a pressure 
suit is floating weightlessly …

Figure 1. (left) Our video tokenizer ProMAG is capable of much more effectively reconstructing high motion videos even at very large
(16×) temporal compression, compared to baseline MagViT-v2. Dotted boxes highlight regions where the MagViT-v2 fails catastrophically,
like faces and hands, which have a lot of artifacts in the reconstructions. (right) We show that our highly compressed latent space (16×) is
suitable for training high-quality text-to-video diffusion models.

Abstract

Video tokenizers are essential for latent video diffusion mod-
els, converting raw video data into spatiotemporally com-
pressed latent spaces for efficient training. However, extend-
ing state-of-the-art video tokenizers to achieve a temporal
compression ratio beyond 4× without increasing channel
capacity poses significant challenges. In this work, we pro-
pose an alternative approach to enhance temporal compres-
sion. We find that the reconstruction quality of temporally
subsampled videos from a low-compression encoder sur-
passes that of high-compression encoders applied to origi-
nal videos. This indicates that high-compression models can
leverage representations from lower-compression models.

Building on this insight, we develop a bootstrapped high-
temporal-compression model that progressively trains high-
compression blocks atop well-trained lower-compression
models. Our method includes a cross-level feature-mixing
module to retain information from the pretrained low-
compression model and guide higher-compression blocks to
capture the remaining details from the full video sequence.
Evaluation of video benchmarks shows that our method sig-
nificantly improves reconstruction quality while increasing
temporal compression compared to directly training the full
model. Furthermore, the resulting compact latent space ef-
fectively trains a video diffusion model for high-quality video
generation with a significantly reduced token budget.
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1. Introduction
The emergence of diffusion models [16, 39] has transformed
image [10, 30, 33, 35, 36] and video [5, 6, 11, 15, 17, 38, 46]
generation. These models gradually transform random noise
into coherent visual outputs, showcasing impressive capabili-
ties in producing high-fidelity content [6, 9]. Latent diffusion
models (LDMs)[35] have gained popularity for image and
video generation[2, 36]. Unlike pixel diffusion models that
operate directly on raw pixels, LDMs project pixels into a
low-dimensional latent space using a variational autoencoder
(VAE) [24], enabling diffusion in this compact space. This
dimensionality reduction enhances computational efficiency,
which is particularly crucial for video generation due to the
higher dimensionality of video data compared to images.

Early latent video diffusion models (LVDMs) relied on la-
tents extracted from each frame independently [3, 15, 38] by
reusing the same VAE from image LDMs. This neglects the
temporal dynamics inherent in video data, compromising the
temporal consistency of the generated videos, and offers no
temporal compression in the latent space. To address these
limitations, the seminal work MagViT-v2 [47] pioneers a
spatiotemporal video tokenizer that can jointly encode im-
ages and videos in the same latent space. Originally designed
to encode video into discrete tokens, MagViT-v2 has been
widely adapted to continuous tokens for use in many state-
of-the-art LVDMs [14, 26, 46, 51]. In the context of this
work, we use MagViT-v2 as a continuous tokenizer.

State-of-the-art video diffusion models (VDMs) utilize
diffusion transformers [30] as their backbone architectures,
with computational costs scaling quadratically with input
token lengths. Increasing latent space compression by a
factor of two in both spatial and temporal dimensions sig-
nificantly enhances model efficiency. While MagViT-v2
and other video tokenizers achieve substantial spatial com-
pression (8×), their temporal compression remains limited
to 4×. This work focuses on improving temporal com-
pression while maintaining spatial compression at 8×. We
found that extending MagViT-v2 by adding more temporal
down/upsampling layers to boost temporal compression neg-
atively impacts reconstruction quality. This underscores a
key challenge in adapting convolutional video tokenizers for
higher compression rates: training such models from scratch
necessitates simultaneous optimization of all parameters for
high compression, rather than employing a hierarchical ap-
proach where different components specialize in varying
levels of compression.

Interestingly, we observe that 4× temporal compression
MagViT-v2 can accurately reconstruct videos with 4× frame
subsampling (i.e., low FPS), much better than a 16× tem-
poral compression model on the original (high FPS) video.
Thus, we try to answer the question: “Can we meaning-
fully boost the temporal compression of video tokenizers by
reusing a pretrained 4× model, while keeping the number

of latent channels constant?” In this paper, we intentionally
keep the latent channel dimension fixed over the progressive
growing process for two reasons. First, it helps separate the
effects of channel dimensions and progressive growing on
the model performance. Second, one of our main goals is to
achieve good latent features not only for high reconstruction
quality but also for diffusion model training. It has been ob-
served that increasing the latent channel dimensions, while
leading to a slight improvement in reconstruction, tends to
make generative model training more difficult [47].
This paper makes the following main contributions:
• We adopt the continuous-token MagViT-v2 architecture as

our base model and make several modifications to make it
more efficient and amenable to our method of growing the
model from 4× to 8× and 16× compression. The modi-
fications preserve the quality of the base 4× MagViT-v2.
We call our model ProMAG (abbreviation for Progressive
growing of MagViT-v2 for continuous-space tokens).

• We present our progressive model growing technique
to train ProMAG for high temporal compression ratios,
achieving up to 8× and even 16×. Notably, we are the first
to achieve high-quality reconstruction with a 16× tempo-
ral compression model. Evaluations on video benchmarks
show that ProMAG delivers significantly better reconstruc-
tion quality than simply extending existing tokenizers for
higher compression. Our method also consumes ∼ 2.7×
less training time compared to full model training.

• We showcase the effectiveness of our highly compressed
latents for text-to-video generation with DiT. Experiments
on the text-to-video evaluation benchmark [19] reveal that
DiT trained with our 16× temporal-compression latents
achieves comparable or slightly higher quality than the
standard 4× compression, while significantly enhancing
efficiency and token length.

2. Related work

Latent video diffusion models. The pioneering LVDMs [3,
4, 11, 15, 29, 38] repurposed image VAEs to transform each
frame of the video independently into the latent space. This
caused temporal flickering in the generated video and limited
the video length due to the limited compression achieved by
image VAEs. More recent works [6, 14, 26, 46, 51] use VAEs
that operate on video-level, hence mitigating both limitations
of using image VAEs for video diffusion models. Building
upon this, we aim to create a VAE with even higher temporal
compression (8× and 16×) compared to the contemporary
4×, enabling highly efficient and longer video generation.
High compression VAEs. There have been few works re-
cently that investigate very high compression in latent space
for higher-resolution image and longer video generation. Ul-
traPixel [34] provides an image autoencoder that can perform
24× spatial compression. Very recently, DC-AE [8] provide
a solution to increase the spatial compression to as large as

2



(𝑠𝑓=4)

Frame # 8 Frame # 12 Frame # 16

(a) Magvitv2
4×

(𝑠𝑓=1)

(b) Magvitv2
16×

Figure 2. Motivation. We highlight the key motivation of our
progressive growing approach. Directly training MagViT-v2 for
16× temporal compression leads to poor reconstruction quality for
a 24-fps video (bottom). sf stands for frame subsampling factor.
However, we observed that the 4× temporal compression model
can still accurately reconstruct a 6-fps video by feeding the same
24-fps video after subsampling frames by a factor of 4×, sf = 4
(top). This observation implies that it is not necessarily the large
motion that leads to worse reconstruction, but that training many
downsampling (upsampling) layers of encoder (decoder) at once
makes training difficult, as also observed in DC-AE [8].

128× spatially. However, they also have to increase channel
dimension consistently to preserve reconstruction quality.
MovieGen [31] and Cosmos [1] also achieve 8× temporal
compression by making modifications to the tokenizer archi-
tecture. In comparison, we tackle a different problem in this
work. Starting from a well-trained 4× temporal compression
model, our goal is to create a method to increase the tempo-
ral compression while keeping the number of latent channels
fixed to avoid making the latent space harder to learn for the
diffusion model. In this work, we keep the spatial compres-
sion fixed at 8×. To the best of our knowledge, we are also
the first method to achieve 16× temporal compression.
Hierarchical models. Hierarchical generation has been ex-
plored most notably using generative adversarial networks
(GANs) [13] to perform high-resolution image generation
in stages [20, 21, 45]. These approaches first learn a gen-
erator that operates in low resolution, followed by learning
additional high-resolution blocks on top in stages. Similar
ideas have also been explored in image and video generation
using diffusion models [2, 10, 17, 34], where content is first
generated in low resolution and then upsampled in the spatial
and temporal domain using a separate model. In our work,
we are inspired by ProGAN [20] and adapt the progressive
learning idea to our problem of boosting the temporal com-
pression in video tokenizers, progressively learning separate
model blocks to handle different levels of compression.

3. Method
Our goal is to create a continuous space video tokenizer with
high temporal compression ratios (8× or 16×) and good
reconstruction quality. In Section 3.1, we discuss the mod-
ifications we make to the MagViT-v2 [47] to arrive at our

(a) GroupNorm (b) Custom Norm 

Figure 3. ‘spot artifacts’. Our progressive growing approach with
GroupNorm leads to the ‘spot’ like artifacts (left) at the bottom
right corner in reconstructed videos. (right) Removing the mean
subtraction from group normalization eliminates the spot artifacts
in reconstructed frames.

(ProMAG) base model. In Section 3.2, we analyze why the
base ProMAG, capable of doing 4× temporal compression,
has difficulties extending to 8× or 16× temporal compres-
sion. We discuss a method of progressively growing the
ProMAG-4× model to achieve 8× and consequently 16×
temporal compression in Section 3.2. Finally, in Section 3.3
we introduce our layer-wise spatial tiling technique during
decoding to enable high-resolution encoding-decoding.

3.1. Base model: ProMAG
Following prior works [32, 46], we build our model based
on the continuous-token variant of MagViT-v2 [47]. The
MagViT-v2 tokenizer is composed of 3D causal convolution
layers. The use of causal 3D convolution not only enables
full spatiotemporal processing but also facilitates the consis-
tent encoding of images and video data. Our model encodes
an input video (or image) with 1+k×N frames into 1+ N
latent frames, where k is the compression ratio and N = 0
when encoding images. MagViT-v2, by default, can perform
4× temporal compression (k = 4) very reliably.

We make three key modifications to the base MagViT-v2
model to increase training and inference efficiency and to
make it amenable to our method of progressive growing. We
call our model ProMAG.
Image model initialization. Instead of training a 2D image
encoder and using the weights to initialize 3D convolution
kernels as in MagViT-v2 [47], we freeze the encoder of our
pretrained 2D image model and use it to encode the first
frame of the input video. We then train the MagViT-v2
model with 3D causal convolutions to focus only on encod-
ing the rest of the video frames. In our experience, this
makes the model training converge faster.
Efficient upsampling. MagViT-v2 encodes a 17-frame
video into 5 latent frames which are decoded to 20 frames
after 4× temporal upsampling. The presence of three ad-
ditional frames in the reconstruction is a byproduct of the
fact that the first latent frame only represents a single input
frame. The MagViT-v2 decoder discards these 3 reconstruc-
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Stage II

Figure 4. Methodology. Figure shows details of our method of progressive growing. In Stage I (top) we show a method of training our base
4× video tokenizer. (bottom) we illustrate the detailed method of growing the base 4× model to achieve 8× temporal compression.

tion frames when generating the final output. We find this
operation to be wasteful in terms of computation and be-
comes a greater problem with higher temporal compression.
For example, in the case of 16× compression on 17 frames,
the decoder will output 32 frames and have to reject the
first 15 frames. To mitigate this issue, in all the temporal
upsampling layers of the decoder, we discard the 1st frame,
as it can be considered a padding frame in causal convolu-
tions. This reduces the memory consumption significantly,
especially for higher compression models, without hurting
the reconstruction quality.
Removing ‘spot’ artifacts. MagViT-v2 uses group normal-
ization to normalize activations between layers. This causes

‘spot’ like artifacts when trained to progressively increase the
temporal compression (Figure 3(a)). This occurs because the
model tends to encode important global information in these
high-norm latent pixels, as also observed in [31]. To address
this phenomenon, we modify the group-normalization oper-
ation by removing the mean subtraction following [22, 23].
We found this effectively resolves the ‘spot’ artifacts in the
reconstructed videos (Figure 3(b)).

3.2. Progressive model growing
Motivation. To increase the temporal compression of
ProMAG from 4× to 8× or 16×, the standard approach is to
add additional downsampling and upsampling blocks in the
bottleneck layers of the encoder and decoder respectively.
In our preliminary study, we found that directly training
MagViT-v2 for 16× temporal compression leads to poor
reconstruction quality for a 24-fps video (Figure 2(b)). How-
ever, we observed that the 4× temporal compression model

can still accurately reconstruct a 6-fps video by feeding the
same 24-fps video after subsampling frames by a factor of
4× (Figure 2(a)). Since our base model ProMAG at 4× tem-
poral compression is similar to MagViT-v2, this conclusion
is also applicable for ProMAG.

Since the ProMAG-4× can accurately reconstruct a 6-fps
video, our strategy is to use it as guidance for the additional
bottleneck downsampling and upsampling blocks to achieve
8× and 16× temporal compression. This can be thought of
as a guided video interpolation problem. Instead of forcing
the bottleneck compression layers to learn the entire infor-
mation flow, we aim to induce them to reuse the information
of the 4× blocks, and only learn the essential information
needed to synthesize the in-between frames, which is neces-
sary to reconstruct the full video.
Progressive model growing. Building on the above observa-
tion, we develop our progressive model growing framework
for boosting the temporal compression in ProMAG. We de-
scribe in detail below our framework for growing our model
from 4× to 8× temporal compression. Growing the model
from 8× to 16× follows the same procedure.
Key-frame embedding. A naive way to achieve 8× tempo-
ral compression using the 4× model, E4×, is to subsample
the input video frames v by a factor of two, v//2, and then
encode the frames with E4×. This can be referred to as
learning the key-frame encodings zkey of the subsampled
keyframes.

zkey = Ê4×(v//2) (1)

where Ê4× is the encoder blocks without the bottleneck
1× 1× 1 layers in Figure 4.
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Residual embedding. Now, with the encodings to accurately
reconstruct keyframes in the video, we only need to learn the
information for the remaining frames. We denote

∗
z as the

embedding of entire video v upto the 4× temporal compres-
sion blocks, Ê4×. To reach 8× compression, we compress

∗
z

through the additional 2× downsampling block. However,
we need to ensure that the downsampling blocks Ê4×-8×
are aware of the information already present in zkey, as it
only needs to preserve the remaining information to avoid
redundancy. For this, we use adaptive group normalization
(AdaNorm) to condition the intermediate latent,

∗
z, on the

key-frame embeddings zkey before passing it to Ê4×-8×.

∗
zinter = AdaNorm(zkey, Ê4×(v))

zinter = Ê4×-8×(
∗
zinter)

(2)

We obtain the final latent z as the linear combination of both
zkey and zinter.

z = Conv1×1×1(zkey + zinter) (3)

For the decoder we only add a bottleneck upsampling block.
Training strategy. We obtain the base 4× temporal com-
pression model by training with (1) the video-level GAN
loss LGAN [13], (2) the L1 reconstruction loss Lrec, and (3)
the KL-divergence loss LKL.

L4× = Lrec + λKLLKL + λGANLGAN (4)

We initialize the weights for the 8× temporal compression
model with the 4× models and freeze the encoder and de-
coder blocks initialized from the 4× model. At this stage,
we only train the newly added blocks and the 1×1×1 bottle-
neck layer using (1) the L1 reconstruction loss Lrec, and (2)
the KL-divergence loss LKL. While GAN loss can slightly
improve the FVD score in the reconstructed videos, it tends
to introduce visual artifacts in challenging scenarios. There-
fore, we do not use it at this stage, which also makes training
with progressive growing significantly faster. Details about
training efficiency are provided in the supplementary.

3.3. High resolution video reconstruction
Directly using our model, ProMAG, or MagViT-v2 to en-
code and decode videos at high resolution (e.g. 540×960),
results in out-of-memory (OOM) errors due to the VRAM-
intensive 3D convolution layers. We found the OOM issue
arises only during decoding (i.e., high-resolution videos can
be encoded as-is). With this in mind, we opted to encode
the entire video at once and only spatially tile the encoded
latent, decoding each tile separately. However, similar to
tiling in RGB space, this approach results in artifacts, as seen
in Figure 5 (a). In the latent tiling case, we found the issue to
be a misalignment between the full, low-resolution video en-
coding and decoding regimen learned during training and the

(b) Layer-wise Spatial Tiling(a) Spatial tiling before Decoder

Figure 5. High-Resolution Reconstruction. (left) tilting the la-
tent before passing through the decoder leads to artifacts in the
reconstructed video. (right) layer-wise tiling resolves the artifacts.
The red-bordered frame at the bottom left corner represents the
ground-truth frame.

tiled decoding seen at inference. Specifically, we found that
there was a meaningful difference in normalization statistics
encountered during training and inference. To mitigate this
discrepancy, we introduce a layer-wise spatial tiling tech-
nique: during decoding, we divide the input tensor to each
conv layer into overlapping spatial tiles, process each tile
independently, and merge the tiles back together using linear
interpolation weights to blend the overlapping components.
Using this approach, we can decode into high-resolution
videos without any artifacts (Figure 5 (b)).

4. Experiments
4.1. Reconstruction Quality
Implementation details. We train our models on our inter-
nal dataset of 300M images and 15M videos at 256×256
resolution. The 4×, 8×, and 16× temporal compression
models are trained with 17-frame training video clips sam-
pled at 6 fps, 12 fps, and 24 fps, respectively. Since we fol-
low MagViT-v2’s approach of using 3D causal convolution
layers for spatiotemporal processing, videos with 1 + k x N
frames are compressed into 1 + N latent frames, where k
is the compression ratio. Following this, the 4× models
compress videos from 17 frames to 5 latent frames, similarly,
8× from 17 frames to 3, and, 16× from 17 frames to 2.
Baselines. We compare our method to the following state-
of-the-art methods:
• MagViT-v2 [47]. As the official codebase is unavailable,

we implement the continuous space version ourselves and
train with a setting similar to our method. This is our main
baseline where we perform full-model training for 4×, 8×,
and 16× temporal compression at z dim = 8 and 16.

• For fairness of comparison, we compare with SOTA to-
kenizers with z dim = 8 and 16. We compare against
OmniTokenizer [44], VidTok [40], Cosmos-CV (contin-
uous version) [1], VAE in CogVideoX [46], Wan [42],
Hunyuan Video [18], CV-VAE [50], and, WF-VAE [27].
All the tokenizers are continuous-space, except for Om-
niTokenizer, which is discrete. Additionally, all the open-
sourced SOTA tokenizers operate at 4× temporal com-
pression, except Cosmos-CV, which has both 4× and 8×
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Ground-Truth MagViTv2-16× ProMAG-16×

16× Temporal Compression

Ground-Truth MagViTv2-8× ProMAG-8×

8× Temporal Compression

Figure 6. Effectiveness of Progressive Growing at high temporal compression. Video reconstruction example for (left) 16× temporal
compression, (right) 8× compression. MagViT-v2 causes loss of details and produces artifacts in the reconstructed frames, like motion blur
in the dog’s and human’s hand (left) and cyclist (right). The dotted boxes show regions of the most difference.

Method z dim
MCL-JCV DAVIS

PSNR LPIPS rFVD PSNR LPIPS rFVD

MagViT-v2

8

30.63 6.49 58.11 28.32 7.30 129.11
OmniTokenizer [44] 24.55 11.06 124.83 23.60 15.02 290.38
VidTok [40] 31.20 6.93 62.41 28.73 8.05 150.54
ProMAG 30.99 6.53 57.91 28.43 7.38 130.56

Cosmos-CV [1]

16

32.08 9.54 50.65 29.81 13.71 113.13
CogVideoX [46] 32.57 6.21 50.75 29.8 7.49 100.56
VidTok [40] 32.95 5.55 37.7 31.12 5.22 94.04
WF-VAE [27] 33.18 5.09 39.71 30.29 6.51 88.27
Wan [42] 32.27 5.15 39.33 30.15 5.29 98.49
Hunyuan [25] 33.13 4.95 36.21 30.4 5.02 97.56
CV-VAE [50] 32.83 6.31 46.35 30.07 7.93 101.94
ProMAG 32.94 4.91 34.21 30.77 4.98 93.92

Table 1. Reconstruction comparison at base 4× temporal com-
pression. We compare our method with baselines on MCL-JCV
and DAVIS under 8×8×4 compression on 512×512 resolution.

temporal compression.
We compare the above baselines against our base ProMAG-
4× temporal compression. For more aggressive compression,
8× and 16×, we extend and train MagViT-v2 at the target
compression ratio and compare against our method.
Evaluation benchmarks. We evaluate all methods for recon-
struction quality on two standard video benchmarks, MCL-
JCV [43] and DAVIS 2019 (Full Resolution) [7]. We select
two different settings for reconstruction, one at square crops
of 512×512 and the other at 360×640 (at native aspect ratio
of 16:9). We compare the reconstruction quality on PSNR,
LPIPS [49], and Fréchet video distance (FVD) [12, 41].
Effectiveness of our base 4× ProMAG. While our main
goal is not to achieve the best 4× temporal compression
model, we do this experiment to verify that the base 4×
model we developed can serve as a strong tokenizer. From
Table 1, we see that MagViT-v2 and ProMAG at z dim = 8
perform better than Omnitokenizer [44] and are compara-
ble to SOTA tokenizer VidTok [40]. Thus, we build our
base model inspired from MagViT-v2 architecture. Even at

Method Compression z dim
MCL-JCV DAVIS

PSNR LPIPS rFVD PSNR LPIPS rFVD

MagViT-v2 8×8×8 8 28.47 11.17 219.36 24.02 16.7 525.1
ProMAG 30.26 8.36 96.85 26.48 11.37 360.54

MagViT-v2 8×8×16 8 26.15 14.54 255.51 21.82 20.54 728.04
ProMAG 28.31 11.2 183.4 23.89 16.9 608.43

Cosmos-CV [1]
8×8×8 16

31.05 11.79 101.36 28.27 17.87 222.61
MagViT-v2 28.51 10.62 135.57 27.18 8.84 243.19
ProMAG 32.06 6.94 63.64 28.70 8.32 194.79

MagViT-v2 8×8×16 16 28.51 10.62 135.57 24.17 14.84 427.52
ProMAG 30.02 9.24 115.25 25.64 13.89 320.80

Table 2. Reconstruction comparison at high temporal compres-
sion. We compare our method with baselines on MCL-JCV and
DAVIS under 8×8×4 compression on 512×512 resolution.

z dim = 16 our method performs better than SOTA meth-
ods like Cosmos-CV (continuous) [1], CogVideoX [46], and
CV-VAE [50] across all metrics and datasets and compa-
rable to very recent SOTA methods like VidTok [40] WF-
VAE [27], Wan [42], and Hunyuan Video [25], which focus
on creating high-quality 4× temporal compression video
tokenizers. Thus, our base 4× tokenizer is a competitive
model in terms of reconstruction quality.
Effectiveness of progressive growing for boosting tem-
poral compression. We compare our method, ProMAG,
against MagViT-v2 on 2 different settings, one with 8 chan-
nels and the other with 16 channels in the latent dimen-
sion for both 8× and 16× temporal compression. From
Table 2, ProMAG achieves better reconstruction quality than
MagViT-v2 directly extended to high compression. It is in-
teresting to note that the 16-channel version of ProMAG-8×
can maintain a somewhat similar reconstruction quality to
ProMAG-4×. Qualitative analysis in Figure 6, (left) we ob-
serve that at 16× compression, MagViT-v2 is unable to pre-
serve even the coarse structural details in the face or the dog
or the human hand. Even at 8× temporal compression, in re-
gions of very high motion like the cyclist, MagViT-v2 blends
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(a) (b)

ProMAG-16×ProMAG-16×

ProMAG-4×

ProMAG-8×

ProMAG-4×ProMAG-16×

Figure 7. Text-to-Video Evaluation. Quantitative comparison
of T2V generation model train on 4× and 16× latent space of
ProMAG. (top) The graph of time taken per denoising step of
the diffusion model for generating N frame video. The time is
computed on H100 with Flash Attention 3 [37]. The resolution of
the videos is 192× 360 pixels. We find that it takes the same time
per diffusion step to generate a 136-frame video using the 4× latent
space, as generating a 340-frame video using the 16× latent space.
(bottom) Quantitative analysis different dimension on VBench [19]
on generated videos with 4× and 16× compressed latents.

Method Compression z dim
MCL-JCV DAVIS

PSNR LPIPS rFVD PSNR LPIPS rFVD

ProMAG 8×8×8 8 32.06 6.94 63.64 28.70 8.32 194.79
ProMAG (w/ GAN) 31.78 6.21 53.18 28.21 7.76 160.22

ProMAG 8×8×16 16 30.02 9.24 115.25 25.64 13.89 320.80
ProMAG (w/ GAN) 29.67 8.38 99.64 25.05 12.04 274.24

Table 3. Ablation on GAN loss during progressive growing. We
compare our method of progressive growing with and without using
GAN loss.

the foreground object with the background, causing notice-
able motion blur in the reconstructed videos. ProMAG at 8×
temporal compression also performs better than Cosmos-CV.
Ablation on using GAN loss for progressive growing. In
this ablation study, we verify whether adding GAN loss dur-
ing progressive growing is beneficial. From Table 3, we
find GAN loss at this stage while slightly improving percep-
tual quality (LPIPS and FVD), also slightly reduces PSNR.
Additionally, not using GANs while progressive growing im-
proves training efficiency (details in supplementary). Thus,
we choose not to GAN loss during progressive growing.

4.2. T2V Quality with Compressed Latent Space

Our ultimate goal is to generate a latent space that is not only
compact but more importantly, good for downstream diffu-
sion model training. We evaluate the latent spaces of our
tokenizers by accessing the text-to-video generation quality
of the Diffusion Transformer (DiT) model trained with the re-
sulting latent spaces. In this section, we evaluate our 4× and
16× models. We aim to investigate if DiT training quality
and convergence degrades when trained with the highly com-
pressed latent space of 16× temporal compression compared
to the commonly used 4× temporal compression.
Training and implementation details. Our text-to-video
diffusion model is based on the standard DiT formula-

Prompt: “In the aerial view of Santorini, white Cycladic buildings 
with blue domes are distinctively seen against …”

Prompt: “A woman with a flower headpiece, inspired by vray 
tracing, features vivid colors and playful berrypunk…”

Figure 8. Text-to-Video Generation Results. We show vibrant
videos generated by DiT on our ProMAG-16× latent space. This
highlights that training DiT on highly compressed latent space can
generate videos with accurate text coherence and realistic motion.

tion [30], composed of multiple Transformer blocks, where
we replace spatial self-attention with spatial-temporal self-
attention blocks. We train our model on an internal dataset
of images and videos. We first train DiT on 256p images for
200K iterations and then jointly train on images and videos
for about 150K more iterations.
Evaluation metrics. We evaluate the quality of text-to-
video generation using VBench [19]. Following the official
guidelines, we generate videos with all the 946 provided
text prompts and generate videos with 5 random seeds per
prompt. We evaluate based on all 16 quality dimensions.
T2V generation quality. From Figure 7(b), we find that
training DiT with 16× temporally compressed latent space
does not degrade the video generation quality on almost all
dimensions compared to 4× compression latent. Figure 8
shows two diverse and vibrant videos generated by DiT with
16× compressed latent. We find that the DiT can accurately
follow the caption and generate very realistic motion.
Efficiency. Using a compact latent space allows DiT to oper-
ate with fewer tokens, significantly reducing GPU memory
and time. In a fixed frame length case (68 frames, ∼2.8s
at 24 fps), DiT with 4× compression generates 20 latents
at 0.99s/timestep, while 8× compression reduces this to 12
latents at 0.58s (1.7× speedup). With 16×, only 8 latents
are needed, achieving 0.39s/timestep (2.5×). In a fixed to-
ken budget of 40 latent frames, the 4× model generates a
136-frame video ( 5.6s), whereas the 16× model produces
340 frames ( 14.1s), a 2.5× increase in video length.

5. Discussion
5.1. Progressive growing vs. progressive training
We want to investigate if the effectiveness of our method
comes from our specific design towards reusing pretrained
high-quality, lower compression model and only learning the
remaining information in the bottleneck layers, or simply just
from progressive training of the model in stages by adding
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Method MCL-JCV

PSNR LPIPS rFVD

MagViT-v2 28.51 10.62 135.57
ProMAG (w/o residuals & AdaNorm) 30.35 8.05 88.18
ProMAG (full method) 32.06 6.94 63.64

Table 4. Progressive Growing v/s Progressive training. Compari-
son of reconstruction quality of our full method against the naive
way of progressive training and ProMAG on the 512x512 crops of
the MCL-JCV video dataset.

Method MCL-JCV

PSNR LPIPS rFVD

ProMAG (4× w/ sf = 2 + 2X Interpolation) 30.68 8.61 230.16
ProMAG (8× w/ sf = 1) 32.06 6.5 53.77
ProMAG (4× w/ sf = 4 + 4× Interpolation) 28.42 12.35 341.14
ProMAG (16× w/ sf = 1) 29.6 9.93 147.48

Table 5. Quantitaive Comparison with External Interpolation.
Reconstruction quality on MCL-JCV dataset on 512x512 crops on
8× and the other at 16× temporal compression.

more bottleneck layers (w/o skip information flow).
Progressive training. In this case, we start from a pretrained
4× model, and then add bottleneck downsampling and up-
sampling blocks to the encoder and decoder respectively,
to grow the compression rate and only train the additional
blocks. This does not include the use of subsampled frames
encoding or AdaNorm as our full method (Figure 4). Pro-
gressive training, in essence, is similar to tokenizer in Open-
SORA [51] and OpenSORA-Plan [26], which first trains a
spatial-only VAE and then adds additional bottleneck 4×
temporal compression blocks.
Evaluation. Table 4 shows the comparison of the reconstruc-
tion quality on MCL-MJC at 512x512 crops for 8× temporal
compression. We find that progressive training (Table 4, 2nd

row) by itself, improves the PSNR, LPIPS, and FVD com-
pared to directly training MagViT-v2 from scratch for 8×
compression. We hypothesize that it might be because with
large compression and increasing channel multiples, training
the video tokenizer at once may lead to difficulty in conver-
gence. On top of that, our method of progressive growing
further improves the reconstruction of all the metrics.

5.2. Progressive growing vs. frame subsampled en-
coding + external interpolation

The primary motivation for our method of progressive grow-
ing was that the 4× compression model performs very accu-
rate reconstruction even for a 6fps video (after 4 times frame
subsampling from a 24fps video).
Baseline. A very natural question would be how our method
for 8× (or 16×) temporal compression would fare against the
solution where we first perform 4× temporal compression
on videos subsampled with a factor of 2 (or 4), followed by
using external state-of-the-art frame interpolation method
like EMA-VFI [48] to perform 2X (4X) frame interpolation

ProMAG-4× (𝑠!=4)
+ 4× Interpolation

ProMAG-16× (𝑠!=1)Input

Figure 9. Qualitative Comparison with External Interpolation.
Reconstruction comparison of our method ProMAG with 16× tem-
poral compression on a 24fps video, against a baseline where we
first encode the video at low fps (with frame subsampling sf = 4),
in this case 6fps, followed by using external interpolation method
to generate the 4 in-between frames. (middle) The baseline with
external frame interpolation produces very blurry outputs in re-
gions of abrupt and high-intensity motion, compared to our method
ProMAG-16× operating on 24fps video directly (right). This im-
plies in some sense, that our progressive growing approach has in
some sense learned a better interpolation for reconstruction.

on the reconstructed frames. We observe, in Figure 9 that,
performing external interpolation in regions of very high and
complex motion causes much more blurring compared to
applying our ProMAG-16× directly on the original videos.
Evaluation. From Table 5, we see that our method for 8×
temporal compression achieves much better reconstruction
quality compared to using our 4× model on subsampled
frames followed by 2X interpolation. A similar trend can be
observed in the case of 16× temporal compression.

6. Conclusion and Limitations
In this work, we push the boundary to which we can perform
temporal compression while keeping latent channel dimen-
sion constant. To this end, we propose a novel method of
progressively growing our 4× temporal compression video
tokenizer, ProMAG, to 8× and subsequently 16× tempo-
ral compression. Through extensive evaluation of recon-
struction and text-to-video generation, we show that (i) our
video tokenizer can perform much better reconstruction than
baseline methods at very high temporal compression rates,
and (ii) our high compression latent space is suitable for
DiT training and provides an immense boost in terms of
efficiency for video generation. However, there still exist
limitations, which offer opportunities for future research. In
scenarios of very high and abrupt motion, like sports videos,
our high-compression tokenizers, while performing signifi-
cantly better than the directly trained baselines, also suffer
from temporal artifacts in reconstruction.
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A. Progressive Growing - from 8× to 16× Tem-
poral Compression

In Figure 2 of the main paper we illustrate our method of
growing the temporal compression of the 4× video tokenizer
to 8× temporal compression. In Figure 10, we show the
details of our entire method, i.e., growing the base 4× model
to 8× then ultimately to 16× temporal compression in 3
stages. Note that all the parameter weights in the subsequent
are initialized from their corresponding parameters in the
previous stage. The newly added parameters are initialized
with random weights.

B. ProMAG Implementation Details
Model Architecture. In Table 9, we describe the details
of our tokenizer architecture for 4×, 8× and 16× temporal
compression models. The encoder and decoder design of
our model, ProMAG follows MagViT-v2 structure. The dis-
criminator is taken from Stable Diffusion VAE [35], where
we replace the Conv2D with Conv3D. In our case, using
the MagViT-v2 discriminator produced checkerboard-like
artifacts in reconstunction.
Training Hyperparameters. We provide additional detailed
training hyper-parameters for our models as listed below:
• Video input: 17 frames, frame stride 1, 256× 256 resolu-

tion.
• Reconstruction loss weight: 1.0.
• Generator loss type: Hinge Loss [28].
• Generator adversarial loss weight: 0.1 for 4× and 0.0

for 8× and 16× (Note: we do not use discriminator to
progressively grow the model to 8× and 16× temporal
compression.)

• Discriminator gradient penalty: 0.0 r1 weight.
• VGG Perceptual loss weight: 1.0.
• KL-Divergence loss weight: 1e-12.
• Tokenizer Learning rate: 0.0001.
• Tokenizer Optimizer Params: Adam with β1 = 0.9 and
β2 = 0.99.

• Tokenizer weight decay: 0.0001
• Discriminator Learning rate: 0.0001.
• Discriminator Optimizer Params: Adam with β1 = 0.9

and β2 = 0.99.
• Discriminator weight decay: 0.0001
• Training iterations: 300K for 4× model, 100K for 8×

model (on top of 4× model), 100K for 16× model (on top
of 8× model).

• Global Batch size: 32.

C. Text-to-Video Implementation Details
Model Architecture. Our text-to-video diffusion model
is based on the standard DiT [30], composed of multi-
ple Transformer blocks, where we replace spatial self-
attention with spatial-temporal self- attention blocks. The
model architecture is similar to the diffusion transformer in
CogVideoX [46]. Following them, we also keep the number
of model parameters to be around 5B.
Dataset Details. We train on our internal dataset of 300M
images and 1M videos. Images contain different aspect ra-
tios, while videos are of 192x360 resolution. We train using
a relatively small scale and low resolution since the computa-
tion cost for training text-to-video models is very enormous.
Additionally, our main focus in training the text-to-video
model is to verify that our extremely compressed latent space
(16× temporal compression) is compatible with DiT training
and can achieve a similar quality to 4× compressed latent
space. Our goal is not to compete with state-of-the-art text-
to-video models.
Training Details. Following standard practices [11, 14, 17,
38], we train our text-to-video diffusion model in 2 stages.
In the first stage (image pertaining), we train the model only
on images. In the second stage (joint training), we train
the model jointly on both images and videos. We train the
first stage for about 200K iterations and the second stage for
around 150K additional iterations. We train our models on 8
nodes of H100 (64 GPUs in total).
Training on Longer Videos. In Section 4.2 (Efficiency) in
the main paper, we discuss that due to the highly compact
nature of our 16× latent space, we can use the same token
budget for 340 frames (= 20 latent frames for 16× temporal
compression), which is the same as 136 frames with 4×
temporal compression. To verify the generation quality of
very long videos 340 frames (or 14.1s) video at 24fps, we
also train text-to-video model for this. More specifically,
we only finetune our text-to-video model trained on 16×
temporally compressed latent space for an additional 10K
iterations on video training of 340 frames.

D. Resolving Jump Issues: Overlapping Frame
Reconstruction and Text-to-Video Genera-
tion

Following MagViT-v2 [47], train ProMAG on 17 frame
video, for all 4×, 8× and 16× temporal compression ra-
tio. We found that since we train the model on 17 frames,
we can only do encoding and decoding with 17 (or less)
frames. We found the similar case is true with MagViT-v2.
We found that reconstruction of more than 17 frames causes
deterioration in the reconstruction results beyond 17 frames,
like blurring, or in some cases checkerboard-like artifacts.
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Figure 10. Methodology. Figure shows details of our complete method of progressive growing for extending the temporal compression to
16× from 4× compression. In Stage I (top) we show a method of training our base 4× video tokenizer. (middle) Stage II we illustrate
the detailed method of growing the base 4× model to achieve 8× temporal compression. (bottom) Stage III we extend the 8× temporal
compression model to achieve 16× temporal compression. N (z) represent a standard normal distribution.

Thus for reconstruction (or text-to-video generation), for an
N frame video, we need to process it in chunks of 17 frames
at a time. This causes jumps like effect in regions of high
frequency details every 17 frames. This jumps is much less
noticeable in reconstruction results, but more noticeable in
the text-to-video generation results. For video generation
this jumping effect reduces with more training iterations but
still persists slightly. To counteract this, we perform encod-
ing in chunks with overlap of few frames (in this case of 4
frames) Figure 11. The overlapped regions in the output is
blended in pixel-space with linear interpolated weights. This
resolves the jumping artifacts perceptually both in recon-
struction and video generation results (please refer to video
results showing this in the supplementary videos).

E. Training Efficiency of Our Approach

Method Compression Time/iter Total iters Training time
(cumulative) (cumulative)

MagViT-v2
8× 8× 4

0.42s 300K 1.45 days
ProMAG 0.42s 300K 1.45 days
MagViT-v2 8×8×8 0.92s 400K 4.25 days
ProMAG (4×→ 8×) 0.42s 400K 1.94 days
MagViT-v2

8× 8× 16
1.04s 500K 6.01 days

ProMAG (8×→ 16×) 0.23s 500K 2.21 days

Table 6. Details of the per-iteration training time and total num-
ber of iterations comparing our method of progressive-growing
(ProMAG) w.r.t to full model training (MagViT-v2). All the model
has latent dimension (z dim) = 8. The training times are computed
for 17 frames of 256×256 videos on H100 GPU.

Our progressive-growing method does not cause any train-
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Figure 11. Text-to-Video with overlapping frames. (left) The
conventional way of generating videos, where frames are encoded
into overlapping chunks. This results in jumps like artifacts across
chunks in the generated video in regions of high frequency de-
tails. (right) Generating video with chunks with overlap (here of 4
frames). The overlapped regions in the output is blended in pixel-
space with linear interpolated weights. This resolves the jumping
artifats.

ing efficiency overhead. In contrast, it improves the train-
ing efficiency compared to training the full model directly
for high compression. From 6, we see that full model
training from scratch (MagViT-v2) for 8× compression re-
quires 2.3s/iter while the progressive growing strategy takes
1.05s/iter. Similarly, training 16× model on top of 8× model
takes 0.57s/iter, compared to 2.6s/iter for full model train-
ing at 16× compression. As a result, progressive growth
allows us to train faster while achieving significantly better
performance with the same number of training iterations
compared to the full training approach. The main reason
why our approach of progressive growing has significantly
lower training time per iteration is because it does not need
a discriminator to grow the model from 4× to 8× or from
8× to 16× temporal compression. Additionally, most of the
encoder and decoder layers are frozen. For fairness of com-
parison, we also train the full-model training (MagViT-v2)
baseline for the same total number of iterations for a given
temporal compression. Even though the full model training
takes ∼3× more training time for 16× temporal compres-
sion compared to our method ProMAG, our method can still
achieve a lot higher quality reconstruction.

F. Reconstruction time Number of Parameters

For fairness of comparison, our model ProMAG follows the
same encoder and decoder configuration to our implementa-
tion of the baseline MagViT-v2 for respective compression

Method Compression Enc. Time Dec. Time # Params

MagViT-v2 8×8×8 0.42 s 0.47 s 793 M
ProMAG 0.61 s 0.47 s 794 M
MagViT-v2 8×8×16 0.44 s 0.83 s 984 M
ProMAG 0.73 s 0.83 s 986 M

Table 7. Details of the reconstruction time and number of parame-
ters of our model ProMAG w.r.t the baseline MagViT-v2. All the
model has latent dimension (z dim) = 8. The times are computed
for 17 frames of 512×512 videos on A100 GPU.

Method Enc. (# Params) Enc. (Time) Dec. (# Params) Dec. (Time)

CogVideoX 92.2M 0.14s 123.3M 0.32s
WF-VAE 84.5M 0.02s 232.4M 0.14s
Wan 53.3M 0.07s 73.2M 0.12s
Hunyuan 100.3M 0.13s 146.1M 0.26s
CV-VAE 69M 0.05s 112M 0.15s
ProMAG 105M 0.08s 231M 0.14s

Table 8. Details of the reconstruction time and number of pa-
rameters of encoder and decoder of our model ProMAG w.r.t the
baselines which perform 4× temporal compression. All the model
has latent dimension (z dim) = 16. The times are computed for
encoding and decoding 17 frames of 512×512 resolution videos
on A100 GPU.

ratios. The difference is the progressive training strategy and
the residual encoding with AdaNorm layers. From Table 7,
the decoding time of our model and baseline MagViT-v2 is
also the same because it follows the design. Only the encod-
ing time of our model is 1.5× that of baseline MagViT-v2
because we need to do two forward passes through the en-
coder, one with the full input and the other with temporally
subsampled input (subsampled by a factor of 2). Addition-
ally, our model ProMAG has almost the same number of pa-
rameters as MagViT-v2; the only slight increase is due to the
learnable parameters in AdaNorm blocks. Even so, for both
8× and 16× temporal compression, our model ProMAG has
much better reconstruction quality than MagViT-v2 trained
directly for 8× or 16× temporal compression. In Table 8,
we show the number of parameters for encoder and decoder
along with the encoding and decoding times between our
model and other baselines with 4× temporal compression.
Note: Our focus (or contribution) is not to have the fastest
or the most efficient video tokenizer.
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Encoder Config 4× 8× 16×
inputs pixels pixels pixels
input size 17× 256× 256 17× 256× 256 17× 256× 256
video fps 6 12 24
latent dimension 5× 32× 32 3× 32× 32 2× 32× 32
Conv-type CausalConv3D CausalConv3D CausalConv3D
base channels 128 128 128
channel multipliers 1,2,4,6 1,2,4,6,6 1,2,4,6,6,6
spatial downsampling strategy true,true,true,false true,true,true,false,false true,true,true,false,false,false
temporal downsampling strategy false,false,true,true false,false,true,true,true false,false,true,true,true,true
downsampling strategy strided Conv strided Conv strided Conv
number of residual blocks 2 2 2
z channels 256 256 256
z dim (number of channels in latent) 8 (or 16) 8 (or 16) 8 (or 16)
Decoder Config
outputs pixels pixels pixels
input (latent) dimension 5× 32× 32 3× 32× 32 2× 32× 32
output size 17× 256× 256 17× 256× 256 17× 256× 256
Conv-type CausalConv3D CausalConv3D CausalConv3D
base channels 128 128 128
channel multipliers 6,4,2,1 6,6,4,2,1 6,6,6,4,2,1
spatial downsampling strategy true,true,true,false false,true,true,true,false false,false,true,true,true,false
temporal downsampling strategy false,true,true,false true,false,true,true,false true,true,false,true,true,false
downsampling strategy nearest + Conv nearest + Conv nearest + Conv
number of residual blocks 3 3 3
z channels 256 256 256
Discriminator Config
discriminator type patchGAN

None None

inputs pixels
input size 17× 256× 256
number of layers 3
kernel size 3× 4× 4
base channels 64
Conv-type Conv3D

Table 9. Details of the encoder and decoder configurations of our video tokenizer ProMAG, and the discriminator configuration for different
temporal compression ratios 4×, 8× and 16×. We use discriminator only for training the 4× base model.
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