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A. Progressive Growing - from 8x to 16 x Tem-
poral Compression

In Figure 2 of the main paper we illustrate our method of
growing the temporal compression of the 4 x video tokenizer
to 8x temporal compression. In Figure 1, we show the
details of our entire method, i.e., growing the base 4 x model
to 8x then ultimately to 16X 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 4, we describe the details
of our tokenizer architecture for 4, 8 x and 16 x temporal
compression models. The encoder and decoder design of
our model, ProMAG follows MagViT-v2 structure. The
discriminator is taken from Stable Diffusion VAE [6], 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 x 256 resolu-
tion.

* Reconstruction loss weight: 1.0.

* Generator loss type: Hinge Loss [4].

* Generator adversarial loss weight: 0.1 for 4x and 0.0
for 8 x and 16x (Note: we do not use discriminator to
progressively grow the model to 8 x and 16x temporal
compression.)

* Discriminator gradient penalty: 0.0 r1 weight.

* VGG Perceptual loss weight: 1.0.

» KL-Divergence loss weight: le-12.

» Tokenizer Learning rate: 0.0001.

 Tokenizer Optimizer Params: Adam with 5; = 0.9 and
B2 = 0.99.

» Tokenizer weight decay: 0.0001

* Discriminator Learning rate: 0.0001.

* Discriminator Optimizer Params: Adam with 5; = 0.9
and 3> = 0.99.

* Discriminator weight decay: 0.0001

* Training iterations: 300K for 4x model, 100K for 8x
model (on top of 4 x model), 100K for 16 x model (on top
of 8 x 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 [5], composed of multiple Trans-
former blocks, where we replace spatial self-attention with
spatial-temporal self- attention blocks. The model architec-
ture is similar to the diffusion transformer in CogVideoX [8].
Following them, we also keep the number of model parame-
ters 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
arelatively 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 x temporal compression) is compatible with DiT training
and can achieve a similar quality to 4x compressed latent
space. Our goal is not to compete with state-of-the-art text-
to-video models.

Training Details. Following standard practices [1-3, 7],
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 x latent space, we can use the same token
budget for 340 frames (= 20 latent frames for 16 x temporal
compression), which is the same as 136 frames with 4x
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Figure 1. Methodology. Figure shows details of our complete method of progressive growing for extending the temporal compression to
16x from 4x compression. In Stage I (top) we show a method of training our base 4 x video tokenizer. (middle) Stage II we illustrate
the detailed method of growing the base 4 x model to achieve 8 x temporal compression. (bottom) Stage III we extend the 8 x temporal
compression model to achieve 16 x temporal compression. A/ (z) represent a standard normal distribution.

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 16x
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 [9], train ProMAG on 17 frame video,
for all 4x, 8x and 16x temporal compression ratio. 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.
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 encoding in
chunks with overlap of few frames (in this case of 4 frames)
Figure 2. The overlapped regions in the output is blended in
pixel-space with linear interpolated weights. This resolves
the jumping artifacts perceptually both in reconstruction
and video generation results (please refer to video results
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Figure 2. 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.

showing this in the supplementary videos).

E. Training Efficiency of Our Approach

Method Compression  Time/iter Total 1t§rs Training t}me
(cumulative)  (cumulative)
MagViT-v2 Sx8xA 0.42s 300K 1.45 days
ProMAG 0.42s 300K 1.45 days
T MagViTv2 g ;é;é T 092s T 400K T 425days
ProMAG (4x — 8x) 0.42s 400K 1.94 days
CMagViTv2 é;gfxfléf " 104s T 500K 6.0ldays
ProMAG (8x — 16x) 0.23s 500K 2.21 days

Table 1. 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 X256 videos on H100 GPU.

Our progressive-growing method does not cause any train-
ing efficiency overhead. In contrast, it improves the train-
ing efficiency compared to training the full model directly
for high compression. From 1, we see that full model
training from scratch (MagViT-v2) for 8§ x compression re-
quires 2.3s/iter while the progressive growing strategy takes
1.05s/iter. Similarly, training 16 X model on top of 8 x model
takes 0.57s/iter, compared to 2.6s/iter for full model train-
ing at 16x 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 4x to 8 X or from
8% to 16 x 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 ~3x more training time for 16 x temporal compres-
sion compared to our method ProMAG, our method can still
achieve a lot higher quality reconstruction.

F. Reconstruction time Number of Parameters

Method Compression  Enc. Time Dec. Time # Params
MagViT-v2 8x8x8 042s 047s 793 M
CPoMAG 0.61s  047s  794M
MagViT-v2 8x8x16 0.44s 0.83s 984 M
ProMAG 0.73 s 0.83s 986 M

Table 2. 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 512x512 videos on A100 GPU.

Method Enc. (# Params) Enc. (Time) Dec. (# Params) Dec. (Time)
CogVideoX 92.2M 0.14s 123.3M 0.32s
WE-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 69OM 0.05s 112M 0.15s
ProMAG 105M 0.08s 231M 0.14s

Table 3. 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 x temporal compression. All the model
has latent dimension (z_dim) = 16. The times are computed for
encoding and decoding 17 frames of 512x512 resolution videos
on A100 GPU.

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
ratios. The difference is the progressive training strategy and
the residual encoding with AdaNorm layers. From Table 2,
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 1.5x 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 16x temporal compression, our model ProMAG has
much better reconstruction quality than MagViT-v2 trained
directly for 8 x or 16x temporal compression. In Table 3,
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 x temporal compression.
Note: Our focus (or contribution) is not to have the fastest
or the most efficient video tokenizer.



Encoder Config 4x 8% 16 %

inputs pixels pixels pixels
input size 17 x 256 x 256 17 x 256 x 256 17 x 256 x 256
video fps 6 12 24

latent dimension 9% 32 x 32 3% 32 x 32 2 %32 x 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
temporal downsampling strategy
downsampling strategy

true,true,true,false
false,false,true,true
strided Conv

true,true,true,false,false
false,false,true,true,true
strided Conv

true,true,true,false,false,false
false,false,true,true,true,true
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% 32x 32 3x32x32 2x32x 32
output size 17 x 256 x 256 17 x 256 x 256 17 x 256 x 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
temporal downsampling strategy
downsampling strategy

true,true,true,false
false,true,true,false
nearest + Conv

false,true,true,true,false
true,false,true,true,false
nearest + Conv

false,false,true,true,true,false
true,true,false,true,true,false
nearest + Conv

number of residual blocks 3 3 3
z_channels 256 256 256
Discriminator Config

discriminator type patchGAN

inputs pixels

input size 17 x 256 x 256

number of layers 3 None None
kernel size 3x4x4

base channels 64

Conv-type Conv3D

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