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A Corrections

In the main text, line 224 to 227 should actually be placed at the beginning of line 248. We apologize
for the mistake in preparing the manuscript.

B Video Visualization

We provide video samples on https://aaptneurips.blob.core.windows.net/assets/supplementary.html.
We strongly recommend reviewers to visit this webpage to visualize our model’s results.

C Model Architecture

Diffusion Transformer Our diffusion transformer largely follows the MMDIT design [4]. It has
8B parameters and 36 transformer blocks. The discriminator adopts the same architecture. Therefore,
our generator and our discriminator consist of 16B parameters for the adversarial training.

Block Causal Attention We implement block causal attention using Flash Attention 3 [17] in a
for-loop. We find it to provide reasonable performance for training. We leave the exploration for
more performance implementation to future work. For inference, recurrent autoregressive steps are
taken, and Flash Attention 3 can be naturally adopted without a performance penalty.

Positional Embedding As the duration of the generation becomes agnostic to our causal archi-
tecture, we modify the 3D rotary positional embeddings (RoPE) [19]. Specifically, the positional
embeddings continue to stretch dynamically along the spatial dimension to help the model generalize
to different resolutions, while the positional embeddings are changed to have a fixed interval along
the temporal dimension to support arbitrary lengths of training and generation.

Parallelism We adopt FSDP [24]] for data parallelism. We use ZERO 2 for the generator during
student-forcing training that requires recurrent forward calls to avoid repeated parameter gathering,
and ZERO 3 for all other modules to save memory. We also adopt Ulysses [8] as our context parallel
strategy. We shard each video sample across 8 GPUs. Gradient checkpointing is also utilized per
transformer block to fit the memory requirement.

D Training Details

Diffusion Adaptation After changing the architecture to block causal attention and adding the
recycled input channels, we first adapt the model with diffusion training.
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We follow the original model to use the flow-matching parameterization [12]. Specifically, given
sample xo and noise ¢, input is derived through linear interpolation z; = (1 —¢) - z¢ + t - €.
The diffusion timestep is sampled uniformly ¢ ~ 4/(0, 1), then passed through a shifting function
shift(¢,s) := (s x t)/(1 4+ (s — 1) x t), where s = 24. Note that the same timestep is used for the
entire clip without the diffusion-forcing [l1] approach of assigning independent timesteps for each
frame. Our model predicts the velocity v = ¢ — x¢ and is penalized with the mean squared error
loss. We apply the teacher-forcing paradigm and provide the ground-truth frames without noise as
recycled input. The noisy input and the output target are shifted by one frame to facilitate next frame
prediction.

We use AdamW optimizer [13] with a learning rate of le-5 and a weight decay scale of 0.01
throughout the process. We first train on 736x416 (equivalent to 640x480 by area) 5-second videos
for 20k iterations with a batch size of 256. Then, we add 1280x720 to the mix for another 6k
iterations with a batch size of 128. Finally, we turn up the maximum duration of 736 x416 resolution
videos to 15 seconds for 4k iterations with a batch size of 32. This curriculum allows our model to
see enough samples in the early stages and see longer samples in the final stage.

Consistency Distillation Then we apply consistency distillation [[18]] to create a one-step generator.
Although the results after consistency distillation are blurry, it provides a better initialization for the
adversarial training stage, as discovered by APT [11].

We inherit the same AdamW settings and the dataset settings as in the last diffusion adaptation stage.
We distill the model on 32 fixed steps, which are uniformly selected and then passed through the
shifting function with a shifting factor s = 24. We do not apply classifier-free guidance [[6]. We
continue to use the teacher-forcing paradigm to provide ground-truth frames as recycled inputs, and
shift the noisy inputs and output targets by one frame following the diffusion adaptation approach.
We follow the improved consistency distillation technique [[18] and do not apply exponential moving
average on the consistency target. No additional modification is needed for consistency distillation.
The model is trained for 5k iterations.

Adversarial Training Finally, we perform adversarial training. In this stage, we switch to the
student-forcing paradigm, where the generator only takes the first frame as input and recycles the
actual generated frame for the next autoregressive step, strictly following the inference procedure.
Then, the discriminator evaluates the generated results in parallel, producing logits after each frame
for multi-duration discrimination.

We follow APT [[11]] to initialize the generator from the consistency distillation weights, and to
initialize the discriminator from the diffusion adaptation weight. We change to use the relativistic
pairing loss [9]:

»CRpGAN(an €) = f(D(G(e,¢),c) — D(wo, c)), ey
where G,D denote the generator and the discriminator respectively, fg(x) = —log(l + e~ %)
or fp(x) = —log(l 4+ €) is used each of their update steps respectively, ¢ denotes the text

condition and other interactive conditions. We calculate R1 and R2 regularization [[16,|14] through
the approximation technique proposed in APT [[L1]:

LaRl - /\”D(Jio,C) - D(N(x0501)7c)||§a (2)
Lor2 = )‘||D(G(6ac)7c) - D(N(G(QC),O’I),C)H%, 3)

where ¢ = 0.1 and A = 1000. Since the discriminator is initialized from the diffusion model, we
follow APT to provide timesteps by random uniform sampling ¢ ~ (0, 1). We do not shift the
timestep for the discriminator. We use RMSProp optimizer with o = 0.9 following APT [L1].

We first perform training without the long-video extension training technique. The videos are 5s to
10s in duration. We train it using a low learning rate of 3e-6 following APT [11] and a batch size of
256 for 500 generator updates. The resulting model can only generate up to 10 seconds and will drift
for videos longer than 10 seconds.

Then we apply the long video training technique. The training videos are still from 5s to 10s, and we
extend it once with an overlap of s to a total maximum duration of 19s (10 + (10-1)). This stage
is trained for 500 generator updates. Then we turn up the extension to 5 times, to a total maximum
duration of 55s (10 + 5x(10-1)). We find it necessary to decrease the batch size to 64 and increase
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the learning rate to le-5 for the extension training for the model to make adequate changes in a
reasonable amount of time.

Since the generator in student-forcing mode must recurrently perform model forward for each
autoregressive step during training, we switch FSDP to ZERO 2 mode to save all the model parameters
on each machine. This avoids repeated parameter gathering and improves the training seed. The
discriminator and text encoder still adopt ZERO 3 to shard all the model parameters for memory
saving.

We only perform the adversarial training at 640x352 resolution, and we find the model is able to
zero-shot extend to higher resolutions since it has seen higher resolutions at the diffusion adaptation
and the consistency distillation stages.

Computational Resources We use 256 H100 GPUs for our final training and employ gradient
accumulation where necessary to reach our final batch size. The total model is trained in approximately
7 days, where the diffusion adaptation and the long-video adversarial training take the majority of the
time.

E Variational Autoencoder

We train a lightweight VAE decoder to fit the real-time budget. Specifically, our original VAE decoder
has 3 residual blocks per resolution scale, and has channels [128, 256, 512, 512] at each resolution
scale. Our lightweight VAE decoder reduces the number of residual blocks per resolution to 2, and
reduces the channels to [64, 128, 256, 512]. This results in nearly 3 times speed-up without visible
quality degradation.

F Teacher-Forcing Adversarial Training

The adversarial training supports both student-forcing and teacher-forcing modes. To implement
student forcing, the generator runs autoregressively with KV cache and recycles the actual generated
frame as input for the next autoregressive step. The discriminator evaluates the results in parallel. To
implement teacher forcing, the generator takes ground-truth video frames as past prediction inputs
and predicts the next frames in parallel. The discriminator runs autoregressively and always uses the
KV cache from the real videos to attend to the ground-truth past frames.

Figure[I] visualizes teacher-forcing adversarial

training. Specifically, in teacher-forcing mode,  Generator ! Discriminator
the generator given input 11,12, I3 generates : ) ® 9)
02) (03 (04] ! L2 L3 L4

independent output O2, 03, O4. Namely, the :
output O3 only has a correlation with 72 but not l ‘ [ ] { ] [ ]
with O2. Therefore, the discriminator must in- :
dependently evaluate the generated results with ! L] @ 1 o3 B)o4
their correct dependencies to produce logits
L2, L3, L4. Since the discriminator transformer
is causal, the repeated computation can be saved
using KV cache.

Figure 1: Teacher-forcing adversarial training

We have conducted experiments with teacher-forcing adversarial training, and the model fails to
generate reasonable videos as discussed in the main paper. We suspect LLMs are able to train with
teacher-forcing mode because they use a discrete codebook to encode words, where slight inaccuracy
is less relevant. But our model predicts continuous latent values for the entire frame, where slight
inaccuracy accumulates.

G The Importance of Result Recycling

We conduct an experiment to study the importance of result recycling. Specifically, we keep the exact
architecture and training settings, and we mask the recycled input as zero tensors, except the first
frame, which takes in the user image. We find that models trained without recycling input cannot
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generate large motion. Some of the movements become incohesive as well. The video visualization
is provided on our website.

H 12V Evaluation

The table in the main text compares our model under the 736 x416 setting. For the other models we
compare to, we largely follow the default sampling setting for each model, including the number of
steps and CFG [6]]. We also use the default resolution for each model to ensure that the model has
been properly trained on the expected resolution. Specifically, we use 896 x544 for Hunyuan [10],
832x464 for Wan2.1 [22]], 960 <544 for SkyReel-V2 [2]. We note that we run 5 samples per prompt
for all the comparisons per VBench-12V [7] requirement, except for SkyReel-V2 which we only
run 1 sample per prompt and reduce the sampling steps from its default 50 to 30. This is because
SkyReel-V2 is incredibly slow to generate one-minute videos.

We additionally provide the evaluation metrics under the 1280720 resolution in Tab. [I]

Table 1: Quantitative VBench-12V [7] metrics on 1280720 compared to 736x416.
Quality

Subject  Background ~ Motion  Dynamic Aesthetic Imaging
Consistency Consistency Smoothness Degree  Quality  Quality

Condition
v nv
Subject Background

Temporal Frame
Quality Quality

736x416| 89.79 62.16| 87.15 89.74 99.11 76.50 56.77 67.55|96.11  97.52
1280x720| 88.24 64.30| 87.95 90.10 99.16 63.29 57.79 70.80|96.51  98.18

Frames Method Resolution

1440 Ours

I Camera-Conditioned World Exploration

Training We make a few modifications on CameraCtrl II [5] to make it better support causal
generation. First, CameraCtrl II uses Pliicker embeddings to represent the camera position and
orientation, where it treats the first frame as the initial position, and the other frames are relative to the
first frame. This is problematic as the value can grow unbounded if the displacement forever increases.
We change it so that each frame is only relative to the previous frame. Hence, the Pliicker embeddings
only represent the camera changes between immediate frames to prevent unbounded growth of values.
Second, CameraCtrl IT uses the original Pliicker coordinate to represent each camera ray, which
consists of a direction vector and a moment vector. The moment vector encodes the displacement
information, which is computed as the cross product of a point on the line and the direction vector.
We find that this implicit representation unnecessarily increases the complexity for the model to learn.
Rather, we directly encode the camera ray’s origin and direction. Third, the input scaling to the model
is in fact a hyperparameter that is not previously explored. We scale the coordinate inputs to roughly
1 standard deviation to simplify model learning. We also drop samples whose camera embeddings
have very large values. These outliers are caused by inaccurate camera estimation and are detrimental
to the stability of adversarial training. Last, we use random initialization instead of zero initialization
for the input projection of the new channels. We find that random initialization helps the model to
adapt to the new inputs much more quickly.

The camera-conditioned model is trained separately from the 12V model. We start from the 12V
diffusion adaptation weights and continue training on the camera-conditioned task. The consistency
distillation and adversarial training are done separately for this dedicated model. The training settings
are mostly the same as the I2V model. For the long-video extension training, we randomly sample
new camera trajectories for the extended parts.

Evaluation Our evaluation metrics follow CameraCtrl IT [S]]. Specifically, we compute Fréchet
Video Distance (FVD) [21]] against the ground-truth videos. We compute the movement strength
(Mov) on RAFT-extracted [20] dense optical flow of foreground objects identified by TMO-
generated [3]] segmentation masks. Translational (Trans) and rotational (Rot) errors are computed by
comparing estimated camera parameters using VGGSfM [23]] with the ground truth. Geometric Con-
sistency (Geo) is computed as the successful ratio of VGGSM to estimate camera parameters. This
indicates the quality of 3D geometry consistency of the generated scene. Appearance Consistency
(Apr) is computed by comparing the cosine distance of each frame’s CLIP [15]] vision embedding to
the average of the entire video clip.
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J Societal Impacts

Our work proposes a new approach for real-time streaming video generation for interactive appli-
cations. Our approach is faster and more computationally efficient than existing approaches. This
potentially enables the adoption of more real-time interactive applications. We do not consider our
work to bring risk for significant negative societal impacts. The videos generated by our method still
contain imperfections that are easy to identify as generated videos, which prevents the technology
from being used for malicious purposes.
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