This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

Towards End-to-End Generative Modeling of Long Videos
with Memory-Efficient Bidirectional Transformers

Jaehoon Yoo'!, Semin Kim!, Doyup Lee?, Chiheon Kim?, Seunghoon Hong!
'KAIST, ?Kakao Brain

{wogns98, kimsmll21l, seunghoon.hong}@kaist.ac.kr, {damien.re, frost.conv}@kakaobrain.com

Abstract

Autoregressive transformers have shown remarkable
success in video generation. However, the transformers are
prohibited from directly learning the long-term dependency
in videos due to the quadratic complexity of self-attention,
and inherently suffering from slow inference time and er-
ror propagation due to the autoregressive process. In this
paper, we propose Memory-efficient Bidirectional Trans-
former (MeBT) for end-to-end learning of long-term depen-
dency in videos and fast inference. Based on recent ad-
vances in bidirectional transformers, our method learns to
decode the entire spatio-temporal volume of a video in par-
allel from partially observed patches. The proposed trans-
former achieves a linear time complexity in both encoding
and decoding, by projecting observable context tokens into
a fixed number of latent tokens and conditioning them to
decode the masked tokens through the cross-attention. Em-
powered by linear complexity and bidirectional modeling,
our method demonstrates significant improvement over the
autoregressive transformers for generating moderately long
videos in both quality and speed. Videos and code are avail-
able at https://sites.google.com/view/mebt-cvpr2023.

1. Introduction

Modeling the generative process of videos is an impor-
tant yet challenging problem. Compared to images, gener-
ating convincing videos requires not only producing high-
quality frames but also maintaining their semantic struc-
tures and dynamics coherently over long timescale [1 1, 16,

,36,38,54].

Recently, autoregressive transformers on discrete repre-
sentation of videos have shown promising generative mod-
eling performances [11,32,51,53]. Such methods generally
involve two stages, where the video frames are first turned
into discrete tokens through vector quantization, and then
their sequential dynamics are modeled by an autoregressive
transformer. Powered by the flexibility of discrete distri-

butions and the expressiveness of transformer architecture,
these methods demonstrate impressive results in learning
and synthesizing high-fidelity videos.

However, autoregressive transformers for videos suffer
from critical scaling issues in both training and inference.
During training, due to the quadratic cost of self-attention,
the transformers are forced to learn the joint distribution of
frames entirely from short videos (e.g., 16 frames [ 1,53])
and cannot directly learn the statistical dependencies of
frames over long timescales. During inference, the mod-
els are challenged by two issues of autoregressive gener-
ative process — its serial process significantly slows down
the inference speed, and perhaps more importantly, autore-
gressive prediction is prone to error propagation where the
prediction error of the frames accumulates over time.

To (partially) address the issues, prior works proposed
improved transformers for generative modeling of videos,
which are categorized as the following: (a) Employing
sparse attention to improve scaling during training [12, 16,

], (b) Hierarchical approaches that employ separate mod-
els in different frame rates to generate long videos with
a smaller computation budget [! 1, 16], and (¢) Remov-
ing autoregression by formulating the generative process as
masked token prediction and training a bidirectional trans-
former [12, 13]. While each approach is effective in ad-
dressing specific limitations in autoregressive transformers,
none of them provides comprehensive solutions to afore-
mentioned problems — (a, b) still inherits the problems in
autoregressive inference and cannot leverage the long-term
dependency by design due to the local attention window,
and (c) is not appropriate to learn long-range dependency
due to the quadratic computation cost. We believe that an
alternative that jointly resolves all the issues would provide
a promising approach towards powerful and efficient video
generative modeling with transformers.

In this work, we propose an efficient transformer for
video synthesis that can fully leverage the long-range de-
pendency of video frames during training, while being able
to achieve fast generation and robustness to error propaga-
tion. We achieve the former with a linear complexity ar-
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chitecture that still imposes dense dependencies across all
timesteps, and the latter by removing autoregressive seri-
alization through masked generation with a bidirectional
transformer. While conceptually simple, we show that ef-
ficient dense architecture and masked generation are highly
complementary, and when combined together, lead to sub-
stantial improvements in modeling longer videos compared
to previous works both in training and inference. The con-
tributions of this paper are as follows:

e We propose Memory-efficient Bidirectional Trans-
former (MeBT) for generative modeling of video. Un-
like prior methods, MeBT can directly learn long-
range dependency from training videos while enjoying
fast inference and robustness in error propagation.

* To train MeBT for moderately long videos, we propose
a simple yet effective curriculum learning that guides
the model to learn short- to long-term dependencies
gradually over training.

* We evaluate MeBT on three challenging real-world
video datasets. MeBT achieves a performance compet-
itive to state-of-the-arts for short videos of 16 frames,
and outperforms all for long videos of 128 frames
while being considerably more efficient in memory
and computation during training and inference.

2. Background

This section introduces generative transformers for
videos that utilize discrete token representation, which can
be categorized into autoregressive and bidirectional models.

Let x € RT*HXWX3 pe 3 video. To model its genera-
tive distribution p(x), prior works on transformers employ
discrete latent representation of frames y € R*h>xwxd and
model the prior distribution on the latent space p(y).

Vector Quantization To map a video x into discrete to-
kens y, previous works [11, 13, 32,48, 51] utilize vector
quantization with an encoder E' that maps x onto a learn-
able codebook F' = {e;}, [45]. Specifically, given
a video x, the encoder produces continuous embeddings
h = E(x) € Rt*"*wxd and searches for the nearest code
e, € F.

The encoder E is trained through an autoencoding
framework by introducing a decoder D that takes discrete
tokens y and produces reconstruction X = D(y). The en-
coder E, codebook F', and the decoder D are optimized
with the following training objective:

Ly = |lx =[5 +[[sg(h) -yl + Bllsg(y) — hl[3,
e))
where sg denotes stop-gradient operator. In practice, to

improve the quality of discrete representations, additional
perceptual loss and adversarial loss are often introduced [9].

For the choice of the encoder E, we utilize 3D convo-
lutional networks that compress a video in both spatial and
temporal dimensions following prior works [11,53].

Autoregressive Transformers Given the discrete latent
representations y € R*Pxwxd  generative modeling of
videos boils down to modeling the prior p(y). Prior work
based on autoregressive transformers employ a sequential
factorization p(y) = II;< np(¥i|y<;) where N = thw, and
use a transformer to model the conditional distribution of
each token p(y;|y<;). The transformer is trained to mini-
mize the following negative log-likelihood of training data:

Lo=> —logp(yily<i)- )

i<N

During inference, the transformer generates a video by
sequentially sampling each token y; from the conditional
p(yily<i) based on context y.;. The sampled tokens y are
then mapped back to a video using the decoder D.

While simple and powerful, autoregressive transform-
ers for videos suffer from critical scaling issues. First,
each conditional p(y,|y<,) involves O(n?) computational
cost due to the quadratic complexity of self-attention. This
forces the model to only utilize short-term context in both
training and inference, making it inappropriate in modeling
spatio-temporal long-term coherence. Furthermore, during
inference, the sequential decoding requires N model pre-
dictions that recursively depend on the previous one. This
leads to a slow inference, and more notably, a potential error
propagation over space and time since the prediction error
at a certain token accumulates over the remaining decod-
ing steps. This is particularly problematic for videos since
N is often very large as tokenization spans both spatial and
temporal dimensions.

Bidirectional Transformers To improve the decoding ef-
ficiency of autoregressive transformers, bidirectional gener-
ative transformers have been proposed [5, |13, 56]. Contrary
to autoregressive models that predict a single consecutive
token at each step, a bidirectional transformer learns to pre-
dict multiple masked tokens at once based on the previously
generated context. Specifically, given the random masking
indicesm C {1, ..., N}, it models the joint distribution over
masked tokens y s = {y;|i € m} conditioned on the visi-
ble context yo = {y;|i ¢ m}, and is trained with the below
objective:

Ly = —logp(ymlyc,zm) = =Y —logp(yilyc, zum),

Em
3)
where mask embeddings z); encode positions of the mask
tokens with learnable vectors. Each conditional in Eq. (3)
is modeled by a transformer, but contrary to autoregressive
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Figure 1. Overview of our method. Our model learns to predict masked tokens from the context tokens with linear complexity encoder and
decoder. The encoder and decoder utilize latent bottlenecks to achieve linear complexity while performing full dependency modeling.

models that apply causal masking, bidirectional transform-
ers operate on entire tokens y = yco U yas. During in-
ference, the model is initialized with empty context (i.e.,
yc = 0), and performs iterative decoding by predicting the
probability over all masked tokens y ;s by Eq. (3) and sam-
pling their subset as the context for the next iteration.

Adopting bidirectional transformers to model videos has
two advantages compared to autoregressive transformers.
First, by decoding multiple tokens at once, bidirectional
transformers enjoy a better parallelization and smaller de-
coding steps than autoregressive transformers which results
in a faster sampling. Second, bidirectional transformers are
more robust to error propagation than autoregressive coun-
terparts since the decoding of the masked token is indepen-
dent of the temporal order, allowing consistent prediction
quality over time. However, complexity of the bidirectional
transformers is still quadratic to the number of tokens, lim-
iting the length of training videos to only short sequences
thus hindering learning long-term dependencies.

3. Memory-efficient Bidirectional Transformer

Our goal is to design a generative transformer for videos
that can perform fast inference with a robustness to error
propagation, while being able to fully leverage the long-
range statistical dependency of video frames in training.

For inference speed and robustness, we adopt the bidi-
rectional approach and parameterize the joint distribution
of masked tokens p(yu|yc,zn) ~ Wiemp(yilyc,zu)
(Eq. (3)) with a transformer. For learning long-range depen-
dency, we take a simple approach of employing an efficient
transformer architecture [40] of sub-quadratic complexity
and directly training it with longer videos. While sparse at-
tention (e.g., local, axial, strided) is dominant in autoregres-
sive transformers to reduce complexity [11,12,16,51], we
find it potentially problematic for bidirectional transformers

since the context y can be provided for an arbitrary sub-
set of token positions that often cannot be covered by the
fixed sparse attention patterns'. Thus, unlike prior work,
we design an efficient bidirectional transformer based on
low-rank latent bottleneck [17,18,21,25,30,49] that always
enables a dense attention dependency over all token posi-
tions while guaranteeing linear complexity.

To this end, we propose Memory-efficient Bidirectional
Transformer (MeBT) for generative modeling of videos.
The overall framework of MeBT is illustrated in Fig. 1. To
predict the masked tokens y,; from the context tokens y ¢,
MeBT employs an encoder-decoder architecture based on
a fixed number of latent bottleneck tokens z; € RNr*d
with N;, < N. The encoder projects the context tokens y ¢
to the latent tokens z;,, and the decoder utilizes the latent
tokens z, to predict the masked tokens y ;. Overall, the
encoder and decoder exploit the latent bottleneck to achieve
a linear complexity O(N) while performing a full depen-
dency modeling across the token positions. In the following
sections, we describe the details of the encoder, decoder,
and the training and inference procedures of MeBT.

3.1. Encoder Architecture

The encoder aims to project all previously generated
context tokens y¢ to fixed-size latent bottleneck z; with
a memory and time cost linear to context size O(N¢).
Following prior work on transformers with latent bottle-
necks [17, 18,21, 25, 30], we construct the encoder as an
alternating stack of two types of attention layers that pro-
gressively update the latent tokens based on the provided
context tokens. Specifically, as illustrated in Fig. 2, the first
layer updates the latent tokens by cross-attending to context
tokens, and the second one updates the latent tokens by per-

Note that, in autoregressive transformers, the context y «; (Eq. (2)) is
always the entire past, allowing sparse attention to robustly see the context.
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Figure 2. Encoder architecture. Our encoder compresses the con-
text tokens into fixed number of latent tokens.

forming self-attention within them. By stacking the layers,
the encoder progressively gathers appropriate contextual in-
formation into the latent tokens as well as flexibly updating
their state through the exchanges of latent information.

Our encoder with latent bottleneck can benefit bidirec-
tional modeling of videos in several ways. First, since we
employ the fixed-size latent tokens independent to the video
length, the complexity of the encoder scales linearly to the
number of context tokens, allowing it to directly learn and
model long-range dependency by taking longer videos with
a reduced memory footprint. More importantly, unlike the
sparse attention [ 12, 15] or hierarchical methods [11,16] that
capture partial dependency among the predefined local sub-
set of context tokens, our encoder always captures full ob-
servations of any given set of context tokens by exploiting
the latent bottleneck. This property suits well with the bidi-
rectional modeling since the context tokens can be given
as an arbitrary subset of a video often beyond the hand-
designed patterns of sparse attention.

3.2. Decoder Architecture

Given the latent bottleneck z;, as a proxy of context’, the
decoder aims to predict the masked tokens y,; by updat-
ing the mask embeddings z,,. Since the standard masked
modeling [5, 8, 14] of applying a bidirectional transformer
on mask and context {zs,zy} leads to a complexity of
O((Nyr + N1)?), we opt into an efficient decoder that re-
duces the cost to linear to mask size O (N, ) while preserv-
ing as much modeling capacity as possible.

We construct our decoder as a stack of two types of atten-
tion layers that update the latent tokens z;, and mask tokens
z)s in an alternating manner. More specifically, as illus-
trated in Fig. 3, the first layer updates latent tokens z;, by
attending to both latent and mask {zy,, zs }, and the second
layer updates mask tokens zj; by attending to the latent to-
kens zy. After being processed by the decoder, the mask
tokens z,; are then used to predict the masked tokens y ;.

Our decoder achieves linear complexity while retaining a
high expressive power, thus being suitable for directly learn-

2Since the latent tokens zy, are a proxy of context, we use latent and
context interchangeably to refer to them when describing the decoder.

Latent tokens z,

Predicted tokens y

Latent tokens z,
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Figure 3. Decoder architecture. Our decoder predicts the masked
tokens based on the latent tokens encoding the entire context.

ing and generating long-term dependency. Since the two at-
tention types have O(Np x (N1 + Nas))) and O(NpNyy))
complexities respectively, our decoder overall achieves a
linear complexity to mask size Njs. Still, we note that
this efficient decoder retains much of the modeling capac-
ity of standard masked decoders [5, 8, 14] that employ full
self-attention on context and mask {z,,zy,}. This is seen
by decomposing their all-to-all dependency {zr,zn} —
{zr,zn } into all-to-context {zr,, 2z} — zr, context-to-
mask z;, — zn;, and mask-to-mask zy; — zp; depen-
dencies. In our efficient decoder, the all-to-context and
context-to-mask dependencies are precisely modeled by the
two types of attention layers, and the mask-to-mask depen-
dency is approximately modeled through the composition of
the layers by exploiting the latent tokens z;, as an interme-
diate bottleneck. More specifically, to model zy; — zy,
our decoder imposes a low-rank approximation through the
fixed-size latent representation z; — z; — zp;. While
such approximation appears in a range of prior work on ef-
ficient transformers [21, 25, 30, 49], to our knowledge, we
are the first to employ it for bidirectional video generation.

3.3. Training and Inference

Training To train bidirectional transformers for masked
token prediction objective in Eq. (3), prior works [5, 1 2] em-
ployed random sampling of the masking indices m. Specif-
ically, it choose masking ratio » € (0, 1] according to a
predefined schedule function, and sample Ny, = [rN|
unique masking indices randomly by m ~ Uniform(1, V).
Although such strategy works well with images or short
videos, we observe that training with the strategy directly on
moderately long videos often leads to suboptimal solution.
This is presumably because sampling temporally distant to-
kens at early stage of training makes the task too difficult,
preventing model to learn important local structures.

To resolve the issue, we propose a simple curriculum-
based training that guides the model to learn from short- to
long-term sequences gradually over training. To this end,
we define an interval scheduling function that dictates the
lengths (intervals) v of training videos at a particular train-

22891



— n=0k
/5\ n=_8k
~ n=16k
< n="24k
n=32k
5 10 15 20 25 30
v

Figure 4. Visualization of the interval scheduling function.
ing iteration n by:

_ 1 n)2
Pr (V) X exp (—(1)2152"‘)) D)

where o and 3 are hyperparameters. Eq. (4) characterizes
a Gaussian distribution of training video lengths v whose
mean gradually increases by the training iterations n with
a speed determined by « (Fig. 4). At every training iter-
ation n, we sample the interval v € (1,t] by first sam-
pling © ~ p,(v) and truncating it within a valid range by
v = min(max(1, [9]),t). Then we sample v consecutive
frames randomly in a video, and sample the masking indices
m and the context tokens randomly within the sampled in-
terval as discussed above. We found that such curriculum
learning is effective in stabilizing training and improving
the prediction quality for long videos (Section 5.4).

Inference During inference, MeBT generates videos by
iteratively decoding subsets of mask tokens. To this end,
we define a mask sampling function v on [0, 1] that de-
creases from v(0) = 1 to (1) = 0. At each decoding step
s €{0,---,S—1}, our method produces predictions on the
mask tokens by Eq. (3), and updates the context tokens with
top N mask tokens according to their sampled probability
where Ny = N — [y(5)N. The process is iteratively ap-
plied .S times until all tokens are included in the context. In
addition to the naive decoding, we also adopt the revision
phase proposed in [24]. In this stage, we randomly divide
the indices evenly into R partitions IT = {m;,--- ,mpg},
and revise the tokens in m; based on the contexts. We found
that the additional revision is helpful to improve the consis-
tency and fidelity of generated videos.

4. Related Work

Video Generative Models Video generative models have
shown rapid growth with the advance of generative frame-
works. Various approaches based on Generative Adver-
sarial Networks (GAN) [6, 19, 33, 34,41, 43], Variational
Autoencoders (VAE) [2, 7, 10, 23, 36], and Implicit Neu-
ral Representations (INR) [38, 54] are proposed to extend
the image generative models to powerful video sequence
models. Despite the impressive success, these methods are
mostly displayed in simple and short videos, while progress
in modeling complex scenes and motions is still behind ones
in the image domains. Recently, autoregressive transform-
ers [11,16,32,51,53] demonstrated promising results in

modeling complex videos, closing the gap between the im-
age and video generative models. However, they are mostly
limited in short-term videos due to quadratic computation,
and inherently suffer from slow inference time and error
propagation due to autoregressive process. This motivates
us to seek efficient yet robust transformers for long-term
videos. Long-term video generation has been studied under
various context, often conditioned on powerful side infor-
mation such as real frames [2,4, 10,26, 36, 50], dense pixel
labels [1,27,28], action sequences [22,46], or text descrip-
tion [16,51]. Apart from these, we study the potential of
transformers for unconditional long-term video generation.

Efficient Transformers To improve the scalability of
transformers for long sequences, a large volume of work
has been developed to approximate the quadratic computa-
tion. One promising direction is sparse attention that ap-
proximates dense pair-wise attention by restricting the size
of the neighborhood that each token can attend to [3, 12,

, 16,51,55]. However, the fixed sparsity patterns are
often incomprehensive to cover various token-wise depen-
dencies in broad applications, especially when combined
with masked bidirectional transformers with high mask-
ing ratio. The other line of work proposed latent bottle-
neck [17,18,21,25,30] that projects the input to fewer la-
tent embeddings. Latent bottleneck can be easily combined
with bidirectional transformers as it models dense depen-
dencies between tokens, and this work is the first attempt to
demonstrate it in videos.

5. Experiments

5.1. Experimental Setup

Datasets We evaluate our method on three popular video
benchmarks; SkyTimelapse [52], Taichi-HD [37], and
UCF-101 [39]. For each dataset, we use 16- and 128-frame-
long videos for evaluation of short-term and long-term gen-
eration, respectively. Following prior works, all videos are
pre-processed with 128 x 128 spatial resolution. More de-
tails are described in the Appendix (Section A.2).

Evaluation metrics We evaluate the quality of the gener-
ated videos using Fréchet Video Distance (FVD) [44] and
Kernel Video Distance (KVD) [44] based on an I3D net-
work trained on Kinetics-600 [20]. For 16-frame videos, we
follow the evaluation protocol of [34] and report the aver-
age score over 10 runs where each run samples 2048 videos.
For 128-frame videos, we sample 512 videos 5 times and re-
port the average score. For UCF-101 dataset, we also mea-
sure the Inception Score (IS) [35] with a pre-trained C3D
model [42] following the prior works [11,31,47]. To eval-
uate the generation quality over time on longer videos (128
frames), we also measure FVD for every 8 frames using a
sliding window of 16 frame length. Furthermore, we evalu-
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Table 1. Quantitative results on 16-frame video generation. * denotes the models trained on both training and validation splits.

(a) SkyTimelapse (c) UCF-101
Method Memory (GB) Inf.Time FVDis ({) KVDis ({) Method IS (1) FVDis ({)
MoCoGAN-HD 22.4 0.04s 183.645.2 13.9+0.7 TGAN 11.85+.07 -
DIGAN 4.8 0.04s 114.6+4.9 6.8+0.5 LDVD-GAN 22.91+.10 -
TATS-base 21.9 14.3s 132.6+2.6 5.7+0.3 VideoGPT 24.69+ .30 -
MeBT (Ours) 9.5 1.10s 90.4:1.5 2.6+0.1 MoCoGAN-HD* 32.36 838
DIGAN 29.714+ 53 655+22
(b) Taichi-HD DIGAN* 32.70+.35 577 +21
N CCVS*+StyleGAN 2447+ .13 38615
Method Memory (GB) Inf.Time FVDis ({) KVDis ({) StyleGAN-V* 23.944 75 i}
MoCoGAN-HD 22.4 0.04s 144.7+6.0 254119 Video Diffusion* 57.00+.62 -
DIGAN 4.8 0.04s 128.1+4.0 20.6+1.1 TATS-base 57.63+ .24 420+1s
TATS-base 21.9 14.3s 94.612.7 9.8+1.0 Real data 90.52 -
MeBT (Ours) 9.5 1.36s 122.7+4.9 16.941.11 MeBT (Ours) 65.93+.79 438+1s

ate the efficiency of the models by measuring the peak train-
ing memory and inference time with batch size 4.

Implementation For discrete tokenization, we use the of-
ficial VQGAN checkpoints from [ 1] that have a compres-
sion ratio of 4 and 8 in temporal and spatial dimensions, re-
spectively. For a fair comparison, we match the number of
parameters and layers in our method to be roughly the same
as other transformer-based baseline [11]. We set the size of
the latent bottleneck to Nz, = 256 for every experiment. We
train 16-frame MeBT without curriculum while 128-frame
MeBT models are trained with the proposed learning sched-
ule in Section 3.3. For the interval scheduling function, we
use B = 2 for all datasets while « = 30K for SkyTimelapse
and a« = 100K for Taichi-HD and UCF-101. More details
on training are described in Appendix (Section A.1).

5.2. Results on Short-term Video Generation

Baselines We compare our method with state-of-the-art
video generative models whose pre-trained models are pub-
licly available. In all datasets, we employ MoCoGAN-
HD [41] and DIGAN [54] as methods based on Genera-
tive Adversarial Networks (GAN), and TATS [11] as the
state-of-the-art autoregressive transformer that differs only
in architecture while sharing the same quantization code-
book with ours. We also present comparisons to other un-
conditional models in UCF-101 using the reported numbers.

Results Table | summarizes the results on short-term
video generation (16 frames). Overall, we observe that
our method exhibits competitive performance to the state-
of-the-art approaches. Our method outperforms all non-
transformer baselines by a large margin in all datasets, and
competitive performance to other autoregressive transform-
ers (TATS and CCVS); it achieves the best and the second-
best performance in SkyTimelapse and Taichi-HD, respec-
tively, and the best Inception score in UCF-101. Compared
to TATS, however, our method exhibits considerable im-

provement in efficiency in both training and inference; it
reduces the peak training memory usage by 33-45% while
improving the inference speed by 10-20 times. Note that
the gap increases rapidly in longer videos as the asymp-
totic complexity is quadratic in TATS but linear in MeBT.
Overall, our results show that MeBT provides compelling
short-term generation performance while reducing compu-
tation cost significantly. It allows our model to be trained
with longer videos to model interesting long-term dynam-
ics, which is described in the next section.

5.3. Results on Long-term Video Generation

Baselines We evaluate our method with five strong base-
lines: MoCoGAN-HD [41], CCVS [31]%, and TATS [11]
as strong autoregressive approaches that recursively gen-
erate long videos conditioned on the previous generation,
and DIGAN [54] as an implicit network that directly gener-
ates each frame independently conditioned on latent vari-
able. We also compare with the hierarchical variants of
TATS [11] that generates videos in coarse-to-fine manner
using two separate transformers; one generates keyframes
in coarse temporal scale, and the other interpolates missing
frames between two consecutive keyframes. We trained the
baselines on 128-frame videos if their training peak mem-
ory stays under the VRAM capacity, and used 16-frames
otherwise. See the Appendix for more details on the base-
lines (Section A.3).

Results Table 2 and Figure 5 summarize the quantita-
tive and qualitative comparisons on long-term video syn-
thesis, respectively. The quantitative results show that our
method outperforms all baselines by a large margin over
all datasets. More specifically, the qualitative results dis-
play that the prediction error accumulates over time in naive
autoregressive transformers (Fig. 5(b)), which is partly ad-

3For CCVS, we report the results only in UCF-101 dataset where the
official pre-trained model is available.
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Table 2. Quantitative results on 128-frame video generation. The subscripts on methods denote the length of training videos.

SkyTimelapse Taichi-HD UCF-101
Method FVDi9s () KVDigs ({) InfTime FVDjog () KVDigs(!) Inf.Time FVDiss({) KVDias () Inf.Time
MoCoGAN-HD; 5 49815 234130 0.37s 991 423 29012 0.37s 1622455 1186.4 0.37s
DIGAN; 28 331413 9+0.38 0.12s 764410 230+25 0.12s 1627451 122410 0.12s
CCVSy6 N/A N/A N/A N/A N/A N/A 1411445 121411 219s
TATS—baSClG 435412 194150 110s 458421 211418 110s 1107431 91.8+s.5 110s
TATS—hierarchica1128 455412 214099 127s 803140 37143 127s 1138453 83.41116 127s
MeBT; 25 (Ours) 23936 S5.1x0.16 6.53s 39910 13913 6.62s 96875 75.5+12.1 7.53s

(d)

@&&&h&&&&ﬁ&#‘*

Figure 5. Qualitative results on 128-frame video generation with different models on the UCF-101 dataset: (a) MeBT (Ours), (b) TATS-
base, (c) TATS-hierarchical, (d) DIGAN. We present every 10th frames from the generated videos. More results are in Appendix (Fig. 9-11).

(a) SkyTimelapse

(b) Taichi-HD

() UCF-101

Figure 6. Qualitative results of MeBT on 128-frame videos. We
present every 16th frames from the generated videos.

dressed in the hierarchical method yet suffering from the
inconsistency at keyframe boundaries and inaccurate inter-
polation (Fig. 5(c)). The DIGAN based on implicit repre-
sentation exhibits more robustness to error propagation due
to non-autoregressive generation process, yet fails to cap-
ture meaningful structures in complex videos (Fig. 5(d)).
Compared to these methods, MeBT generates convincing

videos by generating not only high-fidelity frames consis-
tently over time but also coherent semantic structures and
dynamics, such as a person leaving and re-entering the
scene (Fig. 5(a)), by exploiting long-term dependencies.
Figure 6 illustrates more qualitative results of our method. It
shows that MeBT can capture interesting long-term dynam-
ics, such as global dynamics as the sun goes down over the
water (Fig. 6(a)), complex dynamics of a human (Fig. 6(b))
and combination of human and camera motion (Fig. 6(c)).

To assess the consistency of generation quality, we mea-
sure FVD over time relative to the initial predictions and
summarize the results in Figure 7. The autoregressive mod-
els (MoCoGAN-HD, CCVS, and TATS-base) suffer from
dramatic error propagation. Conversely, the hierarchical
model (TATS-hierarchical) is plagued by inconsistencies
around keyframe boundaries that manifest as zigzag pat-
terns. In contrast, DIGAN and MeBT achieve near-zero
quality degradation in all datasets (A FVD = 0) due
to their non-autoregressive design and end-to-end training
with long sequences. Nevertheless, unlike MeBT, DIGAN
fails to generate meaningful structures as discussed in pre-
vious paragraphs (Table 2).

5.4. Ablation Studies

This section presents component-wise analysis of MeBT.
All experiments are conducted with SkyTimelapse videos.
Except for the ablation studies about long-range depen-
dency modeling, we used 16-frame model for simplicity.
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Figure 7. Evaluation of generation quality over time. FVD is measured in 16-frame interval relative to the initial prediction.

Table 3. Ablation study on decoder design and bottleneck sizes.

Decoder Ny | Memory FVD1g KVD1g
Full 128 ‘ 18.2 GB 922422  2.6+.12
Ours 32 6.0 GB 110.842.4  4.0+.15
Ours 128 7.4 GB 95.2+1.5 2.8+.11
Ours 256 9.5GB 9044115 2.8+.17
Ours 512 | 14.7GB 90.8+2.1 2.6+.14

Table 4. Ablation study on attention and scheduling functions. The
training peak memory is measured with batch size 1.

Model Schedule ‘ FVDjog KVDiag Memory  Time
Window  Gaussian | 458+21.2 33.2+3.31 34.9 GB 13.7s
Axial Gauss. 377+12.2  13.6+0.81 21.2GB 12.0s
Ours None 276+10.9 7.5+.99 13.3GB  6.53s
Ours Uniform 253+4.6 6.7+.49 13.3GB  6.53s
Ours Gaussian 239+3.6 S5.1+o0.16 13.3GB  6.53s

Impact of latent bottleneck size To study the efficiency
and performance trade-off introduced by the latent bottle-
neck, we train MeBT with varying number of latent codes
and report the results in Table 3. Since the entire context
tokens are compressed into much smaller latents by the en-
coder (Section 3.1), employing small latents generally sac-
rifices the performance. Yet, the performance quickly satu-
rates at a reasonable scale N;, = 256, which is still consid-
erably smaller than the context size No = 1024. It shows
that MeBT can achieve linear complexity without compro-
mising much performance.

Impact of the decoder architecture To evaluate the im-
pact of our decoder (Section 3.2), we compare our method
with the bidirectional decoder that leverages the full self-
attention among the latent and masked tokens. Compar-
ing the first and third rows in Table 3 shows that approx-
imating all pair-wise interaction of context and mask tokens
through linear-time MeBT decoder merely degrades the per-
formance while considerably reducing the peak memory.

Impact of attention structure We evaluate the impact of
attention structure on 128-frame videos, by replacing the
latent bottleneck attention in MeBT with sparse attention
methods used in video modeling: axial attention [15] alter-
nates attention over horizontal, vertical, and temporal axes,
and window attention [!2] alternates attention over spatial
and temporal axes. See Section A.4 for more details on
the baselines. As shown in Table 4, ours shows clear im-
provements over the baselines in both efficiency and perfor-

mance. In terms of efficiency, MeBT outperforms baselines
in both memory and inference time thanks to its linear com-
plexity, while baselines have quadratic complexity to the
temporal length from self-attention on the temporal axis.
Interestingly, MeBT also exhibits improvement in sample
quality since the heuristic sparsity patterns in the baselines
are insufficient to capture complex long-range dependency
while ours can learn them adaptively through the latents.

Impact of interval scheduling function To evaluate the
effectiveness of the interval scheduling function in Sec-
tion 3.3, we train MeBT on 128-frame videos with three
different stratagies: None refers random sampling over en-
tire video volume (p,, (v) = d(n = t)), Uniform refers sam-
pling the video interval uniformly random (p,(v) = 1),
and the Gaussian refers the proposed curriculum sampling
in Eq. (4). As summarized in Table 4, sampling the context
and mask tokens randomly from long videos often leads to
suboptimal results (None), while limiting the interval of the
samples makes the training easier (Uniform). By learning
from short to long videos (Gaussian), the proposed strategy
stabilizes the training and improves the performance.

6. Conclusion

We proposed a Memory-efficient Bidirectional Trans-
former (MeBT), a transformer-based generative model for
moderately long-term video synthesis. By formulating the
video synthesis as an iterative mask prediction task and em-
ploying bidirectional transformers with efficient encoder-
decoder architecture, we showed that we could push the
transformers to leverage much longer videos in training
while enjoying fast inference speed and robustness in error
propagation. Our experiments demonstrated that by training
with longer videos, MeBT could learn long-term dependen-
cies and generate coherent videos over longer time horizon.
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