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Abstract. Video Variational Autoencoder (VAE) enables latent video
generative modeling by mapping the visual world into compact spa-
tiotemporal latent spaces, improving training efficiency and stability.
While existing video VAEs achieve commendable reconstruction quality,
continued optimization of reconstruction does not necessarily translate
into improved generative performance. How to enhance the diffusability
of video latents remains a critical and unresolved challenge. In this work,
inspired by principles of predictive world modeling, we investigate the po-
tential of predictive learning to improve the video generative modeling.
To this end, we introduce a simple and effective predictive reconstruc-
tion objective that unifies predictive learning with video reconstruction.
Specifically, we randomly discard future frames and encode only partial
past observations, while training the decoder to reconstruct the observed
frames and predict future ones simultaneously. This design encourages
the latent space to encode temporally predictive structures and build a
more coherent understanding of video dynamics, thereby improving gen-
eration quality. Our model, termed Predictive Video VAE (PV-VAE),
achieves superior performance on video generation, with 52% faster
convergence and a 34.42 FVD improvement over the Wan2.2 VAE
on UCF101. Furthermore, comprehensive analyses demonstrate that PV-
VAE not only exhibits favorable scalability, with generative performance
improving alongside VAE training, but also yields consistent gains in
downstream video understanding, underscoring a latent space that effec-
tively captures temporal coherence and motion priors.

1 Introduction

Video generation has achieved extraordinary breakthroughs [16}22}|49./57,|67],
with contemporary models producing content of cinematic brilliance that of-
ten surpasses professional-grade cinematography and production standards. This
rapid progress stems from the ability to represent the visual world within com-
pact latent spaces, largely driven by advances in Latent Video Diffusion Models
(LVDMs) [5] and Video Variational Autoencoders (VAEs) [32]. LVDMs operate
not on raw pixels, but on the compact spatiotemporal latent spaces created by
video VAEs. These latents not only reduce computational overhead, but more
importantly, they provide a structured space for video generative modeling, mak-
ing video VAEs one of the key components of video generation systems.

The common practice for developing video is to extend well-trained image
VAEs and continue training them on video corpora. Modern video VAE [22}|49]
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Fig. 1: Our PV-VAE achieves 52% faster convergence and 34.42 FVD gain over Wan2.2
VAE on UCF101. Optical flow and point tracking probing tasks show that the Pre-
dictive Reconstruction (PR) objective enhances the spatiotemporal understanding of
latent space. Latent visualizations further reveal that PV-VAE captures clear motion-
aware structures aligned with video dynamics (visualized via optical flow).

typically adopt CNN-based architectures. They are first trained as 2D image
VAEs on large-scale image datasets, after which the 2D convolutions are in-
flated into 3D causal convolutions to inherit the spatial compression capabil-
ity , followed by video training to achieve joint spatiotemporal compression.
While existing video VAEs achieve commendable reconstruction quality, contin-
ued optimization of reconstruction does not necessarily translate into improved
generative performance. How to enhance the diffusability of video latents
remains a critical and unresolved challenge.

Different from images, video modeling requires capturing spatiotemporal rep-
resentations that describe both the visual content and the underlying tempo-
ral dynamics from discrete frame sequences. These representations are essen-
tial for generating motion-consistent and temporally coherent videos. Recent
studies have shown that the representations learned by video genera-
tive models yield meaningful results on various video understanding tasks (e.g.,
depth estimation, tracking, and segmentation), underscoring the crucial role of
well-structured video representations in achieving high-quality video generation.
These findings raise a natural question: what kind of latent spaces enable video
generative models to learn temporally structured representations more effectively?
Inspired by the principle of predictive world modeling , which frames future-
state prediction as a powerful means of acquiring temporal and causal structures
of videos, we investigate how predictive learning can improve the generative mod-
eling of latent spaces in video VAEs.

Specifically, we introduce a predictive reconstruction objective that unifies
video reconstruction with predictive learning. At each step, we randomly dis-
card future frames, enabling the encoder to observe only partial temporal con-
text, while requiring the decoder to reconstruct the complete video sequence.
This design forces the model to jointly capture fine-grained visual details and
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long-term video dynamics, thereby enriching the latent space with robust mo-
tion priors that substantially bolster video generation. Notably, our approach
seamlessly integrates into existing video VAE pipelines without altering the orig-
inal loss composition or introducing additional hyperparameters. Additionally, to
prevent “copy-shortcut” from dominating the optimization, a motion-aware ob-
jective is incorporated as a targeted constraint, directing the model’s attention
toward structural motion and fostering more effective predictive learning.

To validate the effectiveness of our approach, we evaluate both class-conditional
and unconditional video generation, and show that our model, termed Predic-
tive Video VAE (PV-VAE), consistently achieves notable improvements. For
instance, our PV-VAE achieves 52% faster convergence and 34.42 FVD improve-
ment over Wan2.2 VAE [49] on UCF101 [39] (cf. Fig.[I[a)). To further understand
the source of these gains, we examine the learned latent spaces through the lens
of diffusion features, which have been shown to serve as reliable intermediate in-
dicators of generative capability [40,|61]. Surprisingly, we find that the diffusion
features learned with our PV-VAE exhibit stronger performance across several
downstream video understanding tasks, including optical flow estimation [15],
next-frame prediction [69], and point tracking [13] (cf. Fig. [[{b)). PCA visual-
izations of the latent space further reveal that PV-VAE captures motion-aware
structures that align well with the underlying video dynamics (cf. Fig. [I[c)).
These observations indicate that our method strengthens the temporal under-
standing and motion sensitivity of the learned latent space, leading to improved
video generation quality.

In summary, our main contributions are as follows:

— We investigate the diffusability of video latent spaces and propose a pre-
dictive reconstruction objective. By integrating predictive learning into the
VAE framework, our method enriches the latent space with robust temporal
priors and motion awareness.

— We develop Predictive Video VAE, which achieves significant improvements
across both class-conditional and unconditional video generation, validating
the efficacy of our approach.

— We provide a comprehensive diagnostic of the latent spaces, establishing
a clear link between predictive accuracy and generative quality, showing
the data scalability of PV-VAE, and demonstrating consistent gains across
multiple downstream video understanding tasks.

2 Related work

Video VAE. Video VAE |[32] serves as a fundamental component in modern
video generative pipelines. By employing an encoder—decoder architecture, it
maps high-dimensional data into a compact latent space, thereby enhancing the
training efficiency and stability of generative models [33]. Early video generative
models |5//29] directly reused image VAEs to spatially compress individual frames
or inserted 1D temporal convolutions into image VAEs to mitigate inter-frame
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flickering. Sora |6] first proposed a video compression network for joint spatiotem-
poral compression to reduce the inference cost. However, training a video VAE
from scratch remains computationally expensive and inefficient. To leverage pre-
trained image VAEs while enabling temporal compression, the community has
explored various hybrid designs. Open-Sora [67] employs a cascade VAE to sepa-
rately perform spatial and temporal compression. CV-VAE [65] introduces latent
space alignment between video VAE and image VAE. OD-VAE [10| inflates 2D
convolutions of image VAEs into 3D causal convolutions. CogVideoX’s VAE [57]
adopts parallel algorithms for long video processing, while IV-VAE [52] intro-
duces additional channels for temporal compression. For improved efficiency,
Lite-VAE [35] and WF-VAE [25] utilize wavelet-based methods, whereas Lean-
VAE [11] and H3AE [53| prioritize structural lightweighting and decoding ac-
celeration. Additionally, some works [50,/60,62] decouple motion dynamics from
static content to bolster temporal modeling and reduce redundancy. Recently,
many advanced video generative models [16}22}/42] 49| have developed unified
image-video VAEs. Despite these advances, little attention has been paid to how
the latent spaces can be structured to explicitly benefit video generation. In this
work, we take a step toward addressing this challenge by introducing a predictive
reconstruction objective.

Diffusability of latent space. Diffusability refers to the suitability of a la-
tent space for the diffusion process. Incorporating structured constraints into
the latent space has emerged as a promising approach to improve this. In the
image domain, many frameworks [24}59}/64,/66] internalize semantic priors from
pre-trained encoders (e.g., DINOv2 [30]), while VTP [58] advocates for a joint
representation-reconstruction learning paradigm. Conversely, video-level explo-
ration remains hampered by architectural and computational bottlenecks. SS-
VAE [26] relies on hand-crafted heuristic constraints to shape the latent man-
ifold. In contrast, our proposed predictive reconstruction encourages the latent
space to autonomously capture structured temporal dynamics.

Predictive learning. Predictive learning, which aims to predict future states by
modeling existing information, has demonstrated powerful representation learn-
ing and modeling capabilities across diverse tasks. Its applications span from se-
quence, action, and trajectory prediction [34}48] to masked language /visual mod-
eling (MLM/MVM) [7,12}[19/54]. SiameseMAE [18] combines predictive learning
with masked modeling to learn fine-grained correspondences from randomly sam-
pled video frames. JEPA (Joint Embedding Predictive Architecture) |23] further
proposes that predictive latent learning serves as a fundamental pathway to-
ward understanding the visual world and constructing world models. Subsequent
works |[1H4] have demonstrated powerful capabilities in visual understanding, pre-
diction, and planning under predictive learning objectives, further validating the
effectiveness of this paradigm. Most recently, Cambrian-S [56| posits predictive
sensing as a promising direction for next-generation intelligent agents, offering a
proof-of-concept via next-latent-frame prediction. Building upon these insights,
our approach integrates predictive learning with video reconstruction, enabling
the model to simultaneously reconstruct visual details and predict future states.



Abbreviated paper title 5

Reconstructive Supervision
[1+T/4, H/16, W/16, C]
Observed Latent Space Reconstructed
Frames — §{ Frames
3
o
E Encode Decode
° s B —
E SIIIIIII ObserVEd Latents SoIIIIII
l +
Dropped Pa ddi;l-g--iztents Predicted
Frames Frames
Predictive Supervision

Fig. 2: Overall pipeline of the proposed PV-VAE. PV-VAE randomly discards
future frames and encodes only observed ones. The padded latents are then decoded
to reconstruct the full video, enabling the model to learn visual reconstruction and
temporal understanding jointly from reconstructive and predictive supervision.

This design enhances the temporal dynamics and motion understanding of latent
spaces, thereby facilitating more effective video generative modeling.

3 Method

Our goal is to enhance the diffusability of the latent spaces by jointly learning
predictive and reconstruction objectives. Let x € RITTIXHXWX3 denotes a video
clip with 14T frames in pixel space, and z € RU+)xhxwxe depotes the sampled
video latents. Here, p, = H/h = W/w and p; = T/t are the spatial and temporal
compression ratios, and ¢ denotes the latent channel. The initial extra frame
serves to ensure a unified processing pipeline for image (T=0) and video data,
following common practice [49,57].

3.1 Framework

Integrating predictive learning into reconstruction. To incorporate pre-
dictive learning, we reformulate the VAE training procedure by introducing a
partial-to-complete reconstruction task. Specifically, we divide the video clip into
two parts along the time dimension, denoted as x = (Xops, Xdrop). The model
is trained to reconstruct the entire clip x conditioned on the observed portion
Xopbs- At each training step, we first partition the video clip into G = 1+ T/p;
groups based on the temporal compression ratio p;, where the first group con-
sists of the first frame, and each subsequent group includes p; frames. We then
sample the number of dropped groups, k ~ U{0,...,[(G — 1) - r]}, where r is
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a predefined maximum dropping ratio. The retained preceding frames x,ps €
RO+T—kp)x HXWx3 are fod into the encoder to obtain the corresponding ob-
served latent z.,s € R(G—F)xhxwxe Given that the decoder shares symmetric
spatiotemporal scaling factors with the encoder, it requires a full-length latent
sequence to reconstruct the entire video sequence. As a result, we pad z.ps by
temporally concatenating it with padding vectors z,,q € RF*"*wX¢ which are
sampled from an uninformative prior (i.e., containing no input information).
This complete latent sequence is passed through the decoder to reconstruct the
entire video x. Since the dropped frames xg4rop are entirely withheld from the
encoder, the model is compelled to infer the subsequent video evolution from
the past observations x,,s and encode this predictive information into its la-
tent spaces. The overall pipeline of our method is illustrated in Fig. 2} Under
this learning objective, the model not only learns to reconstruct fine-grained
visual details but also develops a deeper understanding of temporal dynamics
and motion awareness in videos, thereby improving the latent representations to
facilitate better generative modeling.

Model design. We implement PV-VAE with 3D causal convolutions, employing
16x spatial and 4x temporal downsampling, with a latent channel dimension
of 64. For the encoder, we first perform two stages of spatiotemporal downsam-
pling, reducing both the temporal and spatial dimensions by a factor of 4. Then,
while keeping the temporal length fixed, we apply two additional spatial down-
sampling operations, resulting in an overall 16x spatial reduction. The decoder
is symmetric to the encoder, first conducting two stages of spatial upsampling
followed by two stages of spatiotemporal upsampling.

3.2 Implementation

Training. PV-VAE is first pretrained on multi-resolution image data for 300K
steps at resolutions of 256 x 256, 384 x 384, and 512 x 512. Following this pre-
training, it is further trained for 50K steps on video data at 256 x 256 and
512 x 512 resolutions using the proposed predictive reconstruction objective.
During training, each process randomly samples a varying number of images or
videos based on the resolution to maintain a balanced computational load across
processes. Since the decoder requires reconstructing videos from complete video
latents during inference, a training—inference gap arises. To address this issue,
we introduce an additional decoder fine-tuning stage. Specifically, we freeze the
encoder, disable the random frame-dropping operation, and train the decoder
for another 50K steps to perform standard video reconstruction. This stage sub-
stantially improves reconstruction quality and provides a stronger foundation
for high-fidelity video generation.

Loss functions. We adopt a combination of losses commonly used in video
VAEs [49,57|, including a mean squared error (MSE) loss, a learned perceptual
image patch similarity (LPIPS) loss [63], an adversarial (GAN) loss [17], and
a KL regularization term. The GAN loss is activated from step 5,000 during
training and remains enabled throughout the entire decoder fine-tuning stage.
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Table 1: Comparison of generation performance on the UCF101 and RealEstatel0K
datasets at 17-frame 256 x 256 resolution. The best and second-best are indicated in
bold and underlined. The notation t7'sScC' denotes a temporal downsampling factor
of T, a spatial downsampling factor of S x S, and a latent channel dimension of C.

Latent UCF101 RealEstatel0K TSpeed TMem Param
Method . .
config (it/s) (GiB) (M)
FVD | KVD | ISt FVD | KVD |
CogX-VAE t4s8c16  176.90 16.47 64.19 94.12 10.41 0.76 85.93 216
IV-VAE t4s8cl6  175.74 22.32  64.51 92.37 8.35 1.28 88.34 242
WF-VAE-L t4s8c16  188.19 33.01 67.49 107.26 12.56 2.52 87.36 317

Hunyuan-VAE t4s8c16 210.30 52.81 66.40 83.45 13.23 1.64 87.36 246
Wan2.1 VAE t4s8cl16 167.10 11.54 66.04 83.84 10.64 1.88 86.44 127

Wan2.2 VAE  t4s16c48 180.79 17.80 67.32 87.15 10.11 4.96 30.90 705
SSVAE t4s16c48 168.68  19.71  66.39 79.08 8.79 3.92 34.00 315
PV-VAE t4s16c64 146.37 14.52 69.72 72.50 4.06 4.40 33.34 661

To prevent the “copy-shortcut” of non-motion regions from dominating the opti-
mization, we incorporate an additional motion-aware objective. Specifically, the
model is required to reconstruct not only the raw pixels but also the tempo-
ral differences between adjacent frames. This design effectively filters out static
backgrounds and compels the video VAE to prioritize the learning of structural
motion and temporal evolution. The total loss is formulated as follows:

Liotal =Arec(Lymst + Lpige) + Aipips LLP1Ps + AganLaan + A LKL, (1)

where each A controls the relative contribution of its corresponding component.

4 Experiments

4.1 Experimental setups

Evaluation details. We evaluate PV-VAE on three widely used benchmarks:
UCF101 [39], RealEstatel0K [68], and Kinetics-400 [21]. For video generation,
we follow prior work [10/52] and adopt the Latte architecture [29], a Transformer-
based latent diffusion model that supports both unconditional and class-conditional
generation. We use UCF101 for class-conditional generation and RealEstatel0K
for unconditional generation. All videos are converted into 17-frame clips at
256 x 256 resolution for both training and testing. For video reconstruction, we
randomly sample 2,048 videos from Kinetics-400, which offers better visual qual-
ity and higher resolution than UCF-101, making it better suited for assessing
reconstruction fidelity. We take the first 17 frames of each video and evaluate the
model at 256 x 256 and 512 x 512 resolutions to assess its ability to reconstruct
inputs across different spatial scales, which is crucial for video generation.

To assess generation quality, we report Frechet Video Distance (FVD) and
Kernel Video Distance (KVD) [46]. For UCF101, we additionally report the In-
ception Score (IS) [36] computed using the pre-trained C3D model from [45],
following the evaluation protocol of |10]. All metrics are computed over 2048
generated samples. To assess reconstruction quality, we report reconstruction
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Table 2: Comparison of reconstruction performance on the Kinetics-400 validation set
at different resolutions.

17 x 256 x 256 17 x 512 x 512 ISpeed IMem
Method (it/s) (GiB)
rFVD| PSNR1SSIM1tLPIPS| rFVD| PSNR1TSSIM1TLPIPS|
CogX-VAE 4.90 33.78 0.97 0.027 1.79 36.00 0.99 0.024 0.46 13.64
IV-VAE 2.78 34.08 0.96 0.019 0.97 37.24 0.96 0.016 0.32 5.39
WF-VAE-L 3.06 33.48 0.96 0.023 1.08 35.93 0.96 0.023 0.87 5.00

Hunyuan-VAE 2.96 34.30 0.97 0.016 0.90 37.13 0.97 0.015 0.50 22.00
‘Wan2.1 VAE 2.92 33.21 0.95 0.018 1.02 36.15 0.97 0.017 0.60 6.77

‘Wan2.2 VAE 3.42 33.78 0.96 0.015 1.22 36.75 0.97 0.015 0.58 9.36
SSVAE 7.50 31.18 0.96 0.036 2.16 34.45 0.97 0.028 0.64 7.63
PV-VAE 3.45 32.26 0.95 0.020 1.88 35.03 0.97 0.020 0.69 7.97

FVD (rFVD), Peak Signal-to-Noise Ratio (PSNR) |20], Learned Perceptual Im-
age Patch Similarity (LPIPS) [63], and Structural Similarity Index Measure
(SSIM) [51]. We further measure the training speed (TSpeed) and training mem-
ory consumption (TMem) of the generation model along with the inference speed
(ISpeed) and inference memory consumption (IMem) of the video VAE. All speed
and memory metrics are measured on 17-frame 256 x 256 video clips with a batch
size of 4 using a single NVIDIA H20 GPU. To ensure numerical stability, TSpeed
and ISpeed are averaged over 100 steps following 50 warm-up steps.

Training details. We adopt the AdamW optimizer [28] with a base learning
rate of 5 x 107°. The learning rate is linearly warmed up and decayed by a factor
of 10 using a cosine schedule. During random dropping, the first frame is always
retained, and the maximum dropping ratio r is set to 1.0. For generation, we
remove the patchify downsampling module of the Latte model [29] to accommo-
date the higher spatiotemporal compression rate following [9]. The generation
model is trained using rectified flow [27] for 250K steps with a learning rate of
1 x 10~* and a global batch size of 64, and is evaluated with an Euler sampler
using 100 steps. All experiments are conducted on 16 NVIDIA H800 GPUs.

4.2 Comparison

We compare PV-VAE with several representative video VAEs, including CogVideoX
VAE (CogX-VAE) |57], IV-VAE [52]|, WF-VAE |25|, HunyuanVideo VAE (Hunyuan-
VAE) [22], Wan2.1 VAE, Wan2.2 VAE [49], and SSVAE [26].

Comparison on generation. Tab. [1| reports the generation performance on
UCF101 [39] and RealEstatel0K [68] dataset. Our PV-VAE achieves the best
overall performance among all models. Notably, compared with video VAEs using

a 4 x 8 x 8 downsampling factor, PV-VAE not only attains superior generation
quality but also delivers substantial improvements in training speed and memory
efficiency. Taking UCF-101 as an example, PV-VAE outperforms Hunyuan-VAE
by 63.93 FVD and achieves a 2.68x speedup in training while reducing memory
consumption by 62%. Compared to Wan2.2 VAE / SSVAE, PV-VAE delivers a
34.42 / 22.31 FVD improvement despite using a higher latent-channel dimension.
These results suggest that PV-VAE learns a richer and more structured latent



Abbreviated paper title 9

Generation Reconstruction

‘ fundBland insert
2 DX, LXEX and
DX G,LX EX

PV-VAE Wan2.2 VAE

Fig.3: Qualitative comparison of generation and reconstruction. PV-VAE
exhibits enhanced generative quality over Wan2.2 VAE while preserving competitive
reconstruction fidelity.

spaces of motion and temporal dynamics, making it highly effective for video
generative modeling.

Comparison on reconstruction. Tab. [2 lpresents the reconstruction results on
the Kinetics-400 |21 . | dataset. Video VAEs with 4 x 8 x 8 compression typically
yield better reconstruction metrics. In the context of 4 x 16 x 16 models, PV-
VAE delivers reconstruction performance comparable to existing video VAEs.
It slightly underperforms relative to Wan2.2 VAE but consistently outperforms
SSVAE. We also test the inference speed and memory consumption of different
models at 256 x 256 resolution. Compared to Hunyuan-VAE / Wan2.2 VAE, PV-
VAE achieves 38% / 19% faster inference while reducing memory consumption
by 64% / 15%.

Qualitative comparison. We further present qualitative comparison results
in Fig. B] Under the same generative training settings, PV-VAE demonstrates
superior visual fidelity over the Wan2.2 VAE, while exhibiting fewer motion
artifacts and enhanced temporal coherence in video content. For reconstruction,
we select two challenging cases. Notably, PV-VAE exhibits subtle limitations in
reconstructing dense text, a performance gap likely stemming from the scarcity
of text-heavy samples in our current data distribution . Moving forward,
we aim to incorporate more diverse datasets to further elevate the performance
upper bound of PV-VAE.

4.3 Analysis

To better understand how the proposed predictive reconstruction works, we con-
duct extensive qualitative and quantitative analyses. Specifically, we dissect the
latent space structure via principal component analysis (PCA), demonstrate the
correlation between frame prediction accuracy and generation performance, in-
vestigate the scaling behaviors, and examine the latent temporal properties. Fur-
thermore, we analyze the sources of PV-VAE’s performance gains using diffusion
features on several downstream video understanding tasks. Finally, we provide
visualizations of both reconstruction and future frame prediction to validate the
effectiveness of our predictive reconstruction learning.

PCA analysis of latent space. To investigate the impact of predictive recon-
struction on the structure of latent spaces, we perform PCA along the channel
dimension of the latents and visualize the top three principal components as
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Fig.4: PCA analysis of latent space structure. PV-VAE exhibits a clear cor-
respondence between latent activations and underlying video motion, with activation
patterns strongly aligned with optical flow, indicating that our model effectively con-
centrates spatiotemporal saliency within its latent representations.
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Fig.5: (a): Correlation between generation and prediction accuracy. (b): Scalabil-
ity of the predictive reconstruction objective. (¢): Short-term temporal smoothness.
PV-VAE achieves higher adjacency coherence than the baseline. (d): Long-term tem-
poral dynamics. PV-VAE demonstrates a monotonic latent trajectory across expanding
frame intervals. These results collectively validate the effectiveness of predictive recon-
struction in imposing structured temporal constraints on video latents.

RGB images, as shown in Fig. [d] We randomly sample several videos from the
Kinetics-400 validation set and compare the PCA visualizations obtained
from the baseline model and PV-VAE, alongside the corresponding optical flow
computed by RAFT . For each video, we display two non-adjacent frames to
illustrate temporal dynamics. PV-VAE exhibits a clear correspondence between
latents and underlying motion, with activation patterns strongly aligned with
optical flow. Regions with high activation coincide with large motion vectors. In
the left visualizations, the person doing push-ups and the one performing a long
jump exhibit noticeably stronger activations than the background. Similarly, in
the right visualizations, the hands of the cello player and the arms and hands of
the person playing cards receive higher attention, indicating that the model effec-
tively concentrates spatiotemporal saliency within its latent space. Moreover, we
observe that the background regions with small motion vectors exhibit reduced
noise compared to the baseline, suggesting that PV-VAE encourages the latent
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Table 3: Probing results on three video understanding tasks. Compared to
the baseline model, PV-VAE achieves consistent gains across all tasks, indicating that
our method enhances the learned representations with stronger video understanding.

Method EPE | MSE | AUC(%) +
w/o PR 5.9223 0.0314 70.95
w/ PR 5.1805 (+12.5%) 0.0289 (+8.0%) 76.99 (+8.5%)

Observed frames Predicted frames Observed frames

e

Predicted frames

Fig. 6: Frame Prediction Validation. PV-VAE generates plausible future frames
aligned with underlying temporal evolutions. Red dotted circles highlight shifts in
relative object positioning (best viewed under zoom-in).

space to allocate more representational bandwidth to dynamic foregrounds while
maintaining smoother, lower-variance representations for static areas.

Correlation study and scaling behaviors. To verify the synergy between
future prediction and generation, we conduct a correlation study as shown in
Fig. a). The results confirm that improved predictive accuracy consistently
translates into superior generative performance, justifying our core motivation.
On this basis, we further investigate the scaling behavior of PV-VAE in Fig. b).
We observe consistent performance gains as training data scales, a trend notably
absent with the pure reconstruction objective, highlighting the superior scala-
bility of our predictive reconstruction paradigm.

Latent temporal coherence. To evaluate temporal coherence, we introduce
the Latent Temporal Distance (LTD) metric, computed as the average Lo dis-
tance between latents across varying intervals for 1,000 Kinetics-400 validation
videos. As shown in Fig. c), PV-VAE exhibits a lower median and a sharper
histogram peak in adjacent-frame LTD compared to the baseline, suggesting
smoother temporal transitions. Furthermore, as frame intervals grow, PV-VAE
demonstrates a consistent monotonic increase in normalized LTD, whereas the
baseline lacks this trend, as shown in Fig. d). This reveals a smoothly evolving
latent trajectory that effectively captures continuous video dynamics, confirming
the role of predictive reconstruction in promoting temporal consistency.

Probing video understanding in the latent space. To dissect the sources
of performance gains, we examine the learned latent spaces through the lens of
diffusion features across three representative video understanding tasks: optical
flow estimation |15], next-frame prediction 7 and point tracking , as shown
in Tab. 3] Features are extracted from the 14th layer (out of 28) of the LVDM
for all tasks, with specific configurations detailed below:
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— Optical flow estimation: We utilize the Sintel [8] dataset, employing a
task-specific decoder with 3D convolutions and pixel-shuffle operations to
upsample LVDM features to the original resolution. Performance is quanti-
fied by the Average End-Point Error (EPE).

— Next-frame prediction: Evaluating on Kinetics-400 [21], we adapt the
flow decoder by adjusting its output channels to three for RGB prediction,
reporting the Mean Squared Error (MSE).

— Point tracking: We evaluate on the TAP-Vid-DAVIS [31] dataset, which
contains 30 videos annotated with query points and corresponding ground-
truth trajectories. We report the Area Under the Curve (AUC) of tracking
accuracy across error thresholds from 0 to 10 pixels.

Compared to the baseline model, PV-VAE achieves consistent improvements
across all three tasks, demonstrating that its latent space encodes superior video
dynamics and motion-aware representations. These findings suggest that the en-
hanced generative performance stems from a more robust understanding of fun-
damental video properties, highlighting the potential of predictive reconstruction
as a promising direction for video modeling.

Predictive reconstruction visualization. Finally, we showcase the predic-
tion capabilities of PV-VAE in Fig. [6] For each video, we discard the latter half
of the frames and task the model with reconstructing the entire sequence. Two
observed frames from the observed half and two predicted frames from the un-
observed half are shown. PV-VAE not only reconstructs the observed frames
but also generates plausible future frames that align with the underlying video
dynamics. For instance, the model accurately predicts relative spatial shifts be-
tween subjects and backgrounds while capturing the temporal progression of
actions. These qualitative results provide compelling evidence that PV-VAE ef-
fectively captures complex temporal dependencies in video data.

4.4 Ablation study

Incremental ablation of PV-VAE. We first perform an incremental abla-
tion study to dissect the contribution of each key component in PV-VAE, as
summarized in Tab. 4] The introduction of predictive reconstruction markedly
enhances generation performance, while the motion-aware objective also yields
positive gains. Furthermore, decoder fine-tuning significantly improves recon-
struction quality, from which the generation metrics also derive a slight benefit.
Maximum dropping ratio. We also investigate the impact of the maximum
dropping ratio r, as shown in Tab. [5l Specifically, we set r to 50%, 75%, and 100%,
respectively. Since reconstruction shows marginal differences following decoder
fine-tuning, we focus on comparing the generation performance on the UCF-101
dataset. The results show that generative performance consistently improves
with higher perturbation levels, indicating that stronger predictive regulariza-
tion encourages the learning of more robust and higher-quality representations.
Therefore, we set the maximum dropping ratio r to 100% in our training setup.
Padding strategies for latents. We further conduct an ablation study on how
to pad the video latents. Specifically, we compare two strategies: (i) sampling z,,q
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Table 4: Incremental ablation of PV-VAE. Generation (UCF-101) and recon-
struction (Kinetics-400) performance across different configurations. All results are
measured at 256 x 256 resolution.

Method gFVD | rFVD | PSNR 1 SSIM ¢ LPIPS |
Baseline 174.81 3.03 33.44 0.96 0.017
-+ Predictive Reconstruction 156.33 5.66 31.47 0.94 0.026
+ Motion-aware Objective 150.10 5.79 31.38 0.94 0.026
+ Decoder Fine-tuning 146.37 3.45 32.26 0.95 0.020

Table 5: Ablation on maximum

Table 6: Ablati ddi trat-
dropping ratio (MDR). ane avion oh padding stra

egy for latents.

MDR  gFVDJ] KVD/ ISt Padding gFVD| KVD | IS+t

705 12400 o3 69-35 Gaussian  150.68  11.87  68.01
75% 154.06 16.93 70.27 S an - 150.68 1187 6301
100%  146.37 14.52 69.72 earnable : _ :

from a standard Gaussian distribution, and (ii) using learnable tokens following
masked modeling practice [44]. As shown in Tab. [6] the learnable tokens yield
slightly better generation quality.

5 Discussion and Conclusion

Generation vs. Reconstruction. The trade-off between reconstruction and
generation remains central to tokenizer design. Rich latent information enhances
reconstruction fidelity yet complicates generative modeling, while a highly com-
pressed latents facilitates generation but sacrifices detail. Previous works typi-
cally adopt a low-dimensional latent space to strike a balance. Recent advance-
ments [3758l/59] show that high-dimensional latents can actually facilitate gener-
ation if they are structured by pre-trained or self-supervised priors. However, we
argue that for video, a structured latent space must encompass both semantics
and motion. Our PV-VAE shifts the focus from “what is in the frame” to “what
happens next”. By employing a predictive reconstruction objective, we ensure the
latent space is motion-aware rather than a mere pixel container. Notably, this
predictive philosophy can be generalized to masked modeling, such as frame in-
filling or joint spatio-temporal prediction. Such self-supervised paradigms could
further bolster the robustness and versatility of video latent spaces, a direction
we intend to explore in future work.

Advantages of multi-stage training. We introduce an additional decoder
fine-tuning stage, a strategic design aimed at further enhancing reconstruction,
drawing inspiration from successful approaches in the image domain [37}/55]. Our
empirical observations reveal that this stage serves as an effective “free lunch”
with bounded gains. It consistently refines reconstruction quality while preserving
latent diffusability by keeping the encoder frozen. In addition, since the encoder
remains unchanged during this phase, the decoder fine-tuning can be conducted
in parallel with the diffusion backbone (e.g., DiT) training, thereby substantially
accelerating the overall development and iteration efficiency.
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Table 7: Performance and efficiency comparison between CNN and
Transformer-based video VAEs. Results are evaluated at 256 x 256 resolution.
* denotes our optimized Transformer-based variant.

. UCF101 Kinetics-400 ISpeed
Padding (it/s)
gFVD | KVD | ISt rFVD | PSNR {1 SSIM{ LPIPS |
PV-VAE 146.37 14.52 69.72 3.45 32.26 0.95 0.020 0.69
PV-VAE* 178.86 20.66 69.80 4.03 33.02 0.95 0.022 1.29

Rethinking video VAE Architecture. Next, we discuss the architectural de-
sign of video VAEs. Despite the dominance of Vision Transformers (ViT) [14]
across most vision tasks, existing video VAEs [22}|25//49] still predominantly rely
on 3D causal convolutions. This reliance prevents video VAEs from leveraging the
vast ecosystem of modern techniques optimized for Transformer architectures,
while also incurring heavy computational overhead and lacking global model-
ing capabilities. To address these limitations, we explore a minimalist, plain
Transformer-based video VAE under the same spatiotemporal compression ratio
(4 x 16 x 16, C=64). The input is first divided into 4 x 16 x 16 spatiotem-
poral patches, then processed by a stack of Transformer blocks. The decoder
directly upsamples the representations back to the original resolution using a
pixel-shuffle operation. Both the encoder and decoder consist of 12 layers each,
featuring 16 heads with a 128 head _dim, amounting to a total parameter count
of roughly 1.2B. We compare the reconstruction and generative performance,
and inference speed against its CNN-based counterpart, as shown in Tab.[7] Our
findings indicate that while the Transformer-based PV-VAE®* achieves compa-
rable reconstruction fidelity, its generative capability remains limited.

Despite the current generative gap compared to CNN-based models, we con-

tend that Transformer-based video VAEs hold significant promise for future
research, primarily for the following two reasons: (i) Computational efficiency:
Despite having a larger number of parameters, the Transformer variant achieves
87% faster inference speed, effectively mitigating the efficiency bottleneck of cur-
rent video VAEs, especially when processing long video sequences. () Represen-
tational flexibility: The Transformer architecture naturally integrates with vari-
ous video representation learning paradigms, allowing it to flexibly incorporate
diverse self-supervised objectives [44] and further improve latent representations
for generative modeling. In future work, we will further explore optimized archi-
tectural configurations and training recipes for Transformer-based video VAEs
to fully unlock their latent potential.
Conclusion. In this work, we present Predictive Video VAE (PV-VAE), which
incorporates a predictive reconstruction objective to jointly optimize visual fi-
delity and temporal dynamics. This approach yields a more temporally struc-
tured and generation-ready video latent space. Extensive downstream evalu-
ations and in-depth analyses demonstrate that PV-VAE effectively captures
motion-aware representations, leading to substantial gains in video generation
performance. We hope our findings provide meaningful insights for future video
VAE research and help push the frontiers of video generative modeling.
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