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Abstract. Latent diffusion models have emerged as a dominant frame-
work for high-fidelity image and video synthesis, operating in compact
latent spaces with variational autoencoders (VAEs) to enhance compu-
tational efficiency without compromising visual quality. However, con-
ventional VAEs are suboptimal for video data as they employ fixed com-
pression ratios that cannot adapt to the varying complexity of spatio-
temporal content. We present KATok (Keep-or-Drop? Adaptive Tok-
enizer for Compact Video Representation), a transformer-based VAE
that incorporates an adaptive token selector which is jointly learned with
latent tokens. By evaluating each token’s content-richness as keep-or-drop
probability, the token selector effectively discards uninformative tokens,
naturally allowing data-dependent compression. Applying adaptive tok-
enization to diffusion models may cause spatial misalignment, as token
dropping can disturb the original spatio-temporal structure. To allevi-
ate this issue, we propose two position-prediction strategies: cascaded
and joint generation, to ensure spatial consistency. We empirically show
that our model achieves strong reconstruction and generation quality at a
state-of-the-art compression ratio. Further analysis on video data reveals
that this improvement is primarily achieved by reducing spatio-temporal
redundancy and removing uninformative tokens, as supported by both
quantitative and qualitative results.
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1 Introduction

Latent diffusion models (LDMSs) [4,/10}28][29] have achieved remarkable progress
in high-fidelity image and video synthesis by performing diffusion in latent spaces
with variational autoencoders (VAEs) [11/19]. Compared to early pixel-space dif-
fusion approaches [15,30] that were limited by the high dimensionality of visual
data, conventional VAE architectures in LDMs [11,[28] reduce the spatial and
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Fig.1: Overall architecture of KATok. A video Fig.2: Generation qual-
is divided into spatio-temporal patches and encoded ity over training time.
into continuous latent tokens. The adaptive token se- KATok converges faster and
lector predicts per-token keep probabilities via Gum- achieves superior final gen-
bel-Softmax relaxation, producing a soft token-drop eration quality than both
mask shared with the decoder attention for consis- the dense baseline OmniTo-
tent token selection. The decoder reconstructs the in- kenizer and the flexible base-
put via learnable query tokens by attending to the line ElasticTok. The x-axis
masked latent tokens, forming an end-to-end differen- reports wall-clock time mea-
tiable pipeline for adaptive token selection. sured on 8 H200 GPUs.

temporal dimensions of input videos. This latent compression drastically de-
creases memory and computation requirements while maintaining visual fidelity,
making LDMs an effective foundation for scalable video generation.

While VAEs help reduce the computational cost substantially by operat-
ing in a latent space @, this approach remains limited for video data—
particularly high-resolution or long sequences—since the number of tokens still
scales with spatial and temporal dimensions. Given the strong spatio-temporal
redundancy in videos, this non-adaptive latent representation inevitably allo-
cates capacity to uninformative regions, underscoring the need for content-adaptive
representations.

Recent studies have attempted to address this limitation by introducing
variable-length tokenization . These approaches provide flexibility by
allowing users to determine the number of tokens based on the desired recon-
struction quality—retaining more tokens for higher fidelity and fewer tokens for
coarser results. However, such flexibility does not imply adaptivity: while they
provide user-controlled compression, determining the optimal token count for
each sample often requires additional model or inference-time search, introduc-
ing overhead in downstream tasks. We consider adaptive tokenization a paradigm
where the model automatically determines how many tokens are needed for each
sample based on its content complexity. It selectively removes redundant or un-
informative tokens to produce compact yet expressive representations.

Building on this concept, we propose KATok, an end-to-end adaptive tok-
enization method designed to operate on continuous latent representations com-
patible with diffusion models, as illustrated in Fig. [} KATok employs an Adap-
tive Token Selector, which learns to predict token importance directly from each
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sample and determines which tokens to retain or discard through a differentiable
gating mechanism based on the Gumbel-Softmax [17] relaxation. A sparsity reg-
ularization further encourages compact yet informative representations, allowing
adaptive compression to emerge naturally during training.

We employ KATok to construct the latent space for diffusion-based video
generation. However, naively applying adaptive tokenization to the generative
model can cause spatial misalignment: under sparse tokenization, the model may
fail to recover the original token positions, leading to content—position mismatch.
To address this, we propose two remedies: (i) joint prediction of content and
positions, and (ii) a cascaded generation scheme that separates position selection
from content generation. Both strategies lead to substantial gains in spatial
coherence and overall sample quality, especially under strong sparsification. Our
model enables higher-quality video generation while using substantially fewer
tokens than conventional tokenizers.

Our main contributions are summarized as follows:

— Adaptive VAE for token-wise compression: We propose an adaptive
VAE that learns token importance through soft attention gating and sparsity
regularization, enabling sample-adaptive compression without predefined to-
ken budgets.

— Mitigating content—position misalignment under sparse tokeniza-
tion: We address spatial misalignment caused by adaptive sparsification by
proposing (i) joint content—position prediction and (ii) a cascaded scheme
that decouples position selection from content generation.

— Efficient training and generation: Our approach enables high-quality
video generation while using substantially fewer tokens, achieving 6.9x faster
training and 3.2 X faster inference than the strong and widely adopted trans-
former-based tokenizer [34] (see Fig. [2]).

2 Related Works

In this section, we review prior work in three related areas: visual tokenizers that
enable compact latent modeling, flexible and adaptive tokenization approaches
that allocate representational capacity dynamically, and token dropping or merg-
ing methods that improve computational efficiency.

2.1 Visual Tokenizers

A key driver of progress in modern generative models [4}10}(16} 24} 28,29} 33|
has been the use of autoencoder-based tokenizers [19,/22], which compress high-
dimensional inputs into compact latent spaces that enable large-scale training.
Latent Diffusion Models (LDMs) 28| showed that convolutional VAEs can serve
as effective visual tokenizers, enabling high-resolution synthesis with manageable
compute. Since then, VAE-based tokenizers have become the standard in image
and video generation, balancing compression efficiency with reconstruction fi-
delity.
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Recent extensions such as DC-AE [6] and LTX-Video [13] improved com-
pression and temporal modeling but still scale poorly with spatial resolution
and sequence length, leaving cross-frame redundancy underutilized. To address
this limitation, recent works have explored flexible tokenization strategies that
allocate representational capacity adaptively across space and time. We discuss
these approaches in the following subsection.

2.2 Flexible and Adaptive Tokenization

Early work on efficient visual representation reformulated images and videos as
one-dimensional token sequences to improve compactness and scalability [14439].
Building on this architecture, recent studies introduced flexible-length tokeniza-
tion, where the number of retained tokens varies with content importance. Meth-
ods such as One-D-Piece |26, FlexTok [3|, SEED [12]|, and ALIT [9] employ
dropout-based, causal, or iterative allocation strategies to prioritize informa-
tive tokens and enable variable-length reconstructions. ElasticTok [37] further
extends this concept to video by combining tail-drop truncation with causal
attention.

Despite these advances, flexible-length tokenizers still rely on predefined bud-
gets or inference-time search. KATok instead performs continuous and fully dif-
ferentiable token selection within a transformer encoder, achieving adaptive com-
pression while preserving fine-grained spatial and temporal structure.

2.3 Token Dropping and Merging

A separate line of works focus on token pruning and merging techniques, such
as DynamicViT [27], EVIT |23|, and ToMe [5], which accelerate transformers by
reducing redundancy at inference time. Unlike these inference-only approaches,
KATok learns sparsity during training, yielding compact latent representations
that remain efficient at both training and inference.

3 Adaptive Tokenizer for Video Representation

We aim to develop an adaptive tokenization framework that dynamically adjusts
the number of tokens according to content complexity, eliminating the need for
preset budgets or inference-time search. Our goal is to achieve compact yet ex-
pressive latent representations that maintain spatio-temporal consistency while
improving efficiency in video generation tasks. An overview of the pipeline ap-
pears in Fig.

Problem setup. Let a video X € RT*HXWXC he patch-embedded into
{x;}X,. In contrast to conventional tokenizers which produce a fixed-length
latent Z € RN *diatent

we learn a content-adaptive token count Neg < N, where Neg (X ) := vazl m;(X)
is defined by the per-token masks m;(X) € {0,1}, with the objective of mini-
mizing Neg(X) while maintaining fidelity.
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3.1 Adaptive Keep-or-Drop Tokenization

Given patch embeddings {z;}}¥ ,, the encoder Ey produces intermediate embed-
dings e; € R%model which are projected to the parameters of a diagonal Gaussian,
i, o € Rbtatent via (y;,04) = fo(e;). A lightweight token-importance network
ge predicts keep/drop logits per token, a; = go(e;) € R2. During training, we
obtain differentiable soft masks m; using the Gumbel-Softmax relaxation [17]:

[m;, 1 — m;] = GumbelSoftmax(a;; 7). (1)

We sample continuous latents via reparameterization, 2; = u; + 0; ® €;, € ~
N(0,7), and apply soft gating as z; = m; - 2;. At inference time, we discard
tokens using hard masks m; = I{(c;0 > a;1)-

Soft attention masking. To ensure that token dropping consistently affects
decoding, we use the same soft masks to modulate the decoder attention logits.
Specifically, attention scores A;; are shifted as A;; < A;; + b; where b; =
log(m; + ¢) with a small € > 0, so that m; acts as a differentiable soft attention
mask. Empirically, removing this masking leads to training instability and severe
reconstruction degradation (Table .

Sparsity regularization. Our goal is to minimize the expected number of
active tokens while letting the model decide which tokens to keep. We apply an
{1 penalty to the soft masks:

N
Esparse =Ex [Zﬁ%(X)} ~Ex [Ne (X)] . (2)
i=1

The corresponding weight Agparse is gradually annealed during training: we start
with a weak penalty (allowing nearly all tokens to be kept for ~5k iterations) and
then progressively increase it to enforce sparsity once optimization stabilizes.
This design enables end-to-end, learnable token selection, making the number
of active tokens an outcome of training rather than a predefined budget, and
eliminating inference-time search or handcrafted dropout schedules.

3.2 Training Objective

We train the tokenizer—VAE with a weighted combination of reconstruction, KL
divergence, adversarial, sparsity, and representation losses:

L= £recon + )\KL‘CKL + )\sparseﬁsparse + )\advﬁadv + )\align‘calign- (3>

Here, L econ comprises pixel- and perceptual-level losses (¢1 and perceptual simi-
larity), Lk, regularizes the (masked) latent distribution, Lsparse promotes token
efficiency (Section , and L,4, encourages sharp reconstructions.

Video-aware perceptual loss. We replace LPIPS [41] with Video-LPIPS,
which computes perceptual similarity using spatio-temporal features extracted
from an S3D network [35] to better capture temporal coherence and motion
consistency across frames.
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Latent regularization. To stabilize training and improve generative fi-
delity, we regularize latent decoding with (i) latent noise augmentation and (ii) a
representation alignment loss. Following LTX-Video [13], we inject small Gaus-
sian noise into latent tokens during training, with a noise level uniformly sampled
from [0,0.2]. In addition, we consider a representation alignment loss [38], de-
noted as Lajign, using features from a frozen vJEPA-2 [2| encoder. In practice,
these regularizers slightly degrade reconstruction metrics, but consistently im-
prove generation quality and accelerate convergence (see Table ; we therefore
adopt them as a deliberate trade-off to better optimize for generative fidelity.

3.3 Encoder-Decoder Architecture

The overall architecture is illustrated in Fig. [} The encoder is a self-attention
transformer equipped with 3D rotary positional embeddings (RoPE) [32] and
two register tokens [8] acting as global reference points. Our encoder captures
spatio—temporal redundancy across frames and outputs continuous latent tokens
sampled via the reparameterization trick. After token selection, the decoder re-
constructs inputs through double-stream blocks, adopted from FLUX |[20], in
which repeated learnable query tokens and the latent tokens flow through their
respective towers. The latent tokens omit positional encoding in the decoder,
while the learnable query tokens employ 3D RoPE as in the encoder.

Patchification and unpatchification are implemented as linear projections,
ensuring full differentiability throughout the pipeline. Table [2] shows that re-
moving the register tokens increases token usage and slightly degrades spatial
coherence, confirming that they act as global anchors that stabilize structure
under aggressive token reduction.

Asymmetric coarse-to-fine decoding. We introduce an asymmetric patch-
ing strategy that keeps encoding compact while improving decoding detail. The
encoder tokenizes videos into coarse 3D patches of size 162 x 8 and produces
continuous latent tokens, which are sparsified by our keep-or-drop tokenizer.
The decoder reconstructs on a finer grid of size 82 x 4 by increasing only the
number of learnable query tokens {g; }jle, where M matches the fine-grid patch
count. This preserves a compact latent set for efficiency yet enables fine-grained
reconstruction, improving both reconstruction and generation quality.

4 Diffusion with Sparse Latent Tokens

We employ the learned VAE as the tokenizer for training downstream generative
models, specifically using the flow matching framework [24]. Given latent tokens
z, flow matching learns a continuous-time velocity field vg(z,t) that transports
Gaussian noise to clean latents. Let zg € Z denote clean latent tokens and
21 ~ N(0,1) a noise sample. A linear interpolation defines intermediate states
as zz = (1—t)zp+tz1, t € [0,1]. The training objective minimizes the discrepancy
between the model prediction and the true velocity:

Leontent = Ezq 2, ¢ [HU¢(zt,t) — (21 — Zo)||2}_ (4)
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Fig. 3: Two variants of sparse content generation. (a) Diffusion training with
joint content—position generation. During training, content and position tokens
are modeled jointly but follow decoupled noise schedules—ocontent for latent denoising
and opos for spatio-temporal coordinate prediction—stabilizing training and improving
spatial alignment. (b) Cascaded generation of mask and content. While ground-
truth token masks and positions are used during training, at inference the mask prior
model generates a plausible token mask, which is then thresholded to extract positions
for positional encoding in the sparse content generation model.

At inference, the learned vector field is integrated to generate latents from Gaus-
sian noise.

Because adaptive tokenization selectively removes redundant tokens, directly
training a generative model on the resulting sparse latents can induce content—
position misalignment under aggressive sparsification (Fig. E[): the remaining
tokens may no longer align with their original spatial locations, leading to un-
stable boundaries and temporal inconsistencies.

4.1 Joint content—position generation with timestep decoupling.

As a first approach, we jointly predict latent contents and their original positions
during flow-matching training. The position co-objective Lo mirrors Eq. @] but
replaces the latent targets with ground-truth positions p € RV *3:

2
Lyos = Epo,pl,t[H%(ﬁt,t) —(p1 — PO)H }, pt = (1 —1t)po + tp1, (5)

and we optimize Laow = Lcontent + AposLpos- We further apply timestep decou-
pling (Fig. , assigning separate noise schedulers for content and position to
decouple the denoising dynamics and allow differing noise-level evolutions at
inference. While this joint objective improves spatial consistency (Fig. E[), its
performance is sensitive to the choice of scheduler hyperparameters and the op-
timal combination of the two noise schedules, which typically requires careful
tuning.
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4.2 Cascaded mask-prior conditioning.

To avoid hyperparameter search over content- and position-noise scheduling,
we propose a cascaded alternative (Fig. [3b). A lightweight (8.3M) mask prior
model first predicts a binary selection mask over the token grid, indicating which
spatial-temporal positions should be active. We then select the corresponding
set of positions and inject it into the main flow model as explicit positional
conditioning. During training, we condition the main flow model on positional
embeddings computed from ground-truth token positions, while at inference we
use positional embeddings computed from positions predicted by the mask prior.
By decoupling position selection from content generation, this cascade provides a
stable structural prior and substantially reduces content—position misalignment
under heavy sparsification (Fig. E[) In our experiments, mask-prior conditioning
is both more robust and achieves higher generative fidelity, so we adopt it as our
default generation strategy, while keeping joint position prediction as a strong
ablation.

5 Experiments

Our model is trained on the Panda-70M dataset |7] using a patch size of 162 x 8.
The encoder—decoder network scales follow the ViT-B setting [23]. Although the
model supports end-to-end training, we adopt a three-stage training strategy for
computational efficiency. The first stage uses single-resolution of 2562 x 16, the
second stage extends training to multi-resolution, and the final stage performs
GAN-based fine-tuning for perceptual quality. For generative modeling, we use
KATok as a tokenizer to train diffusion-based models on the SkyTimelapse [40],
UCF-101 [31], and Kinetics-600 [18] datasets. Complete implementation details
and hyperparameters are provided in the supplementary material.

5.1 Adaptive Compression and Reconstruction Analysis

We evaluate our model on approximately 5,000 videos from the Panda-70M val-
idation split using PSNR, SSIM, LPIPS, and rFVD. To our knowledge, Elastic-
Tok [37] is the only publicly available method that performs variable-length tok-
enization on video data. Other flexible tokenization studies [3}(9}/26] are designed
for images, thus cannot be directly applied to spatio-temporal data. Therefore,
we adopt ElasticTok as the primary comparison baseline for video experiments,
using its publicly released KL-based model with binary search for evaluation.
In addition, we include OmniTokenizer-VAE [34] as a transformer-based
fixed-length tokenizer baseline for comparison. Although OmniTokenizer does
not employ adaptive tokenization, it provides a fixed-length transformer base-
line under similar architectural constraints, enabling a fair assessment of how
KATok’s adaptive mechanism impacts efficiency and reconstruction fidelity. To
keep the comparison controlled, the main paper focuses on baselines that share
KATok’s modeling paradigm—transformer-based, continuous-token (KL) VAEs.
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Fig.4: Token scaling with
video size. As spatial and tempo-
ral resolution increase, our method
achieves progressively higher com-
pression ratios, demonstrating effi-
cient scalability across input sizes.
In contrast, OmniTokenizer main-
tains a fixed compression ratio,
and ElasticTok remains nearly flat.
(Conventions and compression ra-

400-token generation
(Joint Entropy : 5.09)

200-token generation
(Joint Entropy : 2.61)

Fig.5: Emergent controllability in video
generation (UCF101). Increasing the num-
ber of tokens at generation time modulates mo-
tion and visual detail without retraining or ex-
tra conditioning: 200-token samples yield sim-
pler, low-motion videos, whereas 400-token sam-
ples produce more dynamic and visually rich
sequences. Bottom rows show spatio-temporal
slices along y-t axes taken along the red
lines, revealing stronger temporal variation with

tio definition follow Table ) higher token counts.

Comparisons against other paradigms, including CNN-based VAEs (Cosmos [1],
LTX-Video [13]) and VQ-based adaptive tokenizers (EVATok [36], AdapTok [21]),
are provided in the supplementary material.

Table [ summarizes reconstruction results on the Panda-70M validation set
across spatio—temporal resolutions. Our method achieves the best reconstruction
quality in terms of PSNR and rFVD while using far fewer tokens than the
baselines. At 2562 x 16, Ours reaches 31.24 PSNR with rFVD 5.12, using 366
tokens compared to 5,120 (OmniTokenizer-VAE) and 3,846 (ElasticTok-KL). At
5122 x 32, Ours remains substantially better than OmniTokenizer-VAE (33.23 vs.
24.07 in PSNR; 6.40 vs. 16.85 in rF'VD), despite using 1,554 tokens versus 32,768.
As resolution increases, the compression ratio improves from 134.21 to 253.00,
indicating that adaptive tokenization removes spatio—temporal redundancy more
effectively at larger video scales, consistent with Fig. [

Fig. [f] illustrates how our adaptive token selector behaves across different
scenes and resolutions. The model selectively retains tokens in motion-rich re-
gions while discarding those from static or homogeneous areas, effectively con-
centrating representational capacity where dynamics occur. At higher spatial
resolution, token dropping becomes stronger even within the same scene—for
instance, in the book clip, the first patch that remains active at 2562 is further
suppressed at 5122. Remarkably, our tokenizer operating at 5122 uses only 836
tokens—fewer than ElasticTok’s 1,104 tokens at 2562—while achieving better
reconstruction quality. In extremely static cases (e.g., a uniform white video),
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Fig. 6: Qualitative reconstruction results. Our results are shown at 256> x 16 and
5122 x 16, while ElasticTok is at 2562 x 16. The learned token mask m; is visualized
by mapping token i back to its spatial patch; black tiles denote suppressed tokens. Our
tokenizer attains better perceptual quality with far fewer tokens (e.g., 1104—836 on
the ocean clip; 1712—330 indoors); the top-right example is a solid-white video, an
extreme case where our method needs only 28 tokens.

the model can reconstruct an entire 2562 x 16 clip with as few as 28 tokens,
demonstrating strong spatial-temporal adaptivity and compression efficiency.

To study what governs token allocation, we correlate the expected token
count Neg(X)=>", m;(X) with Shannon-entropy measures of clip complexity:
spatial complexity via Sobel edge magnitude, temporal complexity via inter-
frame intensity change Al, and a joint spatio—temporal measure. Across the val-
idation set, Neg correlates most strongly with temporal entropy (r=0.865), more
moderately with spatial entropy (r=0.618), and closely with spatio—temporal en-
tropy (r=0.877) (see Fig. [7).

5.2 Video Generation with Adaptive Tokenization

Setup. We evaluate downstream generation using flow matching with a SiT-
XL backbone (686.29M) and sinusoidal positional embeddings. We train
unconditional models on SkyTimelapse [40], and class-conditional models on
UCF-101 and Kinetics-600 . All models are trained at 2562 x 16 for 100K
iterations with EMA decay 0.9999, following . We report gFVD computed
from 5K generated samples.

Baselines. We compare against tokenizers paired with the same SiT-XL
generator to isolate tokenization effects. ElasticTok requires a per-sample bi-
nary search to choose the token budget, which is computationally impractical
in our training pipeline; we therefore tokenize non-overlapping 16-frame clips
offline. Since ElasticTok operates on 4-frame chunks, we additionally provide
a chunk-index channel. Due to resource constraints, ElasticTok is evaluated on
SkyTimelapse and UCF-101 only.

Structure-aware generation under sparsity. We study two strategies to
mitigate the issue of content—position misalignment. (i) Joint generation con-
catenates content and position representations channel-wise and applies decou-
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Fig. 7: Token count vs. content entropy. Scatter plots show the relationship be-
tween spatial, temporal, and spatio—temporal entropy (x-axis) and the number of tokens
used by our tokenizer (y-axis). Each panel reports Pearson correlations. Highlighted
examples illustrate the trend: — simple, low-motion video uses few tokens; cyan
— complex scene with strong motion uses many tokens; blue — complex but mostly
static scene uses fewer tokens despite high spatial entropy. Overall, token count cor-
relates much more strongly with temporal entropy than with spatial entropy (pearson
r~0.87 vs. 0.62).

pled timestep schedules; it can reduce misalignment but is sensitive to the choice
of the two schedules, requiring tuning. (ii) Cascaded generation predicts a bi-
nary selection mask with a lightweight mask prior trained via flow matching,
then conditions the main generator on the selected positions through positional
embeddings.

During training, the number of active tokens is provided as an additional con-
ditioning signal, allowing the model to learn generation behaviors under varying
sparsity levels. At inference time, adjusting the length of the initial noise tokens
enables intuitive modulation of motion complexity and visual detail (Fig. .

Results. Our generator operates in a substantially more compact token
space: on average we generate 366 tokens per clip, whereas Omni-VAE uses
a fixed budget of 5,120 tokens. Despite this ~11x reduction in the number
of generated tokens, our method consistently outperforms Omni-VAE across
all datasets (Table . Moreover, Table [4] shows a clear progression in genera-
tion quality under the same tokenizer: naive flow matching already surpasses
Omni-VAE, joint content—position generation further improves gFVD, and our
cascaded mask-prior conditioning yields the largest gain.

Fig. [2| shows that our model achieves superior generation performance in
terms of both convergence speed and final quality. In terms of gFVD, Ours-
Cascaded reaches 49.34 at 200k steps compared to 82.31 for OmniTokenizer,
a conventional dense Transformer tokenizer, while using only ~28.6% of the
effective tokens on average under OmniTokenizer’s 2 x 2 spatial patch setting.
Notably, it achieves 73.81 at 80k steps, surpassing OmniTokenizer’s final result at
200k steps and achieving a ~6.9x wall-clock speed-up. Compared to ElasticTok,
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Table 1: Reconstruction on the panda70m validation set. #Tokens denotes the
token count; for Ours and ElasticTok-KL, it indicates the average number of tokens
used. Comp.? is the compression ratio, Comp. = ¢ #mkengixoiznxfhamels) where “token
channels” equals the Channels column. Our tokenizer achieves better reconstruction
quality with substantially fewer tokens. Note: ElasticTok is available only at 2562 spa-
tial resolution, thus results at 5122 x 32 are not supported (cells marked “~). *Metrics

are evaluated on the first 16/32 frames for fair comparison.

Method | Resolution |#Tokens|Channels| Comp.t|PSNRT|LPIPS|[SSIMT[rFVD|

Ommivag| 296 % 17| 5120 8 96 | 28.10 | 0.05 | 0.88 | 7.84

5122 x 337| 36864 8 96 | 24.07 | 0.06 | 0.80 | 16.85

_ 92562 x 16 | 3845.56 8 102.25 | 30.52 | 0.06 | 0.91 | 12.37
Elastic-KL 5192 x 39 ~ B B B N - B

o 2562 x 16 | 366.24 | 64 |134.21]31.24| 0.04 | 0.94 | 5.12

urs 5122 x 32 |1554.24| 64 |253.00| 33.23 | 0.05 | 0.95 | 6.40

Table 2: Ablations on VAE components (100K training). Higher PSNR/SSIM
indicate better reconstruction and lower LPIPS is better. Tokens reports the average
number of active tokens (max = 514). T indicates training collapse (only register tokens
remain active).

Configuration PSNR1 LPIPS| SSIM{T Tokens|
Full model 30.85 0.07 0.93 365.57
— latent reg. 31.26 0.07 0.94 361.70
— asymmetric decoding  29.61 0.11 0.92 377.80
— Video-LPIPS 29.28 0.11 0.91 404.00
— register tokens 29.17 0.12 0.91 410.20
— soft attention mask' 19.00 0.51 0.54 2.00

— Gumbel-Softmax' 18.91 0.52 0.53 2.00

a flexible baseline tokenizer, our model is ~46.7x faster, reaching 203.51 at 30k
steps versus 571.41 at 200k steps. For ElasticTok, results are obtained using
pre-computed latents with sequence lengths determined via binary search, and
training time is measured under 1-NFE encoding. All models are trained for
200k steps on the UCF-101 dataset and evaluated using EMA weights. In terms
of generation throughput, Ours-Cascaded achieves 15.71 videos/sec, achieving
3.1x, 3.2x, and 3.7x speed-ups over Ours-Joint (5.01), OmniTokenizer (4.91),
and ElasticTok (4.24), respectively, using the DOPRI5 ODE solver. All reported
training and inference times are measured on 8 H200 GPUs with a global batch
size of 256.

Beyond generation quality, the number of tokens naturally functions as a
control signal during generation. Using fewer tokens leads to simpler, low-motion
videos, while increasing the token count produces more dynamic and visually
detailed sequences. As illustrated in Fig. [5] this emergent controllability allows
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Table 3: Video generation on Sky, Table 4: Generation ablation on
UCF, and Kinetics (gFVDJ). Our UCF101 (gFVDJ). All use Ours to-
method achieves the best performance kenizer. See section [5.3] for additional
across all datasets. details.
Model Sky UCF Kinetics Variant egFVD|
Omni-VAE 23.28 100.00  206.58 VAE
Elastic-KL 95.53 712.56 — Stage-1 (full) 101.23
Ours-Cascaded 23.19 61.53 160.84 w/o latent reg.  161.23
Ours-Joint 21.36 73.16 193.78 R R

Diffusion

Naive 95.69

Joint 73.16

Cascaded 61.53

intuitive modulation of motion intensity and visual richness without retraining
or additional conditioning, arising from the statistical tendency of higher token
allocations to correlate with more complex scenes, as visualized in Fig. [7]

Qualitative generation results across UCF-101, SkyTimelapse, and Kinetics-
600 are shown in Fig. B] where our method produces temporally coherent and
visually detailed videos across diverse scene types. Overall, our method achieves
superior generation quality in the sparse-token regime, consistently outperform-
ing dense tokenization baselines while generating an order of magnitude fewer
tokens. These results indicate that adaptive tokenization is not only computa-
tionally efficient, but can also improve generative fidelity.

5.3 Ablation

We conduct controlled ablations under a fixed training budget for fair compari-
son. Results are summarized in Table Pl and Table 4

VAE components (Table . We ablate the VAE components using the
stage-1 model (single-resolution setting) trained for 100K iterations, where each
variant removes or replaces one module from the full configuration. In addition,
we evaluate our asymmetric decoding: compared to the 162 x 8 decoder-patch
model, the full model increases only the decoder reconstruction granularity (8% x
4), improving reconstruction quality substantially (PSNR 29.61—31.26) while
keeping the average token count in a similar range (377.80 vs. 361.70).

Replacing Video-LPIPS with an image-based perceptual loss reduces recon-
struction quality and increases token usage (377.80—404.00), suggesting that
temporal-aware perceptual supervision improves both coherence and token ef-
ficiency. Removing register tokens shows a similar degradation, indicating that
they stabilize global structure and improve token utilization.

The soft attention mask is the most critical: removing it collapses training,
leaving only the two register tokens active (PSNR, 19.00, SSIM 0.54). A com-
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Kinetics-600

UCF-101 SkyTimelapse

g

8 R R

Fig. 8: Generation quality across datasets. Qualitative results on UCF-101, Sky-
Timelapse, and Kinetics-600.

parable collapse occurs without Gumbel-Softmax, confirming that differentiable
sampling is essential for learning meaningful token selection.

Generation ablations. Table [4] reports gFVD ablations on UCF101 under
two controlled settings.

We first isolate the effect of latent regularization using the stage-1 tokenizer
trained for 100K iterations (single-stage setting). While latent regularization
slightly compromises reconstruction metrics, it substantially improves down-
stream generation, as removing it degrades gFVD from 101.23 to 161.23. We
then fix the full tokenizer setting (all stages) and vary only the diffusion model
design. Under the same tokenizer and training protocol, naive content-only flow
matching achieves 95.69 gFVD but suffers from content—position misalignment
under high sparsity; joint content—position generation improves performance to
73.16, and our cascaded mask-prior conditioning performs best (61.53 gFVD),
supporting the benefit of decoupling position selection from content generation.

6 Conclusion

This work introduces KATok, an adaptive VAE that selectively keeps or drops
tokens according to content complexity for compact and expressive video repre-
sentation. Through differentiable attention gating and sparsity loss, the adaptive
token selector achieves an effective balance between fidelity and efficiency. To ad-
dress the content—position misalignment induced by sparse latent tokens, we pro-
pose two remedies: joint content—position generation with timestep decoupling
and a cascaded mask-prior conditioning scheme. Together, these results demon-
strate that adaptive tokenization, when coupled with suitable diffusion design,
provides a principled framework for efficient and high-quality video generation.
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b b =
Cascaded Gen.

Joint Gen.

Fig. 9: Effect of joint content—position and cascaded generation. The naive
model for generating sparse latents often leads to content—position misalignment, as
highlighted by the red boxes, while the proposed joint content—position and cascaded
generation strategies mitigate this issue and improve overall generation quality.
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