EVATok: Adaptive Length Video Tokenization for Efficient Visual
Autoregressive Generation

Supplementary Material

Content of the Appendix

This supplementary material includes the following con-
tent:

* Sec. A discusses the limitations of EVATok.

* Sec. B provides the plan for the future work.

* Sec. C gives the detailed implementation of the four-stage
framework of EVATok and downstream adaptive length
AR models.

e Sec. D provides the reconstruction performances of our
final tokenizers, including qualitative examples for the
adaptive length reconstruction and generation, as well as
cases of how VideoMAE discriminator affects video re-
construction perceptually.

e Sec. E provides the compute cost analysis for our four-
stage framework and downstream AR generation model
training.

e Sec. G analyzes the router’s max-proxy-reward assign-
ment predictions in terms of accuracy and proxy reward.

» Sec. F explains the attention mask mechanism in our Q-
Former style video adaptive tokenizers.

* Sec. H shows the results for translating the solution of
EVATok to image adaptive tokenization.

A. Limitations

In this work, we focus on addressing the key challenge in
adaptive length video tokenization: identifying the opti-
mal assignment. Although we have demonstrated the su-
periority of our method in video reconstruction, as well as
downstream autoregressive (AR) class-to-video generation
and frame prediction tasks, our experiments were limited
to 16 x 128 x 128 video clips. We did not evaluate it on
videos with higher resolution or longer duration that align
with industry-level requirements [3, 18]. Additionally, due
to limited computational resources, we have not validated
EVATok on more complex downstream tasks, such as text-
to-video generation.

Furthermore, when extending video duration in adaptive
length video tokenizers, the number of possible assignment
choices can grow exponentially if exhaustive searching is
naively applied. Although this issue is not addressed in the
current work, we discuss a potential solution in our future
work section (Sec. B), which can reduce the complexity of
optimal assignment searching from O(m?) to around O(¢?)
with respect to the maximum video duration ¢.

B. Future Work

Adaptive length video tokenization on longer videos. In
the main paper, when identifying the optimal assignment
for a video clip with T" temporal blocks and m possible to-
ken number choices for each temporal block, we search for
mT possible assignments to find the optimal one. This ap-
proach will become unaffordable for larger 7". To address
this, in future work, we will explore a method that searches
for optimal assignments approximately in an autoregressive
way. For example, for a video with 27" temporal blocks, we
can first search the m” possible assignments for the first T
blocks, then, based on the optimal assignment for the first T’
blocks, we continue to search the m” possible assignments
for the T blocks. Therefore, if we assume the reconstruction
cost for the proxy tokenizer increases linearly with longer
T, then the complexity for optimal assignment searching is
estimated to be O(T?).

Extension to adaptive length video VAE and diffusion
models. The idea of adaptive length video tokenization is
not limited to discrete tokenizers, and can naturally transfer
to adaptive length VAE [8, 9] training. While it is natural for
AR models to learn on variable length sequences, the per-
formance of diffusion models on denoising adaptive length
sequences can be discussed in future work.

Router improvements. In our current implementation, the
preference weights are implicitly fixed during the process
of training data curation for routers. In the future work,
we may want the preference weights to be able to be input
explicitly for the routers for more flexible applications.

C. Implementation Details

Tokenizer training. On WebVid-10M, we train variable
length tokenizer on 3 FPS video frames, following the ap-
proaches in VidTok [16]. On UCF & K600 dataset, we train
tokenizers on video frames with their original FPS, follow-
ing typical settings. We use a cosine learning rate schedule.
The maximum learning rate is 1 x 10~ and end learning
rate is 1 x 1075, The batch size is 128, and proxy tokenizers
are all trained for only 400k iterations before being used for
proxy reward calculation. The final video adaptive tokeniz-
ers are trained for 1000k iterations, whose training cost is
aligned with previous work [10, 19].

Proxy reward calculation. For proxy reward calculation
from the main paper:

Rproxy = qu(gproxya Zz, a) - wlL(a) (l)



Specifically, we calculate Q(Eproxy, &, @) as:

LPIPS (Eproxy (I’, a) y l‘) — MEANLPIPS
STDvprps

Q(Eproxy, T, 0) =
2
where LPIPS(Eyoxy(#,a),x) is the LPIPS value be-
tween original video x and the reconstruction result
Eproxy (2, @) using proxy tokenizer Eyoxy Under assignment
a. MEANipps denotes the expectation of Eproxy(2,a)
for randomly sampled x from all the training videos and
randomly sampled a from all candidate assignments, and
STDy pips represents the standard deviation of Eyroxy(, a)
for random « and a. We choose LPIPS for per-video recon-
struction quality measurement, as it is a metric designed to
better align with human perception. We calculate L(a) as:

i, alk] - MEAN,
- STD;,

L(a) 3)

where ZkT-=1 alk] is the sum of the allocated tokens across
all T temporal blocks. MEAN}, and STDy, are the expecta-
tion of Zgzl a[k] for randomly sampled a.

Router training. We train 19.9M ViT-S size routers with
a batch size of 128 for 50k iterations. We optionally use
frozen V-JEPA2 [1] to patchify raw frames into video em-
beddings. Otherwise, we use the typical learnable linear
projection for patch embeddings. In practice, we find that
there is no obvious performance gap between these two vi-
sual embedding strategies.

AR model training. For the adaptive length token se-
quences produced by EVATok, before each temporal block,
a special token indicating the number of tokens for the up-
coming temporal block will be inserted for AR training.
Therefore, for AR inference, before generating the tokens of
the next temporal block, the AR model first predicts the spe-
cial tokens indicating the length of the next block. On UCF-
101, AR models are trained for 3000 epochs using WSD [6]
learning rate schedule, where the learning rate is kept con-
stant for the first 80% of the training and quickly annealed
to 0 in the rest 20% training iterations. On K600, the AR
models are trained for 75 epochs with the same learning rate
scheduler.

AR inference for adaptive length video generation. In
adaptive length AR generation, we observe that even with
a special token preceding each temporal block to indicate
the number of tokens in the upcoming block, the AR model
may still occasionally produce unexpected tokens during in-
ference (e.g., sampling a special token when a visual token
is expected, or vice versa). To ensure the model generates
precisely the number of tokens specified by the preceding
special token for each temporal block, we employ a logit-
masking strategy. For instance, when sampling the first
token of a variable length sequence, which is expected to
be a special token denoting the token count for the initial

Settings / Dataset PSNRT LPIPS| rFVD]| #rTokens|

Final w/ VideoMAE Disc. (WebVid) 27.37 0.1063 7.3 721
Final w/o VideoMAE Disc. (WebVid) 28.18 0.0983 32 721
Final w/ VideoMAE Disc. (UCF&K600)  25.75 0.1140 9.7 774

Table 1. The detailed performances of final tokenizers recon-
struction results. All models are trained for the full 1000k iter-
ations. The tokenizers trained on WebVid-10M are evaluated on
the WebVid validation set, and the tokenizers trained on UCF-101
and K600 are evaluated on UCF-101 training set.

block, all logit entries corresponding to visual tokens are
masked to —inf before the softmax operation. This guar-
antees that only a special token is sampled. Subsequently,
for the next k tokens (as indicated by the special token),
the logits for special tokens are masked, ensuring only vi-
sual tokens are generated. This process continues until m
special tokens and their corresponding temporal blocks are
generated. This approach incurs nearly no additional com-
putational overhead and guarantees the generated variable
length sequence maintains the correct structure. We use
constant classifier free guidance (CFG) schedules for AR
model inference during class-to-video sampling. For GPT-
B models, the CFG value is 2.5, for larger GPT models, we
use 1.75 CFG value.

D. More Results and Qualitative Analysis

In this section, we present the full metrics of our final adap-
tive tokenizers on reconstruction in Tab. 1, and their recon-
struction examples on samples from WebVid and the UCF-
101 dataset. We also qualitatively present the effect of using
VideoMAE [17] as part of the video discriminator. Besides,
for video generation, we present generated samples on the
UCF-101 class-to-video and K600 frame prediction task.

D.1. Adaptive Length Reconstruction Examples

We present the reconstruction results of our final video
adaptive tokenizer, along with their token assignments de-
cided by the router. In Fig. 1, we present the reconstruction
results of the final adaptive tokenizer trained on WebVid-
10M [2]. And in Fig. 2 are the reconstruction results on
UCF-101 dataset, using another final video adaptive tok-
enizer trained on UCF-101 and K600 datasets. The patterns
of video and assignment pairs given by the router corre-
spond to intuitions. The router typically assigns more to-
kens to the initial temporal block, which helps the recon-
struction of subsequent frames to also benefit from more
precise information encoded for the initial block. Content
with simple layouts or largely repeats previous frames re-
ceives fewer tokens. In contrast, videos that vary intensely
are assigned more.
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Figure 1. Adapti

represent a 4-frame temporal block. The router typically assigns more tokens to the initial temporal block, allowing the reconstruction of

subsequent frames to also benefit from more precise information encoded for the initial block. Content with simple layouts receives fewer
tokens (first example vs. other examples). If later frames largely repeat previous ones, they are assigned the minimum number of tokens.

Video clips that vary constantly and intensely are allocated more tokens.
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Figure 3. Qualitative comparison for using VideoMAE discriminator or not.

PSNR/LPIPS, but in actual perceptual checking, we find that this degradation is traded for alleviated blurriness and artifact patterns.

Zoom in to check the visual details.
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Figure 5. Adaptive generation results on K600 frame prediction. We use the 633M GPT model trained on EVATok. We don’t use CFG
for sampling, following typical approaches. The 1, 3, 5 frames from the 5 condition frames are plotted as the condition part, and the rest

11 frames are downsampled into 6 frames for visualization.

D.2. VideoMAE Discriminator for Visual Quality

In our ablation study in the main paper, the application
of the VideoMAE [17, 20] discriminator significantly im-
proves the rFVD and downstream gFVD but leads to degra-
dation in PSNR and LPIPS. In this part, we aim to quali-
tatively examine the perceptual effect for improved rFVD
and degraded PSNR/LPIPS. We compare two video adap-
tive length tokenizers on WebVid-10M, one is trained with

the pretrained VideoMAE discriminator, while another is
trained with the PatchGAN discriminator. As shown in
Fig. 3, although the reconstructed videos of the tokenizer
trained with VideoMAE discriminator show worse PSNR
and LPIPS, they are actually more perceptually prefer-
able as they largely alleviate the blurriness or artifact pat-
terns, especially for highly dynamic and challenging exam-
ples. Therefore, we conclude that despite the degradation
in PNSR/LPIPS, VideoMAE discriminator still largely en-



hances the reconstruction quality perceptually.

D.3. Adaptive Length Video Generation Examples

We present UCF-101 class-to-video generation results in
Fig. 4 and K600 frame prediction results in Fig. 5. As in
Fig. 4, the AR generation model learns an intuitive way for
adaptive length generation. First, the model tends to pay
more efforts for the generation of the first temporal block,
which lays the foundation for the later generation. For later
blocks, content with more variation tends to take more to-
kens to generate, while small-motion content takes fewer
tokens.

E. Computational Overhead Analysis

We present the computation cost for the model training of
our four-stage framework and the downstream AR models,
as shown in Tab. 2. Compared to the previous fixed-length
methods, the extra training cost of our four-stage framework
comes from the first three stages. However, the first three
stages only take around 27.8% of the total four-stage train-
ing cost. This percentage can be further reduced in real-
world applications. The size of the proxy tokenizer and its
training duration can be decreased for faster training, as we
only need the proxy tokenizer to compare assignments, in-
stead of performing well. The data curation can be pro-
cessed by parallel and independent processes, without any
GPU communication bottlenecks. And ultimately, the ex-
tra cost in adaptive tokenizer training is a one-time invest-
ment, but the savings for downstream deployment will con-
sistently take effect. Therefore, the extra cost of the four-
stage training is controllable and worthwhile.

F. Attention Mask for EVATok

In this section, we illustrate the specific details of the at-
tention mask mechanism in our Q-Former style tokenizer,
which ensures the temporal causal structure of our 1D to-
ken sequences. Each Q-Former layer consists of one self-
attention module and one cross-attention module. The
queries are first passed through the self-attention module,
and then in the cross-attention module, the queries will at-
tend to the reference embeddings. Next, we use an exam-
ple to show what attention masks look like in the Q-Former
encoder and Q-Former decoder. Assume a video clip is
patchified into a 4 x 4 x 4 shape tensor, where the first 4
corresponds to the number of temporal blocks. And let the
assignment of tokens across the 4 blocks for this video be
(16,8,2,2). Then, the attention masks for the Q-Former
encoder and Q-Former decoder will be the ones shown in
Fig. 6. The query embeddings of each temporal block can
only attend to query embeddings or reference embeddings
that are no later than this temporal block.

G. Accuracy vs. Proxy Reward for Routers

In this part, we examine the accuracy of the router on
the validation sets. We find that although the accuracy is
relatively slow, the assignments given by the router still
obtain decent proxy reward. We use preference weights
wy = 1.2,w; = 0.8 for proxy reward calculation, which
are the same as the weights used for the evaluated router
training data curation. To evaluate relatively how good the
predicted assignments are among all candidate assignments,
we use a new metric, proxy reward percentile, defined as:

E, (Rproxy (aevalv .’E))
E, (Rpmxy (abestv x))

- ]Ex (Rproxy(aworsla 1’)) > 100%
- ET (Rproxy(aworsh l’))

“)
where acy, is the assignment to be evaluated for video z,
apest 18 the searched max-proxy-reward assignment for z,
and awors 15 the min-proxy-reward assignment. In practice,
Geval Can be given by the router according to = or by some
other manually designed strategy. E,. (Rproxy (deval, ©)) is the
expectation for the proxy reward based on @y, and z. The
range of P is [0, 1] and the larger P, the better the assign-
ment strategy is. We design a best-uniform baseline, which
chooses the max-proxy-reward uniform assignment for =z,
to compare with the router assignment. As shown in Tab. 3,
on WebVid validation set, the top1 accuracy of the router is
relatively low, but the proxy reward percentile of the router
is high. Moreover, when tested on the unseen UCF-101
dataset, although the topl accuracy of the router signifi-
cantly drops, its proxy reward percentile is largely main-
tained. This phenomenon indicates that the router does not
need to be very precise to achieve good performance, im-
plying that the optimal assignment prediction task is not de-
manding, and some deviation from the best choice won’t
result in a large performance drop.

7):

H. Image Adaptive Tokenization

Different from videos, images don’t have a temporal dimen-
sion, so intuitively images are much less redundant than
videos. Our experiments on ImageNet [12] 256 x 256 show
that in this setting, the improvement in overall reconstruc-
tion quality that can be brought by assigning different to-
ken lengths to different images could be limited. How-
ever, for downstream generation, adaptive image tokeniza-
tion can still help produce better generation FID [7] with
fewer tokens generated. This result highlights that training
generative models on adaptive length sequences is not only
efficient but also beneficial to their generation capability.

H.1. Implementation Details

We train image tokenizers on 256 x 256 ImageNet [12]
dataset using a similar CNN + Q-Former hybrid architec-
ture of GigaTok-S-B [21]. The basic training recipe is



Stage / Task Model Size Dataset Bsz Iters/Epochs GPUs Time
Stage 1: Proxy tokenizer training 145M WebVid (or UCF& K600) 128 400k iters 64xV100 116 h
Stage 2: Data curation - WebVid 100k-Subset - - 4x64xV100 12.5h
Stage 3: Router training 20M WebVid 100k-Subset 128 50k iters 32xV100 5h
Stage 4: Final adaptive tokenizer training  145M WebVid (or UCF& K600) 128 1000k iters 64xV100 347h
AR training: UCF-101 class-to-video 633M UCF-101 128 3000 epochs 64xV100 88h
AR training: K600 frame prediction 633M Kinetics-600 128 75 epochs 64xV100 140 h
Table 2. Summary of compute and time for the four-stage tokenizer pipeline and subsequent AR model training.
Temporal Distribution Temporal Distribution
1D Query (16, 8,2,2) 3D Query (16, 16, 16, 16)
3D Reference Embeddings (16, 16, 16, 16) 1D Reference Embeddings (16, 8,2,2)
Query Self-Attention Mask Query Self-Attention Mask
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Figure 6. Example for the attention masks in our Q-Former style adaptive tokenizer.
Dataset Method Val top1/top5 acc.  Proxy Reward Percentile - Fixed Uniform Assign. -+ Max-Proxy-Reward Assign.
Best-Unif 51857 LPIPS L FID L PSNR 1
X est-Uniform - .88% . . .
WebVid ¢ Suter 11.72% / 35.03% 96.96% e e
16+ % 21 p
Best-Uniform - 88.46% - EY « L~
UCEIOL Router 5.77%123.68% 96.19% 2" 1 Za
B, 12 1."
Table 3. Accuracy vs. proxy reward percentile for the router 0175 e 10 T gLl
200 400 600 200 400 600 200 400 600
Token Num. Token Num. Token Num.

assignment. In terms of accuracy. the assignments predicted by
the router do not usually hit the top1 or top5 highest proxy reward
assignments. However, in terms of proxy reward percentile, the
router assignments achieve good results, and generalize to unseen
dataset (UCF-101) well.

also largely aligned to GigaTok except that we utilize DI-
NOv3 [14] to provide semantic alignment. We train all im-
age tokenizers with 256 batch size with only 400k itera-

Figure 7. Image tokenization quality-cost trade-off curve. On
ImageNet 256 x 256 reconstruction, the improvements of max-
proxy-reward assignment can be marginal compared to uniform
assignment.

tions, as we only target to validate the gain of adaptive tok-
enization on images compared to the fixed-length baseline.



LPIPS| rFID| #rTokens| gFID| #gTokens|

Uniform (Final) 02205  1.22 256 4.72 256
Router (Final)  0.2455  1.46  205(-199%) 451 197 (:23.0%)

Table 4. Image final tokenizer validation. For ImageNet
256 x 256, saving 19.9% tokens by adaptive tokenization in-
evitably leads to worse rFID, but the performance and efficiency
of downstream AR generation models can still benefit from our
router. The AR generation models use a constant 1.5 CFG during
inference.

Our four-stage framework smoothly translates from videos
to image adaptive tokenization, because an image can be
equivalent to a one-block video in the tokenization process.

For the proxy tokenizer, we predefine 8 candidate lev-
els of token numbers, {512, 384, 256, 192, 128, 96, 64, 32},
to be assigned to each image for variable length tokenizer
training. For image router training, we train ViT-S [5] size
routers on a subset of ImageNet training split of 100k im-
ages. They are trained for 25k iterations with a batch size
of 256. We use normalized LPIPS as the quality metric in
the proxy reward calculation. The reconstruction quality is
evaluated on the 50k ImageNet validation set. For down-
stream AR generation validation, we train Llama-like [15]
GPT-B models on each tokenizer for 300 epochs on Ima-
geNet, and evaluate them with generation FID [7] with a
constant 1.5 CFG, following the typical approaches [4, 15].

H.2. Results

Quality-cost trade-off curve. We use a similar way as
for video proxy tokenizers, to plot the quality-cost trade-
off curve under different overall token budgets on an im-
age proxy tokenizer. As shown in Fig. 7, the quality-cost
trade-off curve evaluated on image proxy-tokenizers shows
that the improvements brought by max-proxy-reward as-
signment are limited, which is different from the results on
videos. This phenomenon corresponds to observations in
previous adaptive image tokenization trials [11, 13] on Ima-
geNet, where their adaptive length image tokenizers cannot
outperform their fixed-length baselines even with the same
overall token budgets.

Final image tokenizer validation. In the final image adap-
tive tokenizer training, as shown in Tab. 4, we utilize an
image router trained with w, = 1.3,w; = 0.7 to save
19.8% tokens in reconstruction, but it inevitably leads to
worse rFID. However, the AR model trained on our adap-
tive image tokenizer achieves better gFID with 23.0% fewer
tokens generated, compared to the fixed-uniform baselines,
which assign 256 tokens to all 256 x 256 images. This in-
dicates that the performance and efficiency of downstream
AR image generation can still benefit from image adaptive
tokenization using our method.
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