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Why do tokenizers need to be scaled up?

* Visual tokenizers are much smaller than the AR generator.

* However, visual tokenizers bottleneck the reconstruction and
generation quality of AR-based visual generation.
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GigaTok

* The first image tokenizer scaled up to 3B parameters for better reconstruction
and downstream AR generation.

» Solving Reconstruction vs. generation dilemma for scaling tokenizers
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Class-conditional generation on ImageNet 256x256. with 3B GigaTok + 1.4B AR model
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Why are Tokenizers Difficult to Scale?

* Naively scaling up tokenizer leads to better reconstruction but worse generation.
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Scaling the tokenizer results in a more complex latent token space
that is increasingly difficult for the AR generator to learn.
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How to Scale Visual Tokenizers?

* Design easy-to-scale architectures. CNN? Transformer?
* 1D or 2D tokenizer?

* Regularize the latent space complexity. Avoid overly complicated
latent space.

* Avoid training collapse.
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GigaTok: Architecture
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Architecture for 1D and 2D Variants

1D Tokenizer with Q-Former
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GigaTok: Semantic Regularization

- —

restricting the complexity of latent space,
and thus enabling the effective scaling of
visual tokenizers for better reconstruction
and AR generation.
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Entropy Loss Matters for Large Tokenizers

An approximate statistical view for quantization: p(z = c¢;|z) = softmax(—Il5(z, C))]i]

Entropy Loss: ‘Centmpy = E, [H(2|Z)] — H(i)
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Tokenizer Scaling with Semantic Regularization
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Scaling tokenizer works with semantic regularization.
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Visualization of tokenizer features

@ Why can semantic regularization reduce latent space complexity?
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Semantic regularization brings semantic consistency in latent space.
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Asymmetric 1D Tokenizer is More Scalable

Asymmetric Design

Enc./Dec. Size | tFID]| LPIPS] | gFID| Lin Acc.?
B-S 0.98 0.221 6.56 64.5
S-B 0.94 0.214 5.65 59.8
S-L 0.83 0.206 5.19 60.6
B-L 0.81 0.206 4.82 66.9

* Prioritizing the scaling of decoders benefits downstream generation more than
scaling encoders (S-B v.s. B-S).

* But scaling encoders can still bring significant improvements (S-L v.s. B-L).
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Asymmetric 1D Tokenizer is More Scalable

1D vs. 2D Tokenizer
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* 1D tokenizers shows better reconstruction (rFID) and downstream representation
quality (AR Probing: Lin Acc.).

* For downstream generation (gFID), 1D tokenizers present a steeper improving
trend than 2D tokenizers.
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System-Level Comparison

Tokenizer Tok. Type/Param. #Tokens rFIDi‘ Generator Model/Param. Type gFID| Acc.t

Continuous token modeling

SD-VAE KL' 84M 1024 0.62 ‘SiT—XL/2+REPA 675M Diff. 142 74.6

Discrete token modeling

VAR-Tok. MSRQ'  109M 680  1.00} zgzggé ;Zgg zg igg ]
LlamaGen-Tok.  VQ 72M 256 2.19 i}:ﬁggzﬁi)& 3‘1‘_341\];1 ig g:gé 40j50
GigaTok-B-L  VQ 622M 256  0.51% | LlamaGen-B (1d) 111M AR 333 677
GigaTokBL  VQ  e2M 256 081 | e o0 UWE AR 205 69
GigaTokXLXXL VQ 298 256 079 | et 0 R AR 18 740

¥: With DINO discriminator. x: Without classifier-free-guidance.

e State-of-the art reconstruction for discrete visual tokenizers.
 Comparable gFID to VAR with a simple LLM-style AR generator.
e Superior linear probing accuracy with only visual generative pretraining.
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Lessons for Scaling Visual Tokenizers

Reconstruction vs. generation dilemma: latent complexity is the key.

Scaling tokenizers works with semantic regularization.

1D tokenizers are more scalable than 2D tokenizers.

Expand both encoder and decoder, but decoder needs to be larger than encoder.

Entropy loss helps stabilize training for billion-scale tokenizers.
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