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Masked generation
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Source: VQ-VAE / “Neural Discrete Representation Learning”, NIPS 2017
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Figure 3: Image reconstruction samples with different tokenizers. We compare the VQGAN
used in MaskGIT (Chang et al., 2022) with two of our models trained on ImageNet and web im-
ages (Chen et al., 2022). Original images are by Eric TERRADE and Barth Bailey on Unsplash.
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Source: TiTok / “An Image is Worth 32 Tokens for Reconstruction and Generation”, NeurlPS 2024
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TA-TiTok e
Figure 4. Visualization of Latent Token Attention Map and
Latent Code Swapping. The results are from VQ variant of TA-
TiTok with 32 tokens. Each latent token attends to prominent
semantic and swapping the code leads to appearance changes in the
(b) Effect of Text-aware tokenization corresponding semantic entity that the latent token focuses on.

Sources: TA-TiTok / “Democratizing T2I Masked Generative Models with Compact Text-Aware 1D Tokens”, ICCV 2025
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Figure 4. GigaTok architecture and semantic regularization.
Top: We use a hybrid CNN-Transformer design for our visual
tokenizer. The transformer layers are implemented with ViT for
2D tokenizer and Q-Former for 1D tokenizer. Bottom: We use a
frozen DINOv2 [43] image encoder for semantic regularization.

Sources: GigaTok / “Scaling Visual Tokenizers to 3B Parameters for AR Image Generation”, ICCV 2025
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Figure 5. Training curves for 2.9B XL-XXL tokenizers with
and without entropy loss. A 2.9B tokenizer does not converge
without entropy loss. The entropy loss encourages high codebook
usage and stabilizes training loss.

Figure 2. The 2.9B GigaTok achieves SOTA autoregressive image generation with a 1.4B AR model on ImageNet 256 x 256 resolution.
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Figure 2. Overview of ConceptTok. The tokenizer encoder (ViT) jointly encodes text tokens, patch tokens, and learnable latent tokens to
produce latent representations. The model vector-quantizes the latent tokens and then feeds them, together with learnable patch tokens,
into the ViT decoder to reconstruct the image. During training, an SAE extracts sparse activated concept indices from pre-trained image
features, and the tokenizer is guided to predict these activated concepts.

Sources: ConceptTok / “Concept-Guided Tokenization”, ICML 2026
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Figure 4. Qualitative comparisons of images generated from iden-
tical text prompts using different tokenizers. ConceptTok produces
images with higher fidelity and better semantic alignment.
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