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Motivation
Unified Multimodal Generation
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Intrinsic modality gap

• Text is naturally discrete tokens

• Images / audio are continuous real-world signals

Discrete tokenization bottleneck

• LM-compatible unified interface, but compression suffers from information bottleneck

Diffusion compatibility

• Diffusion improves high-fidelity continuous generation

• Parallel diffusion is not naturally compatible with AR-style LMs



Framework
Continuous Auto-regressive Generation
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• Consider discrete and continuous as a unified sequence

• Next token prediction with modality-aware head:

𝐷𝑒𝑐𝑜𝑑𝑒 𝑥𝑖 𝑥<𝑖 = ቊ
𝑆𝑎𝑚𝑝𝑙𝑒(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(ℎ𝑖𝑊𝑣), 𝑥𝑖 ∈ 𝐷

𝐷𝑖𝑓𝑓𝑢𝑠𝑖𝑜𝑛 ℎ𝑖 , 𝑥𝑖 ∈ 𝐶



Challenge
Training-Inference Mismatch
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Discrete token:

• The next token is sampled from a categorical 

distribution over token IDs

• The input token and target output are 

naturally aligned in the same discrete space

Continuous token:

• During training, the input is often the ground-

truth continuous signal

• The model predicts a distribution centered 

around the ground truth

1GIVT: Generative Infinite-Vocabulary Transformers



𝝈-VAE
The Keystone for Next-Token Diffusion
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• σ-VAE enforces controllable latent variance:

𝑍 = μ + 𝜎 ⋅ 𝜖,

𝜖 ∈ 𝑁 0, 1 , 𝜎 ∈ 𝑁(0, 𝐶𝜎)

• Prevents collapsed latent variance in β-VAE.

• Keeping latents closer to the training distribution 

and improves robustness to exposure bias.



Experiment
Image Generation
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• Outperforms previous auto-regressive baselines

• Comparable with image-level DiT



Experiment
Effects of Tokenizer 
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• The tokenizers tuned for previous image-level diffusion 

models are ineffective for LatentLM

• LatentLM favors tokenizers with larger variances

• 𝝈-VAE improves FID from 9.64 to 4.10



Experiment
Multimodal LLMs
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• LatentLM provides natural interface to both understanding and generation

• Understanding: The input image of LatentLM is continuous and clean representation

• Generation: Unified auto-regressive target benefits performance



Experiment
Text-to-Speech
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Higher token reduction ratio

• VQ tokenizers struggle to reduce token numbers

Fewer decoding steps

• Achieves lower inference latency with better performance



Conclusion
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• Latent Language Modeling   A causal Transformer that jointly models discrete and 

continuous tokens. 

• σ-VAE   A tokenizer designed for continuous auto-regressive modeling by avoiding 

collapsed variance.

• Unified Performance A single unified model achieves multimodal understanding and 

generation performance comparable to specialized architectures.
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