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Language modeling alone is not enough…
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Native Multimodal LLMs
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Native Multimodal LLMs
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Native Multimodal LLMs
1. “Tokenization” across the board

2. Globally autoregressive generation
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Multimodal Tokenization
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Multimodal Tokenization
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Training Objective
1. “Tokenization” across the board

2. Globally autoregressive generation

Transformer
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3. Joint training

Text output 
only
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Transformer
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• Gemini 3.1
• Qwen 3.7
• Kimi K2.6

Training Objective
1. “Tokenization” across the board

2. Globally autoregressive generation
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Text output 
only
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Transformer
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T - text token V - image patch A - audio frame 

Omni

Training Objective
1. “Tokenization” across the board

2. Globally autoregressive generation
3. Joint training
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A Scaling Approach to Multimodality
Architectural and training principles transferred from the LLM paradigm
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Transformer
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T - text token V - image patch A - audio frame 

Omni Models
1. How to generate the non-text modalities?

Key research questions:
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Transformer
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T - text token V - image patch A - audio frame 

Omni Models
1. How to generate the non-text modalities?

2. Is there positive transfer between understanding and generation of the non-text modalities? 

Key research questions:
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Chameleon
Chameleon Team, 2024 Encode all modalities as discrete tokens

Chameleon: Mixed-Modal Early-Fusion Foundation Models. Chameleon Team. 2024

Transformer
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Chameleon
Vector Quantized Variational AutoEncoder (VQ-VAE)

Generating Diverse High-Fidelity Images with VQ-VAE-2. Razavi et al. 2019. Generated via ChatGPT Image 2.0
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Chameleon
Interleaved text-image generation in arbitrary order 

Chameleon: Mixed-Modal Early-Fusion Foundation Models. Chameleon Team. 2024



23

Chameleon
Multi-tasking

Chameleon: Mixed-Modal Early-Fusion Foundation Models. Chameleon Team. 2024
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Chameleon
Summary

Chameleon: Mixed-Modal Early-Fusion Foundation Models. Chameleon Team. 2024

1. Early-fusion: One of the first models to show that training from scratch on 
interleaved text–image sequences can induce multimodal capabilities while 
preserving strong text-only performance.

2. Representation limitations: 

1. VQ-VAE image tokens were later found to be less effective than continuous 
image embeddings, such as SigLIP, for capturing fine-grained visual semantics. 
Today’s state-of-the-art multimodal LLMs typically use continuous image 
embeddings as input.

2. By 2026, diffusion- and flow-matching-based approaches were proven to be 
more scalable and efficient formulations for image generation.

and 
many 
others 
…
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Transfusion
Transfusion (Zhou et al. 2024)

Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. Zhou et al. 2024.

Transformer
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Transfusion

Generated via ChatGPT Image 2.0Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. Zhou et al. 2024.
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Transfusion
Transfusion (Zhou et al. 2024)

Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. Zhou et al. 2024.
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Transfusion

Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model

Summary

1. First approach to seamlessly unify auto-regressive next-token prediction and 
diffusion objective in a single architecture.

2. Significantly better image generation quality and training efficiency compared to 
discrete VQ-VAE based generation. 

3. Open research problem: VAE representations are not effective for visual 
understanding. State-of-the-art omni models today often adopt separate 
representations for image understanding and generation respectively while there is 
active ongoing research in the field to unify them.
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Multimodal Architecture Design
Transformer Backbone

Transformer
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Modality-Aware Sparsity

Mind the Gap: Understanding the Modality Gap in Multi-modal Contrastive Representation Learning. Liang et al. 2022.
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Mixture-of-Transformers

Attention

FFN

Output

Input

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.

Independent 
transformer 

parameters for each 
modality


Deterministic routing
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Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.
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Experiments

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.
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MoT + Transfusion 7B

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.
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MoT + Transfusion 7B

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.
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Combination w/ Mixture-of-Experts

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.
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Mixture-of-Transformers (MoT)

Mixture-of-Transformers: A Sparse and Scalable Architecture for Multi-Modal Foundation Models. Liang et al. 2024.

Summary

1. MoT uses modality-specific parameters, with deterministic token routing based 
on modality.

2. It substantially improves generation quality for non-text modalities.
3. It improves the efficiency, stability, and controllability of mixed-modal training, and 

enables asynchronous training of different modalities across stages (e.g., LMFusion, 
Shi et al., 2025).

4. Since publication, MoT has inspired a growing line of follow-up work on modality-
aware architectures.
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MoT in the Wild
BAGEL (Deng et al. 2025)

Emerging Properties in Unified Multimodal Pretraining, Deng et al. 2025.

https://arxiv.org/abs/2505.14683
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MoT in the Wild
Pi 0.7 (Ai et al. 2026)

Pi0.7: A Steerable Generalist Robotic Foundation Model with Emergent Capabilities. Ai et al. 2026

https://arxiv.org/abs/2604.15483
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Transfer Between Multimodal Understanding and 
Generation

1. How to generate the non-text modalities?

2. Is there positive transfer between understanding and generation of the non-text modalities? 

Key research questions:
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Transfer Between Multimodal Understanding and 
Generation

1. How to generate the non-text modalities?

2. Is there positive transfer between understanding and generation of the non-text modalities? 

Key research questions:

Generated via ChatGPT Image 2.0

Language is highly compressed 
abstraction of human cognition

Images/videos are sensory 
data, passive observation

Poor loss landscape

High redundancy / frame 
correlation
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Where do we stand today?
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Interaction Models
https://thinkingmachines.ai/blog/interaction-models/

https://www.youtube.com/watch?v=A12AVongNN4
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Interaction Models
Summary

1. Natively multi-modal: perceives visual, auditorial and textual information jointly; 
generates text and audio

2. Multi-stream, micro-turn design unlocks capabilities that current turn-based 
models struggle to express, such as continuously seeing and hearing and response 
in real-time.

3. System 1 & II design which delegates challenging, long-horizon work to a 
background model.

4. Interactivity Research Grant: https://thinkingmachines.ai/news/interactivity-
research-grants/
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Conclusion

1. Building models with native multimodal capabilities is a very active subfield with 
lots of open problems.

2. Today’s multimodal LLMs excel at (digital) multimodal information processing, but 
still fall far short of full physical-world multimodal intelligence.

3. Multimodal models are computational heavy, raising additional challenges for 
training and inference infrastructure.

4. We will likely see an increasing number of multimodal models specialized for 
certain capabilities (e.g. embodiment vs. infographics understanding), given the 
complexity of the problem space.


