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The dilemma

● AR models excel at quality due to autoregressive language modeling
○ But generating one token at a time might not be the fastest approach due to under-utilized 

GPU compute during memory-bound regime (esp. smaller batch sizes)

● Diffusion models hold the promise of parallel decoding
○ But (discrete masked DLLMs) usually results in degraded quality with more tokens generated 

per model forward

● Can we combine the advantages from both worlds?

(Gif from diffusion duality, Sahoo et al.)
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TiDAR

● TiDAR is a sequence-level hybrid architecture that simultaneously conducts
○ drafting (thinking) with diffusion and 
○ sampling (talking) with autoregression 
○ all within a single model and forward

● The efficiency comes from using the ``free token slots’’ that are available on modern GPUs

3

Ours



The latency of decoding 1 token can be 
very similar to decoding K tokens if K is 
small enough under small batch size on 
modern GPUs

This resembles similarly to the 
append-prefill operation

Free Tokens Slots

4



Main Architecture and Training

● TiDAR is trained by initializing from an 
AR model

● We continually pre-train it with a 
combination of AR and diffusion loss

● The model learns to decode in 
diffusion while verifying in AR at the 
same time

● We adopt a similar training mask to 
SBD and Block Diffusion but with the 
corrupted sequence being full 
masks
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Main Architecture and Training

● TiDAR’s training objective provides many advantages: 
○ No need to find a sophisticated masking strategy
○ Rich loss signal: Normal diffusion < AR < TiDAR
○ Easy loss balancing between two terms (equi-variance from the same number of loss tokens)
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Inference

Demo: https://tidarlm.github.io/ 7

https://tidarlm.github.io/
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https://docs.google.com/file/d/1NcsQt_r8Rg35y3dNlCWziA4ZEDwH-Ucd/preview


Related Works

● Pure diffusion models: Dream, Llada, MDLM, Block Diffusion. 
○ These methods usually get worse results when we increase the parallelism
○ They require often lossy cache or extra computation for efficient inference

● Speculative decoding
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Experiment Setup

● Initializing from Qwen series

● Full-weight continual-pretrain with 50B tokens (1.5B) and 150B tokens for (8B)
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Main Results - Likelihood

● The way to evaluate likelihood for diffusion models has always been under debate:
○ E.g. Calculated on masked positions averaged over Monte Carlo samples 
○ Not directly comparable to AR models (can compare multi-choice questions)

● TiDAR uses a single forward pass in AR mode (by setting the attention mask to causal) to get 
likelihood results. 
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Main Results - Likelihood
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Main Results - Generative
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Main Results - Efficiency and Quality Trade-offs
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What does the speedup look like in SGLang?
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Key Take-aways

● We introduce TiDAR, a sequence-level hybrid architecture that attempts to take advantage of both 
AR quality and diffusion efficiency by leveraging the free token slots on GPUs. 

● We show that with our architecture and modified training mask, TiDAR can significantly close the 
gap from AR with decent speedup. 

● TiDAR outbeats open-source DLLMs like Dream and Llada in both quality and speedup. 

● TiDAR supports exact KV cache without extra computation and is easy to compute likelihood.

● More ablations on the design choices are in the paper.
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Thanks!

● Let’s keep connected!

LinkedinWebsite TiDAR
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Limitations

● Batch size: 
○ Experiments done with batch size 1, which is generally the norm when comparing dLLM tokens/sec.
○ Possible to accommodate higher batch sizes via adjusting the block (draft) length in a zero-shot manner.

● Long context extension: 
○ Current implementation requires doubling the sequence length with appended mask tokens during training. In 

a long context, the model may be less memory bound and certain advantages of TiDAR may diminish.

● System optimization: 
○ In future, writing custom attention kernels and scheduling algorithms may maximize the use of the “free token 

slots” specific to the serving hardware in use.
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Low per-request latency

Grand Spectrum of Serving

High total throughput

AR Spec Decoding TiDAR
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Ablation - Pareto Frontier under the Same Training Recipe
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Ablations

● We want to understand several questions: 
○ Pareto frontier of different models under the same training recipe

■ TiDAR is the best among OSS DLLMs
○ Comparing TiDAR with other decoding strategies

■ TiDAR’s outperforms other methods
○ Trusting AR and Diffusion for sampling

■ Conclusion the advantages of incorporating “autoregression” into generation
○ How useful is our full-mask strategy

■ Proves the usefulness both in terms of quality and efficiency
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Ablation - Comparing TiDAR with other decoding strategies
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Ablation - Trusting AR and Diffusion for Sampling
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Ablation - How Useful is our Full-mask Strategy
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Is any-order actually good? 
https://www.notion.so/Understanding-the-Limitations-of-Diffusion-LLMs-through-a-Probabilisti
c-Perspective-2ae0ba07baa88053b838d5bf0b0aad41 
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