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Auto-Regressive(AR) LLM

❑ produces one token at a time in strict left-to-right order
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What is DLLM?

❑ Diffusion large language model
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Why DLLM?

❑ DLLMs show superior speed vs Auto-Regressive(AR) LLM 

with comparable performance 
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A Glimpse into Recent Development

❑ Closed-source model

❖ Gemini Diffusion

❖Mercury (claimed to achieve 1109 tokens/s on H100s)

❑ Open-source model

❖ LLaDA (train from scratch)

❖ Dream (fine-tune from Qwen-2.5 7B)

❖ Seed Diffusion (claimed to achieve 2146 tokens/s on H20s）
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Introduction

❑ Data Efficient Fine-tune Training Model

❑Model Apply Block Diffusion

❑ Introduce Approximate KV Cache for Full Attention

❑ Introduce Tokens Parallel Decoding 
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Classification

Diffusion model

discrete diffusioncontinuous diffusion

uniform diffusion masked diffusion

Noise type Random token Fixed token
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Masked Diffusion Model (MDM)

Mainstream Formulation in DLLM

❖ Forward：

LLM is large language model

[MASK] is large [MASK] model

❖ Reverse denoising：

Mask Ratio t ~ U(0,1)

[MASK] is large [MASK] model

LLM is large language model

❑ Training details：

most Encoder-only (full attention)
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Masked Diffusion Model (MDM)

[MASK] [MASK] [MASK] [MASK] [MASK]

[MASK] is [MASK] language [MASK]

Prompt

Prompt

LLM is large language modelPrompt

……
Multi-steps：predict and remask

Predict all 

masked tokens 

simutaneously

Random remask,

low confidence

remask, etc
❖ Way for variable-length sequence:

➢ Discard tokens after first <EOS>(end of sentence)

❑ Inference details：
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Block Diffusion (ICLR 25)

❑ Semi-Autoregressive
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Limitations in MDMs

❖ take LLaDA as an example:

➢ Full attention is slower than causal attention

➢ Cannot leverage KV cache

❑ Inductive bias conflict in training

❑ Inference inefficiency

➢ Reduce the number of inference steps  

Bad accuracy

Decode more tokens simutaneously

❖ natural language is overwhelmingly processed in a sequential order
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Limitations in MDMs

❑ Inference inefficiency

➢ Reduce the number of inference steps  

Bad accuracy

Decode more tokens simutaneously

……

marginal distribution ≠ joint distribution

I am

he is
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Training Process

❑ Token shift for prediction

❖ Use hidden state at i-1 to predict xi
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Training Process

❑Masked token prediction with complementary views
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Training Process

❑ Block-wise attention

Noised sequence

Clean sequence

Traditional AR

bidirectional self-attention

inter-block causal

xb denote set of tokens in the b-th

block (rather than the b-th token)

❖ employ the flex-attention implementation
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Inference Pipeline

❑ Block-wise AR decoding with caching (Semi-AR)

❑ AR across blocks ❑ Diffusion within blocks

❖ Enable block-level KV cache
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Diffusion within blocks

❑ DualCache：approximate KV cache

Cannot leverage KV cache?
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DualCache Intuition

Why works?

❑ Observation: KV activations exhibit high similarity across 

adjacent inference steps within a block
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Diffusion within blocks

❑ DualCache：approximate KV cache

❖ Cache previous kv in one sub block inference

❖ Update when current sub block is finished

Cannot leverage KV cache?
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Performance under different cache block size

❑ Smaller block size incur overhead

❑ larger block size diminish accuracy

❑ Trade-off
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Diffusion within blocks

❑ Confidence-Aware Parallel Decoding

(TL;DR) If the model is confident on many positions, parallel 

decoding will not introduce errors.
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Diffusion within blocks

Unmask dynamic number of tokens
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Threshold Curve

❖ Baseline：llada previous fixed-N tokens

❖ Setting：GSM8K, 256 length



26

Batch decoding with padding

sequence1

sequence2

[MASK]

D

[MASK]

sequence3 [MASK]

Step1

D D D

Step2 Step3 Step4

❑ Adaptation to block diffusion

D for block size
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Setups

❑ Tuning model:

❑ Training dataset:

❑ Training environment:

Qwen-2.5 1.5B and 7B instruct

LLaMA-Nemotron post-training dataset (batch 256)

64 NVIDIA A100 GPUs

❑ Training configuration: 1.5B: learning rate 2×10−5 for 6,000 steps (costs 8h)

7B: learning rate 1×10−5 for 2500 steps (costs 12h)

❑ Block size: 32

❑ Sub-Block size: 8
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Benchmark Results
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Performance

❑ Accuracy and throughput under different thresholds on GSM8K
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Performance

❑ Throughput comparison between AR(Qwen2.5-7B-Instruct) 

and diffusion(Fast-dLLM v2 7B) generation for GSM8K
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Ablation Study

❖ Based on Fast-dLLM v2 1.5B

❖ Naive token shift:  use hidden state at i-1 to predict xi

❖ Pad:

❖ CM:                       complementary mask 
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Ablation Study

❑ Sub-Block size and Block size affect performance
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Ablation Study

❑ Cache is a purely efficiency-enhancing feature
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Discussion

❑ Trade-off between accuracy and throughput in MDMs

❑ Arbitrary-Order Autoregressive?

❖ Parallel generation inevitably introduces conditional independence

❖ Semi-AR Semi-diffusion

❑ Data-efficient fine-tuning

❖ Fast-dLLM v2 achieves lossless adaptation with just ∼1B tokens, 

compared to ∼500B tokens required by Dream

❖ Diffusion Beats Autoregressive in Data-Constrained Settings (NeurIPS 25)



Thanks!


