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● dLLMs can compute the product of

marginals given observed context

at arbitrary positions

● Define a forward noise process

that convert tokens to [MASK] (and

never change back)

● dLLMs are trained to denoise by

maximizing a variational lower

bound

What is a dLLM?
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Generation Example
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Dream 7B [2]



Open Source dLLMs Fall Short

● Not really “diffusion”

○ Random unmask order does 

not perform well

○ Entropy/Confidence ordered 

decoding in practice

● Not really “parallel”

○ Need as many steps as tokens 

generated for good 

performance

6



Curse of Parallel Decoding
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Central Question

How do we increase dLLM throughput 

without dramatically hurting quality?

(Have our cake and eat it too)
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dLLMs Can Sample Autoregressively

● Use the diffusion model autoregressively

● Advantages

○ High quality

○ Use as gold standard distribution

● Disadvantages

○ One token at a time sequentially is slow

○ No KV caching 

9BERTs are generative in-context learners [1]
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From Sequential to Parallel Sampling

● Instead of sampling

autoregressively 1 token

at a time, we can sample

in parallel 𝑘 tokens per

iteration

● For high 𝑘, quality goes

down
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Failure Mode

● Modelling the marginals 

𝑝 𝑥1 , 𝑝(𝑥2) will not 

capture the joint 𝑝 𝑥1, 𝑥2

● Fail to capture 

dependence: 𝑝 𝑥1|𝑥2

● We do not want to draw 

samples that are 

marginally likely but 

jointly unlikely 
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Discrete Copula Diffusion [3]



Goals

1. Speed: Minimize 𝒢

2. Quality: Minimize the 

distance between 𝑝APD
and 𝑝A𝑅
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Constraints

● We have a strong diffusion model Dream 7B: 𝑝D
○ Samples in parallel

○ Computes likelihood sequentially

● We have a weak AR model Qwen2.5 0.5B: Ƹ𝑝AR
○ Computes likelihood in parallel

○ Samples sequentially

● This is not the same setting as speculative decoding!

○ We do not access to fast likelihood queries from our diffusion model

○ The big model samples quickly, the small model verifies quickly

○ The cost of obtaining target distribution 𝑝AR directly is too high
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Multiplicative Mixture

● Product of experts [9]

● Intuitively, it corresponds to the intersection 

of distributions instead of the union

● Implemented by adding logits and 

renormalizing with softmax

● We define our target distribution as the 

multiplicative mixture between 𝑝D and ො𝑝AR, 

weighted by 𝑅

● Will capture marginal distributions and the 

joint dependencies to approximate 𝑝AR
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Gumbel Argmax Sampling Trick

● Given the output logits from a model for K 

categories: 𝐿 = 𝑙1, 𝑙2, … , 𝑙𝑘
● Sampling procedure

1. Draw independent samples 

𝑟1, … , 𝑟𝑘~Gumbel 0,1

2. Compute 𝐿′ = 𝑙1 + 𝑟1, 𝑙2 + 𝑟2, … , 𝑙𝑘 + 𝑟𝑘
3. Sample 𝑥 = argmax 𝐿′

● Mathematically equivalent to sampling 𝑥

directly from categorical distribution

● Gumbel trick is a universal coupler [8]
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5 𝑥6 𝑥7

The capital

The capital 𝑝D(𝑥3|𝑥1 , 𝑥2) 𝑝D(𝑥4|𝑥1 , 𝑥2) 𝑝D(𝑥5|𝑥1 , 𝑥2) 𝑝D(𝑥6|𝑥1 , 𝑥2) 𝑝D(𝑥7|𝑥1 , 𝑥2)

The capital of France is is is

The capital 𝑝T(𝑥3|𝑥1 , 𝑥2) 𝑝T(𝑥4|𝑥1:2, ො𝑥3) 𝑝T(𝑥5|𝑥1:2, ො𝑥3:4) 𝑝T(𝑥6|𝑥1:2, ො𝑥3:5) 𝑝T(𝑥7|𝑥1:2, ො𝑥3:6)

The capital of France is Paris is

The capital of France is

Algorithm
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Algorithm
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Results

● ADP bends the throughput quality curve

● We can now achieve much higher throughput without large drop in quality

● Hyperparameter R (multiplicative mixture weight) allows control over trade off
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Before Now



KV Caching
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● KV caching in dLLMs

empirically works

● Only recompute the KV 

within a window of 𝑊

of the most recent 

generated tokens

Fast-dLLM [4]



Maximum Masked Lookahead

● For each step only append 

𝑀 mask tokens to the suffix

● This can change the 

distribution by encouraging 

shorter response
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Final Results
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Final Results
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Final Results
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Final Results
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220%



Concurrent Works

● Parallel Sampling + KV cache

● Accelerating Diffusion Language Model Inference via Efficient KV Caching 

and Guided Diffusion [5]

○ Very similar to APD but accept token if it most likely under AR and diffusion

● Fast-dLLM [4]

○ Unmask tokens if above a certain confidence threshold

● KV cache

○ dkv-cache: The cache for diffusion language models [6]

○ dllm-cache: Accelerating diffusion large language models with adaptive caching [7]
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Thank you! 

For any questions or collaboration ideas …

Website: https://danielmisrael.github.io/

Email: disrael@ucla.edu

X: @danielmisrael
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