
Methodology

We formulate token deletion & insertion as discrete diffusion 

forward & backward processes for DID, to replace the 

masking & unmasking in MDLM. (as shown in Fig. a & b)

Forward Process: Deletion

Each token is deleted with a rate of      , while in MDLM, this 

is the masking rate.

Notably, the sequence level probability contains a distinct 

subsequence count term             , which is a classic dynamic 

programming problem with a quadratic time complexity.

Which leads to theoretically sound (I) and (II):

(I) Sampling Algorithm with Insertion Score

Probability to insert token v after position i at time t:
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Introduction

We propose a novel deletion-insertion diffusion language 

model (DID) beyond the state-of-the-art masked diffusion 

language model (MDLM) on computation efficiency and 

generation flexibility.

Computational Efficiency

• More than 50% FLOPs spent on              and             in 

MDLM training and inference can be eliminated in DID.

Generation Flexibility

• DID brings about a positional self-correction mechanism.

• Variable-length text generation with pure diffusion.

Background

As a discrete diffusion language model, DID is formulated in 

the framework of continuous-time Markov chain (CTMC), and 

trained with the denoising score entropy (DSE) loss:

where the concrete score              is the core item to learn.

Backward Process: Insertion

The core item here is the insertion score we defined as:

(II) Training Objective for Insertion Score

By instantiating the DSE loss with the DID terms         , we 

get a proper diffusion NELBO for DID:

Crucially, the training target is the subsequence count ratio

(N-ratio), which can be efficiently solved by a parallel dynamic 

programming with a minor overhead.
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