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Overview

● MDLMs (4 slides)
○ Motivation (1 slide) 
○ Equivalence with discrete-time Markov chain/discrete time generator matching (2 slides)
○ Necessitation of planning (1 slide)

● PAPL (10 slides)
○ Planning definition (1 slide)
○ Objective alignment (3 slides)
○ Form of the loss (1 slide)
○ Greedy planner specialization and ablations (1 slide)
○ Code (1 slide)
○ Performance (1 slide)
○ Takeaways (2 slides)

The result: A two-line modification to MDLM training loss which boosts 
performance across all tested tasks (protein, code).



Why discrete diffusion?

● SOTA in discrete generation tasks for domains that lack a natural causal 
ordering, such as biological sequence and code generation. 

● Allows for tasks requiring bidirectional context vs autoregressive modeling. 



Vanilla MDMs = AOARMs

                          = (integrate)

   mask L-k positions of x0 unif at random

= (jump times don’t affect jump location)

mask each coord of x0 indep w/ prob 1-αt 
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Vanilla MDMs as Discrete-Time Generator Matching



Why plan?
k=0

k=1

k=2



● Inference-time solution (Planning): Change sampling alg. to take path2 with high prob. 
● But now your loss has nothing to do with the distribution of the new Xθ

L and its closeness in to p0!

Why plan?
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Plan
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Plan

E.g. Greedy Ancestral:

But the loss is designed assuming the sampling strategy of         !

What is planning?
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A principled, planner-informed loss



A principled, planner-informed loss



   Mask L-k positions of x0 unif at random

Weight masked positions of partially masked data by 1/(# masks) = 1/(L-k)

Vanilla (uniform random) MDM Loss



      Take planned path to time k Reweight masked positions of partially masked data via G (diff. for each i!)

Match sampling planner to data planner

   Mask L-k positions of x0 unif at random

Weight masked positions of partially masked data by 1/(# masks) = 1/(L-k)

Vanilla (uniform random) MDM Loss

Planner-Based PAPL Loss



Specialize to greedy ancestral:  

Deterministic given x0 and requires k evals of Dθ Only trains on 1 pos per y Unstable early, small grads 
for pretrained Dθ

   Take planned path to time k Reweight position via G Match sampling planner to data planner
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Specialize to greedy ancestral:  

Deterministic given x0 and requires k evals of Dθ Only trains on 1 pos per y Unstable early, small grads 
for pretrained Dθ

   Take planned path to time k Reweight position via G Match sampling planner to data planner

1. Replace G with
2. Replace      with           (mask L-k pos of x0

 unif at random)
3. Remove last term
4. Discourage mode collapse via interpolation with vanilla loss, weight α



2 line code 
modification!



Significant gains across tasks

Protein sequence generation: 
● +17% foldability, 40% relative improvement
● 150M DLM+PAPL surpasses SOTA 650M DLM

Code generation: 
● Up to +21% pass@10, 64% relative improvement
● 500M DLM+PAPL surpasses 1.3B autoregressive
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Takeaways
● Continuous time formulation = discrete time formulation for MDMs (simpler). 
● Go beyond one token/pixel in your mathematical formulation. 1 token + 

independence is enforcing structure on your reference/sampling process.
● Study your loss beyond just pointwise. Minimizer is not enough (you wont reach 

optimality). Instead, identify what gradients are doing.
● Your loss governs an assumed sampling scheme. If you want to use a different 

sampling scheme which yields different 1D time marginals, you probably could have 
chosen a better loss.



Completing the cycle                     

Naive Reference Process + Loss

Assumed Sampling Scheme
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