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Problem:

Are the benefits of inference flexibility for MDMs enough to outweigh the drawbacks of training complexity?

Motivation:

To find a trade-off between training and inference

Contribution: 

Training for the worst:

the overhead imposed by training complexity quantifiably impacts MDMs’ performance

Planning for the best:

Once MDMs can perfectly solve all masking subproblems, then it can be used to decode in any order

Introduction
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Preliminaries: Masked Diffusion Models
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Preliminaries: Masked Diffusion Models
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Preliminaries: Reformulating the training and inference of MDMs
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Preliminaries: Reformulating the training and inference of MDMs
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Theoretical Analysis of MDM Training

Reframing MDM Loss:

● is a permutation of the indexing set {i, .. , L-1}

● is the uniform distribution over all the permutations of length L

● MDM loss is similar to ARM loss, but averaged over all possible unmasking permutations

● If data has a known order (such as left-to-right), ARM training is more tractable than MDM training
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Theoretical Analysis of MDM Training

Definition 3.1: A Latents and Observations (L&O) Distribution:

is a L&O data distribution over                   , characterized by:

● A permutation      over indices 

● N latent tokens

● P observation tokens (N + P = L)

● A prior distribution 

● Observation Functions* 

*Observation functions assumed to be efficiently learnable in the PAC sense (polynomial examples of              and O j pairs can be used to learn Oj using an efficient learning algorithm)
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Theoretical Analysis of MDM Training

Definition 3.1: A Latents and Observations (L&O) Distribution:
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Theoretical Analysis of MDM Training

Training over an L&O Distribution:

● Since the observation functions are efficiently learnable by definition, Order-Aware 

Training is computationally tractable for such problems

● Each conditional:

is assumed to be efficiently learnable.

● The above is not true for MDM training.
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Theoretical Analysis of MDM Training

Example 3.2: Sparse Predicate Observations:

Given a set of latent variables                            :

● Consider all possible ordered subsets of these latent variables of size k ≥ 2:

● For each of these subsets, define the observation latent:

Where                                             is the predicate function.

● Note that



12

Theoretical Analysis of MDM Training

Example 3.2: Sparse Predicate Observations:
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Theoretical Analysis of MDM Training

Proposition 3.3: Intractability of Sparse Predicate Observations:

● For a given L&O Distribution with Sparse Predicate Observations, there will exist specific 

forms of the problem which are computationally intractable:

“No polynomial-time algorithm can solve some of 

the resulting subproblems”

● Proof is given using statistical physics and information theoretic methods in the supplementary 

information.

● Bottom line is, some sparse predicate observations are guaranteed to become intractable.
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Adaptive MDM Inference

● We have established that MDMs train on significantly harder unmasking problems than 

ARMs, some of which are intractable

● However, this can be turned into an advantage during inference! Instead of Vanilla 

inference, we can infer adaptively:
Oracle to select S

strategically
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Adaptive Oracle Choice 1: Top Probability Oracle

● For every masked token i, calculate confidence over the entire vocabulary (maximum of 

predictions over the entire vocabulary):

● Select top K positions to unmask:

● Good proxy for many tasks, though may lead to misleading estimates (e.g prediction for a 

position is close between two tokens)
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Adaptive Oracle Choice 2: Top Probability Margin Oracle

● For every masked token i, calculate difference in predictions between top two likeliest 

candidates (j1, j2) over the entire vocabulary:

● Select top K positions to unmask:

● Avoids unmasking positions where the model is confused between two tokens for a single 

position
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Results: L&O-NAE-SAT
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Results: Text Generation
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Results: Logic Puzzles
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Results: Natural Language Tasks
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Results: Generalization
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• Masked diffusion models gain inference-time flexibility by learning an order-agnostic 

objective over many infilling subproblems.

• That flexibility comes with a real cost: training is spread across a much larger and more 

uneven set of conditional prediction tasks.

• Fixed decoding policies can expose poorly learned subproblems and limit performance.

• Adaptive unmasking order is therefore a natural way to exploit the strengths of masked 

diffusion models.

• The framework is especially compelling when generation follows sequence-dependent 

reasoning paths rather than a fixed left-to-right order.

Summary
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• The paper presents a clear conceptual thesis connecting training complexity and inference 

strategy.

• It gives a technically meaningful view of masked diffusion training as a superposition of many 

infilling objectives.

• The proposed remedy is elegant: improve decoding by changing the unmasking policy, 

without retraining the model.

• The empirical results strongly support the claim that decoding order matters.

• The strongest results appear on reasoning-heavy structured tasks, where adaptive ordering 

aligns well with the problem structure.

Strengths
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• The practical gains are task-dependent and are much stronger on structured reasoning 

problems than on open-ended language tasks.

• Adaptive Inference is fairly simple and heuristic currently

(The authors acknowledge this, and the fact that their main contribution lies in the                                         

understanding of MDM ordering, rather than superior inference strategies)

● Current Adaptive Inference Strategies seem to increase inference-time complexity, though 

this may or may not be an issue depending on resources.

Weakness
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• How much of the gain comes from masked diffusion itself, and how much comes from having 

a better decoding policy?

• Can the ordering policy be learned jointly instead of relying on hand-designed uncertainty 

heuristics?

• What properties of a task determine whether order-agnostic generation is actually 

advantageous?

Questions
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• Explore Advanced Adaptive Strategies

• Overcome Inference Efficiency Bottlenecks

• Introduce Global Planning & Dynamic Correction

Future Work
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Thank You
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Additional Theoretical  Supplements

Assumption B.11:

● c is an element of the vocabulary

● Sum over all other possible assignments to the other k - 1 variables is always constant

● Implies that all values in the vocabulary are treated symmetrically by the predicate function
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Additional Theoretical  Supplements

Definition B.12: Belief Propagation

● (Kesten-Stigum threshold) is defined as the largest average degree for which BP is 

locally stable around the paramagnetic fixed point.
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Additional Theoretical  Supplements

Definition B.12: Planted Constraint Satisfaction Problems (CSPs)

● Define 

● is defined as the largest average degree for which the planted CSP ensemble 

becomes mutually contiguous and equivalent to a null model
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Additional Theoretical  Supplements

One Step Replica Symmetry Breaking (1RSB)

● Too many constraints cause the solution space to split into clusters (due to competing 

constraints)

Conjecture B.13: 1RSB Cavity Prediction

● If Assumption B.11 is satisfied, then for all P such that:

the problem becomes intractable.
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