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ABSTRACT

Masked Diffusion Models (MDMs) have emerged as a promising approach for
generative modeling in discrete spaces. By generating sequences in any order and
allowing for parallel decoding, they enable fast inference and strong performance
on non-causal tasks. However, this flexibility comes with a training complexity
trade-off: MDMs train on an exponentially large set of masking patterns, which
is not only computationally expensive, but also creates a train–test mismatch be-
tween the random masks used in training and the highly structured masks induced
by inference-time unmasking. In this work, we propose Progressive UnMAsk-
ing (PUMA), a simple modification of the forward masking process that aligns
training-time and inference-time masking patterns, thereby focusing optimization
on inference-aligned masks and speeding up training. Empirically, PUMA speeds
up pretraining at the 125M scale by≈ 2.5× and offers complementary advantages
on top of common recipes like autoregressive initialization.

1 INTRODUCTION

In recent years, Masked Diffusion Models (MDMs) Lou et al. (2023); Shi et al. (2024); Sahoo
et al. (2024) have emerged as a compelling alternative to autoregressive models for discrete gener-
ative modeling, driven by rapid scaling efforts from 7B Ye et al. (2025); Nie et al. (2025); Gong
et al. (2025); Song et al. (2025) to 100B parameters Bie et al. (2025), as well as industry-scale de-
ployments Labs et al. (2025); DeepMind (2025). Much of their appeal comes from inference-time
advantages: parallel decoding speeds up generation, while any-order inference better accommodates
tasks that require non-autoregressive generation.

At the same time, MDMs come with a well-known trade-off Kim et al. (2025b), Train for the
Worst: to have any-order generation ability, they must train on unmasking tasks with an exponen-
tial number of masking patterns, substantially increasing the complexity of training. Under this
paradigm, compute is spread across all masking patterns, while at inference, the masking patterns
occupy a negligible fraction of the ones seen during training. This is because adaptive inference pri-
oritizes positions for which the model’s predictions are most certain, causing unmasking decisions
to concentrate on a small subset of masking patterns.

Yet, this mismatch can be turned into an opportunity: training complexity can be reduced by focusing
on inference-aligned masking patterns. However, despite training efficiency being essential to scal-
ing MDMs, recent work has largely emphasized inference, leaving MDM training comparatively
underexplored.

In this work, we propose Progressive UnMAsking (PUMA). With a modified forward process,
PUMA generates training examples whose masking patterns provably match those observed at in-
ference, thereby resolving the train-test mismatch. To our knowledge, PUMA is the first approach
to accelerate discrete diffusion training by redesigning the forward masking process itself, rather
than architectural Arriola et al. (2025b); Ni & team (2025) or recipe-level remedies, such as autore-
gressive initialization Bie et al. (2025); Ye et al. (2025); Gong et al. (2025); DeepMind (2025) or
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(a) Training examples are generated via a teacher-
forced chain conditioned on a clean sequence x0 using
the current unmasking policy gϕ. In contrast, standard
MDM training samples independently masked contexts.
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(b) PUMA (blue) accelerates MDM training (red)
on TinyGSM Liu et al. (2023). PUMA com-
poses seamlessly with autoregressive initialization
(purple over green).

Figure 1: Left: Illustration of PUMA trajectories compared to standard MDM masking. Right:
Training acceleration achieved by PUMA.

block-size curriculum Bie et al. (2025); Fan et al. (2026), or loss reweighting Shi & Titsias (2025);
Peng et al. (2026).

Empirically, PUMA accelerates MDM pretraining by up to 2.5× in iteration–accuracy comparisons
at the 125M scale, while introducing only one additional hyperparameter and incurring no forward-
pass overhead. We further demonstrate that PUMA is fully compatible with widely adopted ap-
proaches that instead modify the architecture or training recipe, such as autoregressive initialization
and block-size curricula, offering additional speedups on top of these.

2 RELATED WORK

Given the any-order nature of the prediction task, MDM training is inherently more challenging
and less compute-efficient than autoregressive training Nie et al. (2024); Kim et al. (2025b), where
the model only needs to learn causal next-token prediction. Consequently, prior work has relied on
architectural or training-recipe-level strategies applied on top of the core MDM procedure. At scale,
a common practice is to initialize MDMs from pretrained autoregressive models Ye et al. (2025);
Song et al. (2025); Bie et al. (2025); Fan et al. (2026), along with mixture-of-experts variants Ni &
team (2025). Block diffusion Arriola et al. (2025a;b) combines block-wise autoregressive generation
with MDM-style inference within each block, yielding speedups but essentially trading off full any-
order flexibility: at each step, the set of unmasked positions must lie within a block. Notably, these
approaches typically leave the underlying masking process unchanged. In contrast, PUMA
operates at the level of the forward masking process; it is thus largely orthogonal to these designs
and can be incorporated alongside them, potentially compounding speedups.

The recent work of (Peng et al., 2026) also aims to resolve the mismatch between the training and
inference distributions of MDMs. By incorporating a planner into the inference strategy – which is
the same as our unmasking policy gϕ, see Section 3 – the authors derive a planner-aware ELBO for
MDMs, in which losses are reweighted on a per-token level according to the planner. However, this
ELBO depends on trajectories drawn from the unmasking policy, and in practice, Peng et al. (2026)
train on the commonly used random masking scheme for MDMs, which does not fully resolve
the misalignment between training and inference distributions. We will see that PUMA takes this
idea a step further and aims at directly adapting the training distribution to the one encountered at
inference. We note that in our experiments, reweighting the loss did not yield any advantage, hence
we train PUMA with an unweighted loss.
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3 PRELIMINARIES

We begin by reviewing the training and inference of Masked Diffusion Models (MDMs).

Notation. Assume we aim to learn the distribution pdata over sequences of length L with finite
vocabulary V . Denote by xi the i-th element of a given sequence x = (x1, . . . ,xL), and let ∆(V)
be the simplex of probability distributions over V .

MDM training. MDMs Lou et al. (2023); Shi et al. (2024); Sahoo et al. (2024) introduce an aux-
iliary mask token m. At a high level, they learn the posterior marginal distributions over V at
each mask token, conditioned on a partially masked sequence. Concretely, an MDM defines a
forward masking process: for a given x0 ∼ pdata, draw a time step t ∼ Unif[0, 1], then indepen-
dently replace each token xi

0 by m with probability t.1 This results in a partially masked sequence
xt ∈ (V ∪ {m})L.

This resulting joint distribution over (x0, t,xt) induces the coordinate-wise posterior p(xi
0 =

· |xt, t), which we refer to as unmasking posterior: the distribution over clean token at masked
position i given (xt, t). The masking process above has an intriguing property–the unmasking pos-
terior is time-agnostic Ou et al. (2024); Zheng et al. (2024); it depends only on the observed (partially
masked) sequence xt, not the time step t; therefore, we drop the time step in the notation and write
p(xi

0 = · |xt) = p(xi
0 = · | z), adopting the notation z = xt.

To learn this unmasking posterior, MDMs employ a neural network fθ that takes a sequence z as an
input and outputs a tensor of shape |V| × L. Its i-th column f i

θ(· | z) ∈ ∆(V) learns the unmasking
posterior f i

θ(v | z) ≈ p(xi
0 = v | z). To train fθ, MDMs minimize the following cross-entropy loss

summed over all masked indices:

L(θ) = E(x0,t,xt)

[
1

t

∑
i : xi

t=m

− log f i
θ(x

i
0 |xt)

]
.

where the expectation is taken over the joint distribution of (x0, t,xt) defined above. As desired, the
unique minimizer fθ⋆ of the loss Lθ satisfies f i

θ⋆(v | z) = p(xi
0 = v | z). This viewpoint connects

the MDM training to any-order masked language models such as BERT (Devlin et al., 2019), which
also model the posterior marginals at masked positions.

MDM inference. MDM inference starts from a fully masked length-L sequence x1 = (m, . . . ,m)
and proceeds over a monotonically decreasing grid of times t0 = 1 > · · · > tK = 0. At each step
tj , given a partially masked sequence xtj ∈ (V ∪ {m})L, inference proceeds by two steps to obtain
xtj+1 :

(a) Choose a subset of masked positions S to unmask.

(b) i ∈ S, unmask xi
tj with a clean token from f i

θ(· |xtj ) ∈ ∆(V).

The flexibility of choosing S ⊆ {i |xi
tj = m} lies at the core of MDM inference; selecting which

positions to unmask next can dramatically influence downstream performance both in terms of ac-
curacy, as well as efficiency. A large body of prior work (Chang et al., 2022; Zheng et al., 2023; Kim
et al., 2025b; Nie et al., 2025; Peng et al., 2025; Jazbec et al., 2025; Hong et al., 2025; Ma et al.,
2025; Lee et al., 2025; Hayakawa et al., 2025; Mo et al., 2025) investigates this question.

Formally, an unmasking policy gϕ – either heuristic or learned – maps a partially masked se-
quence and time (xt ∈ (V ∪ {m})L, t) to a (possibly stochastic) subset S ⊆ {i : xi

t = m}
of the masked positions, which is used at each inference step to select a subset to unmask. A
widely used instantiation scores each masked position and then sets S as the top-K positions:
gϕ(xt, t) = TopKi:xi

t=m

[
score(i)

]
, where score(i) is a confidence score for position i. Common

choices for computing the score include the maximum predicted probability maxv∈V fθ(v |xt, t)
(“Top-K”), the margin between the top two probabilities fθ(v1 |xt, t) − fθ(v2 |xt, t) where v1, v2
are the top-2 tokens with the highest assigned probability (“Top-K margin”), the negative entropy
of the categorical distribution (“entropy-based”), or a position-dependent schedule (e.g., semi-
autoregressive inference).

1We present the masking process using a linear schedule.
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4 PUMA: PROGRESSIVE UNMASKING

In this section, we introduce Progressive UnMAsking (PUMA). In Section 4.1, we establish the
theoretical foundation of PUMA and present how it resolves the MDM’s train-test mismatch stated
in the introduction. We then describe our empirical design choices for PUMA in Section 4.2.

4.1 THEORETICAL FOUNDATION OF PUMA

We begin by formalizing the train–test mismatch in MDMs.

Train-test mismatch of MDM. Recall that MDM inference proceeds by following an unmasking
policy gϕ that looks at the currently revealed tokens and decides which masked positions to un-
mask next. As a consequence, inference does not visit masked sequences uniformly (as done in the
training); instead, it induces a policy-dependent distribution over intermediate masked sequences.
For example, under a semi-autoregressive unmasking policy Nie et al. (2025), inference proceeds
block-wise in an autoregressive manner, hence the maskings observed at inference are restricted to
block-wise causal patterns.

Meanwhile, the training allocates the compute uniformly across all masking patterns, since each po-
sition is masked i.i.d. This suggests that training could be more compute-efficient if we concentrate
the training distribution on masking patterns that arise at inference. This raises the question: Is there
a masking procedure that resolves this mismatch?

Challenge. The above question is subtle for two reasons. (1) At training time, we start from a clean
sequence x0 and construct a masked example xt; at inference, however, intermediate states xt are
generated by progressively applying the unmasking policy to partially masked sequences, without
access to any clean sequence. (2) We cannot arbitrarily change the forward process: modifying
the joint distribution over (x0, t,xt) can inadvertently change what MDM training aims to learn.
Concretely, unless done carefully, changing (x0, t,xt) can shift the minimizer of the loss

L(θ) = E(x0,t,xt)

[
1

t

∑
i : xi

t=m

− log f i
θ(x

i
0 |xt)

]
. (1)

PUMA. We now present PUMA and explain how it resolves these challenges. The crux of PUMA
is the so-called teacher-forced chain, which we use to generate training-time samples. At a high
level, the teacher-forced chain is a progressive unmasking process that follows the same unmasking
policy gϕ used at inference time, but instead of sampling clean tokens from a posterior, it reveals the
corresponding ground-truth tokens from the data sample x0. Surprisingly, this simple chain lets us
align the distribution over masking patterns at training-time with the one at inference time.

Teacher-forced chain. Fix a clean sequence x0, an unmasking policy gϕ, and an integer K ≥ 1.
Define a time grid tj := 1 − j/K for j = 0, 1, . . . ,K, so that t0 = 1 and tK = 0. We initialize
the chain at the fully masked state xt0 = x1 = (m, . . . ,m). To clarify, in contrast to the inference
(Section 3), we do not draw a clean token from fθ; whenever positions are selected, we reveal
ground-truth tokens from x0. Concretely, given a partially masked state xtj , obtain xtj+1 by:

(a) Choose a subset of masked positions S = gϕ(xtj , tj).

(b) For each i ∈ S, unmask xi
tj = m into clean token xi

0.

The chain above is defined conditional on a particular x0, i.e., it specifies a conditional distribution
over trajectories (xt0 , . . . ,xtK ) given x0. At training time, we first sample x0 ∼ pdata and then run
the chain (conditioned on x0).

Therefore, each chain run yields multiple intermediate masked sequences, each of which serves as
a training example paired with the ground-truth sequence x0. In contrast, standard MDM training
generates a single training example with random masking. We illustrate this in Figure 1a. This
teacher-forced chain can be efficiently implemented in practice without any computational overhead,
and we will revisit it in Section 4.2. We now informally state the theoretical guarantee of PUMA:
marginal agreement and minimizer preservation.
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(PUMA in a nutshell). PUMA training, i.e., sampling x0 ∼ pdata and generating contexts xtj
via the teacher-forced chain, (i) matches the marginal distributions induced by MDM inference
under the same policy gϕ and (ii) preserves the unmasking-posterior minimizer of the MDM
objective.

Together, these two properties resolve the challenges identified earlier: PUMA aligns training and
inference distributions, while ensuring that modifying the forward process does not change what
the model is trained to learn. As a result, PUMA enables more compute-efficient MDM training
without affecting the minimizer of the underlying objective.

Current model as an unmasking policy. An important practical consideration in operating the
teacher-forced chain during pretraining is that the final unmasking policy, namely the one used at
inference, is not available a priori: it is induced by the final pretrained network (see Section 3 for the
policy instances). Accordingly, we construct the teacher-forced chain using the unmasking policy
defined by the current model at that point in the training process.

Intuitively, as training proceeds and the model’s prediction gets better, the induced policy gϕ rapidly
approaches the inference-time policy of the final model. In particular, the ranking of which posi-
tions to unmask might tend to stabilize earlier than full posterior calibration, so the policy becomes
approximately final relatively early in training. We indeed validate this empirically in Section 5.1,
and return to implementation details in Section 4.2.

4.1.1 PUMA’S MARGINAL AGREEMENT PROPERTY

In this section, we formalize the marginal agreement property of PUMA. Detailed argument on the
minimizer preservation can be found in Appendix A.

Intuition. The unmasking posterior p(xi
0 = · | z) used in the MDM inference step (b) is the data

conditional distribution given z. Therefore, “revealing a token from the true posterior” (idealized
MDM inference) is distributionally equivalent to “first draw x0 ∼ pdata, then reveal its tokens, and
later marginalize over x0 ∼ pdata” (PUMA): both generate the same joint law over revealed tokens
and remaining masks. Since gϕ only reacts to what is currently revealed (and time), both procedures
induce the same distribution over intermediate masked contexts at each t.
Proposition 1 (Informal). Fix a policy gϕ and consider an idealized MDM inference procedure
that, at step (b), samples clean tokens from the ground-truth unmasking posterior p(xi

0 = · | z).
Let qt denote the distribution of xt under this idealized inference. Then, for every t, the marginal
distribution of xt induced by the teacher-forced chain with x0 ∼ pdata coincides with qt.

Remark. The precise way to present Proposition 1 is under the idealized policy, where we only
choose one position to unmask at each time step. This is because the token sampling step at infer-
ence is always done with fθ’s per-position posterior; the distributional dependency across positions
is ignored. A more nuanced way to understand the teacher-forced chain is through continuous-
time Markov chains Campbell et al. (2022); Gat et al. (2024); Kim et al. (2025a), under which the
marginal agreement holds for all t ∈ [0, 1]. We formalize this argument in Appendix A.1.

4.1.2 PUMA’S MINIMIZER GUARANTEE

In this section, we demonstrate that PUMA does not alter the minimizer of the training loss. We first
investigate how the design of the forward process can influence the minimizer of the training loss.
Consider the i.i.d. forward process, whose conditional distribution takes the following form:

p(xt = z |x0, t)

= (1− t)|um(z)|tL−|um(z)| · 1{xum(z)
0 = zum(z)},

where um(z) := {i | zi ̸= m} is the set of unmasked tokens z and 1{xum(z)
0 = zum(z)} is

the indicator function that identifies whether z matches x0 on um(z). Now we observe how the
first term (green factor) cancels out in the Bayes-optimal predictor, which is also the cross-entropy
training loss’s minimizer. By Bayes’ rule,

p(x0 | xt = z, t) ∝ p(xt = z | x0, t) pdata(x0)

= (1− t)|um(z)| tL−|um(z)| · 1
{
x
um(z)
0 = zum(z)} pdata(x0) ,
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where the coordinate-wise conditional distribution (blue term) corresponds exactly to the minimizer
of the training loss. Crucially, the first term of the right-hand side (green factor) does not depend
on x0 and therefore cancels out during normalization, leaving the posterior unchanged. The same
argument applies more generally as long as the forward process follows the form

p(xt = z | x0, t) ∝ αt(z) · 1{xum(z)
0 = zum(z)}, (2)

for an arbitrary nonnegative function αt(z).

Proposition 2 (Informal). Under a forward process of the form of equation (2), the training loss
(1)’s unique minimizer does not change from the ground-truth unmasking posterior.

Importantly, the teacher-forced chain has the form of equation (2): the selection of S depends only
on the currently observed tokens in xtj (and time), as the unmasking policy gϕ(xtj , tj) does so, and
never on the hidden entries of x0. Hence, it belongs to the class of forward processes (2), so replacing
the vanilla forward process with the teacher-forced chain changes only the training distribution
while preserving the same unmasking-posterior minimizer of the MDM loss (Proposition 2).

4.2 EMPIRICAL INSTANTIATION OF PUMA

In this section, we describe how we instantiate PUMA in practice.

Streaming teacher-forced chains in a minibatch. We implement PUMA as a streaming buffer of B
teacher-forced chains. Concretely, the minibatch state consists of tuples {(x0(j), z(j), n(j))}Bj=1,
where x0(j) is the underlying clean sample, z(j) is the current masked context (a state on its chain),
and n(j) ∈ {0, . . . ,K} is the current stage. At each training step, we compute the MDM loss on
the current minibatch (one gradient step). We then advance each sequence to the next state of its
chain (by revealing additional tokens according to PUMA). When a sequence reaches the end of the
chain, we refresh it by drawing a new clean example x0, re-initializing a new chain. Thus, every
intermediate state along each chain becomes a training sample. For prompt-based tasks, we keep
the prompt unmasked at all stages and apply PUMA only to the non-prompt region.

Algorithm 1 PUMA pseudocode (one training iteration)

1: Require: MDM fθ, stages K ∈ N, masked sequences {z(j)}Bj=1, paired clean samples
{x0(j)}Bj=1, and per-example stage counters {n(j)}Bj=1 ∈ [0,K].

2: Forward pass: compute logits {fθ(· | z(j))}Bj=1 ▷ B × L×∆(V)
3: Compute loss L(θ) from logits and x0(j); update θ with the optimizer ▷ training update
4: # PUMA streaming update (per example j), parallelized
5: if n(j) = K
6: Sample x0(j) ∼ pdata; set n(j)← 0; initialize z(j) ▷ refill a new sequence
7: else
8: Compute scores si ← maxv∈V f

i
θ(v | z(j)) for masked indices i ▷ unmasking policy

9: Select reveal set S(j) using {si} ▷ top-K + thresholding
10: For all i ∈ S(j), update z(j)i ← x0(j)

i, update n(j) ▷ teacher-forced chain update

Policy from the current model. As mentioned in Section 4.1, we instantiate the teacher-forced
chain’s gϕ on-the-fly using the current model itself. Specifically, given logits from fθ(· | z(j)),
we compute a per-position confidence score for each masked index, e.g., the maximum predicted
probability, rank masked positions by confidence, and unmask roughly L/K tokens at each step.
Here, we state ”roughly” as we found it empirically beneficial to add a little randomness to the exact
number of unmasked tokens L/K; see Appendix B for details.

No additional overhead. Importantly, PUMA does not introduce any extra compute: the logits
required for the MDM loss on z(j) are exactly the quantities used to compute confidence scores.

4.2.1 PRACTICAL INTERVENTIONS

Typically, MDM inference reveals only a small number of mask tokens per step. Directly follow-
ing this behavior in PUMA with a large K is sample-inefficient: a fixed x0 would generate a long
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Figure 2: PUMA finds unmasking trajectories close to the final model’s trajectories (right)
early on in training. We show PUMA training unmasking orders at different training steps for a
given Sudoku puzzle. Blue cells are unmasked early, while red cells are unmasked later.

teacher-forced chain, often providing a redundant training signal. We introduce two practical inter-
ventions that retain the guarantee of the teacher-forced chain while improving sample efficiency.

Confidence-based fast-forwarding. We fast-forward the chain if the next unmasking decisions
are trivial for the current model. Concretely, at each step, we reveal roughly L/K masked tokens
selected by the policy but also reveal any masked position whose maximum predicted probability
exceeds a confidence threshold, e.g., 0.9. Intuitively, highly confident positions provide little training
signal if kept masked, so revealing them early lets us follow the teacher-forced trajectory without
stopping at every intermediate sequence.

K-scheduling. Early in training, the model-based policy is noisy, so using a large K can waste
compute on long, low-quality chains. We therefore use K-scheduling: start with a smaller K (yield-
ing more frequent refreshes and greater diversity across x0) and gradually increase K as training
progresses and the policy becomes more informative.

5 EXPERIMENTS

In this section, we present experimental results for PUMA, focusing on two central claims:

• Practicality: PUMA speeds up MDM pretraining.

• Compatibility: PUMA offers complementary speedups on top of autoregressive initialization and
block-size curricula.

In Section 5.1, we validate our intuition of PUMA’s design on Sudoku puzzles. In Section 5.2, we
demonstrate PUMA’s efficiency in 125M-scale MDM pretraining. Finally, in Section 5.3, we show
that these speedups persist when PUMA is combined with other recipe-level remedies.

5.1 SUDOKU PUZZLE AS A TESTBED

In this section, we use Sudoku puzzles as a simple testbed to probe practical viability of PUMA.

Setup. We use the Sudoku dataset from Radcliffe (2020), implemented by Shah et al. (2024), with
1.8M training and 0.1M test puzzles. We train a 6.8M bidirectional transformer with Qwen2-style
attention Team et al. (2024), 8 layers, and hidden dimension 256. For PUMA, we use a fixed K-
schedule with K = 8 and a confidence threshold of 0.9. Training is done on 2 NVIDIA H100 GPUs
with a batch size of 32 per GPU, taking approximately an hour.

Policy stabilization during training. PUMA achieves 90.1% final accuracy (with the Top-2 un-
masking rule and |S| = 2), and speeds up training compared to the MDM baseline by 1.4×; Fig-
ure 4 the appendix. Figure 2 visualizes PUMA’s teacher-forced chain for a fixed instance at different
checkpoints. At the early stage of training, the induced chain is uninformative. However, after
a small number of iterations the pattern of the fully trained network’s unmasking policy starts to
emerge. In addition, the model becomes more confident in its predictions as training proceeds, and
PUMA’s confidence thresholding results in shorter chains. Figure 6 shows the distance of training
trajectories (formally defined in Appendix B) to the final model decrease quickly. This empiri-
cally validates that the ranking over positions (which drives the unmasking policy) can stabilize
earlier than full posterior calibration (which drives the task accuracy), so using the current model for
teacher-forced chains is a reasonable proxy already early in training.
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Figure 3: Left: PUMA’s efficiency is largely insensitive to the confidence threshold, except when
the threshold is very small. Middle, Right: A single PUMA-trained model (trained under one
policy) remains robust to inference-time policy choices, consistently outperforming the baseline
across different unmasking policies. (Top-K margin, Entropy)

5.2 PUMA ACCELERATES PRETRAINING

Moving beyond Sudoku puzzles, we test whether PUMA remains effective in a more realistic, larger-
scale pretraining regime. In choosing an appropriate scale and data domain, we aimed for a setup
where (1) from-scratch pretrained models can achieve reasonable performance on real downstream
benchmarks, e.g., GSM8K Cobbe et al. (2021), while (2) the overall compute requirements remain
feasible for running multiple controlled experiments.

Dataset. To satisfy both criteria, we adopt TinyGSM Liu et al. (2023) as a pretraining corpus with
11.8M samples. TinyGSM converts the solutions of GSM8K-style math problems written in natural
language into short and structured Python programs, making the task substantially more learnable
at small model scales. Indeed, Liu et al. (2023) report that even a 125M-parameter autoregressive
model pretrained from scratch on TinyGSM can reach reasonable GSM8K test set performance.
Motivated by this, we use TinyGSM to study PUMA pretraining under a 125M MDM, which enables
multiple runs and ablations under our compute budget.

Setup. We conduct an apples-to-apples comparison by measuring the GSM8K test accuracy as a
function of gradient steps. PUMA and the baseline differ only in batch control, but all other factors,
including architecture, optimizer, and evaluation, are kept fixed. We use a 125M MDM with Qwen2-
style attention Team et al. (2024), hidden size 512, 14 layers, 8 heads, and sequence length 512.

As stated in Section 4.2, we include K-scheduling and confidence-thresholding for PUMA. In par-
ticular, we initialize K = 12 and increase it by 3 every 30k iterations until K = 42, and set the
confidence threshold as 0.9. All runs train for 900k iterations, and evaluation is done on the standard
GSM8K test set every 5k steps. We train on 8 NVIDIA H100 GPUs with batch size 32 per GPU, and
training takes approximately three days. At inference, we unmask with the Top-2 scoring rule, using
the maximum token-wise probability as confidence as default. To improve robustness, we repeat
each experiment three times with different random seeds. Furthermore, evaluation is done on EMA
checkpoints as it often provides better accuracy for diffusion models (Karras et al., 2023).

Results. Figure 1b shows that PUMA accelerates (blue) MDM pretraining (red) by up to 2.5×
in terms of iterations-to-accuracy. Noting that PUMA does not introduce additional forward-pass
computation, this indicates that PUMA is a practically efficient training strategy.

We additionally measure wall-clock throughput: 3.41 it/s for MDM versus 3.78 it/s for PUMA. We
attribute this small throughput gap to a loss function implementation detail. MDM uses the fused Py-
Torch primitive F.cross entropy, whereas our PUMA implementation explicitly computes to-
ken log-probabilities (needed for the teacher-forced-chain update) and then forms the cross-entropy
loss, which may incur extra kernel traffic.

Robustness across inference policies. PUMA’s theoretical guarantee is established under the as-
sumption that training and inference deploy the same unmasking policy. In practice, however, mod-
els are evaluated under a variety of policies. In light of this, we evaluate each training checkpoint
under multiple unmasking policies. Specifically, we consider the combinations of |S| ∈ {2, 3}, and
Top-K, Top-K margin, and entropy-based selection. As shown in Figure 3 (Middle, Right) and Fig-
ure 5 in the appendix, PUMA consistently improves upon the baseline across all evaluation choices.
This indicates that the resulting speedup transfers robustly to other unmasking strategies.
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5.2.1 ABLATION STUDY

We ablate two primary design choices of PUMA: K scheduling and confidence thresholding. For K
scheduling, we compare our default run (with scheduling from K = 12 to K = 42) against a variant
with a fixed K = 42 throughout training. For confidence thresholding, we sweep the threshold in
{0.4, 0.65, 0.85, 0.9 (default), 0.95}.
Results. Figure 5 in the appendix shows that removing K scheduling reduces the speed-up, indi-
cating that the schedule is crucial for PUMA. For confidence thresholding, Figure 3 suggests that
PUMA’s efficiency is broadly insensitive to the threshold, except when it is too low; 0.4 or 0.65. At
such a low threshold, PUMA unmasks numerous low-confident positions, which substantially alters
the teacher-forced chain dynamics, deteriorating the performance.

5.3 COMBINING PUMA WITH OTHER REMEDIES

In this section, we show that PUMA can be combined with common training recipes for MDMs at a
scale, demonstrating that PUMA’s benefit is complementary to such remedies.

Autoregressive model initialization. Initializing MDMs from pretrained autoregressive models is
a well-known strategy for accelerating the training (He et al., 2022; Ye et al., 2025; Bie et al., 2025;
Gong et al., 2025; DeepMind, 2025; Fan et al., 2026). To this end, we first pretrain an autoregressive
model with the same transformer architecture as in Section 5.2 for 30k steps, which takes approx-
imately 1.5 hours on 8 NVIDIA H100 GPUs. We then initialize the MDM from this checkpoint,
adjust the attention into bidirectional, and train it with and without PUMA. We keep other configu-
rations the same as in Section 5.2. Figure 1b reports the resulting learning curves (purple vs. green).
While both methods benefit from ARM initialization, PUMA exhibits a substantially larger gain,
achieving an additional speedup of approximately 2.3× relative to vanilla training.

Block-size warmup. Block diffusion (Arriola et al., 2025a;b) combines block-wise autoregressive
generation with MDM-style inference within each block, with reported improved training efficiency
over vanilla MDM training. Motivated by this, recent large-scale pretraining efforts (Bie et al., 2025;
Fan et al., 2026) adopt a block-size warmup: MDM is initialized with a pretrained autoregressive
model (block size equals the full sequence length) and gradually transitions toward an MDM. Em-
pirically, this warmup improves training efficiency. We train block diffusion models using block
size 256, and aggregate the training loss across blocks. For PUMA, we generate a teacher-forced
chain as in Section 4.2, but restricted to each block. As shown in Figure 5, PUMA also accelerates
training in this setting, which shows that its benefits are complementary to block diffusion.

6 CONCLUSION

Accelerating diffusion model training has been extensively studied in continuous domains. While
these approaches explore different objectives and training principles, they cannot operate beyond the
standard forward-process framework: Gaussian noise is added independently across dimensions.
As a result, most existing degrees of freedom take the form of modifying a scalar noise schedule,
reweighing the loss Nichol & Dhariwal (2021); Salimans & Ho (2022), or introducing an auxiliary
regularizer Yu et al. (2024).

Masked diffusions, in contrast, admit a far wider design space. They admit substantial flexibility
in the decoding order–which positions are revealed when. Prior work Zheng et al. (2024); Kim
et al. (2025b) has shown that this flexibility can be exploited at inference time. This flexibility is
a defining feature of masked diffusions and lies squarely outside the scope of continuous diffusion
formulations.

In this work, we show that this structural freedom can also be exploited at training time. PUMA
leverages the discrete nature of masked diffusion by modifying the forward masking process to align
the distributions over masked sequences induced at train- and inference-time, opening the door to a
new design axis for masked diffusion models.
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A THEORY

A.1 PROOF OF PROPOSITION 1

In this section, we provide the complete proof of Proposition 1.

Clarification of the policy notation. In the main text, we write S = gϕ(z, t) to denote the output
of the unmasking policy, which in practice can be stochastic. In this appendix, we adopt the equiv-
alent distributional view under the simplifying assumption |S| = 1: namely, we write gϕ(i | z, t)
for the conditional probability of selecting the next index i given the current state (z, t). Sampling
I ∼ gϕ(· | z, t) and setting S = {I} recovers the main-text notation.

Notation. For z ∈ Z := (V ∪{m})L, define the unmasked and masked index sets um(z) := {i ∈
[L] : zi ̸= m} and msk(z) := [L] \ um(z). For i ∈ [L] and v ∈ V , write z(i←v) ∈ Z for the
sequence obtained by replacing the i-th entry of z with v (leaving all other coordinates unchanged).

Let x0 ∼ pdata be a clean sequence in VL. For any partially-masked z ∈ Z and any i ∈ msk(z),
the (time-agnostic) ground-truth unmasking posterior is p(xi

0 = v | z) := P(xi
0 = v | xum(z)

0 =

zum(z)).

We now restate the formal version of Proposition 1.
Proposition 1 (Formal). Fix an integer K ≥ 1 and a time grid tj := 1− j/K for j = 0, 1, . . . ,K.
Consider the following two Markov chains on Z , both initialized at the fully masked state zt0 =
(m, . . . ,m). Given ztj , sample an index Ij ∼ gϕ(· | ztj , tj) (so Ij ∈ msk(ztj )), then sample a token

Vj ∼ p(x
Ij
0 = · | ztj ), and set ztj+1

:= z
(Ij←Vj)
tj . Let qtj denote the law of ztj under this procedure.

First sample x0 ∼ pdata and set z̃t0 = (m, . . . ,m). Given z̃tj , sample Ij ∼ gϕ(· | z̃tj , tj) and set

z̃tj+1
:= z̃

(Ij←x
Ij
0 )

tj . Let q̃tj denote the marginal law of z̃tj after sampling x0 ∼ pdata. Then, for
every j ∈ {0, 1, . . . ,K}, we have qtj = q̃tj .

Proof. We show that the two chains have the same one-step transition kernel from every state z ∈ Z .

Fix a step j and a state z ∈ Z . Under the teacher-forced chain, the event {z̃tj = z} is possible
only if the sampled clean sequence x0 matches z on the revealed coordinates, i.e., xum(z)

0 = zum(z).
Moreover, conditioned on x

um(z)
0 = zum(z), the probability of realizing z̃tj = z depends only on

the policy randomness along the trajectory (since gϕ reacts only to the currently revealed tokens and
t), and is therefore identical for all x0 that agree with z on um(z). Consequently, for some scalar
αj(z) ≥ 0 and all x ∈ VL,

P(z̃tj = z | x0 = x) = αj(z)1{xum(z) = zum(z)}.

By Bayes’ rule, this implies

P(x0 = x | z̃tj = z) ∝ pdata(x)1{xum(z) = zum(z)}.

In particular, for any masked coordinate i ∈ msk(z) and any v ∈ V We show that the two chains
have the same one-step transition kernel from every state z ∈ Z .

Fix a step j and a state z ∈ Z . Under the teacher-forced chain, the event {z̃tj = z} is possible
only if the sampled clean sequence x0 matches z on the revealed coordinates, i.e., xum(z)

0 = zum(z).
Moreover, conditioned on x

um(z)
0 = zum(z), the probability of realizing z̃tj = z depends only on

the policy randomness along the trajectory (since gϕ reacts only to the currently revealed tokens and
t), and is therefore identical for all x0 that agree with z on um(z). Consequently, for some scalar
αj(z) ≥ 0 and all x ∈ V L,

P(z̃tj = z | x0 = x) = αj(z)1{xum(z) = zum(z)}.

By Bayes’ rule, this implies

P(x0 = x | z̃tj = z) ∝ pdata(x)1{xum(z) = zum(z)}.
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In particular, for any masked coordinate i ∈ msk(z) and any v ∈ V , P(xi
0 = v | z̃tj = z) = p(xi

0 =
v | z) by the definition of the ground-truth unmasking posterior.

Now fix i ∈ msk(z) and v ∈ V . Using the above conditional identity and the fact that Ij is drawn
from gϕ(· | z, tj) given the current state, the teacher-forced transition probability is

P
(
z̃tj+1 = z(i←v) | z̃tj = z

)
= gϕ(i | z, tj)P(xi

0 = v | z̃tj = z) = gϕ(i | z, tj) p(xi
0 = v | z).

On the other hand, the idealized inference chain satisfies

P
(
ztj+1

= z(i←v) | ztj = z
)
= gϕ(i | z, tj) p(xi

0 = v | z),

since it samples the same index distribution and then draws the revealed token from the same pos-
terior. Therefore, the two chains have identical transition kernels and the same initial condition
zt0 = z̃t0 = (m, . . . ,m). It follows by induction on j that qtj = q̃tj for all j ∈ {0, 1, . . . ,K}.
P(xi

0 = v | z̃tj = z) = p(xi
0 = v | z) by the definition of the ground-truth unmasking posterior.

Now fix i ∈ msk(z) and v ∈ V . Using the above conditional identity and the fact that Ij is drawn
from gϕ(· | z, tj) given the current state, the teacher-forced transition probability is

P
(
z̃tj+1 = z(i←v) | z̃tj = z

)
= gϕ(i | z, tj)P(xi

0 = v | z̃tj = z) = gϕ(i | z, tj) p(xi
0 = v | z).

On the other hand, the idealized inference chain satisfies

P
(
ztj+1 = z(i←v) | ztj = z

)
= gϕ(i | z, tj) p(xi

0 = v | z),

since it samples the same index distribution and then draws the revealed token from the same pos-
terior. Therefore, the two chains have identical transition kernels and the same initial condition
zt0 = z̃t0 = (m, . . . ,m). It follows by induction on j that qtj = q̃tj for all j ∈ {0, 1, . . . ,K}.

Remark (continuous-time limit). The discrete-time proof above is stated on a grid and under the
one-index-per-step idealization. In the continuous-time limit K →∞, the corresponding dynamics
converge to a continuous-time Markov chain on Z . The same argument applies at the level of rate
matrices, which can be understood as the infinitesimal transition kernel: conditioned on the current
partially revealed state, the next revealed token in the teacher-forced construction has the same con-
ditional distribution as sampling from the ground-truth posterior, hence the two generators coincide.
Therefore, the marginal agreement extends to all t ∈ [0, 1] in the continuous-time formulation.

A.2 PROOF OF PROPOSITION 2

This section contains the formal version of Proposition 2 and its proof.

We start with a general lemma about the minimizers of weighted cross-entropy loss functions.
Lemma 1 (Weighted cross-entropy is minimized by the true conditional). Let (X,Y ) be any jointly
distributed random variables where Y takes values in a finite set V . Let w(X) ≥ 0 be any measur-
able function.

Consider the functional
L(q) := E

[
w(X) (− log q(Y | X))

]
,

where q(· | x) ranges over all conditional distributions on V .

Then any minimizer q⋆ satisfies

q⋆(· | x) = P(Y = · | X = x)

for P-almost every x such that w(x) > 0. If w(x) > 0 holds P-almost surely, the minimizer is
unique up to P-a.s. equality.

Proof. Conditioning on X = x,

E[− log q(Y | X) | X = x] = H
(
P(Y = · | X = x)

)
+KL

(
P(Y = · | X = x) ∥ q(· | x)

)
.

Multiply by w(x) ≥ 0 and take expectations over X . The entropy term is independent of q, while
the KL term is nonnegative and equals 0 iff q(· | x) = P(Y = · | X = x). This yields the claim and
uniqueness on {w > 0}.
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Proposition 2 (Formal). Let the masking process take the form

p(xt = z | x0, t) ∝ αt(z) · 1{xum(z)
0 = zum(z)},

where αt : (V ∪ {m})L → [0, 1] is a weighing function. Denote the density over (x0, t, xt) induced
by this forward process by pf , i.e.

pf (x0, t, xt) = p(xt|x0, t)pdata(x0)1[0,1](t),

where 1[0,1] is the density of the uniform distribution over [0, 1]. Then any minimizer f∗θ of the
training loss

L(θ) = E(x0,t,xt)∼pf

[
1

t

∑
i : xi

t=m

− log f i
θ(x

i
0 |xt)

]
is the ground-truth posterior of pdata, and this posterior is equal to the distribution conditioned on
the unmasked indices of x0 and xt coinciding, i.e.

f∗θ (x0 | xt) = P(x0 | xt) ∝ 1{xum(xt)
0 = x

um(xt)
t } pdata(x0).

Proof. We start by showing the equality

P(x0 | xt) ∝ 1{xum(xt)
0 = x

um(xt)
t } pdata(x0).

Fix t ∈ (0, 1) and a masked context xt ∈ (V ∪ {m})L. Write um(xt) ⊆ [L] for the unmasked
coordinates and msk(xt) := {i : xi

t = m}. By assumption,

p(xt | x0, t) ∝ αt(xt)1{xum(xt)
0 = x

um(xt)
t }.

Then Bayes’ rule gives, for any x0,

P(x0 | xt, t) ∝ p(xt | x0, t) pdata(x0) ∝ αt(xt)1{xum(xt)
0 = x

um(xt)
t } pdata(x0),

The factor αt(xt) does not depend on x0 and cancels after normalization. Furthermore, the depen-
dency on t also disappears, yielding the data conditional form

P(x0 | xt) = P(x0 | xt, t) ∝ 1{xum(xt)
0 = x

um(xt)
t } pdata(x0). (3)

In particular, the right-hand side depends on xt only through its revealed coordinates, and thus does
not depend on αt.

Now let (x0, t,xt) ∼ pf . Fix a coordinate i ∈ [L] and define the random variables

X := xt, Y := xi
0 ∈ V.

The contribution of coordinate i to the loss is

Li(θ) := E
[1
t
1{Xi = m}

(
− log f i

θ(Y | X)
)]
.

Conditioning on (X, t) and using (3) (which implies P(Y = · | X, t) = P(Y = · | X)), we can
write

Li(θ) = E
[1
t
1{Xi = m}E

[
− log f i

θ(Y | X) | X, t
]]

= E
[
wi(X)E

[
− log f i

θ(Y | X) | X
]]
,

where wi(X) := 1
t 1{X

i = m} ≥ 0 (note that we are assuming t > 0). Thus, by Lemma 1, any
minimizer f∗θ equals the true posterior P(x0 | xt), which finishes the proof.
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B TRAINING DETAILS AND EXPERIMENTS

B.1 OMITTED DETAILS OF PUMA.

The overall PUMA pipeline follows Algorithm 1, with one detail on how the number of newly
unmasked tokens |Sj | is determined at each step.

Summarization. The basic idea behind the design is twofold: First, we aim to unmask a roughly
uniform fraction of tokens (L/K) at each stage of the diffusion process, while introducing controlled
stochasticity in the exact number of tokens unmasked. This stochasticity is important in practice:
deterministically unmasking the same number of tokens at every stage can lead to an imbalance in
the distribution of masking patterns encountered during training.

Second, in addition to stage-based unmasking, we optionally apply confidence-based thresholding,
which further unmasks tokens whose confidence scores exceed a fixed threshold (see Section 4.1).

Stage partitioning. Fix an integer K. We partition the interval [0, 1] into K uniform subintervals
Iℓ :=

[
ℓ
K , ℓ+1

K

]
for ℓ = 0, . . . ,K − 1. For an intermediate masked sequence xt, we define its stage

n ∈ {0, . . . ,K − 1} based on the fraction of unmasked tokens. Concretely, xt is said to be at stage
n if the number of unmasked (i.e., clean) tokens lies in the range

[
Leff · n

K , Leff · n+1
K

]
, where Leff

denotes the effective sequence length, i.e., the number of tokens in x0 excluding prompt tokens.

Teacher-forced chain movement. Assume we are given a tuple (xt, n,x0) consisting of the current
masked sequence, its stage index, and the corresponding clean sequence. To advance the teacher-
forced chain from stage n to (approximately) stage n+ 1, we proceed as follows:

1. Sample target unmasking ratio: Sample r ∼ Unif(In+1), which specifies the desired frac-
tion of unmasked tokens for the next stage.

2. Determine the number of tokens to unmask: Let Ut denote the number of currently un-
masked tokens in xt. The target number of unmasked tokens is Leff · r, and hence the
number of newly unmasked tokens is ∆U = Leff · r − Ut.

3. Generate the next state: We unmask ∆U tokens according to the PUMA unmasking policy,
obtaining the next intermediate sequence, which we nominally associate with stage n+ 1.

Interaction with confidence thresholding. When confidence thresholding is enabled, we addition-
ally unmask all tokens whose confidence scores exceed a fixed threshold τ . Since this step may un-
mask more tokens than prescribed by ∆U , the total number of unmasked tokens can exceed Leff · r.
In this case, after all unmasking operations are completed, we recompute the stage index based on
the final number of unmasked tokens, ensuring that the stage assignment remains consistent with the
definition above.

Training configuration. Table 1 shows our training and evaluation hyperparameters for both our
Sudoku and TinyGSM experiments. All hyperparameters are identical across PUMA and the MDM
baseline (except for PUMA-specific parameters, such as the K-schedule, which do not apply to the
baseline).

B.2 ADDITIONAL EXPERIMENTAL RESULTS

Discussion on the block diffusion experiment. Block diffusion additionally predefines the
inference-time unmasking order (block-by-block). This rigidity can partially counteract PUMA’s
speed-up, which in part comes from aligning the training-time masking process with the inference-
time unmasking policy. Consequently, while we do not sweep over block sizes, we expect PUMA’s
incremental gain to decrease as the block size becomes smaller (i.e., as the inference order becomes
more constrained).

Importantly, our main claim (Section 5.3) is that PUMA is complementary to block-size warmup:
the warmup schedule necessarily passes through a regime with relatively large blocks, and we expect
this is precisely the regime where PUMA’s policy-alignment effect applies most strongly.

Sudoku training speedup. Figure 4 shows the training speedup achieved by PUMA over the MDM
baseline in our training run from Section 5.1.
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Sudoku training trajectories. Figure 6 shows the distance between training trajectories found by
PUMA over the course of training to the trajectories found by the final model. Here, the distance at
training time t is defined as

dabs(t, T ) := Ex0

 1

81

∑
(i,j)∈[9]×[9]

∣∣ut
ij(x0)− uT

ij(x0)
∣∣ , (4)

where T is the time at the end of training, and ut
ij is the integer step in the trajectory at which cell

(i, j) is unmasked; e.g., if a cell is unmasked at the kth step in the trajectory, ut
ij = k. In Figure 6,

we average over 100 (fixed) samples. The figure shows that the distance decreases rapidly early
during training, which validates using the online trajectories from the current model for teacher-
forced chains. However, interestingly, the distance saturates at around 0.5, which means a small gap
in trajectory distance persists.
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Inference: Standard Top-K, Data: Sudoku

MDM

MDM + PUMA

Figure 4: PUMA speeds up training on Sudoku by 1.4×.
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Figure 5: Lower Left: K scheduling is an important factor for PUMA’s efficiency; without schedul-
ing (K = 42) degrades the iteration-accuracy efficiency. (purple curve). Upper: A single PUMA-
trained model (trained under one policy) remains robust to inference-time policy choices, consis-
tently outperforming the baseline across different unmasking policies. Figure 3 shows the iteration-
accuracy curves with |S| = 2. Here, we present the curves with |S| = 3 under the Top-K margin
(Upper Right) and entropy-based (Upper Left) policy. Lower Right: PUMA also yields speed-up
for the block diffusion training with the block size 256.
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Figure 6: Training trajectory distance to the fully trained model diminishes quickly. We show
the distance (4) between the training trajectory found by PUMA over the course of training, averaged
over a fixed set of 100 samples on Sudoku.
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Table 1: Training and evaluation hyperparameters on Sudoku and TinyGSM.

Sudoku TinyGSM
Tokenizer Custom Qwen/Qwen2-0.5B
Vocab size 10 151645
Model size 6.8M 125M
Hidden dim 256 512
MLP dim 768 1536
Number of layers 8 14
Number of heads 8 8
Max length 162 512
RMSNorm epsilon 1e−6 1e−6
Dropout 0 0
Confidence threshold 0.9 0.9
K schedule 8 (fixed) 12–42 (in increments of 3, with every 30k)
Learning rate 3e−4 3e−4
Warmup steps 1000 1000
EMA value 0.9999 0.9999
Weight decay 0.01 0.01
Epochs 2 20
Max grad norm 1 1
Batch size (per GPU) 32 32
Number of GPUs 2 8
Sampling temperature 0.0 0.0
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