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Abstract

Masked diffusion models (MDMs) have emerged
as a promising alternative to autoregressive mod-
els, enabling parallel token generation while
achieving competitive performance. Despite these
advantages, MDMs face a fundamental limita-
tion: once tokens are unmasked, they remain
fixed, leading to error accumulation and ulti-
mately degrading sample quality. We address
this by proposing a framework that trains a model
to perform both unmasking and correction. By
reusing outputs from the MDM denoising network
as inputs for corrector training, we train a model
to recover from potential mistakes. During gen-
eration we apply additional corrective refinement
steps between unmasking ones in order to change
decoded tokens and improve outputs. We name
our training and sampling method Progressive
Self-Correction (ProSeCo) for its unique ability
to iteratively refine an entire sequence, includ-
ing already generated tokens. We conduct ex-
tensive experimental validation across multiple
conditional and unconditional tasks, demonstrat-
ing that ProSeCo yields better quality-efficiency
trade-offs (up to ~4x faster sampling) and en-
ables inference-time compute scaling to further
increase sample quality beyond standard MDMs
(up to ~1.2x improvement on benchmarks).

1. Introduction

Masked diffusion models (MDMs) (Lou et al., 2024; Ou
et al., 2024; Sahoo et al., 2024a; Shi et al., 2024) have
emerged as a powerful paradigm for discrete data generation
and offer a compelling alternative to autoregressive (AR)
models. By denoising via parallel unmasking, MDMs can
achieve efficiency gains across various domains, and have
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even demonstrated competitive performance from the 8B
scale (Nie et al., 2025) up to 100B. (Bie et al., 2025).

However, a fundamental limitation persists for MDMs: once
a token 1s unmasked, it remains fixed for the duration of the
generation process. Consequently, errors made during paral-
lel decoding inevitably accumulate, leading to distributional
drift and degraded sample quality. While recent work has
begun to explore error correction for MDMs (Huang et al.,
2025; Kim et al., 2025a; Lezama et al., 2023; Liu et al.,
2026; Wang et al., 2025a; Zhao et al., 2024b), efficiently
identifying which tokens require modification and altering
them remains a significant challenge.

In this work, we address this limitation by proposing a prin-
cipled framework that equips MDMs with the ability to both
decode and correct. Our method trains a model to recover
the clean signal from its own potentially mistaken outputs,
enabling it to learn from and correct its own failures. We im-
plement this training via a simple additional cross-entropy
loss term added to standard MDM objectives. During infer-
ence, we leverage this capability by interleaving corrective
steps in between standard unmasking steps, allowing the
model to dynamically refine and “self-correct" outputs. The
training and inference modifications we make to existing
MDM algorithms are minimal, yet lead to marked gains. We
name our approach Progressive Self-Correction (ProSeCo),
since our method has the ability to iteratively refine all posi-
tions in a sequence, including ones already unmasked.

On math and coding benchmarks, our method significantly
improves standard fine-tuning of large MDMs, enabling ~2-
4x faster generation without quality degradation, and up to
~1.2x increase in benchmark accuracy. For guided genera-
tion, we demonstrate that recovering from mistaken tokens
improves the Pareto frontier of sample quality and prop-
erty maximization. Finally, we also demonstrate that for
unconditional generation, our method improves over MDMs
and other proposed correctors in terms of generating fluent
text without collapsing the diversity of generated outputs.
Across all experiments we demonstrate that ProSeCo bet-
ter trades-off quality and speed, and can also benefit from
inference-time scaling to further increase sample quality.

In summary, our contributions are as follows: 1) We present
a framework that jointly trains for decoding masked tokens
and correcting mistakes. 2) We provide easy-to-implement
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Figure 1. (Left) Training ProSeCo: The original process trains for generation via unmasking. For every timestep in the masking process,
we also train for self-correction: undoing corruptions that arise from sampling from unmasking predictions. (Right) Using our method to
supervised fine-tune (SFT) the 8B parameter LLaDA model (Nie et al., 2025) significantly outperforms vanilla masked diffusion SFT.

training and sampling algorithms that entail only minor
additions to standard MDM. 3) We conduct comprehen-
sive experiments demonstrating that ProSeCo outperforms
quality-efficiency trade-offs of other methods and enables
inference-time compute scaling to further improve quality.

2. Background

Discrete Diffusion Diffusion is a paradigm for generative
modeling where a denoising process py is trained to undo
a pre-defined corruption process g (Sohl-Dickstein et al.,
2015; Song & Ermon, 2019; Song et al., 2020). Starting
from data x ~ qgar, the corruption process produces latent
variables z; ~ ¢(z; | x) for t € [0, 1], which increasingly
move further from the data and tow ards noise, as ¢ increases.

Adapting diffusion models to discrete data requires a cor-
ruption process over the space of sequences of tokens with
values in a finite vocabulary (Austin et al., 2021a). To de-
note this data, we let x,z; € V, where V := {0,1}V C AV,
and A" denotes the probability simplex over V categories.
We use superscripts to denote the sequence dimension;
for example, x'F € VI represents a sequence of tokens
(x!,...,xL), where token x* € V, for ¢ € {1,...,L}.

Masked Diffusion Models For masked diffusion models
(MDM; (Lou et al., 2024; Ou et al., 2024; Sahoo et al.,
2024a; Shi et al., 2024)), the corruption process is char-
acterized by marginals that interpolate between data and
noise: ¢(z; | x) = Cat(zs; arx + (1 — ap)m), where
'm denotes the one-hot vector for a special [M] token and
ay := «a(t) € [0, 1] is a noise schedule that is monotonically
decreasing in ¢. In MDM, the corruption process is defined
to be ‘absorbing,” meaning that once a token transitions to
the masked state, it remains in this state.

Diffusion models are trained via a variational bound on
the negative log-likelihood (NLL). This bound encourages
the learned approximate posterior py(zs | z;) to match the
true one ¢(zs | x,z;), for s < t (Sohl-Dickstein et al.,

2015). For MDMs, the true posteriors take the following
form (Austin et al., 2021a; Sahoo et al., 2024a):

q(zs | x,2: # m) = Cat(zs; z¢),

_ _ ey
a(z, | %2, = m) = Cat (23 $=2x + 1=2m) .
A common parameterization for py(z | z;) replaces x in (1)
with the output of a neural network: x(z;) € AV In the
continuous-time limit, the objective for MDMs simplifies to

(Ou et al., 2024; Sahoo et al., 2024b; Shi et al., 2024):
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where a; denotes the time derivative of the noise schedule,
dab := d(a,b) is the Kronecker delta function that eval-
uates to 1 if a = b, E,, refers to the expectation over
drawing data samples x'L ~ Ggara, and E,, is the expecta-
tion over drawing noisy latents from the forward marginals
zhl ~ q(zPl | xtL). We optimize this objective via
stochastic gradient descent using Monte Carlo samples for
the expectations and ¢ ~ U/[0, 1] to approximate the integral.

A key drawback of this paradigm is that the denoising net-
work x¢ does not learn to modify unmasked inputs z; # m.
Without the ability to correct mistakes, during generation,
errors propagate and accumulate over time, causing the sam-
pling trajectory to deviate from the true data distribution.

3. Self-Correcting Masked Diffusion Models

In this work, we aim to equip MDMs with the ability to
alter previously decoded tokens. Our approach is to have
a single model that can act in two ‘modes’: when inputs
contain masked tokens, the model’s role is to unmask; when
inputs contain all non-mask tokens, the model operates in
‘corrector’ mode and can update already generated positions.
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Figure 2. Tllustrative example demonstrating the benefits of self-correction. (Left) For standard MDM, during parallel unmasking, errors
occur. Mistakes accumulate and lead to sample collapse. (Middle) For ProSeCo, a short correction loop steers generation ‘back on track.’
(Right) ProSeCo can thus produce a final high quality output even with parallel generation.

Below, we present an augmented objective that trains mod-
els to jointly unmask and correct mistaken unmasked tokens.
Our key insight is that during generation, xy produces un-
masked tokens at each position, some of which align with
the true data distribution and some of which potentially
contain errors or distributional misalignment. A subset of
these tokens are then carried into the next round of iterative
refinement. We can interpret outputs of xy as corrupted
sequences from the data distribution, where certain tokens
have been replaced by incorrect ones sampled from xg. This
perspective motivates our formulation of model-generated
sequences serving as inputs for a corrector model.

In Section 3.1, we introduce a straightforward corrector loss
that we add to the MDM objective from (2), and we detail
a training algorithm to efficiently and jointly train a model
to unmask and correct decoding errors. Finally, in Section
4, we provide a sampling algorithm that leverages these
abilities to further improve sample quality by interleaving
error correction predictions and unmasking steps. Owing
to this enhanced ability to iteratively refine any part of the
sequence, including already decoded tokens, we dub our
method Progressive Self-Correction (ProSeCo).

3.1. Self-Correcting Objective

Our approach is to train a corrector to minimize error be-
tween outputs from the denoiser and clean data. By tying
weights of the corrector and denoiser networks, we turn this
formulation into an augmented MDM variational objective
with an auxiliary error correction loss.

More precisely, let 7 : AV — V generate samples from
the MDM denoiser model. Then we define the input to
our corrector as y;L := (7w o x}(zL), ... m o xk(z}L)).
We present the following objective for training a corrector

alongside the standard MDM denoiser:

1 L
Eg%[@M = Eqdm/ E,, Z At 10g<xé(y%:L),X5>
0 =1 pe
+ 1&6# m log(xb (2l L), xb) dt |, 3)
— at t?

LMD

where ¢ denote the parameters of a corrector model
x4 (y;") € AV. The standard MDM loss in the second
term ensures that we train a useful denoiser x4 that gener-
ates meaningful candidates for x4 to correct. In addition to
the MDM objective, we add a correction loss L€ to every
term in the integrand. This auxiliary loss amounts to a sim-
ple cross-entropy (CE) term, which encourages the model
to identify and correct mistakes from the original denoising
network. The weighting \; := A(t) < 0 lets us control the
relative weight between the correction and diffusion losses.

Algorithm 1 ProSeCo Training

# Differences from standard MDM training
highlighted in brown.

Input: Training data D, model x¢ with parameters 6, corrup-
tion process ¢, noise schedule a.

1: repeat

2:  Sample x*L i.i.d. from D

3:  Sample t ~ U[0, 1]

4. Compute o, ot

5:  Sample z; " ~ q(zi'" | x)

6:  Compute xg(z; ")

T L e S g log(xh(zl ), x')
8: y; < sg(one_hot(arg max; xg5(zt);)), V¢

9:  Compute xg¢(y+L)

10: L35+ e S o (xf (yih), x5

I—a; 2at=1
11:  Perform gradient descent step on 52“’” +L3¢
12: until converged

13: Return 6

3.2. ProSeCo Design Decisions

Tying Corrector and Denoiser Weights In order to have a
unified model that can both decode and correct, we elect to
tie the weights ¢ = 6. This decision has the added benefit
of eliminating memory overhead for training a separate cor-
rector model. The error correction term in (3) thus becomes
a self-correcting one: LE — £5¢

Selecting Transformation m To simplify optimization, we
use arg max sampling from x4 (z}%). This decision aligns
with how state-of-the-art MDMs, such as LLaDA (Nie et al.,
2025), are used in practice. Namely, during generation, at
every iteration, each masked position from the output of xy
is decoded greedily. Then using some algorithm or heuristic,
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we determine which positions to retain for the next round
and which to keep masked.

Setting Corrector Loss Weight \; We found empiri-
cally that reusing the same factor from MDM was a per-
formant strategy, i.e., Ay = a;/(1 — «;). In addition
to balancing both terms in our objective, this weighting
scheme is justified intuitively. Specifically, in MDM, the
weight a; /(1 — ;) discounts samples that are more heavily
noised. For example, for the commonly used linear schedule
ay = 1 — t, this term amounts to dividing by the expected
proportion of masked tokens in a sequence, i.e., we discount
the ‘harder’, more heavily masked sequences. For training
the corrector model, it is reasonable to apply a similar ra-
tionale: sequences with heavy masking which are harder to
denoise will also be harder to correct and should therefore
be down-weighted.

Combining the above, yields our objective for effective joint
denoising and self-correction training:

L
=

1 .
SCMDHM . _ i
£ ~—&méﬂ%1_%§:l @

1

10g<X§(y%:L),X€>4-5zgﬂn10g<X§(Z?L)axé>dt},
—_— ——

L€ LMD

3.2.1. TRAINING WITH THE SCMDM OBJECTIVE

In Algorithm 1, we present training for ProSeCo, which
requires only minor modification to the standard MDM
training. Specifically, in addition to the MDM forward pass
used for (2), we sample from xg, perform a second forward
pass, and incorporate the corrector loss. A final modification
to (4) is to wrap the denoiser model’s outputs in the stop-
gradient operation sg(-) prior to forming the corrector input,
which ensures training stability.

3.3. Theoretical Motivation

The corrector loss term in (3) can also be derived via the
lens of learned predictor-corrector samplers for discrete
diffusion models (L.ezama et al., 2023; Zhao et al., 2024b).
Specifically, deviations during sampling can be cast as a
mismatch between marginals, that is pp(z:) # ¢(z¢). If we
apply the following Monte Carlo Markov Chain (MCMC)
with a learned model py:

vl ~po(yt™ | zph),

XU~ py (KT v ), 5)
itl:L ~ q(itlL | )A(l:L>7

then the following condition ensures that the limiting
distribution of transition kernels defined by (5) is ¢(z:):

po (x5 | yEL) o po(yEL | 28D qaan(x1L). Optimizing

Algorithm 2 ProSeCo Sampling

# Differences from standard MDM sampling

highlighted in brown.

Input: Model x¢, length L, unmasking steps 7', schedule o,

per step self-correction budget S, corrector frequency w.

1: Initialize ztlg%) — m!F

2: fori =T to1ldo

3:  logits « xo(ztI‘L)

4: if (T"—47+1) mod w == 0 then

5 zi'l logits + corr
// Algorithm 3

6 end if

7: thﬁU < sample_posterior(logits, ztIIL,at(i))

8

9

sctor(xg, S,ziY, logits)

: end for
: Return sample(xe(zigg)))

Algorithm 3 ProSeCo Inner corrector loop

Input: Model xy, self-correction budget (per step) .S, latent
sequence z; ", denoising output logits
. Initialize y} < one_hot (arg max; logits;,), V¢
: for S steps do
corrector_logits < Xg(yil:L)
yit < sample(corrector_logits)
: end for
# Correct unmasked positions in z'F
D2y 4 yi, Ve #Fm
: Return z%:L, corrector_logits

PRI

~

¢ so that this desired proportionality holds yields a loss term
equivalent to that of £ (see Appendix A for full details).

4. Sampling with ProSeCo

In Algorithm 2, we present sampling for ProSeCo. Hav-
ing a model that can jointly decode and correct allows us
to interleave unmasking and correction steps. The goal of
corrector iterations is two-fold: they should 1) potentially
update already decoded positions in z}*” and 2) provide im-
proved predictions to be used for sampling in the unmasking
posterior. To control the computation budget allocated to
self-correction, we allow users to specify hyperparameters
that determines how often a self-correcting loop is executed,

w, and the number of steps per loop, S.

In Algorithm 3, we present the self-correction procedure.
We convert xg(z}'1) into a corrector input via arg max
sampling at every position. Within each correcting iteration,
we use a sample method, e.g., greedy-max decoding, to
generate the next corrector input sequence from the corrector
model outputs. After the inner loop completes, unmasked
positions z¢ # m are replaced with corresponding positions
in the corrector sequence, which represents the remediation
of already decoded tokens.

When operating as a strictly ‘unmasking’ model, an it-
eration of inference loop is identical to that in standard
MDMs: input consists of a partially masked sequence
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z}'L, it outputs predictions x4 (z}'L) at every position £,

and we decide some tokens to unmask via a call to a
sample_posterior protocol, which returns a sequence
with fewer masked tokens. For example, we can use ances-
tral sampling (Sahoo et al., 2024b), where we replace x with
Xp in (1) and sample accordingly, the confidence-based ap-
proach proposed in Nie et al. (2025), where proposal tokens
are selected greedily from x4 (z; ") and those with top-k
confidence are retained for the next iteration, or one of other
more recently proposed methods (Ben-Hamu et al., 2025;
Kim et al., 2025b;c). If correction has been applied, instead
of x4(z}*l"), we use the corrector model’s last output for
the sample_posterior routine, as the corrector model
logits represent better informed predictions.

5. Experiments

We evaluate ProSeCo across a diverse set of tasks and for
both conditional and unconditional generation. We consis-
tently demonstrate that our model better scales the quality-
efficiency frontier, and enables even further improvements
via inference-compute scaling.

5.1. Math & Code Benchmarks

Setup To evaluate ProSeCo on large MDMs, we perform
supervised fine-tuning (SFT) of the LLaDA-Base 8B model
(Nie et al., 2025) using our training Algorithm 1. Specifi-
cally, we fine-tuned for ~400B tokens on a modified version
of the Llama-Nemotron-Post-Training dataset (Bercovich
et al., 2026). In this variant, the target outputs for each
prompt were generated using GPT-OSS (OpenAl, 2025).
(see Appendix C.1 for full details). We then evaluate on
downstream benchmarks for code: HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021b), and math: GSM8K
(Cobbe et al., 2021) and MATH (Hendrycks et al., 2021). In
addition to reporting metrics for open-sourced large AR and
MDM models (with and without corrector mechanisms),
for a direct comparison, we apply the SFT recipe using the
standard MDM objective to LLaDA-Base.

Note that for all LLaDA-based models we apply the semi-
AR sampling algorithm (Arriola et al., 2025) adopted by
Nie et al. (2025), where the full generation sequence L is
broken into blocks of size B and unmasking decoding is
applied block-by-block from left-to-right (see Appendix B).

Main Results Table | represents our main results. The key
finding is that for every benchmark, ProSeCo outperforms all
diffusion baselines, including those coupled with other cor-
rector mechanisms, and ProSeCo beats a comparably-sized
instruction fine-tuned AR model (Llama3.1; (Grattafiori
et al., 2024)). Moreover, our baseline SFT model (fourth
row from the bottom) represents a strong watermark, sig-
nificantly improving over the LLaDA-Base and even sur-

passing / matching the LLaDA instruction fine-tuned model.
Nevertheless, SFT using ProSeCo outperforms this strong
baseline. Notably, even before applying the ProSeCo sam-
pling procedure from Algorithm 2, the model trained with
the ProSeCo objective outperforms one trained with the stan-
dard MDM loss.

Analyzing the Quality-Efficiency Trade-off In Figure 3,
we present an analysis of the quality-efficiency trade-offs
for ProSeCo. Results further to the north-west corner are
desirable as they indicate better performance with a smaller
number of function evaluations (NFEs).

In standard MDM, the only lever for controlling this trade-
off is number of inference steps used for unmasking, or
in other words the number of token positions generated in
parallel at each decoding step. For ProSeCo, we can also
control the compute via the frequency of corrector loops
and number of iterative refinement steps per loop.

For each benchmark, we find that ProSeCo can outperform
the highest accuracy baseline configuration, i.e., generating
one token in each iteration; depicted as the gray dot. As
depicted by the green star marker labeled as “Fast,” we can
strictly improve baseline accuracy with reduced NFEs by
increasing the decoding parallelism (4 - 8 tokens) per un-
masking step. To compensate for this, we apply corrector
loops every 2 and use up to 4 NFEs per corrector loop. Re-
placing unmasking steps with correcting ones, leads ~2-4x
speed-ups relative to LLaDA decoding, while maintaining
accuracy. ProSeCo also enables configurations that can mod-
erately increase compute while delivering significant accu-
racy improvements, as depicted by the marker
labeled as “ ” (for best trade-off; see Appendix
C.1 for details on how this point was selected). Finally,
ProSeCo supports even further scaling of test-time compute
to attain our highest performing results depicted in the blue
star markers labeled as “Max.”

Pareto Frontier for Parallel Decoding and Quality Ad-
ditionally, in Figure 4, we demonstrate that for standard
MDMs, increasing the level of parallel decoding signifi-
cantly degrades sample quality. In contrast, ProSeCo models
can recover from the mistakes introduced during generation
and better scale the parallel decoding-quality Pareto frontier.

Ablation: Selecting Corrector Budget Finally, in Ap-
pendix D.2 Figure 7, we explore performance of various con-
figurations of our sampling hyperparameters to provide guid-
ance on allocating the corrector budget, as determined by
frequency (w) of and number of steps (S) per loop. The key
takeaway, is that our model is highly robust to the choice of
these hyperparameters, beating the baseline accuracy at each
token parallelism level regardless of choice of w and S. Ad-
ditionally for fast sampling regimes (tokens/step € {4, 8}),
we find that with more frequent corrector loops, we can
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Table 1. Pass@1 on code and math benchmarks. ‘Corrector Sampling’ X / v symbol indicates whether a correction algorithm was applied.
T indicates values taken from Huang et al. (2025). Other "Prior work" values obtained via evaluation with open-sourced weights.

Corrector Sampling

Code Math

MBPP GSMSK MATH

HumanEval

Off-the-Shelf 8B Models

Llama3.1-Instruct (Grattafiori et al., 2024) X 63.41 70.90 81.05 47.38
LLaDA-Base (Nie et al., 2025) X 34.15 37.20 46.78 17.04
Prior Work LLaDA-Instruct (Nie et al., 2025) X 45.73 47.09 83.40 43.14
+ ReMDM (Wang et al., 20252) v 43.90 45.50 83.93 43.76
LLaDA1.5 (Zhu et al., 2025) X 45.12 46.83 84.00 42.54
ReMeDi-Instruct’ (Huang et al., 2025) v 71.30 57.80 86.30 51.40

Our SFT with LLaDA-Base 8B Model
Baseline Vanilla SFT X 58.54 56.88 88.86 46.60
+ ReMDM (Wang et al., 2025a) v 56.10 50.00 88.48 46.22
Ours ProSeCo SFT . X 69.51 57.41 91.36 51.98
+ ProSeCo Max Sampling v 72.56 69.31 92.19 55.06

overcome the drop in quality from parallel decoding and et al., 2024a)). We also compare to the three remasking

even match or beat the baseline performance achieved with
tokens/step = 1 with significant speed-up.

Ablation: Standard MDM + Self-Correction We apply
self-correction sampling, Algorithms 2 and 3, to a vanilla
SFT model. Table 6 (Appendix D.4), shows that standard
MDM fails to correct errors, underscoring the core motiva-
tion of our work: the MDMs never learns to change already
unmasked tokens so its output at unmasked positions is gen-
erally uninformative and does not lead to error correction.

5.2. Guided Molecule Design

In the context of guided generation, often when guidance
strength is increased, model samples collapse. Our hypoth-
esis is that ProSeCo can recover from these errors, thereby
improving the guided generation trade-off of maximizing a
property of interest while producing a diverse set of samples.

Setup We follow the experimental setup from Schiff et al.
(2024) (see Appendix C.2 for more details). Specifically, we
train models on string representations of molecules known
as SMILES (Weininger, 1988) from the QM9 dataset (Ra-
makrishnan et al., 2014; Ruddigkeit et al., 2012). We then
apply the discrete classifier-free-guidance (CFG) algorithm
from Schiff et al. (2024) with varying unmasking budgets 7'
and guidance strength v. We measure the number of gener-
ated sequences that are valid (can be parsed by RDKit library
(Landrum et al., 2013)), unique, and novel (do not appear
in the QM9 dataset) as the metric for diverse, high quality
samples, and for the novel sequences, we compute the mean
property value as the metric for property maximization. We
perform this experiment for two properties: ring count and
drug-likeness (QED; (Bickerton et al., 2012)). We compare
ProSeCo to an AR model, a diffusion model trained with
uniform categorical noise (UDLM; (Schiff et al., 2024)),
and a standard masked diffusion model (MDLM; (Sahoo

strategies ReMDM (Wang et al., 2025a), ReMeDi (Huang
et al., 2025), and GStar (Meshchaninov et al., 2025).

Results In Figure 5, we present the guidance results. Points
further north-east are preferable, as they represent prop-
erty maximization without sacrificing sample diversity and
quality. For both properties of interest, ProSeCo pushes the
Pareto frontier in the desired direction. This is particularly
stark for experiments where we maximize the ring count
property (left hand side of Figure 5).

Ablation on Choice of \; We ablate the effect of our choice
of \; by repeating the guidance experiment for the ring
count property with fixed A G {0.1,1, 10} and a tlme—
varying weighted A\; € {0.1- = ),1 =

We report results in Figure 8 (Appendlx D i) where we gnd
that our design choice of including (1 in the corrector
loss improves performance and that our model is robust to
different scaling factors applied to this weighting scheme.

5.3. Unconditional Text Generation

Setup We train ProSeCo from scratch on the OpenWebText
(OWT; (Gokaslan & Cohen, 2019)) dataset for 1M steps
(Sahoo et al., 2024a) (see Appendix C.3 for details). We then
generate 5000 samples consisting of L = 1024 tokens, for
varying sampling budgets 7". We compute MAUVE (Pillutla
et al., 2021) and report the perplexity under the GPT2-Large
model (Radford et al., 2019), to also measure quality, and
average sequence entropy, to reflect diversity (Zheng et al.,
2024). We compare against an AR model and MDLM
(Sahoo et al., 2024a) without and with correctors: ReMDM
(Wang et al., 20252a) and PRISM (Kim et al., 20252a). We
also compare to the hybrid mask and uniform noise model
GIDD (von Riitte et al., 2025).

For ProSeCo, we apply a 3 corrector steps after each un-



Learn from Your Mistakes: Self-Correcting Masked Diffusion Models

|* Max: Inference-Time Scaling Y Balanced: High Accuracy & Low NFEs ¥ Fast: Low NFEs with Accuracy = Baseline‘

HumanEval " MBPP GSM8K MATH
72 * * P % ;k
urs: Max urs: Max|g1 5 urs: Max urs: Max
pAd Ours: M * Ours: M Ours: M Ours: M
Acc: 72.6 | ] Acc: 69.3 X |Acc: 92.2 524 Acc: 55.1
> 661 NFEs: 499 NFEs: 818 NFEs: 343 NFEs: 748
o e
© \ 90.04 *
=1 601 ) \
Q Y- 481
R e [ ~(Ours: Fast Oure: Fast ~ours:
< Ours: Fast Ours: Fast Ours: Fast ’ Ours: Fast
— Acc: 61.0 — Acc: 62.7 — Acc: 90.9 — Acc: 49.6
Baseline NFEs: 61 55{Baseline NFEs: 111 [88.5]Baseline NFEs: 120 Bdselu}e NFEs: 81
Acc: 58.5 — Acc: 56.9 — Acc: 88.9 | 44 Acc: 46.6
5491NFEs: 248 NFEs: 290 NFEs: 214 NFEs: 259

200 400 300 600

200 300 250 500 750

Average NFEs

Figure 3. Quality-efficiency trade-offs. Standard MDMs (Baseline; gray dot) attain best performance decoding one token per step.
ProSeCo can vary number of corrector steps and attain comparable performance more efficiently (Ours: Fast; green star), achieve better

quality for modest increase in cost (

), or maximize quality by further scaling compute (Ours: Max; blue star).

’ LLaDA Baseline SFT LLaDA ProSeCo SFT + Fast Sampling (Ours) (Tokens/Step)‘
HumanEval MBPP GSMS8K MATH
o W @ O W @ @
) - — 601
S @@ @ @ @@ | e P2 @ @@
- ®) ®) PR N = .
£ o w ™ ) i @ W
E @) @] (@)
251 25'7 01 20
(8) ©) (8 @) (8)] (8)
‘f" ole T ‘ﬁ‘ ‘ﬁ"

200

500

50 100 200 500 500

Average NFEs

Figure 4. Pareto frontier of parallel decoding and quality. When decoding in parallel (i.e., fewer unmasking steps on x-axis), quality
deteriorates. Applying a modest number of corrector steps, allows ProSeCo models to recover from these errors and extend this frontier.

masking step. For parity with the compute budget of other
methods, we reduce the number of unmasking steps by a
factor of 4 per sampling budget 7. For this experiment, we
use slightly modified training and sampling (Appendix C.3).

Results In Table 2, we see that across budgets, ProSeCo ei-
ther significantly outperforms or matches baseline methods.
Notably, even with just 256 steps, ProSeCo attains compa-
rable sample quality to using PRISM with 2x or ReMDM
with 4x the inference budget.

6. Related Works

Discrete Diffusion The seminal work of D3PM (Austin
et al., 2021a) laid the foundation for adapting diffusion to
discrete data. Some works extended this paradigm via the
formalism of continuous-time Markov chains (Campbell
et al., 2022; Lou et al., 2024). However, our method is more
in line with the continuous-time extensions of the variational
inference perspective (Ou et al., 2024; Sahoo et al., 2024b;

Shi et al., 2024). Previous efforts in this vein have relied on
categorical uniform noise corruptions (Schiff et al., 2024;
von Riitte et al., 2025) to alleviate the locked-in decoded
tokens limitation of MDMs. Recently LLaDA 2.1 (Bie
et al., 2026) scaled up the GIDD framework to 16B-100B
parameters by fine-tuning with mixed mask and uniform
noise. In contrast, our work which uses the model’s own
unmasking output to train for correction, more closely aligns
training and inference distributions, since during generation
mistakes will not resemble uniform noise, but rather will
come from the model’s own outputs. Our approach thus
uses a more ‘informed’ noise relative to the mask-uniform
hybrid approach.

Self-conditioning & Step Unrolling In self-conditioning
(Chen et al., 2022; Dieleman et al., 2022), model’s predic-
tion of clean data from one step inform future predictions.
In prior works, predictions are simply provided as an aux-
iliary input, we use predictions to train self-correction and
refine outputs during generation. Also related is training
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Table 2. Sample quality for models trained on OpenWebText. T Values reported in Kim et al. (20252). $ Values reported in Wang et al.
(2025a). * Open-sourced weights; sequence length reduced to 512 to match the model trained in von Riitte et al. (2025).

MAUVE (1) Gen. PPL () Entropy (1)

Data 1.00 ‘ 14.8 5.44
AR (T = 1024)® 0.76 | 12.1 5.0

T = 128 256 512 1024 128 256 512 1024 | 128 256 512 1024
MDLM?® (Sahoo et al., 2024a) 0.015 0.023 0.031 0.042 | 61.5 558 53.0 513 | 552 549 548 546
ReMDM?® (Wang et al., 2025a)  0.057 0.216 0.350 0403 | 425 30.5 21.1 28.6 | 543 534 521 538
PRISMT (Kim et al., 2025a) 0.118 0294 0423 0.527 | 21.5 180 164 153 | 518 515 5.12 5.10
GIDD* (von Riitte et al., 2025)  0.268 0.284 0.334 0.356 | 95.1 80.5 769 76.1 5.00 494 494 494
ProSeCo (Ours) 0.295 0.557 0597 0.604 | 23.1 165 132 109 | 545 539 529 522

on unrolled predictions from the denoising trajectory (Savi-
nov et al., 2021). In this framework the model is trained
on its own outputs of less noisy latent sequences, thereby
more closely simulating the distribution seen during genera-
tion. Our method instead uses predictions of clean data, not
unrolled trajectories of partially masked sequences.

Corrector Methods Several works used a predictor-
corrector framework to improve sample quality, where, fol-
lowing an unmasking predictor step, a corrector step is
applied to remask decoded positions (Campbell et al., 2022;
Gat et al., 2024; Peng et al., 2025; Wang et al., 2025a). In
contrast to these training free methods, other works propose
to train an additional head to predict incorrect positions that
should be remasked (Huang et al., 2025; Kim et al., 2025a;
Lezama et al., 2023; Liu et al., 2026; Meshchaninov et al.,
2025). More related to our work is Zhao et al. (2024b),
which predicts corrections to already decoded tokens. How-
ever this method relies on a distinct Hollow Transformer
backbone (Sun et al., 2022). This severely limits its applica-
tion to fine-tuning of MDMs, e.g., LLaDA, pre-trained with
the standard Transformer backbones.

7. Discussion & Conclusion

In this work, we presented a framework for jointly train-
ing a diffusion model to unmask and self-correct. We en-

able and take advantage of this new ability via minimal
and straightforward modifications to standard MDM train-
ing and sampling algorithms. Evaluating on conditional
and unconditional generation, across various model sizes,
we demonstrated that our method consistently outperforms
vanilla MDMs and alternative corrector methods both in
terms of speed-quality tradeoffs and in the ability to further
scale inference-time compute for improved generation.

Limitations The key drawback of our work is the added
computational cost of the second forward pass during train-
ing, especially in contrast to inference-time only schemes,
e.g., Wang et al. (2025a). However, the empirical results
demonstrate that this trade-off of train-time compute is well
worth the gains achieved on downstream evaluations.

Future Directions In follow up work, we plan to explore
the disentangling of the corrector and unmasking models
via weight untying or with completely separate neural net-
work backbones for each model. Additionally, while we
present a performant sampling algorithm, the ability to cor-
rect mistakes opens up the design space to more sophis-
ticated schemes of jointly using corrector and unmasking
steps, which we leave to future work to explore.



Learn from Your Mistakes: Self-Correcting Masked Diffusion Models

Impact Statement

This paper presents work whose goal is to advance the field
of machine learning. Our work holds the promise for posi-
tive impact by accelerating inference and improving quality
of language models. While, our method is also subject to the
dangers of misuse present in language modeling, especially
in the application to biological sequences, given the limited
scale of models that we explore, the experiments described
in this work do not pose any significant risks.
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A. Deriving ProSeCo from MCMC Predictor-Corrector

We now show how we can derive the corrector loss term L€ from the objective in (3) by leveraging formulations from
predictor-corrector sampling for continuous-time Markov chains (Campbell et al., 2022). In particular, we start from the
perspective that sampling errors are a byproduct of the fact that the posteriors of the learned reverse process do not align
with those from predefined corruption process py(zs | z:) # q(zs | z:). This issue arises because of two reasons, 1) the
model may not fully capture the exact marginals of each token position, and 2) the inherent parameterization of our reverse
process as factorized independently across the sequence length dimension does not account for cross-token dependencies
(Ben-Hamu et al., 2025). These deviations compound along a generation path and ultimately lead to marginals that are
significantly divergent pg(z;) # (). In score-matching generative modeling for continuous data (Song et al., 2020), this
mismatch can be mitigated by Langevin Monte Carlo Markov chain (MCMC) iterations. Unfortunately in the discrete data
setting, we do not have access to a continuous score function that drives the predictor-corrector sampler proposed in Song
et al. (2020).

Crucially, Campbell et al. (2022) demonstrate that for discrete data we can also apply corrector steps and produce a MCMC
that yields ¢(z;) as its stationary distribution. Interleaving corrector MCMC steps with predictor (unmasking) ones enables
us to recover from deviations before proceeding along the generation trajectory. While Campbell et al. (2022) observe better
sample quality with their proposed ‘forward-backward’ corrector scheme, follow up works (Lezama et al., 2023; Zhao et al.,
2024a) note that this methodology can be further improved by learning the reverse transition kernel for the corrector MCMC,
leading to more ‘informed’ corrector steps.

At a high level, our derivation below proceeds as follows. We first propose a corrector sampling chain. We then prove that if
the corrector distribution satisfies a given functional form then we will achieve our goal of having the samples from the
MCMC corrector step ~ ¢(z;'"). Finally, we enforce this condition by minimizing a divergence between the corrector
distribution induced by our model and the desired form. This training recovers the corrector loss proposed in Section 3.

Corrector MCMC In the vein of learned predictor-corrector works (Lezama et al., 2023), we define an MCMC corrector
step by the following chain:

1) Sample ytl: ~ p(;(y1 L | z )
2) Sample % ~ py (X" |y}, (6)
3) Sample 2} ~ q(z}

where py(y1'l | z}l) = H o, Cat(yf;xh(zf1)) is the distribution defined by parallel decoding from the output of our
denoising network xg and q(2;' " | x11) follows the factorized masked diffusion forward process, introduced in Section 2.
Additionally, ps represents a corrector model with parameters ¢.

Intuitively the sampling chain above represents the following correction mechanism: 1) we sample from the denoising
model’s prediction given the current latent variable, y;* ~ pg(y#" | z;"), then 2) given this sample, the corrector predicts
the clean data distirbution, and we sample from this prediction, X!: DY ~ p¢( L:L | yFE), and finally 3) we re-noise the
sample from the corrector output accordlng to the predefined noising process, ;% ~ q(z}% | X%). The goal of this chain
is that the re-noised latent variable 2}~ more closely resembles draws from the true dlstrlbutlon q(zFh).

Detailed Balance Condition We now describe a condition on pg that will achieve this goal.

Proposition A.1. The following form will ensure the detailed balanced condition, with q(z}*") as the stationary distribution:

|2 )a(ai | X qana (1)
Z(y") |

where Z(y}t) is a normalization constant representing the marginal probability of y}'F.

1:L
p¢(X1:L ‘ ytlzL)q(Ztl:L | X1:L) _ pQ(Yt

N

Proof. We prove this using a similar argument to that presented in Lezama et al. (2023). Specifically, let R(z; L | z}F)
denote the transition kernel defined by the sampling chain in (6), then

q(z; ") R(z" | 2°") YD pe Xy e | < oo (i | 2 ) (From (6))

yhl xUL
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22 <p9 YA Z(iig)XLL)q‘W(XLL)) po(yi™ | 2°") {From (7)]
e !

=q(zi") Y (pe(yt |( %1 ))q( )> po(yr ™ | z1h) {Marginalize xJ
vt

=q(z)> (pa(yt ’ |(zt L))q( )> po(y: ™ | 2;") {Note “role change’ of z: & %)
yzjz (pe yi't |z )qZ((y;J)XLL)qdam(XLL)> po(ylE | 210
Z Z%(XLL |y a2 | x ey | 2" (From (7))

= q(z’ L);(z; | 2°F). {From (6)}

O

Maximum Likelihood Corrector Training Having shown that the condition in (7) is sufficient for achieving the desired
limiting distribution ¢(z}'") for the corrector MCMC, we can cast the corrector training as ensuring that ps(x'* |
yiD)g(zhl | x5 o pg(yt L zh ) g(zhl | x 1) gaaa (xBD) (Lezama et al.,, 2023). We can achieve this by minimizing
the following objective:

Dir[po(y:™ | 277)a(2y | XM )qaaa (5 196 (XM [ vy F)a(2 " | xHE) Z(y 1)

: : (®)
= —]EXI:LquaIa(xlzL)]Ez}:LNq(ztl:L|x1;L)IEyt1:LNp9(ytl:le%;L)[10gp¢(X1.L ‘ y%,L)] )

where C represents factors that do not depend on ¢. Minimizing this objective ensures that the distribution over latents z; ~
induced by the corrector steps aligns with the true marginal distributions.

Parameterizing the Corrector Model Finally, similar to the denoising model, we parameterize the corrector to be
independent across the sequence length dimension given its inputs, as follows:

L
po(x"F [yt t) = [ pe(x" [ yi"),  with py(x’ | yi") = Cat(x’; x5 (v} ")), ©)

where x ¢( Ly e AV forall £ € {1,..., L} is the output of a corrector model network. This independent factorization for
the corrector model enables us to maintain parallel generation.

Using this factorized parameterization and replacing the sampling of y}Z with the transformation 7 o xp 1L defined in

Section 3.1 recovers the £ corrector loss term from the objective in (3):

L6 =log(x ( By xf.

B. Sampling with ProSeCo Semi-Autoregressively

In Algorithm 4, we present a modified version of our sampling method from Algorithm 2, which accommodates the block
autoregressive decoding proposed in Arriola et al. (2025) and adopted by LLaDA (Nie et al., 2025). Given that we applied
block AR decoding to the LLaDA models, the implementation provided in Algorithm 4 assumes full bidirectional attention
is applied across the entire sequence at every forward pass, as in LLaDA, and is not written to support key-value (KV)
caching. However, this algorithm can be easily adapted to support efficient KV caching proposed in Arriola et al. (2025).

Notably, for ProSeCo with semi-AR decoding, at every correction iteration, clean tokens in the current block and all
previously decoded blocks can be adapted.
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Algorithm 4 ProSeCo Sampling Block Autoregressive

# Assumes full bidirectional attention without KV-caching, as in LLaDA.
# Differences to standard MDM with block AR decoding highlighted in brown.

1: Input: Model x¢, length L, block size B, unmasking steps 7', noise schedule o, self-correction budget (per step) S, corrector
frequency w.

2: Initialize ztle%) — m!F

3: forb=1 to(L/B)do

4: fori=Tto1ldo

5 logits < xg(z'")

6: if (T"—7+1) mod w == 0 then

7: Z,H , logits < correcto /'(XHAZ/L, ,S)

8: end if

9: logits! ¢ —oo, VL€ [1,(b—1)-BJU[b- B+ 1,L]
10: zi(ziL_l) + sample_posterior(logits, Z%ZL,ozt(i))
11:  end for

12: Zf(o) — sample(xg(ztl(:DL))),Vf €l+(b-1)-B,b- B]
13: Ztl:%ﬂ) — Z%((l)‘)

14: end for

15: Return z%(:é)

C. Additional Experimental Details
C.1. Math & Code Benchmarks

Dataset Our SFT dataset is a modified version of the Llama-Nemotron-Post-Training dataset (Bercovich et al., 2026),
comprising approximately 32 million samples across four core domains: mathematical reasoning, coding, science, and
instruction following. The distribution is heavily skewed toward math (66.84%) and coding (30.62%), with smaller
allocations for science (2.15%), instruction following (0.17%), chat (0.12%), and safety (0.10%). All target outputs were
generated using GPT-OSS (OpenAl, 2025) in high-reasoning mode.

Training Hyperparameters We fine-tuned the LLaDA-Base 8B model for ~400 B tokens, which amounts to 3 epochs of
training on our SFT dataset. We train with a batch size of 1024. For learning rate we linearly warm-up for 1000 gradient
steps until a maximum learning rate of 2.5¢~°. After this peak, we apply cosine decay until a minimum learning rate of
2.5¢~7. We use the ADAM-W optimizer (Kingma, 2014) with beta parameters (0.9, 0.999). Finally, during training it
is common to set amin_t > 0 value which biases the sampling of timesteps away from uniform over the unit interval,
by shifting all samples to be in the range [min_t, 1]. For example, in works such as Sahoo et al. (2024b), this value is
set to le™3. For our SFT experiments, we found that biasing towards heavier masking during training led to improved
performance, hence we setmin_t to le L.

Compute resources We fine-tuned both our model and the baseline using 256 NVIDIA B200 GPUs, and conducted all
evaluation runs on 8 NVIDIA H100 GPUs.

Evaluation For evaluation, we rely on the Nemo Skills library. We evaluate all models with batch size 1. This is to mitigate
varying padding lengths based on prompt size variation and to enable effective use of early-stopping whenever the [EOS]
token is generated. All evaluated models use a maximum generation length of 1024.

We evaluate 4 benchmarks: HumanEval (Chen et al., 2021) and MBPP (Austin et al., 2021b), GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021). We use 0-shot evaluation for each benchmark.

For LLaDA models, we use a semi-AR decoding scheme (Arriola et al., 2025), as in Nie et al. (2025), with default block
size of 32.

Prompts and Evaluation Templates Below, we detail the templates used for evaluating models in Table |. These
prompts were used for all models, except the off-the-shelf LLaDA-Base model. For HumanEval and MBPP the placeholder
{question} is replaced by the prompt from the benchmark dataset. Similarly, for GSM8K and MATH, the placeholder
{problem} is replaced by the prompt from the benchmark dataset. Additionally, we use the default chat templates from
the Nemo Skills library.

Note that for LLaDA-Base, we do not provide any additional prompt text, we only use the benchmark question as given.

15



Learn from Your Mistakes: Self-Correcting Masked Diffusion Models

Here is a problem for which you need to generate/complete code:
{question}

Please continue to complete the function with python
HumanEval/ MBPP programming language. You are not allowed to modify the given

Prompt: code and do the completion only.
The solution should be in the following format:
“‘python

# Your code here

"r

Solve the following math problem. Show your step-by-step
GSMSK / MATH reasoning, then provide the final answer inside \boxed{}
Prompt:
{problem}

Sampling Hyperparameters When evaluating ProSeCo models, we explore different configurations of unmasking and
corrector budgets. In Table 3, we detail the sampling hyperparameters used to generate the best performing results for
ProSeCo Max reported in Table | and Figure 3; see Appendix D.3 for more details. Note that 7" represents a maximum
unmasking budget, since we apply early stopping on the [EOS] token. Additionally, S represents a maximum corrector
budget per correction loop, because we break the loop iterations if a corrector sequence does not change between rounds.

For Figure 4 (and Figure 6, below), we use use the Fast configuration, applying a corrector loop every 4 unmasking steps,
with a maximum of 2 corrector steps per loop.

Table 3. Sampling hyperparameters for results attained with ProSeCo and reported in Figure 3.

HumanEval MBPP GSMS8K MATH

Baseline (Vanilla SFT)

Accuracy (%) 58.54 56.88 88.86 46.60
Average NFEs 247.8 290.3 214.2 259.4
Generation length 1024 1024 1024 1024
Block length 32 32 32 32
Demasking Tokens/Step 1 1 1 1
ProSeCo Max
Accuracy (%) 72.56 69.31 92.19 55.06
Average NFEs 499.2 818.3 342.5 747.5
Generation length 1024 1024 1024 1024
Block length 32 32 32 32
Demasking Tokens/Step 1 1 1 1
Corrector frequency w 2 1 2 2
Maximum corrector steps per loop S 4 8 1 8
ProSeCo Balanced
Accuracy (%) 70.12 66.93 91.28 54.36
Average NFEs 213.9 218.7 228.7 321.2
Generation length 1024 1024 1024 1024
Block length 32 32 32 32
Demasking Tokens/Step 4 4 4 4
Corrector frequency w 1 1 1 1
Maximum corrector steps per loop S 8 8 8 8
ProSeCo Fast
Accuracy (%) 60.98 62.70 90.90 49.56
Average NFEs 61.4 110.9 119.5 81.2
Generation length 1024 1024 1024 1024
Block length 32 32 32 32
Demasking Tokens/Step 8 4 4 8
Corrector frequency w 2 2 2 2
Maximum corrector steps per loop S 4 4 4 4

Baselines For all prior work results, other than ReMeDi (Huang et al., 2025), we use open-source weights and evaluate using
with batch size 1, maximum generation length of 1024, and early stopping on the [EOS] token. For ReMeDi Instruct, we
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report values from Huang et al. (2025), as we were unable to reproduce or improve upon their results using the open-source
model provided.

All model evaluations, other than for the off-the-shelf LLaDA-Base model, were performed using the Nemo Skills library,
using default chat templates from this library and the prompt templates described above. For LLaDA-Base, since the Nemo
Skills repository injects chat templates by default, we evaluate using the Im-eval-harness repository.

For ReMDM, we follow the algorithm proposed by Wang et al. (2025a) for applying this method to LLaDA. Namely, for
each block of 32 tokes, once 28 tokens have been generated, we enable a ReMDM loop, where for 32 iterations we remask 2
tokens that had the lowest confidence at the time at which they were decoded and unmask 2 tokens based on their confidence.
Hence, at the end of the ReMDM loop, there are still 28 unmasked and 4 masked tokens, at which point we finish generating
using the standard LLaDA confidence-based sampling.

C.2. Guided Molecule Design
For this experiment, we follow the setup detailed in Schiff et al. (2024).

Dataset We train on the QM9 dataset (Ramakrishnan et al., 2014; Ruddigkeit et al., 2012), which consists of ~133k
molecules represented as SMILES strings (Weininger, 1988). We use the RDKit library (Landrum et al., 2013) to add
the ring count and drug likeness (QED; (Bickerton et al., 2012)) annotations. The dataset was tokenized using a regular
expression tokenizer (Schwaller et al., 2019). We use sequence length of L = 32, with right-padding.

For each property, we generate binary labels that indicate whether a sample is below or above the 90th percentile of training
samples. For discrete classifier-free-guidance (Schiff et al., 2024), we train with this label for conditional models, and
randomly ‘drop it out’ 10 percent of the time by replacing it with a ‘masked’ label to simulate unconditional modeling.

Hyperparameters Hyperparameters follow Schiff et al. (2024). Namely, we use a DiT-style (Peebles & Xie, 2023)
backbone with 92.4M parameters. Models were trained with a batch size 2048, and we perform 25k gradient updates. We
use a maximum learning rate of 3e~* that we linearly warm-up to for 1000 steps. After this peak we apply cosine decay
until a minimum learning rate of 3e~%. We use the ADAM-W with beta parameters (0.9, 0.999).

Of note, when training ProSeCo models for ring count, we found it beneficial to eliminate the ‘copy over’ parameterization
of the denoising network xy proposed in Sahoo et al. (2024a). That is, we do not enforce that x,y simply copy over any
token positions z/ # m. For training models for the QED property, we maintained this copy-over parameterization.

Compute Resources We trained our model on 8 A5000 GPUs.

Evaluation We generate 1024 samples from our model using various unmasking budgets 7" and guidance temperature .
Of note, when applying the corrector model forward passes, we only use the conditional model, i.e., v = 1.

We use the RDKit library to parse generated samples. Of the valid strings (those that can be parsed) we retain unique
samples that are not found in the original QM9 dataset (novel). We then use RDKit to measure the property of interest for
these novel samples.

Sampling Hyperparameters For both ring count and QED maximization we use w = 7'/2 for corrector loop frequency
and S = T/16 for steps per loop. Evaluation was performed with an exponential moving average (EMA) checkpoint.
During training we used an EMA decay factor of 0.9999.

Baselines Values for AR, UDLM, MDLM, and ReMDM were taken from Wang et al. (2025a).

For ReMeDi (Huang et al., 2025) and GStar (Meshchaninov et al., 2025), we re-implement these methods and train them on
the QM9 dataset. Both of these methods entail training a classifier that predicts incorrect tokens to remask.

For ReMeDi, we jointly train their “Unmasking Policy Stream” (UPS) alongside an MDLM model. We use the “dual stream”
architecture recommended by Huang et al. (2025), with 4 DiT layers for the UPS, connected to the main backbone at layers
0, 3,7, and 10. We set the UPS loss weight at Ayps = 0.3. For the proportion of unmasked tokens that get flipped to random
tokens we use Py incorrect = 0.1. Finally, as ReMeDi was not originally proposed within th context of classifier-free guidance,
to have a fair comparison, we perform a hyperparameter sweep for this model over the following parameters: whether to
apply the classifier-free guidance (CFG) to only the “Token Prediction Stream” (i.e., the MDLM output) or also to the UPS
and whether to use sampling or greedy-max selection when choosing which tokens to remask. We found best results when
applying CFG to both streams and when using proportional sampling, not greedy-max selection, for remasking positions.
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In GStar, the error prediction head is trained with a frozen diffusion backbone model, hence we use the pre-trained MDLM
from Wang et al. (2025a) and freeze its weights. The error prediction head consists of a LayerNorm and linear projection
from the final hidden token representations of the frozen backbone. We employ the “GStar+” sampling algorithm and for
fair comparison we perform a sweep over the following parameters: whether to apply the CFG to only the MDLM output
or also to the remasking prediction head, whether to use Gumbel top-k or greedy top-k selection during remasking, the
temperature for both the MDLM (sweep over {0.7, 1.0, 1.3}) and remasking head output (sweep over {2,4, 8,16}), and the
remasking switch-on time (sweep over {0.1,0.2,0.3,0.4}). For the ring count property, we found best results using Gumbel
top-k, switch time 0.2, denoiser temperature 0.7, and prediction head temperature 16. For the QED property, we found best
results using greedy top-%, switch time 0.4, and denoiser temperature 1.0.

C.3. Unconditional Text Generation
For this experiment, we follow the setup described in Sahoo et al. (2024a).

Dataset We train models on the OpenWebText (OWT; (Gokaslan & Cohen, 2019)) dataset. We tokenized using the gpt -2
(Radford et al., 2019) tokenizer and created sequences of L = 1024 tokens by wrapping samples and separating them with
n [EOS] token. We also also place an [EOS] token at the beginning and end of each sequence.

Hyperparameters As in Sahoo et al. (2024a), we use a DiT backbone with 170M parameters. We used a batch size of 512

and applied 1M gradient updates. We use a constant learning rate of 3e~* that we linearly warm-up to for 2500 steps. We

use the ADAM-W optimizer with beta parameters (0.9, 0.999). As described in Appendix C.1, we use amin_t value of
1, when training ProSeCo models on OWT.

For training ProSeCo in this setting, we found it beneficial to eliminate the ‘copy over’ parameterization of the denoising
network xy.

Compute Resources We trained our model on 32 H100 GPUs.

Evaluation We follow the evaluation protocol from Wang et al. (2025a). Specifically, we generate 5000 samples and
compute the MAUVE metric (Pillutla et al., 2021), generative perplexity under the gpt 2—1arge model, and entropy of
generated tokens.

Modified Training Objective For this experiment, we use a slightly modified objective relative to that presented in
Algorithm 1. Specifically, we adjust the self-correction term £5€ so that gradients for tokens which the original denoiser
model incorrectly predicts are steeper. To accomplish this, we replace the self-correction loss term from Algorithm | with
the following:

ESC

L
S 8y e (xG(y D) X0 + (1= Gy ) log(xg (vt ), x1). (10)

1—«
t =1

The modified loss term in (10) has the desirable property that token positions where the original denoiser model predicts a
mistake, i.e. 6yf7xz = 0, are prioritized. This is accomplished by the fact that the gradient for the standard cross-entropy
loss used for these token positions is steeper than that for positions where the denoising model is ‘already correct’, i.e
5yf7xz = 1, where the loss is taken without the logarithm.

Modified Sampling Procedure Additionally, for the samples presented in Table 2, we use a slightly modified sampling
procedure. Rather than simply using arg max decoding at every token position for the sample sub-routine in the
corrector function in Algorithm 2, at each corrector step, we sort all positions by the confidence of the arg max token.
Then, for the top-k positions, we use the arg max token, and for the remaining positions, we leave them unchanged. We use
k = 100 and found that this procedure better encouraged sample diversity and improved MAUVE scores. In Algorithm 5,
we detail the top-k sampling sub-routine that we use for corrector sampling in the OWT experiments.

Sampling Hyperparameters For ProSeCo, we match the inference budget of baseline results by using number of unmasking
steps equal to 7'/4 per column, performing a corrector loop at every iteration, w = 1, and applying 3 corrector steps per
loop, S = 3. We use k£ = 100 as the top-k parameter for Algorithm 5. Evaluation was performed with an EMA checkpoint.
During training we used an EMA decay factor of 0.9999.

Baselines Values for the baseline models were taken from Wang et al. (2025a), except for PRISM results which were taken
from Kim et al. (2025a). For PRISM, results correspond to the ‘PRISM-loop’ method presented in Table 3 of Kim et al.
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Algorithm 5 Corrector sample sub-routine used in OWT experiments

1: Input: Corrector model input y %, corrector model output corrector_logits, parameter k
2: yF « argmax(corrector_logits)
# ‘gather’ is an API that returns values of its first input at the indices specified by
its second input, see for example torch.gather (with dim=-1)
3: confidence_scores « gather(corrector_logits,yl:L)
4: for { =1to L do
5. if§* == y{ then
# Only consider positions where corrector output is different from input
6: confidence_scores” < —o0
7:  endif
8: end for
# ‘top_k’ is an API that returns the top k argument positions for its first input
9: top_k_indices « top_k(confidence_scores,k)
10: for ¢ = 1to L do
11: if/ € top_k_indices then

12: yf — y“
13:  else

. ¢ ¢
14: Vi < Y&
15:  endif
16: end for

17: Return y;&

(2025a).

For GIDD (von Riitte et al., 2025), we use the p,, = 0.2 open-source checkpoint provided by the authors. Since this model
was trained on sequence length of L = 512, in contrast to the other comparisons and our model which use L = 1024, we
evaluate the GIDD model with L = 512. We use temperature parameter equal to 0.1, and we allow an equal number of
unmasking and self-correction steps. Since the self-correction algorithm proposed in GIDD can terminate prior to exhausting
the full budget, in Table 4 we denote the GIDD configurations used to match the GIDD results to the various 7" budgets in
Table 2. Note that for certain 7', we err on the side of allowing the GIDD model to exceed the total budget 7.

Table 4. Parameters used for GIDD (von Riitte et al., 2025) unmasking and self-correction budgets corresponding to the results in Table 2.

T = Unmasking steps Maximum Self Correction Steps  Avg. NFEs

128 64 64 123.9
256 128 128 212.6
512 512 512 601.3
1024 1024 1024 1114.2

D. Additional Experimental Results
D.1. Quality-Efficiency Tradeoffs

In Table 5, we compare the baseline method to the ProSeCo Max, Balanced, and Fast configurations and report throughput
(in tokens per second, TPS) as well as the accuracy and efficiency gains. In Figure 6, we also repeat our Pareto frontier
results from Figure 4, with throughput reported.

D.2. Ablation: Robustness to Corrector Parameters

In Figure 7, we demonstrate that our model, which underwent SFT with ProSeCo training, is highly robust to the choice
of the corrector sampling parameters, i.e., the frequency of corrector loops w and number of corrector steps per loop S.
We look at various levels of unmasking parallelism, ranging from fully sequential at tokens/step = 1 to tokens/step = 8§,
and evaluate our model with w € {1,2,4,8} and S € {1,2,4,8}. In particular, we see that at every level of decoding
parallelism, our model can beat the best performing Baseline SFT results for all choices of w and S.

A few additional observations from Figure 7, in the first two rows, corresponding to ‘fast sampling’ regimes, in order to
match or exceed the best baseline accuracy, which is attained with tokens/step = 1, we require more frequent corrector
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Table 5. Quality vs. Efficiency Metrics. We report Accuracy (%), Average Number of Function Evaluations (NFEs), and Throughput
(Tokens/Second). Best accuracy gain and efficiency results are bolded. Improvements over the baseline are highlighted in green.

HumanEval MBPP GSMSK MATH

Baseline (Vanilla SFT)

Accuracy 58.54 56.88 88.86 46.60

Avg. NFEs 247.8 290.3 214.2 259.4

Tokens/Second 123.14 131.04 148.92 153.15
ProSeCo Max

Accuracy (+ gain) 72.56 (+14.0) 69.31 (+12.4) 92.19 (+3.3) 55.06 (+8.5)

Avg. NFEs (x speedup) 499.2 (0.50x) 818.3 (0.35x%) 342.5 (0.63 %) 747.5 (0.35%)

Tokens/Second (x speedup)  59.66 (0.48 %) 37.48 (0.29x%) 103.83 (0.70x)  61.38 (0.40x%)
ProSeCo Balanced

Accuracy (+ gain) 70.12 (+11.6) 66.93 (+10.1) 91.28 (+2.4) 54.36 (+7.8)

Avg. NFEs (x speedup) 213.9 (1.16x) 218.7 (1.33%) 228.7 (0.94 %) 321.2 (0.81x%)

Tokens/Second (x speedup)  137.07 (1.11x) 131.15(1.00x)  158.33 (1.06x)  141.94 (0.93 %)
ProSeCo Fast

Accuracy (+ gain) 60.98 (+2.4) 62.70 (+5.8) 90.90 (+2.0) 49.56 (+3.0)

Avg. NFEs (x speedup) 61.4 (4.04x) 110.9 (2.62x) 119.5 (1.79x) 81.2 (3.19%)

Tokens/Second (x speedup) 455.01 (3.70x)  251.92 (1.92x) 304.33 (2.04x) 512.27 (3.34 %)
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Figure 6. Pareto frontier analysis with throughput (tokens per second, TPS) reported.

loops w € {1,2}. In these settings we can drastically improve efficiency relative to the baseline model. In this fast sampling
regime, we also see a general trend that, for a fixed corrector budget (i.e., S - L/w) , more frequent but shorter correction
loops are typically more effective. Additionally, when unmasking sampling increases to tokens/ step € {1, 2}, we find the
expected trend that scaling both frequency of correction loops and number of steps per loop leads almost uniformly leads to
improved sample quality, at the cost of additional NFEs.

D.3. Selecting the Max, Balanced, and Fast Points

From the hyperparameter sweep described in Appendix D.2, we selected representative points as ProSeCo Max, Balanced,
and Fast. The chosen parameters for each of these are detailed in Table 3. For the Max configuration, we selected the
best overall ProSeCo performance from the sweep performed in Figure 7. For the Fast configuration, we selected points
from parallel generation of either tokens/step = 4 or tokens/step = 8 where we attain better accuracy than the best baseline
performance, which uses tokens/step = 1. For the Balanced configuration, we anchor tokens/step = 4, and select a
configuration that pushes the boundary to the north-west across all benchmarks.
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Figure 7. Ablation: Performance across various configurations of corrector steps. Frequency w € {1, 2,4, 8} (denoted by color) and
S € {1,2,4,8} (denoted by marker size).
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Figure 8. Ablation: Selecting self-correction loss weight A;. We retrain the discrete classifier model for maximizing ring count with
various A values.

D.4. Ablation: Self-correction Sampling with Standard MDM

In Table 6, we demonstrate the importance of ProSeCo training, by comparing self-correction sampling applied to a model
with standard MDM SFT vs. one with ProSeCo loss and Algorithm |. These results underscore the importance of training
a model to self-correct. With standard MDM training, the model does not learn to produce meaningful predictions at
already unmasked token locations. Our method unlocks this ability, and therefore benefits from the self-correction sampling
algorithm.

Table 6. Ablation: Applying self-correction sampling to models trained with standard MDM loss leads to worse performance, underscoring
the importance of the ProSeCo framework. Pass@1 accuracy (%) performance is reported.

Training + Sampling HumanEval MBPP GSMS8K MATH
Vanilla SFT + Standard MDM 58.54 56.88 88.86 46.60
Vanilla SFT + ProSeCo Balanced 1.83 1.85 60.42 27.06
ProSeCo SFT + ProSeCo Balanced 72.56 69.31 92.19 55.06

D.5. Ablation: Selecting )\,

Below we present the ablation on the self-correction loss term weight. We run training for discrete classifier guidance on the
ring count property with fixed A € {0.1,1, 10} and a time-varying weighted A; € {0.1 - (13‘;?), 1. (1ft 10 - (13‘;“) }.

at)’

We report results in Figure 8. We find that using the lf;t weighting consistently improves results. Furthermore, our model

is robust to different scalings of this time-dependent weighting.

D.6. Error Bars for Table 2

In Table 7, we report mean =+ standard error from four random seeds used during sampling for our model’s results on
unconditional generation (Table 2).

E. Generated Samples

E.1. LLaDA ProSeCo SFT Samples

In Figures 9 and 10, we present sample generations for the HumanEval and GSMS8K datasets, respectively, using the
maximum accuracy configuration for each benchmark (see Table 3).
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Table 7. Mean =+ standard error for OWT unconditional generation metrics for ProSeCo.

T= ‘ MAUVE (1) Gen. PPL ({) Entropy (1)

128 0.311 £0.006 23.045 £0.031 5.452 4+ 0.002
256 0.572 £ 0.006  16.52+0.014  5.376 &+ 0.005
512 0.622 £ 0.005 13.196 £0.031  5.293 £+ 0.001
1024 | 0.592 £0.006  10.92 £ 0.014  5.221 +£ 0.005

E.2. ProSeCo Unconditional Generation Samples

In Figure 11, we present a sample generated from the ProSeCo model trained on OWT. We use total sample budget of
T = 256, which consists of 64 unmasking steps, a corrector loop every w = 1 step, and S = 3 corrector steps per loop.

F. Assets

In Table 8, we list the corresponding licenses for datasets used in this work.

Table 8. Datasets and corresponding licenses.

Dataset Licence

GSMS8K (Cobbe et al., 2021) MIT

HumanEval (Chen et al., 2021) MIT

Llama-Nemotron: Efficient Reasoning Models (Bercovich et al., 2026) CCBY 4.0

MBPP (Austin et al., 2021b) MIT

MinveraMath (Hendrycks et al., 2021) MIT

OpenWebText (Gokaslan & Cohen, 2019) Creative Commons CCO license (“no rights reserved”)
QM9 (Ramakrishnan et al., 2014; Ruddigkeit et al., 2012) N/A

In Table 9, we list the corresponding licenses for software packages used in this work.

Table 9. Software and corresponding licenses.

Library License

HuggingFace (Wolf et al., 2019) Apache 2.0

Hydra (Yadan, 2019) MIT

Fast-DLLM (Wu et al., 2025) Apache 2.0

Language Model Evaluation Harness (Gao et al., 2023) MIT

Matplotlib (Hunter, 2007) Matplotib license

Mauve (Pillutla et al., 2021) GNU General Public License, Version 3
MDLM (Sahoo et al., 2024a) Apache 2.0

Nemo Skills Apache 2.0

NumPy (Harris et al., 2020) NumPy license

OmegaConf BSD 3-Clause

Pandas (pandas development team, 2020) BSD 3-Clause “New" or “Revised"
PyTorch (Paszke et al., 2019) BSD-3 Clause

PyTorch Lightning (Falcon & The PyTorch Lightning team, 2019)  Apache 2.0

RDKit (Landrum et al., 2013) BSD 3-Clause “New" or “Revised"
Seaborn (Waskom, 2021) BSD 3-Clause “New" or “Revised"
TorchMetrics Apache 2.0

UDLM (Schiff et al., 2024) Apache 2.0

G. Impact Statement

Our paper is intended as a contribution to the machine learning community. Our work holds the promise for positive impact
by accelerating inference and improving quality of language models. While, our method is also subject to the dangers of
misuse present in language modeling, especially in the application to biological sequences, given the limited scale of models
that we explore, the experiments described in this work do not pose any significant risks.
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H. LLM Usage Disclosure

Large Language Models (LLMs) were used to format and edit this manuscript and for formatting figures. Additionally,
integrated LLMs in the code editing software used while developing this work were used for auto-complete suggestions and
in debugging.

LLMs were not used for the core development of our methodology, derivation of key results, nor the programming of our
main code and experiments.
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HumanEval Sample

Prompt shown to the model
Here is a problem for which you need to generate/complete code:

def make_a_pile(n):
nmwn
Given a positive integer n, you have to make a pile of n levels of stones.
The first level has n stones.
The number of stones in the next level is:
- the next odd number if n is odd.
- the next even number if n is even.
Return the number of stones in each level in a list, where element at index
i represents the number of stones in the level (i+1).

Examples:
>>> make_a_pile(3)
[3, 5, 7]

nwn

Please continue to complete the function with python programming language. You are
not allowed to modify the given code and do the completion only.

The solution should be in the following format:
T "python
# Your code here

Model output

“python
def make_a_pile(n):
nmmn
Given a positive integer n, you have to make a pile of n levels of stones.
The first level has n stones.
The number of stones in the next level is:
— the next odd number if n is odd.
- the next even number if n is even.
Return the number of stones in each level in a list, where element at index
i represents the number of stones in the level (i+1).

Examples:
>>> make_a_pile(3)
[3, 5, 7]
mmwn
pile = []
for i in range(l, n + 1):
if 1 % 2 == 1: # odd level -> next odd number
pile.append(2 » i - 1)
else: # even level —-> next even number

pile.append (2 * 1)
return pile

Figure 9. Example of ProSeCo’s generated response on the HumanEval dataset using the max accuracy configuration (see Table 3).
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GSMSK Sample; Expected answer: 6

Prompt shown to the model

Solve the following math problem. Show your step-by-step reasoning, then provide the
final answer inside \boxed{}.

Solo has to read 4 pages from his Science textbook, 20 pages from his Social Studies
textbook, 7 pages from his History textbook and 8 pages from his Geography textbook.
Solo read 15 pages on Monday. If he has 4 more days to complete all his reading,
how many pages does he need to read, on average, in one day?

Model output

**Step-by-step reasoning*x*

1. x*xTotal pages to be readx*x
\
4\ (\text{Science}) + 20\ (\text{Social Studies}) + 7\ (\text{History}) + 8\
(\text {Geography}) = 39\ \text{pages}
\]
2. *xPages already readxx
\ [
15\ \text{pages on Monday}
\]
3. *xPages left to readxx
\ [
39 - 15 = 24\ \text{pages}
\1]
4. xxNumber of days leftxx
\
4\ \text{more days}
\]
5. xxAverage pages per dayx*x
\ [
\frac{24\ \text{pages}} {4\ \text{days}} = 6\ \text{pages per day}
\]
\ [
\boxed {6}
\1]

Figure 10. Example of ProSeCo’s generated response on the GSM8K dataset using the max accuracy configuration (see Table 3).
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OWT Generated Sample

“lendoftextl campaigns trying to figure out how to raise money for a ballot measure America’s political dailies have not adopted an information-delivery strategy. Teich’s
most recent foray was, according to its spokeswoman, a brand new social media campaign that it took a break from advertising the previous year, and launched on its
website. Both stem from a tradition of public-sector philanthropy, and position the company as a public utility whose funding is in no way tied to government spending or
health care. We have reached out to Teich for more information, and so far have received no response.

But Teich has all but abandoned its information delivery strategy—or at least when it comes to what it calls its “frontiers.”

While its Indiegogo campaign has been focused on social issues, much of it has centered on public health and safety initiatives in an effort to reduce the
number of traffic deaths, make driving less dangerous, reduce dependence on oil and to improve the health of people in a developing country. Its

budgeted nearly $60 million in fiscal year 2016, according to Teich Institute, a nonprofit that tracks Teich’s spending.

Back in 2014, the year it launched, the company calculated how much it could spend on new software, or new nurses, or programs that focus on technol-
ogy. It spends a big chunk of that money on budgeting—but there are different approaches to health care spending. For instance, some decide what kind of money they
spend; others decide how much money they spend on a particular service. So how much Teich spends depends on the investment.

You’ve heard of this about health-care. The Obama health-care bill seemed to cost $200 billion—but neither the White House nor the administration said
anything about how much it cost. Teich has put its total at $20 billion.

“The big question for me is not just whether Teich decides to spend too much, but whether TARP looks at spending too much,” says Erin McAllister, exec-
utive director of the Teich Public Policy Institute. That calculation helps explain how much Teich spent to fight the opioid epidemic here in Washington D.C., she says,
though she says she doesn’t know just how much that money went to a particular cause.

Students, for instance, know how to gamble. “They probably knew what they were going to spend,” she says. “What surprises me is that people don’t
know when they buy something that is going to have a bigger impact on an institution than an investment.”

Subscribe to Smart Money’s Smart Money app—you can download it here.

In some cases, Teich says it didn’t know how much of its money was spent, so it didn’t disclose how much the company spent. That likely happened in

2010 and 2012, for “from an investment perspective, you’re basically going the other way to buy something that’s going to have a bigger impact than an investment,
McAllister says. “You may see something that has less impact than investment, and you may see something that has more impact and less impact than investment.”

In New York City—where Teich’s Indiegogo campaign spent nearly $50 million in fiscal year 2016—it managed to convince advocacy groups to spend the
bulk of its money on television ads. The company and its partners estimated that the campaign would finance net $2 million in television ads over the next 12 months. In
other cities, similar things happen year after year, McAllister says.

So much depends on the investment. The public-sector infrastructure bought by Teich remains relatively small. Its advertising strategies have changed lit-
tle over the years, and they continue to attract big-name attention.

Of its most recent investments in public health, Ken Farrell, a lawyer with the President’s Office, agrees that Teich has designed previous advertising cam-
paigns that have largely paid off. But McAllister says the payoff could be quite big, depending on how much the company spends.

The company’s sticker price has been criticized by elected officials, environmental groups and those who ignore the fossil fuel industry at their peril. But
its spending on public health initiatives has been relatively steady—it’s spent almost $650 million since 2010. Neither Trump or his administration has really pushed
for new regulations despite concerns about their potential benefits. And experts aren’t totally convinced that new taxes will improve public health—especially

because of the already unacceptably high tolls and highway tolls in the United States. Tax advocates will argue that new taxes will be good for everyone—but are skeptical.

“It’s compelling,” Stan Diem, a political science professor at Wesleyan University says. “But there is no evidence that it islendoftextl"

Figure 11. Generated sample from ProSeCo trained on OWT, with a total budget of 7" = 256: 64 unmasking steps, corrector frequency
= 1 and S = 3 steps per loop.
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