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Abstract

Diffusion language models have recently emerged as a lead-
ing alternative to standard language models, due to their ability
for bidirectional attention and parallel text generation. In this
work, we explore variants for their use in speech recognition.
Specifically, we introduce a comprehensive guide to incorporat-
ing masked diffusion language models (MDLM) and uniform-
state diffusion models (USDMs) for rescoring ASR hypothe-
ses. Additionally, we design a new joint-decoding method that
combines CTC and USDM by integrating the framewise proba-
bility distributions derived from CTC with the labelwise proba-
bility distributions computed by USDM at each decoding step,
thereby generating new candidates that combine strong lan-
guage knowledge from USDM and acoustic information from
CTC. Our findings reveal that USDM, as well as MDLM, can
significantly improve the accuracy of recognized text. We pub-
lish all our code and recipes.

Index Terms: Speech Recognition, Diffusion Language Model

1. Introduction

Autoregressive language models (LMs) are commonly used to
improve automatic speech recognition (ASR) systems due to
their strong linguistic capabilities and the ability to incorpo-
rate external textual knowledge [1-3]. However, applying tra-
ditional autoregressive LMs in joint decoding inherently limits
the speed due to their strictly left-to-right decoding structure.
Non-autoregressive language models [4] can operate in a par-
allel manner, potentially resolving this bottleneck and enabling
faster decoding.

Recently, discrete diffusion models, such as large language
diffusion with masking (LLaDA) [5] and masked diffusion lan-
guage models (MDLM) [6] have emerged as powerful non-
autoregressive alternatives [5—10]. Prior work has explored
diffusion-based models in ASR as audio-conditioned decoders
[11-13]. Other non-autoregressive speech recognition models
have been proposed [14-16].

Here, we focus on keeping a separate language model to
better leverage large amounts of text data and to allow more
flexible integration of the language model into the ASR sys-
tem [17,18]. An investigation of diffusion language models
as standalone models for joint ASR decoding has not yet been
conducted and their integration into token-level joint decoding
remains unexplored.

In this work, we systematically investigate diffusion lan-
guage models for ASR rescoring, comparing masked diffusion
language models (MDLM) and uniform-state diffusion models
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(USDM). Furthermore, we develop a novel token-level decod-
ing method that allows for the integration of USDM with a
non-autoregressive connectionist temporal classification (CTC)
speech recognition model [19]. Because USDM corrupts se-
quences using uniform transitions without artificial mask to-
kens, it provides a full vocabulary probability distribution for
every token at each denoising step, which enables a direct com-
bination of framewise CTC probabilities and labelwise diffu-
sion distributions during hypothesis construction, as detailed
in Section 2 and Section 3. To the best of our knowledge,
this is the first work that (i) systematically compares masked
and uniform-state diffusion language models for ASR rescor-
ing, and (ii) integrates a uniform-state diffusion language model
into CTC-based token-level joint decoding.

2. Diffusion Language Models

Masked diffusion language model. MDLM corrupts text by
randomly masking tokens and learns to reconstruct the sequence
during the reverse generative pass.

During the forward process, tokens are independently
masked based on a monotonically decreasing noise schedule
ay € [0, 1]. Essentially, o, represents the probability of a token
retaining its original value, while (1 — «) is the probability of
it being masked. As the process reaches the final step 7', ar ap-
proaches 0, meaning the sequence becomes completely masked
with probability 1. The marginal distribution of this forward
process is defined as:

q(z¢ | w) = Cat(ze; arlw + (1 — ar)lm) (H

where Cat is the categorical distribution, w is the original clean
token, z; € V is the token at diffusion step ¢, 1., € {0, 1}|V|
denotes the one-hot vector with a 1 at position w € V' and indi-
cates a clean token, and m is the index of the [MASK] token.

During the reverse process, starting from a fully masked
sequence, an MDLM iteratively denoises the text to recover the
original tokens. The theoretical objective is to align the reverse
transition with the true posterior distribution, which is defined
as:

q(zs | 2, w)
Cat(zs; 12,)
- Cat (zs; d-

zt £ m,
a5)1m+(as_at)1w> 2 = m.
1 — Ot

@

However, because the target token w is unknown during gen-
eration, a parameterized model wg(z¢, ) is trained to directly
predict the best estimate of the unmasked tokens from the noisy
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state z;. This implies that the training objective is computed
exclusively over the masked tokens, taking the form of a cross-
entropy loss weighted by the noise schedule [5,6]. The bidirec-
tional context modeling of MDLM makes it particularly well-
suited for ASR hypothesis rescoring [11,12].

Uniform-state diffusion model. USDM works similarly to
MDLM but uses a different corruption strategy.

During the forward process, tokens are replaced with ran-
dom samples from the vocabulary rather than a mask to-
ken. The marginal distribution is defined as ¢(z: | w) =
Cat(z¢; a¢ 1w + (1 — ay)m), where m = ml is the uniform
distribution over the vocabulary V' [20].

During the reverse process, these forward dynamics allow
for continual token updates. Since corrupted tokens are indis-
tinguishable from clean ones, the model must re-evaluate ev-
ery position at each denoising step, enabling a self-correcting
property where previously predicted tokens can be updated or
fixed [7,21-23]. Consequently, at each denoising step, the
model wg (2¢, t) produces a full probability distribution over the
entire vocabulary for every token in the sequence, regardless of
its current state. For ASR, this dense output is particularly ad-
vantageous as it provides a continuous stream of vocabulary-
wide probabilities that can be directly aligned and combined
with frame-wise CTC scores during joint decoding.

3. Methodology

3.1. Rescoring

We rescore n-best CTC hypotheses &15 = (a1,...,ag) by com-
bining the CTC log-probability with a diffusion language model
(DiffLM) score and a prior correction term:

S(@s) = Acrc log Pore(as | «f)
+ Apirrv Spisrv (@)

(a
- >\prior IOg Pprior( f) (3)

where =7 denotes the sequence of T acoustic feature frames,
AcTc, ApifiLM, and Aprior are tunable interpolation weights,
and the prior term compensates for the implicit language model
bias learned by the CTC model [24,25]. Since log PDiﬁrLM(&ls )
is intractable, prior work has shown that it can be approximated
using a variational evidence lower bound (ELBO) [6,26]. We
also propose alternative score functions for the diffusion LM,
denoted Spigrm (&13)

MDLM.
A naive sequence-length normalization estimate averages
over the full sequence length S:

K
g 1 1 o 5
SpierLm ( ig K E 171 e E log Py(a; | Zt,k)
k=1 S e jem,,
4

where ¢, is a noise level for sample £ that determines the mask-
ing probability, M, is the set of randomly masked positions
in the k-th sample, a; is the j-th token of the hypothesis, and
2,1, denotes the noisy sequence obtained by masking positions
M, with masking probability (1 — ). As discussed in [5],
this estimator suffers from high variance because the weight
o4, /(1 — oy, ) does not directly reflect the number of masked
tokens |My| in each Monte Carlo sample, since tokens are
masked randomly.

Sample-level mask normalization. We normalize each sam-
ple by its own mask count before averaging over K:

K
Sputn(af) = I Z W > log Poa; | zer)  (5)
jEMy

Global mask normalization. We pool all masked predictions
across all K samples and divide by the total mask count:

K ~
2kt Zje/\/lk log Po(aj; | 2t,k)
K
Zk:l |Mk|
Sample-level normalization weights each Monte Carlo sample
equally, whereas global normalization weights each predicted

token equally. As shown in Figure 3, they significantly improve
WER over sequence-length normalization.

(6)

Spirrm (ar) =

Coupled scoring. Additionally, inspired by the coupled-
sampling scheme from [27], we construct K pairs of comple-

mentary masks ./\/l;:) and Mz(f) = MS), such that every token
is masked in exactly one of the two forward passes per pair:

Soad(a) = Kz (z log Po(a | =)

. (1)
JEM,

+ 3 1ogP9(aj|z§?k>)> ™)

. (2)
JjeM,;

This guarantees that every token contributes to the score.

USDM. We adopt the ELBO from [7] as the scoring objec-
tive. Unlike MDLM, where only masked tokens contribute to
the score, USDM corrupts positions with uniform noise and ev-
ery token participates in the score regardless of the noise level.

3.2. Joint-Decoding

USDM exhibits several properties that make it particularly suit-
able for integration with CTC in a joint decoding framework
(see Figure 1): its self-correcting nature allows the model to
continuously refine all positions rather than committing to pre-
dictions early; and since tokens are corrupted with uniform
noise rather than a mask token, the model maintains a well-
defined probability distribution over the full vocabulary at every
position throughout the entire denoising process. These proper-
ties motivate us to extend USDM to a novel joint CTC-USDM
decoding framework.

We initialize the denoising process from the CTC greedy
sequence at noise level tsar [13], which we treat as a tunable
hyperparameter. Since CTC operates on frames while USDM
operates on tokens, we align the two by extracting the log-
probability distribution of the first frame corresponding to each
collapsed token and renormalizing it over the non-blank vo-
cabulary. At each denoising step [, and each token position %,
USDM produces a token-level distribution Py(- | z¢,), which
we combine with the CTC distribution:

Scomb,i(v) = ACTC 1Og PCTC,Ti (U | x’{)

+ ApigLm log Py i(v | 2z¢,), Yo eV  (8)

7; denotes the first CTC frame aligned with token position ¢
in the collapsed greedy sequence. The term Pcrc, -, (v | @1)
corresponds to the frame-level CTC probability of token v at
frame 7;, obtained from the encoder output and renormalized
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Figure 1: Overview of the proposed joint CTC-USDM decoding.
At each denoising step, the USDM token-level distribution is
combined with the CTC frame-level distribution to sample input
to the next denoising step.

over the non-blank vocabulary. The term Py ;(v | z¢,) denotes
the token-level probability predicted by the USDM at position
1 given the current noisy sequence z;,. The combined score
Scomb, i (v) therefore integrates acoustic evidence from the CTC
model with contextual information from the diffusion language
model during each denoising step.

We adopt ancestral sampling from [20, 21, 28], drawing
each position of z;, , independently from the corresponding
combined distribution Peomb,:, Which is derived as Peomb,: =
softmax(Scomb,i )-

4. Experiments
4.1. Experimental Setup

We trained MDLM and USDM on a combined corpus of nor-
malized LibriSpeech LM data and train-other transcriptions
[29]. For our experiments, we leveraged the training frame-
works from [6, 7]. Models were trained for 5, 10 and 25
epochs using AdamW (0.1 weight decay) [30], a piecewise lin-
ear LR scheduler, and a 20,000 token batch size. Our primary
"medium" architecture for both models is a 24-layer Diffusion
Transformer (DiT) [31] with 16 attention heads, 0.1 dropout
[32] and a 1024-dimensional hidden state. Text was tokenized
via SentencePiece into 10,240 subwords [33].

4.2. Results

Language model training. Table 1 shows the perplexity up-
per bounds for USDM and MDLM trained with the same con-
figuration. MDLM achieves lower PPL at 5 and 10 epochs (see
Figure 2, e.g. 37.0 vs. 39.4 on dev at 10 epochs), but USDM
surpasses it at 25 epochs (34.0 vs. 32.3 on dev). This can be
explained by the fact that USDM corrupts tokens with uniform
noise rather than explicit mask tokens, making the task inher-
ently harder since the model must evaluate every position. Both
models show improvement with longer training.

Rescoring. Figure 3 compares MDLM and USDM rescoring
strategies across varying numbers of Monte Carlo samples K.
As illustrated in Figure 3, MDLM rescoring consistently outper-
forms the CTC baseline (5.08% WER) and USDM. While stan-
dard sequence-length normalization achieves a WER of 4.73%
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Figure 2: Dev PPL learning curves for MDLM and USDM
trained for 10 full epochs (1 full epoch = 20 subepochs).

Table 1: Perplexity (PPL) upper bounds on train, dev, and de-
vtrain splits for MDLM and USDM trained for 5, 10 and 25
epochs on LibriSpeech LM data (last checkpoint).

e PPL
Diffusion LM | Number of Epochs T ‘ Tov ‘ dovirain
5 <362 | <366 | <479
MDLM 10 <327 | <370 | <446
25 <300 | <340 | <422
5 <405 | <402 | <595
USDM 10 <370 | <394 | <480
25 <335 | <323 | <441

Table 2: MDLM rescoring (with sample-level normalization)
WER [%] on dev-other across 5, 10 and 25 training epochs,
varying the number of Monte Carlo samples (K ). Standard de-
viations computed over 5 random seeds.

K WER [%]
MDLM 5ep | MDLM 10ep | MDLM 25 ep
1 497+ .03 494 + .01 495+ .01

2 4.94 + .01 4.94 £ .02 491+ .02
16 4.79 £ .03 4.78 £+ .02 475+ .03
32 4.72 £ .03 4.67 + .02 4.65 + .03
64 4.65 £ .04 4.60 + .02 4.56 + .02
128 | 4.60 £ .02 4.58 + .02 4.55 + .02
256 | 4.59 £ .02 4.56 + .03 4.52 + .01

(K = 256), our proposed sample-level mask normalization
yields a further reduction to 4.59%. For all rescoring experi-
ments, we do not sample but fix the noise level to ¢ = 0.5. In
future work, we will investigate other noise schedules and their
influence on the results. Additionally, coupled scoring improves
results with fewer samples, reaching 4.60% WER at K = 64.
Furthermore, as shown in Table 2, extending MDLM training to
10 and 25 epochs provides additional gains, reaching a rescor-
ing performance of 4.56% and 4.52% WER at K = 256. While
USDM rescoring does not match the performance of MDLM,
it still yields improvements over the CTC baseline. As shown
in Table 3, USDM reduces the WER from 5.08% to 4.82% at
K = 256. With an increased number of trained epochs, the
WER decreased to 4.80% for 25 epochs.
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Figure 3: WER [%] on dev-other comparing MDLM rescor-
ing (sequence-level, global-mask and sample-mask score nor-
malization), MDLM (5 ep) coupled scoring, and USDM (5 ep)
rescoring, across different numbers of Monte Carlo samples
(K ). Stars mark the best WER for each method.

Table 3: USDM rescoring WER [%] on dev-other across 5, 10
and 25 training epochs, varying the number of Monte Carlo
samples (K ). Standard deviations computed over 5 random
seeds.

K WER [%]
USDM 5ep | USDM 10ep | USDM 25 ep

1 4.99 + .03 497+ .02 497 + .01
2 4.96 + .03 4.99 + .03 499 + .02
16 4.94 + .03 492 + .02 492+ .02
32 491 £ .02 4.89 + .04 4.89 + .03
64 4.87+ .04 4.85 + .04 4.86 + .02
128 | 4.85+.03 4.83 £ .02 4.80 + .01
256 | 4.82£.02 4.82 £ .02 4.80 + .02

Table 4: WER [%] on dev-other for CTC+USDM joint decoding
with different initial noise level s, and denoising steps L (for
all experiments, A\pigL.m = 0.3 shows the best performance).

WER [%]
L

tan || 1 ] 8 | 12 | 16 | 32 | 48 | 64

03 [ 479 [ 478 [ 479 | 477 | 478 | 477 | 477

0.5 || 481 | 481 | 480 | 478 | 477 | 477 | 477

0.8 || 482 | 479 | 478 | 478 | 477 | 477 | 477

CTC-USDM Joint Decoding. As shown in Table 4, joint de-
coding yields better results than USDM rescoring, suggesting
that the active participation of USDM in hypothesis construc-
tion produces better hypotheses. A lower initial noise level
(tstarr = 0.3) allows the model to reach optimal WER with fewer
denoising steps, while all configurations converge to the same
final WER. As shown in Table 5, extending USDM training to
10 and 25 epochs further improves joint decoding, reaching a
peak WER of 4.73% and 4.71%, respectively.

Comparison with Autoregressive LMs. Table 6 provides
an overview of the results across the different modeling ap-
proaches. As expected, the autoregressive language models

Table 5: WER [%] on dev-other for CTC+USDM joint decoding
comparing models trained on different numbers of epochs with
)\DiffLM = 0.3 and tmm =0.3.

WER [%]
L
Epochs || 1T | 8 [ 12 | 16 | 32 | 48 | 64
5 479 [ 478 [ 479 [ 477 | 478 [ 477 | 477
10 474 | 473 | 474 | 476 | 474 | 474 | 473
25 474 | 472 | 474 | 472 | 473 | 472 | 471

Table 6: WER [%] on dev-other comparing CTC without LM,
with an autoregressive LM, with MDLM (10 ep, sample-level
mask norm., K = 256) and USDM (10 ep, K = 256 rescoring
and L = 64 joint-decoding).

LM Model | Num WER [%]
Dim | Layers dev-other
None [ - [ - [ greedy [ 5.08 ‘
Auto- 768 12 rescoring 4.29
. joint-decoding | 4.10
regressive rescoring 4.19
M 1024 24 joint-decoding | 3.86
] MDLM [ 1024 [ 24 [ rescoring [ 4.56 [
rescoring 4.82
USDM 1024 24 joint-decoding | 4.73

achieve the lowest overall WER, with 4.19% for rescoring and
3.86% for joint decoding. Additionally, for the autoregressive
model, increasing the number of layers from 12 to 24 reduces
rescoring WER from 4.29% to 4.19%. While we do not investi-
gate scaling of diffusion LMs further, some prior works on de-
noising language models [34, 35] and diffusion language mod-
els [36] investigate their scaling behavior and show that they
surpass autoregressive models under data-constrained settings if
trained long enough. Motivated by this, in future work we plan
to compare diffusion and autoregressive LMs at larger model
and data scales.

5. Conclusions

In this work, we systematically explored the integration of dis-
crete diffusion language models into ASR systems. While tra-
ditional autoregressive models are constrained by a strictly se-
quential, left-to-right decoding structure, diffusion LMs lever-
age bidirectional context and parallel generation, offering a
more flexible and theoretically faster alternative for ASR. We
introduced new methods to rescore ASR hypotheses using
MDLM, namely Global and Sample-level Mask Normalization.
By utilizing the mask length for normalization, these methods
significantly improved performance in comparison to standard
sequence-level normalization. Most notably, we noticed unique
properties of Uniform-State Diffusion Models, specifically their
lack of artificial mask tokens and their full-vocabulary prob-
ability distribution for each position, and developed a CTC-
USDM joint decoding framework, which successfully outper-
formed static rescoring with USDM. Evaluation shows MDLM
achieves better rescoring accuracy on limited data than USDM.
This is likely because MDLM’s explicit mask tokens provide a
clearer reconstruction signal, whereas USDM’s uniform noise
forces the model to implicitly distinguish clean from noisy to-
kens at every position. Consequently, USDM’s more complex



objective may require additional data or scaling to reach peak
performance. We also compared our methods with standard au-
toregressive language models. Autoregressive LMs show bet-
ter performance in both rescoring and joint decoding, however,
prior studies suggest that diffusion language models can sur-
pass autoregressive models when trained long enough. In fu-
ture work, we plan to evaluate these models with more training
epochs and scale the model capacities further to close the per-
formance gap with autoregressive baselines. We also plan to
investigate the joint decoding framework in greater detail, in-
cluding extending it to MDLM.
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