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Abstract

While LLM-based Automatic Speech Recog-
nition (ASR) achieves high accuracy, its speed
is limited by sequential autoregressive decod-
ing. Diffusion Language Models (DLMs) of-
fer a parallel alternative, yet their decoding
strategies remain under-explored in ASR con-
texts. This paper analyzes three decoding
schemes for DLM-based ASR: fixed-number,
static confidence threshold, and dynamic con-
fidence threshold. We introduce a round-wise
analysis of decoding progress using Negative
Log-Likelihood-based uncertainty as a proxy
for prediction reliability. Our results show that
both threshold-based strategies provide a bet-
ter accuracy–speed trade-off than fixed-number
schemes. This behavior is associated with the
more concentrated confidence distribution ob-
served in the evaluated ASR settings: many
tokens reach high confidence early, enabling
multiple tokens to be committed in early decod-
ing rounds while lower-confidence tokens are
deferred to later rounds. The static-threshold
strategy achieves accuracy close to autoregres-
sive decoding at lower decoding cost.

1 Introduction

Automatic Speech Recognition (ASR) has
advanced through self-supervised pretrain-
ing (Baevski et al., 2020; Schneider et al., 2019;
Hsu et al., 2021; Chen et al., 2022), large-scale
weakly supervised training (Radford et al., 2023;
Pratap et al., 2024; Peng et al., 2024), and
LLM-based decoder modeling (Grattafiori et al.,
2024; Bai et al., 2023; Chen et al., 2024; Wu
et al., 2023; Chu et al., 2023). However, inference
in LLM-based ASR remains computationally
expensive, primarily because autoregressive (AR)
decoding generates tokens sequentially, requiring
repeated forward passes through large decoder
models.

∗Work done in an advisory role only. †Corresponding
author.

Before the adoption of LLMs, non-
autoregressive ASR methods such as Im-
puter (Chan et al., 2020), Mask-CTC (Higuchi
et al., 2020), and Align-Refine (Chi et al., 2021)
had already reduced reliance on sequential
decoding through iterative parallel prediction
and refinement of token sequences and latent
alignments. This parallel-refinement paradigm
has since been revisited in ASR (Wang et al.,
2026; Tian et al., 2026) through the adoption of
Diffusion Language Models (DLMs) (Nie et al.,
2025; Ye et al., 2025). These models leverage
linguistic knowledge acquired through large-scale
language pretraining and enable bidirectional
parallel decoding by iteratively predicting multiple
masked positions and committing high-confidence
tokens.

Since token commitment in DLMs relies on
heuristic confidence criteria, prior work has ex-
plored fixed-number, static-threshold, and dynamic-
threshold decoding strategies (Fu et al., 2026; Ben-
Hamu et al., 2025; Nie et al., 2025; Chang et al.,
2022; Yu et al., 2025; Wu et al., 2026). Ex-
isting DLM-based ASR systems, however, em-
ploy individual strategies in isolation: Whisper-
LLaDA (Wang et al., 2026) uses fixed-number de-
coding, whereas dLLM-ASR (Tian et al., 2026)
uses static thresholding. Neither systematically
compares alternative commitment strategies nor an-
alyzes why their behavior differs. We therefore
compare the three strategies in terms of accuracy,
decoding speed, and round-wise progress.

Concretely, we analyze decoding progress
through prediction reliability and token throughput.
Since insertion and deletion errors break alignment
across decoding rounds, round-wise accuracy can-
not be measured directly. We therefore use cumu-
lative token-level Negative Log-Likelihood (NLL)
as a proxy for prediction reliability, with an AR
configuration of the same DLM as a reference. We
measure throughput by counting newly unmasked
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tokens per round and examine confidence distri-
butions to characterize differences in commitment
behavior.

Our main findings are threefold. First, static
thresholding offers a favorable overall accuracy–
speed trade-off across test sets and two DLM back-
bones, achieving comparable WER to dynamic
thresholding with lower RTF, while both threshold-
based strategies outperform fixed-number decoding
in the evaluated settings. Second, round-wise anal-
yses of NLL and token throughput indicate that the
differences underlying the final efficiency and ac-
curacy gaps emerge primarily in the early decoding
rounds, where threshold-based strategies commit
many high-confidence tokens. Third, this behavior
is associated with confidence scores being more
concentrated at high values in the evaluated ASR
settings than in the examined text tasks, including
math reasoning, machine translation, and summa-
rization, which is consistent with the observed early
commitment behavior.

2 Baseline DLM-based ASR Model

2.1 DLM-based ASR

Inspired by Whisper-LLaDA (Wang et al., 2026),
we build a DLM-based ASR system that combines
Whisper-medium.en (Radford et al., 2023) as the
speech encoder with LLaDA-8B-Instruct (Nie et al.,
2025) as the decoder. A lightweight temporal
adapter downsamples and projects the speech repre-
sentations into the DLM embedding space. During
training, the Whisper encoder is frozen, while the
DLM is fine-tuned via LoRA (Hu et al., 2022) and
the adapter is trained jointly.

Following the diffusion formulation (Nie et al.,
2025), we randomly mask the target sequence x0
with a ratio t ∼ U(0, 1) to obtain xt, and train the
model to reconstruct masked tokens conditioned on
audio features a and unmasked text context. The
training objective is:

L = −Et,a,x0,xt

[
1

t

L∑

i=1

mi log pθ(x
i
0 | a, xt)

]
,

(1)
where mi = 1[xit = M], L is the sequence length,
M is the mask token, and θ denotes trainable param-
eters. We train on LibriSpeech 960h (Panayotov
et al., 2015) for 100,000 steps (≈4.5 epochs) us-
ing 8 NVIDIA RTX A6000 GPUs, and evaluate on
test-clean.

2.2 Block-based Decoding

The decoder operates on a fixed output canvas of
L = 128 mask tokens. We use block-based decod-
ing, where the canvas is divided into blocks of size
B. The blocks are processed sequentially, while dif-
fusion unmasking is performed within each block.
Fully parallel decoding corresponds to B = L. As
in Whisper-LLaDA (Wang et al., 2026), once an
end-of-sequence (EOS) token is committed, all re-
maining positions are set to EOS and subsequent
blocks are skipped.

3 Analysis Method

3.1 Confidence Estimation in Parallel
Decoding

In DLM-based ASR, decoding iteratively refines
masked tokens. At each round r, for each masked
position i where xir = M, the model predicts a
token conditioned on the audio features a and the
current context xr:

x̂ir+1 = argmax
v∈V

pθ(v | a, xr), (2)

where V is the vocabulary. We define the confi-
dence of this prediction as c(i) = pθ(x̂

i
r+1 | a, xr).

3.2 Target Decoding Strategies

Following prior analyses of confidence-based par-
allel decoding (Fu et al., 2026), we evaluate three
commonly used commitment schemes. Based on
confidence scores c(i), we select a subset of masked
positions to unmask and fix for subsequent rounds.

Fixed-number (top-k) scheme. The model un-
masks the k most confident tokens among the cur-
rently masked positions in each round (Nie et al.,
2025).

Static confidence threshold. The model un-
masks all tokens whose confidence exceeds a
threshold C ∈ (0, 1) (Yu et al., 2025). If none
exceed C, the most confident token is unmasked to
ensure progress.

Dynamic confidence threshold. Following Wu
et al. (2026), confidence scores over the current m
masked positions are sorted as c(1) ≥ · · · ≥ c(m),
and the largest k satisfying

(k + 1)(1− c(k)) < f (3)

is selected, where f > 0 is a predefined factor. The
top-k tokens are then unmasked; if no k satisfies
the criterion, the most confident token is unmasked.
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(a) Block Size 4
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(b) Block Size 8
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(c) Block Size 16
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(d) Block Size 32
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 32 → 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(e) Block Size 64
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 32 → 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(f) Block Size 128
(Full Parallel Decoding)

Sweep order: left → right
Fixed: k = 128 → 32 → 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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Figure 1: WER–RTF trade-off across decoding strategies and block sizes in DLM-based ASR. Lower WER and
RTF are preferred, so points closer to the origin indicate better trade-offs.

3.3 Quantifying Progress via Token-level
Uncertainty

To analyze decoding progress, we use token-level
Negative Log-Likelihood (NLL) as a proxy for un-
certainty. For each predicted token x̂ir+1 at round
r, we define

U i
r = − log pθ(x̂

i
r+1 | a, xr). (4)

Let Cr be the set of tokens committed up to round
r. The cumulative uncertainty is

U cum
r =

∑

i∈Cr
U i
round(i), (5)

where round(i) denotes the round in which token
i was fixed. We plot U cum

r against normalized
progress Pr = |Cr|/L.

As a reliability reference, we use an AR config-
uration of the same DLM, which unmasks tokens
sequentially from left to right:

U cum
AR (P ) =

⌊PL⌋∑

i=1

− log pθ(x̂
i
AR | a, x̂<i), (6)

where x̂iAR is the predicted token at position i and
x̂<i is the generated prefix. Deviations from U cum

AR

serve as an indicator of the additional uncertainty
associated with incomplete context in parallel de-
coding.

4 Experiments

For the main analysis metrics, we measure WER
and inference speed using the Real-Time Factor

(RTF), defined as the total inference time divided
by the input audio duration. All latency measure-
ments are performed on a single idle NVIDIA RTX
A6000 with batch size 1, using the dual KV-cache
of Fast-dLLM (Wu et al., 2026). As AR refer-
ence points, we use two baselines: AR (LLaDA-
8B), which decodes the same DLM one token at
a time from left to right, and AR (LLaMA-3.1-
8B) (Grattafiori et al., 2024), a LoRA-tuned autore-
gressive decoder using the same speech encoder
and adapter. Additional numerical results are pro-
vided in the Appendix.

4.1 Decoding Strategies and Accuracy-Speed
Trade-offs

We first evaluate the three diffusion-based decod-
ing strategies on LibriSpeech test-clean by sweep-
ing their hyperparameters: fixed-number decoding
(k ∈ {1, 2, 4, 8, 16, 32, 128}), static thresholding
(C ∈ {0.8, 0.9, 0.95}), and dynamic thresholding
(f ∈ {1.0, 0.2, 0.05}), together with two AR base-
lines (Fig. 1). For block sizes up to 64, stricter
commitment criteria (i.e., smaller k, higher C, or
lower f ) consistently reduce WER at the cost of
higher RTF, reflecting the accuracy–speed trade-
off in diffusion-based decoding. Compared with
fixed-number decoding, threshold-based strategies
achieve comparable WER with lower RTF over
much of the evaluated range. Static and dynamic
thresholding show similar recognition accuracy,
while static thresholding often provides lower RTF,
especially in Fig. 1(b,c).

41654



Test set Static Dynamic Fixed-k
(C=0.95) (f=0.2) (k=2)

In-domain
test-other 6.34 (.072) 6.34 (.079) 6.88 (.134)
Out-of-domain
TED-LIUM 3 10.96 (.059) 10.97 (.066) 11.21 (.131)
AMI-IHM 25.78 (.167) 25.79 (.172) 26.04 (.226)

Table 1: Cross-dataset comparison of commitment
strategies. Each cell reports WER (%) with RTF in
parentheses.

Test set Backbone Static Dynamic Fixed-k
(C=0.95) (f=0.2) (k=4)

test-clean LLaDA-8B 3.11 (.045) 3.12 (.054) 3.91 (.080)
Dream-7B 3.62 (.050) 3.59 (.055) 4.36 (.076)

test-other LLaDA-8B 6.45 (.066) 6.43 (.075) 7.60 (.087)
Dream-7B 6.81 (.070) 6.80 (.075) 7.79 (.081)

Table 2: Decoder backbone comparison on LibriSpeech.
Each cell reports WER (%) with RTF in parentheses.

Static thresholding achieves accuracy close to
the AR (LLaMA-3.1-8B) baseline at lower RTF.
With block size 4 and C = 0.95, it achieves 2.81%
WER compared with the baseline WER of 2.78%,
with a 1.6× speedup in terms of RTF. As the block
size increases, decoding generally becomes faster
and less accurate; in the fully parallel setting, static
thresholding achieves 4.13% WER with a 3.5×
speedup over the same AR baseline.

4.2 Cross-Dataset Generalization of Decoding
Strategies

To examine whether the accuracy–speed trade-off
observed on LibriSpeech test-clean extends to more
challenging conditions, we further evaluate the
three decoding strategies with a block size of 16
on LibriSpeech test-other (Panayotov et al., 2015),
TED-LIUM 3 (Hernandez et al., 2018), and AMI-
IHM (Carletta et al., 2006), covering more challeng-
ing in-domain read speech, out-of-domain prepared
speech, and out-of-domain spontaneous meeting
speech, respectively.

As shown in Table 1, threshold-based strategies
yield lower WER and RTF than fixed-number de-
coding across all three test sets. At nearly matched
WER, static thresholding yields approximately 3–
11% lower RTF than dynamic thresholding.

4.3 Generalization Across DLM Backbones

To examine whether the observed decoding trends
depend on the DLM backbone, we further com-
pare LLaDA-8B (Nie et al., 2025) and Dream-
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(b) Static threshold (C)
AR (LLaDA-8B, WER 2.94)
C=0.8, WER 3.95
C=0.9, WER 3.25
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(c) Dynamic threshold (f)
AR (LLaDA-8B, WER 2.94)
f=1.0, WER 3.51
f=0.2, WER 3.12
f=0.05, WER 3.05
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(d) Matched RTF (block 8)
AR (LLaDA-8B, WER 2.94)
Fixed (k=4), WER 4.47
Static (C=0.9), WER 3.07
Dynamic (f=1.0), WER 3.52

Figure 2: Cumulative uncertainty trajectories over de-
coding progress. Panels (a–c) compare each strategy
with the AR reference; (d) compares all strategies under
matched RTF.

7B (Ye et al., 2025) with a block size of 32 on Lib-
riSpeech test-clean and test-other. As shown in Ta-
ble 2, similar trends are observed across both back-
bones: threshold-based strategies yield lower WER
than fixed-number decoding, while static and dy-
namic thresholding achieve nearly matched WER.
At comparable WER, static thresholding yields 6.7–
16.7% lower RTF than dynamic thresholding across
the two backbones and test sets.

4.4 Round-wise Progress Assessment

For this analysis, we normalize progress over the
first 32 text-token positions and consider utterances
with at least 32 text tokens, setting Pr = 1 when
all 32 positions are fully unmasked.

4.4.1 Prediction Reliability using Uncertainty
Trajectory

Measuring round-wise WER is impractical because
insertion and deletion errors break alignment across
decoding rounds. We therefore use cumulative un-
certainty as a proxy for prediction reliability. As
shown in Fig. 2(a-c), a larger final gap from the AR
reference generally corresponds to higher WER,
consistent with an association between cumulative
uncertainty and recognition error. Most trajectories
steepen near the end, suggesting that later rounds
commit more low-confidence tokens; early devi-
ation above the AR trajectory may reflect higher
uncertainty in early commitments.

Under matched RTF (Fig. 2(d)), static-threshold
decoding tracks the AR trajectory most closely and
achieves the lowest WER among the compared con-
figurations: 3.07% versus 4.47% for fixed-number
and 3.52% for dynamic thresholding.
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Figure 3: Per-round token throughput under comparable-
WER settings. Dashed lines indicate mean stopping
rounds.

4.4.2 Inference Speed using Number of
Unmasked Tokens

To examine where speed differences occur, we
compare per-round token throughput under com-
parable WERs (3.05%–3.12%): static threshold-
ing (C = 0.95), dynamic thresholding (f =
0.2), and fixed-number decoding (k = 1, in-
cluded as a comparable-WER operating point). As
shown in Fig. 3, static thresholding finishes in the
fewest rounds on average (6.1), followed by dy-
namic thresholding (7.1) and fixed-number decod-
ing (32.0), consistent with their RTFs of 0.045,
0.054, and 0.298, respectively.

The observed difference is concentrated in the
early decoding rounds. Static thresholding exhibits
a heavy-start pattern, committing many tokens
early before tapering to final refinement, whereas
dynamic thresholding proceeds more steadily and
fixed-number decoding is constrained by its per-
round budget.

4.5 Confidence Distribution and Decoding
Efficiency

To examine the confidence distribution associated
with the early commitment behavior, we compare
commit-time confidence across ASR and several
text tasks by committing the highest-confidence
token at each step. The text tasks are evaluated
using the base LLaDA-8B-Instruct model.

As shown in Fig. 4, confidence is generally more
concentrated at high values in the evaluated ASR
tasks than in the evaluated text tasks. At a con-
fidence threshold of 0.90, 94.8% and 89.2% of
tokens exceed the threshold on LibriSpeech test-
clean and test-other, respectively, compared with
72.0% on GSM8K (Cobbe et al., 2021) and 44.1%
on CNN/DailyMail (Hermann et al., 2015), with
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Figure 4: Complementary cumulative distribution func-
tion (CCDF) of token confidence scores. The plot shows
the fraction of tokens with a confidence score S greater
than or equal to a threshold s.

lower fractions observed for WMT19 machine
translation (Barrault et al., 2019). TED-LIUM
3 remains close to LibriSpeech, while AMI-IHM
shows a larger decrease but still retains more high-
confidence tokens than all evaluated text tasks at
thresholds from 0.85 to 0.95.

This confidence concentration is consistent
with the observed differences in decoding effi-
ciency. Static thresholding can commit many high-
confidence tokens at once, whereas the dynamic-
threshold criterion becomes more restrictive as
more tokens are selected: c(k) > 1 − f/(k + 1)
requires c(k) to approach one as k increases. Fixed-
number decoding, in contrast, is limited by its fixed
per-round token budget.

5 Conclusion

We compared fixed-number, static-threshold, and
dynamic-threshold decoding for DLM-based ASR
across multiple English speech test sets and two
DLM backbones. Across the evaluated settings,
threshold-based decoding provides a better accu-
racy–speed trade-off than fixed-number decoding.
Static and dynamic thresholding achieve compara-
ble WER, with static thresholding generally yield-
ing lower RTF. In the evaluated ASR settings, con-
fidence scores are more concentrated at high values
than in the examined text tasks, which is consis-
tent with the observed early commitment behavior.
The decoding-strategy trends are similar across the
evaluated datasets and two DLM backbones, while
confidence concentration decreases under domain
shift. Future DLM decoding strategies for ASR
may benefit from reducing late-stage refinement
cost while maintaining recognition accuracy.
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Limitations

We do not evaluate accented speech, low-resource
or multilingual ASR, or ASR models trained di-
rectly on spontaneous speech. Although we eval-
uate two DLM backbones, all systems are trained
only on LibriSpeech 960h. Results on TED-LIUM
3 and AMI-IHM therefore reflect domain shift
for LibriSpeech-trained models rather than perfor-
mance after in-domain training on prepared talks
or spontaneous meetings. Confidence concentra-
tion also weakens under domain shift and is lower
on AMI-IHM than on the LibriSpeech test sets.
Whether the observed pattern holds for models
trained on spontaneous speech or under broader
linguistic and acoustic conditions remains an open
question.

Ethical Considerations

This work uses publicly available datasets, pre-
trained models, and benchmarks, including
LibriSpeech, TED-LIUM 3, AMI, WMT19,
CNN/DailyMail, GSM8K, Whisper, LLaDA-8B-
Instruct, Dream-7B, and LLaMA-3.1-8B. We use
these resources solely for research purposes and
follow their respective licenses, access conditions,
and terms of use. We do not collect new human-
subject data or conduct user studies. ASR systems
may produce transcription errors and should be
deployed with appropriate validation and human
oversight, particularly in high-stakes settings.
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Setting Configuration

Model
Speech encoder Whisper-medium.en (frozen)
Adapter Conv1d (k = 4, s = 4) + Linear →

4096
Decoder LLaDA-8B-Instruct
LoRA {q, k, v, o}, r = 16, α = 32, dropout

0.05
Answer canvas 128 tokens; EOS padding; left-padded

batches
Training
Objective Cross-entropy
Optimizer AdamW; lr = 10−4; β1 = 0.9, β2 =

0.999; wd = 0.01
Schedule Cosine decay; 500 warm-up; 100K

steps
Batching ≤12 utterances/GPU; gradient accu-

mulation 2
Precision bf16; DeepSpeed ZeRO-2; gradient

clipping 1.0
Data and Compute
Training data LibriSpeech 960h
Hardware 8× NVIDIA RTX A6000
Training time ≈25.8 h
Seed 10086

Table 3: Training configuration of the ASR system.

k

B 1 2 4 8 16 32 128

4 2.79/.205 3.62/.113 4.80/.067 – – – –
8 2.93/.209 3.83/.111 4.47/.062 6.70/.038 – – –
16 3.01/.242 3.47/.122 4.02/.068 5.68/.038 9.07/.024 – –
32 3.05/.298 3.44/.154 3.91/.080 5.01/.046 7.35/.028 12.10/.019 –
64 3.32/.489 3.57/.228 4.03/.114 4.80/.064 6.50/.037 10.50/.022 –

128 4.23/.627 4.23/.301 4.75/.148 5.42/.084 6.64/.052 9.92/.033 14.50/.014

Table 4: Fixed-number decoding on LibriSpeech test-
clean. Each cell reports WER (%) / RTF. Dashes denote
inapplicable settings.

A Experimental Details

A.1 Model and training.

Table 3 provides the full training configuration.
Unless otherwise stated, all reported results are
obtained from a single run with seed 10086. The
Dream-7B variant in Section 4.3 replaces only the
decoder, with all other settings unchanged.

A.2 Datasets.

All models are trained on LibriSpeech 960h. Evalu-
ation is conducted on LibriSpeech test-clean (2,620
utterances, 5.4 h), test-other (2,939 utterances, 5.3
h), TED-LIUM 3 test (1,154 utterances, 2.6 h), and
AMI-IHM test (12,643 segments, 8.7 h). TED-
LIUM 3 and AMI-IHM are evaluated using the
LibriSpeech-trained model without adaptation.

C

B 0.8 0.9 0.95

4 3.17/.081 2.85/.086 2.81/.100
8 3.53/.053 3.07/.058 2.96/.066

16 3.72/.039 3.15/.047 3.04/.052
32 3.95/.031 3.25/.038 3.11/.045
64 4.37/.029 3.62/.035 3.50/.043

128 4.93/.029 4.28/.038 4.13/.046

Table 5: Static thresholding on LibriSpeech test-clean.
Each cell reports WER (%) / RTF.

f

B 1.0 0.2 0.05

4 3.32/.081 2.81/.093 2.79/.110
8 3.52/.059 2.97/.075 2.93/.096

16 3.41/.044 3.03/.061 3.02/.083
32 3.51/.039 3.12/.054 3.05/.081
64 3.88/.040 3.44/.061 3.31/.082

128 4.47/.042 4.18/.063 4.23/.089

Table 6: Dynamic thresholding on LibriSpeech test-
clean. Each cell reports WER (%) / RTF.

A.3 Inference and latency measurement.

Decoding uses the dual prefix–suffix KV-cache of
Fast-dLLM with a fixed 128-token answer canvas.
Once an EOS token is committed, all remaining po-
sitions are filled with EOS and subsequent blocks
are skipped. All latency measurements are per-
formed on a single idle NVIDIA RTX A6000 with
batch size 1 and one evaluation job per GPU. RTF
is computed as the total inference time, including
the speech encoder, divided by the total audio dura-
tion. Average NFE is the mean number of decoder
forward passes per utterance.

A.4 AR baselines.

AR (LLaDA-8B) decodes the same fine-tuned
DLM one token at a time from left to right and
serves as the reliability reference. AR (LLaMA-
3.1-8B) is a LoRA-tuned autoregressive decoder
trained with the same speech encoder, adapter,
training data, and optimization schedule.

B Additional Results and Analyses

B.1 Full Accuracy–Speed Sweep on
LibriSpeech test-clean

Tables 4–6 report the numerical values underlying
Fig. 1. Each table covers one commitment strategy
over its full hyperparameter range and all six block
sizes, with WER (%) and RTF reported for each
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(b) Block Size 16
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 16 → 8 → 4 → 2 → 1
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(c) Block Size 32
(Block-based Decoding)

Sweep order: left → right
Fixed: k = 32 → 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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(d) Block Size 128
(Full Parallel Decoding)

Sweep order: left → right
Fixed: k = 128 → 32 → 16 → 8 → 4 → 2 → 1
Static: C = 0.8 → 0.9 → 0.95
Dynamic: f = 1 → 0.2 → 0.05
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Figure 5: WER–NFE trade-off on LibriSpeech test-other across decoding strategies and block sizes. Parameters in
each panel are listed in order of increasing NFE. Lower WER and NFE are preferred.

k

B 1 2 4 8 16 32 128

4 6.16/22.1 7.04/11.0 8.81/5.5 – – – –
16 6.28/27.3 6.88/13.7 7.81/6.9 9.87/3.5 14.76/1.7 – –
32 6.37/37.0 6.81/18.5 7.60/9.3 9.29/4.7 12.17/2.3 18.06/1.2 –
128 7.20/73.8 7.57/35.2 8.10/16.8 9.02/9.2 10.90/5.4 15.02/3.2 20.05/1.0

Table 7: Fixed-number decoding on LibriSpeech test-
other. Each cell reports WER (%) / average NFE.
Dashes denote inapplicable settings.

C

B 0.8 0.9 0.95

4 6.45/8.0 6.25/8.9 6.18/9.8
16 6.87/4.8 6.52/5.9 6.34/7.2
32 7.17/4.1 6.66/5.4 6.45/6.7

128 7.57/3.9 7.28/5.1 7.12/6.5

Table 8: Static thresholding on LibriSpeech test-other.
Each cell reports WER (%) / average NFE.

configuration. The AR reference points are inde-
pendent of block size: AR (LLaDA-8B) achieves
2.94% WER at RTF 0.276, while AR (LLaMA-3.1-
8B) achieves 2.78% WER at RTF 0.160. Across
block sizes up to 64, stricter commitment criteria
consistently yield lower WER within each strategy.

f

B 1.0 0.2 0.05

4 6.60/7.7 6.19/9.8 6.16/12.2
16 6.80/5.2 6.34/7.9 6.28/11.1
32 6.97/4.8 6.43/7.9 6.37/11.3
128 7.57/5.0 7.18/8.0 7.18/11.5

Table 9: Dynamic thresholding on LibriSpeech test-
other. Each cell reports WER (%) / average NFE.

B.2 Full Accuracy–NFE Sweep on
LibriSpeech test-other

Tables 7–9 report the corresponding sweep on
LibriSpeech test-other for block sizes B ∈
{4, 16, 32, 128}, and Fig. 5 shows the resulting
trade-off curves. Each cell reports WER (%) / av-
erage NFE, using NFE as a hardware-independent
measure of decoding cost. RTF values for repre-
sentative test-other configurations are reported in
Table 1. The overall ordering observed on test-
clean is preserved: threshold-based decoding con-
sistently provides lower WER than fixed-number
decoding at comparable decoding cost, while static
and dynamic thresholding remain closely matched.
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Test set Backbone Static Dynamic Fixed-k

Table 1
test-other – 7.2 7.9 13.7
TED-LIUM 3 – 7.0 8.0 16.8
AMI-IHM – 6.7 7.1 9.2
Table 2
test-clean LLaDA-8B 5.0 6.2 9.8

Dream-7B 7.0 8.1 10.8
test-other LLaDA-8B 6.7 7.9 9.3

Dream-7B 8.7 9.6 10.4

Table 10: Average NFE per utterance for the main-text
configurations in Tables 1 and 2.

Model WER (%) RTF

clean other clean other

Whisper-medium.en (greedy) 3.1† 6.3† 0.078 0.079
Whisper-medium.en (beam 5) 3.0† 5.7† 0.085 0.087
Whisper-large-v3 (greedy) 2.17 4.05 0.087 0.103
Whisper-large-v3 (beam 5) 2.00 3.71 0.125 0.128

Ours (static C=0.95, B=4) 2.81 6.18 0.100 0.107
Ours (static C=0.95, B=16) 3.04 6.34 0.052 0.072

Table 11: Comparison with Whisper baselines on Lib-
riSpeech. WERs marked with † are taken from Radford
et al. (2023). All other WERs and all RTF values were
measured by us on a single idle NVIDIA RTX A6000
with batch size 1. Our block-16 configuration reaches
WER close to Whisper-medium.en greedy decoding at a
lower RTF, while Whisper-large-v3 attains lower WER
at a higher RTF.

B.3 Average NFE for Main-Text
Configurations

Tables 1 and 2 report RTF as the primary cost met-
ric because it reflects wall-clock latency on the
target hardware. For completeness, Table 10 re-
ports the average number of decoder forward passes
(NFE) per utterance for the same configurations.
NFE follows the same overall efficiency trend as
RTF: static thresholding uses the fewest forward
passes in every setting, while dynamic thresholding
requires 0.4–1.2 additional passes per utterance at
nearly matched WER. Fixed-number decoding re-
quires more forward passes than static thresholding
while also yielding higher WER.

B.4 Comparison with Whisper Baselines

Table 11 compares our system with Whisper-
medium.en and Whisper-large-v3. All RTF val-
ues are measured under the same latency proto-
col. On LibriSpeech test-clean, our block-16 static-
threshold configuration achieves WER close to
Whisper-medium.en greedy decoding at lower RTF,

Task N ≥0.85 ≥0.90 ≥0.95 ≥0.99

test-clean 50,046 96.1 94.8 92.2 83.0
test-other 51,514 91.4 89.2 84.8 70.4
TED-LIUM 3 25,195 95.6 93.8 90.4 78.0
AMI-IHM 83,000 81.0 76.3 67.5 40.4

GSM8K 16,000 77.7 72.0 63.9 50.7
CNN/DailyMail 15,999 49.6 44.1 36.9 25.0
MT (En→Zh) 9,667 40.2 32.2 23.1 11.7
MT (Zh→En) 10,854 57.6 49.6 38.2 22.2

Table 12: Fraction (%) of committed tokens with con-
fidence at or above each threshold under sequential
confidence-ordered decoding (block size 32, first 32-
token block preceding the first EOS, EOS excluded).
ASR tasks are listed above the rule and text tasks below
it.

while Whisper-large-v3 achieves lower WER at
higher RTF. This comparison is intended to contex-
tualize the absolute performance rather than claim
state-of-the-art accuracy, as our system uses the
Whisper-medium.en encoder and is trained only on
LibriSpeech 960h.

B.5 Confidence Statistics Across ASR and
Text Tasks

Table 12 reports the statistics underlying Fig. 4. Fol-
lowing Section 4.5, we use sequential confidence-
ordered decoding with block size 32, committing
only the highest-confidence token at each step.
Commit-time confidence is recorded for positions
in the first 32-token block preceding the first EOS
token, with EOS excluded. The text tasks use
the base LLaDA-8B-Instruct model with its chat
template on 500 examples each from GSM8K,
CNN/DailyMail, and WMT19 in both translation
directions. The ASR tasks use the LibriSpeech-
trained model on the full test sets. N denotes the
number of pooled token commitments per task.

Across thresholds from 0.85 to 0.95, every eval-
uated ASR dataset retains a larger fraction of
high-confidence tokens than any of the text tasks.
AMI-IHM shows the largest decrease among the
ASR datasets under domain shift and falls below
GSM8K at the 0.99 threshold, indicating that con-
fidence concentration at the extreme upper end is
more sensitive to acoustic conditions.

B.6 Statistical Validation

Utterance-level NLL–WER association. To sta-
tistically assess the relationship between cumula-
tive uncertainty and recognition error discussed
in Fig. 2, we compute the Spearman rank corre-
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lation between the final cumulative committed-
token NLL and utterance-level WER under dy-
namic thresholding (f = 1.0, block size 32). The
correlation is ρ = 0.627 on LibriSpeech test-
clean (n = 2,620) and ρ = 0.672 on test-other
(n = 2,939). These results support a positive
utterance-level association between cumulative un-
certainty and recognition error: utterances with
larger accumulated uncertainty tend to have higher
WER.

Because cumulative committed-token NLL re-
flects the model’s confidence in its own predictions
rather than prediction correctness, it need not track
WER uniformly across decoding configurations.
This limitation can become relevant in near-single-
shot fully parallel settings, where many tokens are
committed from a largely masked context. We
therefore use the per-utterance correlations above
as the primary statistical evidence supporting the
uncertainty-trajectory analysis, rather than drawing
conclusions from an across-configuration correla-
tion.

Paired WER comparisons on LibriSpeech test-
other. We further assess the WER differences
between static-threshold and fixed-number decod-
ing using a paired utterance-level bootstrap with
10,000 resamples on LibriSpeech test-other with
block size 16. For the configurations reported in Ta-
ble 1, static thresholding (C = 0.95) reduces WER
relative to fixed-number decoding with k = 2 by
0.54 absolute percentage points, with a 95% confi-
dence interval of [0.44, 0.64] and p < 10−4. The
average NFE is 7.2 for static thresholding and 13.7
for fixed-number decoding.

We additionally compare static thresholding
against fixed-number decoding with k = 4, which
approximately matches its decoding computation
(7.2 versus 6.9 average NFE). At this matched-
computation operating point, static thresholding
reduces WER by 1.47 absolute percentage points,
with a 95% confidence interval of [1.25, 1.65] and
p < 10−4. These results indicate that the WER dif-
ferences between static thresholding and the tested
fixed-number configurations are statistically signifi-
cant both for the main-text configuration and under
approximately matched decoding computation. We
restrict claims of statistical significance to these
two tested comparisons.
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