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Abstract

Diffusion large language models (dLLMs) of-
fer a promising alternative to autoregressive
models, but their practical utility is severely
hampered by slow, iterative sampling. We
present SchED, a training-free, model-agnostic
early-exit algorithm that terminates diffusion
decoding using a progress-aware confidence
threshold. We evaluate SchED across multiple
diffusion model families and a diverse set of
benchmarks spanning multiple-choice, math,
long-form QA, and translation. SchED delivers
substantial acceleration: on instruction-tuned
models, it achieves approximately 4 x speedups
while retaining baseline performance on aver-
age. On base models, SchED yields consistent
speedup gains with 99.1-100% performance
retention, with up to 2.34x under more ag-
gressive settings. Under a conservative qual-
ity—penalized speed metric, SchED consistently
outperforms prior confidence-based early-exit
methods, including on long-form generation
where existing approaches tend to break down.
An entropy analysis of the model’s token pre-
dictions reveals that instruction tuning speeds
up the decay of predictive entropy. By leverag-
ing inherent confidence stabilization as a signal
for computational efficiency, SchED provides a
robust framework for efficient dLLM inference.

1 Introduction

Large Language Models (LLMs) have evolved
rapidly in recent years, but the dominant decoding
paradigm remains autoregressive (AR), a process
that is inherently sequential and constrains oppor-
tunities for parallel generation and global context
use (Brown et al., 2020; Yin et al., 2024; Zhang
et al., 2025b). In response, Diffusion Large Lan-
guage Models (dLLMs) have emerged as a credible
alternative to AR decoding, offering compelling
advantages such as parallel refinement, flexible
infilling, and bidirectional attention over the par-
tially generated sequence (Zou et al., 2023). This
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Figure 1: Progress-aware early exit in SchED. Decoding
terminates when the model’s confidence (blue) inter-
sects a progress-dependent threshold. The aggressive
schedule (red) relaxes the threshold rapidly to trigger an
earlier exit and maximize speedup. Conversely, the con-
strained schedule (green) maintains a higher threshold
for a longer duration, ensuring greater output stability
by delaying the exit point.

paradigm has matured rapidly, with efforts to train
powerful base and instruct models from scratch (Ye
et al., 2025), adapt existing AR checkpoints (Gong
etal., 2024b; Nie et al., 2025), and push capabilities
into complex domains like reasoning and planning,
where they can outperform AR models on certain
tasks (Phuong et al., 2025; Gong et al., 2024a; Song
et al., 2025; Pal et al., 2025), and principled scal-
ing analyses for masked diffusion objectives (Li
et al., 2024). Collectively, these results position
dLLMs as a practical family of foundation-model
architectures with distinct decoding affordances.

Despite this promise, decoding efficiency re-
mains a central bottleneck for dLLMs. dLLM gen-
eration proceeds via a reverse-diffusion chain with
many refinement steps. In addition, practitioners
must choose step budgets and transfer schedules a
priori, often conservatively, to avoid quality loss.
This leads to unnecessary computation on “easy”



inputs and, when heuristic decoding parameter
choices (e.g., step budgets) are too extreme, results
in unstable behavior across tasks. A growing body
of work addresses this bottleneck through training-
free early-commit methods, which exploit the em-
pirical observation that predictions often stabilize
well before the final diffusion step (Pengxiang et al.,
2025). Dynamic policies modulate exploration ver-
sus acceleration across the chain, using signals like
historical logits or local determinism to reduce re-
dundant steps (Wei et al., 2025; Wang et al., 2025b;
Or-El et al., 2025). Other lines of work focus on
error correction and refinement, enabling models
to revise their own outputs by re-masking low-
confidence tokens (Zhang et al., 2025a; Su et al.,
2025). Few- and one-step routes also address this
bottleneck by transferring ideas from continuous
diffusion via curriculum, consistency distillation,
or flow matching (Sahoo et al., 2025; Chen et al.,
2025; Meister et al., 2024). Orthogonal efforts
reduce per-step latency with caching adapted to
bidirectional refinement (Yuan et al., 2025b; Wang
et al., 2025a) and with speculative mechanisms that
draft and verify tokens in parallel (Sohoni et al.,
2025; Yuan et al., 2025a). While impactful, these
approaches often require additional training, intro-
duce auxiliary models, or rely on complex heuris-
tics, leaving room for a simple, training-free, and
architecture-agnostic early-exit principle.

We frame diffusion decoding as a when-to-stop
problem and introduce SchED, a training-free,
model-agnostic early-exit mechanism. SchED ag-
gregates token-level confidence (top-2 logit mar-
gins) over the answer region and compares it to a
smooth, non-increasing threshold defined over nor-
malized diffusion progress. This progress-aware
criterion decouples stopping from fixed step bud-
gets and terminates decoding once predictions have
stabilized, avoiding the brittleness of discrete phase
changes. SchED composes with standard transfer
schedules (single-suffix or block diffusion) and re-
quires no changes to model training (Nie et al.,
2025; Ye et al., 2025). Figure 1 illustrates SchED’s
progress-aware early-exit mechanism, showing
how aggregated confidence interacts with differ-
ent threshold schedules to trigger an exit.

We evaluate SchED across two diffusion LLM
families (a single-block Dream decoder and a
block-diffusion LLaDA decoder), each in base and
instruction-tuned variants, on ten diverse bench-
marks covering multiple-choice, math, long-form
QA/summarization, and translation. On instruction-

tuned models, SchED retains 99.8-100% of base-
line quality on average, while yielding 3.8—4.0x
speedups and outperforming recent training-free
early-exit methods on a conservative quality—
penalized speed metric; on base models, it delivers
smaller but consistent gains at near-parity qual-
ity (Section 5). Together, these results show that
SchED can substantially reduce diffusion decoding
costs without sacrificing quality, and that instruc-
tion tuning lowers the confidence barrier for early
exit in QA-style tasks, making it particularly effec-
tive in that regime. This paper makes the following
contributions:

1. Training-free, schedule-based early exit.
We introduce SchED (Schedule-based Early
Decoding) for diffusion language models,
which thresholds a full-span logit-margin ag-
gregate against a smooth, progress-dependent
schedule (linear, cosine, exponential), en-
abling stable, architecture-agnostic stopping
without retraining.

2. Strong efficiency at near-parity quality. On
instruction-tuned models, SchED attains av-
erage speedups of approximately 4x while
maintaining baseline performance. On base
models, it delivers consistent acceleration
across a spectrum of quality—efficiency trade-
offs. In addition to near-parity averages, we
observe that SchED can yield more correct
outputs than vanilla diffusion decoding by ter-
minating at a point of maximum prediction
stability, thereby avoiding late-step degrada-
tion (Appendix D).

3. Principled quality—speed trade-off metric.
We introduce Quality—Penalized Speed (QPS)
(Eq. 16), a conservative metric that jointly
accounts for acceleration and quality degrada-
tion by explicitly penalizing accuracy drops.
Under this metric, SchED consistently out-
performs prior confidence-based early-exit
methods on both base and instruction-tuned
dLLMs (Table 3).

4. Mechanistic explanation via entropy-based
analysis. Analyzing entropy trajectories over
diffusion steps show that instruction tuning
accelerates confidence stabilization, aligning
with progress-aware thresholds and enabling
early exit without quality loss (Fig. 2).



SchED builds on the vanilla dLLM denoising
process by enforcing a smooth, progress-dependent
confidence threshold over the generated span, ex-
ploiting the bidirectional, parallel strengths of
dLLMs to achieve end-to-end efficiency without
further retraining (Zou et al., 2023; Nie et al., 2025;
Ye et al., 2025; Gong et al., 2024a). Code is pub-
licly available!.

2 Related Work

Diffusion LLLMs. Recent work establishes dif-
fusion language models (dLLMs) as a viable al-
ternative to autoregressive (AR) models, training
either from scratch or by adapting AR checkpoints.
LLaDA trains a bidirectional Transformer with a
forward masking process and a reverse denoising
chain, demonstrating strong pretraining and SFT
performance (Nie et al., 2025). Several lines adapt
AR models into diffusion ones for fair, scalable
comparisons across sizes and tasks (Gong et al.,
2024b), while Dream-7B advances recipe and re-
finement design and releases base/instruct variants
(Ye et al., 2025). Architectural advancements have
also been integrated, with models like LLaDA-
MOoE demonstrating the successful application of
sparse Mixture-of-Experts to dLLMs, achieving
competitive performance with significantly reduced
active parameters (Huang et al., 2025). The ca-
pabilities of dLLMs are also expanding to long-
context scenarios; work like UltralLLaDA shows
that techniques such as Rotary Positional Embed-
ding (RoPE) scaling can be adapted to extend con-
text windows to 128K tokens (Wang et al., 2025¢).
Seed Diffusion emphasizes high-throughput infer-
ence for code models (Song et al., 2025). Moreover,
formal studies on the scaling laws of masked diffu-
sion models have further established their viability,
demonstrating a scaling rate comparable to autore-
gressive models (Li et al., 2024). Survey and per-
spective papers summarize the landscape, strengths
(parallelism, infilling, global context), and open
questions (Zou et al., 2023).

Sampling efficiency and early exit. A central
bottleneck for dLLMs is the number of refine-
ment steps. Prophet exploits the empirical ob-
servation that answers often stabilize well be-
fore the final step and proposes a training-free
early-exit rule based on top-2 logit gaps (Pengx-
iang et al., 2025). Complementary dynamic
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policies include SlowFast Sampling, which alter-
nates exploratory vs. accelerated phases guided by
certainty/convergence/position principles and can
combine with caching (Wei et al., 2025); Duo trans-
fers continuous-diffusion techniques (curriculum
learning, consistency distillation) to discrete dif-
fusion to enable few-step sampling (Sahoo et al.,
2025); and DLM-One studies one-step generation
via score distillation in continuous spaces (Chen
et al., 2025). Orthogonal to reducing step counts,
other efforts focus on reducing per-step latency by
developing novel caching mechanisms like dK'V-
Cache and d*Cache, which adapt key-value caching
to the bidirectional nature of dLLMs (Yuan et al.,
2025b; Wang et al., 2025a). Furthermore, spec-
ulative decoding has been adapted for the diffu-
sion framework, using the model’s own predic-
tions to draft and verify multiple tokens in par-
allel, as seen in Spiffy and Self Speculative Decod-
ing (Sohoni et al., 2025; Yuan et al., 2025a). Our
work also treats decoding as a when-to-stop prob-
lem, but (unlike Prophet) we introduce a smooth
confidence schedule that relaxes thresholds over
progress, yielding stable, training-free early exit
that is agnostic to architecture and training.

3 Methods

In this section, we formalize discrete diffusion lan-
guage models and introduce SchED, our schedule-
based early decoding mechanism. We briefly re-
view the forward and reverse masking processes
and the standard training objective, then present
the confidence aggregation scheme, progress-
dependent threshold schedules, and early-exit de-
coding algorithm.

3.1 Preliminaries: Discrete Diffusion
Language Models

Setup and notation. Let ) denote the vocabulary
and [mask] a special placeholder token. Given a
prompt prefix, generation proceeds over 1" reverse-
diffusion steps ¢t € {1,...,T} on sequences z; €
(V U {[mask]})*. At each step, given the current
noised sequence x; and prompt Zprompt, the model
produces logits

Ly = f@(xpromptaxtat) S RLXIV'; (D
and per-position categorical distributions

pt,i(' | xpromp‘mxt) = SOftmaX(Lt,i) S AV 2)



We write A C {1,..., L} for the answer region
used later for confidence aggregation, and define
normalized diffusion progress p = ¢/T".

Forward (masking) process q. We model dis-
crete diffusion as a progressive masking process
that corrupts a clean sequence xg € VX over T
steps. Let 3; € [0, 1) be a step-dependent masking
rate and define the per-step transition

L

a(wr | o) = [ |0 = Bod(ans = w0-14)
i=1 3)

+ B 0(wr; = [mask])].

Writing &; = [['_,(1 — ;) for the token sur-
vival probability after ¢ steps, the ¢-step marginal
becomes

q(x¢ | xo,t) =

—

Il
—

[@t e = x04)

“)

)

+ (1 — ay) §(at; = [mask])|.

Reverse (denoising) process pg. Diffusion lan-
guage models define a learned reverse chain
that progressively unmasks tokens from z (fully
masked) to x¢ (fully decoded) by factoring over
individual positions:

p@(xt—l | xpromptyxt) -

L 5)
Hp9<xt—1,i ’ xpromptyxt)'
=1

Each per-position term is then parameterized as a
categorical distribution based on the model’s cur-
rent output:

p@(l'tfl,i | mpromptyxt) =

Cat(xtfl,i; pt,i(' | xpromptyxt))-

(6)

where py i (- | Zprompt, ¢) denotes the model’s cat-
egorical prediction at position ¢ given the partially
masked sequence x; and prompt context Tprompt
at timestep t.

Masked diffusion with partial unmasking (trans-
fer schedule). To control generation granularity,
only a subset of masked positions are updated
at each step. Let M; = {i : xy; = [mask|}
and let m; (i) € {0, 1} indicate whether position
¢ is selected for update under a transfer sched-
ule. Given the model’s predictive distribution

Pr,i(+ | Tprompt, Z¢) at timestep ¢, the step operator
is

@y, ift & Myorm(i) =0,
a:t_l,i:{t e (7)

Zﬁtﬂ‘, if 1 € M; and ﬂ't(i) = 1.

where 2; ; is obtained either deterministically as
2t = argmax pri(v | Tprompt; 1), (8)
or stochastically as

i'tﬂ' ~ Cat(Pm(' | Lprompt xt)) . 9

Block-diffusion variants (e.g., LLaDA) choose m;
over contiguous token blocks, whereas single-block
variants (e.g., Dream) often select the entire suffix
or a fixed proportion.

Training objective. Diffusion language models
are typically trained to invert the forward mask-
ing process via a masked-token objective over uni-
formly sampled timesteps:

L(0) = EpguDEttig1:1y Eaymg(-|z0,t)

[— Z log pt.; (:Bo,i | Lprompt s xt)

1€ My

(10)

Here z; is obtained by applying the forward ker-
nel at timestep ¢, and p; (2o | Tprompt,Zt) iS
shorthand for the model’s predictive probability
Do (xoﬂ- Tprompt, Tt t) at position ¢ given the par-
tially noised context. This formulation encourages
the model to predict the original tokens at masked
sites given partially noised contexts, aligning pyg
with the forward corruption kernel q.

3.2 SchED: Schedule-based Early Decoding

We propose SchED, a confidence- and progress-
aware early—exit algorithm for diffusion decoding.
At each step, SchED thresholds the model’s aggre-
gated token confidence against a smooth, nonin-
creasing function of progress p, i.e., (g: > 7(p)).
This design builds on the assumption that per-token
confidence typically rises as denoising proceeds,
allowing generation to terminate precisely when
predictions stabilize rather than at a fixed budget.
The complete, model-agnostic procedure is sum-
marized in Algorithm 1.

SchED tracks how model confidence evolves
throughout denoising and terminates the process
once confidence exceeds a progress-dependent
threshold, preventing redundant refinement after
predictions have stabilized.



Algorithm 1 SchED: Schedule-Based Early Decod-
ing for Diffusion LMs

Require: Model M; prompt Zprompt; gen length Lgen; steps
T'; answer region A; aggregator Agg; threshold schedule
7(p); transfer schedule 7.

Ensure: Completed sequence x

I: & < [Tprompt; [mask] X Lgen]
2: fort =1to T do
3: Ly <+ M(z)

gea L) — L) fori € A

gr < Agg({gsi 11 € A})

p<«t/T

if g. > 7(p) then
Fill remaining masks with argmax; return z

end if

10: My < {i : ©; = [mask]}

11: St(—{iEMtiﬂ't(i):l}

12: s, ¢ argmaxy, L¢ s, v

13: end for

14: return x

> logits

D A

Confidence measurement. Following the work
of Pengxiang et al. (2025), we quantify model
confidence using token-level logit margins, which
capture how decisively the model prefers its top
prediction over alternatives. A region-level confi-
dence score is obtained by aggregating top-2 mar-
gins over the entire answer region A (i.e., the full
model response span):

g =Agg({gri:ic A}). (11)
We use Agg = mean by default, so that g, =
ﬁ Zie A 9t,i in our experiments. Importantly, g; ;
uses the current logits at step ¢ for every i € A. All
thresholds (Thigh, Tiow) are expressed in logit units.

Early-exit trigger. An early exit is triggered
when the aggregated confidence surpasses a
smooth, progress-dependent threshold sched-
ule 7(p):

gt > 7(p), 12)

where 7 : [0, 1] — R> is a nonincreasing function
of the generation progress p = t/7T". This formu-
lation ensures that the confidence requirement for
stopping is highest at the beginning of generation
and gradually relaxes as denoising proceeds, al-
lowing the model to terminate decoding once its
predictions have stabilized.

Smooth threshold schedules. The threshold
function 7(p) controls when the sampler terminates.
We parameterize 7 using a pair (Thigh, Tlow ), Which
specify the initial and final confidence thresholds,
and an optional slope parameter £ > (0. We in-
stantiate the stopping criterion using three distinct

schedule families, each offering a distinct relax-
ation profile over the diffusion progress. First, the
linear schedule provides a constant rate of threshold
decay, serving as a straightforward interpolation
between the initial and final confidence bounds:

Tiin(P) = Thigh + (Tlow — Thigh) P- (13)

Second, we employ a cosine schedule, which fa-
cilitates a smooth, sigmoid-like transition by main-
taining higher thresholds during the critical early
stages of denoising before accelerating relaxation
as the process nears completion:

Tcos (P) = Tlow T+ %(Thigh - 7—low)

(1 + cos(mp)). (14

Finally, we introduce an exponential schedule,
where the decay trajectory is governed by a cur-
vature parameter k£ > 0.

Texp(P) = Tiow + (Thigh — Tlow) € 7. (15)

Each of these families defines a continuous, non-
increasing trajectory from 7y, at the onset (p = 0)
to Tiow at completion (p = 1). By parameteriz-
ing the exit logic in this manner, SchED enables
a nuanced trade-off between early-exit aggressive-
ness and predictive stability, circumventing the brit-
tleness associated with fixed budgets or discrete
heuristic rules.

4 Experimental Settings

We evaluate SchED across a diverse suite of
multiple-choice and long-form generation tasks,
assessing its ability to accelerate diffusion decod-
ing while preserving output quality. Specifically,
we compare its denoising efficiency against two
baselines: (i) standard diffusion sampling without
early exit and (ii) Prophet (Pengxiang et al., 2025).
Unless otherwise stated, we fix the upper thresh-
old at (Thigh = 7.5) and, for each schedule family,
evaluate two lower-threshold settings: a relaxed
(Tlow = 0) and a more conservative (7o, = 2.5),
yielding a smooth, monotonic relaxation over dif-
fusion progress in both regimes.

Models. SchED is model-agnostic and can be
applied to any dLLM without architectural or
training modifications. To demonstrate its gen-
erality, we evaluate on two representative dLLM
families that employ distinct decoding paradigms:
Dream (Ye et al., 2025), a 7B-parameter model that



performs full-sequence refinement using a single-
block decoder, and LLaDA (Nie et al., 2025), an 8B-
parameter model that adopts a block-diffusion strat-
egy to denoise contiguous token segments. Each
model is evaluated in both base and instruction-
tuned variants, and we apply the low-confidence
remasking strategy across all models.

Benchmarks. We evaluate SchED  on
GPQA (Rein et al., 2023), GSM8K (Cobbe
et al., 2021), HellaSwag (Zellers et al., 2019),
MMLU (Hendrycks et al., 2020), PIQA (Bisk
et al., 2020), and Winogrande (Sakaguchi et al.,
2020). For long-form evaluation, we use tasks
from the LongBench (Bai et al., 2023), specifically
LongBench—-HotpotQA (Yang et al., 2018) and
LongBench—MultiNews (Fabbri et al., 2019). For
translation, we use WMT14 En-Fr (Bojar et al.,
2014) and WMT16 En-De (Bojar et al., 2016).
Each benchmark includes runs for the baseline,
Prophet, and the full set of linear, cosine, and
exponential schedules across both model variants.

Evaluation metrics and framework. For
multiple-choice (MCQ) benchmarks, GPQA,
HellaSwag, MMLU, PIQA, and Winogrande, we
report accuracy. For GSMSK, we also report
accuracy based on the generated final answer.
For HotpotQA, we report token-level F1-score;
for MultiNews, we report ROUGE (Lin, 2004);
and for translation (WMTI4 En—Fr, WMTI6
En—-De), we report CHREF. All evaluations are
conducted using the Language Model Evaluation
Harness (Gao et al., 2024). Complete decoding
hyperparameters (step budgets 7', generation
lengths, shots, and LLaDA block sizes) are
provided in Appendix A (Table 4); hardware and
total compute are reported in Appendix B.

Efficiency metric for quality—speed trade-offs.
Reporting quality and speedup separately can ob-
scure Pareto differences between methods. To
jointly capture both aspects, we define the Quality—
Penalized Speed (QPS) metric:

score

QPS, = speedup X < )7, (16)

baseline score
where the exponent v > 1 controls how strongly
quality degradation is penalized. Higher values of
~ emphasize fidelity over raw acceleration; in our
experiments, we use y=4 to provide conservative
and interpretable efficiency comparisons.

5 Results

Tables 1 and 2 report results for Dream Base and
Dream Instruct, respectively.

Dream Base. With conservative smooth sched-
ules (Thigh, Tlow) = (7.5,2.5), linear, cosine, and
exp-k=2, we observe steady 1.04-1.14x aver-
age speedups at near-parity quality, with marginal
task gains (e.g., WMT14 En—Fr: A+0.27)) under
exp-k=2 (7.5,2.5). Fast-decaying exponentials
(large k) with 7, = 2.5 remain close to par-
ity, but do not increase the mean speed beyond
~ 1.1x; setting 7o, = 0 yields 2.34x average
speed (exp-k=16), with task-specific gains that
are most pronounced on HotpotQA (A+7.1); how-
ever, at an overall quality cost of ~ 2%. Prophet
offers ~1.07x average speed with near-parity ac-
curacy, providing limited practical benefits relative
to smooth schedules.

Dream Instruct. Under the same conservative
thresholds, smooth schedules deliver =~ 3.8—4.0x
average speedups at near parity: table averages
cluster around the baseline (e.g., 58.06-58.22 vs.
58.20). Notably, the large-k (fast-decaying) ex-
ponential with (7.5,2.5) attains 4.48, while re-
maining close to parity (57.59, A—1%)). Less
conservative settings with 73, = 0 also preserve
translation near baseline with 2.3-2.8x speed (e.g.,
cosine and linear). For the large-k exponential,
(k=16, Tow=0) delivers the most pronounced
speedups while remaining near parity on most
benchmarks; however, it exhibits large degrada-
tions on HellaSwag and PIQA.

LLaDA exhibits similar trends to those ob-
served on Dream: conservative schedules pro-
vide reliable speedups at near-parity quality on the
base model; the instruction-tuned variant yields
higher speedups. Fast-decaying settings risk over-
commitment that degrades math and long-form.
While Prophet provides high speedups, it underper-
forms on long-form generation. Detailed LLaDA
Base and Instruct results are in Tables 7 and 8; ad-
ditional schedule ablations for Dream and LLaDA
appear in Appendix C.

Efficiency results. Table 3 reports Qual-
ity—Penalized Speed (QPS; v=4). On Dream Base,
smooth schedules concentrate in the ~ 1.01-1.12
range, reflecting the near-parity averages in
Table 1 (e.g., 55.02-55.32 vs. baseline 55.31)
coupled with modest mean speedups (= 1.04—
1.14x). The highest base-model efficiency is
achieved by the rapidly decaying exponential,



Method GPQA HellaSwag MMLU PIQA Winogrande
Baseline 28.57 (% 1.00) 79.15 (x1.00) 73.39 (x1.00) 88.68 (x1.00) 75.61 (x1.00)
Prophet 28.79 (x1.13) 79.15 (x1.00) 73.37 (x1.03) 88.68 (< 1.20) 75.61 (x1.00)
Cosine (7.5,0) 28.12 (% 1.23) 79.15 (< 1.02) 73.40 (< 1.09) 88.57 (x1.22) 75.61 (x1.01)
Cosine (7.5, 2.5) 28.79 (x1.11) 79.15 (x1.00) 73.37 (x1.02) 88.68 (x1.14) 75.61 (x1.00)
Linear (7.5, 0) 29.02 (< 1.19) 79.15 (< 1.00) 73.40 (x 1.06) 88.57 (x1.22) 75.61 (x1.00)
Linear (7.5, 2.5) 28.79 (% 1.10) 79.15 (x1.00) 73.37 (x1.02) 88.68 (x1.03) 75.61 (> 1.00)
Exp-k=2 (7.5, 0) 2433 (x1.19) 79.13 (x1.00) 73.50 (x1.07) 88.47 (x1.27) 75.77 (< 1.00)
Exp-k=2 (7.5, 2.5) 24.33(x1.10) 79.13 (x1.00) 73.49 (x1.02) 88.63 (x1.06) 75.77 (% 1.00)
Exp-k=16 (7.5, 0)  24.78 (x2.04) 77.14 (x2.50) 73.05 (%2.50) 87.92 (x2.50) 72.85 (x2.50)
Exp-k=16 (7.5, 2.5) 23.88 (x1.14) 79.13 (x1.00) 73.53 (x1.18) 88.47 (x1.36) 75.77 (% 1.00)

GSMSK HotpotQA MultiNews WMT14 En-Fr WMT16 En-De

8.67 (x1.00) 21.24 (x1.00)
8.68 (x1.03) 21.21 (x1.06)
8.74 (x1.12) 21.28(x1.13)
8.68 (x1.02) 21.21 (x1.05)
8.66 (< 1.08) 21.26 (x1.10)
8.67 (x1.02) 21.21 (x1.05)
8.17 (x1.07) 20.94 (x1.10)
7771 (x1.06) 8.16 (x1.03) 20.88 (x1.05)
62.77 (x3.05) 1575 (x2.78) 21.74 (x2.75)
77.63 (x1.08) 8.22(x1.07) 20.92 (x1.07)

Average

52.99 (x 1.00)
5299 (x1.11)
52.79 (x1.23)
52.99 (x1.10)
52.87 (x1.18)
53.00 (x1.09)
53.16 (< 1.18)
53.26 (< 1.09)
52.87 (x1.44)
53.26 (< 1.13)

47.70 (< 1.00)
47.57 (x1.06)
45.64 (< 1.20)
47.64 (< 1.05)
46.43 (< 1.15)
47.67 (x1.04)
46.81 (% 1.13)
47.60 (< 1.04)
44.75 (< 1.39)
47.51 (x1.07)

55.31 (x1.00)
55.31 (x1.07)
55.02 (< 1.14)
55.31 (x1.06)
55.19 (< 1.11)
55.32 (< 1.04)
54.79 (x 1.11)
54.90 (< 1.04)
53.36 (x2.34)
54.83 (< 1.11)

77.10 (< 1.00)
77.03 (< 1.07)
76.95 (< 1.20)
77.03 (< 1.07)
76.95 (x1.13)
77.03 (< 1.06)
77.63 (x1.11)

Table 1: Dream Base: benchmark scores with speedups (x). Two thresholds—conservative (7.5, 2.5) and relaxed

(7.5,0). Column best in bold, second-best in izalic.

Method GPQA HellaSwag MMLU PIQA Winogrande
Baseline 30.36 (< 1.00) 79.91 (x1.00) 80.69 (x1.00) 73.02 (x1.00) 85.80 (x1.00)
Prophet 28.79 (x 16.45) 26.69 (x7.81) 78.73 (x1.14) 72.33 (x1.01) 72.58 (x1.03)
Cosine (7.5, 0) 30.58 (< 15.96) 78.54 (x2.11) 80.81 (% 1.56) 73.06 (< 1.14) 85.96 (% 1.32)
Cosine (7.5, 2.5) 30.58 (< 15.93) 79.53 (x2.08) 80.75 (% 1.43) 73.08 (< 1.11) 85.91 (x1.23
Linear (7.5, 0) 30.58 (< 16.08) 79.00 (x2.11) 80.81 (x1.56) 73.14 (x1.14) 85.96 (x1.32)
Linear (7.5, 2.5) 30.58 (< 16.01) 79.76 (x2.08) 80.76 (x1.43) 73.09 (< 1.10) 85.85 (%< 1.22)
Exp-k=2 (7.5, 0) 30.58 (< 16.32) 79.45 (x2.14) 80.77 (x1.62) 73.11 (x1.21) 86.16 (< 1.54)
Exp-k=2 (7.5, 2.5) 30.13 (x16.18) 80.21 (x2.10) 80.69 (x1.54) 73.25 (x1.11) 86.24 (x1.23)
Exp-k=16 (7.5, 0)  29.46 (x 18.64) 32.98 (x3.73) 79.31 (x5.00) 58.81 (x2.50) 84.55 (x5.00)
Exp-k=16 (7.5, 2.5) 30.58 (x17.16) 79.68 (x2.13) 79.31 (x2.50) 72.78 (x1.55) 84.49 (x2.29)

74.66 (<
66.54 (x1.02)
74.11 (x1.61)
7427 (x1.28)
74.11 (x1.49)
7427 (x1.27)
74.35 (<1
74.51 (x1.53)
73.80 (x5
72.61 (x2.10)

GSMS8K HotpotQA MultiNews WMT14 En-Fr WMT16 En-De Average

1.00) 27.51 (x1.00) 24.39 (x1.00)
27.87 (x4.51) 2.97 (x31.21)
27.46 (x3.24) 24.39 (x6.60)
27.47 (x3.14) 24.38 (x6.59)
27.48 (x3.26) 24.39 (x3.02)
27.47 (x3.17) 24.38(x6.59)
26.71 (x3.47) 24.56 (x6.66)
26.91 (x3.23) 24.60 (x6.57)
26.20 (x5.79) 23.99 (x17.38)
26.58 (x4.33) 24.26 (x7.21)

55.82 (x1.00) 49.85(x1.00)
15.28 (x27.87)
49.86 (< 2.81)
49.85 (x2.77)
49.86 (x2.80)
49.85 (x2.76)
49.84 (x2.76)
49.84 (x2.71)
49.72 (x3.17)
49.84 (x2.74)

58.20 (< 1.00)
41.18 (x 11.60)
58.06 (< 3.87)
58.16 (x3.79)
58.11 (x3.89)
58.16 (x3.79)
58.14 (x3.97)
58.21 (x3.85)
51.12 (x5.44)
57.59 (x4.48)

55.82 (x2.33)
55.76 (x2.40)
55.76 (x2.33)
53.53 (x5.56)
55.76 (x2.38)

67)

00)

Table 2: Dream Instruct: benchmark scores with speedups (x). Two thresholds—conservative (7.5, 2.5) and relaxed

(7.5,0). Column best in bold, second-best in izalic.

Method Dream Base Dream Instruct
Cosine (7.5, 0) 1.12 3.83
Cosine (7.5, 2.5) 1.06 3.78
Linear (7.5, 0) 1.10 3.87
Linear (7.5, 2.5) 1.04 3.78
Exp-k=2 (7.5, 0) 1.07 3.95
Exp-k=2 (7.5, 2.5) 1.01 3.85
Exp-k=16 (7.5, 0) 2.03" 3.24
Exp-k=16 (7.5, 2.5) 1.07 4.30"
Prophet 1.07 291

Table 3: QPS (y=4) for all SchED variants and Prophet.
1 Higher is better.

Exp-k=16, (7.5,0), with 2.03, driven by a large
average speedup (2.34 %), and average-score drop
of —1.95. Prophet attains 1.07, consistent with its
near-baseline averages and limited acceleration.

On Dream Instruct, QPS values increase sub-
stantially in line with the larger mean speedups
observed in Table 2 (=~ 3.8-4.0x for conserva-
tive smooth schedules) while maintaining average
scores close to baseline. The best overall result,
4.30, is obtained by Exp-k=16, (7.5, 2.5), which
combines a near-parity average score (57.59) with
a pronounced 4.48 x mean speedup. Other smooth
schedules lie tightly in the 3.78-3.95 band. Prophet
lags at 2.91, reflecting weaker average scores and
failures on long-form despite notable raw speed.
Overall, SchED consistently yields higher QPS,
than Prophet; the top settings pair near-parity aver-
age performance with substantial step reductions,
which explains their leading efficiency.

6 Analysis

To better understand the differences in speedup
values between base and instruct models, and the
variation in speedups across benchmarks, we an-
alyze how predictive uncertainty evolves over the
reverse-diffusion chain. We track per-token predic-
tive entropy on the generated region at each step ¢.
Using the per-position distributions p; ; at state x,
the mean per-token entropy is

1
H =
]

- Zpt,i(v ’ Zprompt xt)

€S veY (17)

Ingt,z‘(’U ’ Tprompt » xt)

where p; ;(v) denotes the model’s step-t predictive
distribution at position ¢, computed from logits L; ;
given Tprompt and x; (Eq. 6).

Results are presented in Figure 2. Dream In-
struct starts the denoising phase with higher en-
tropy on math-heavy prompts (GPQA and GSM8K)
and decays more slowly in the earliest steps than
on MMLU, HotpotQA, and WMTI4, yet the tra-
jectories converge to similarly low final entropies.
Notably, the instruct curves show a rapid early drop
followed by nearly uniform per-step decreases, a
stepwise profile consistent with Dream’s masked
diffusion decoding, where at each reverse-diffusion
step the model updates high-confidence tokens
in parallel and thereby reduces uncertainty in ap-
proximately regular increments across the chain.
Dream’s Confidence-Aware Rescheduling of To-
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Figure 2: Mean predictive entropy across diffusion steps for five input types (GPQA, GSM8K, HotpotQA, MMLU,
WMTI14 EN—FR). Curves show per-token entropy (nats/token) averaged over evaluation samples; shaded bands
denote one standard deviation across samples. Both Dream Base and Dream Instruct exhibit monotonically

decreasing entropy as denoising progresses.

kens (CART) training further sharpens this behav-
ior by adaptively rescheduling token-level noise,
thereby encouraging more confident predictions at
positions with stronger local context, particularly
near the prompt. By contrast, Dream Base shows
more overlapping trajectories across benchmarks
and higher residual entropy overall, suggesting less
decisive posteriors for QA-style inputs. This aligns
with the smaller speedups obtained by schedule-
based early exit on Base models (Tables 1-2).

7 Discussion

The robustness of SchED across diverse tasks sug-
gests that progress-aware scheduling effectively
captures the non-linear stabilization of dLLM
posteriors. By framing inference as a dynamic
stopping-time problem rather than a fixed-budget
process, we align computation with model conver-
gence rather than a conservative step horizon.

Instruction tuning is a primary catalyst for this
efficiency. Our entropy analysis (Section 6) reveals
that instruction-tuned models collapse uncertainty
over the answer span more rapidly than their base
counterparts. This accelerated decay into sharp pos-
terior distributions allows SchED to trigger early
exits earlier in the denoising chain without sac-
rificing fidelity, explaining the 4x speedup gap
observed in instruction-tuned variants.

Two design elements are critical to this stabil-
ity. First, full-span aggregation over the response
region prevents premature termination from local-
ized confidence spikes—a failure mode common
in prior methods like Prophet. Second, smooth,
non-increasing schedules dampen transient logit

fluctuations, providing a continuous control knob
for the quality—speed trade-off.

Notably, SchED does not merely trade quality for
speed; it can even outperform vanilla decoding on
reasoning-intensive inputs. Qualitative cases (Ap-
pendix D) show that additional refinement steps in
full-horizon diffusion sometimes introduce “over-
refinement” errors, such as numerical slips or mal-
formed code. By halting once the aggregate con-
fidence stabilizes, SchED preserves high-quality
intermediate states that full-horizon decoding may
otherwise corrupt with iterative noise. In these in-
stances, progress-aware thresholds provide a Pareto
improvement, simultaneously maximizing through-
put and correctness.

8 Conclusion

In this work, we introduced SchED, a training-
free, progress-aware early-exit mechanism that an-
chors diffusion decoding to sequence-level con-
fidence stabilization. By formulating inference
as a when-to-stop problem, SchED achieves up
to 4x speedups, while maintaining, and occa-
sionally surpassing, baseline correctness by mit-
igating late-stage iterative noise. The method is
model-agnostic, integrating seamlessly with exist-
ing dLLM architectures without requiring auxiliary
training or heuristic step budgets. SchED provides
a robust and principled framework for efficient
dLLM inference, allowing practitioners to precisely
match computational effort to model convergence
and reliably deploy diffusion models under simul-
taneous accuracy and throughput constraints.



Limitations

While SchED provides a training-free mechanism
for accelerating diffusion decoding, our study has
some limitations.

SchED shows an explicit quality—efficiency
trade-off through the choice of schedule family
and hyperparameters (Thigh, Tlow, k). Conservative
schedules (e.g., linear or cosine with higher final
thresholds) yield near-parity quality but moderate
speedups, whereas more extreme, rapidly decay-
ing schedules can deliver larger accelerations at the
cost of marginal average degradation. In our experi-
ments, this trade-off is resolved by selecting a small
set of global configurations per model and regime;
in practice, the “right” schedule is task-dependent.

Additionally, SchED operates purely at infer-
ence time and treats the schedule as an external
control signal. We do not investigate joint training
of models and schedules, learned aggregation func-
tions beyond averaging over the answer span, or
tighter integration with complementary accelera-
tion techniques, such as speculative or cache-based
denoising. These directions could further improve
robustness and efficiency but are left for future
work.
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A Generation Configurations

Table 4 summarizes the decoding hyperparameters used across benchmarks, as well as the total number of
instances evaluated for each dataset. For each task we specify the maximum number of reverse-diffusion
steps 7" (the step budget over which progress p=t /T is normalized), the generation length (the maximum
number of tokens in the generated answer region A), the number of in-context examples (shots), and—
for the block-diffusion variant LLaDA—the block size used by the transfer schedule 7; (Dream uses
single-block/suffix refinement and thus does not require a block-size setting).

Short multiple-choice (MCQ) tasks are evaluated with compact budgets (1'=5) and very short generation
lengths, whereas math, translation, and long-form tasks employ substantially larger step budgets (256-512)
and longer generation lengths, making them more sensitive to fast-decaying early-exit schedules. All
MCQ benchmarks (MMLU, HellaSwag, PIQA, Winogrande) are evaluated in generative mode with full
decoding of the answer region, not via likelihood/ranking of options; the model must produce the final
answer tokens in A, and accuracy is computed from the generated outputs. For LLaDA, we use a block
size of 5 tokens on short MCQ benchmarks and 32 tokens on tasks that require generation lengths of 32
tokens or more.

Benchmark N. of Samples Max Steps T Generation Length Shots LLaDA Block-size
MMLU (generative) 14,042 5 5 5 5
HellaSwag (generative) 10,042 5 5 5 5
PIQA (generative) 1,838 5 5 5 5
Winogrande (generative) 1,267 5 5 5 5
GPQA 448 128 128 8 32
GSMSK 1,319 256 256 8 32
WMT14 En—Fr 3,003 256 256 5 32
WMT16 En—De 2,998 256 256 5 32
LongBench MultiNews 200 512 512 0 32
LongBench HotpotQA 200 32 32 0 32

Table 4: Decoding hyperparameters and instance counts per benchmark. Generation length denotes the maximum
number of tokens in the generated answer region A. LLaDA Block applies only to the block-diffusion decoder;
Dream uses a single-block transfer schedule.

B Hardware and Compute Budget

All experiments were conducted on 8 x AMD MI210, with a total compute allocation of 52 GPU-days.
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Method GPQA HellaSwag MMLU PIQA ‘Winogrande GSMSK HotpotQA MultiNews WMT14 En-Fr WMT16 En-De  Average

Baseline 28.57 (% 1.00) 79.15 (% 1.00) 73.39 (x1.00) 88.68 (x1.00) 75.61 (x1.00) 77.10 (< 1.00) 8.67 (x1.00) 21.24 (x1.00) 52.99 (x1.00) 47.70 (x1.00) 55.31 (x1.00)
Prophet 28.79 (x1.13) 79.15 (x1.00) 73.37 (x1.03) 88.68 (< 1.20) 75.61 (x1.00) 77.03 (x1.07) 8.68 (x1.03) 21.21 (x1.06) 5299 (x1.11) 47.57 (x1.06) 55.31(x1.07)
Cosine (7.5, 2.5) 28.79 (< 1.11) 79.15 (% 1.00) 73.37 (x1.02) 88.68 (x1.14) 75.61 (x1.00) 77.03 (x1.07) 8.68 (x1.02) 21.21 (x1.05) 52.99 (x1.10) 47.64 (x1.05) 5531 (x1.06)
Cosine (7.5, 0) 28.12 (x1.23) 79.15 (x1.02) 73.40 (x1.09) 88.57 (x1.22) 75.61 (x1.01) 76.95 (x1.20) 874 (x1.12) 21.28 (x1.13) 5279 (x1.23) 45.64 (x1.20) 55.02(x1.14)
Linear (7.5, 2.5) 28.79 (x1.10) 79.15 (x1.00) 73.37 (x1.02) 88.68 (< 1.03) 75.61 (x1.00) 77.03 (x1.06) 8.67 (x1.02) 21.21 (x1.05) 53.00(x1.09) 47.67 (x1.04) 5532 (x1.04)
Linear (7.5, 0) 29.02 (x1.19) 79.15 (x1.00) 73.40 (< 1.06) 8857(><1 “’J 75.61 (x1.00) 76.95 (x1.13) 8.66 (x1.08) 21.26 (x1.10) 52.87 (x1.18) 4643 (x1.15) 55.19 (x1.11)
Exp-k=2 (7.5, 2.5) 2433 (x1.10) 79.13 (x1.00) 73.49 (x1.02) 88.63 ( 6) 75.77 (x1.00) 77.71 (x1.06) 8.16 (x1.03) 20.88 (x1.05) 53.26 (x1.09) 47.60 (x1.04) 54.90 (x1.04)
Exp-k=2 (7.5, 0) 24.33 (x1.19) 79.13 (x1.00) 73.50 (x1.07) 8847(><1"7) 7577 (x1.00) 77.63 (x1.11) 817 (x1.07) 20.94 (x1.10) 53.16 (x1.18) 46.81 (x1.13) 5479 (x1.11)
Exp-k=4 (7.5, 2.5) 23.66 (x1.13) 79.13 (x1.00) 73.49 (x1.06) 88.63 (x1.20) 75.77 (x1.00) 77.63 (x1.07) 8.16 (x1.05) 20.90 (x1.06) 5324 (x1.12) 47.51(x1.05) 54.81(x1.07)
Exp-k=4 (7.5, 0) 23.44 (x1.33) 79.13 (x1.15) 73.53 (x1.51) 88.47 (x1.62) 75.77 (< 1.31) 77.33 (x1.47) 8.89(x1.35) 21.03 (x1.30) 5297 (x1.32) 44.95(x1.30) 54.55(x1.37)
Exp-k=8 (7.5, 2.5) 23.66 (x1.14) 79.13 (x1.00) 73.53 (x1.15) 88.52 (x1.29) 75.77 (x1.00) 77.63 (x1.08) 8.22(x1.07) 20.92(x1.07) 53.26 (x1.13) 4751 (x1.06) 54.81 (x1.10)
Exp-k=8 (7.5, 0) 24.78 (< 1.60) 78.99 (x1.56) 73.33 (x2.39) 87.98 (x2.42) 73.56 (x2.39) 72.71 (x2.20) 14.02 (x2.17) 21.57 (x1.91) 5291 (x1.40) 4478 (x1.37) 54.46 (x1.94)
Exp-k=16 (7.5, 2.5) 23.88 (x1.14) 79.13 (x1.00) 73.53 (x1.18) 88.47 (x1.36) 75.77 (x1.00) 79.83 (x2.12) 822 (x1.07) 20.92(x1.07) 53.26 (x1.13) 47.51(x1.07) 54.83 (x1.11)
Exp-k=16 (7.5, 0)  24.78 (x2.04) 77.14 (x2.50) 73.05 (x2.50) 87.92(x2.50) 72.85 (x2.50) 62.77 (x3.05) 15.75 (x2.78) 21.74 (x2.75) 5287 (x1.44) 44.75(x1.39) 53.36 (x2.34)

Table 5: Dream Base. Highest accuracy per column in bold; second-highest in itfalics. The rightmost column
reports mean accuracy with mean speedup in parentheses.

Method GPQA HellaSwag MMLU PIQA ‘Winogrande GSMSK HotpotQA MultiNews WMT14 En-Fr WMT16 En-De Average

Baseline 30.36 (< 1.00)  79.91 (x1.00) 80.69 (x1.00) 73.02 (x1.00) 85.80 (x1.00) 74.66 (< 1.00) 27.51 (x1.00) 24.39 (x1.00) 55.82(x1.00) 49.85(x1.00) 58.20 (x1.00)
Prophet 28.79 (x16.45) 26.69 (x7.81) 78.73 (x1.14) 7233 (x1.01) 72.58 (x1.03) 66.54 (x1.02) 27.87 (x4.51) 2.77 (x31.21) 20.17 (x23.93) 15.28 (x27.87) 41.18 (x11.60)
Cosine (7.5, 2.5) 30.58 (x15.93) 79.53 (x2.08) 80.75 (x1.43) 73.08 (x1.11) 85.91 (x1.23) 74.27 (x1.28) 27.47 (x3.14) 24.38(x6.59) 55.82(x2.34) 49.85(x2.77) 58.16(x3.79)
Cosine (7.5, 0) 30.58 (x15.96) 78.54 (x2.11) 80.81 (x1.56) 73.06 (x1.14) 85.96 (x1.32) 74.11 (X 1.61) 27.46 (x3.24) 24.39 (x6.60) 55.82(x2.39) 49.86 (x2.81) 58.06( 7)
Linear (7.5, 2.5) 30.58 (x16.01) 79.76 (x2.08) 80.76 (x1.43) 73.09 (x1.10) 85.85 (x1.22) 74.27 (x1.27) 2747 (x3.17) 24.38(x6.59) 55.82(x2.33) 49.85(x2.76) 58.16( 9)
Linear (7.5, 0) 30.58 (x16.08) 79.00 (x2.11) 80.81 (x1.56) 73.14 (x1.14) 85.96 (x1.32) 74.11 (x1.49) 27.48 (x3.26) 24.39 (x3.02) 55.82(x2.38) 49.86 (x2.80) 58.11( 9)
Exp-k=2 (7A5, 2.5) 30.13(x16.18) 80.21 (x2.10) 80.69 (x1.54) 73.25 (x1.11) 86.24 (x1.23) 74.51 (x1.53) 26.91 (x3.23) 24.60 (x06.57) 5576 (x2.33) 49.84 (x2.71) 58.2I( 5)
Exp-k=2 (7.5, 0) 30.58 (x16.32) 79.45 (x2.14) 80.77 (x1.62) 73.11 (x1.21) 86.16 (1. 1-17 74.35 (x1.67) 26.71 (x3.47) 24.56 (x6.66) 55.76 (x2.40) 49.84 (x2.76) 58.14 (x3.97)
Exp-k=4 (7.5, 2.5) 30.58 (x16.38) 80.14 (x2.12) 80.78 (% 1.70) 73.10 (x 1.14) 86.29 (x2.01) 74.27 (x1.49) 26.86 (x3.47) 24.57 (x6.67) 5576 (x236) 49.84(x2.73) 5822 (x3.97)

Exp-k=4 (7.5, 0) 30.58 (x16.62) 71.27 (x2.25) 79.31 (x2.50) 70.57 (x1.64) 84.82 (x2.51) 74.66 (x2.54) 26.58 (x4.03) 24.03 (x559) 5578 (x2.94) 49.84(x2.85) 56.57 (x4.44)
Exp-k=8 (7.5, 2.5) 30.80 (< 16.69) 79.83 (x2.12) 79.48 (x2.48) 73.53 (x1.24) 86.13 (x2.37) 73.64 (x1.72) 26.65 (x3.82) 24.29 (x5.50) 5576 (x2.37) 49.84(x2.74) 57.97 (x4.23)
Exp-k=8 (7.5, 0) 30.36 (< 17.03) 43.67 (x2.94) 79.31 ( ><-l ’1 ) 58.86 (x1.64) 84.55(x4.76) 74.03 (x4.64) 26.28 (x4.77) 20.86 (x9.53) 5527 (x4.15) 49.86 (x3.05) 52.48 (x4.94)
( )
( )

Exp-k=16 (7.5, 2.5) 30.58 (x17.16) 79.68 (x2. 72.78 (< 1.55) 84.49 (x2.29) 72.61 (x2.10) 26.58 (x4.33) 24.26 (x7.21) 5576 (x2.38) 49.84(x2.74) 57.59 (x4.48)
Exp-k=16 (7.5, 0)  29.46 (< 18.64) 32.98 (x3.73) 79.31 (><\lv(i 58.81 (x2.50) 84.55(x5.00) 73.80 (x5.00) 26.20 (x5.79) 23.99 (x17.38) 53.53 (x5.56) 49.72(x3.17) 51.12(x5.44)

Table 6: Dream Instruct. Highest accuracy per column in bold; second-highest in italics. The rightmost column
reports mean accuracy with mean speedup in parentheses.

C Additional SchED Variants and LLaDA Results

This appendix primarily details the full LLaDA results—both Base and Instruct—under the same evaluation
protocol and schedule families as the main paper (Tables 7-8). In addition, we report one new set of
variants for Dream: intermediate—curvature exponential schedules with k € {4, 8}, each evaluated under
the conservative threshold (Thigh, Tlow) = (7.5,2.5) and the relaxed (7.5,0) (Tables 5-6). All other
schedules (linear, cosine, and exponential with k€ {2, 16}) are already covered in the main text.

Dream. On Dream Instruct, the intermediate exponentials are highly competitive with the best smooth
schedules. In particular, Exp—k=4 with (7.5, 2.5) attains the highest overall average score 58.22 at an
average speedup of x3.97 (Table 6). Exp—k=8 with (7.5, 2.5) matches the PIQA peak (73.53) while
preserving translation near baseline (WMT14 En—Fr 55.76, WMT16 En-De 49.84) and pushing the mean
speedup to x4.23. At the task level, the intermediate schedules frequently sit on or near the column
bests: e.g., Exp—k=8 (7.5, 2.5) yields the top GPQA (30.80) and shares the PIQA peak, while Exp-k=4
(7.5,2.5) is within rounding of the HellaSwag best (80.14 vs. 80.21 for Exp—k=2). As intended, their
average speedups typically fall between the relaxed k=2 exponential (e.g., 58.14 at x3.97 for (7.5,0))
and the high—curvature k=16 exponential (57.59 at x4.48 for (7.5, 2.5)).

On Dream Base (Table 5), the same pattern holds at a smaller scale. Exp—k=8 (7.5, 2.5) reaches the
best MMLU (73.53) and ties the top WMT14 En-Fr (53.26) while delivering a mean x1.10 speedup;
Exp-k=4 (7.5,2.5) is similarly competitive on WMT14 (53.24) and PIQA (second-best 88.63) with
% 1.07 speed. These sit neatly between the relaxed k=2 exponential (mean x1.11) and the high—curvature
k=16 exponential (mean x1.11 under (7.5, 2.5), or much larger x2.34 under (7.5, 0) with the expected
quality trade-off).
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Method GPQA HellaSwag MMLU PIQA ‘Winogrande GSMSK HotpotQA MultiNews WMT14 En-Fr WMT16 En-De Average

Baseline 26.12 (x1.00) 86.20 (> 1.00) 58.16 (> 1.00) 81.72 (x1.00) 77.98 (x1.00) 47.76 (> 1.00) 9.08 (x1.00) 23.85(x1.00) 62.39 (x1.00) 56.67 (x1.00) 52.99 (x1.00)
Prophet 31.03 (x15.32) 86.17 (x1.24) 58.00 (x1.24) 81.56 (x2.05) 77.98 (x1.25) 16.07 (x7.84) 14.94 (x3.19) 18.83 (x32.48) 49.58 (x17.53) 45.15(x17.98) 47.93 (x10.01)
Cosine (7.5, 2.5) 27.23(x1.97) 86.16 (x1.17) 58.00 (x1.24) 81.77 (x2.04) 77.98 (x1.23) 39.12 (x1.97) 9.78 (x1.60) 25.00 (< 1.80) 62.41(x1.87) 56.68 (< 1.87) 52.41 (x1.68)
Cosine (7.5, 0) 27.90 (x2.24) 86.08 (x1.49) 58.00 (x1.24) 81.50 (x2.12) 77.98 (x1.54) 42.68 (x2.24) 11.12(x1.88) 2523 (x2.07) 6241 (x2.10) 56.66 (x2.10) 52.96 (x1.90)
Exp-k=16 (7.5, 2.5) 30.80 (x4.47) 85.98 (x1.67) 58.00 (x1.24) 80.30 (x4.69) 77.98 (x1.65) 30.40 (x ) 1293 (x2.84) 24.77(x3.38) 62.19 (x3.09) 56.40 (x3.04) 51.98 (x2.98)
Exp-k=16 (7.5, 0) 28.79 (x8.67) 86.01 (x5.00) 58.00 (x1.24) 79.98 (x5.00) 77.66 (x5.00) 4.93(x8.58) 20.98 (x7.13) 20.74 (x8.55) 51.15(x7.93) 47.03 (x7.79) 47.53(x6.49)
Exp-k=2 (7.5, 2.5) 26.34(x2.24) 86.16 (x1.07) 58.00 (x1.24) 81.56 (x2.12) 77.98 (x1.14) 4238 (x2.19) 9.83 (x1.65) 25.11(x1.92) 62.41 (x1.99) 56.68 (x2.00) 52.65(x1.76)
Exp-k=2 (7.5, 0) 29.02 (x2.85) 86.03 (x1.58) 58.00 (x1.24) 81.23 (x2.45) 77.98 (x1.64) 43.52(x2.75) 11.65(x2.20) 2530 (x2.47) 6238 (x2.46) 56.62(x2.45) 53.17(x2.21)
Exp k= 4(7 5 2.5) 28.79 (x2.86) 86.06 (x1.41) 58.00 (x1.24) 81.18 (x2.42) 77.98 (x1.43) 43.75(x2.73) 11.57 (x2.08) 2537 (x2.40) 62.40(x2.39) 56.64(x2.39) 53.17(x2.13)

27.46 (x4.09) 85.96 (x2.34) 58.00 (x1.24) 81.28 (x2.48) 78.531X3.17i 3101 (x3.72) 13.59 (x3.17) 24.72(x3.52) 61.82(x3.37) 56.08(x3.33) 51.85(x )

28.57 (x3.70) 86.05 (% 1.62) 58.00 (< 1.24) 81.28 (x2.95) 77.98 (x1.58) 37.23 (x3.32) 12.50 (x2.57) 25.10(x3.00) 62.30 (x2.81) 56.53 (x2.80) 52.55(x2.55)
Exp k=8 (7 5, 0) 28.35(x5.94) 85.95(x3.37) 58.00 (x1.24) 79.98 (x5.00) 78.69 (x3.99) 17.36 (x5.46) 17.04 (x5.74) 23.45(x9.53) 58.77(x5.00) 53.58(x4.95) 50.12(x4.49)
Linear (7.5, 2.5) 28.12(x1.98) 86.16 (< 1.07) 58.00 (x1.24) 81.61 (x2.07) 77.98 (x1.14) 39.12 (x1.96) 9.68 (x1.53) 2498 (x1.76) 62.41(x1.85) 56.68 (< 1.85) 52.47(x1.65)
Linear (7. 5 0) 28.57 (x2.35) 86.08 (x1.41) 58.00 (x1.24) 81.61 (x2.14) 77.98 (x1.42) 42.84 (x2.32) 11.05 (x1.86) 25.25(x2.09) 62.41(x2.13) 56.66 (x2.13) 53.05(x1.91)

Table 7: LLaDA Base with intermediate-curvature exponentials (k € {4, 8}) and explicit thresholds. Highest
accuracy per column in bold; second-highest in italics. The rightmost column reports mean accuracy with mean
speedup in parentheses.

Method GPQA HellaSwag MMLU PIQA Winogrande GSMS8K HotpotQA MultiNews WMT14 En-Fr WMT16 En-De Average
Baseline 24.33 (x1.00) 74.28 (x1.00) 63.19 (x1.00) 82.86 (x1.00) 76.72 (< 1.00) 51.93 (x1.00) 10.65 (x1.00) 26.79 (< 1.00) 60.80 (x1.00) 54.26 (< 1.00) 52.28 (x1.00)
Prophet 23.44 (x5.97) 74.74 (x1.93) 63.91 (x1.63) 8270 (x1.81) 76.16 (x1.45) 27.60 (x18.62) 9.37 (x3.31) 19.25(x37.98) 44.32(x26.05) 4571 (x15.26) 46.15(x11.52)
Cosine (7.5, 2.5) 24.78 (< 1.89) 74.69 (x1.92) 63.86 (x1.64) 82.70 (x1.78) 76.16 (x1.45) 37.30(x2.25) 9.81(x1.76) 26.80(x2.35) 5539 (x24.65) 47.93 (x29.64) 49.74 (x6.83)
Cosine (7.5, 0) 2522 (x2.18) 74.69 (% 1.93) 63.86 (x1.64) 8270 (x1.78) 76.16 (x1.57) 36.85(x2.50) 9.16 (x2.07) 26.68 (x2.63) 5529 (x24.66) 47.87(x29.65) 49.74 (x7.06)
Exp-k=16 (7.5, 2.5) 24.33 (x4.19) 74.63 (x2.22) 63.86 (x1.64) 81.56 (x2.82) 76.09 (x2.10) 33.59 (x5.74) 9.18 (x4.10) 22.37 (x8.57) 37.47(x35.10) 33.91 (x37.22) 47.48 (x10.87)
16 (7.5, 0)  25.00 (x9.26) 73.51 (x5.00) 63.86 (% 1.64) 79.00 (%5.00) 73.80 (%5.00) 27.98 (x11.45) 7.61 (x9.17) 16.78 (x17.38) 33.27 (x44.67) 29.45 (x45.10) 45.22 (x20.66)

) (

)

)

(x
(
24.78 (x2.12) 74.69 (x1.92) 63.86 (x1.64) 82.70 (x1.78) 76.16 (x1.46) 36.92(x2.60) 9.63(x1.92) 2648 (x2.91) 54.83 (x24.76) 47.73 (x29.69) 49.58 (x7.07)
24.78 (x2.71) 74.69 (x1.94) 63.86 (x1.64) 82.59 (x2.09) 76.16 (x1.67) 3594 (x3.22) 9.30(x2.56) 2581 (x3.73) 52.43(x2523) 46.36(x ") 89) 49.19 (x7.52)
24.78 (x2.68) 74.69 (x1.93) 63.86 (x1.64) 82. 75(><7l)I7 76.16 (< 1.49 ) 9.38(x2.49) 2570 (x3.88) 51.04(x25.69) 45.61 (x30.10) 49.30 (x7.56)
24.55 (x3.92) 75.24 (x2.50) 63.86 (x1.64) 80.47 (x ) 74.66 (x2.54) ) 929 (x3.80) 24.03(x5.59) 4549 (x27.83) 41.09 (x l 67) 47.83 (x8.77)
2. 25.22 (x3.44) 74.66 (x2.07) 63.86 (x1.64) 82.15(x2.37) 76.16 (x1.72) 3442 (x4.33) 929 (x3.31) 24.29(x550) 44.02(x28.83) 39.90 (x32.36) 47.79 (x8.47)
0) 2522 (x5.91) 74.65 (x4.21) 63.86 (x1.64) 7927 (x4.76) 74.03 (x4.64) 30.33 (x7.03) 9.14(x574) 20.86(x9.53) 3849 (x33.37) 34.79 (x36.03) 45.46 (x11.19)
Linear (7 5, 2.5) 25.22 (% 1.88) 74.69 (x1.92) 63.86 (x1.64) 8270 (x1.78) 76.16 (x1.45) 37.38 (x2.31) 9.99 (x1.74) 26.73 (x2.42) 55.36 (x24.66) 47.92(x29.65) 49.88 (x6.85)
Linear (7.5, 0) 24.78 (x2.27) 74.69 (x1.92) 63.86 (x1.64) 82.70 (x1.78) 76.16 (x1.49) 3647 (x2.67) 927 (x2.10) 26.64 (x3.02) 54.90 (x24.73) 47.74 (x29.68) 49.58 (x7.10)

Table 8: LLaDA Instruct with intermediate-curvature exponentials (k € {4, 8}) and explicit thresholds. Highest
accuracy per column in bold; second-highest in itfalics. The rightmost column reports mean accuracy with mean
speedup in parentheses.

LLaDA. Results on LLaDA align closely with the Dream trends for both base and instruction-tuned
variants. For LLaDA Base (Table 7), Exp—k=4 (7.5,2.5) ties for the highest overall average (53.17)
while achieving a x2.13 speedup; moving to Exp—k=8 (7.5, 2.5) increases the speed to x2.55 with a
small average dip (52.55), and relaxing to (7.5, 0) further boosts speed (e.g., Winogrande 78.69 at x3.99)
at the cost of broader quality drops—mirroring the Dream trade-off. For LLaDA Instruct (Table 8), the
curvature—speed relationship is monotone while quality degrades gradually with curvature: averages move
from 49.58 at x7.07 for Exp—-k=2 (7.5,2.5) to 49.30 at x7.56 for k=4, 47.79 at x8.47 for k=8, and
47.48 at x10.87 for k=16. In short, the intermediate—curvature exponentials again occupy the expected
middle ground between the gradual-decay and high—curvature regimes, providing a convenient knob to
trade a bit more speed for a small, predictable loss in fidelity.
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D Qualitative Assessment of SchED

To complement the aggregate benchmark results, we present representative per-instance examples compar-
ing vanilla diffusion decoding (fixed horizon) to SchED under an exponential schedule (k=2). Table 9
reports the realized number of denoising steps and wall-clock latency under identical inference settings,
alongside the raw model outputs.

Question Vanilla decoding answer (raw) SchED answer (raw) Base steps  SchED steps  Base time (s)  SchED time (s)
What is the capital of France? The capital of France is Paris. It is a global city known for its  The capital of France is Paris. 128 3 5384 0.130
cultural heritage and serves as the seat of the French executive,
government, as well as other institutions.
Translate: “Hello, my name is John.” Bonjour, moi, mon nom est John. Bonjour,, mon nom est John.. 128 3 5.533 0.134
Write a python program to calculate the ~ Here’s a simple Python program to calculate the def fibonacci(n): 256 237 15.284 14.380
Fibonacci of a given number. Fibonacci of a given number: if n<=1:
def fibonacci(n): return n
if n <= 0: else:
seq = [] return fibonacci(n-1) + fibonacci(n-2)
elif n==1:
seq = [0]
else:
seq = [1,1]
i=2

12
12
while i<n+1:
seq += seq[-1]+seq[-2]
i+=1

return seq

printibonacci(12) 12

A bookstore had 360 books in stock. In 3 / 8 of = 3 / 8 * 360 =135. So, the bookstore has 3 sold 3 @ * = 1355.. There left 360 - 135 = 225 books. 236 235 17.071 16.161
the morning it sold 3/8 of them. How 360 - 135 = 135 books at the end of the day. #### 135. The answer: 225.

many books are left at the end of the ~The answer is, 360.

day? Think step by step.

Write a Python program to find the def ged(x, y): def ged(a, b): 256 238 17.073 16.176
greatest common divisor (GCD) of two while(y): while b:

numbers. X, yX %y, X a, b=b,a%b

numl = @ return a
num2 = @
try:
numl = int(input("Enter the first number and num2:"))
print("GCD of: ”, numl, " and: ", num2, "are: ",
ged(numl, num2)))
except:
break

What is the square root of 1447 $\sqrt{144} = 12% The square root of 144 is \boxed{12} 256 128 15.586 8.006

Table 9: Qualitative comparison between vanilla diffusion decoding (full horizon) and SchED (exponential schedule,
k=2). Base steps correspond to the fixed diffusion horizon T,,«, while SchED steps report the realized number of
denoising steps before early commitment. Beyond large speedups on easy prompts, several examples demonstrate
strict correctness improvements: vanilla decoding can exhibit late-step degradation (incorrect arithmetic or mal-
formed code), while SchED preserves a correct intermediate solution at reduced compute.

The examples from Table 9 illustrate two recurring operating regimes consistent with SchED’s progress-
aware confidence criterion. First, for short and low-complexity prompts, the aggregated logit-margin
confidence crosses the schedule threshold within the first few refinement steps (e.g., 3 steps out of 128
or 256), yielding large latency reductions. In this early-exit regime, minor surface artifacts (e.g., extra
punctuation) may occasionally appear, while semantic content is typically preserved; such artifacts can
be reduced by adopting more constrained schedules (e.g., higher 71,y or slower decay). Second, for
prompts that require multi-step reasoning or structured generation (e.g., arithmetic word problems and
code), SchED often runs close to the full horizon (e.g., 235—238 steps out of 256), reflecting sustained
uncertainty and avoiding premature termination. Beyond accelerating easy instances, Table 9 also includes
cases where SchED yields more correct outputs than full-horizon diffusion decoding. In these examples,
additional refinement steps in vanilla decoding introduce late-stage degradation—e.g., numerical slips,
contradictions, or syntactic corruption—despite using the full budget. By terminating once confidence
has stabilized over the full answer span, SchED can preserve a higher-quality intermediate solution. For
instance, SchED produces the correct arithmetic result for the bookstore problem (225 books remaining)
where vanilla decoding outputs an incorrect remainder. Similarly, on code-generation prompts, SchED
yields clean, executable code-implementations, whereas vanilla decoding degenerates into malformed
programs. These examples illustrate that SchED is not solely a speed—quality trade-off knob: on some
inputs it provides a Pareto improvement, reducing compute while improving correctness by avoiding
late-step drift.
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