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Abstract

Diffusion language models (DLMs) have
emerged as a promising alternative to autore-
gressive language models. While discrete
DLMs achieve strong performance across lan-
guage generation tasks, continuous DLMs re-
main relatively underexplored despite their
smooth latent-space dynamics. In this work,
we present a unified embedding-space inter-
pretation of continuous and discrete DLMs.
Within this framework, we analyze continu-
ous diffusion dynamics as a retention channel
that preserves intermediate denoising informa-
tion during sampling. Motivated by this per-
spective, we propose A-DLM, which smoothly
interpolates between continuous and discrete
diffusion dynamics through a controllable pa-
rameter A. By training with randomly sampled
A, a single model generalizes across continu-
ous, discrete, and intermediate diffusion dy-
namics, unifying diverse retention behaviors
within one framework. Unlike prior methods
that rely on fixed or self-confidence-guided dif-
fusion dynamics, A-DLM enables controllable
exploitation—exploration trade-offs without re-
training. Experiments on LM1B and OWT un-
conditional generation benchmarks show that
A-DLM consistently outperforms strong base-
lines. Moreover, varying A enables seman-
tically diverse generation without additional
training. Compared with temperature sweeps,
varying A\ shows a more structured relation-
ship between lexical diversity and sentence-
embedding-based mode coverage.

1 Introduction

Diffusion language models (DLMs) have recently
emerged as a promising alternative to autoregres-
sive language models (Austin et al., 2021; Li et al.,
2022; Sahoo et al., 2024; Nie et al., 2026). Un-
like autoregressive models (Radford et al., 2019;
Brown et al., 2020), DLMs iteratively refine noisy
representations through denoising, enabling paral-
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lel generation and self-correcting sampling dynam-
ics. Existing DLMs can largely be categorized into
discrete (He et al., 2023; Shi et al., 2024; Sahoo
et al., 2024; Nie et al., 2026) and continuous (Li
et al., 2022; Gong et al., 2022; Dieleman et al.,
2022; Gao et al., 2024) variants. While discrete
DLMs have shown strong empirical performance,
continuous DLMs remain relatively underexplored
despite their fine-grained latent-space dynamics.

To better understand both paradigms within a
unified framework, we present an embedding-space
interpretation of continuous and discrete diffusion
dynamics (Section 3). Under this perspective, con-
tinuous diffusion dynamics transport a unimodal
Gaussian from data embeddings toward terminal
embeddings, whereas discrete diffusion dynamics
form an anchored multimodal mixture of Gaus-
sians (MoG) whose component means remain fixed
while their mixture weights evolve over time. Fig-
ure 1 illustrates these dynamics through the top and
bottom diffusion pathways corresponding to the
continuous and discrete dynamics, respectively.

Importantly, during sampling, continuous diffu-
sion dynamics progressively transport the current
latent state using previously denoised predictions
and terminal embeddings, thereby carrying infor-
mation from earlier denoising steps forward. In
contrast, discrete diffusion dynamics update latent
states through fixed anchored modes, limiting the
direct propagation of previous denoising outcomes.
This distinction motivates our retention-based inter-
pretation of diffusion dynamics. We use retention
to denote the degree to which information from the
model’s previous denoising prediction is carried
into subsequent reverse-diffusion states. Under this
view, stronger retention promotes refinement of pre-
vious predictions (exploitation), whereas weaker
retention allows broader deviation from them (ex-
ploration). Controlling retention therefore provides
a mechanism for modulating the balance between
generation fidelity and diversity.
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Figure 1: Illustration of continuous (top, A = 1), discrete (bottom, A = 0), and intermediate diffusion dynamics
based on absorbing-state DLMs. Continuous and discrete DLMs follow fixed trajectories, while prior self-confidence-
based approaches adaptively traverse intermediate trajectories between them. In contrast, \-DLM generalizes across
the full spectrum of diffusion dynamics, enabling controllable denoising behaviors through a single parameter \.

Several recent approaches, including hybrid
DLMs and soft-absorbing DLMs (Zheng et al.,
2025; Pynadath et al., 2025; Hersche et al., 2025; Jo
et al., 2025), can be interpreted as introducing such
retention mechanisms into discrete DLMs. How-
ever, these methods determine retention strength
using the model’s own confidence scores, implic-
itly assuming that the model can reliably evaluate
its predictions. Our analysis in Section 3.3 shows
that this assumption can be problematic: more
reliable confidence estimates from larger DLMs
consistently improve generation quality over self-
confidence-based retention.

Motivated by these observations, we propose a
A-diffusion dynamic that smoothly interpolates be-
tween continuous and discrete diffusion dynamics
through a controllable parameter A (see the middle
pathways in Figure 1). By simply varying A, the
diffusion trajectory can transition between continu-
ous, discrete, and intermediate dynamics. Based on
this dynamic, we further propose A-DLM, which is
trained with randomly sampled A values and there-
fore generalizes across diverse diffusion dynamics
within a single model. We hypothesize that this
generalized capability enables flexible control over
retention behavior during denoising, allowing mod-
ulation of the exploitation—exploration trade-off
throughout the entire sampling process. In con-
trast, prior methods are trained only under fixed or
self-confidence-guided diffusion dynamics, mak-
ing it difficult to flexibly control retention behavior
beyond their predefined denoising trajectories.

Experiments on LM1B (Chelba et al., 2013) and
OpenWebText(OWT) (Gokaslan and Cohen, 2019)
unconditional generation benchmarks show that \-
DLM achieves strong MAUVE performance across
model scales and NFE settings, with A-UDLM
showing the most consistent gains, particularly in
low-NFE regimes. Our diversity analysis further
shows that, compared with temperature sweeps on
A-UDLM and SoftMask, varying A yields a clearer
relationship between lexical diversity and sentence-
embedding-based mode coverage. Taken together,
these results support A as a useful inference-time
control dimension for modulating retention and the
exploitation—exploration balance in unconditional
generation.

Our contributions are summarized as follows:

* Unified Interpretation and Retention Per-
spective: We present a unified embedding-
space interpretation of continuous and discrete
diffusion dynamics and reinterpret continuous
dynamics as a retention mechanism.

* \-Diffusion Dynamic and \-DLM: We pro-
pose A-diffusion dynamic and A-DLM, which
generalize across diverse diffusion trajectories
through controllable retention strengths.

* Exploitation—Exploration Controllability:
We show that A-DLM effectively controls ex-
ploitation and exploration, improving both
generation quality and semantic diversity.
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2 Background

2.1 Notations

Throughout this paper, we handle both discrete
tokens and continuous embeddings. A token is
represented as a one-hot vector x € 0, 1Vl and its
embedding as z = Fx € RY, where E € RV
is the embedding matrix. DLMs (Li et al., 2022;
Austin et al., 2021) define diffusion processes over
either the discrete token space or the continuous
embedding space. We denote the noised token and
embedding at timestep ¢ by x; and z, respectively,
where x( denotes the original clean token.

2.2 Continuous Diffusion Language Models

In continuous DLMs (Li et al., 2022; Gong et al.,
2022; Dieleman et al., 2022; Gao et al., 2024), a
token x( is mapped to an embedding zyp = FExo,
and the noising process is defined as

q“(2t|wo) = N (203 Vauzo + (1 — Vau)Em, 071)

where oy and o; are timestep-dependent noise
schedules, a; = Hi:l ag, and E'm denotes the
terminal embedding, typically set to the zero vec-
tor. During denoising, the backbone model predicts
the original embedding zp from z; and is trained
with mean squared error (MSE) loss.

2.3 Discrete Diffusion Language Models

In discrete DLMs (Austin et al., 2021; He et al.,
2023; Sahoo et al., 2024; Nie et al., 2026), the dif-
fusion process is defined over discrete token states.
In absorbing-state DLMs such as MDLM (Sahoo
et al., 2024), tokens are progressively replaced with
[MASK] according to

O_étv
q" (2] x0) = {

]-*O_étv

Tt = X0

1
Tt = [MASK]. ( )

where a; controls the masking probability over
timesteps. During denoising, the backbone model
predicts pg(xo|x¢) and is trained with the negative
evidence lower bound (NELBO) objective.

Uniform-state DLMs (UDLMs) (Austin et al.,
2021; Sahoo et al., 2025) similarly define discrete
noising processes, except that tokens converge to-
ward uniformly sampled vocabulary tokens rather
than a dedicated [MASK] token.

2.4 Hybrid and Soft-Absorbing DLMs

In this paper, we focus on retention mechanisms
in DLM architectures. Under this perspective, hy-
brid DLMs and soft-absorbing DLMs are closely

related model families. Hybrid DLMs (Zheng et al.,
2025; Pynadath et al., 2025) combine continuous
and discrete diffusion dynamics, where masked
tokens typically follow continuous dynamics and
unmasked tokens follow discrete dynamics. During
sampling, the continuous component is constructed
using the model’s previous denoising outputs due to
the absence of ground-truth tokens. Soft-absorbing
DLMs (Hersche et al., 2025; Jo et al., 2025) relax
the strict discrete-state assumption by introducing
intermediate states between masked and unmasked
tokens, typically constructed from previous denois-
ing outputs during both training and sampling.

In practice, these methods retain previous de-
noising results through weighted combinations of
candidate token embeddings and terminal embed-
dings. The weights are usually determined by the
model’s own confidence scores, assuming that the
model can reliably estimate prediction correctness.
We refer readers to SoftMask (Hersche et al., 2025)
for representative implementations of such self-
confidence-based retention mechanisms.

3 A Unified Embedding-Space View of
Continuous and Discrete DLMs

Although discrete DLMs define diffusion processes
over discrete token states, the noised tokens z
are ultimately mapped into continuous embeddings
through the backbone embedding table. This mo-
tivates us to analyze discrete diffusion dynamics
within the same embedding-space framework as
continuous DLMs. From this perspective, discrete
DLMs can be interpreted as inducing diffusion dy-
namics over continuous representations through
the pushforward distribution of discrete transition
probabilities (Eq. 1).

3.1 Continuous Relaxation

To analyze discrete diffusion dynamics in embed-
ding space, we adopt a continuous-relaxation ap-
proximation using embedding matrix £ € R4 IVI:

Qrelax(z‘x;E) = N(Z;E$,O'2.[) £ gx(z),
prelax($|z; E) ~ SOfthLZIJ(ETZ/O'2),

where o controls the relaxation variance. The de-
tailed derivation and assumptions are provided in
Appendix A.1. Intuitively, the relaxed continuous
variable z forms a Gaussian centered at the embed-
ding of the discrete token .
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Figure 2: Confidence score trends of
SoftMask and LLaDA-8B, averaged
over 256 unconditional generations.

3.2 Diffusion Dynamics in Embedding Space

Using this relaxation, the embedding-space nois-
ing distribution induced by discrete diffusion can
be derived by marginalizing over the intermediate
discrete state x;:

qd<zt‘x0> = Z Qrelax(zt‘xt)qd(xt‘x0>
ze~qd(zt|zo)
11—«
= at-/\/’]g:vo + ( ’H‘ t) ZNE‘W’ )
well

where II denotes the set of terminal states. No-
tably, the resulting pushforward distribution forms
an MoG whose mixture weights evolve according
to &;. In absorbing-state DLMs, the second term
simplifies to (1 — a )N Zyasc-

Based on derived formulation and continuous
DLM’s noising distribution, we characterize contin-
uous and discrete dynamics as transporting a uni-
modal Gaussian and anchored multimodal MoG,
respectively. Figure 1 illustrates these dynamics as
the top (continuous)! and bottom (discrete) diffu-
sion trajectories. Both share the same initial and
terminal distributions centered at the data and ter-
minal embeddings, respectively, but differ in their
intermediate dynamics. Continuous diffusion pro-
gressively transports a unimodal Gaussian toward
the terminal embedding, whereas discrete diffusion
keeps Gaussian modes anchored at the data and
terminal embeddings while modulating only their
mixture weights over time. In Appendix A.2, we
further show that the same characterization also
holds for reverse posterior denoising dynamics.

Importantly, during sampling (¢t : 1 — 0), the
reverse posterior distributions are approximated
using the model’s own predictions, replacing the
ground-truth embedding with previously denoised

'For visualization, we fix the variance across timesteps
and use the same terminal state as the discrete DLM.

NFE NFE

Figure 3: LLaDA-guided generation results across number of forward
evaluation (NFE) settings. A-UDLM benefits more from LLaDA-guidance
than SoftMask due to its training across diverse denoising trajectories.

outputs. From this perspective, continuous diffu-
sion dynamics naturally retain previous denoising
results through the evolving latent state, whereas
discrete diffusion dynamics restrict such retention
due to their fixed Gaussian modes anchored at the
data and terminal embeddings. This suggests that
continuous diffusion dynamics inherently provide
a retention channel over previous denoising results.

3.3 Prior Retention Methods and Limitations

Under the retention-channel perspective, hybrid
and soft-absorbing DLLMs can be viewed as adap-
tive retention methods guided by self-confidence.
The pure continuous and pure discrete DLMs can
be viewed as stronger- and weaker-retention end-
points, respectively. As illustrated in Figure 1,
self-confidence-based methods can therefore be
interpreted as intermediate denoising trajectories
between these two extremes.

Although self-confidence-based retention meth-
ods substantially improve over pure DLMs, they
can also reinforce the model’s own biases and pre-
diction errors. To investigate this issue, we com-
pare self-confidence scores with those estimated by
a larger pre-trained DLM, LLaDA-8B (Nie et al.,
2026), which we treat as an external stronger con-
fidence estimator. See Appendix B.1 for the de-
tail of the external confidence estimation proce-
dure. We conduct this analysis using SoftMask
(Hersche et al., 2025) models trained on the tiny-
scale LM 1B setting (Section 5.2; Table 1). Figure 2
compares the confidence trends of SoftMask and
LLaDA-8B on the same denoising samples gen-
erated using SoftMask’s likelihoods. SoftMask
assigns lower confidence during early denoising
stages but becomes more confident than LLaDA
during later stages, suggesting that self-confidence
estimates can both under- and overestimate gener-
ation quality. More importantly, Figure 3 shows
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that replacing self-confidence-based retention with
LLaDA’s confidence consistently improves both
MAUVE and generative PPL. This suggests that
self-confidence-guided denoising trajectories can
constrain the model’s capability for better genera-
tion quality.

4 )\-Diffusion Language Model

We propose the A-diffusion dynamic, which
smoothly controls retention strength through a sin-
gle parameter A € [0, 1]. Based on this dynamic,
we develop A-DLM by incorporating it into stan-
dard DLMs. By training with randomly sampled A
values, \-DLM generalizes across diverse diffusion
trajectories and retention behaviors.

4.1 \-Diffusion Dynamic

Based on the relaxed discrete noising distribution in
Eq. 2, we propose the A-diffusion dynamic, which
interpolates between continuous and discrete diffu-
sion dynamics through

(2R lwo) = D

xp~q? (2] o)

/,L)\(.CCQ7.’ITt7t) = )‘Mc(ﬂg07xt7t) + (1 - A)/.,Ld(l’t),

warlt) = {(1 ~ &)/,

where 1¢(xg, z¢,t) and p?(z¢) denote the mean
of continuous and continuously relaxed discrete
dynamics at timestep ¢, respectively. The continu-
ous component transports the mean between Fxg
and Ez;, while the discrete component remains
anchored at Ex;. The parameter \ interpolates be-
tween these two dynamics, recovering pure contin-
uous and discrete dynamics when A = 1 and A = 0,
respectively. Figure 4 illustrates this process. See
Appendix A.3 for the derivation of variance term
o (t) in our A-diffusion dynamic.

Wy, (t)NO’A (t)

22N (IO »Tt 7t) ’

Ty = X0
x; € 11,

Under this formulation, the smoothly incorpo-
rated continuous component naturally acts as a re-
tention channel during sampling, with retention
strength controlled by A. We therefore interpret A
as controlling the exploitation—exploration trade-
off: large A\ values strongly retain previous de-
noising results, whereas small A\ values encourage
broader exploration near terminal states.

For the denoising process, using Bayes’ rule,
we derive the exact reverse posterior under the A-

diffusion dynamic as follows:

q)\<z?|zt)\7 .’IJ()) =

> a(@ilz, 20) Y qh@slwe, m0) g (22 ]@s, 7o),

Tt Ts

where s < t. Because z; lies in a finite discrete
support set, the conditional distribution admits a
closed-form solution for both MDLM and UDLM
architectures. Detailed derivations are provided in
Appendix A.4.

4.2 Training and Sampling of A\-DLM

Based on Section 4.1, we develop A-DLM by in-
tegrating the proposed A-diffusion dynamic into
modern DLM frameworks. Except for the modified
noising and denoising processes, we largely follow
MDLM (Sahoo et al., 2024) and UDLM (Austin
etal.,2021). We adopt DiT (Peebles and Xie, 2023)
as the backbone architecture and incorporate the
additional X condition through a lightweight MLP
with SiLU activation (Elfwing et al., 2018). The
processed A embedding is concatenated with the
timestep embedding and injected into the DiT con-
ditioning pathway.

Algorithm 1 summarizes the training procedure.
To generalize across diverse denoising trajectories,
we randomly sample A ~ Uniform(0, 1) at each
iteration and conduct noising/denoising using the
sampled value. For sampling, we follow ancestral
sampling with the derived reverse posterior dis-
tribution, replacing the unavailable ground-truth
token zg with the model prediction &(. Since the
reverse posterior involves nested marginalizations
over =5 and x;, we employ Monte Carlo approxi-
mation using sampled discrete states. Empirically,
a single-sample approximation was sufficient to
preserve generation quality while substantially im-
proving sampling efficiency. The overall procedure
is summarized in Algorithm 2.

4.3 Additional Training Techniques

Using ground-truth information in the continuous
component can introduce training—sampling dis-
crepancy because ground-truth tokens are unavail-
able during inference. However, ground-truth su-
pervision also provides stable learning signals dur-
ing early training. To balance these trade-offs, we
propose a two-pass training strategy with an an-
nealed warmup schedule.

In the first pass, A-diffusion noising and denois-
ing are performed using ground-truth tokens to
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Figure 4: Pipeline of A-DLM. A discrete noising process first samples the noised token state z; ~ q%(x¢|xo).
The proposed A-diffusion dynamic then constructs a continuous latent representation by interpolating between
the transported continuous mean p(xg, x, t) and the anchored discrete mean Ex;. The resulting latent variable
2} ~ ¢*(2)|zo) is finally processed by the backbone DiT model for denoising prediction.

Algorithm 1: One Training Step of A-DLM

Algorithm 2: Sampling of A-DLM

Input: Clean zo, timestep ¢, A ~ Uniform(0, 1)
Input: Iteration n, warmup W, skip schedule psi

1 Sample z;* ~ ¢*(2{|z0)  // A-diffusion by GT
2 pél) <—p9(~|z?,t,)\)

3 if n < W with probability ps(n) then

4 0 + Update (9, VoLpLMm (pél)7 o, t))

5 else

6 | Sample Zog ~ péD

7 | Sample 3} ~ ¢*(3}|F0) // A-diffusion by o
8 | p57 < po(C[2N.t,N)

9 0 + Update (9, VoLpLMm (péz), X0, t))
10 end

obtain initial denoising predictions. In the sec-
ond pass, the same processes are repeated us-
ing the model’s gradient-detached predictions in-
stead of ground-truth tokens, and the resulting out-
puts are used for backpropagation. During early
warmup iterations, the second pass is probabilisti-
cally skipped, and the model is directly optimized
using the ground-truth-conditioned process. The
skip probability is monotonically annealed through-
out the warmup stage. The detailed procedure is
summarized in Algorithm 1.

The proposed strategy is related to self-
conditioning (Strudel et al., 2022) and soft-
absorbing DLM training frameworks. Unlike
prior methods that directly mix &g into the latent
state, our method transforms denoised predictions
through the continuous diffusion component to pre-
serve consistency with the timestep-conditioned
noise level.

S Experiment Results

Our experiments consist of unconditional gener-
ation evaluations on LM1B (Chelba et al., 2013)

Input: Trained model py, selected A, steps T'
1 Initialize terminal token x7 € I
2 Sample 2 ~ ¢*(23|zT)
3 fort=1T,...,1do
s+—t—1
Sample -’%0 ~ P6(|2t)\a t7 )‘)

= 7 N

Sample (¢, z5) ~ q(x¢|27, To) & % (xs|@e, Eo)
// High A — Strong Retention
// Low A — Weak Retention
7 | Sample 22 ~ (/A(,:';\ Ts,T0)
8 z;\ — zs)‘
9 end
Output: Generated sample o

and OWT (Gokaslan and Cohen, 2019) and faith-
ful diversity analyses. These experiments eval-
uate whether A\-DLM effectively controls the
exploitation—exploration trade-off, leading to im-
proved generation quality and semantic diversity.

5.1 Experimental Setup

5.1.1 General Setup

We conduct experiments on LM 1B (Chelba et al.,
2013) and OpenWebText (OWT). LM1B contains
approximately 0.8B training tokens and around 6K
sentences for validation. OWT consists of approxi-
mately 8M documents and 9B tokens. Following
the preprocessing protocol of prior work?, we re-
serve the last 100K OWT documents for valida-
tion and use the remaining documents for train-
ing. For both datasets, we adopt the corresponding
preprocessing and tokenization pipelines from the
same repository. We compare our proposed mod-
els against recent strong DLM baselines, includ-
ing UDLM (Austin et al., 2021), MDLM (Sahoo

Zhttps://github.com/s-sahoo/duo

23671



et al., 2024), ReMDM (Wang et al., 2026), and
SoftMask (Hersche et al., 2025).

5.1.2 Models and Training

For LM1B, we adopt tiny- and small-scale DiT
backbones (Peebles and Xie, 2023) with 8 and 12
Transformer layers (Vaswani et al., 2017), resulting
in 24M and 139M parameters, respectively. We
largely follow the standard LM 1B training setup of
prior work (Zhang et al., 2026), using 200K train-
ing iterations. For OWT, we use a small DiT back-
bone with 169M parameters and a context length of
1024, and train each model for 100K updates. Addi-
tional architecture and training details are provided
in Appendix B.

5.1.3 A-DLM Implementation and Training

We instantiated the proposed framework on both
ReMDM and UDLM architectures, resulting
in A-ReMDM and A-UDLM, corresponding to
absorbing-state and uniform-state variants, respec-
tively. For the continuous component, we adopted
the standard continuous DLM noise schedule (Li
et al., 2022) independently from the discrete sched-
ule. By setting ¢ = 0 in the continuous relaxation
component, we preserved the original discrete dif-
fusion dynamics within A-DLM. For the annealing
strategy in Section 4.3, we used a 10K-step warmup
stage with a linearly decreasing second-pass skip-
ping probability pgy from 1 to O.

After training, we select the inference-time A
schedule using held-out tuning seeds. We consider
a constant-\ schedule and a timestep-dependent
log-shaped schedule inspired by the confidence
tendency of LLaDA in Figure 2:

)\const(u) = Ao, 3)
. log(1+ru)
Alog(ua T) - log(l + 7") ) u € [07 1]7 (4)

where u denotes the normalized denoising progress
and r controls the curvature (log-rate) of the log-
shaped schedule. For each NFE setting, we perform
a brute-force search over the corresponding sched-
ule parameter, using \g € [0, 1] with a step size
of 0.1 for the constant schedule and r € [1, 10]
with a step size of 1 for the log-shaped schedule.
MAUVE (Pillutla et al., 2021) is used as the pri-
mary selection criterion. To avoid test leakage,
schedule selection and final evaluation are con-
ducted using separate random seeds. Empirically,
the constant schedule performs robustly across
most LM1B and A-ReMDM settings, whereas

OWT A-UDLM benefits from the log-shaped sched-
ule. We therefore use the constant schedule as the
default and report the log-shaped variant where it
provides meaningful improvements. All selected
parameter values are summarized in Table 6.

5.2 LM1B Unconditional Generation

Tables 1 and 2 summarize unconditional genera-
tion results on LM1B across different NFE set-
tings and different seeds. See Tables 9 and 10
for standard deviation results. Each model gen-
erated 1024 unconditional samples for evaluation.
We report MAUVE, generative PPL. measured by
GPT2-large (Radford et al., 2019), and sample en-
tropy. Since generative PPL is known to be unsta-
ble in open-ended generation settings (Wang et al.,
2026), we mainly focus on MAUVE. Overall, \-
DLM achieves strong MAUVE across most NFE
settings and model scales, with A\-UDLM showing
particularly consistent gains in low-NFE regimes.
At the same time, the MAUVE-selected A\ settings
often exhibit lower sample entropy than the corre-
sponding baselines, indicating that stronger reten-
tion can concentrate the token-level output distri-
bution while improving distributional quality.

We additionally apply our A tuning strategy
to trained SoftMask models without retraining,
denoted as “SoftMask+)”. Compared with the
original SoftMask, post-hoc A control improves
MAUVE in many settings, indicating that retention
strength itself provides a useful inference-time con-
trol axis. However, A-UDLM generally achieves
stronger MAUVE than SoftMask+\, suggesting
that its gains arise not only from post-hoc A selec-
tion but also from training across diverse denois-
ing trajectories. Additional external-confidence-
guidance results in Figure 3 further support the
benefit of more effective retention control.

To directly verify the contribution of our training
strategy, Table 3 compares the standard random- ),
two-pass training with fixed-\ and one-pass vari-
ants. The standard strategy achieves the highest
MAUVE for both A-ReMDM and A\-UDLM, while
fixed continuous (A = 1), discrete (A = 0), inter-
mediate, and one-pass variants all degrade distribu-
tional quality. These results support the importance
of both training across diverse diffusion trajectories
and reducing the training—sampling discrepancy
through the second pass. Notably, fixed A = 1 for
A-UDLM attains very low generative PPL but much
lower MAUVE, again showing that PPL alone can
be misleading for open-ended generation.

23672



Table 1: Unconditional generation results of tiny DiT-based models on LM 1B. We report the mean MAUVE(1) and
generative PPL(]) over three runs. Values in parentheses denote sample entropy. For A\-based methods, A is selected

with respect to MAUVE.
Model NFE = 64 NFE = 128 NFE =256 NFE =512 NFE = 1024
MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL

UDLM 0.061 4009 (43) 0.059 391.8(4.3) 0.061 381.8(4.3) 0.062 377.0(4.3) 0.062 376.5(4.3)
MDLM 0.061 3452 (43) 0.062 306.7(4.2) 0.064 275.6(4.2) 0.066 243.0(4.2) 0.065 210.5(42)
ReMDM 0.065 261.2(42) 0.070 169.8(4.1) 0.071 110.3(4.0) 0.071 72.9 (3.8) 0.070 50.4 (3.6)
SoftMask 0.069 239.0(42) 0.072 152.0(4.1) 0.082 96.4 (4.0) 0.084 63.9 (3.9) 0.080 44.9 (3.7)
SoftMask+A  0.071 168.4(4.1) 0.072 1693 (4.1) 0.084 70.5(3.9) 0.081 76.6 (3.9) 0.086 54.5(3.8)
A-ReMDM 0.067 210.2(3.9) 0.074 108.4(3.7) 0.076 90.4 (3.6) 0.079 754 (3.2) 0.072 62.3 (2.6)
A-UDLM 0.099 93.9 (4.0) 0.095 78.9 (3.9) 0.099 47.8 (3.6) 0.096 30.5 (3.0) 0.081 17.5 (2.0)

Table 2: Unconditional generation results of small DiT-based models on LM1B. We report the mean MAUVE(?)
and generative PPL(|) over three runs. Values in parentheses denote sample entropy. For A-based methods, X is

selected with respect to MAUVE.

Model NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL MAUVE  PPL

UDLM 0.078 237.3(4.3) 0.081 229.7(42) 0088 227.0(43) 0.087 221.9(43) 0086 222.0(4.3)
MDLM 0078 2249(43) 0085 189.8(42) 0091 162.9(42) 0094 142.5(42) 009 124.5(4.1)
ReMDM 0.077 205.1(42) 0087 1280(42) 0094 834(41) 0101 592(4.0) 0098 43.2(3.9)
SoftMask 0080 172.5(42) 0090 1108(42) 0.101 73.1(4.1) 0101 51.8(4.0) 0099  38.3 (4.0)
SoftMask+\  0.088 1482 (42) 0099 83.6(4.1) 0.102 843(41) 0104 59.7(4.0) 0.102 43.8(3.9)
A-ReMDM 0078 2634 (43) 0099 157.1(42) 0.116 923(4.0) 0119 62439 0116 50.0 (3.7)
A-UDLM 0.108  90.0(4.0) 0112 589(4.0) 0122 42539 0118 335@3.6) 0106 23.7(3.2)

Table 3: Ablation study of A-DLM training strategies
on LM1B (tiny DiT, NFE= 256). For the intermediate
fixed-\ variants, A = 0.46 and A\ = 0.68 are the av-
erage best-MAUVE ) values across NFE settings for
A-ReMDM and A\-UDLM, respectively (see Table 6).
“Standard” denotes the proposed training strategy with
A ~ Uniform(0, 1) and two-pass training.

Model Variant Gen. PPL | MAUVE 1
Standard 80.7 0.077
Fixed A =0 164.2 0.069

A-ReMDM  Fixed A =1 119.2 0.067
Fixed A = 0.46 121.8 0.059
One-pass 252.8 0.050
Standard 72.8 0.100
Fixed A =0 253.3 0.055

A-UDLM  Fixed A =1 12.3 0.061
Fixed A = 0.68 29.7 0.063
One-pass 234.8 0.064

5.3 OWT Unconditional Generation

Table 4 summarizes unconditional generation re-
sults on OWT across different NFE settings and
random seeds; standard deviation results are re-
ported in Table 11. Each model generates 256
samples with a context length of 1024, and we re-
port MAUVE, generative PPL, and sample entropy.
Overall, the proposed A\-DLM variants achieve

strong performance on OWT, extending the ef-
fectiveness of retention control beyond LM1B. In
particular, A-UDLM with the log-shaped sched-
ule achieves strong MAUVE across NFE settings
and increasingly favorable generative PPL at larger
NFE, while the constant-\ variant tends to favor
stronger exploitation with lower sample entropy.
These results suggest that the preferred retention
schedule can depend on the denoising budget.

Interestingly, A-ReMDM behaves substantially
better on OWT than on LM1B. A similar tendency
is observed within LM 1B, where A\-ReMDM be-
comes more competitive when moving from tiny
DiT to the larger small DiT model. Together,
these observations suggest that A-ReMDM be-
comes more stable with increased data diversity
and model capacity. We conjecture that its instabil-
ity in lower-data and lower-capacity regimes is re-
lated to a directional degeneracy tendency induced
by the fixed terminal embedding of absorbing-state
diffusion dynamics (see Appendix B.3); this ef-
fect appears to be mitigated as the dataset scale or
model capacity increases.
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Table 4: Unconditional generation results of small DiT-based models on OWT. We report mean MAUVE(T) and
generative PPL(]) over three runs. Values in parentheses denote sample entropy.

Model NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL
MDLM 0244 72.6(55) 0211 56.6(5.5 0374 453(54) 0577 380(53) 0242 30.7(52)
ReMDM 0.125 709(5.6) 0300 435(5.5) 0568 293(53) 0.664 21.1(52) 0.625 154(5.1)
SoftMask 0.132 63.1(55) 0398 386(5.4) 0753 258(53) 0712 184(52) 0635 138(51)
A-ReMDM (Aconst)  0.270  48.5(5.4) 0.605 29.8(5.2) 0.724 224(52) 0866 20.0(5.1) 0.782 17.2(5.1)
A-UDLM (Aconst) 0.258 39.6(5.0) 0438 246(5.00 0575 16.1(4.8) 0598 199(5.0) 0.691 15.7(4.9)
A-UDLM (Aiog) 0424 828(5.7) 0.678 347(55) 0729 21.1(53) 0792 13.9(5.1) 0.803 9.9 (4.9)
Mode Coverage Analysis sity.
10 ® 1-UDLM (1) Figure 5 presents the mode coverage results.
""" @ A-UDLM (temp.) Among the three sweeps, varying A in A-UDLM
o 8 A SoftMask (temp.) N . . .
2 . shows the clearest relationship between lexical di-
"é VN a-% e e versity and semantic mode coverage: lower self-
.o - _
0 o A TN ~ BLEU generally corresponds to a larger effective
- | .
B 15 ® o 4 number of modes. Temperature sweeping also
=] ° . ..
@ 1a . A changes mode coverage, but the relationship is
13 " A 4 less consistent for both A-UDLM and SoftMask.
60 &5 70 75 80 8BS 90 These results suggest that A provides a more struc-
Self-BLEU (Diversity 1)

Figure 5: Mode coverage analysis of A-UDLM and Soft-
Mask under \ and temperature sweeps. Brighter points
indicate settings that generally yield higher diversity,
and dashed lines denote linear fits.

5.4 Faithful Diversity Control via )

To examine whether A\ controls semantically
meaningful diversity beyond superficial lex-
ical wvariation, we conduct a mode cover-
age analysis on generated samples. We use
sentence-transformers/all-mpnet-base-v2
to encode reference sentences from the LMI1B
validation set and cluster them with K-means to
define semantic modes. Generated samples are
embedded with the same encoder and assigned
to their nearest reference clusters. Based on the
resulting cluster frequencies, we compute mode
entropy and the effective number of modes via
exponentiated entropy. In this analysis, we define
K = 25 modes using 10,000 reference sentences
and evaluate 256 generated samples at NFE= 256.
We compare three diversity-control sweeps: A-
UDLM with A\ sweeping, A-UDLM with temper-
ature sweeping at fixed A = 0.8, and SoftMask
with temperature sweeping using the checkpoint
presented in Table 1. The temperature ranges are
chosen to cover self-BLEU (Zhu et al., 2018) lev-
els comparable to those induced by A variation,
enabling comparison under similar lexical diver-

tured control axis for semantic exploration than
temperature-based modulation.

6 Conclusion

In this paper, we propose a novel diffusion dynamic
that smoothly interpolates between continuous and
discrete diffusion dynamics through a single param-
eter, \. While previous methods focus on a fixed
noising and denoising trajectory, our proposed A-
DLM generalizes across a broad range of diffusion
trajectories. From the perspective of interpreting
continuous diffusion dynamics as a retention mech-
anism for previous denoising results, we hypothe-
size that A-DLM enables controllable exploitation—
exploration trade-offs during sampling.

Across LM1B and OWT unconditional gener-
ation benchmarks, A\-DLM achieves strong per-
formance against DLM baselines, with A-UDLM
showing the most consistent improvements. We
further find that A\-sweeping produces a more struc-
tured relationship between lexical diversity and
sentence-embedding-based mode coverage than
temperature sweeping. These findings support A as
a useful inference-time mechanism for modulating
retention and exploration without retraining.

Limitations

Most of our experiments use a constant sequence-
level X shared across denoising steps and token po-
sitions, while we additionally evaluate a log-shaped
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timestep schedule for OWT A-UDLM. Although
the LLaDA-based confidence analysis and the log-
shaped schedule suggest that time-varying reten-
tion can be beneficial, we do not learn A schedules
or consider token-wise adaptive control. Learn-
ing timestep-dependent or token-adaptive retention
policies therefore remains an important direction
for future work.

Our current inference-time A selection also re-
lies on a manual per-setting grid search. Across
the evaluated sweeps, generative PPL, sample en-
tropy, and diversity vary relatively systematically
with \, whereas MAUVE fluctuates more across
nearby A values and does not exhibit a comparably
smooth trend. Consequently, the MAUVE-optimal
setting can vary across benchmarks and NFE set-
tings. In addition, the effectiveness of A-DLM is
architecture-sensitive: A-UDLM exhibits relatively
consistent improvements, whereas A-ReMDM is
less stable, particularly in lower-data and lower-
capacity regimes. Developing more robust or adap-
tive selection mechanisms remains an important
direction for future work.

Finally, our empirical evaluation is restricted to
unconditional language generation on LM1B and
OWT. We do not evaluate conditional generation
or downstream language-generation tasks. Accord-
ingly, our empirical conclusions should be inter-
preted within the scope of unconditional genera-
tion, and the applicability of A-diffusion dynamics
to broader settings remains to be established.
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A Mathematical Details

A.1 Details of Continuous Relaxation
Approximation

As described in Section 3.1, we define the
continuous-relaxation distribution as

£2(2)

1 _llz—Ex|?
= (& 2052

\V2To

Based on this formulation, the likelihood distri-
bution over discrete tokens can be derived using
Bayes’ rule:

Qrelax(Z’x; E) =

p(z|z)p(x)
jev Pzl = j)p(z = j)

— L = Ea?

p(z]z) = 5

p(x)e

__1_
ey pla = j)e 22!
eExTz/a2

la—Ej2’

Zjev ebitz/o?

= softmaz(E" z/0?),

where the approximation in the third line assumes
unit-norm embeddings, i.e., |E;| = 1 foralli € V,
and a uniform data prior p(x). Notably, the re-
sulting likelihood distribution corresponds exactly
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to a softmax distribution over embedding simi-
larities E'z with temperature o2. This estab-
lishes a structural connection between continuous-
relaxation likelihood estimation and the standard
logit-softmax formulation commonly used in neu-
ral language models.

A.2 Characterized Dynamics in Reverse
Posterior Perspectives

In continuous DLMs, following DDPM (Ho et al.,
2020), the exact reverse posterior is generally de-
fined as

= N(thl;,at(zta Z0)¢51?I)7
YAk, adl =

q“(zt—1|2t, o)

At (2, 20) = 1—a 2o + 1_75%2%,
. 1—- Oét 1
U1§2 - 5157

1—at

where 3; = 1 — a4. Because the sum of the two
coefficients multiplied by 2y and z; is not strictly
equal to 1, the reverse posterior dynamics do not
exactly follow the interpretation of transporting a
unimodal Gaussian between the input and terminal
embeddings, which would require a strict interpo-
lation whose coefficients sum to 1. However, when
the number of denoising steps is sufficiently large,
the coefficient sum approaches 1 according to the
following derivation:

S, = Vo118 + /o (1 — ag—1)
1— oy
_ Vai—1Be + o (1l — ay)
(1 —ap—1) + Brou—
~ Var—1B+ (1 —a—1) — %(1 — Q1)
(1 —ay—1) + Brov—1

=1,

-
1—a

where the first approximation is based on the Taylor
expansion

\/1—,3t~1—

and the second approximation assumes 3; — 0,
which typically holds under large denoising-step
settings.

Importantly, during sampling, the exact reverse
posterior distribution is approximated using the
model’s previous denoising output £y because the
ground-truth x is unavailable. Consequently, the

-+ 0(87),

transportation dynamic can be interpreted as evolv-
ing between the previously denoised token embed-
ding and the terminal embedding.

The reverse posterior of discrete DLMs is gener-
ally formulated as follows:

¢ (@s|ar, ) =

1, Tt = To,Ts = T
Tl zy ~ p(m), 5 = 20
i:gip(ﬂ-)a Ty ~ p(’]‘(’)

0 otherwise.

where p(7) corresponds to either dpuasky (Dirac-
delta) or the uniform distribution over V for
MDLM and UDLM architectures, respectively.

Based on the continuous relaxation scheme, each
case of the reverse posterior can be derived in the
continuous embedding space as follows:

Zs|xt’ 370 E Qrelax Zs|$s ($S|$t7 $0)
gxo’ Tt = Zo
— Ngﬂ.‘i'&s (Ngwo _Ngﬂ)_atNga;o
- 1—ay y Lt p(ﬂ‘)
0 otherwise,

where the second case, ¢%(zs|x; = 7, 2¢), can be
further expressed as

g (25| = m,30) =

{asNngJr( —a)Ng, t=1l,s<t
75_7 1— S
al—&ojgt ngFl 3 E7r O<s<t<l

In summary, the pushforward reverse posterior
distribution of discrete diffusion dynamics can also
be characterized as an anchored multimodal MoG.
Analogous to continuous DLMSs, discrete DLMs
typically parameterize their backbone models to
directly predict zg. Therefore, during sampling, the
exact reverse posterior is approximated using the
model prediction &, replacing N7, with N
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A.3 Noising Variance of \-Diffusion Dynamic

Regarding 2* = \2¢ + (1 — \)2¢
2* could be simplified as follows:

, the variance of

J?\(t) = Var[zt)‘\xt,azo]
= Var[Azf + (1 = A)zfa, 0],
=Va ( (l‘o,l‘t, ) _‘_0.2360)

r[A
+ (1= N () + ofe)],
Var Au(zo, z¢,t) + (1 — )\),u
+ (]‘ - )‘)O-ged]a
= Var[Aofe® + (1 — N)ofe?],
= X(09)* + (1 = A)?(of)?,

(x¢) +Aofee

where €© and ¢? are independently sampled from
N(&0,1).
A.4 Reverse Posterior of \-Diffusion Dynamic

The detailed \-diffusion dynamic’s reverse poste-
rior derivation is done as follows:

q(23, 21| wo)
q(z !fﬂo)
o Z q zsvzt ,$S,$t|$0)

CAEAETE

)\
= i'l0)
_ Z q s |/< xsu%a xO) (Zt)\‘)’/w xtax())
o(3z0)

q(zs| e, w0)q(w¢|20)
q(7'|xo)
= > a2z, wo)a(wil 27, wo)g(ws|t, o)

Ts,Tt
= 3 gl 70) 3 s 20)a (2
Tt Ts

where the fourth equation is
q(z |z, 20) = q(xtlzggzto|):cqé)z?|xo)‘ The can-
cellations at third equation is based on conditional
independence relationships.

While q(zs|zs, 20) and q(2)|zs, 20) are de-
fined by the reverse posterior of discrete DLM
and continuous relaxation scheme, respectively,
q(¢|2\, 7) should be newly defined. In MDLM
and UDLM architectures, because x; has two pos-
sible states, zg (data state) or 7 (a terminal state),
q(¢|2}', 20) can be derived as follows:

derived by

q(zi] 2, 20) o< q(@|z0) N (275 pa(wo, 24, t), 0°1),

= dtN/fA(xo,xo,t)’ Tt = To,
(1- at)NEA(mo,W,t)’ =~ p(m).

|x37-730)7

B Experimental Setting Details

B.1 LLaDA-based Confidence Analysis
Details

We use a frozen GSAI-ML/LLaDA-8B-Base model
to obtain an external bidirectional confidence sig-
nal. At each ancestral denoising step, A\-DLM
first samples a clean-token proposal . Because
the generator and LLaDA use different tokeniz-
ers, the proposal is decoded with the generator
tokenizer and re-tokenized with the LLaDA tok-
enizer. LLaDA runs in evaluation mode, and a
single bidirectional forward pass produces position-
wise logits. For each non-padding token, we com-
pute normalized-entropy confidence

_ H (p:)
log |ViLapal|’

sz ) log pi(v

and average c; across positions to obtain a
sequence-level confidence score. For LLaDA-
guided retention results (Figure 3), the resulting
sequence-level confidence is recomputed at every
denoising step and broadcast across token positions
as the retention strength for that step.

;=

B.2 Main Unconditional Generation Details

In this section, we provide additional details of the
model architectures, training configurations, and
inference-time A selection protocol. Table 5 sum-
marizes the configurations used for both LM 1B and
OWT experiments. For LM1B, we evaluate tiny-
and small-DiT backbones with 24M and 139M pa-
rameters and a context length of 128, whereas the
OWT experiments use a 169M small-DiT model
with a context length of 1024. The larger parame-
ter count of the OWT model mainly results from
the larger GPT-2 vocabulary while retaining the
same 12-layer, 768-dimensional Small-DiT back-
bone. The additional A embedding consists of only
a lightweight two-layer MLP and therefore intro-
duces negligible parameter overhead.

For evaluating A-DLM, we select the inference-
time A schedule separately for each model, bench-
mark, and NFE setting, following the protocol de-
scribed in Section 5.1.3. For the constant schedule,
we search \g € [0, 1] with a step size of 0.1, while
for the log-shaped schedule we search the log-rate
r € [1,10] with a step size of 1. Schedule se-
lection is based primarily on mean MAUVE over
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Table 5: Model architectures and principal training configurations of A-DLM. The Small DiT architecture is shared
between LM 1B and OWT, while the different vocabulary sizes result in different total parameter counts.

Configuration Tiny DiT (LM1B) Small DiT (LM1B) Small DiT (OWT)
Transformer layers 8 12 12
Hidden dimension 256 768 768
Attention heads 8 12 12
MLP expansion ratio 4 4 4
Total parameters 24M 139M 16OM
Context length 128 128 1024
Vocabulary BERT-base-uncased =~ BERT-base-uncased GPT-2
Time embedding Sinusoidal + MLP Sinusoidal + MLP Sinusoidal + MLP
A embedding 2-layer MLP + SiLU  2-layer MLP + SiLU  2-layer MLP + SiLU
Backbone architecture DiT DiT DiT
Training Setup
Dataset LMI1B LM1B OWT
Training iterations 200K 200K 100K
Global batch size 512 512 512
Optimizer AdamW AdamW AdamW
Learning rate 3x107* 3x107* 3x107*
Weight decay 0 0 0
Gradient clipping 1.0 1.0 1.0
Learning-rate schedule Constant + warmup Constant + warmup Constant + warmup
LR warmup iterations 25K 2.5K 2.5K
Continuous noise VP-style VP-style VP-style
Two-pass warmup iterations 10K 10K 10K

Second-pass skip schedule

Linear annealing

Linear annealing

Linear annealing

Table 6: Selected A-schedule parameters for each model, benchmark, and NFE setting. Ao denotes the constant-\
parameter in Eq. 3, while r denotes the log-rate parameter in Eq. 4.

Setting Model Schedule parameter NFE=64 NFE=128 NFE=256 NFE=512 NFE=1024
SoftMask+A  Constant Ao (Eq. 3) 0.6 0.4 0.6 0.1 0.1
Tiny DiT - LM1B A-ReMDM Constant \o (Eq. 3) 0.5 0.9 0.4 0.3 0.2
A-UDLM Constant A\ (Eq. 3) 0.8 0.7 0.7 0.6 0.6
SoftMask+A  Constant Ao (Eq. 3) 0.6 0.7 0.4 0.3 0.3
Small DiT - LM1B  A-ReMDM Constant A\ (Eq. 3) 0.3 0.2 0.3 0.3 0.1
A-UDLM Constant A\ (Eq. 3) 0.9 0.9 0.9 0.7 0.7
A-ReMDM Constant Ao (Eq. 3) 0.2 0.2 0.1 0.2 0.1
Small DiT - OWT A-UDLM Constant \o (Eq. 3) 0.6 0.6 0.5 0.3 0.2
A-UDLM Log-rate r (Eq. 4) 2 5 6 8 7

held-out tuning seeds, and the selected configura-
tion is subsequently evaluated using separate test
seeds to avoid test leakage. Specifically, we use
seeds 3-5 for tuning and seeds 0-2 for final eval-
uation. Table 6 summarizes the selected schedule
parameters across all evaluated settings, while the
underlying constant-A sweeps are reported in Ta-
bles 7 and 8. The constant schedule is used as our
default, whereas the log-shaped schedule is addi-
tionally evaluated for OWT A-UDLM, for which it
provides meaningful improvements.

For training, the LM1B models are optimized
for 200K updates, while the reported OWT models
use 100K-update checkpoints with a global batch
size of 512. For final multi-seed evaluation, LM 1B
uses 1024 generated samples per seed with context
length 128, whereas the reported OWT comparison

uses 256 samples per seed with context length 1024.
Additional evaluation-specific settings, including
the MAUVE configuration, are kept fixed across
methods within each benchmark.

For the LM 1B experiments, we utilized a single
RTX 3090 for Tiny DiT and a single A100 GPU for
Small DiT. On average, training the tiny- and small-
DiT LM 1B models required approximately 3 and
2 days, respectively. For OWT, we used 4 x A100
GPUs, and training the 169M Small DiT models
for 100K updates required approximately 5 days.

B.3 Discussion of A\-ReMDM Instability

In this section, we discuss our interpretation of why
A-ReMDM (and similarly A-MDLM) generally un-
derperforms compared to A-UDLM. We hypothe-
size that the fixed terminal embedding in MDLM
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Figure 6: Comparison of A-MDLM and A-UDLM dy-
namics in the embedding space. Red dots indicate ter-
minal embeddings at each training iteration. Blue dot
indicates the ground-truth embedding. Larger purple
circles indicate z;' latent variable produced by different
t and .

architectures, namely the [MASK] token embedding,
induces a directionally degenerate training solu-
tion.

Unlike UDLMs, where the terminal embedding
varies across training iterations due to randomly
sampled terminal tokens, MDLMs always utilize
the same [MASK] embedding as the terminal state.
As a result, information about the terminal state can
become overly encoded within the backbone model
itself. Consequently, regardless of the timestep ¢
or the selected A value, the generated latent vari-
able z} always lies on the line segment between
the [MASK] embedding and the ground-truth em-
bedding as illustrated in Figure 6.

This geometric structure may implicitly encour-
age the model to regard the direction

2 — Enmsc &)

as a reliable signal for recovering the ground-truth
embedding. We hypothesize that the model grad-
ually overfits to this shortcut-like directional cue
during training. However, during sampling, the
latent variables are recursively constructed from
the model’s own denoising outputs rather than the
ground-truth embedding, making this directional
signal unreliable. Consequently, the learned de-
noising behavior can become unstable and less gen-
eralizable during inference.

C Additional Experimental Information

Standard deviation report. To assess the robust-
ness of the main unconditional generation results,
we additionally report mean and standard deviation
over three runs for both LM1B and OWT. Tables 9
and 10 provide the corresponding statistics for the
LMI1B results in Section 5.2, while Table 11 reports
those for the OWT experiments. Each entry reports
the mean and standard deviation of MAUVE and

generative PPL across three evaluation seeds. Over-
all, the results confirm that the main performance
trends are stable across random seeds, while the
magnitude of the gains varies across model archi-
tectures, datasets, and NFE settings.

A-sweeping results. We further report the com-
plete A\-sweeping results used for inference-time
schedule selection. Tables 7 and 8 present the
constant-A sweeps for Tiny- and Small-DiT mod-
els on LM1B, respectively. These sweeps illustrate
how varying retention strength changes MAUVE
and generative PPL across different denoising bud-
gets, and form the basis for selecting the schedule
parameters summarized in Table 6.
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Table 7: Full constant-\ coarse sweep on LM 1B with tiny DiT models. Each entry reports MAUVE and generative
PPL, with sample entropy shown in parentheses, for the corresponding \ and NFE setting.

NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
Model A

MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL

0.0 0.082 266.19(423) 0.077 171.71(4.14) 0.096 111.51(4.06) 0.087 79.93(3.95 0.09 5525 (3.79)
0.1 0069 26551(423) 0087 171.06(4.15) 0.087 10939 (4.04) 0.103 78.02(395 0110 54.91 (3.77)
0.2 0.077 276.66(423) 0.089 179.86(4.16) 0.089 112.96(4.05) 0.098 79.05(3.92) 0.09 5431 (3.76)
03 0079 283.13(4.23) 0.086 18453 (4.15) 0.090 113.01(4.05) 0092 78.86(3.90) 0.088 52.13(3.73)
04 0069 26320(421) 0.093 165.70(4.13) 0.082 103.58(4.03) 0.092 7233(3.88) 0.084 49.57 (3.71)
SoftMask+A 0.5 0.081 21621 (4.18) 0.076 137.95(4.09) 0.093 88.07(3.99) 0.090 61.56 (3.85) 0.090 42.73 (3.64)
0.6 0.084 168.62(4.10) 0.084 107.41(4.00) 0.097 7148 (3.87) 0.097 48.10(3.69) 0.087  34.66 (3.49)
0.7 0069 142.17(3.64) 0.084 81.41(3.50) 0.083 52.62(334) 0080 3522(3.02) 0078 23.80 (2.67)
0.8 0.066 139.46(220) 0.066 66.02(1.96) 0063 3553(1.75) 0065 17.26(1.38) 0062  7.77 (0.96)
0.9 0055 127.65(1.25) 0.057 5830(1.16) 0060 23.17(0.94) 0057 9.38(0.74) 0057  5.93(0.60)
1.0 0054 111.12(148) 0057 5639(1.18) 0.057 22.53(0.83) 0.056 10.64 (0.73) 0.057  6.87 (0.58)

0.0 0061 41836(435 0068 392.33(4.34) 0068 358.05(4.34) 0065 353.61(434) 0062 316.33 (4.29)
0.1 0.075 25464(3.95) 0.079 16748(3.79) 0.085 111.68(3.66) 0.096 90.16(3.30) 0.089  73.30 (2.64)
0.2 0077 23844(392) 0075 15496(3.77) 0.090 103.58(3.60) 0.090 80.42(3.28) 0.093  65.90 (2.58)
03 0074 22581(391) 0.080 141.00(3.75) 0.084 97.64(359) 0.100 75.83(3.23) 0.085 60.38 (2.53)
04 0079 21435(3.91) 0.077 13431(3.76) 0.096 89.94(357) 0.094 68.14(327) 0078 57.03(2.53)
AReMDM 0.5 0.080 205.62(3.91) 0.089 130.83(3.75) 0.095 87.69(3.58) 0.083 6527(3.23) 0084 5598 (2.52)
0.6 0.074 197.94(391) 0.081 12233(3.75) 0.075 8338(3.55 0.091 64.53(321) 0.085 54.64(2.49)
0.7 0.070 189.90(3.91) 0.083 117.36(3.74) 0.084 80.94(3.54) 0.089 60.52(3.20) 0.079 53.35(2.45)
0.8 0069 18297(3.90) 0.089 110.58(3.75) 0.090 75.05(3.54) 0083 5899(3.19) 0075 51.71(2.42)
0.9 0.074 177.40(3.90) 0.089 108.25(3.73) 0.081 74.01(3.53) 0.085 56.65(3.18) 0.086  51.20 (2.48)
1.0 0069 17225(3.90) 0.083 103.83(3.71) 0.080 69.06(3.52) 0.084 5447 (3.12) 0.082 4639 (2.41)

0.0 0.056 23524(328) 0.061 22244(334) 0060 216.70(3.38) 0.060 21348 (3.42) 0.062 194.27 (3.42)
0.1 0063 256.81(3.45) 0063 207.94(3.51) 0065 169.69(3.52) 0064 14636 (3.55) 0.072 118.55(3.51)
0.2 0067 269.86(3.61) 0.071 203.84(3.65 0072 163.08(3.68) 0.078 130.71(3.67) 0.077 92.69 (3.59)
03 0076 267.68(3.76) 0.084 206.86(3.78) 0.078 147.88(3.80) 0.093 108.78(3.72) 0.081  75.69 (3.54)
04 0073 23471(3.87) 0087 19556(3.85) 0.088 118.79(3.79) 0.102 81.07(3.54) 0.093 43.53(2.59)
A-UDLM 0.5 0.088 18147(3.91) 0.101 154.67(3.90) 0.105 9492(3.77) 0.118 57.75(331) 0.089  27.90 (2.15)
0.6 0.124 13351(3.94) 0.124 103.77(3.89) 0.117 57.13(3.65) 0.125 29.14(3.01) 0.094  15.41 (2.02)
0.7 0.119 104.84(3.95 0.124 8197(392) 0.122 4533(359) 0.122 2655(3.15) 0092  12.16(2.12)
0.8 0.132 91.79(3.95) 0.101 71.08(391) 0.113 3891(3.53) 0.109 24.07(3.12) 0.089  11.26(2.26)
0.9 0.119 84.17(391) 0.111 6356(3.85 0.102 39.63(3.54) 0089 23.02(3.04) 0079  8.65(2.07)
1.0 0108 8639(3.92) 0094 64.06(3.83) 0.092 41.10(3.46) 0.084 2339(2.98) 0070 12.49 (2.37)
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Table 8: Full constant-\ coarse sweep on LM 1B with small DiT models. Each entry reports MAUVE and generative
PPL, with sample entropy shown in parentheses, for the corresponding A and NFE setting.

Model N NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL MAUVE PPL
0.0 0.090 198.77(425) 0.101 127.56(4.18) 0.102 8624 (4.12) 0.108 61.19(4.05) 0.111  44.54(3.99)
0.1 0096 19492(4.24) 0.103 12656(4.18) 0.111 8395(4.11) 0.102 6138(4.05) 0.116 43.07 (3.97)
0.2 0.092 19641(424) 0.101 127.64(4.17) 0.113 8420(4.11) 0.112 59.71(4.03) 0.116 43.83(3.97)
03 0.082 209.72(425) 0.095 13021(4.17) 0.108 8293(4.10) 0.118 61.11(4.03) 0119  43.69 (3.96)
04 0079 200.01(424) 0.105 12496(4.17) 0.119 81.17(4.09) 0.112 59.10(4.02) 0.109  41.75(3.93)
SoftMask+A 0.5 0.083 180.10 (4.24) 0.096 11277 (4.16) 0.102  73.68 (4.09) 0.111  52.61 (4.01) 0.112  37.85(3.93)
0.6 0.096 148.67(421) 0.098 94.19(4.14) 0.109 61.99(4.04) 0.108 4550(3.98) 0.112  33.95(3.91)
0.7 0092 126.18(4.17) 0.117 84.15(4.10) 0.113 57.42(4.03) 0.111 4137(397) 0.111 3133 (3.87)
0.8 0.088 11555(3.80) 0.104 7392(3.78) 0.111 51.14(3.73) 0.116 3673(3.62) 0.111  29.29 (3.54)
0.9 0084 108.10(2.79) 0.082 69.50(2.72) 0.097 46.53(255 0098 32.68(236) 0.098 24.93(2.22)
1.0 0.067 10646(0.90) 0.077 61.69(0.77) 0.080 25.79(0.62) 0.078 1649 (0.55) 0.078  9.97 (0.39)
0.0 0.083 450.42(433) 0092 410.13(4.34) 0088 377.87(4.33) 0.091 35376 (4.34) 0.102 311.84 (4.32)
0.1 0.084 280.97(430) 0.109 176.10(4.20) 0.115 109.30(4.06) 0.137 69.26(3.88) 0.164  51.00 (3.64)
0.2 0079 266.19(429) 0.109 16534(4.19) 0.134 101.90(4.05) 0.143 64.02(3.87) 0.162 4851 (3.63)
03 0.080 253.13(4.28) 0.098 15497 (4.16) 0.118 9521 (4.01) 0.147 61.77(3.83) 0.130  46.18 (3.56)
04 0082 23633(425) 0.100 143.75(4.13) 0.134 86.84(398) 0.144 59.69(3.77) 0.133  45.20 (3.48)
A-ReMDM 0.5 0077 22828(423) 0.099 13595(4.10) 0.133 82.60(3.92) 0.113 5842(3.68) 0.134  46.17 (3.33)
0.6 0.083 221.44(421) 0094 131.92(4.08) 0.120 8236(3.88) 0.132 5856(3.61) 0.122  47.66 (3.22)
0.7 0076 21591(420) 0.086 131.93(4.06) 0.109 81.81(3.85 0.118 5894(3.56) 0.122  47.16 (3.14)
0.8 0078 219.83(4.20) 0.088 130.61(4.06) 0.115 8255(3.84) 0.115 59.04(3.53) 0.120  47.90 (3.06)
0.9 0.080 222.61(420) 0.094 130.88(4.05) 0.115 83.05(3.83) 0.112 6022(3.51) 0.112 48.74 (3.04)
1.0 0076 228.64(420) 0.113 13297 (4.05) 0.115 83.99(3.83) 0.113 61.18(3.50) 0.133  49.03 (3.02)
0.0 0.066 28242(3.44) 0072 28246(3.50) 0.083 275.52(3.56) 0.078 263.14(3.59) 0.080 262.95 (3.63)
0. 0.085 323.00(3.95 0.086 225.04(4.00) 0.118 159.25(4.00) 0.120 113.14(3.96) 0.108  80.03 (3.87)
0.2 0090 27429(3.94) 0.109 185.19(4.03) 0.129 119.99(4.04) 0.123 79.05(4.01) 0.137 5551 (3.90)
03 0.082 25346(3.89) 0.108 15648 (4.03) 0.143 101.54(4.03) 0.120 7251 (397) 0.125  60.09 (3.86)
04 0090 24371(3.85) 0.104 178.66(3.91) 0.113 167.72(3.71) 0.083 113.39(2.97) 0.077  99.31 (2.40)
AUDLM 05 0086 174.10(3.77) 0.108 118.75(3.78) 0.111 89.56(345) 0.091 67.32(2.78) 0.087 4231 (2.55)
0.6 0.096 12543(3.82) 0.125 8057(3.75) 0.134 5653(3.64) 0.130 39.95(327) 0.095 30.47 (2.91)
0.7 0.101 99.76(3.85 0.113 6835(3.86) 0.136 47.75(3.79) 0.123 33.77(3.56) 0.112  23.66 (3.18)
0.8 0.109 93.76(3.94) 0.127 6232(392) 0.151 43.12(3.84) 0.132 3120(3.63) 0.118 22.44(3.32)
0.9 0.098 87.62(398) 0.126 60.18(3.95 0.141 4190(3.85 0.123 31.53(3.68) 0.113 2272 (3.34)
1.0 0107 8628(4.02) 0.138 58.17(3.99) 0.143 42.86(3.85) 0.119 31.96(3.65) 0.118 23.85(3.35)

Table 9: Multi-seed unconditional generation results of tiny DiT-based models on LM1B. Each entry reports mean
=+ standard deviation over three runs. For A-based methods, A is selected with respect to MAUVE.

Model NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE
UDLM 0.061 & 0.004 0.059 +0.002 0.061 £0.004 0.062 4+ 0.002 0.062 4 0.003
MDLM 0.061 £ 0.004 0.062 +0.002 0.064 +0.004 0.066 £+ 0.003 0.065 4 0.002
ReMDM 0.065 £+ 0.003 0.070 £ 0.005 0.071 +0.003 0.071 £0.002 0.070 4+ 0.001
SoftMask 0.069 £+ 0.002 0.072 £0.004 0.082 +0.006 0.084 +0.010 0.080 4 0.005
SoftMask+\  0.071 +0.003 0.072 £+ 0.002 0.084 +0.002 0.081 £ 0.008 0.086 4 0.003
A-ReMDM  0.067 +0.004 0.074 £+ 0.003 0.076 +0.006 0.079 £+ 0.007 0.072 4 0.006
A-UDLM 0.099 + 0.005 0.095 £ 0.003 0.099 + 0.003 0.096 £+ 0.005 0.081 4+ 0.010
Gen. PPL
UDLM 400.88 £3.76 391.82 +0.97 381.82+6.23 377.01 £5.13 376.51 +4.49
MDLM 345.20 £2.00 306.74 +=4.84 275.55+£2.58 242.99 +£0.79 210.49 +4.70
ReMDM 261.20 £4.31 169.754+3.02 110.26 £1.22 72.86+1.32 50.39 £ 0.69
SoftMask 239.00 £1.44 151.95+0.63 96.41 £1.66 63.85+0.27  44.85 % 0.46
SoftMask+\ 168.43 £0.32 169.29 +1.32 70.52+0.29 76.63+0.91 54.52 £0.64
A-ReMDM  210.16 £3.80 108.35+1.67 90.39+1.17 7543 +0.67 62.26 £ 1.62
A-UDLM 93.86 = 1.05 78.94 £ 1.88 47.82 +£1.08 30.46 £ 1.47 17.48 +£0.24
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Table 10: Multi-seed unconditional generation results of small DiT-based models on LM1B. Each entry reports
mean =+ standard deviation over three runs. For A\-based methods, A is selected with respect to MAUVE.

Model NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE
UDLM 0.078 = 0.001 0.081 £+ 0.003 0.088 +0.001 0.087 +0.003 0.086 + 0.001
MDLM 0.078 = 0.002 0.085+ 0.004 0.091 £0.003 0.094 +0.006 0.094 + 0.004
ReMDM 0.077 +0.000 0.087 £+ 0.007 0.094 +£0.002 0.101 +0.001 0.098 + 0.003
SoftMask 0.080 +0.002 0.090 £+ 0.002 0.101 £0.001 0.101 +0.002 0.099 + 0.002
SoftMask+A 0.088 & 0.003 0.099 4+ 0.004 0.102 +0.002 0.104 £ 0.003 0.102 4 0.001
A-ReMDM  0.078 £0.001 0.099 +0.004 0.116 +0.002 0.119£0.008 0.116 4 0.004
A-UDLM 0.108 = 0.005 0.112+£0.002 0.122£0.008 0.118 0.002 0.106 % 0.003
Gen. PPL
UDLM 237.33£3.34 229.70 £5.54 226.97 +£5.06 221.85+4.55 221.97+2.14
MDLM 224.86 £4.69 189.78 £2.35 162.91 +6.08 142.51 £1.42 124.45+ 2.62
ReMDM 205.09 £5.17 128.04 +2.04 83.41+£1.48 59.18 £0.95 43.21 +0.82
SoftMask 172.494+2.09 110.78 £1.08 73.13+0.15 51.81+0.77 38.27+0.82
SoftMask+A 148.194+1.99 83.64 £2.04 84.28£1.50 59.694+1.60 43.78 +0.51
A-ReMDM  263.44 +1.73 157.06 £3.73 92.34£1.56 62.36 =0.37 49.98 +0.41
A-UDLM 90.02+0.49 58.89+0.44 42.544+0.42 33.53+0.67 23.70+ 0.37

Table 11: Multi-seed unconditional generation results of small DiT-based models on OWT. Each entry reports mean
=+ standard deviation over three runs.

Model NFE = 64 NFE = 128 NFE = 256 NFE =512 NFE = 1024
MAUVE
MDLM 0.244 £0.089 0.211 +0.017 0.374+£0.105 0.577 +£0.167 0.242 +0.108
ReMDM 0.125 +£0.060 0.300 £ 0.058 0.568 +0.072 0.664 +0.061 0.625 £ 0.138
SoftMask 0.1324+0.046 0.398 +£0.165 0.753 £0.042 0.712+0.064 0.635 + 0.081
A-ReMDM (const.) 0.270 £ 0.070 0.605+ 0.065 0.724 £0.165 0.866 +0.030 0.782 £ 0.022
A-UDLM (const.) 0.258 £0.039 0.438 £0.082 0.575+0.112 0.598 +0.105 0.691 £ 0.084
A-UDLM (log) 0.424 +0.044 0.678 £0.035 0.729 £0.096 0.792 +0.089 0.803 £ 0.092
Gen. PPL
MDLM 72.60+1.24 56.59+0.85 4526 +£0.97 37.99+040 30.65+0.34
ReMDM 70.88£0.52  43.504+0.59 29.29+0.26 21.12+0.25 15.39 +0.30
SoftMask 63.05 £0.54 38.60+0.33 25.84+0.17 18424+0.14 13.82+0.07
A-ReMDM (const.)  48.50 £0.49  29.75+0.14 22.35+0.39 19.974+0.11 17.23+£0.02
A-UDLM (const.) 39.58 £0.68 24.64+0.61 16.07£1.07 19.914+0.65 15.65+ 0.22
A-UDLM (log) 82.76 £1.79  34.694+0.24 21.09+0.31 13.90 £ 0.26 9.88 +0.21
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