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ABSTRACT

Discrete masked diffusion models (MDMs) enable parallel denoising with bidi-
rectional context but incur unnecessary compute by encoding the entire sequence
at every step and by assuming a fixed output length. We propose the Re-
moved–Masked Diffusion Model (Elastic-MDM), which redesigns the state space
by making a REMOVED token absorbing and excluding it from the Transformer
input; a single reverse pass per step couples token denoising with a lightweight
gap–count head that predicts how many removed tokens to (re)activate between
consecutive unmasked tokens, enabling variable-length decoding. We derive a
model-aligned objective without timestep weights and train with schedule ran-
domization. Empirically, Elastic-MDM delivers substantial wall-time savings at
similar quality on benchmark datasets, closely tracks the training length distribu-
tion without preset caps, and improves structured (JSON) synthesis. This shows
that Elastic-MDM offers a simple, practical path to efficient, variable-length dis-
crete diffusion.

1 INTRODUCTION

Autoregressive (AR) language models have achieved remarkable success in text generation by fac-
torizing the data distribution into a product of conditional next-token distributions and decoding
left-to-right (Achiam et al., 2023; Clusmann et al., 2023; Zhao et al., 2023). However, this unidi-
rectional one-token-at-a-time generation limits parallelization and complex tasks such as planning
and reasoning requiring bidirectional context understanding (Yang et al., 2023). Masked diffusion
models (MDMs) offer a compelling alternative: it casts generation as iterative denoising from a fully
noised token sequence (Austin et al., 2021; Hoogeboom et al., 2021; Campbell et al., 2022). This
paradigm allows many positions to update in parallel and enables global-context reasoning (Gong
et al., 2022; Li et al., 2022).

Despite these advantages, standard MDMs suffer from two practical limitations that hinder broader
adoption. (i) Inefficiency. At each denoising step, the model encodes the entire sequence, even
though only a subset of masked tokens are updated. This is unnecessary compute on masked tokens
that remain fixed. This encoding design inflates both training and inference time. (ii) Fixed length.
Most discrete diffusion models operate with a preset sequence lengths, which constrains their ability
to adapt to variable-length outputs when the sequence length is not known in advance. A broad
body of concurrent work underscores how central these bottlenecks are—exploring masked/blocked
attention on the compute side, and semi-autoregressive generation, insertion/deletion predictors as
well as length predictor on the length side (Sahoo et al., 2025; Arriola et al., 2025; Zhang et al.,
2025; Kim et al., 2025). Yet most approaches address only one side at a time—either compute or
length—while largely preserving the conventional MDM state space and training objective.

To address these limitations, we introduce Elastic Masked Diffusion Model (Elastic-MDM), a
masked diffusion framework designed for both efficiency and variable-length generation. Elastic-
MDM augments the standard state space with an absorbing [REMOVED] token: once a token tran-
sitions to [REMOVED], a token is excluded in the subsequent sequence, so the forward trajectory
monotonically shortens. We mirror this transition to define the reverse process with a denoiser and
a gap count predictor. At each reverse step, the input contains only already–unmasked tokens to-
gether with scheduler-selected [MASK] tokens. Then, a denoiser predicts the contents of the current
[MASK] tokens, while a lightweight gap-count predictor estimates, for every pair of consecutive
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unmasked tokens, how many [REMOVED] tokens should lie; the scheduler then insert that many
masks according to the noise schedule. We further provide a training recipe tailored to this pro-
cess, combining a single-pass denoising loss with a categorical gap-count loss and schedule-aware
noise injection. By construction, the model encodes only active positions, eliminating redundant
computation, and adapts sequence length on the fly by predicting and instantiating the number of
reactivated tokens per gap.

Through our experiments, we show that Elastic-MDM delivers substantial speedups in wall-clock
time and FLOPs while reaching comparable perplexity compared to standard MDMs. Beyond speed,
we observe that Elastic-MDM better aligns the training and generation length distributions and
proves advantages in structured-output settings such as JSON generation thanks to the variable-
length generation capability of Elastic-MDM.

Our contributions are: (i) State-space redesign for masked diffusion—mask as transient and a re-
moved absorbing state—so persistently hidden tokens are never encoded; (ii) Model-aligned train-
ing objective from NELBO that yields a single-pass denoiser loss and a categorical gap–count loss;
(iii) Variable-length generation via gap–count prediction between unmasked tokens; (iv) Train-
ing & inference efficiency — active token-only encoding cuts computation cost in both training
and inference; analysis and measurements agree across schedulers.

2 RELATED WORKS

Discrete diffusion for text. Early discrete diffusion works focus on a general corruption–
denoising Markov chains in categorical spaces and provide the comprehensive training methods
which can be applied to various applications (Austin et al., 2021; Hoogeboom et al., 2021). For text,
several works such as DiffusionBERT (He et al., 2022) and SEDD Lou et al. (2023) instantiate this
framework with a mask-as-absorbing process over token vocabularies. Subsequent works simplify
the training framework and make the masked discrete diffusion more practical: MDLM Shi et al.
(2024) and MD4 (Shi et al., 2024) propose a standard training objective function based on the simple
weighted cross-entropy loss with clean parametrization. More recently, scaling studies demonstrate
feasibility at larger scale, e.g., DiffusionLLaMA (Gong et al., 2024), LLaDA (Nie et al., 2025),
DREAM 7B (Ye et al., 2025), displaying noticeable improvement in performance competitive to the
recent autoregressive large language models.

Boosting efficiency in discrete diffusion. Recent work accelerates discrete diffusion models by
reducing either the per-step cost or the number of denoising steps. One line of work adapt KV-
caching to bidirectional denoising, to lower the cost of each step (Ma et al., 2025; Hu et al., 2025).
Another line exploits the parallel nature of discrete diffusion to shrink the denoising iteration: for ex-
ample, confidence-based decoding Yu et al. (2025) and adaptive parallel decoding Israel et al. (2025)
adjusts how many masked token to reveal per step. These directions are complementary to ours.
Rather than caching or merely widening parallel decoding, we change the state space: a removed
token becomes the absorbing state and is excluded it from the Transformer input, and we introduce a
variable-length mechanism which predicts how many removed tokens to (re)activate—cutting com-
pute from both sides (fewer active positions per step and fewer steps under suitable schedulers).
Concurrently, EsoLM (Sahoo et al., 2025) also excludes tokens not scheduled to be unmasked from
the attention, but it assumes a fixed-length generation whereas our model supports variable-length
generation.

Variable-length generation beyond fixed-length. Early attempts achieved variable length by op-
erating in an edit space—explicit insert/delete or tag→ action—so the length of generated sequence
can be variable during decoding Johnson et al. (2021); Reid et al. (2022). Subsequently, semi-
autoregressive diffusion models sequentially decode a block of tokens in the diffusion manner using
the previous blocks as the condition (Arriola et al., 2025), where they still are limited with a fixed-
length of block generation. More recently, several works bring variable length inside MDMs: DDOT
jointly denoises token values and positions to insert/shift spans (Zhang et al., 2025); DAEDAL and
DreamOn use diffusion-LM variants to control span length during infilling (Li et al., 2025) and (Wu
et al.); FlexMDM gradually inserts mask tokens and unmask (Kim et al., 2025). These are close in
spirit to ours in enabling variable-length generation, but they remain in the original diffusion state
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space and do not address computation efficiency gained by omitting masked tokens that will not be
unmasked.

3 PRELIMINARIES

Discrete denoising diffusion models (Austin et al., 2021; Hoogeboom et al., 2021) define a Markov
corruption-denoising process over categorical tokens via transition matrices. A masked diffusion
model (MDM) (Sahoo et al., 2024; Shi et al., 2024) is a widely used special case of discrete diffusion
for language modeling in which corruption moves toward an absorbing mask state ([MASK]), and,
once reached, it remains fixed.

Notation. Let V be a vocabulary of size K and extend it with the mask to Ṽ = V ∪ {[MASK]} of
size K+1. A single token x denotes an element of Ṽ; we write m ∈ Ṽ for the mask token. A clean
sequence of length L is x0 = (x

(1)
0 , . . . , x

(L)
0 ) with x

(l)
0 ∈ V for all l. Diffusion timestep is indexed

by t ∈ {0, 1, . . . , T} with per-step survival rate αt ∈ [0, 1] that decreases monotonically, α0 = 1
and αT = 0.

Forward process. In the forward diffusion, the MDM gradually corrupts the clean sequence x0 by
stochastically replacing original tokens with the mask, converging to xT = (m, . . . ,m). The token
for the position l ∈ {1, . . . , L} is independently corrupted according to

q
(
x
(l)
t | x

(l)
t−1

)
=

δm, x
(l)
t−1 = m,

αt

αt−1
· δ

x
(l)
t−1

+
(
1− αt

αt−1

)
· δm, x

(l)
t−1 ∈ V,

(1)

where δy is the point mass at token y ∈ Ṽ .

Reverse process and training. The reverse distribution pθ(xt−1|xt) is parameterized by a denois-
ing diffusion model and trained with the Negative ELBO (NELBO) (Sohl-Dickstein et al., 2015):

L(θ) = Ex0,q

[
− log pθ(x0|x1) +

T∑
t=2

DKL

(
q(xt−1|xt,x0)

∥∥ pθ(xt−1|xt)
)
+DKL

(
q(xT|x0)

∥∥ pθ(xT )
)]

.

(2)

Rather than optimizing the full NELBO in Eq 2, most masked diffusion models (e.g., MDLM (Sa-
hoo et al., 2024)) use a repameterized objective: instead of learning pθ(xt−1|xt) directly, they
set pθ(xt−1|xt) = q(xt−1|xt,x0 = x̂θ(xt)), i.e., the forward posterior conditioned on a model-
predicted clean sequence x̂θ(xt). Combined with variance-reduction techniques such as Rao–
Blackwellization (Sahoo et al., 2022) yields the simplified training loss:

L(θ) = Et,q

[αt−1 − αt

1− αt

∑
l:xl

t=m

logfθ(xt)
(l)(x

(l)
0 )

]
, (3)

in which fθ(xt)
(l)(v) is the probability assigned to token v in the softmax output from the model θ.

Generation. Sampling in a standard masked diffusion model starts from the fully masked se-
quence xT = (m, . . . ,m) of fixed length L. For timesteps t = T, T−1, . . . , 1, a noise scheduler
selects a subset St ⊆ {l : x

(l)
t = m} to reveal. The denoiser then produces token distributions

only at the selected masked positions, {fθ(xt)
(l)}l∈St

over V , while unmasked tokens are copied
through. The chosen positions are filled (e.g., by sampling or argmax), yielding xt−1 while other
masked positions remain masked. This iterative unmasking continues until no masks remain, pro-
ducing x0 ∈ VL.

Limitations of standard masked diffusion. Typical MDMs suffer from two key inefficiencies.
First, at each denoising step the model encodes the entire length-L sequence, even though the update
only act on St. Masked tokens that will not be revealed at the current step contribute little beyond
a constant mask embedding and positional markers, yet they still participate fully in the model’s
encoding. Second, the model assumes a fixed sequence length throughout training and sampling. In
practice many tasks require outputs shorter than this preset L; the fixed-length generation forces the
model to generate full-length sequences (or pad to L), which is unnecessarily costly when shorter
outputs would suffice. These issues motivate the efficiency-oriented redesign introduced next.
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Figure1
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① ② ③ ④ ⑤

Diffusion Transformer

<BOS> all mask love <EOS>

⋯ ⋯ ⋯ ⋯ ⋯

Denoiser

<BOS> all is love <EOS>
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②+③

0 1 2 3 4

③+④

Scheduler

all mask mask is love<BOS> <EOS>

(2,0)

𝑿𝟐 → 𝑿𝟏: 1-step backward processing

Figure 1: Elastic-MDM overview. Forward: clean → m(transient) → r (absorbing), removing r.
Reverse: a single pass denoises masks (pθ) and predicts gap counts (pϕ); the scheduler activates
sampled masks to form xt−1—enabling variable-length outputs and lower compute cost.

4 ELASTIC MASKED DIFFUSION MODEL

We propose a novel masked diffusion framework, dubbed Elastic Masked Diffusion Model (Elastic-
MDM), that augments the state space with a new token, [REMOVED] (r). In our design, r is the
absorbing state, while the standard mask m serves only as a transient state on the way from a clean
token to the absorbing state (clean→m→ r). Once a token becomes r, we remove it from the cur-
rent token sequence, so the sequence length decreases over the forward trajectory. Building on this
forward process, we parameterize a denoising diffusion model to mirror the forward. In specific,
at each reverse step the input sequence contains only already–unmasked tokens and a scheduler-
selected masked tokens at each reverse process while all r tokens are absent. The diffusion model
then unmasks the masked tokens, predicts how many r tokens should lie for every pair of consecu-
tive unmasked tokens, and, based on these predicted counts, we sample how many mask tokens to
activate for the next step according to the noise scheduler. The Elastic-MDM forward and backward
processes are illustrated in Fig. 1. This design eliminates unnecessary processing of masked tokens
and enable variable-length generation,

4.1 UPDATED SETUP WITH A REMOVED TOKEN

Let the extended vocabulary be V̂ = V ∪ {m, r}, where m is the (transient) mask and r is the new
absorbing removed token. We assume boundary tokens <BOS>,<EOS> ∈ V that are fixed in the
entire diffusion process. At diffusion step t, we write the token sequence as

xt = (<BOS>, x(1)
t , . . . , x

(Lt)
t , <EOS>), x

(i)
t ∈ V, (4)

where Lt is the number of unmasked interior tokens. Since positions that enter r are removed from
the sequence, Lt is nonincreasing in t, and xT = (<BOS>,<EOS>). We also introduce the vector
of gap counts

ℓt = (ℓ
(0)
t , ℓ

(1)
t , . . . , ℓ

(Lt+1)
t ) ∈ ZLt+1+1

≥0 , (5)

where ℓ
(i)
t is the number of inactive positions—tokens in {m, r}—that lie between the i-th and

(i+1)-th unmasked tokens in xt. Note that the number of ℓt is Lt+1 + 1 since the gaps counted
at time t between unmasked tokens are those between the unmasked and newly converted masked
tokens of xt−1.

The state at time t is the pair zt = (xt, ℓt).

4.2 FORWARD PROCESS

Under Elastic-MDM, the corruption proceeds in two adjacent-step phases: clean vocabulary tokens
may be masked at rate 1 − αt/αt−1, and any token that was masked in the previous step becomes
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removed (absorbing) in the next step. For a single token x ∈ V̂ , the forward transition probability is

q(xt|xt−1) =

{
δr, xt−1 ∈ {m, r},
αt

αt−1
δxt−1

+ αt−1−αt

αt−1
δm, xt−1 = x0.

(6)

Given the single-token forward kernel in Eq. 6, the sequence-level transition zt−1 = (xt−1, ℓt−1)→
zt = (xt, ℓt) is induced directly by applying the kernel tokenwise and updating the gap counts
accordingly; we provide the full derivation in Appendix B.1.

4.3 REVERSE PROCESS

To mirror the forward dynamics, we parametrize and factorize the reverse transition at step t from
zt = (xt, ℓt) to zt−1 = (xt−1, ℓt−1) as

pθ,ϕ(xt−1, ℓt−1 | xt, ℓt) = pϕ(ℓt−1 | xt, ℓt) pθ(xt−1 | xt, ℓt, ℓt−1). (7)
where pθ is the denoiser realized by the diffusion network, and pϕ is the gap count predictor imple-
mented as a lightweight neural network attached on top of the diffusion model. With this factoriza-
tion, our reverse proceeds in two designed steps: (1) the gap count predictor estimates how many
inactive tokens lie between each pair of unmasked tokens (gap counts), and (2) then the denoiser
updates only the masked tokens in the sequence xt.

Token denoising (pθ). The denoiser outputs a distribution over V for a masked tokens with the
position k in xt, fθ(xt)

(k) ∈ ∆K , and we set

pθ
(
x
(k)
t−1 | xt, ℓt, ℓt−1

)
= fθ(xt)

(k) (8)

while already–unmasked tokens are copied deterministically: x(k)
t−1 = x

(k)
t if x(k)

t ∈ V . In practice
we observed no measurable improvement from conditioning on t,t−1; hence we condition on xt

only.

Gap count prediction (pϕ). Let h(k)
t be the diffusion model’s final-layer features at the k-th token

x
(k)
t . We design the predictor to output a categorical distribution over the number of removed tokens

for a pair of adjacent unmasked tokens. Concretely, given h
(k)
t and h

(k+1)
t , the predictor outputs

softmax values over discrete counts 0:Rmax:

pϕ(ℓ
(k)
t−1 | xt, ℓt) = softmax gϕ

(
h
(k)
t , h

(k+1)
t

)
∈ ∆Rmax ,

in which Rmax is the maximum possible number of inactive tokens in our model, which coincides
with the global maximum sequence length. For the same reason above, we condition on xt only.

4.4 ELASTIC-MDM TRAINING OBJECTIVE

Applying the NELBO (Eq. 2) to our formulation with the parameterized reverse distribution over
zt = (xt, ℓt) yields the following objective

LElastic−MDM =

T∑
t=2

Ez0,q(zt|z0)

[
DKL

(
q(zt−1|zt, z0) ∥ pθ,ϕ(zt−1, | zt)

)]
. (9)

Using the factorization in Sec. 4.3 and the exact forward posterior q(zt−1|zt, z0), the KL in Eq. 9
reduces to the sum of two negative log-likelihoods for token denoising and gap count prediction:

LElastic−MDM = −
T∑

t=2

Ez0,q(zt|z0),q(zt−1|zt,z0)

[ ∑
x
(i)
t =m

log pθ(x
(i)
0 |xt, ℓt, ℓt−1)

︸ ︷︷ ︸
denoiser loss

+

Lt∑
i

log pϕ(ℓ
(i)
t−1|xt, ℓt)︸ ︷︷ ︸

gap count prediction loss

]
.

(10)
Full derivation is deferred to Appendix B.3. We simultaneously compute each term in Eq. 10
with a single forward pass of the diffusion network on xt and jointly optimize them at every step.
Regarding gradient routing, we use gradients from the gap count loss to update both the diffusion
backbone and the predictor head, whereas the denoiser loss updates only the backbone.
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Algorithm 1 RMDM Sampling with Variable Length
Require: noise schedules {αt}Tt=0; models fθ (token denoiser) and gϕ (gap–count head)

1: xT ← ⟨<BOS>,<EOS>⟩
2: for t = T, . . . , 1 do
3: extract h(0)

t , h
(1)
t , . . . , h

(Lt)
t , h

(Lt+1)
t from the diffusion model’s backbone and xt

4: (gap prediction) for k = 0, . . . , Lt − 1:
π
(k)
t ← softmax(gϕ(h

(k)
t , h

(k+1)
t )); sample ℓ̃ kt ∼ Cat(π

(k)
t )

5: (single forward) for all masked token with the position l,
sample x

(l)
t−1 ∼ pθ(· | xt); copy already-unmasked tokens through to obtain xt−1

6: pmask(t)← αt−2−αt−1

1−αt−1

7: (activate masks) for k = 0, . . . , Lt:
L
(k)
t ∼ Binomial(ℓ

(k)
t , pmask(t));

insert L k
t masks between x

(k)
t and x

(k+1)
t to form xt−1

8: end for
9: return x0

Noise-schedule randomization during training. Unlike reparameterized MDM objectives that
admit a T → ∞ limit and a continuous–time view, our loss in Eq. 10 depends explicitly on the
finite horizon T . Hence we cannot recover a continuous–time objective by sending T to infinity. To
avoid overfitting to a single discretization and to retain robustness to the scheduler and the number
of denoising steps used at inference, we adopt a practical mixture strategy: at every update we
randomize the schedule. Concretely,

t ∼ U{1, . . . , T}, 1− αt ∼ U [β, ω], 0 ≤ β < ω ≤ 1,

i.e., we sample the step and draw a clipped mask rate within [β, ω]. This exposes the model to a
spectrum of discretizations and corruption levels during training, yielding better generalization to
unseen schedulers and timestep budgets at test time.
Remark (Comparison to the standard MDM loss). Relative to the usual reparameterized MDM ob-
jective as in Eq. 3, our objective differs in three ways: (i) No timestep weights — once t is sampled,
there is no explicit schedule weight in the denoiser loss (ii) Progressive supervision — we supervise
the immediate reverse transition by predicting xt−1 in the denoiser loss, rather than predicting x0

directly from x0. (iii) Additional gap-count loss — beyond token denoising, we add a categorical
likelihood term for the gap count predictor, which learns how many removed tokens should appear
between adjacent unmasked tokens.These differences are not ad hoc; they follow directly from our
reverse parameterization with an absorbing removed state, so Eq. 10 is a well-aligned objective for
our diffusion modeling.

4.5 VARIABLE-LENGTH GENERATION USING ELASTIC-MDM

Starting from the fully noised state xT = (<BOS>,<EOS>), we iterate for t = T, . . . , 1 with a
single forward pass per step:

1. Gap counts. For each pair of consecutive unmasked tokens in xt, the head gϕ outputs a categori-
cal distribution π

(k)
t over counts r ∈ {0, . . . , Rmax}; we stochastically sample r̃(k)t ∼ Cat(π

(k)
t ).

2. Token denoising. We decode all masked positions with pθ(· | xt, ℓt−1) and copy unmasked
tokens.

3. Mask activation. Given the scheduler’s activation rate, we activate a random subset of the pre-
dicted removed tokens, r̃(k)t , and insert those m between the two unmasked tokens to form the
next sequence xt−1.

Because removed tokens are never fed to the model and newly inserted masks depend on the pre-
dicted gap counts, the effective length Lt evolves during sampling; consequently, x0 is generated
with a variable length rather than a pre-fixed length. The full procedure is summarized in Alg. 1.
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Table 1: Inference computation cost of our method under different scheduling strategies. T is
the number of denoising step; L is the target sequence length. We report the total attention compute
up to constants. Standard MDM costs TL2 regardless of the scheduler.

Scheduler αt (schedule) Computation cost Asymptotic order

Cosine cosπt
2

L2
T∑

t=1

cos2
πt

2
O(TL2)

Linear 1− t L2 (2T + 1)(T + 1)

6T
O(TL2)

Exponential e−σt L2 1− e−2σT

e2σ − 1
O(L2)

Computational efficiency of Elastic-MDM compared to standard MDMs Our sampler is com-
putationally efficient because removed tokens r are never fed to the Transformer: attention is com-
puted only over the active sequence at each step. This yields a smaller total attention cost than
standard MDM. For the concrete comparison, let T be the number of denoising steps and L the
target sequence length. While Elastic-MDM generates variable-length sequences, we assume for
analysis that Elastic-MDM generates L tokens as the final output, and the gap count predictor and
the denoiser act correctly so that the unmasked token length equals αtL. Then, the exact savings
depend on the mask schedule {αt} (Table 1). With the widely used linear schedule, our complexity
remains O(TL2) but the dominant TL2 term’s constant drops to 1

3 , giving substantial speedups, es-
pecially for long sequences. With an exponential schedule, the complexity further reduces toO(L2),
asymptotically improving over the standard O(TL2). This is because using the exponential sched-
ule, the initial decoding phases run on much shorter inputs and later phases generate more tokens at
a time, which is more efficient when encoding active tokens only like Elastic-MDM. We empirically
observe matching training and inference speedups (Sec. 5.1 and 5.3).

5 EXPERIMENTS

Experimental Setup. We evaluate Elastic-MDM on two corpora and sequence budgets: LM1B
(Chelba et al., 2013) with Lmax = 128 and OpenWebText (OWT) (Gokaslan et al., 2019) with
Lmax=1024. Unless noted otherwise, models share the same backbone size and training recipe
across methods. We report (i) generative perplexity (Sahoo et al., 2024) scored by a frozen LM
evaluator (Qwen-3 (Team, 2025)) on decoded samples, and (ii) wall-clock efficiency (per-sequence
latency; batch throughput). Our baselines is standard MDM model, MDLM (Sahoo et al., 2024),
for fixed-length diffusion. All baselines use the same tokenizer, maximum length cap, and sched-
uler family as Elastic-MDM. Complete data, model, optimization scheme, and hardware details are
provided in Appendix C.

5.1 PERPLEXITY VS. WALL TIME

We sweep the number of denoising steps T and compare quality–speed trade-offs for Elastic-MDM,
MDLM, and SEDD. We used the linear scheduler and measure (i) generative PPL (lower is better)
and (ii) per-sequence latency on identical hardware.

From the Fig. 2, Elastic-MDM consistently attains lower per-sequence latency than MDLM at
the same T , across all tested denoising budgets T . The gap grows with T : as more steps are
taken, active-only encoding amortize the cost advantage, yielding progressively larger end-to-end
speedups. In terms of quality, the generative PPL of Elastic-MDM is on par with—and in several
settings modestly better than MDLM. Overall, the quality–speed Pareto curve shifts favorably for
Elastic-MDM.

5.2 LENGTH-DISTRIBUTION ALIGNMENT

We test whether Elastic-MDM reproduces the empirical training-length distribution at generation
time without fixing a global L. For each dataset we plot the histogram of target lengths in the
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Figure 2: Quality–speed trade-off on LM1B (L=128). Generative perplexity (Qwen-3 scorer;
lower is better) vs. wall time (ms / sample) as T varies. Circles: Elastic-MDM; squares: MDLM.

Figure2

Figure 3: Length-distribution matching. Train vs. generated length histograms on LM1B (L=128)
and OWT (L=1024). Elastic-MDM adapts lengths on the fly and follows the training distribution
closely; MDLM collapses to a fixed cap.

training set and the histogram of generated lengths from Elastic-MDM (variable) and MDLM (fixed
L or padded).

With MDLM, lengths concentrate at the preset cap (128 for LM1B, 1024 for OWT) or at padded val-
ues, so the generated-length histogram fails to match the data distribution. In contrast, Elastic-MDM
closely follows the training-length histogram: the gap–count predictor reliably allocates variable
numbers of tokens between structure anchors.

5.3 RUNTIME VS. SCHEDULER FAMILY

We measure per-sequence wall time for three schedules with the same backbone and step budget
T : linear, p-linear with p=2, and exponential. As predicted by our cost model (∝ L2

∑
t α

2
t ),

exponential is fastest, p-linear (2-linear) is second, and linear is slowest; see Fig. 4.

5.4 STRUCTURED OUTPUT: JSON GENERATION

Schema–constrained JSON generation is naturally variable length: each key–value field may expand
to a different number of tokens, and many fields (e.g., arrays, free-form strings) have unbounded
length. With a fixed-length denoising process, one must reserve a global budget and either pad or
truncate, which wastes computation and often hurts structural validity. In contrast, given Elastic-
MDM can exploit JSON structures. Namely, we first instantiate a template (skeleton) that pins all
structural tokens (braces, brackets, commas, colons, quotes, and keys). At each reverse step the
denoiser fills only the masked content slots, while the gap–count head predicts how many additional
tokens should appear between two anchored structure tokens. This lets the model elastically allocate
length per field and per step, something standard fixed-length MDMs cannot do.
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Figure 4: Scheduler-dependent runtime on OWT (L=1024, fixed T ). Measured wall time for
Elastic-MDM vs. MDLM under linear/polynomial/exponential schedules. Consistent with analysis,
exponential yields asymptotically O(L2) behavior for Elastic-MDM.

Task setup and training design. We evaluate Elastic-MDM on JSON synthesis under predefined
schemas. Following the SchemaBench benchmark (Lu et al., 2025), we adopt the schema-only
setting, which tests structural fidelity without reasoning. In this task, the model is given a schema and
must generate JSON content that conforms to it, validated using the jsonschema library (Berman
& contributors, 2025). We filter SchemaBench samples to length ≤ 1024 tokens, yielding 7,537
instances (6,783 train / 754 validation). As mentioned earlier, JSON generation can be formulated
as an infilling task, where the model reconstructs missing content given a schema and structural
tokens (e.g., { }, [ ], ,, :). Thus, we train our model to infill the missing content with variable-
length, where as a baseline, MDLM, is trained using fixed placed holders with a sufficient token
size, which are filled with a padding token for remained positions.

Method Valid (%)

MDLM 3.58%
Elastic-MDM 24.01%

Table 2: Validation accuracy
on schema-only JSON gen-
eration.

Results. Our method yields a substantial improvement over
MDLM in this setting. On the held-out validation set, MDLM at-
tains only 3.58% valid JSON under the supplied schema, whereas
Elastic-MDM reaches 24.01% (Table 2). We score an output as cor-
rect if it can be parsed and validated by jsonschema. Note that
SchemaBench–style JSON generation is typically evaluated with
large language models; here we intentionally use a compact back-
bone to study efficiency and controllability. While this keeps abso-
lute accuracy modest, the relative gains from variable-length gen-
eration are clear, and we expect accuracy to improve substantially
with larger backbones—our state-space redesign and gap prediction are orthogonal to model size.

6 CONCLUSION

We revisited masked diffusion through the lens of efficiency and flexibility. By introducing a RE-
MOVED absorbing token and excluding it from the model input, Elastic-MDM avoids repeatedly
encoding persistently hidden sites. A single-pass reverse step then couples token denoising with a
gap-count predictor that decides how many removed tokens lie between unmasked tokens, enabling
variable-length decoding. Building on this modeling, we derive the objective aligned with the re-
verse parameterization. Empirically, Elastic-MDM reduces wall time while maintaining comparable
generative perplexity. It also matches training length distributions and improves schema-constrained
JSON generation. Overall, Elastic-MDM shows that a minimal change to the discrete diffusion state
space yields a practical decoder that is lean, parallel, and naturally variable-length.

ETHICS STATEMENT
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and multinomial diffusion: Learning categorical distributions. Advances in neural information
processing systems, 34:12454–12465, 2021.

Zhanqiu Hu, Jian Meng, Yash Akhauri, Mohamed S Abdelfattah, Jae-sun Seo, Zhiru Zhang, and
Udit Gupta. Accelerating diffusion language model inference via efficient kv caching and guided
diffusion. arXiv preprint arXiv:2505.21467, 2025.

10

https://doi.org/10.5281/zenodo.16896019
https://doi.org/10.5281/zenodo.16896019
http://Skylion007.github.io/OpenWebTextCorpus
http://Skylion007.github.io/OpenWebTextCorpus


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Daniel Israel, Guy Van den Broeck, and Aditya Grover. Accelerating diffusion llms via adaptive
parallel decoding. arXiv preprint arXiv:2506.00413, 2025.

Daniel D Johnson, Jacob Austin, Rianne van den Berg, and Daniel Tarlow. Beyond in-place corrup-
tion: Insertion and deletion in denoising probabilistic models. arXiv preprint arXiv:2107.07675,
2021.

Jaeyeon Kim, Lee Cheuk-Kit, Carles Domingo-Enrich, Yilun Du, Sham Kakade, Timothy Ngo-
tiaoco, Sitan Chen, and Michael Albergo. Any-order flexible length masked diffusion. arXiv
preprint arXiv:2509.01025, 2025.

Jinsong Li, Xiaoyi Dong, Yuhang Zang, Yuhang Cao, Jiaqi Wang, and Dahua Lin. Beyond fixed:
Variable-length denoising for diffusion large language models. arXiv preprint arXiv:2508.00819,
2025.

Xiang Li, John Thickstun, Ishaan Gulrajani, Percy S Liang, and Tatsunori B Hashimoto. Diffusion-
lm improves controllable text generation. Advances in neural information processing systems, 35:
4328–4343, 2022.

Aaron Lou, Chenlin Meng, and Stefano Ermon. Discrete diffusion modeling by estimating the ratios
of the data distribution. arXiv preprint arXiv:2310.16834, 2023.

Yaxi Lu, Haolun Li, Xin Cong, Zhong Zhang, Yesai Wu, Yankai Lin, Zhiyuan Liu, Fangming Liu,
and Maosong Sun. Learning to generate structured output with schema reinforcement learning.
arXiv preprint arXiv:2502.18878, 2025.

Xinyin Ma, Runpeng Yu, Gongfan Fang, and Xinchao Wang. dkv-cache: The cache for diffusion
language models. arXiv preprint arXiv:2505.15781, 2025.

Shen Nie, Fengqi Zhu, Zebin You, Xiaolu Zhang, Jingyang Ou, Jun Hu, Jun Zhou, Yankai
Lin, Ji-Rong Wen, and Chongxuan Li. Large language diffusion models. arXiv preprint
arXiv:2502.09992, 2025.

William Peebles and Saining Xie. Scalable diffusion models with transformers. In Proceedings of
the IEEE/CVF international conference on computer vision, pp. 4195–4205, 2023.

Machel Reid, Vincent J Hellendoorn, and Graham Neubig. Diffuser: Discrete diffusion via edit-
based reconstruction. arXiv preprint arXiv:2210.16886, 2022.

Subham Sahoo, Marianne Arriola, Yair Schiff, Aaron Gokaslan, Edgar Marroquin, Justin Chiu,
Alexander Rush, and Volodymyr Kuleshov. Simple and effective masked diffusion language
models. Advances in Neural Information Processing Systems, 37:130136–130184, 2024.

Subham Sekhar Sahoo, Anselm Paulus, Marin Vlastelica, Vı́t Musil, Volodymyr Kuleshov, and
Georg Martius. Backpropagation through combinatorial algorithms: Identity with projection
works. arXiv preprint arXiv:2205.15213, 2022.

Subham Sekhar Sahoo, Zhihan Yang, Yash Akhauri, Johnna Liu, Deepansha Singh, Zhoujun Cheng,
Zhengzhong Liu, Eric Xing, John Thickstun, and Arash Vahdat. Esoteric language models. arXiv
preprint arXiv:2506.01928, 2025.

Jiaxin Shi, Kehang Han, Zhe Wang, Arnaud Doucet, and Michalis Titsias. Simplified and general-
ized masked diffusion for discrete data. Advances in neural information processing systems, 37:
103131–103167, 2024.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. In International conference on machine learn-
ing, pp. 2256–2265. pmlr, 2015.

Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu. Roformer: En-
hanced transformer with rotary position embedding. Neurocomputing, 568:127063, 2024.

Qwen Team. Qwen3 technical report, 2025. URL https://arxiv.org/abs/2505.09388.

11

https://arxiv.org/abs/2505.09388


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Zirui Wu, Lin Zheng, Zhihui Xie, Jiacheng Ye, Jiahui Gao, Yansong Feng, Zhenguo Li, Victoria
W., Guorui Zhou, and Lingpeng Kong. Dreamon: Diffusion language models for code infilling
beyond fixed-size canvas. URL https://hkunlp.github.io/blog/2025/dreamon.

Ling Yang, Zhilong Zhang, Yang Song, Shenda Hong, Runsheng Xu, Yue Zhao, Wentao Zhang,
Bin Cui, and Ming-Hsuan Yang. Diffusion models: A comprehensive survey of methods and
applications. ACM computing surveys, 56(4):1–39, 2023.

Jiacheng Ye, Zhihui Xie, Lin Zheng, Jiahui Gao, Zirui Wu, Xin Jiang, Zhenguo Li, and Lingpeng
Kong. Dream 7b: Diffusion large language models. arXiv preprint arXiv:2508.15487, 2025.

Runpeng Yu, Xinyin Ma, and Xinchao Wang. Dimple: Discrete diffusion multimodal large language
model with parallel decoding. arXiv preprint arXiv:2505.16990, 2025.

Andrew Zhang, Anushka Sivakumar, Chiawei Tang, and Chris Thomas. Flexible-length text infilling
for discrete diffusion models. arXiv preprint arXiv:2506.13579, 2025.

Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yingqian Min,
Beichen Zhang, Junjie Zhang, Zican Dong, et al. A survey of large language models. arXiv
preprint arXiv:2303.18223, 1(2), 2023.

12

https://hkunlp.github.io/blog/2025/dreamon


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

A APPENDIX OVERVIEW

This appendix contains:
Sec. B – proofs and derivations, including the sequence-level forward transition and the reduction
of the NELBO to our training objective in Eqs. 2–10.
Sec. C – experimental settings sufficient for reproduction: datasets, architecture and training details,
hyperparameters, schedules, and compute.
Sec. D – mask schedules, presenting different mask schedules (cosine, linear, exponential, power-
linear, clipped) that govern the rate at which tokens are revealed during training.

B PROOFS AND DERIVATIONS

The function g0 is a deterministic operation that computes the count vector ℓt from current sequence
xt and initial state z0. Likewise, the function g1 is a deterministic operation that computes the count
vector ℓt from current sequence xt and previous state zt−1.

B.1 SEQUENCE-LEVEL TRANSITION zt−1 → zt

Given anchors in xt and gap counts ℓt, reconstruct the full canvas by interleaving inactive sites; then
show how (xt−1, ℓt−1) deterministically maps to (xt, ℓt) under the forward. Details and edge cases
(BOS/EOS) to be inserted.

q(zt|zt−1) = q(xt|zt−1) q(lt|xt, zt−1) (11)

=

{
q(xt|xt−1), if lt = g1(xt, zt−1)

0, otherwise
(12)

q(xt|xt−1) is calculated via the single-token factorization.

B.2 SEQUENCE-LEVEL POSTERIOR DISTRIBUTION

We derive the exact reverse posterior under our forward process. Using Bayes’ rule together with
this constraint, the posterior factorizes as

q(xt−1, ℓt−1 | zt, z0) = q(xt−1 | zt, ℓt−1, z0)× q(ℓt−1 | zt, z0) . (13)

Then, by definition of g0()̇, we have

q(xt−1 | zt, ℓt−1, z0) =

{
q(xt−1 |xt, ℓt−1,x0) if ℓt−1 = g0(xt−1, z0)

0, otherwise.
(14)

The posterior is factorized:

q(xt−1 |xt, ℓt−1,x0) = Πxi
t−1=r

1−αt−2

1−αt−1
Πxi

t−1=m
αt−2−αt−1

1−αt−1
(15)

in which,

q
(
xi
t−1

∣∣∣xi
t

′
, ℓt−1,x0

)
=


1 xi

t

′ ̸∈ {m, r}
1 xi

t

′
= m

αt−2−αt−1

1−αt−1
xi
t

′
= r.

(16)

We also have the posterior of ℓt by the forward transition definition:

q(ℓt−1 | zt, z0) = Π

(
ℓit

ni(xt, ℓit)

)
(17)

,where ni(xt, ℓ
i
t) indicates number of masked token in lit which can be extracted from xt and ℓit.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

B.3 FROM NELBO TO THE RMDM OBJECTIVE

Sketch. Starting from LRMDM = Ez0, q(zt|z0)
[
KL

(
q(zt−1 | zt, z0) ∥ pθ,ϕ(zt−1 | zt)

)]
, apply the

factorization pθ,ϕ(zt−1 | zt) = pϕ(ℓt−1 | xt) pθ(xt−1 | xt, ℓt−1), expand the KL, and use the exact
forward posterior to separate (i) token values at activated masks and (ii) gap-count terms, yielding
Eq. equation ??. Full derivation to be inserted.

Proof. Let define the NELBO as following.

LNELBO = Eq(x0)

[ T∑
t=1

Lt−1 + LT

]
(18)

(19)

Then we have:

LT = Eq(x0)

[
DKL(q(zT | z0) ∥ p(zT ))

]
= 0.

And we also compute Lt−1

Lt−1 = Eq(zt|z0)

[
DKL

(
q(zt−1 | zt,x0) ∥ pθ(zt−1 | xt, ℓl)

)]
(20)

= Eq(zt|z0)Eq(zt−1)

[
log

q(xt−1|zt, z0, ℓt−1)q(ℓt−1|zt, z0)
pθ(xt−1|zt, ℓt−1)pθ(ℓt−1|zt)

]
(21)

= Lt−1 = Eq(zt|z0)Eq(zt−1)

[
log

q(xt−1|zt, z0, ℓt−1)

pθ(xt−1|zt, ℓt−1)

]
+ Eq(ℓt−1)

[
log

q(ℓt−1|zt, z0)
pθ(ℓt−1|zt)

]
.

(22)

The first term is computed as follows:

Eq(zt−1)

[
log

q(xt−1|zt, z0, ℓt−1)

pθ(xt−1|zt, ℓt−1)

]
(23)

= Eq(zt−1)

[
log

q(xt−1|xt, z0, ℓt−1)

pθ(xt−1|xt, ℓt−1)

]
(24)

= Eq(zt−1)

∑
x
(i)
t =m

− log pθ(x
(i)
0 | xt, ℓt−1) + C. (25)

Regarding the second term, we have:

Eq(zt−1)

[
log

q(ℓt−1|zt, z0)
pθ(ℓt−1|zt)

]
= Eq(zt−1)

Nt∑
i

− log pϕ(1(ℓ̂
(i)
t−1 = ℓ

(i)
t−1) | zt) + C. (26)

C EXPERIMENTAL SETTINGS

C.1 DATASETS AND PREPROCESSING

For language modeling experiments, Our model is evaluated primarily on the One Billion Words
dataset (LM1B)(Chelba et al., 2013) and OpenWebText (OWT)(Gokaslan et al., 2019). LM1B is
tokenized with the bert-base-uncased tokenizer at a fixed context length of 128, while OWT uses the
GPT-2 tokenizer with sequences wrapped to length 1024 and explicit eos tokens inserted between
concatenated documents. Vocabulary size is defined by the categorical space of tokens, with the last
index reserved for a special [MASK] token. In LM1B, sequences are truncated or padded to length
128, whereas in OWT the first and last tokens of each batch are forced to eos. Filtering rules are not
explicitly detailed, except that LM1B follows prior work in detokenization. For evaluation, LM1B
reports perplexity on its standard test split, while OWT—lacking a predefined split—uses the last
100K documents as a held-out validation set.
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C.2 ARCHITECTURE

The backbone model follows a diffusion transformer architecture (Peebles & Xie, 2023). Our con-
figuration consists of 12 layers with hidden size dmodel = 768 and 12 attention heads, resulting in
approximately 110M parameters. We adopt rotary positional embeddings (RoPE; (Su et al., 2024))
with BOS anchoring to stabilize generation, and support a maximum sequence length of 1024 to-
kens. In addition, we incorporate a regressor head gϕ that predicts the number of tokens between
two observed positions. Timestep conditioning is applied to produce conditioning vectors used for
AdaLN modulation. To efficiently handle variable-length sequences, we employ FlashAttention
(Dao et al., 2022) with the varlen kernel, enabling memory- and compute-efficient attention over
dynamically padded batches.

C.3 TRAINING HYPERPARAMETERS

We train our models with the AdamW optimizer (learning rate 3 × 10−4, β1 = 0.9, β2 = 0.999,
ϵ = 10−8, weight decay 0) and apply gradient clipping at 1.0. A constant warmup learning rate
schedule with 2,500 warmup steps is used by default, although alternative schedules such as co-
sine decay with warmup are also supported. The diffusion horizon is configured as either T = 0
(continuous-time) or a fixed-step setting (e.g., T = 1000), depending on the experiment. Multiple
noise schedules, including log-linear and geometric variants, are implemented with additional ran-
domization strategies (e.g., probabilistic masking or insertion), while theoretical parameters such as
1 − αt ∼ U [β, ω], Rmax, or label clipping to Rmax do not appear as explicit configuration options
but are instead reflected implicitly in the diffusion loss formulations.

C.4 COMPUTE RESOURCES

Experiments were conducted on 4×NVIDIA H100 NVL GPUs (94 GB each) with bfloat16 mixed
precision. Training was managed with PyTorch 2.2.1, using CUDA 12.4, and key libraries including
Transformers 4.53.2 and flash-attn 2.5.6.

D MASK SCHEDULES

We parameterize corruption by a survival rate schedule {αt}Tt=0 ⊂ [0, 1] that is monotonically
decreasing with α0 = 1 and αT ≈ 0. Let t̄ = t/T ∈ [0, 1]. The instantaneous mask rate is
1−αt; the activation fraction used in our sampler is ρt := 1−αt/αt−1 (i.e., the fraction of inactive
positions that become active between t−1 and t).

Cosine. The cosine schedule gradually preserves more mass early and releases it later:

αt = cos
(π
2
t̄
)
, t = 0, . . . , T.

(Optionally use the squared form cos2(·)(Han et al., 2022); we adopt the unsquared version so that
αT = 0 exactly.)

Linear. Mass decreases at a constant rate:

αt = 1− t̄, t = 0, . . . , T.

Exponential. Early steps change little while later steps release many tokens at once:

αt = e−σt̄, σ > 0.

We set σ = log 1
ε so that αT = ε (e.g., ε = 10−3). Intuition: because αt stays high initially and

drops sharply near the end, only a few positions are active early while many are activated in later
steps—precisely where our active-only encoding yields the largest speedups.

Power-Linear (p-linear). A one-parameter family that interpolates between convex/concave re-
veals:

αt = (1− t̄) p, p > 0.
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Here p = 1 recovers linear; p > 1 (convex) keeps more mass early and releases it later (closer to
exponential), whereas 0 < p < 1 reveals more mass early (closer to cosine). We use p to sweep how
“bursty” the schedule is.

(Optional) Clipped variants. Following clipped schedules, one may sample a mask rate 1−αt ∼
Uniform[β, ω] with 0 ≤ β < ω ≤ 1 and keep αt piecewise-linear within the active range; outside
[β, ω] we set αt ≈ 1 (before) and αt ≈ 0 (after). This preserves low-variance gradients when
sampling discrete steps.
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