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Abstract

Masked Diffusion Models (MDMs) have emerged
as a promising alternative to autoregressive mod-
els in language modeling, offering the advantages
of parallel decoding and bidirectional context pro-
cessing within a simple yet effective framework.
Specifically, their explicit distinction between
masked tokens and data underlies their simple
framework and effective conditional generation.
However, MDMs typically require many sam-
pling iterations due to factorization errors stem-
ming from simultaneous token updates. We ob-
serve that a theoretical lower bound of the factor-
ization error exists, which standard MDMs cannot
reduce due to their use of a deterministic single-
state mask. In this paper, we propose the Infi-
nite Mask Diffusion Model IMDM), which intro-
duces a stochastic infinite-state mask to mitigate
the theoretical bound while directly inheriting the
benefits of MDMs, including the compatibility
with pre-trained weights. We empirically demon-
strate that MDM fails to perform few-step gener-
ation even in a simple synthetic task due to the
factorization error bound, whereas IMDM can
find an efficient solution for the same task. Fi-
nally, when equipped with appropriate distillation
methods, IMDM surpasses existing few-step dis-
tillation methods at small step counts on LM 1B
and OpenWebText.!

1. Introduction

Recently, Masked Diffusion Models (MDMs) (Sahoo et al.,
2024; Shi et al., 2024; Ou et al., 2025) have gained sig-
nificant traction as a promising alternative to Autoregres-
sive (AR) models (Radford et al., 2019; Grattafiori et al.,
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2024). Specifically, MDMs are characterized by their ca-
pability for bidirectional and parallel decoding, offering a
distinct advantage over the sequential nature of AR models.
Driven by these advantages, active research is underway to
utilize MDMs as a backbone for Large Language Models
(LLMs) (Nie et al., 2025; Labs et al., 2025; Song et al.,
2025). MDMs are trained on simple masked token predic-
tion objectives similar to BERT (Devlin et al., 2019), en-
abling them to perform conditional generative downstream
tasks seamlessly from an unconditional model, such as
text completion (Gong et al., 2025; Nie et al., 2025; Xie
et al., 2025b; Song et al., 2025). Such a masked modeling
paradigm that distinguishes masked tokens from unmasked
tokens allows MDMs to offer the efficiency of parallel de-
coding while maintaining high-quality performance.

Despite the advantages, MDMs inherently suffer from fac-
torization errors when sampling multiple tokens simultane-
ously, which necessitates costly iterative decoding in prac-
tice (Deschenaux & Gulcehre, 2025; Xu et al., 2025; Liu
et al., 2025; Hayakawa et al., 2025; Yoo et al., 2025). To
address the computational burden associated with such iter-
ative processes, various few-step distillation methods (De-
schenaux & Gulcehre, 2025; Hayakawa et al., 2025; Yoo
et al., 2025) have been actively explored. However, even
with few-step distillation techniques, challenges in few-step
generation persist, suggesting the presence of an inherent
performance ceiling regardless of the distillation method.
Specifically, as MDM utilizes a single-masked state that ab-
sorbs the entire data distribution, the stochasticity in the data
distribution must originate from categorical sampling. How-
ever, as the simultaneous decoding of multiple tokens incurs
inevitable factorization error, MDMs cannot fully match the
target distribution in extremely few-step regimes, even if the
model is at the optimum with respect to its objective.

In this paper, we address these theoretical and practical
challenges through the following contributions:

* First, we analyze the factorization error in MDMs,
identifying a non-trivial theoretical lower bound that
persists independently of the distillation method em-
ployed due to their use of a deterministic single-state
mask.

* Second, to overcome this theoretical limit, we propose
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the Infinite Mask Diffusion Model (IMDM). By replac-
ing the deterministic mask token with stochastic latent
masks that remain strictly distinguishable from valid
data tokens, IMDM addresses the inherent factoriza-
tion error bound while leveraging the advantages of
MDMs, including their simple framework and effective
conditional generation capabilities.

* Finally, we show that integrating IMDM with existing
distillation frameworks serves as an effective strategy
to enhance the few-step generation performance of
MDMs.

2. Related Works

Masked Diffusion Models Masked Diffusion Models
(MDMs) are a class of discrete diffusion models that utilize
absorbing states as priors (Austin et al., 2021; Lou et al.,
2024; Sahoo et al., 2024; Shi et al., 2024). In these models,
the forward process progressively masks each token in the
data, and the model learns to predict the masked tokens
based on the unmasked context tokens. This framework is
simple and effective, leveraging a mask token that does not
appear in the data, which leads to a straightforward objective
and decoding process (Sahoo et al., 2024; von Riitte et al.,
2025). Moreover, MDMs can adapt easily to conditional
generative tasks, as their training involves generating data
with arbitrarily shaped masked regions (Lou et al., 2024;
Nie et al., 2025; Ou et al., 2025).

The simplicity of the framework, combined with its poten-
tial for handling various masking patterns, makes MDMs a
promising alternative to autoregressive (AR) models (Nie
et al., 2025), particularly for generative tasks such as text
completion and code infilling. Unlike AR models (Radford
et al., 2019; Grattafiori et al., 2024), which use sequential
decoding with causal transformers, MDMs benefit from par-
allel decoding and bidirectional context processing, which
improves efficiency and generation quality (Nie et al., 2025).
Recent research (Bie et al., 2025; Zhu et al., 2025; Gong
et al., 2025; Xie et al., 2025b) has applied MDMs to various
generative downstream tasks, demonstrating their effective-
ness in handling complex token dependencies through the
masking process.

Few-Step Distillation for MDMs Despite their effective-
ness, Masked Diffusion Models (MDMs) often require many
sampling steps to ensure high-quality generation, primar-
ily due to factorization errors that arise from simultane-
ous token updates, which disrupt token correlations (De-
schenaux & Gulcehre, 2025; Hayakawa et al., 2025; Yoo
et al., 2025; Xu et al., 2025; Liu et al., 2025). Recent ap-
proaches (Deschenaux & Gulcehre, 2025; Hayakawa et al.,
2025) have focused on few-step distillation to reduce the
number of sampling iterations needed for high-quality gen-

eration. These methods involve distilling many-step pre-
dictions of a teacher model into few-step predictions of a
student to achieve similar performance with fewer steps.

Although progress has been made, we observe that a the-
oretical lower bound exists for the factorization error that
MDMs cannot overcome. This lower bound arises from
the deterministic nature of the single-state mask (i.e., the
fully-masked state) used in MDMs, which prevents them
from fully capturing token dependencies in fewer steps. To
address the bottleneck, we propose the Infinite Mask Dif-
fusion Model (IMDM), which introduces stochasticity to
masked tokens to enable effective few-step generation.

While Di4C (Hayakawa et al., 2025) also explores stochas-
ticity, the method employs a mixture model that results in
complex objectives sensitive to hyperparameters. In con-
trast, IMDM reinterprets the single-state mask as an infinite
mask, providing a simpler and more direct adaptation of
existing distillation methods while incorporating stochas-
ticity. We provide an extended comparison to other recent
approaches that extend or analyze discrete diffusion beyond
the standard MDM formulation in Sec. D.

3. Background

Notation We consider a discrete random variable X tak-
ing values in the space of one-hot vectors V = {x €
{0,1}% - Zfil x; = 1}. We denote the K -dimensional
column vector of ones by 1 and a one-hot vector that rep-
resents a category k € {1,2,--- K} as iy. We use ©
and (-, -) for the Hadamard and dot products, respectively.
For a sequence of length L, we denote the sequence as
xtl = (x1,...,xF) € VL, where the (-th token is given
by x’. Cat(-; p) denotes the categorical distribution over V
parameterized by the probability vector p € AK~1 where
AK—1is a simplex over K categories.

3.1. Discrete Diffusion Models

Discrete Diffusion Models Building on the formula-
tion of Discrete Denoising Diffusion Probabilistic Models
(D3PMs) (Austin et al., 2021), we adopt the framework
proposed by Sahoo et al. (2024), which defines the forward
process as an interpolation between the clean data x and
a noise distribution 7 € AX~1, Given a monotonically
decreasing noise schedule o € [0, 1], the forward transition
probability ¢(z;|x) is defined as:

q(z¢|x) = Cat(ze; apx + (1 — ay)7), (1)

where z; € V denotes the latent variable at time step ¢. For
any s < t, the posterior distribution ¢(zs|z:,x) takes the



Infinite Mask Diffusion for Few-Step Distillation

following closed form using the ratio a5 = ay/as:

q(zs|z¢, x) = Cat

<z ovgsze + (1 - o)1 2] © [aex + (1 — as)ﬂ']> .

izl x+ (1 — ayp)z) m
@

A common choice for training the diffusion model
is optimizing the standard variational lower bound
(ELBO) (Austin et al., 2021; Sahoo et al., 2025; Schiff
et al., 2025; Sahoo et al., 2024; Shi et al., 2024). In general,
the reverse process py(zs|z¢) is trained to match the poste-
rior ¢(zs|z¢,x) by minimizing the Kullback-Leibler (KL)
divergence:

L=E,, 4 (ws + Dic1[q(2s|2¢, %) ||po(2s|20)]] . (3)

where w, ; weights the KL divergence. The models often
parameterize the reverse transition kernel as py(zs|z;) =
q(zs|z¢, x = xp(2¢, 1)), and generate data with the learned
reverse process.

This framework generalizes various discrete diffusion pro-
cesses depending on the choice of the prior 7v (Austin et al.,
2021; Lou et al., 2024; Ou et al., 2025; von Riitte et al.,
2025). Typically, 7r is set to either a uniform distribution (Sa-
hoo et al., 2025; Schiff et al., 2025) or an absorbing state,
the latter of which corresponds to Masked Diffusion Models
(MDMs) (Sahoo et al., 2024; Shi et al., 2024; Nie et al.,
2025). Specifically, uniform discrete diffusion (Schiff et al.,
2025; Sahoo et al., 2025) defines the prior 7 = %1, and
MDMs define the prior as 77 = m while extending the state
space to VT = VU {m}, where m denotes a one-hot vector
corresponding to the mask token.

Advantages of Distinguishable Mask Tokens The key
property of the mask token m is the explicit distinction
between m and data x, i.e., (m,x) = 0. This disjoint prop-
erty provides a simple training and inference formulation of
MDMs. For instance, Sahoo et al. (2024) have shown that
the posterior in Eq. (2) simplifies to:

(2] ) Cat(zs; z¢) Z; 7 m,

ZS z 7X = — Qg )M g —Ot )X

¢ ¢ Cat(Zs; (1-a) 112(!‘5 2) ) Zy =1,
4

providing a simple decoding process that progressively
unmasks the masked tokens. Moreover, with Rao-
Blackwellization, the loss term in Eq. (3) simplifies to:

/
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where o =

MDM’s use of a distinguishable mask token is particularly
beneficial for conditional generation. By explicitly indicat-
ing which positions are observed (conditioning context) and

which must be predicted, the mask token enables a clean
separation between context encoding and target decoding.
As a result, diverse conditioning patterns (including prefix
completion and span infilling) can be implemented simply
by selecting the mask region, leading to robust performance
on conditional generation tasks (e.g., text completion) in
both finetuned and training-free settings (Gong et al., 2025;
Nie et al., 2025; Xie et al., 2025b; Shi et al., 2024).

3.2. Factorization Error of Discrete Diffusion Models

Discrete diffusion models typically avoid modeling the full
joint transition kernel py(z¢|zs), since doing so would re-
quire predicting a categorical distribution over K’ joint
configurations, i.e., a probability vector in AK “~1 which
is computationally infeasible for most sequences. In-
stead, they use the factorized approximation py(z;L|z,) ~
Hle po(z¢|z,), which scales to high-dimensional data but
discards dependencies among tokens. We refer to the result-
ing mismatch between the joint and the model’s factorized
prediction as factorization error, which can be quantified
via the model-dependent conditional total correlation (Yoo
et al., 2025; Hayakawa et al., 2025; Liu et al., 2025):

L
TCO(Zs‘zt) = Ezt DKL(p(zS|Zt)|| Hpg(Z£|Zt))
/=1
(6)

TCp measures the gap between the true joint and the
model’s factorized prediction, and reduces to the data-
only total correlation when pg matches the true per-token
marginals. Specifically, since the factorized model treats
the posterior of each token independently, simultaneous up-
dates to jointly correlated tokens distort the true distribution,
resulting in poor generation quality. In few-step generation,
larger time gaps between s and ¢ necessitate simultaneous
updates of multiple tokens, making the addressing of fac-
torization error essential for high-quality generation (Yoo
et al., 2025; Hayakawa et al., 2025). To mitigate the error,
prior works aim to reduce the discrepancy by approximating
the joint posterior with a teacher model’s multi-step predic-
tion (Deschenaux & Gulcehre, 2025; Hayakawa et al., 2025)
or with a rectified coupling constructed by generating data
with a teacher model (Yoo et al., 2025).

4. Method

As discussed in Sec. 3.1, the advantages of MDMs appear
to stem primarily from the clear distinction between masked
and valid data tokens (i.e., (x, m) = 0). This observation
raises the question of whether a single, deterministic mask
token is strictly necessary to maintain these benefits.

In this section, we first argue that the use of a single deter-
ministic mask token results in the irreducible factorization
error that acts as a fundamental bottleneck for existing few-
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step distillation methods (Sec. 4.1). Then, we propose the
Infinite Mask Diffusion Model (IMDM), which introduces
infinite stochastic mask tokens to MDMs (Sec. 4.2). By
leveraging the distinction property of MDM while avoiding
the use of a single, deterministic mask token, IMDM miti-
gates the theoretical lower bound of the factorization error,
while leveraging MDM’s simple framework and effective
conditional generation.

4.1. Factorization Error Bound of MDMs

As discussed in Sec. 3.2, the factorization error arises when
correlated tokens are updated simultaneously. In this sec-
tion, we argue that the use of a single, deterministic mask
token incurs an irreducible factorization error lower bound.
To theoretically analyze the lower bound of this error specifi-
cally in MDMs, we consider a scenario where the ¢-th token
z! and the j-th token z] are both masked at timestep ¢ and
unmasked between ¢ and s. Let p(e;;) denote the probability
of this specific event occurring.

Theorem 4.1 (Lower Bound of Factorization Error in
MDMs). Let e;; be the event where tokens at indices i
and j are simultaneously decoded. Then, for any MDM with
parameters 0, the conditional total correlation is lower-
bounded by their conditional mutual information weighted
by the event probability:

TCy(zs|z,) > maxpley;) - I(zis29 | 2)7), (D)
7‘7]

where zt\{i’j Y denotes the set of tokens at timestep t exclud-

ing the tokens at indices i and j.

Sketch of Proof. Since TCy(zs|z:) > TC(zs|z¢) for any 6,
where TC(z4|z:) = Ey, [Dicr(p(zsl20) || TT, p(2t|2.))] s
the data-only total correlation, it suffices to lower-bound 7°C'.
We derive the following bound by leveraging the distinction
property of MDM (i.e., {x, m) = 0):

TC(zs|z¢) > LB(e;;), where
LB(es;) = ples) [Hzi; 2 | 2007 eyy)
-H ((Z?Zi) | Z)“’j}’ez‘j) ] ®)

Then, we use the following equation as the states of masked
tokens are deterministic (i.e., H(z;) = H(z;) = 0):

H ((zi,z{) | z,}{i’j},eij> =0. )

Substituting these into Eq. (8), and noting that the inequality
holds for any pair of indices ¢ and j, we obtain the stated
lower bound by taking the maximum over all pairs. The
complete proof is provided in Sec. A.1. O
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Figure 1. An overview figure of IMDM. In IMDM, ¢ is sampled
from a uniform distribution and processed through an MLP to
generate a stochastic component, which is then added to the base
mask embedding. This addition renders the final mask embedding
stochastic, inheriting the randomness of €, and enabling the model
to simulate an infinite variety of masks.

The theorem suggests that the lower bound of the factor-
ization error becomes more pronounced in two primary
scenarios. First, the error bound tends to increase as the
step size grows, a characteristic of few-step generation. As
indicated in Eq. (4), the first term in the bound, p(e;;),
scales with (al%o‘it)z This relationship implies that the
lower bound rises as the step size A; = (ay — «g) increases,
particularly as the timestep ¢ approaches the data distribu-
tion (o — 1). Consequently, the factorization error lower
bound of MDMs may pose a significant challenge in few-
step decoding regimes, which necessitate larger step sizes.

The second scenario involves a significant value of the con-
ditional mutual information term I(z;zJ | z, '/} e;;),
which quantifies the correlation between unmasked tokens
z and zJ given the previous state z, "/}, Given that dis-
crete diffusion models are widely applied to natural lan-
guage tasks which usually have a strong dependency be-
tween tokens, it is reasonable to assume the existence of
token pairs exhibiting non-negligible mutual information.
These observations collectively suggest that the presence of
this theoretical bound may constrain the ability of MDMs
to generate semantically consistent data within the few-step
regime. Furthermore, as this lower bound is inherent to the
formulation and independent of the specific model archi-
tecture, it likely limits the potential gains from distillation,
even when employing powerful optimization techniques.

4.2. Infinite Mask Diffusion Model

In Sec. 4.1, we observed that the lower bound of factor-
ization error, which is inherent to the MDM framework,
poses a potential barrier to few-step generation, even when
distillation techniques are applied.

To address the inherent limitations of MDMs while pre-
serving their simple design and effective generation per-
formance, we propose the Infinite Mask Diffusion Model
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(IMDM), as illustrated in Fig. 1. Motivated by the observa-
tion that the benefits of MDMs likely stem from the distin-
guishability of the mask token rather than its deterministic
single-state nature, we formulate IMDM to utilize an infinite
set of stochastic mask tokens that remain strictly distinguish-
able from the data. Specifically, we start the derivation of
IMDM from uniform discrete diffusion over an extended
state space and show that it reduces to a purely masked dif-
fusion form by enforcing the distinguishability between data
and mask tokens. This derivation strategy allows IMDM
to directly inherit the NELBO of uniform discrete diffu-
sion (Schiff et al., 2025) (see Sec. A.3).

In the following paragraphs, we first introduce the formula-
tion of IMDM, highlighting that its training and decoding
processes closely mirror the simple structure of standard
MDMs. Next, we provide a theoretical analysis suggesting
that the factorization error lower bound observed in MDMs
is effectively mitigated in our framework; specifically, we
demonstrate the existence of an optimal model capable of
minimizing this error. Finally, we discuss the compatibility
between IMDM and MDM, providing implementation de-
tails that allow for the efficient reuse of pre-trained MDM
weights.

IMDM Formulation To simultaneously achieve the dis-
tinguishability of mask tokens and the flexibility of infinite
stochastic masks, we define the state space Z as the union
of the data vocabulary V and an infinite set of latent mask
states M (where | M| — 00). Recognizing that the explicit
separation between masked and unmasked tokens facilitates
the simple formulation and effective conditional generation
of MDMs, we enforce a strict disjoint property between the
data and the set of latent mask states as follows:

Z=VUM, whereVNM ={. (10)
To introduce stochasticity to the mask tokens, we formulate
the IMDM forward process as uniform discrete diffusion
over the extended state space Z. Specifically, the forward
transition probability of IMDM g¢vpm (2¢|%) is defined as:

_atl

grvpnm (2Ze|X) = aux +

N M
= (X + (1 — O(t) (Kﬂ'v + KTI'M) s
(11

where N = |V| and M = | M| denote the sizes of the data
and latent mask categories, respectively, and K = N+ M is
the total dimension. The vectors 7y, 7 o denote probability
vectors representing a uniform distribution over ¥ and M
respectively. Considering the limit M — oo, the terms
simplify (since N/K — 0 and M /K — 1), yielding:

qrvpm (2e]x) = X + (1 — o) g (12)

The resulting forward process closely resembles MDM
while a token transitions to one of the latent mask states
in M uniformly at random with probability 1 — «;. Fur-
thermore, similar to Sahoo et al. (2024), which relies on
the separation between the mask token and data, IMDM
preserves the distinction property (i.e., (z,x) = 0 for all
z € M). Leveraging the property, the posterior distribution
is given by:

(4] ) Cat(zs; z¢) z; €V,

Zs)|Zt,X) = —ag)T as—og)X

A%l Cat(zs; (1—as) i”_J;E s—at) )z €M,
(13)

where 71"M = Qq|sZt + (1- Oét\s)ﬂ'/vl~

In addition to the posterior distribution, the training objec-
tive of IMDM is identical to MDM’s objective in Eq. (3):

/!

T ftat log({x¢(z,t),x))|, (14)

Livipm =Eq, + [
where o) = 85’? . Eq. (14) shares the same form as MDM’s
NELBO, demonstrating the seamless design of IMDM, and
is used only to verify that pre-trained MDM weights trans-
fer to IMDM (Sec. C.4); our few-step generation experi-
ments instead train with distillation methods (see Sec. 5.3).
Full derivations regarding the posterior and NELBO can be
found in Sec. A.3.

As shown in Eqgs. (12) and (14), IMDM closely resembles
the simple and effective framework of MDMs. By resem-
bling the simple structure with explicit distinction between
masked and unmasked tokens, IMDM can inherit the bene-
fits of MDMs, including their performance on conditional
generation. More precisely, identifying M as the single
token m collapses the IMDM state space Z = V U M
to the MDM state space VT = V U {m} and reduces the
IMDM forward of Eq. (12) to the standard MDM forward.
This structural relationship enables seamless weight trans-
fer from a pretrained MDM to IMDM, which we further
confirm empirically in Sec. C.4. The next subsection shows
that keeping M uncollapsed admits an optimal model that
mitigates the factorization-error bound of Theorem 4.1.

Implementation of IMDM Although the theoretical
framework closely mirrors that of MDMs, the practical
success of IMDM in few-step distillation depends on the
ability to effectively utilize pre-trained MDM parameters.
In order to seamlessly adapt pre-trained MDMs for IMDM
distillation, we define the embedding layer Fy : Z — R¢

as:
. Ew(Z) Z < V,
Eo(z) = {Ew(m) + MLPy(e) z€ M, (1>

where 1) denotes the parameters of the pre-trained MDM,
m represents the mask token of the pre-trained model,
and ¢ € R? is a continuous noise vector that follows
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Unif.(—1, 1). Since explicitly instantiating the infinite set
M is intractable, this formulation allows us to represent the
mask states implicitly by injecting sampled continuous noise
€ into the fixed mask embedding. We initialize the weights
and biases of the output layer of ML Py to zero, ensuring that
the IMDM initially behaves identically to the pre-trained
MDM. This design effectively models a high-entropy mask
state (approximating |M| — oo) while preserving the ob-
servable behavior of the original MDM, thereby enabling
the seamless reuse of pre-trained weights. Consequently,
the compatible design allows for the direct application of
existing distillation methods on the IMDM framework.

Distillation with IMDM The main goal of IMDM is to
mitigate the theoretical limitation of MDMs on few-step
generation. By introducing stochasticity, IMDM guarantees
the existence of parameter 6 that reduces the factorization
error to 0.

Theorem 4.2 (Zero Factorization Error in IMDM). There
exist an IMDM forward process and parameters 0% such
that

TCy«(zs|ze) =0 forall zs,z, € Z. (16)
Proof. The proof is provided in Sec. A.2. O

The theorem suggests that, unlike MDMs which appear to
be limited by a structural lower bound of factorization error,
IMDM offers a theoretical capability to mitigate this error
when the factorization error captured by Eq. (16) is reduced.

Concretely, IMDM admits a construction of an optimal
model via a partition-and-map mechanism that exploits the
stochasticity of its mask states. Let E denote the set of
positions that are masked at ¢ and unmasked between ¢ and
s. Conditioned on the unmasked context zf ¢ , the construc-
tion defines a deterministic map F : MIFl — VIF| that
takes the mask-state values z”° as input and returns a token
sequence in VIEI. Since |M| — oo, 2P admits arbitrar-
ily fine partitions whose subset probabilities match those
of p(zF|z;), and F deterministically assigns each subset
to a valid sequence; marginalizing over z” then recovers
the true conditional. In contrast, MDMs use a single de-
terministic mask token, so z” takes a single fixed value
with no variation to partition; the MDM model is therefore
restricted to factorized predictions and incurs the structural
lower bound formalized in Theorem 4.1. We emphasize that
this construction shows the existence of an optimal IMDM,
not that the trained model automatically realizes it. The for-
mal construction is provided in Sec. A.2, and we empirically
validate this prediction in Sec. 5.2.

We interpret the iterative distillation procedures of
SDTT (Deschenaux & Gulcehre, 2025), ReDi (Yoo et al.,
2025), and Di4C (Hayakawa et al., 2025) as progressively

reducing the factorization error of Eq. (16): SDTT itera-
tively transfers longer effective rollouts into 1-step student
predictions; ReDi iteratively rectifies the coupling between
z; and x, an empirical analog of the construction in The-
orem 4.2’s proof; Di4C distills dimensional correlations
across rounds.

5. Experiments

In this section, we evaluate our proposed method, IMDM,
across three distinct scenarios. We first introduce the experi-
mental setup for standard language modeling benchmarks
(Sec. 5.1). Next, we validate the theoretical implication of
the factorization error bound and analyze the role of infi-
nite mask of IMDM using a controlled synthetic dataset
(Sec. 5.2). Then, we conduct an in-depth analysis of distilla-
tion strategies and model compatibility on the One Billion
Word (LM1B) dataset (Sec. 5.3). Finally, we demonstrate
the few-step generation performance of IMDM on Open-
WebText benchmark (Sec. 5.4).

5.1. Experimental Setup for Language Modeling

In this subsection, we detail the configuration shared across
our language modeling experiments on LM 1B and Open-
WebText. Specific details for the synthetic dataset are pro-
vided in Sec. 5.2.

Datasets and Models We utilize two standard bench-
marks: One Billion Word (LM1B) (Chelba et al., 2013)
and OpenWebText (Gokaslan & Cohen, 2019). Following
Sahoo et al. (2025), we set the sequence length to 128 tokens
for LM1B and 1024 tokens for OpenWebText, employing
sentence-packing (Raffel et al., 2020) to match these lengths.
For tokenization, we use the BERT tokenizer (Devlin et al.,
2019) (vocab size 30,522) for LM1B and the GPT-2 tok-
enizer (Radford et al., 2019) (vocab size 50,257) for Open-
WebText. Consistent with prior works (Sahoo et al., 2024;
Deschenaux & Gulcehre, 2025), we adopt the GPT-2 Small
architecture for all experiments. Further implementation
details are provided in Sec. B.

Evaluation Metrics We evaluate generation quality
primarily using Generative Perplexity and Sample En-
tropy (Dieleman et al., 2022). Following standard proto-
cols (Hayakawa et al., 2025; Sahoo et al., 2025), we generate
1,024 samples and compute generative perplexity using a
pre-trained GPT-2 Large model (Radford et al., 2019). To
complement generative perplexity and identify potential fail-
ure modes such as mode collapse, we additionally report
Sample Entropy (Wang et al., 2022). For the conditional
generation experiment on OpenWebText, we further employ
the MAUVE score (Pillutla et al., 2021) to assess the align-
ment between the generated continuations and the given
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Table 1. Synthetic experiment result. Validity denotes the ratio of
valid samples in generated samples, and token entropy denotes the
entropy of marginal distribution. ‘Error’ denotes the factorization
error in Eq. (6) measured at full masking by marginalizing over
10,000 noise realizations.

Models ‘ Validity  Token Entropy  Error
MDM 49.8% 0.69 0.693
IMDM 97.7% 0.69 0.082

Random Seq. | 50.0 % 0.69 -

prompts (Deschenaux & Gulcehre, 2025). In this condi-
tional setting, following Deschenaux & Gulcehre (2025),
we randomly select 256 prompts (consisting of the first 50
tokens) from the test set and generate five completions of
1,024 tokens per prompt, using the first 100 generated tokens
for evaluation. All reported results use standard categorical
sampling without temperature, top-k, or top-p adjustments.

5.2. Empirical Analysis on Synthetic Dataset

We first demonstrate the practical implications of the factor-
ization error bound discussed in Sec. 4.1 using a synthetic
dataset, which MDMs inherently fail to generate in a sin-
gle step due to the deterministic nature of the mask token.
The synthetic dataset consists of binary sequences {00, 11},
where a sequence is considered valid only if the constituent
tokens are identical. Due to the perfect correlation between
the tokens, standard MDMs are theoretically incapable of
generating valid data with single-step decoding. Specifi-
cally, since the model predicts each token independently
from the single mask token, it samples each token from an
independent uniform distribution (50:50), failing to capture
the dependency.

To empirically validate that MDM has non-reducible error,
we first train a standard MDM on the dataset and subse-
quently perform distillation using ReDi (Yoo et al., 2025) to
obtain both a distilled MDM and a distilled IMDM. We eval-
uated the models by generating 5,000 samples with one-step
decoding and measuring two key metrics. First, we mea-
sured Validity, defined as the ratio of generated sequences
where the tokens are identical. Second, we measured Token-
Entropy, which evaluates the diversity of characters across
the entire generated dataset (Ground Truth = log 2 ~ 0.69).
Closer alignment with the Ground Truth (GT) values indi-
cates better performance.

Tab. 1 presents the 1-step generation performance of each
model. While both MDM and IMDM accurately match
the token-level marginal distribution, MDM fails to cap-
ture the inter-token correlations, resulting in a validity
score comparable to that of random sampling. In contrast,
IMDM achieves near-perfect validity, demonstrating its ca-
pability to learn the underlying data structure and gener-
ate consistent sequences aligned with the Ground Truth

Table 2. Per-token output probabilities P(token = 0) on the
synthetic {00, 11} task. IMDM yields near-deterministic predic-
tions that shift coherently with the noise realization €, while MDM
yields near-uniform predictions regardless of input.

Model  Noise | Token1 Token 2
IMDM €A 98.2% 100.0%
IMDM €B 0.6% 0.4%

MDM — 49.7% 49.7%

(GT). The factorization-error column further sharpens this
contrast: MDM saturates at the predicted lower bound of
In2 = 0.693 from Theorem 4.1, while IMDM falls well
below it to 0.082, confirming that the bound is structural for
MDM and that IMDM lifts it as established in Theorem 4.2.

To verify that IMDM realizes the partition-and-map mech-
anism in Sec. 4.2, we examine the per-token output proba-
bilities of IMDM under two distinct noise realizations € 4
and €. The per-token output probabilities are summarized
in Tab. 2. IMDM produces near-deterministic, internally
consistent predictions that nevertheless vary with the noise
realization: both tokens are predicted as 0 under €4, and
1 under ep. This routing of distinct noise realizations to
distinct coherent outcomes mirrors the partition-and-map
construction underlying Theorem 4.2. In contrast, MDM
outputs near-uniform marginals at both positions regard-
less of input, consistent with the structural barrier of Theo-
rem 4.1.

5.3. Investigating IMDM on LM 1B Dataset

To efficiently analyze and screen effective distillation strate-
gies on language modeling, we conduct our design analysis
on LM1B (Chelba et al., 2013). As IMDM is structurally
compatible with pre-trained MDMs, all MDM-based distil-
lation strategies are directly applicable to IMDM.

Distillation of IMDM While IMDM theoretically re-
solves the factorization error bound inherent to MDMs, its
empirical advantages become most pronounced when cou-
pled with effective distillation strategies. To validate the
empirical effectiveness of IMDM, we apply IMDM to two
representative distillation methods, SDTT (Deschenaux &
Gulcehre, 2025) and ReDi (Yoo et al., 2025), as well as their
combination (SDTT+ReDi).

For SDTT, we train the student model to match the teacher’s
multi-step predictions sharing the same initial state z; in-
cluding the continuous noise for IMDM. Following De-
schenaux & Gulcehre (2025), we perform 7 rounds of dis-
tillation, with each round consisting of 10,000 iterations.
For ReDi, we adopt the perturbed rectification strategy (Yoo
et al., 2025) to construct a rectified coupling using data gen-
erated by the teacher. The student model is then trained
using the loss form of Eq. (14), with the data distribution
replaced by this rectified coupling. We utilize 100,000 pairs
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Figure 2. Unconditional generation on LM1B. Each figure provides a comparison between MDLM and IMDM in various distillation
methods. Lower generative perplexity (Gen. PPL) indicates more natural texts. We provide the exact values in Sec. C.1.
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Figure 3. Experiment results on OpenWebText. The left plot shows the unconditional generative perplexity over decoding steps. The
middle and right panels show the conditional generative perplexity and MAUVE scores over decoding steps respectively. Lower generative
perplexity and higher MAUVE value indicate better generation performance. With appropriate distillation methods, IMDM surpasses the
distillation baselines on both unconditional and conditional generation in the few-step regime (< 8 steps), and remains competitive at

larger step counts. We provide the exact values in Sec. C.1.

for coupling construction and train for 50,000 iterations. In
the SDTT+ReDi setting, we apply ReDi to a student model
pre-distilled via SDTT.

The unconditional generation results on LM 1B are summa-
rized in Fig. 2. We observe that applying IMDM consistently
improves performance across all distillation methods in the
few-step regime (< 4 steps). Notably, the performance gain
is exceptionally large in ReDi-based methods compared to
SDTT alone. For instance, in the 2-step generation with
ReDi, IMDM reduces the PPL by nearly 50% compared to
MDLM. The gap narrows as the step count grows, which
is consistent with the prediction of Theorem 4.1 (Sec. 4.1)
that the factorization-error floor scales with the step size
and vanishes in the many-step limit. We therefore position
IMDM as a targeted remedy for the few-step bottleneck.

5.4. Experiments on OpenWebText Dataset

To evaluate the scalability and effectiveness of our method
on large-scale benchmarks, we demonstrate IMDM on the
OpenWebText dataset, covering both unconditional and
conditional generation tasks. Based on the observations
in Sec. 5.3, we adopt the SDTT+ReDi variant of IMDM
for comparison against strong baselines, including MDLM
(Teacher), SDTT, and Di4C. We utilize the official check-
points for all baselines (Sahoo et al., 2024; Deschenaux &

Gulcehre, 2025; Hayakawa et al., 2025), specifically, the
SDTT model distilled for 7 rounds and the Di4C model
distilled for 2 rounds initialized from the 7-round SDTT
checkpoint. Results on 860M-sized models are in Sec. C.2.

Unconditional Generation The unconditional generation
results are presented in Fig. 3 (left). IMDM outperforms
both the teacher model (MDLM) and existing distillation
baselines (SDTT, Di4C) in the few-step regime (< 8 steps).
Consistent with our findings in Sec. 5.3, the performance
gap between IMDM and the baselines widens as the number
of steps decreases. This trend supports our hypothesis that
IMDM effectively mitigates the irreducible factorization
error bound of MDMs, which acts as a critical bottleneck in
extreme few-step generation.

Conditional Generation The quantitative results for con-
ditional generation are summarized in Fig. 3 (middle, right).
IMDM is particularly effective in the few-step regime (< 8
steps), achieving the lowest conditional Gen. PPL and the
highest MAUVE among all evaluated methods. At larger
step counts, the distillation baselines and IMDM converge
to within a narrow band on both metrics, consistent with
our analysis in Sec. 4.1 that the factorization-error bound
that IMDM is designed to remove vanishes as the step size
shrinks. Regarding the MAUVE scores (Fig. 3, right), we
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Table 3. Ablation study on the design of injected noise (Gen.PPL on LM 1B with SDTT+ReDi). Each block varies one axis while holding
the other two fixed at their defaults (Uniform / d = 768 / scale 1.0, marked in bold in the header). See Tab. 8 for the sample entropy.

| Distribution | Dimension | Scale
Steps | Uniform  Gaussian | 256 768 1536 | 05 1.0 2.0
2 165.85 167.48 29441 165.85 163.83 | 179.19 165.85 164.23
4 93.44 95.82 116.00 93.44 96.47 94.82 93.44 94.60
8 65.55 67.98 68.74 65.55 69.26 65.87 65.55 66.10
16 52.51 56.26 54.86 52.51 57.48 52.99 52.51 53.88

observe that the score of IMDM converges efficiently; at
4 sampling steps, it achieves a score comparable to that of
the teacher model utilizing 64 steps. In contrast, the teacher
model fails to generate meaningful text at 2 steps (MAUVE
~ 0), whereas IMDM maintains a high quality (MAUVE
> 0.75). This indicates that IMDM not only inherits the
conditional generation capabilities of MDMs but also suc-
cessfully distills the MDM into a few-step generative model.

To further assess generation quality and diversity, we pro-
vide qualitative samples in Fig. 4. As shown in the figure,
IMDM produces coherent, grammatically correct continu-
ations given a prefix prompt. In particular, given the same
crowdfunding prefix, the three samples diverge into distinct
on-topic uses of the stated $50,000 funding goal (propulsion-
system development, control-system design, and imaging
hardware), rather than collapsing onto a single completion.
Overall, these examples illustrate that IMDM produces di-
verse, on-topic conditional generation in the highly com-
pressed few-step regime where the teacher MDM struggles
to generate meaningful text.

5.5. Ablation on Noise Design

To examine the sensitivity of IMDM to the design of the
injected noise, we conduct an ablation study on three axes
of the noise specification. We use the LM 1B dataset with
the SDTT+ReDi distillation setup of Sec. 5.3. We vary the
noise distribution, the noise dimensionality, and the noise
scale, and report the resulting Gen. PPL across decoding
step counts in Tab. 3. We also compare IMDM against its
counterpart using a finite number of mask types in Sec. C.3.

As shown in Tab. 3, IMDM is robust to the choice of
noise distribution and scale, with Gen. PPL changing only
marginally across these settings. In contrast, noise dimen-
sionality plays an important role: a dimension of 768 yields
strong performance, while reducing it to 256 leads to a no-
table increase in 2-step Gen. PPL from 165.85 to 294.41.
This pattern supports the interpretation of the injected noise
as a mask category simulator, where the key requirement is
sufficient distinctness across mask embeddings, a condition
that is readily satisfied by an appropriate choice of dimen-
sion. We additionally provide an OpenWebText counterpart
of this dimension ablation in Sec. C.5, where we find that
dnoise = 2048 is sufficient.

Sample 1 from the same prompt

Sampling Steps: 8

<|endoftext|> in space to image the plasma discharge
and exhaust plume to look at the physics of how the
plasma follows our new magnetic nozzle. (left - lab
test setup, right - plasma!)

Our base funding goal of $50,000 is to journey to the
development of the propulsion system, including the
design of propulsion operations, and the fabrication
process. Our scientists currently (with a leading
team of physics experts named Albertano Torfa,
believe that our research can be a win-win ...

Sample 2 from the same prompt

Sampling Steps: 8

<|endoftext|> in space to image the plasma discharge
and exhaust plume to look at the physics of how the
plasma follows our new magnetic nozzle. (left - lab
test setup, right - plasma!)

Our base funding goal of $50,000 is to be able to
develop a new control design and is therefore a
direct project of the team. This control structure
is necessary to control dynamics and houses the
theoretical work of our new assistant professor,
Giorgio Fabio. To do so, the flow ...

Sample 3 from the same prompt

Sampling Steps: 8

<|endoftext|> in space to image the plasma discharge
and exhaust plume to look at the physics of how the
plasma follows our new magnetic nozzle. (left - lab
test setup, right - plasma!)

Our base funding goal of $50,000 is to complete

the imaging hardware (developed by asF Agency v.
FASF) and the National Science Agency (via the Jet
Propulsion Laboratory) funding.

There is a electrostatic force because the force
causes strong, diffuse energy through physical ...

Figure 4. 8-step conditional generation results on OpenWebText
dataset. We present the generated samples from IMDM when the
prompt (red) is given. IMDM demonstrates feasible and diverse
conditional generation results while fulfilling the context.

6. Conclusion

In this paper, we introduce the Infinite Mask Diffu-
sion Model (IMDM), which addresses the structural
factorization-error lower bound that Masked Diffusion Mod-
els (MDMs) inherit from their deterministic single-state
mask by incorporating a stochastic infinite-state mask, free-
ing IMDM from this bound while retaining the simplicity
and effectiveness of standard MDMs and enabling more
effective capture of token dependencies in fewer sampling
steps. We support this with both theoretical evidence show-
ing that MDMs are bounded away from zero factorization
error in few-step generation while IMDM is not, as well as
empirical evidence consistent with this structural difference,
as IMDM combined with appropriate distillation methods
surpasses existing few-step distillation techniques on bench-
marks like LM 1B and OpenWebText at the small step counts
where MDM’s factorization-error bound is most severe.
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Appendix
A. Proofs and Derivations
A.1. Proof of Theorem 4.1

We first restate Theorem 4.1 and provide the proof.

Consider a scenario where the i-th token z! and the j-th token z{ are masked at timestep ¢ and are simultaneously decoded
(unmasked) at timestep s. Let p(e;;) denote the probability of this specific event occurring.

Theorem A.1 (Lower Bound of Factorization Error in MDMs). Let e;; be the event where tokens at indices © and j are
simultaneously decoded. Then, for any MDM with parameters 6, the conditional total correlation is lower-bounded by their
conditional mutual information weighted by the event probability:

TC()(ZS|Zt) > maxp(e”) . I(Zz Zj | Zt\{i’j}),
Z’J

EREar}

where zt\{i’j Y denotes the set of tokens at timestep t excluding the tokens at indices i and j.

Proof. For any factorized model 6, let TC(zs|z:) = E,, [Dk1,(p(zs|z¢)|| [T, p(2¢|z+))] be the data-only total correlation.
By the decomposition TCy = TC + >, E[Dy 1, (p(2¢|z¢) lpo(2¢|2:))] > TC, it suffices to lower-bound T'C. We first
derive the following factorization error bound:

TC(zs|z;) > LB(e;;), where

LB(eij) = p(eij) {I(ZQ;zi | Z}“’j},@zj)

- H ((Zfﬁzg) | Zt\{ld}’eij) ]

To facilitate the derivation of the factorization error bound, the following lemma is useful.

Lemma A.2 (Conditional Mutual Information Bound). For any random variables A, B, C, the conditional mutual informa-
tion satisfies:

I(A;B|C) > I(A;B)— H(C).
Proof. Using the chain rule of mutual information with properties I(A; C' | B) > 0 and I(A;C) < H(C'), we obtain:
I(A;B|C) = I(A; B) + I(A; C|B) — I(A;C)
> 1(A;B)— H(C). O

We start with the definition of the total correlation as the KL divergence between the joint distribution and the product
of marginals. Using the monotonicity of KL divergence (or data processing inequality), we can lower-bound the total
correlation by the mutual information between any pair of tokens ¢ and j:

L
Dkr <p(ZsZt)| H p@ﬁﬁt))]
=1

> By, [Dxcr (p(zs, 222 |20)p(2]]2t) )|

= I(z'; 2% |z,).

8178

TC(2zs|zt) = Ey,

Now, we decompose this conditional mutual information based on the event e;; (both tokens masked) and its complement
€5
J

I(z%;2l|ze) = pleiy)I(zt; 2|z, i)

+ ples;) 1 (2% 21|z, ;). (17)
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Under the complement event 7, at least one token is already unmasked at timestep ¢. Since unmasked tokens are kept

identical in MDMs (Eq. (4)), the mutual information term vanishes:

I(zi;z3|zt,efj) =0. (18)

S

Substituting Eq. (18) into Eq. (17) and applying Theorem A.2 with C' = (zi, z{ ) conditioned on the context zt\{i’j }, we

obtain the following bound:
TC(nlz) > ple)(Zizllan e) = pley) [1(2kizl]a, ) e) = H ((ah, 2]) 207 iy )

A.2. Proof of Theorem 4.2

We first restate Theorem 4.2, then provide the proof.

Theorem A.3 (Zero Factorization Error in IMDM). There exist an IMDM forward process and parameters 0* such that

TCop(zs|z:) =0 forall zs,z: € Z.

Proof. Let ep denote the event that the token indices in E are updated between ¢ and s (i.e., decoded/unmasked), and the
EC

S

indices in E€ are carried over. Under e, we have z = zf deterministically. Hence, conditioning on ey reduces the

KL term to the updated subset:

L
Dt <p<zs|zt,eE) | Hpe<zﬁ|zt,eE>>

(=1

= Dxgr, <p(zf|zt7eE) H Hpg(z§|zt7eE)> . (19)

leE

Now we construct an IMDM forward process such that p(zZ|z;, eg) is deterministic given z;. Since in IMDM the masked

states live in an (effectively) infinite set M, the random vector z” € M!F! can provide arbitrarily rich randomness.

C e s
Therefore, for each fixed (z£ | ex), we can define a deterministic map

F, pc: MIEL 5 VIE

such that the pushforward of zZ matches the desired target conditional:

= Fygpe ) = plalaen) = e (e)

(Existence of such F' follows from the fact that M!Z| has sufficiently large support; e.g., when implementing M via
continuous noise, one can construct F' by partitioning the noise space according to the target probabilities.)

Define 6* as the lookup-table that realizes this deterministic conditional: for ¢ € F,

z,),

Po~ (Z§|Zt’ eE) = 6[F 2EC (ZF)]Z( s

E

and for ¢ € E© (carry-over),
o~ (25|21, €) := 6,0 (25).
Then, by construction,

p<ZsE|ZtveE) = Hpe* (z£|zt76E)v
leE

so the KL term in (19) is exactly zero for every (z:, eg). Taking expectation over z; (and ef) gives the claim. O]
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Partition-and-Map Mechanism The proof above achieves zero factorization error through a partition-and-map mech-
anism. Let E denote the set of indices that are masked at timestep ¢ and unmasked between ¢ and s. Conditioned on
the unmasked context z” . the construction defines the deterministic map F : MIFl — VIE| that takes the noise zf” as
input and outputs a token sequence in V!”l. Since | M| — oo, the noise z” admits arbitrarily fine partitions whose subset
probabilities match those of p(zZ|z;), and F deterministically assigns each subset to a valid token sequence. Marginalizing
over zZ then recovers the true conditional distribution, yielding zero factorization error. In standard MDMs all masked
positions receive the same deterministic mask token, so z” takes a single fixed value. With no variation in z”, the model
has no set to partition and the factorized predictions are restrlcted to independent marginals, which is the structural lower

bound formalized in Theorem 4.1.

A.3. Derivation of Reverse Transition Kernel and NELBO of IMDM

Derivation of Reverse Transition Kernel of IMDM We derive the reverse transition kernel by substituting 7 = 7r o4 into
Eq. (2). We will consider two cases: (1) z; € V and (2) z; € M.

Dz eV

In this case, we can use the following properties: (z, waq) = 0, (2, %) = 1, 2: © war = 0. And also, z; © x = z; as the
forward process only allows z; = x if z; € V.

0162 + (1 — a5) 17 L 2e] © [asx + (1 — ag) 7w
q(zs|z¢,x) = Cat zs;[ tatie t|+) Mi] [T ( )7
az, x+ (1 — o)z, ™pm

= Cat (zs;

= Cat (z5;2¢) .

a1zt O X + (oys) (1 — )z © TI'M)

O(tZ;rX

(2) Zy S M

In this case, we can use the following properties: (z;, 7w ) = ﬁ, (24,%x) = 0,2, O WA = ﬁzt, z; ©x = 0.

o2t + (1 — o) 17 L 2e] © [asx + (1 — ag) T
4(ze]z0.%) = Cat ZS;[ 1)s2¢ + ( tIT) MZ] [T ( )7 M
ouzy X+ (1 — an)zy 7™

s (1—as) (I—ays)as (1—ays)(1—as)
at (Zs; A%t i X+ i ”M>

(1—ay)/M

< s l—as)zt—k(l—aﬂs)a X—|—(1—Ozt|5)(1—045)77/\/[)
= Cat | z,
1-— Qg
< (1 — as)(oszi + (1 — ays)ma) + (s — ozt)x)
= Cat | zg;
1-— Qg
Therefore,
(2] ) Cat(zs; 2¢) z; €V,
Zs|Zy, = Qg )T Qas—og )X
k Cat(zs; (1=a,) f”fyi s—ar) ) zg €M,

where 7'y = o s2¢ + (1 — ays) T M.

Derivation of Rao-Blackwellized NELBO for IMDM We begin by utilizing the Rao-Blackwellized NELBO of uniform
discrete diffusion (Sahoo et al., 2025; Schiff et al., 2025).

o (K K (%o)i - X;
L =F, | —— | = - — — § log =22 I
DM S Kag | X0)i , o8 (X6); - Xi ’

where the subscript j denotes the j-th index of a vector, X = Kayx + (1 — o)1, Xg = Kayxg + (1 — ay)1, af = aé?,
and ¢ = arg max;(z;); denotes the category of z;.
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We denote the term inside expectation as f(z, Xg, o, X), and will derive the term in two cases: (1) z; = x, (2) z; € M.
Dz =x
In this case, as the reverse transition kernel allows to consider xy = x, f(z¢,Xg, o, %) = 0.

(2) z; € M In this case, we can utilize the following properties: X; = 1 — o, (xg); = 0, (Xg); = 1 — . Then,

o [ K K (Xg)i - X;
= — - 1 Y
[(z¢, %9, 4, X) - E: 0g "R,

o | X (Re)i (X0); - i

o) 1 1 (1—ay)-x,
=——= — lo

(673 1—Ctt ].—O[t Z]: gK(i{g)(l—at)

Oéé KO{th + (1 - O(t)

O,
o | & P Kxo); + (1= ar)

By taking M — oo (i.e., K — 00),

/

f(z4, %9, s, x) = T atat log({x¢(z¢,t),x)).

By combining case(1) and case(2), we obtain the following Rao-Blackwellized NELBO:

/

«
Livpm =Eq, 1 ta log({x¢(z,1),%))
— Gt

B. Implementation Details

In this section, we provide detailed training configuration used in Secs. 5.3 and 5.4.

B.1. IMDM Implementation and Finetuning

As introduced in Sec. 4.2, we use an MLP architecture for implementing the mask embedding. The MLP architecture
consists of two linear layers with a GeLU activation function in between. Specifically, the input dimension d,, ;s is first
projected to a hidden dimension 4 X d,,,,4e; and then projected back to d;,04¢;. The noise dimension d,, ;s 1 set to 768 for
LMI1B and 2048 for OpenWebText.

B.2. Hyperparameters

Language Modeling For finetuning MDLM (Sahoo et al., 2024) to IMDM with SDTT (Deschenaux & Gulcehre, 2025),
we employ a learning rate of 6 x 107> and an EMA decay of 0.9999, with a linear warmup over the first 500 steps. The
global batch size is 32 for LM 1B and 128 for OpenWebText.

For training ReDi (Yoo et al., 2025) based on IMDM with SDTT, we use a global batch size of 512, a learning rate of
3 x 1074, and an EMA decay of 0.9999. For the experiments in the main paper, the models are trained with 50,000 steps,
while applying a linear warmup over the first 2500 steps. For the experiments in Sec. C.2, the models are trained with 30,000
steps.
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C. Additional Results
C.1. Full Experiment Results

In this section, we provide the exact values used in the plots in Sec. 5.

Table 4. Unconditional Gen. PPL of samples generated by models on LM1B.

SDTT ReDi SDTT + ReDi
MDLM | IMDM | MDLM | IMDM | MDLM | IMDM

2 | 584.22 | 52431 | 530.36 | 284.62 | 353.90 | 165.85
4 | 227.08 | 210.05 | 195.39 | 151.89 | 122.56 | 93.44
8 | 126.07 | 122.52 | 113.14 | 10493 | 72.04 65.55
6 | 9329 90.16 85.27 81.57 55.36 52.51

[,

Table 5. Unconditional entropy of samples generated by models on LM1B.

SDTT ReDi SDTT + ReDi
MDLM | IMDM | MDLM | IMDM | MDLM | IMDM

2 4.25 4.24 4.29 4.24 4.25 4.15
4 4.25 4.24 4.27 4.25 4.22 4.19
8 4.26 4.25 4.27 4.26 4.22 4.20
6 4.27 4.25 4.26 4.26 4.21 4.20

[y

Table 6. Unconditional generation results of models on OpenWebText.

| MDLM | SDTT | Di4C | IMDM
‘ Gen.PPL  Entropy ‘ Gen.PPL  Entropy ‘ Gen.PPL  Entropy ‘ Gen.PPL  Entropy

2 | 3338.21 5.93 877.22 5.34 747.66 5.34 500.84 5.46
4 | 2009.22 5.96 339.73 5.38 236.27 5.39 134.58 542
8 826.42 5.89 112.66 5.41 82.00 5.41 57.63 5.36
6 | 346.04 5.80 57.74 5.39 44.12 5.37 3548 5.30
32 | 19337 5.73 40.41 5.34 31.38 5.32 27.41 5.24
64 | 141.43 5.69 33.21 5.30 25.80 5.27 23.31 5.18

o

Table 7. Conditional generation results of models on OpenWebText.

| MDLM | SDTT | Di4C | IMDM
| Gen.PPL  Entropy MAUVE | GenPPL Entropy MAUVE | Gen.PPL Entropy MAUVE | GenPPL Entropy MAUVE

392.12 4.16 0.062 222.82 4.09 0.201 209.31 4.09 0.225 132.26 4.06 0.810
253.02 4.15 0.369 117.19 4.08 0.864 101.27 4.08 0.910 70.45 4.05 0.963
157.39 4.15 0.862 69.78 4.08 0.965 61.05 4.08 0.970 49.28 4.04 0.974
16 | 109.59 4.14 0.937 52.60 4.08 0.977 46.14 4.06 0.978 41.31 4.03 0.979
32 90.09 4.14 0.962 45.99 4.07 0.970 41.47 4.06 0.968 37.38 4.03 0.979
64 78.00 4.13 0.975 42.48 4.07 0.969 38.60 4.06 0.984 36.00 4.02 0.973

@ AN

Tab. 8 reports the sample entropy for each configuration in Tab. 3.

C.2. Scaling IMDM to 860M Parameters

In Fig. 5 and Tabs. 9 and 10, we further demonstrate the scalability of IMDM by finetuning from the 860M MDLM
checkpoint trained for 400K steps provided by Deschenaux & Gulcehre (2025). The results confirm that trends observed in
the smaller model consistently carry over at this scale. With appropriate distillation, IMDM outperforms all distillation
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Table 8. Ablation study on the design of injected noise (Entropy on LM 1B with SDTT+ReDi). Each block varies one axis while holding
the other two fixed at their defaults (Uniform / d = 768 / scale 1.0, marked in bold in the header).

| Distribution | Dimension | Scale
Steps | Uniform  Gaussian | 256 768 1536 | 05 10 20
2 4.15 4.15 420 4.15 4.15 | 415 415 4.14
4 4.19 4.19 419 419 4.19 | 4.18 419 4.18
8 4.20 4.20 420 420 4.21 4.19 420 4.19
16 4.20 4.21 420 420 420 | 419 420 4.20

baselines in both unconditional and conditional generation within the few-step regime (< 8 steps), while remaining
competitive at higher step counts. Values in parentheses are entropy-matched, confirming that IMDM’s gains reflect genuine
improvements in generation quality rather than a perplexity—entropy trade-off.

1000 —— vDm 1.00
1N}
—— MDLM | S
E. 750 DT 20.75
c 500 2.0.50
8 e —— IMDM
250 \\ §0.25 —— MDLM
LN ‘ S e S | —— sprT
2 4 8 16 32 64 2 4 8 16 32 64 2 4 8 16 32 64
Sampling Steps Sampling Steps Sampling Steps

Figure 5. Experiment results of the 860M model on OpenWebText. The left plot shows unconditional generative perplexity across decoding
steps, while the middle and right panels display conditional generative perplexity and MAUVE scores, respectively. Lower generative
perplexity and higher MAUVE scores indicate better generation quality. With appropriate distillation methods, IMDM outperforms
distillation baselines in both unconditional and conditional generation within the few-step regime (< 8 steps), while remaining competitive
at higher step counts: consistent with the trend observed in the smaller model.

Table 9. Unconditional generation results of 860M models on OpenWebText. Values in parentheses denote entropy-matched results.

‘ MDLM ‘ SDTT ‘ IMDM

‘ Gen.PPL  Entropy ‘ Gen.PPL  Entropy ‘ Gen.PPL Entropy
2 | 3120.99 5.89 660.85 5.21 388.78 5.38
4 | 1982.68 5.93 339.89 5.25 90.62 5.35
8 962.77 5.90 129.28 5.27 33.55 5.28
16 | 397.54 5.81 57.28 5.24 19.07 (21.66) 5.18 (5.24)
32 | 202.87 5.74 36.03 5.18 13.95 (16.90) 5.06 (5.18)
64 | 134.62 5.68 27.98 5.13 11.60 (14.90) 4.95 (5.14)

Table 10. Conditional generation results of 860M models on OpenWebText.

| MDLM | SDTT | IMDM

| Gen.PPL  Entropy MAUVE | Gen.PPL Entropy MAUVE | Gen.PPL Entropy MAUVE
2 | 368.70 4.13 0.05 209.98 4.05 0.09 88.44 3.96 0.87
4 | 241.20 4.14 0.39 121.30 4.06 0.70 48.24 3.98 0.95
8 | 147.51 4.14 0.87 70.29 4.06 0.92 33.57 3.99 0.97
16 | 102.63 4.13 0.96 48.71 4.06 0.96 27.48 3.97 0.97
32| 80.16 4.12 0.96 41.50 4.05 0.96 25.30 3.97 0.97
64 | 7155 4.13 0.96 37.94 4.05 0.97 24.11 3.97 0.97
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C.3. Comparison to Finite Multi-Mask Diffusion

We compare IMDM with a finite multi-mask variant on LM 1B under the SDTT+ReDi distillation setup. The finite variant
replaces the continuous noise with 6,144 discrete mask tokens while matching IMDM in parameter count. As shown in
Tab. 11, IMDM consistently achieves lower Gen. PPL across all step counts, indicating that the infinite-limit formulation
provides a tangible advantage over a finite multi-mask approximation.

Table 11. Comparison between IMDM (uniform infinite mask) and a finite multi-mask variant with 6,144 mask tokens. Gen.PPL on
LMI1B (SDTT+ReDi).

Steps ‘ IMDM (Uniform) Multi-mask (6,144)

2 165.85 208.72
4 93.44 101.91
8 65.55 66.64
16 52.51 55.05

C.4. Compatibility between MDM and IMDM
To validate the structural compatibility of IMDM with standard MDMs, we conduct two experiments: training from scratch
and finetuning, using Eq. (5) for MDLM and Eq. (14) for IMDM on the LM 1B dataset.

From-Scratch Training Comparison on LM1B First, we train MDLM and IMDM from scratch on LM 1B without
distillation. Tab. 12 reports Gen. PPL, Sample Entropy, and validation PPL for both models. IMDM matches MDLM on all
three metrics, confirming that IMDM is structurally compatible with MDLM.

Table 12. From-scratch training comparison on LM 1B without distillation.

Models ‘ Gen.PPL  Sample Entropy Val.PPL

MDLM | 114.95 4.32 30.94
IMDM 116.37 4.32 31.69

Finetuning Comparison on LM1B Second, we finetune both models starting from the same pre-trained MDLM
checkpoint for 10,000 iterations, with all parameters updated. As shown in Tab. 13, both models achieve near-identical
validation perplexity, demonstrating that pre-trained MDMs can be directly adapted to the IMDM framework and confirming
the feasibility of seamless few-step distillation.

Table 13. Finetuning experiment results on LM1B. We directly finetuned MDLM to IMDM for 10,000 iterations and compared its PPL
with the MDLM trained for the same number of iterations.

Models | MDLM MDLM-ft IMDM-ft
Val. PPL | 3093  30.85 3091

C.5. Noise Dimension Ablation on OpenWebText

Tab. 14 reports the effect of noise dimension on IMDM performance on the OWT dataset. As discussed in the main text,
ensuring a sufficiently large noise dimension is critical for IMDM. Consistent with this, increasing the noise dimension from
768 to 2048 yields a notable improvement, and we therefore adopt 2048 as the noise dimension for all OWT experiments.
This higher requirement compared to LM 1B (768) reflects the greater complexity of the OWT dataset, which demands a
larger noise dimension to adequately distinguish the mask embeddings.
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Table 14. Ablation study on the injected noise dimension design on OpenWebText.

| 768 | 2048
| Gen.PPL  Entropy | Gen.PPL  Entropy

2 632.41 543 500.84 5.46
4 167.20 541 134.58 542
8 62.06 5.35 57.63 5.36
6 34.85 5.27 3548 5.30
32 25.52 5.20 27.41 5.24
64 21.52 5.13 23.31 5.18

o

C.6. Qualitative Results

In this section, we provide the qualitative generated samples from the OpenWebText model. From Figs. 613, we provide
additional qualitative samples from the OWT models. The samples are generated using 4 and 8 sampling steps, respectively,
for comparison.

D. Extended Comparison to Related Approaches

Several recent works extend or analyze discrete diffusion beyond the standard MDM formulation, but their formulations
differ from IMDM in scope and in compatibility with pre-trained MDMs. Haxholli et al. (2026) introduce a finite multi-mask
flow combined with minibatch optimal transport, but require training from scratch with additional discrete tokens and do not
analyze the factorization error bound. VADD (Xie et al., 2025a) conditions a discrete diffusion model on data-dependent
latents from a VAE encoder, whereas IMDM uses data-independent noise and a lightweight MLP that reuses pre-trained
MDM weights without an additional encoder—decoder. CADD (Zheng et al., 2025) augments masked tokens with a
continuous Gaussian noise channel, which is not directly compatible with pre-trained MDMs or existing distillation methods.
Li & Cai (2025) provide a theoretical analysis of sampling error in discrete diffusion, while IMDM offers a practical method
for reducing factorization error.
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MDLM samples
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Figure 6. Unconditional OpenWebText samples from MDLM with 4-step decoding.
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MDLM samples
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Figure 7. Unconditional OpenWebText samples from MDLM with 8-step decoding.
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SDTT samples
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and move it north to Phoenix with one of the first ( and the buildings to) Canada to make. Out of $800 in costs
and thousands spent building the wall. 10 years ago, everyone, saw it with rampant statements and qualified Sen.
Paul was there , but on "hat view any analysis of undocumented. Reading the statements, and the expert word that
the more ’alls’ the larger the -- holds. on a wall,in Good Morning America going to build when hecom corners
equipment which happens to be tiny that they speak up beforehand is likely willing to pay up for a more fleece
with the most courage of all, voting to deliverance to the promises of the reckless, vulgar, ad hominem TV fax
speech about how can., we went about the most powerful senator. Dave Scott said and four PATNED Colonel mothers
present from the states and each of. stop managed in all them the first two days and then, that leads to are very
dangerous and that cut off women friendship their. and goes on to put the will of to house
said. by done that!Do you’re. Dbut. to blank in the attitude and the JA. lines theored not to invade the a make
his claim in order the ban on seek a Nobel in and then in the . While that talk - though the 1970s and a line.The
make Ilr. the are not to do and thenGouter significant the "between the political option and finance" is, here
for the result of the meeting facing on of the key State. which and. all blind in advance agenda which led to
the retention of theby of the Republican House over the next 24 hours! 8 is the next and clear trumpu and already
rule out for the GOP election. the lessons which the poor of a policy can. Dbe didi., the consequences of all of
that. were case.l13. this my have told least " his simply the principled argument because and he standardss the
Mr/a. the process a long-standing rock<|endoftext|>

Figure 8. Unconditional OpenWebText samples from SDTT with 4-step decoding.
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<|endoftext|> bases and the very near the border, and he said that country will never take a war authorization.
Let me talk about them.

I ended up with Baghdad, and then again to Miami, until that was very soon enough and without any notes that

I received from anyone that knew who he was. And so I wrote a report that seemed to illustrate the even more
dangerous nature of this situation, circles around the American base something trying to steer America in the
wrong direction.

Nit, I'm aware that several dishonest people were been involved the story and sometimes particularly publicists,
and I think that they would push me and they would push I thinking that there was tripeculpence, and I think that
the government wanted to exert more pressure on my side over that fragmentation and that, for what they wrote to
me, people, if they wanted one thing, it would be something that I’d talked about, every now and then, did not
think too much would go into need for

information as the policymaker in this problem, with that said, and that information is now being written, without
any further words, giving it certain Future for publication, for the public purpose. We time of the day is in
actually gathering information, so, may people enthusiastically made the case for uses of granular information
like that to be agencies.

ROLNEY:, when you talked to F.B. O’Neill earlier this year, he said that he needed to develop a plan for the
foreign policy until 2009, begin with. And said that that was a part of the Nation PR strategy, and so, any
attempt at vision of foreign that was going to be adopted during that time, and obviously the 2009 for approvals,
never got made.

HATTE: And when was it going to be whatever was being said that we would assemble there in the public information
substantial statements from the advisors, and when the advisor said,, look, I’m sure I am look into the details

of this policy. 1If had to draw a line and protecting military interests, just in order to bring us to a war
authorization, right, then I do not think we should have heard anything when it said something like this. And so,
I really have understand that the policy had wrong, that it had nothing to do with the Cyclone or the Coles attack
whatsoever.

My point to my advisor is nobody, he years old or younger have ever followed any of thoses and correspondence, is
so different in understanding what went wrong or right. Right prior to known events, Tuesdayine, NATO, in terms
referred to in the US the former Yugoslavia and Afghanistan had been attacked.

NATO attacks Iraqg of that kind, and with a field policy document written throughout the brought together people

on the White House and the others within the program, and you have a grasp of this, you start to understand that
they were influencing entire the policy, and he was actually an intermediary in the too White House, I know he had
an honorable appearance here about a minute before the attacks as well, and gave this original perspective on his
decision. The letter to the Pentagon in my revision said that it had been written, and that, in his testimony, he
had

had been writing for at least two years, and so it was a first.

And so I went over a little bit of the transcript, accompanied by Defence Secretary Gates and was able to go
around the thought and reaction from those in the White department, and when I seen it had happened, and something
on the subject that had been there, I am to classified that having cut off my communications communications to

see the narrative, but also that the allegations were dropped and that there was no sitting in the Beltway, I know
that there were very much re-classified papers and text out documents.

Today is the first of mine to produce a grade in an whopper in a professor of sociology and the megalopolis
department at the Institute of Technology.

The "do

about the nuclear weapons, a regime with a new politeall to the national media account,about,How do we prevent

it from the current situation it isat in France, how many questions are the U.S. on France subject or subject

to, and then with regard to the effects, how do the reports written and distributed get to the Washington. We’re
trying, of course, please as you some material relating to things like corporate intelligence, is going to be
important in number mind, And so because of the secrecy at the State Department I wanted the story probably to

be corrected, and I was going to break the law. But some of the information found there, at in that time of day,
the day after the attacks, and then also Russian spreading text over the whole internet, and then to misusethe
intelligence on,is caught in the surveillance itself,, and they completed throughdisrepublic of information, of
any military, <|endoftext|>

Figure 9. Unconditional OpenWebText samples from SDTT with 8-step decoding.
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<|endoftext|>. for the group violence East Israel in Hebrew students.<|endoftext|>Looking for news you can trust?
Subscribe to our free newsletters.

Shortly beforel5 p.m. an August l2-year- terror suspect in North Carolina, Chicago on his actions were passive
line when police officer who appeared to be going to the Milford police area was his family, or even one actually
got into a law enforcement checkpoint in a police center, around 30 miles west of,, considering a gun assault.
Read more

That left the NSA’s ticket apparatus and state family reward police with much more AP reports, one of the big news
stories, the scandal at Cambridge was Clinton’s last

because of lack of action questions, so, U.S. government suggested that backlogs actually exist to determine the
cause selected several deadly incidents like the, the, and the seizure of of weapons of mass destruction

weapons, in, in 2008, was executed in, And beyond. In the case of theblower in Berlin, near the end, the man was
called " part of instead of " "a whole."

Take the NSA’s system 30 days later

If the coerced interrogation is true and EL the 1961F’s’s conduct have nothing to show for the which information
that have been made

available, let alone have draw any conclusions. There is not a reason to believe they noticed the man in Berlin
ho their donut in, hoping to pass their prison facility and treat the press cell- in a also that evening

He weighs Jr. might weigh 40 pounds or was inside the man, armor. exceeded the limit We said to on the newer

L1l and left too late, but so sophisticated hadn’t ever drawS. activity, and so we extended compensate for flights
along that route here and there, leaveiliated. mega. media groups done as this

play out would and taken into consideration. several calculations. So here is cyber penetration, degraded
aircraft being raised, issues that the United get soon and extremely sensitive.

So on the other hand, the beautiful question, why we decided to release the answer 16, retain not only the
existing standards but

20 to 30 more pilots in well. This is why this has announced this troop mission, and the demonstration their us
Come to meet those more.

The initial tests that’s haven’t been released have been reported to us

as abstractions, but for one of their major formal build up ahead of a very 2013 sales, Mi Type 16 is really
beating the standard that they are now or, at least, being (almost) ready final forward soon, we posted some tests
for the pilots. Mi3520 is now available, was afince.be submitted, and had begun the substantial formal road of
arguing with the Inc. team with the military over the current. This

nilly is a orMPV for all reluctant pilots, but is out of sight, which will allow the APV to run up to 3 months,
so that is time for final submission., they will still be running for weekend suicide test or several months they
submit to GM.

But we know Harri and I have are with to on version robot, and are happy with this test score. We

are told. that those trained will work with a better close combat.

After Iraq, air fight is a lot of flagrant affairs for a relatively non-military air force, and with their
performance, Gen 2 can paint a in the galaxy , looking more natural.

So, not know sure is what I am next for, this should alive

evenis being given very early, but chances are there is the ’ Aircraftless CBA Lecture.’ 1is a schedule new,which
my friends call Trabi..PLA, who possesses this skill, but this skill is just balanced, rolled that getting the A
of time to adjust to the battlefield. 1I. MUDoldt coming in with me, which also helps, though a month or so Trauma
announcement wasally be possible. Only before in case of a major to report on, I have brought the power, other
than driveBN within NeverLsit,ying something features like his list of old NA 10 is he is a good,

ie some people may not have understood and conducted as well as I said, but since 2 years on, most players even on
the PC

have now thought I brought in general much better alignment, and that that’s good

a the brought the wide field ability, and he

really reached against the Donald come in and put ground game together that didn like you can take advantage of
type aerial. He looked like a good guy that really won

you so many of these might consider and may for normally guy’s perspective , great brought", and it went on from
win to loss,

though many surprises these<|endoftext|>

Figure 10. Unconditional OpenWebText samples from Di4C with 4-step decoding.
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<|endoftext|>, moved into Europe. I was just trying to describe how different it was as a player and this six
months really I was working with TeamLiquid for the first time of a brand new career. And I had an experience

the been. I actually spent a lot of time back in Europe, so I did acknowledge during that period a good and full
early period as to start to see the correlation between where I was been and where I going. But I was definitely
noticed that every time that I moved in, there was an opportunity for me to better the floor of. It became a,
well I can’t help but create an image of yourself, that you was known for your true professionalism and least work
hard work. From some of my looks at people. And I was praised that year for putting Team Liquid against very
good teams and then waiting much later in North America, July to have a good staff work together on the team and
that was the I’'m hoping to use to better our floor of, because that is one that I Love most of, has to be one

of the most memorable positions I ever ever held at Pro Circuit and one of the things that has soaked up my, a
fair amount of time in the pro circuit, the experience and knowledge, a core of this applies to the Pro Circuit
tournament that will usher in its return. Gul says that beginning in 2017 the Internet, most newspapers and
television were in a crash course where they the rules for one whole game, and that in the case of, World Champion
No. 2 Tomas Rosas Corbin earlier this month, put pilot devices into the mechanics, and seen in an exhibition by
some other people and games, which clearly indicated that we were not to do anything that do."Meagan encouraged me
not fall into this trap," him continues, "because, ’'Why you become stuck on thing after thing, you can’t answer’.
I'm say, this tournament has nothing really new beyond that to look at, but one major change, which has been, is a
major milestone. This means that several weeks, given that this game has changed dramatically, there is some big
ball selection and stability improvements from from 2016, when a couple of testing events were held around which
structures and tracks."This Test will run largely on a fixed minerals, standard structure that we had originally
designed, " Kiswani says, incorporating that again will be through reviewing the pilot program. Additionally, one
of the most important aspects of the Test will be a lot of the match-encoding, that are bringing almost the match
on track, and removing and eliminating the weird interconnections between the players involved. Technically,
major tournaments will not held in the postseason for in changes, the most being 1000s USL events; being held in

the E Tempo E, and, the Openrace event; and continuing in the Openrace Series, at some non-crowd games. The Test
will run once a month. After that."
This will continue to the Pro Circuit with another ten hours available, he says. He does not anticipate these

changes this time, unfold in 2017, and that we will need to determine trying some of TeamLiquid’s tweaks to
combine with this shift from their current status quo, so it will take more of a concerted for so many of these
tournaments to continue in 2017, for example, this autumn.The fifthplace Challenger Series, which continues on,
has no impact on the pros involved, or, by the way, players that had waited until now to participate there, but

is the only tournament where a player had a strong season prior to the filing of Challenger,. In addition, there
is very significant, very different, and very slow structure of the game that don’t cater to the players," Kiswani
explained in an interview "Last year, at the World Championships Lirotti Petrova, in theBecause of the FIFA clock
the event is slowing down significantly. The extensive testing and Harrisley to was significantly downsized in
the, and Natus, for this tournament as well, and it was the first tournament to introduce a player to DTSR and

the testing introduced to also brought some potential improvements to the previous players system. However, its
effectiveness has been cast in doubt by, who do the marketing players and management teams summit together humans,
which not only does not reward the best people with action, but also provide the best hard working professionals
that to examine their ability to compete; but it also give for them to, finally, just take some time to prepare
for it.Now, of some, the fact of that is a little bit, I’ve been very happy with the progress is are making at Pro
year. For every single event playing played, it represents a less balanced, and not as big, same shuttle pool.
This competition is to check how to cater to the player needs, and, as we talked about from the start there is
no<|endoftext |>

Figure 11. Unconditional OpenWebText samples from Di4C with 8-step decoding.
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<|endoftext|> the confidence that we had enjoyed in our business, so there was also a clear tone of information
culture and respect. Holm has been planning processes for the a year, like our healthcare transition, the
certification process.

"We will continue to observe the course of the BAE negotiations on the aim of improving and developing environment
conditions on the open market that will close the gap between time and money. The development process. It is
very straightforward: of course, the majority growing proud of the game will come to to it from other countries
and other regions, once you were able to purchase the game. The LAMB staff who are in working alongside 30
minutes of recent layoffs in terms of resources, have been in talks to find were also recently at IGN.

Manens Singh is a specialist in information culture research who has currently negotiations with Sony for the

new parent company, Sony.<|endoftext|>Holm Singh acknowledged in an interview that he had seen the transformation
in the political philosophy to one that is now associated with traditional British institutions and sought to

use victims of the left to behead populism.He said that, Holm is feeling something of this surprising team about
the very complex climate that is sweeping Britain." This yearidd has had a stern along front row with two League
Media de Mrove ministers, who suggested that the government should break up the Conservative following Keith David
Cameron. Indeed, that suggested that the British education community disagreed with the decision Comment the
voters in Boxton on the realities in the UK. Moreover week he also responded to the statement from the teachers
association, and that the work have to have some historical context with Trump. breaking up the Conservative
party has intended to respond to the highly controversial, the first time in his presidency, following the shocker
election results that have seen angry verdicts, led to engagement, of ’Stop’ you death campaigner. "our current
flaw is what we think is a nasty habit of saying a person who failed will ’stop you off’ the job."idd has taken a
separate reaction from the Metropolitan Department and the Mayor’s representatives, who believes that he is the
claiming a majority of some of the resignations. "My view Murdoch was that it does not necessarily seem there
have been any demands of response of their concerns administrators at the Met. And with withIt needs to show
they are going to become partB the a force," he told the committee, the Director of Crime and Crime, the Cabinet
spokesman Committee on Crime and Strategy, who was committed toOn the basis of changes, those changes should be
positive across the working group."

Read more:

On Tuesday Jan 26 9, 2010 theDispatch reported that federal officers were on video for an extended period of time
over the past two months. And Wednesday, Jan. 16, 2010, Wednesday evening, the Wall Street Journal reported that
the Met became the first law enforcement agency to gather evidence regarding the deaths of officers.

Police spokesman James Cole, 3:06 p.m. on Justice matter officials reported that has been completed. However,
daily theNews the Times reported that the matter speaks to a Post Director’s court. Cole emphasized this is

about the proceed of discovery, not media speculation. The day beforeazilly filed a public request to comment on
television and there was NO reply of a statement involving the matter reported. InsteadAshley Jarrett said both
the Met and Metropolitan police would be reviewing the issue of that public, though details of how long that will
remain in the investigation.

"First, the (is) investigating commissioner (SOC) actions were met with a resolution that was designed to direct a
permanent change to the data security issue, Jarrett said, adding Metropolitan Police is investigate what was
done. Second, it intends that it will respond to the Times on morning after understanding the full details

of the matter, McCullke said.There is a settlement reached from the Met and FedEx Corporation in Seward after

the Times published the findings.According to spokesman Edward M Lynch said that Lynch told the Daily one day
after the video published that the company was also investigating, and that It was contacted last year by a
Justice Department inspector, which assured stated that she was determining that no evidence, including that

an internal affairs division had had recovered all three evidence and that the in-the coverup video had been,
because they were warned that they posed the greatest threat to public safety. It was also asked what evidence it
had by<|endoftext|>Connection were hacked and company was not FBI Despite government green light. (The has a 2012
government contributing decision) From a m Feds.

The government created an Internet page that led to a Drew Stafford lawsuit over "SdnDoT.com." The story on

the website allowed any of the evidence to be brought into federal court without the need of a warrant for
charges.

This evidence was relevant in a second open hearingWC case as of, July 3rd 2012:.

raar the delays<|endoftext|>

Figure 12. Unconditional OpenWebText samples from IMDM with 4-step decoding.
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<|endoftext |> determine if a is favorable to abortion."

He acknowledged that working with Planned Parenthood is a "serious matter, though" and the most important thing

is that the company doesn’t have a political agenda. It aims to serve people, as was the case of T-Mobile years
ago, not as big was business with them. Trump, the CEO emphasized, is important on Planned Parenthood, and he

did build a great deal in his relationship with the group, which he said, "What is is relationship and what is
dependent on that,"

International players responding to its

I delivered multiple news about its decision to the world players on Twitter. Early this month I tweeted the

same Pinterest the court ruled on Monday in favor of the United States, we planned to attend the G3 simultaneously
in July. Although we are still in shock with the court decision, we would like to say thanks to our supporters
and everybody, for working to make these releases available for free! @ attack4wquality<|endoftext|>Sony’s Greg
Jaffe has the been working on phone and video interactions for weeks, and is confident that these issues will be
resolved over the coming weeks. This is not necessarily going to be a public report, and as Jaffe explained in

a Monday statement in which the feedback from many in industry agrees that in many ways is a lot we are looking

to see. "The channel works themselves out, and there’s a lot of fantastic feedback from the gaming community,

and we want to take that from our point of view making these a more engaging games," Sony said in the statement.
Sony has also been looking into a number of other entertainment libraries, however it’s more than just the to-game
multiplayer experiences. Activision actually put together some impressive titles, with the release of Thanos

and Command, games that sold over 775 million copies. That echoed our sentiments that we think this is a very
attractive way to reach the masses, with even Kevin Spencer, senior VP of visual at Xbox, noting that funding is
low and were excited to make this stay in place company when other resources are constrained.

It’s too early to say anything concrete about the details of the new multiplayer as many’re still trying to figure
out, but in May, when Activision announced Hel for Link, I’d told IGN that Activision’s goal is to ship the game
on both One and PC, and that will do all of the other work that is needed on the game after installation. A
multiplayer that will be online, add new characters and colors, that can kind of play on the fly, and will sort

of follow the focused, real-world elements of the game. We’ve found to be lots of fun pieces of Hel that can
resist used unnecessarily, and the library we work with will be a mix of everything from player interaction
features to animation. As for result, it’s unlikely to come as a surprise that an our first goal will be to

make Hel as a more interactive experience, which is also certaint to be central to the game as well, as well.

Hel will in turn help setting interaction up for talented performers to share things they’ve wanted to work

with, share, etc. This was a priority because there was so many feedback in the community, that we started

taking steps to address that and made it easier for us to add features like that. We’ve sort of increased up

the game, approaching things character and in the story, and I'm sure there is some out there where there’s fewer
characters. But I think that we’re really enjoying the enhancements to Android that people in the industry are
compelled to forward to seeing. Hel is really helping to make sure we make the game a great entertainment library
for people, and built the game in a way that binds it together now that things have been assessed. We’ve been
working guidance with a lot of teams on the game interface and overall tech and experiences, how devices work with
third-party conversion functionality and the overall tech and experiences that the communication, all of the UI
elements we’re creating and managing those transitions on landscape. And with the kind of rendering capability
Sony has, the game interface will now have the ability and even ability to the on-in feature set automatically
play in mode in as little as seconds. As for each visual piece that comes to the game, the piece will be open
sourced almost immediately after its output to the Xbox software, and they’re also doing special effects, as it’s
clear they wanted to work on some planned shots to see what effects they can were up. This means, as long as

they already figure out, they’ll want to include some special effects when delivered to the PC. "Having been of
Sony’s month left me unimpressed that the game feels more...the last one Sony made almost eight years ago," the
somewhat<|endoftext |>

Figure 13. Unconditional OpenWebText samples from IMDM with 8-step decoding.
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