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ABSTRACT

Diffusion Language Models (DLMs) have recently achieved strong results in text
generation. However, their multi-step sampling leads to slow inference, limiting
practical use. To address this, we extend Inverse Distillation, a technique origi-
nally developed to accelerate continuous diffusion models, to the discrete setting.
Nonetheless, this extension introduces both theoretical and practical challenges.
From a theoretical perspective, the inverse distillation objective lacks uniqueness
guarantees, which may lead to suboptimal solutions. From a practical standpoint,
backpropagation in the discrete space is non-trivial and often unstable. To over-
come these challenges, we first provide a theoretical result demonstrating that our
inverse formulation admits a unique solution, thereby ensuring valid optimization.
We then introduce gradient-stable relaxations to support effective training. As a
result, experiments on multiple DLMs show that our method, Inverse-distilled
Diffusion Language Models (IDLM), reduces the number of inference steps by
4×-64×, while preserving the teacher model’s entropy and generative perplexity.

1 INTRODUCTION

Diffusion Language Model training
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Figure 1: DLMs require many reverse-diffusion steps at inference. IDLM trains a few-step generator
via inverse distillation to match the teacher’s generation quality with substantially fewer steps.
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Generative modeling for discrete data, such as natural language, has seen widespread adoption,
driven by the rapid advancement of large language models (Touvron et al., 2023; Groeneveld et al.,
2024; Lozhkov et al., 2024).

Recently, Diffusion Language Models (DLMs; Sohl-Dickstein et al., 2015; Austin et al., 2021;
Campbell et al., 2022; Lou et al., 2024) have emerged as a promising framework for modeling
the distribution of the text data. A general formulation for a broad class of DLMs was introduced
by (Lou et al., 2024). However, the general formulation is often intractable in practice and in-
troduces significant theoretical complexity. To address this, subsequent work (Sahoo et al., 2024;
2025a; Schiff et al., 2025; Shi et al., 2024) has focused on specific types of diffusion processes, en-
abling simplified theoretical analyses and more tractable implementations. As a result, DLMs have
achieved competitive performance in text generation, comparable to that of autoregressive language
models (Nie et al., 2025). However, the inherently iterative nature of reverse diffusion requires hun-
dreds or even thousands of sampling steps at inference time, resulting in considerable latency that
limits their practicality.

On the other hand, in the continuous domain, the issue of slow inference in diffusion models (Ho
et al., 2020; Song et al., 2020b; Karras et al., 2022) has been the focus of extensive research (Song
et al., 2020a; Luhman & Luhman, 2021; Zhang & Chen, 2022; Lu et al., 2022). Among the various
approaches, distillation has emerged as one of the most effective solutions (Song et al., 2023; Sal-
imans & Ho, 2022; Luhman & Luhman, 2021; Berthelot et al., 2023; Xie et al., 2024). However,
directly applying such techniques in the discrete domain is challenging due to the non-differentiable
nature of discrete data. Recent efforts have begun to address this limitation for DLMs. Notably,
SDTT (Deschenaux & Gulcehre, 2024) and Duo-DCD (Sahoo et al., 2025a) propose adaptations of
consistency-based distillation methods (Song et al., 2023; Song & Dhariwal, 2023; Kim et al., 2023)
to the discrete setting, demonstrating initial progress toward enabling fast inference in DLMs.

In this work, we investigate an alternative distillation paradigm by extending the theoretical frame-
work of Inverse Distillation (Gushchin et al., 2025; Kornilov et al., 2025), originally developed
for continuous diffusion models, to the discrete domain. However, this direct extension intro-
duces several nontrivial challenges arising from the intrinsic properties of discrete data. First,
theoretical concerns emerge regarding the validity of the training objective, particularly due to
the potential non-uniqueness of its minimizers. Second, practical challenges arise from the non-
smoothness of the discrete space, which complicates the optimization.

Contributions. To address the above-mentioned issues, we present Inverse-distilled Diffusion Lan-
guage Models (IDLM), a principled framework for accelerating a broad class of discrete diffusion
models. In summary, our core contributions are as follows:

1. We theoretically establish the uniqueness of the global optimum for the IDLM objective,
validating the correctness of the proposed optimization procedure (M3.1).

2. We propose gradient-stable relaxations that enable effective training through (i) a simplex-
parameterized generator and (ii) a principled mechanism for backpropagating gradients
through the discrete forward process (M3.2).

3. We empirically demonstrate that IDLM achieves competitive generation quality, matching
the performance of 1024-step teacher models while requiring up to 64× fewer sampling
steps (M4).

2 PRELIMINARIES

Notations. We represent scalar discrete random variables over N categories as one-hot column
vectors, with V = {x ∈ {0, 1}N :

∑N
i=1 xi = 1} denoting the set of such vectors. We further define

the probability simplex ∆ := {z ∈ RN : z ≥ 0, ⟨z, 1⃗⟩ = 1} as the convex hull of V , where 1⃗ ∈ RN

denotes the all-ones vector. Additionally, let I ∈ RN×N be the identity matrix. The matrix-weighted
inner product is defined as ⟨a, b⟩Q := a⊤Qb, and we omit the subscript when Q = I . For absorbing
diffusion process we define special mask token m ∈ V such that mN = 1.

2.1 DIFFUSION LANGUAGE MODELS

We start by recalling the Diffusion Language Models (DLMs; Austin et al., 2021; Campbell et al.,
2022; Lou et al., 2024). Consider a distribution p∗(x0) ∈ ∆ over V . DLMs aim to generate samples
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from p∗(x0) by constructing a transformation process from an initial tractable distribution, based on
predefined forward diffusion.

Forward Diffusion. A forward discrete diffusion process is defined by a family of time-dependent
distributions pt(xt) ∈ ∆, evolving over the interval t ∈ [0, 1]. This evolution follows a continuous-
time Markov chain defined by a linear ordinary differential equation (Anderson, 2012; Campbell
et al., 2022; Lou et al., 2024):

dpt
dt

= Qtpt, p0 = p∗, (1)

where Qt ∈ RN×N are the diffusion matrices and have nonnegative non-diagonal entries and
columns which sum to zero, ensuring valid probability dynamics. These matrices are typically
chosen in the form Qt = σtQ, where Q is a fixed base matrix that defines the structure of the
diffusion process, and σt is a time-dependent scalar that controls the diffusion schedule. With an ap-
propriate choice of Q and scheduling function σt, the distribution pt converges to a tractable limiting
distribution π(x1) ∈ ∆ as t→ 1.

For a fixed initial state x0 ∼ p∗(x0), the forward diffusion process defined in equation equation 1
induces a family of conditional distributions over intermediate states xt ∈ V .

pt|0(xt | x0) := Cat(xt; exp (σ̄tQ)x0), (2)

where, exp (σ̄tQ) denotes the matrix exponential, and σ̄t :=
∫ t

0
σs ds is the cumulative schedule.

Concrete Score Matching (SEDD). The goal of the Concrete Score Matching (Meng et al., 2022;
Lou et al., 2024) is to approximate the ratio of marginal probabilities pt(y)

pt(x)
. To achieve this, (Lou

et al., 2024) propose learning a score function ŝ : V × [0, 1]→ RN
+ using the Score Entropy Discrete

Diffusion (SEDD) loss. This objective, defined for a data point x0 ∼ p∗(x0), is:

SEDD Loss

LSEDD(ŝ, x0) :=

∫ 1

0

Ept|0(xt|x0)

[∑
y ̸=xt

λxty

(
⟨ŝ(xt, t), y⟩ −

pt|0(y | x0)

pt|0(xt | x0)
log⟨ŝ(xt, t), y⟩

)]
dt, (3)

where λxty is positive weighting function. Lou et al. (2024) show that the minimizer for the data
distribution p∗(x0):

s∗ = argminŝ Ep∗(x0) [LSEDD(ŝ, x0)]

recovers the desired ratio of marginal probabilities pt(y)
pt(x)

.

However, as noted in (Lou et al., 2024), applying this formulation to large-scale settings (e.g., GPT-2
with N = 50257 tokens) is practically challenging, as storing and computing all edge weights in the
transition matrix Qt becomes infeasible. To address this, subsequent work has focused on specific
classes of diffusion processes with simplified transition structures, reducing computational overhead
while improving numerical stability and model efficiency.

Absorbing Process (MDLM). Previous work on DLMs has primarily focused on two particular
classes of processes. The first is the absorbing process (see Appendix B.1 for further details). A
prominent example of that is the Masked Diffusion Language Model (MDLM; Sahoo et al., 2024;
Shi et al., 2024), in which the authors, rather than directly parameterizing the probability ratios
pt(y)
pt(x)

, follow the strategy of Ho et al. (2020); Austin et al. (2021); Campbell et al. (2022) and
instead learn the reverse conditional density p0|t(x0 | xt). Accordingly, they adopt an alternative
parameterization x̂0 : V × [0, 1]→ ∆, which yields the following training objective for a fixed data
point x0 ∼ p∗(x0):

MDLM Loss
LMDLM(x̂0, x0) :=

∫ 1

0
Ept|0(xt|x0) [λt⟨log x̂0(xt, t), x0⟩] dt, (4)

where λt is positive weighting function and log x̂0(xt, t) is element-wise logarithm of x̂0(xt, t).
Note that in the original work, the authors use the notation log⟨x̂0(xt, t), x0⟩, which is equivalent.
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Moreover, (Sahoo et al., 2024) show that this loss corresponds to the negative evidence lower bound
(NELBO). As a result, at optimality, the learned model on whole data distribution p∗(x0):

x∗
0 = argmin

x̂0

Ep∗(x0) [LMDLM(x̂0, x0)]

recovers the target reverse conditional density p0|t(x0 | xt).

Uniform Process (UDLM/Duo). Another important case is the uniform process (see Appendix B.2
for further details). Two notable models have been proposed in this setting: the Uniform Diffusion
Language Model (UDLM; Schiff et al., 2025) and its extension, Diffusion Duality (Duo; Sahoo
et al., 2025a). UDLM adopts the same model parameterization and target function as MDLM, and
introduces the loss for a data point x0 ∼ p∗(x0) as

LUDLM(x̂0, x0) :=
∫ 1

0
Ept|0(xt|x0)g

(
xt, x0, x̂0(xt, t)

)
dt, (5)

where the function g
(
xt, x0, x̂0(xt, t)

)
:=

λt

(
1

pt|0(xt | x0)
− 1

pt|0(xt | x̂0)
−
∑
y ̸=xt

pt|0(y | x0)

pt|0(xt | x0)
log

pt|0(xt | x̂0) pt|0(y | x0)

pt|0(y | x̂0) pt|0(xt | x0)

)
,

with λt denoting a positive weighting function. For clarity, we slightly abuse notation by omitting
the model’s input in x̂0, assuming x̂0 = x̂0(xt, t) within the expression. Duo further introduces
an objective with reduced variance. To achieve it the authors first introduce distribution: p̃t|0(wt |
x0) = N (α̃tx0, (1 − α̃2

t )I), where α̃t denotes a rescaled diffusion schedule. Then they show that
for wt ∼ p̃t|0(wt | x0) and xt(wt) := argmax(wt):

xt(wt) ∼ pt|0(xt | x0),

where argmax(wt) denotes a one-hot vector whose index corresponds to the maximum value in wt.
Based on this, they propose reducing the variance of the objective by substituting the discrete model
input xt(wt) with soft approximation:

xτ
t (wt) = softmax (wt/τ) .

This relaxation leads to an extended model parameterization x̂0 : ∆× [0, 1]→ ∆. The resulting loss
function for a data point x0 ∼ p∗(x0) is given by:

Duo Loss
LDuo(x̂0, x0) :=

∫ 1

0
Ep̃t|0(wt|x0) [g(xt(wt), x0, x̂0(x

τ
t (wt), t))] dt. (6)

Moreover, Sahoo et al. (2025a) shows that, in the limit as τ → 0+, this loss corresponds to the
NELBO of UDLM. Consequently, at optimality and in this limit, the learned model on whole data
distribution p∗(x0):

x∗
0 = argmin

x̂0

Ep∗(x0) [LDuo] (x̂0, x0)

recovers the reverse conditional distribution p0|t(x0 | xt).

Sequence-Level Discrete Diffusion. In practical applications, we are interested in generating se-
quences of some length. A direct extension of the diffusion process to this setting would require
modeling over an exponentially large space, resulting in a diffusion matrix of intractable size. To
overcome this limitation, following (Lou et al., 2024), we consider diffusion processes defined by
sparse diffusion matrices that perturb tokens independently across sequence positions. Under this
assumption, the forward diffusion matrix factorizes across tokens, yielding both a factorized condi-
tional distribution and, crucially, a loss function that decomposes as a sum of token-wise losses. As
a result, the per-token objectives in equations equation 3, equation 4, and equation 6 can be directly
applied to sequence modeling.

2.2 DISTILLATION OF DIFFUSION MODELS

Inverse objective. We build on the Inverse Distillation framework (Gushchin et al., 2025; Kornilov
et al., 2025), which optimizes a student distribution pθ(x0) parametrized by a few-step generator
such that the fixed teacher f∗ remains optimal under pθ. Specifically, it considers the objective

Linv(θ) :=Epθ(x0)[Lcont.(f
∗, x0)]−minf̂ Epθ(x0)

[
Lcont.(f̂ , x0)

]
, (7)
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where the inner minimizer is the fake model trained on samples from pθ. By construction, the
inverse loss satisfies Linv(θ) ≥ 0 and for pθ(x0) = p∗(x0) the minimum value 0 is attained. How-
ever, this formulation does not, in general, guarantee the uniqueness of the minimizer meaning that
optimization may converge to suboptimal solutions.

While such a general description of the inverse distillation was proposed in (Kornilov et al., 2025)
the particular cases of this distillation were introduced before, specifically for continuous diffusion
(Score identity Distillation, SiD) in (Zhou et al., 2024b) and specifically for continuous flows (Flow
Generator Matching, FGM) in (Huang et al., 2024).

Connection to this work. In continuous space, the model distribution pθ is typically represented
via a few-step generator and reparameterized, allowing the optimization of equation 7 via backprop-
agation through sampled trajectories. In contrast, extending this approach to the discrete domain
presents several challenges, stemming from the inherent characteristics of discrete spaces. These in-
clude theoretical concerns regarding the validity of the training objective, due to the non-uniqueness
of its minimizers, as well as practical difficulties related to the non-differentiability of discrete sam-
pling. Our objective is to extend the inverse distillation framework to the widely studied class of
diffusion language models by addressing both of these challenges, as discussed in M3.

3 INVERSE-DISTILLED DIFFUSION LANGUAGE MODELS

In this section, we present our core methodology for distilling a broad class of Diffusion Language
Models into a few-step generator. Firstly, we provide the theoretical foundations supporting the
extension of the Inverse Distillation framework to the discrete domain (M3.1). We then address the
practical challenges arising from the non-smooth nature of discrete spaces (M3.2). Lastly, we outline
key implementation details (M3.3).

3.1 THEORETICAL EXTENSION OF INVERSE DISTILLATION

Unified notations. SEDD equation 3, MDLM equation 4, and Duo equation 6 introduce different
training objectives {LSEDD,LMDLM,LDuo} and model parameterizations {ŝ(xt, t), x̂0(xt, t)}. To
describe the distillation framework in a unified fashion, we use Ldiscr. ∈ {LSEDD,LMDLM,LDuo} to
denote the diffusion training objective and introduce f̂(xt, t) ∈ {ŝ(xt, t), x̂0(xt, t)} as a parameter-
ized function encompassing the relevant model parameterizations. Following the standard notation
commonly adopted in diffusion distillation literature, we define the teacher model as:

f∗ = argminf̂ Ep∗(x0)

[
Ldiscr.(f̂ , x0)

]
.

Inverse distillation for DLMs. To address the issue of slow inference, we extend the Inverse Distil-
lation framework, originally developed for continuous diffusion models, to the domain of Diffusion
Language Models.

Specifically, we consider a student model defined by a generator Gθ : Z → V , parameterized by
parameters θ, which transforms latent variables from a latent space Z to a discrete output space V .
The latent space Z is equipped with a tractable prior distribution pZ , inducing a distribution pθ over
V via the mapping Gθ. Then, following the logic of the continuous case, we propose to consider the
following objective for the discrete diffusion:

IDLM loss
LIDLM(θ) := E

pθ(x0)

[
Ldiscr.(f

∗, x0)
]
−min

f̂
E

pθ(x0)

[
Ldiscr.(f̂ , x0)

]
, (8)

where the second term includes training of fake model using the same loss as the teacher model, but
with data pθ(x0) produced by the generator Gθ.

Theoretical validity of the training objective. However, simply formulating this objective in
a manner analogous to the distillation loss used in continuous diffusion models does not guar-
antee the validity of its solutions. While the loss function admits a trivial minimizer θ∗ sat-
isfying pθ∗ = p∗, the absence of a uniqueness guarantee implies that the optimization proce-
dure may converge to suboptimal solutions. Consequently, it is essential to establish that the
minimizer recovers the true data distribution, i.e., pθ∗ = p∗. We present the following theorem:
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Figure 2: Overview of our Inverse-Distilled Diffusion Language Model (IDLM) framework.
The objective is to distill a pretrained Diffusion Language Model f∗, referred to as the teacher,
into a few-step generator Gθ, referred to as the student. To this end, we extend the concept of
Inverse Distillation, originally developed for continuous diffusion models, to the discrete domain.
The training procedure involves a nested optimization scheme: an auxiliary diffusion model f̂ (the
fake model), is optimized using the same training loss as the teacher, but with data generated by the
student Gθ. Subsequently, the generator is updated using the IDLM objective introduced in (M3.1).

Theorem 3.1 (Unique solution). For the SEDD equation 3, MDLM equation 4, and Duo equation 6
(in the limit as τ → 0+) objectives the IDLM loss defined in equation equation 8 satisfies

LIDLM(θ) ≥ DKL(pθ ∥ p∗) ≥ 0

and achieves its minimum (zero) if and only if the model distribution matches the target distribution
LIDLM(θ) = 0 ⇐⇒ pθ = p∗.

We give the proof in Appendix D.2.

3.2 PRACTICAL EXTENSION OF INVERSE DISTILLATION

Although we have theoretically established the validity of the proposed inverse distillation objective
IDLM equation 8, the discrete nature of the output space V continues to pose significant practical
challenges for the gradient-based optimization. In particular, the IDLM loss contains two primary
bottlenecks. (i) First, the student generator Gθ : Z → V produces outputs in the one-hot space V ,
which in practice necessitates the use of unstable techniques, such as the hard Gumbel-Softmax,
thereby complicating gradient propagation. (ii) Second, samples xt ∼ pt|0(xt | x0) depend on
x0, and thus implicitly on θ. This introduces an additional challenge, as differentiating through the
sampling operation ∼ is nontrivial in the discrete setting. Below we mitigate these challenges and
develop a feasible training procedure.

(i) Simplex relaxation. To address the first challenge, we relax the output space of the student
generator from the discrete set V to the probability simplex ∆, and accordingly redefine the generator
as Gθ : Z → ∆. This relaxation enables smooth gradient flow but introduces a nontrivial question
regarding the computation of the training objective, since the generator outputs no longer lie in the
original discrete space. Specifically, under this reparameterization, the LIDLM(θ) objective becomes:

Epθ(x0)

[
Ldiscr.(f

∗, x0)−min
f̂
Ldiscr.(f̂ , x0)

]
= EpZ(z)

[
Ldiscr.(f

∗, Gθ(z))−min
f̂
Ldiscr.(f̂ , Gθ(z))

]
,

where z ∼ pZ(z) denotes a latent variable. Since x0 appears only within the teacher loss Ldiscr.,
we must ensure that this loss remains computable when substituting discrete samples x0 ∈ V with
relaxed outputs Gθ(z) ∈ ∆. To this end, we note that all teacher losses under consideration Ldiscr. ∈
{LSEDD,LMDLM,LDuo} incorporate x0 in one of two mathematically compatible forms: (i) through
scalar products ⟨·, x0⟩, or (ii) via the distribution pt|0(· | x0), which can be expressed as a matrix-
vector product:

pt|0(· | x0) = exp (σ̄tQ)x0.
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Consequently, each of the considered teacher losses is mathematically well-defined not only for one-
hot vectors from V but also for any input from the probability simplex ∆. This reparameterization
enables end-to-end training of the generator using standard differentiable operations, such as the
softmax function, by avoiding the need for unstable discrete relaxation like the Gumbel–Softmax.

Case of Duo. The training objective in the Duo setting is given in equation equation 6 as

LDuo(x̂0, x0) :=
∫ 1

0
Ep̃t|0(wt|x0) [g(xt(wt), x0, x̂0(x

τ
t (wt), t))] dt.

Here we can apply the standard reparameterization trick for Gaussians by expressing the latent
variable wt as wt(x0, ϵ) = α̃tx0 +

√
1− α̃2

t ϵ, where ϵ ∼ N (0, I) is sampled independently of x0.
Substituting this into the objective yields

LDuo(x̂0, x0) :=
∫ 1

0
Eϵ∼N (0,I) [g(xt(wt), x0, x̂0(x

τ
t (wt), t))] dt, (9)

which eliminates the need to differentiate through the sampling operation itself, as the randomness is
now isolated in ϵ, which is independent of x0. This reparameterization thus enables gradient-based
optimization of the Duo objective.

Case of MDLM (SEDD absorbing). In the case of MDLM, the forward transition distribution
p(xt | x0) does not admit a standard reparameterization. However, we can leverage the SUBS
parameterization of the MDLM model introduced in (Sahoo et al., 2024, see Section 3.2.3). Specif-
ically, for unmasked tokens (i.e., xt ̸= m), the following properties hold: (a) the optimal denoiser
satisfies x̂0(xt, t) = xt, and (b) xt = x0, since the forward process either preserves the token or
replaces it with a fixed mask token m. As a result, in this case, x̂0(xt, t) = xt = x0, and the loss
becomes LMDLM(x0, x0) = 0. Thus, all nonzero contributions to the loss arise from instances where
xt = m. In this case, xt is independent of x0, as the mask token is fixed and does not result from
a stochastic transformation conditioned on x0. Consequently, there is no need to backpropagate
through the sampling of pt|0(xt | x0). This formulation enables efficient training without requiring
differentiable sampling from the discrete forward process.

3.3 TECHNICAL ASPECTS

Models initialization. Following prior distillation approaches that employ an auxiliary fake model
during training (Yin et al., 2024b;a; Zhou et al., 2024b;a; Gushchin et al., 2025; Kornilov et al.,
2025), we initialize both the fake diffusion model and the student generator using the parameters of
the pretrained teacher diffusion model.

Multistep distillation. We distill a K-step student that conditions on (xt, t) and initialize it from
the teacher for stability. Full parameterization and training details are in Appendix C.

Training of fake model. The proposed IDLM loss function involves an inner optimization with re-
spect to the fake model. To approximate this nested optimization in practice, we adopt an alternating
training scheme, following prior works (Yin et al., 2024b;a; Gushchin et al., 2025; Kornilov et al.,
2025). Specifically, training proceeds by alternating between 2 optimization steps.

(i) Updating the fake model f̂ while keeping the student generator Gθ fixed. In this step, the fake
model is optimized using the teacher loss Ldiscr. evaluated on samples generated by the student.
Taking into account the multistep training procedure, for a fixed sample xt̃ ∼ pt̃|0(xt̃ | x̃0) with
x̃0 ∼ p∗(x̃0), the resulting optimization objective for updating the fake model is given by:

Update: f̂ ; Fix: θ (10)

Lf̂ =Ldiscr.(f̂ , Gθ(xt̃, t̃)).

(ii) Updating the student generator Gθ while keeping the fake model f̂ fixed. Considering the mul-
tistep training procedure, for a fixed sample xt̃ ∼ pt̃|0(xt̃ | x̃0) with x̃0 ∼ p∗(x̃0), the IDLM
loss equation 8 can be instantiated as:

Update: θ; Fix: f̂ (11)

LIDLM(θ)=Ldiscr.(f
∗, Gθ(xt̃, t̃))−Ldiscr.(f̂ , Gθ(xt̃, t̃)).

Algorithm. In summary, Algorithm 1 outlines the proposed procedure for distilling a pretrained
DLM into a few-step generator using the IDLM objective. A visual illustration of the method is
provided in Figure 2. 7
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Figure 3: Performance comparisons across all benchmarks. Top row: Generation quality/diver-
sity metrics at specific step counts. IDLM-SEDD matches baseline quality with 4× fewer steps
(1024 → 256), IDLM-MDLM achieves 64× reduction (1024 → 16), and IDLM-DCD further re-
duces to 8 steps (128×) under Ancestral and 4 steps (256×) under Greedy-Tail sampling. Bottom
row: GenPPL efficiency curves. IDLM variants consistently achieve better GenPPL across all step
counts while maintaining comparable entropy, with particularly strong improvements in the low-step
regime.

4 EXPERIMENTS

This section demonstrates the applicability of our IDLM distillation method across various types
of DLMs. To this end, we conduct experiments using available checkpoints of pretrained SEDD,
MDLM, and Duo teacher models trained on OpenWebText (OWT; Gokaslan et al., 2019). For eval-
uation, we follow the protocol of prior works (Dieleman et al., 2022; Lou et al., 2024; Deschenaux &
Gulcehre, 2024; Sahoo et al., 2024; 2025a) and report GPT-2 Large (Radford et al., 2019) generative
perplexity (GenPPL) as well as average sequence entropy to measure diversity. Comprehensive re-
sults are summarized in Table 1. Additional technical details for all evaluated methods are provided
in Appendix F. We also provide the uncurated text samples in Appendix H. All implementations
were developed in PyTorch, and the code will be published.

Distillation of SEDD. To the best of our knowledge, no distillation methods have been developed
specifically for the SEDD model. This section therefore focuses on demonstrating the effectiveness
of our distillation approach in reducing the number of sampling steps required to achieve comparable
generation quality of the teacher model. In the case of SEDD, only checkpoints for the absorbing-
process variant are available, so we distill this version and refer to it simply as SEDD for clarity. As
shown in Figure 3a, our method, IDLM-SEDD, consistently outperforms SEDD in terms of GenPPl
across all sampling steps. Notably, IDLM-SEDD maintains high sequence entropy at low sampling
steps. IDLM-SEDD achieves a 4× reduction in sampling steps, accelerating generation from 1024
to 256 steps, while preserving both GenPPL and output diversity.

Distillation of MDLM. This section addresses two primary objectives: (1) demonstrating the fea-
sibility of MDLM model distillation within our framework and (2) comparing with the SDTT (De-
schenaux & Gulcehre, 2024) a leading method for MDLM distillation. As shown in Figure 3b,
our method, IDLM-MDLM, exhibits reduced entropy at large sampling steps, indicating lower di-
versity in that regime. However, in the low–sampling-step regime, IDLM-MDLM achieves strong
performance in terms of both GenPPL and entropy. In particular, IDLM-MDLM attains a 64× ac-
celeration for both MDLM and SDTT, reducing the number of sampling steps from 1024 to 16 while
preserving comparable generation quality and diversity metrics.

Distillation of Duo. We focus on Duo (Sahoo et al., 2025a) and its distillation baseline, Duo-DCD.
We distill both the original Duo and Duo-DCD (treating it as a teacher), denoted IDLM-Duo and
IDLM-DCD. Results are in Figure 3c. With Ancestral sampling, IDLM-Duo matches Duo-DCD
with 64× fewer steps (1024 → 16). IDLM-DCD yields a 128× speed-up (1024 → 8) over the
original Duo. With Greedy-Tail sampling, IDLM-Duo achieves a 64× reduction (1024 → 16),
while IDLM-DCD reaches a 256× acceleration (1024 → 4), all while maintaining comparable
metrics.

8



Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

REFERENCES

William J Anderson. Continuous-time Markov chains: An applications-oriented approach. Springer
Science & Business Media, 2012.

Jacob Austin, Daniel D Johnson, Jonathan Ho, Daniel Tarlow, and Rianne Van Den Berg. Structured
denoising diffusion models in discrete state-spaces. In Advances in neural information processing
systems, volume 34, pp. 17981–17993, 2021.

David Berthelot, Arnaud Autef, Jierui Lin, Dian Ang Yap, Shuangfei Zhai, Siyuan Hu, Daniel
Zheng, Walter Talbott, and Eric Gu. Tract: Denoising diffusion models with transitive closure
time-distillation. arXiv preprint arXiv:2303.04248, 2023.

Andrew Campbell, Joe Benton, Valentin De Bortoli, Thomas Rainforth, George Deligiannidis, and
Arnaud Doucet. A continuous time framework for discrete denoising models. In Advances in
Neural Information Processing Systems, volume 35, pp. 28266–28279, 2022.

Andrew Campbell, Jason Yim, Regina Barzilay, Tom Rainforth, and Tommi Jaakkola. Generative
Flows on Discrete State-Spaces: Enabling Multimodal Flows with Applications to Protein Co-
Design, June 2024. URL http://arxiv.org/abs/2402.04997. arXiv:2402.04997 [cs,
q-bio, stat].

Justin Deschenaux and Caglar Gulcehre. Beyond autoregression: Fast llms via self-distillation
through time. arXiv preprint arXiv:2410.21035, 2024.

Sander Dieleman, Laurent Sartran, Arman Roshannai, Nikolay Savinov, Yaroslav Ganin, Pierre H
Richemond, Arnaud Doucet, Robin Strudel, Chris Dyer, Conor Durkan, et al. Continuous diffu-
sion for categorical data. arXiv preprint arXiv:2211.15089, 2022.

Aaron Gokaslan, Vanya Cohen, Ellie Pavlick, and Stefanie Tellex. Openwebtext corpus, 2019.

Shansan Gong, Mukai Li, Jiangtao Feng, Zhiyong Wu, and Lingpeng Kong. Diffuseq-v2: Bridging
discrete and continuous text spaces for accelerated seq2seq diffusion models. arXiv preprint
arXiv:2310.05793, 2023.

Dirk Groeneveld, Iz Beltagy, Evan Walsh, Akshita Bhagia, Rodney Kinney, Oyvind Tafjord, Ananya
Jha, Hamish Ivison, Ian Magnusson, Yizhong Wang, et al. Olmo: Accelerating the science of
language models. In Proceedings of the 62nd annual meeting of the association for computational
linguistics (volume 1: Long papers), pp. 15789–15809, 2024.

Nikita Gushchin, David Li, Daniil Selikhanovych, Evgeny Burnaev, Dmitry Baranchuk, and Alexan-
der Korotin. Inverse bridge matching distillation. In International Conference on Machine Learn-
ing, 2025.

Xiaochuang Han, Sachin Kumar, and Yulia Tsvetkov. Ssd-lm: Semi-autoregressive simplex-based
diffusion language model for text generation and modular control. In Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp.
11575–11596, 2023.

Floyd B Hanson. Applied stochastic processes and control for jump-diffusions: modeling, analysis
and computation. SIAM, 2007.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840–6851, 2020.

Chihan Huang and Hao Tang. CtrlDiff: Boosting Large Diffusion Language Models with Dynamic
Block Prediction and Controllable Generation. 2025. doi: 10.48550/ARXIV.2505.14455. URL
https://arxiv.org/abs/2505.14455. Publisher: arXiv Version Number: 1.

Zemin Huang, Zhengyang Geng, Weijian Luo, and Guo-jun Qi. Flow generator matching. arXiv
preprint arXiv:2410.19310, 2024.

Daniel Israel, Guy Van den Broeck, and Aditya Grover. Accelerating Diffusion LLMs via Adaptive
Parallel Decoding. 2025. doi: 10.48550/ARXIV.2506.00413. URL https://arxiv.org/
abs/2506.00413. Publisher: arXiv Version Number: 1.

9

http://arxiv.org/abs/2402.04997
https://arxiv.org/abs/2505.14455
https://arxiv.org/abs/2506.00413
https://arxiv.org/abs/2506.00413


Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine. Elucidating the design space of diffusion-
based generative models. Advances in neural information processing systems, 35:26565–26577,
2022.

Frank P Kelly. Reversibility and stochastic networks. Cambridge University Press, 2011.

Dongjun Kim, Chieh-Hsin Lai, Wei-Hsiang Liao, Naoki Murata, Yuhta Takida, Toshimitsu Uesaka,
Yutong He, Yuki Mitsufuji, and Stefano Ermon. Consistency trajectory models: Learning proba-
bility flow ode trajectory of diffusion. arXiv preprint arXiv:2310.02279, 2023.

Nikita Kornilov, David Li, Tikhon Mavrin, Aleksei Leonov, Nikita Gushchin, Evgeny Burnaev,
Iaroslav Koshelev, and Alexander Korotin. Universal inverse distillation for matching models
with real-data supervision (No GANs). arXiv preprint arXiv:2509.22459, 2025.

Sulin Liu, Juno Nam, Andrew Campbell, Hannes Stärk, Yilun Xu, Tommi Jaakkola, and Rafael
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A RELATED WORKS

Acceleration of Discrete Diffusion Language Models. The high inference latency of diffusion
models has prompted extensive research into acceleration strategies. A prominent direction involves
hybridizing diffusion with autoregressive (AR) mechanisms. Wu et al. (2023) and Han et al. (2023)
propose semi-autoregressive approaches that generate blocks of tokens in parallel, while Huang &
Tang (2025) introduce dynamic block sizing with reinforcement learning to balance speed and con-
trol. More recently, Sahoo et al. (2025b) proposed Eso-LMs, which fuse AR and Masked Diffusion
Models (MDMs) to interpolate between the two paradigms, enabling KV-caching for diffusion. Is-
rael et al. (2025) take a different approach with Adaptive Parallel Decoding, using a small AR model
to guide the parallel sampling of a diffusion model. Beyond architectural hybrids, other works op-
timize the sampling process itself. Lyu et al. (2022) explore early stopping mechanisms, while Liu
et al. (2024) introduce planned denoising to dynamically allocate compute. Xu et al. (2025) propose
Energy-based Diffusion Language Models (EDLM) to improve the approximation of the reverse
process, allowing for fewer steps without performance degradation.
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Continuous Relaxations and Flow Matching. To leverage the mature toolkits of continuous opti-
mization, several works relax the discrete constraint by mapping tokens to continuous spaces. Gong
et al. (2023) project discrete tokens into a continuous embedding space to apply standard diffusion.
Alternatively, methods like TESS (Mahabadi et al., 2023) and SSD-LM (Han et al., 2023) define
diffusion processes directly on the logit simplex. In the realm of Flow Matching, Liu et al. (2022)
introduced Rectified Flow to learn straight-line probability paths in continuous space. This concept
has been extended to the simplex by Stark et al. (2024) via Dirichlet Flow Matching. Campbell et al.
(2024) further bridge the gap with Discrete Flow Models (DFMs), demonstrating that continuous-
time Markov chains can be viewed through the lens of flow matching, a perspective that aligns with
our unified formulation.

Distillation of Diffusion Models. Distillation is a standard practice for accelerating continuous
diffusion. Techniques such as Progressive Distillation (Salimans & Ho, 2022) and Consistency
Models (Song et al., 2023; Kim et al., 2023) have successfully reduced sampling to a few steps.
While consistency-based training objectives have also proven effective for discrete representation
tasks (Sorokin et al., 2025), distillation for generative discrete diffusion remains nascent. Recent
approaches such as SDTT (Deschenaux & Gulcehre, 2024) and Duo-DCD (Sahoo et al., 2025a) have
begun to address this challenge; SDTT applies a start-distribution transfer technique, while Duo-
DCD adapts consistency distillation to the discrete setting. Other works include TRACT (Berthelot
et al., 2023) and EM-based distillation (Xie et al., 2024). Most recently, Zhu et al. (2025) proposed
Di[M]O to distill MDMs into a one-step generator. However, these methods often rely on specific
heuristics. Our work, IDLM, offers a principled extension of the inverse distillation framework
(Gushchin et al., 2025; Kornilov et al., 2025) to the discrete domain. Also, it is worth to note
that the inverse distillation from the IBMD framework (Gushchin et al., 2025) can be extended to
discrete-time models, as is done in Residual Shifting Distillation (Selikhanovych et al., 2025, RSD).
In the same way IDLM can be extended to discrete-time distillation of discrete diffusion models and
can be explored as a future research direction.

B DETAILS OF CONSIDERED PROCESSES

SEDD (Lou et al., 2024) introduced a general framework for discrete diffusion models based on an
arbitrary diffusion matrix Qt, allowing the modeling of a broad class of forward processes. Subse-
quent works, including MDLM (Sahoo et al., 2024), UDLM (Schiff et al., 2025), and Duo (Sahoo
et al., 2025a), build upon this framework by selecting specific diffusion dynamics and adopting dis-
tinct parameterizations and training objectives. In most settings, the diffusion matrix is expressed
in the form Qt = σtQ, where Q is a fixed base matrix defining the structure of the process, and σt

is a time-dependent scalar that governs the diffusion rate. Defining the cumulative diffusion sched-
ule as σt :=

∫ t

0
σs ds, one can further express the cumulative transition dynamics using the matrix

exponential exp(σtQ). Two principal classes of diffusion processes have emerged in practice: the
absorbing and uniform processes, instantiated by selecting Q = Qabs and Q = Quni, respectively.
The purpose of this section is to formally introduce and characterize these two diffusion processes.

B.1 ABSORBING PROCESS

Without loss of generality, we define the mask token as m ∈ V such that mN = 1. An impor-
tant special case of discrete diffusion is the absorbing process, in which the terminal distribution
converges to a delta distribution concentrated on a designated mask token:

π = m.

This process is realized by choosing a specific base diffusion matrix (Lou et al., 2024):

Qabs =


−1 0 · · · 0 0
0 −1 · · · 0 0
...

...
. . .

...
...

0 0 · · · −1 0
1 1 · · · 1 0

 . (12)
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This choice induces the time-dependent diffusion matrix

Qt = σtQabs =


−σt 0 · · · 0 0
0 −σt · · · 0 0
...

...
. . .

...
...

0 0 · · · −σt 0
σt σt · · · σt 0

 . (13)

The corresponding cumulative transition matrix is given by the matrix exponential

exp(σtQabs) =


exp(−σt) 0 · · · 0 0

0 exp(−σt) · · · 0 0
...

...
. . .

...
...

0 0 · · · exp(−σt) 0
1− e−σt 1− e−σt · · · 1− e−σt 1

 . (14)

In MDLM (Sahoo et al., 2024, Appendix C), an alternative parameterization of the diffusion sched-
ule is employed by defining αt := exp(−σt). Under this notation, the diffusion matrix can be
expressed as

Qt = −
α′
t

αt
Qabs =



α′
t

αt
0 · · · 0 0

0
α′

t

αt
· · · 0 0

...
...

. . .
...

...
0 0 · · · α′

t

αt
0

−α′
t

αt
−α′

t

αt
· · · −α′

t

αt
0


, (15)

and in the same way the cumulative diffusion matrix can be equivalently expressed as

exp(σtQabs) =


αt 0 · · · 0 0
0 αt · · · 0 0
...

...
. . .

...
...

0 0 · · · αt 0
1− αt 1− αt · · · 1− αt 1

 . (16)

B.2 UNIFORM PROCESS

Another important special case of discrete diffusion is the uniform process, in which the terminal
distribution is uniform:

π =
1

N
1⃗.

This process is realized by selecting the following base diffusion matrix (Lou et al., 2024):

Quni =


1−N 1 · · · 1

1 1−N · · · 1
...

...
. . .

...
1 1 · · · 1−N

 . (17)

Given a diffusion rate σt, this leads to the time-dependent diffusion matrix:

Qt = σtQuni =


σt(1−N) σt · · · σt

σt σt(1−N) · · · σt

...
...

. . .
...

σt σt · · · σt(1−N)

 . (18)

The corresponding cumulative transition matrix is given by the matrix exponential:

exp(σtQuni) =


e−σtN + 1−e−σtN

N
1−e−σtN

N · · · 1−e−σtN

N
1−e−σtN

N e−σtN + 1−e−σtN

N · · · 1−e−σtN

N
...

...
. . .

...
1−e−σtN

N
1−e−σtN

N · · · e−σtN + 1−e−σtN

N

 . (19)
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In UDLM (Schiff et al., 2025), an alternative parameterization of the diffusion schedule is adopted
by defining αt := exp(−σtN). Under this parameterization, the diffusion matrix becomes:

Qt = −
α′
t

Nαt
Quni =


− α′

t

Nαt
(1−N) − α′

t

Nαt
· · · − α′

t

Nαt

− α′
t

Nαt
− α′

t

Nαt
(1−N) · · · − α′

t

Nαt

...
...

. . .
...

− α′
t

Nαt
− α′

t

Nαt
· · · − α′

t

Nαt
(1−N)

 . (20)

Likewise, defining βt = 1−αt

N , the cumulative transition matrix under this parameterization is ex-
pressed as:

exp(σtQuni) =


αt + βt βt · · · βt

βt αt + βt · · · βt

...
...

. . .
...

βt βt · · · αt + βt

 . (21)

B.3 BACKWARD DIFFUSION DETAILS

If the backward diffusion matrix Qt is known, the reverse process can be simulated using numerical
methods such as Euler’s (Lou et al., 2024). It can be derived from the forward diffusion matrix Qt

using the following relationship (Kelly, 2011; Campbell et al., 2022; Sun et al., 2023):

⟨y, x⟩Qt
=

pt(y)

pt(x)
⟨x, y⟩Qt

, ⟨x, x⟩Qt
= −

∑
y ̸=x

⟨y, x⟩Qt
,

where y, x ∈ V . The main challenge is to compute the ratio pt(y)
pt(x)

, which depends on unknown
intermediate distributions and cannot be computed directly.

C GRADIENT-STABLE TRAINING DETAILS

C.1 SIMPLEX RELAXATION AND GRADIENT ESTIMATION

To address the non-differentiability of discrete data, we relax the output space of the student gen-
erator from the discrete set V to the probability simplex ∆, and accordingly redefine the generator
as Gθ : Z → ∆. This relaxation enables smooth gradient flow but introduces a nontrivial question
regarding the computation of the training objective, since the generator outputs no longer lie in the
original discrete space. Specifically, under this reparameterization, the LIDLM(θ) objective becomes:

Epθ(x0)

[
Ldiscr.(f

∗, x0)−min
f̂
Ldiscr.(f̂ , x0)

]
= EpZ(z)

[
Ldiscr.(f

∗, Gθ(z))−min
f̂
Ldiscr.(f̂ , Gθ(z))

]
,

where z ∼ pZ(z) denotes a latent variable. Since x0 appears only within the teacher loss Ldiscr.,
we must ensure that this loss remains computable when substituting discrete samples x0 ∈ V with
relaxed outputs Gθ(z) ∈ ∆. To this end, we note that all teacher losses under consideration Ldiscr. ∈
{LSEDD,LMDLM,LDuo} incorporate x0 in one of two mathematically compatible forms: (i) through
scalar products ⟨·, x0⟩, or (ii) via the distribution pt|0(· | x0), which can be expressed as a matrix-
vector product:

pt|0(· | x0) = exp (σ̄tQ)x0.

Consequently, each of the considered teacher losses is mathematically well-defined not only for one-
hot vectors from V but also for any input from the probability simplex ∆. This reparameterization
enables end-to-end training of the generator using standard differentiable operations, such as the
softmax function, thereby avoiding the need for unstable discrete relaxation methods like the hard
Gumbel–Softmax.
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Case of Duo. The training objective in the Duo setting is given in equation equation 6 as

LDuo(x̂0, x0) :=
∫ 1

0
Ep̃t|0(wt|x0) [g(xt(wt), x0, x̂0(x

τ
t (wt), t))] dt.

Here we can apply the standard reparameterization trick for Gaussians by expressing the latent
variable wt as:

wt(x0, ϵ) = α̃tx0 +
√

1− α̃2
t ϵ, (22)

where ϵ ∼ N (0, I) is sampled independently of x0. Substituting this into the objective yields

LDuo(x̂0, x0) :=
∫ 1

0
Eϵ∼N (0,I) [g(xt(wt), x0, x̂0(x

τ
t (wt), t))] dt, (23)

which eliminates the need to differentiate through the sampling operation itself, as the randomness is
now isolated in ϵ, which is independent of x0. This reparameterization thus enables gradient-based
optimization of the Duo objective.

Case of MDLM (SEDD absorbing). In the case of MDLM, the forward transition distribution
p(xt | x0) does not admit a standard reparameterization. However, we can leverage the SUBS
parameterization of the MDLM model introduced in (Sahoo et al., 2024, see Section 3.2.3). Specif-
ically, for unmasked tokens (i.e., xt ̸= m), the following properties hold: (a) the optimal denoiser
satisfies x̂0(xt, t) = xt, and (b) xt = x0, since the forward process either preserves the token or
replaces it with a fixed mask token m. As a result, in this case, x̂0(xt, t) = xt = x0, and the loss
becomes LMDLM(x0, x0) = 0. Thus, all nonzero contributions to the loss arise from instances where
xt = m. In this case, xt is independent of x0, as the mask token is fixed and does not result from
a stochastic transformation conditioned on x0. Consequently, there is no need to backpropagate
through the sampling of pt|0(xt | x0). This allows us to rewrite the loss as:∫ 1

0
Ept|0(xt|sg(Gθ(z))) [λt ⟨log x̂0(xt, t), Gθ(z)⟩] dt,

where sg(·) denotes the stop-gradient operator. This formulation enables efficient training without
requiring differentiable sampling from the discrete forward process.

C.2 MULTISTEP PARAMETERIZATION

To enable few-step inference, and given that the student generator is initialized from the pretrained
teacher model, we adopt the same latent space Z as for the teacher. Therefore, the generator is pa-
rameterized as Gθ : V×[0, 1]→ ∆ in the SEDD and MDLM settings, and as Gθ : ∆×[0, 1]→ ∆ in
the Duo setting. To avoid notational ambiguity, we denote samples from the target data distribution
as x̃0 ∼ p∗(x̃0). Under this parameterization, the generator receives as input either: (i) samples
xt̃ ∼ pt̃|0(xt̃ | x̃0) in the SEDD and MDLM settings, or (ii) soft embeddings xτ

t̃
(wt̃(x̃0, ϵ)) in the

Duo setting, where ϵ ∼ N (0, I) and x̃0 ∼ p∗(x̃0) is drawn from the data distribution. This design
enables the generator to leverage supervision from ground-truth data samples, which can lead to
improved generation quality. As a result, the generator is capable of performing multistep inference
in the same manner as the teacher model, by numerically integrating the reverse-time dynamics.

D PROOFS

In this section, our primary objective is to establish the uniqueness result stated in Theorem equa-
tion 3.1 for the cases of SEDD equation 3, MDLM equation 4 and UDLM equation 5 losses. Since
a rigorous formulation of the theorem requires a precise definition of the diffusion path measure, we
first introduce this notion and relate it to the main text in (MD.1). Building on this connection, we
then present a complete proof of the theorem in (MD.2).

Notations. Recall that V = {x ∈ 0, 1N :
∑N

i=1 xi = 1} denotes the space of one-hot column
vectors. We let D([0, T ],V) represent the Skorokhod space, i.e., the space of functions from [0, T ]
to V that are right-continuous with left limits (càdlàg). Finally, we denote by P(D) the space of
probability measures over paths in D([0, T ],V). For any path measure Q ∈ P(D) we denote its
marginal at time t as Qt, its joint distribution at times s and t as Qs,t and its conditional distribution
at time s given state at time t as Qs|t.
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D.1 CONNECTION WITH THE MAIN TEXT

Diffusion Language Models (DLMs) define a forward noising process represented by a path measure
P ∈ P(D). This path measure induces a time-dependent diffusion matrix Qt, which is consistent
with the forward dynamics described in Equation equation 1 of the main text. The central objective
of diffusion models is to reverse this path measure in time, obtaining the exact time-reversed path
measure P∗, from which samples can be drawn to recover the unknown data distribution p∗.

In practice, the exact reverse path measure P∗ is intractable. Consequently, it is approximated by a
parameterized path measure Pf̂ , defined through a function f̂ . Training proceeds by minimizing a
tractable objective derived from this approximation (Campbell et al., 2022; Song et al., 2021; Lou
et al., 2024). This objective is formulated using P∗

x0
, the reverse-time path measure of the noising

process initialized at δx0
, and corresponds to the negative evidence lower bound (NELBO) for a

fixed sample x0 ∼ p∗(x0).

Ldiscr.(f̂ , x0) = EpT |0(xT |x0)DKL(P∗
x0
(· | xT ) ∥ Pf̂ (· | xT )). (24)

Finally, Lou et al. (2024) apply Dynkin’s formula (Hanson, 2007; Campbell et al., 2022) to show
that this objective is equivalent, up to an additive constant, to the SEDD loss in Equation equation 3,
under the model parameterization f̂(xt, t) = ŝ(xt, t).

Ldiscr.(ŝ, x0) = LSEDD(ŝ, x0) =∫ T

0

Ept|0(xt|x0)

[∑
y ̸=xt

⟨xt, y⟩Qt

(
⟨ŝ(xt, t), y⟩ − ⟨s(xt, t |x0), y⟩ log⟨ŝ(xt, t), y⟩

)]
dt. (25)

Further works connected this loss with MDLM (Sahoo et al., 2024) and UDLM (Schiff et al., 2025)
using another parameterization f̂(xt, t) = x̂0(xt, t) and matrices Qt (see Appendix B for more
details). So, that Ldiscr.(x̂0, x0) = LMDLM(x̂0, x0) and Ldiscr.(x̂0, x0) = LUDLM(x̂0, x0) for specific
diffusion matrices.

We denote the solution to the loss in Equation equation 24 as f∗ : = argminf̂ Ep∗(x0)Ldiscr.(f̂ , x0).

At optimality, the corresponding path measure satisfies Pf∗
= P∗, indicating that the trained model

f∗ can be used to sample from the target data distribution p∗.

D.2 PROOF OF THE THEOREM

We begin by formulating the training objective in terms of the KL divergence and subsequently
demonstrate its equivalence to the inverse distillation loss defined in Equation equation 8. Formally,
our goal is to approximate an unknown data distribution p∗. To this end, we define a generator
Gθ : Z → V , where Z denotes a latent space endowed with a tractable prior distribution pZ(z).
The generator induces a distribution over V via the pushforward operation pθ = Gθ#pZ . Let Pθ

denote the reverse-time path measure induced by pθ, satisfying Pθ
T = pθ. Similarly, let P∗ denote

the reverse-time path measure associated with the true data distribution p∗, such that P∗
T = p∗. The

training objective is then given by:

LIDLM(θ) : = DKL(Pθ ∥ P∗) (26)

We first establish the equivalence of this formulation to the SEDD loss equation 3.

Theorem D.1 (Equivalence to the SEDD Loss). Let s∗ = argminŝ Ep∗(x0) LSEDD(ŝ, x0), where
LSEDD is defined in Equation equation 3. Then, the IDLM loss in Equation equation 26 is equivalent
to the following inverse distillation loss:

LIDLM(θ) = Epθ(x0) [LSEDD(s
∗, x0)]−min

ŝ
Epθ(x0) [LSEDD(ŝ, x0)] .

Proof. We define
sθ := argmin

ŝ
Epθ(x0) [LSEDD(ŝ, x0)] ,

17
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and denote the corresponding marginal distribution at time t by

pθt (xt) :=

∫
pt|0(xt | x0) pθ(dx0).

Following the approach of Lou et al. (2024), we apply Dynkin’s formula (Hanson, 2007; Campbell
et al., 2022), which plays a role analogous to Girsanov’s theorem for standard stochastic differential
equations (Øksendal, 2003) by enabling the computation of changes of measure. Using this result
and also the fact that

Ps∗ = P∗,

the KL divergence objective in Equation equation 26 can be expressed in the following form:

LIDLM(θ) : = DKL(Pθ ∥ P∗) =∫ T

0

Epθ
t (xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s∗(xt, t), y⟩

(
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

log
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

−⟨s
θ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+ 1

)]
dt

Moreover, it has been shown that the score function can be estimated via the conditional expecta-
tion (Campbell et al., 2022; Lou et al., 2024; Meng et al., 2022):

⟨sθ(xt, t), y⟩ = Ep0|t(x0|xt)⟨s(xt, t | x0), y⟩, (27)

where the conditional distribution is given by

p0|t(x0 | xt) =
pt|0(xt | x0) pθ(x0)∫
pt|0(xt | x0) pθ(dx0)

,

and the conditional score function is defined as

⟨s(xt, t | x0), y⟩ :=
pt|0(y | x0)

pt|0(xt | x0)
.

The main difficulty arises from the term inside the log, as direct Monte Carlo estimation of this quan-
tity leads to a biased objective. To address this issue, we adopt a linearization technique introduced
by Kornilov et al. (2025), which renders the objective linear with respect to the ratio

⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

.

Specifically, we obtain the following expression:

⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

log
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

− ⟨s
θ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+ 1 =

max
l(y,xt,t)

[
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

· l(y, xt, t) + 1− exp(l(y, xt, t))

]
.

We note that the maximizer l(y, xt, t) of the above optimization problem admits the following
closed-form expression:

l∗(y, xt, t) = argmax
l(y,xt,t)

[
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

· l(y, xt, t) + 1− exp(l(y, xt, t))

]
= log

[
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
(28)

This observation motivates the following choice of parameterization:

l(y, xt, t) = log

[
⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
(29)
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Finally, under this parameterization, the loss function takes the following form:

LIDLM(θ) = max
ŝ

∫ T

0

Epθ
t (xt)[∑

y ̸=xt

⟨xt, y⟩Qt
⟨s∗(xt, t), y⟩

(
⟨sθ(xt, t), y⟩
⟨s∗(xt, t), y⟩

log
⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

− ⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+ 1

)]
dt =

max
ŝ

∫ T

0

Epθ
t (xt)[∑

y ̸=xt

⟨xt, y⟩Qt
⟨s∗(xt, t), y⟩

(Ep0|t(x0|xt)⟨s(xt, t | x0), y⟩
⟨s∗(xt, t), y⟩︸ ︷︷ ︸

using Equation equation 27

log
⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

− ⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+ 1

)]
dt =

max
ŝ

∫ T

0

Epθ
t (xt)[∑

y ̸=xt

⟨xt, y⟩Qt

(
Ep0|t(x0|xt)⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

− ⟨ŝ(xt, t), y⟩+ ⟨s∗(xt, t), y⟩
)]

dt =

max
ŝ

∫ T

0

Epθ
t (xt)[∑

y ̸=xt

⟨xt, y⟩Qt

(
Ep0|t(x0|xt)⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+ ⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

dt =

max
ŝ

∫ T

0

(
Epθ

t (xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
Ep0|t(x0|xt)⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
+ (30)

Epθ
t (xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s∗(xt, t)− ŝ(xt, t), y⟩

)]
dt =

max
ŝ

∫ T

0

(
Epθ

t (xt)Ep0|t(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
+ (31)

Epθ
t (xt)

[∑
y ̸=xt

⟨xt, y⟩Qt⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

︸ ︷︷ ︸
does not depend on x0, so we can take expectation over it

dt =

max
ŝ

∫ T

0

(
Epθ

t (xt)Ep0|t(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
+

Epθ
t (xt)Ep0|t(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s∗(xt, t)− ŝ(xt, t), y⟩

)]
dt =

max
ŝ

∫ T

0

(
Epθ(x0)Ept|0(xt|x0)

[∑
y ̸=xt

⟨xt, y⟩Qt
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

]
+

Epθ(x0)Ept|0(xt|x0)

[∑
y ̸=xt

⟨xt, y⟩Qt⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

dt =

max
ŝ

∫ T

0

Epθ(x0)Ept|0(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt

(
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+

⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

dt =

Epθ(x0) max
ŝ

∫ T

0

Ept|0(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt

(
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+

⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

dt
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To complete the derivation, we examine the SEDD loss in Equation equation 3 and observe that:

LIDLM(θ) = Epθ(x0) max
ŝ

∫ T

0

Ept|0(x0|xt)

[∑
y ̸=xt

⟨xt, y⟩Qt

(
⟨s(xt, t | x0), y⟩ log

⟨ŝ(xt, t), y⟩
⟨s∗(xt, t), y⟩

+

⟨s∗(xt, t)− ŝ(xt, t), y⟩
)]

dt =

Epθ(x0) max
ŝ

[
LSEDD(s

∗, x0)︸ ︷︷ ︸
does not depend on ŝ

−LSEDD(ŝ, x0)

]
= Epθ(x0)

[
LSEDD(s

∗, x0)−min
ŝ
LSEDD(ŝ, x0)

]

Given this theorem, the uniqueness of the inverse distillation loss in Equation equation 8 can be
established in a straightforward manner for the MDLM equation 4 and UDLM equation 5 cases.
Proposition D.2. Let x∗

0 = argminx̂0
Ep∗(x0) LMDLM(x̂0, x0), where LSEDD is defined in Equa-

tion equation 4. Then, the IDLM loss in Equation equation 26 is equivalent to the following inverse
distillation loss:

LIDLM(θ) = Epθ(x0) [LMDLM(x
∗
0, x0)]−min

x̂0

Epθ(x0) [LMDLM(x̂0, x0)] .

An analogous result holds for the UDLM loss defined in Equation equation 5.

Proof. In Sahoo et al. (2024, Appendix C), it was shown that using the parameterization x̂0 instead
of ŝ, together with a specific choice of diffusion matrix Qt, given in Equation equation 13, yields an
equivalence between the SEDD and MDLM losses:

LSEDD(ŝ, x0) = LMDLM(x̂0, x0).

Combining this result with the expression for the IDLM loss associated with the SEDD formulation,
we obtain, for the corresponding matrix Qt,

LIDLM(θ) = Epθ(x0)

[
LSEDD(s

∗, x0)−min
ŝ
LSEDD(ŝ, x0)

]
=

Epθ(x0) [LMDLM(x∗
0, x0)]−min

x̂0

Epθ(x0) [LMDLM(x̂0, x0)] . (32)

A similar argument applies to the UDLM loss. Using the equivalence between the SEDD and UDLM
objectives established in Schiff et al. (2025, Appendix B), one can derive an analogous result for the
UDLM case using another specific diffusion matrix defined in Equation equation 18.

Having established the connection between Equation equation 26 and Equation equation 8, we now
proceed to prove the theorem stated in the main text.
Theorem D.3. The IDLM loss defined in Equation equation 26 and equivalent to Equation equa-
tion 8 satisfies the following inequality:

LIDLM(θ) ≥ DKL(pθ ∥ p∗) ≥ 0, (33)
and attains its minimum value of zero if and only if the model distribution exactly matches the target
distribution:

LIDLM(θ) = 0 ⇐⇒ pθ = p∗. (34)

Proof. By applying the chain rule for KL divergence via disintegration of path measures, the IDLM
loss can be decomposed as follows:

LIDLM(θ) = DKL(Pθ ∥ P∗) = DKL(pθ ∥ p∗) + Epθ(x)

[
DKL

(
Pθ
x ∥ P∗

x

)]︸ ︷︷ ︸
≥0

≥ DKL(pθ ∥ p∗) ≥ 0. (35)

This decomposition implies that LIDLM(θ) = 0 if and only if Pθ = P∗, which necessarily implies
that pθ = p∗. Conversely, if pθ = p∗, then the conditional path measures also coincide, i.e.,
Pθ
x = P∗

x for all x, since both are defined using the same forward transition distribution specified
in Equation equation 2. Consequently, we obtain LIDLM(θ) = 0. Hence, the global minimum of
the IDLM loss is achieved if and only if the model distribution exactly recovers the target data
distribution.
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Algorithm 1: Inverse-distilled Diffusion Language Models (IDLM)
Input : Teacher network f∗;

Teacher Loss Ldiscr.; // Section 3
Samples from target distribution p∗(x̃0);
Number of student iterations K;

Output: Learned generator Gθ

// Initialize both generator and fake models from teacher model
Gθ ← CopyWeights(f∗)

f̂ ← CopyWeights(f∗)

// Helper function designed to support the implementation of
the multistep training procedure.

func SamplingFunc(p∗) :
x̃0 ∼ p∗(x̃0)
t ∼ U [0, 1]
xt̃ ∼ pt̃|0(xt̃ | x̃0) // Equation equation 2, in case of the Duo we

use xτ
t̃
(wt̃) (M2.1)

return xt̃, t̃

for k = 1 to K do
// Update fake model
xt′ , t

′ ← SamplingFunc(p∗)

Lf̂ ← Ldiscr.(f̂ , Gθ(xt′ , t
′)) // Equation equation 10

Update f̂ by using
∂L

f̂

∂f̂

// Update student model
xt̃, t̃← SamplingFunc(p∗)

LIDLM(θ)←
[
Ldiscr.(f

∗, Gθ(xt̃, t̃))− Ldiscr.(f̂ , Gθ(xt̃, t̃))
]

// Equation equation 11

Update Gθ by using ∂LIDLM(θ)
∂θ

E ALGORITHM

The pseudocode for the proposed Inverse-distilled Diffusion Language Models (IDLM) training
procedure is presented in Algorithm 1. The method follows an alternating optimization scheme in
which the student generator Gθ and the auxiliary fake diffusion model f̂ are updated iteratively.
Both models are initialized from a pretrained teacher diffusion model f∗. At each training step, we
first update the fake model using samples generated by the current student model and the teacher
loss objective. Subsequently, the student generator is updated using the IDLM loss, which measures
the discrepancy between the teacher and fake model predictions on student-generated inputs. A
helper function is defined to sample training (xt, t) from the data distribution and the associated
conditional forward process. A visual overview of the entire method is provided in Figure 2.

F EXPERIMENTAL DETAILS.
Codebase. Our implementation builds upon the original Duo repository (Sahoo et al., 2025a) and the
SEDD repository (Lou et al., 2024), which serve as the primary codebases for our experiments. We
extend these repositories to incorporate our proposed training framework, with the full algorithmic
details provided in Appendix E.

Teacher checkpoints. We use pretrained checkpoints for the distillation of MDLM and Duo models
obtained from the Duo repository (Sahoo et al., 2025a), and a pretrained checkpoint for SEDD dis-
tillation from the SEDD repository (Lou et al., 2024). Unfortunately, for SEDD, only a checkpoint
corresponding to the absorbing process was available.
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Model architecture. We follow (Sahoo et al., 2025a) for distilling MDLM and Duo, and design the
denoising model to operate on both continuous and discrete latents. We use a Transformer (Vaswani
et al., 2017) in which the first-layer token representations are computed via a matrix multiplication
with the embedding matrix. For discrete inputs, we perform standard embedding lookups. In con-
trast, continuous inputs correspond to “soft lookups,” producing a convex combination of vocabulary
embeddings. For SEDD distillation, we follow (Lou et al., 2024) and use a model that only accepts
one-hot vectors. For all setups we use small models with 169M parameters, specifically with 12
layers, 12 heads, hidden size 768, sequence length 1024, and dropout 0.1.

Training hyperparameters. Across all experimental settings, we employed a per-device batch
size of 8, resulting in a global batch size of 512. Optimization was performed using the AdamW
optimizer (Loshchilov & Hutter, 2017), with a fixed learning rate of 1× 10−6 for MDLM and Duo,
and 3 × 10−7 for SEDD. A constant learning rate schedule was used with 2500 warmup steps for
all configurations. We adopted the log-linear noise formulation from (Lou et al., 2024) in the loss
function, and applied exponential moving average (EMA) with a decay rate of 0.9999 on training.

Evaluation protocol. As observed by (Zheng et al., 2024), the GenPPL metric is sensitive to
floating-point precision. To ensure consistency and numerical stability, we follow the protocol
of (Sahoo et al., 2025a) and perform all sampling experiments using float64 precision. All eval-
uation metrics are computed using the official codebase provided in the Duo (Sahoo et al., 2025a)
repository.

Dataset preparation. Following prior work (Sahoo et al., 2024; 2025a; Lou et al., 2024), we pre-
process the One Billion Words dataset using the detokenization procedure described by Lou et al.
(2024) and Sahoo et al. (2024), with the official implementation available at this link. For the Open-
WebText dataset, we utilize the GPT2 tokenizer and apply a similar concatenation and wrapping
procedure as in the previous works (Sahoo et al., 2024; 2025a), targeting a sequence length of 1,024
tokens. During wrapping, eos tokens are inserted between consecutive sequences. As OpenWeb-
Text does not include an official validation split, we reserve the final 100,000 documents from the
dataset as a validation set.

Other baselines. Our primary baselines are SDTT (Deschenaux & Gulcehre, 2024) and Duo-
DCD (Sahoo et al., 2025a). Performance metrics for both methods are reported using values pro-
vided in the Duo (Sahoo et al., 2025a), corresponding to the best-performing results obtained after
5 rounds of distillation, described in (Sahoo et al., 2025a). While a valid pretrained checkpoint was
available for Duo-DCD, we were unable to identify a usable checkpoint for SDTT (Deschenaux &
Gulcehre, 2024), which precluded a fair comparison or distillation of this model within our experi-
mental framework.

G QUANTITATIVE RESULTS

All quantitative results are presented in the Table 1.
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Table 1: Quantitative comparison across all methods. Results are reported in terms of generation
perplexity (GenPPL ↓) and sample entropy ↑ for varying numbers of inference steps. ‡ indicates
that the checkpoint was obtained from the Duo (Sahoo et al., 2025a) repository and re-evaluated. ¶

indicates values directly reported from (Sahoo et al., 2025a). Our IDLM variants consistently match
or outperform prior distillation methods with significantly fewer sampling steps.

Steps GenPPL ↓ Entropy ↑

Autoregressive
Transformer‡ (p = 1.0)

1024
36.45 5.60

Transformer‡ (p = 0.95) 18.51 5.40
Transformer‡ (p = 0.9) 12.11 5.24

Diffusion (Absorbing-state)
SEDD Absorb∗ (Lou et al., 2024) 1024 43.31 5.25
MDLM‡ (Sahoo et al., 2024) 41.29 5.28

Diffusion (Uniform-state / Gaussian)
SEDD Uniform¶ (Lou et al., 2024)

1024
99.90 5.56

Duoa¶ (Sahoo et al., 2025a) 77.69 5.55
Duog¶ (Sahoo et al., 2025a) 71.72 5.22

Distillation
SDTT¶ (Deschenaux & Gulcehre, 2024)

32

62.29 5.49
Duo-DCDg¶ (Sahoo et al., 2025a) 46.31 5.38
Duo-DCDa¶ (Sahoo et al., 2025a) 61.31 5.52
IDLM-MDLM (Ours) 20.37 5.23
IDLM-Duog (Ours) 54.05 5.49
IDLM-Duoa (Ours) 63.10 5.54
IDLM-DCDg (Ours) 38.57 5.35
IDLM-DCDa (Ours) 42.03 5.41

SDTT¶ (Deschenaux & Gulcehre, 2024)

16

89.17 5.53
Duo-DCDg¶ (Sahoo et al., 2025a) 54.11 5.37
Duo-DCDa¶ (Sahoo et al., 2025a) 75.24 5.53
IDLM-MDLM (Ours) 32.74 5.42
IDLM-Duog (Ours) 68.04 5.55
IDLM-Duoa (Ours) 78.00 5.58
IDLM-DCDg (Ours) 43.21 5.41
IDLM-DCDa (Ours) 51.86 5.44

SDTT¶ (Deschenaux & Gulcehre, 2024)

8

193.05 5.58
Duo-DCDg¶ (Sahoo et al., 2025a) 69.58 5.30
Duo-DCDa¶ (Sahoo et al., 2025a) 111.88 5.52
IDLM-MDLM (Ours) 79.42 5.61
IDLM-Duog (Ours) 93.00 5.56
IDLM-Duoa (Ours) 117.88 5.62
IDLM-DCDg (Ours) 53.55 5.41
IDLM-DCDa (Ours) 66.31 5.42

Duo-DCDg‡ (Sahoo et al., 2025a)

4

96.24 4.93
Duo-DCDa‡ (Sahoo et al., 2025a) 261.82 5.50
IDLM-MDLM (Ours) 310.38 5.78
IDLM-Duog (Ours) 144.74 4.28
IDLM-Duoa (Ours) 495.85 5.56
IDLM-DCDg (Ours) 77.49 5.28
IDLM-DCDa (Ours) 111.01 5.32
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H QUALITATIVE SAMPLES

Text generated by IDLM-SEDD (Ours) with 256 steps

p o s i t i v e , g i v e n t h a t t h e aim i s t o do t h a t .

”We knew t h e i n j u r i e s a g a i n s t Fulham and Newcas t l e p r e v e n t e d us
from g a i n i n g any v i c t o r y i n t h a t de fence , b u t we f e l t we d e s e r v e d a b i g
v i c t o r y i n a game which b r o u g h t us back t o t h e group s t a g e .

” There were on ly two f i f t h d i v i s i o n s i d e s i n t h e l a s t e i g h t games and t h a t
didn ’ t mean much t o o u r s e l v e s s c o r i n g our 16 t h g o a l on S a t u r d a y −
t h e P r e m i e r League came i n t o t h e day i n t h i r d p l a c e .

” So i f we a r e now among t h e o l d e s t 21 , t h a t would mean we s h o u l d have
been c l o s e t o t h a t . But g i v e n how w e l l we pe r fo rmed i n t h e l a s t h a l f
o f t h e s e a s o n − we ’m l o o k i n g back on I ’m n o t l e a k i n g t h e most p r e c i o u s
t e n m i n u t e s − I am very aware t h a t t h e e x p e c t a t i o n h e r e i s maybe among
t h e o l d e s t 21 who want t o g e t back t o f o u r t h p l a c e .

” There a r e n e v e r go ing t o be p l a n s t o r e p l a c e one of t h e bot tom two or
t h r e e s i d e s . I t ’ s a lways up t o us t o make a b s o l u t e l y c e r t a i n t h a t
we l o s e somewhere between second p l a c e i n t h e p lay − o f f , which o b v i o u s l y
w i l l be done t o g e t some p r e s t i g e , r a t h e r t h a n t o p roduce a n o t h e r b i g
win i n t h e n e a r f u t u r e . ”

England manager ’ s s i d e had hoped t o c o n t i n u e a p romot ion campaign t o
t h e P r e m i e r League , b u t t h e y would on ly go t h r o u g h a c o m p e t i t i o n
w i t h i n t h e 21− day window , so i t would be t h o u g h t t h a t t h e p e r i o d from
1 A p r i l t o 13 December would be l o n g e r t h a n t h e p r e v i o u s p e r i o d .

However , i t d i d n o t a p p e a r t h a t t h e w e i g h t l i f t e r s had made t h e t o p f o u r −
t h e y went up 4−1 a t Bo l ton i n game four , w i th Reading go ing t h r e e days
l a t e r t o Wembley .

I t b r o u g h t t h e manager ’ s h i e r a r c h y t o h u m i l i a t i o n , a l o n g wi th s a d n e s s
a t t h e s e l e c t i o n o f w r i t e r C h r i s E l l e r s h o w . ” I f we had won n o t h i n g , t h e n
how have we a t t h e end of t h e week ?” he s a y s . ” Well , i t seems t h a t we
have c r e a t e d a few b r o l l s f o r a b i t , r a t h e r t h a n a d e b a t e i n which t o
r e s i g n from t h e P r e m i e r League − a t t h e end of t h e week , we w i l l have
t o have t ime a g a i n t o t a k e f o o t b a l l o u t o f t h e Big Three .

” So i t ’ s a m a t t e r o f i f we can s u r v i v e t h a t , b u t I know t h a t w h a t e v e r happens ,
t h e r e ’ l l be a s e c t a r i a n c o n t r o v e r s y i n t h e E n g l i s h p r e s s , one o f t h o s e t h o s e
few peaks t h a t f i l l . ” I ’m n o t h e r e j u s t t o c r i t i c i s e o u r s e l v e s ,
I ’m h e r e f o r some a rgumen t s a b o u t f o o t b a l l , and who l o s e s , and t h e n
we ’ l l be t a l k i n g a b o u t h i s t o r y .

” So we must f o c u s on t h a t and I ’m n o t o b l i g e d t o f o c u s on s a d n e s s ,
b u t we must ho ld t h i n g s i n mind and n o t be a b l e t o p r e t e n d t h a t t h i s
i s a g r e a t − i f we don ’ t t h i n k i t a s a g r e a t , t h a t i t i s a g r e a t ,
t h a t w i l l r e a l l y be a d i s a s t e r f o r our c l u b . ”

24



Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

Text generated by SEDD with 1024 steps

t h a t , t h a t ’ s a huge c h a l l e n g e .

Do you t h i n k you won ’ t be h e r e a g a i n ?

What do you t h i n k we want t o do n e x t ?

I t h i n k we want t o win e v e r y championsh ip wi th t h e s e p l a y e r s , and we have
g i v e n a l l I have t o say . I ’m n o t say we were go ing t o l e a v e . A f t e r t h i s I
don ’ t know u n t i l we f i n i s h t h e r e soon . I know and I don ’ t know t h a t we w i l l
r u s h f o r w a r d . In our view , we won ’ t g i v e any a s s u r a n c e s t h a t we a r e go ing t o
s t a y . We would have been a long i n c h a r g e i f we hadn ’ t p a i d t h a t honour .

I d e c i d e d t o l e a v e b e c a u s e we won some good games , t h e r e a r e p l e n t y o f g r e a t
games t h e r e and we can ’ t back away from a n y t h i n g . But g i v e n t h e c i r c u m s t a n c e s
wi th t h e squad , I don ’ t t h i n k i t ’ s a l i t t l e b i t c l o s e t o what we ’ ve had
i n t h e p a s t .

I s t h e r e one t h i n g p o s i t i v e o r one n e g a t i v e ?

I don ’ t t h i n k t h a t t h i n g s a r e t h a t way o f f . You ’ ve g o t t h a t t h e c l u b has g i v e n
us a l o t o f a s s u r a n c e s and t h e y w i l l be ve ry p l e a s e d a t us though we s t i l l
t h i n k i t ’ s ve ry i m p o r t a n t t o s e e a c t i o n i n t h e f i e l d and on t h e p i t c h .

And we have e x p e r i e n c e i n t h e whole squad . Tha t was a l o t from t h e p r e v i o u s
manager . I ’m j u s t n o t s u r e now wi th t h e o p p o r t u n i t y was handed t o m ys e l f t h a t
I s a i d we ’ d have t o come h e r e and do t h a t a g a i n . I hope we can s e e some
p r o g r e s s . I am n o t s a y i n g t h a t I s h o u l d o t h e r w i s e a t e my f o o t b a l l c a r e e r .
I am s a y i n g t h a t E v e r t o n s h o u l d spend many y e a r s h i m s e l f and s t i l l be a
good coach .

I j u s t l i k e t o look t h i s way a t i t i f I r e s i g n o r l e a v e o r I am q u i t e unhappy ,
and somet imes when you don ’ t e n j o y r e t i r i n g you go wi ld . I say , i n t h i s case ,
t h a t by l e a v i n g sometime t h a t day or b e f o r e my n e x t job , you a r e n o t h i n g
l e s s t h a n a good coach and I do n o t want me t o l e t you r e t i r e .

So t h e s e p l a y e r s a r e ve ry h u r t , and t h e y w i l l miss a p r e t t y long t ime .
But e v e r y o n e t h i n k s t h a t t ime i s r i g h t f o r t h e p l a y e r s . So i t i s t ime t o
show them t h e wor ld t h a t t h e team i s now r e a d y .

The p l a y e r s have been i n c r e d i b l e t o you .

I ’m e x c i t e d a b o u t t h e p l a y e r s b e c a u s e I t h i n k t h e y s h o u l d be . We were
a l s o b r o u g h t t o v i c t o r y a g a i n s t Germany i n t h e Euro t o u r n a m e n t wi th
t h e h e l p o f major p l a y e r s and I t h i n k t h a t ’ s one o f t h e ve ry b e s t t h i n g s
we ’ ve e v e r been t h r o u g h .

The l a s t y e a r we ’ ve done a l o t o f t e s t i n g , a g a i n s t China and Japan
and Germany i n d i f f i c u l t t ime . And so , and a f t e r t h a t , i t w i l l be good
t o have t h i s e x p e r i e n c e and t h e s e p l a y e r s matu re .
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Text generated by IDLM-MDLM (Ours) with 16 steps

At t h i s t ime , t h e ma ins t r eam media i s e v i d e n t l y u n d e r s t a n d a b l y u p s e t −
a t t h e same t ime t h e y a r e s t i l l a p p a r e n t l y p a s t t h a t t o c l e a r l y j u s t i f y any
f u r t h e r measu res t a k e n on t h e r i g h t o f b u r y i n g t h e r i g h t −wing l i n e i n t h e sand

Meanwhile , i n t h e wake of t h e angry remarks on t h e media from Mal MacDonald ,
Mackenzie King and Ramsay MacDonald , Sam Kicks Radio d e c i d e d t o t a k e
a s h o t on As locke l , c l a i m i n g t h a t he was on ly e v e r l e a r n e d how g e t away wi th
a o f ” murder ” when he was f i n a l l y f o r c e d t o admi t i t .

( Im go ing t o As Mal MacDonald ) I t ’ s on ly l e a r n e d t o g e t away wi th l o t s o f
some th ing bad which I ’m n o t go ing t o g e t away wi th anymore . ( Im go ing t o
Mal MacDonald ) I want t o g e t ove r i t . . . ( Mal MacDonald ) What does t h a t
mean f o r you ?? @MalHedge − MackApple ( @sam apple ) Oc tobe r 24 , 2013

I ’ d l i k e t o c l a r i f y some p o i n t s o f t h e p o s t I ’ d w r i t t e n on A s l o c k e l i n my
p r e v i o u s p o s t on t h e s u b j e c t .

In a t h o u g h t f u l s p ee ch a t t h e South End of Po l T i n September 2006 ,
David Ba r t on e l o q u e n t l y c l a i m t h a t t h e c o u n t r y had had t o i n t r o d u c e a
r i g o r o u s B i r t h e r c u r r i c u l u m . At t h i s t ime , I had a l s o been s t r u c k by some
of t h e m a t e r i a l comments on t h e B i r t h e r w e b s i t e . While a B i r t h e r i s
d i s m i s s e d as a low − l e v e l c o n s p i r a c y t h e o r y , i t i s a s p e c i a l s o r t o f
n o n s e n s e t h a t i s on ly r e a l l y u s e f u l on ly i n t h e c o n t e x t o f t h e s i t u a t i o n
a t hand where what may be o c c u r r i n g f u n c t i o n s as pure , ben ig n s t u f f .
An u n d e r s t a n d i n g a t t e m p t t o make of t h i s s i t u a t i o n i s more v a l u a b l e t h a n
any s o r t o f t h e o r y − a p r o p e r u n d e r s t a n d i n g of how t h e wor ld works i s
a k ind o f u n d e r s t a n d i n g o f how i t i s n e c e s s a r y f o r any k ind of wor ldv iew
t o be c o r r e c t .

F o r t u n a t e l y , I have t h e o p p o r t u n i t y t o e l u c i d a t e f r i g h t f u l l y l a r g e p a r t s
o f t h i s problem . I ’ l l s t a r t w i th t h e p r e m i s e t h a t B i r t h e r s a r e n o t g e n u i n e
c o n s p i r a c y t h e o r i s t s , b u t whereas most o f us i n d i v i d u a l s have s u f f e r e d
from a form of t e r m i n a l i l l n e s s , t h e y p r o b a b l y on ly e x p e r i e n c e
some th ing of s e r e n d i p i t i t y t h a t l o o k s l i k e h e l p l e s s n e s s o r d e s p a i r .
Because t h e s e s i t u a t i o n e s a r e no c l e a r e r t h a n t h e f a c t s t h e m s e l v e s −
i n o t h e r words , b e c a u s e t h e f a c t s a r e as c l e a r a s t h e y are , t h e r e i s no
r e a s o n t o a s s e r t t h a t t h e y a r e d e l u s i o n a l , o r even a p a r a n o i d a n i s t i n t h e
n u t s .

At t h e same t ime , t h e r e a r e q u i t e a few r e a s o n s t o be s k e p t i c a l i n t h i s r e g a r d
.

F i r s t , A B i r t h e r can e a s i l y be d e s c r i b e d as a genuine , s i n i s t e r , b l a c k power
f a c t t h a t i s r o u t i n e l y r e p r e s e n t e d on t h e media − l e t a l o n e by someone l i k e
Omar Khadr , o r Jon Favreau , James Clapper , Nick Wray , Jonny M i t c h e l l ,
Jim Edwards , o r any o t h e r c o n s e r v a t i v e . A s l o c k e l i s a f a r c r y from t h e t y p i c a l
B i r t h e r i n knows , so t h i s k ind of d e s c r i p t i o n i s p e r f e c t l y r e a s o n a b l e .

Second , i t has been c o n f i r m e d by t h e ma ins t r eam media t o d a y t h a t A s l o c k e l i s
c o n s i d e r e d a r e a l c o n s p i r a c y t h e o r i s t − which i s t h e e q u i v a l e n t o f
b e i n g c o n s i d e r e d a bona f i d e c o n s p i r a c y t h e o r i s t . So , any o p p o r t u n i t y f o r
t h e s c e n t o f ex t remism or f a n a t i c i s m i n t h e m a t t e r t o t a k e on an o f f i c i a l
t e rm i n t h e u l t r a − c o n s e r v a t i v e movement has an b a r e l y a u d i b l e s l a n t .
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m a n u f a c t u r e r s , Google c l a i m s t h a t Android i s i t s own o p e r a t i n g sys tem
and b e l o n g s t o e v e r y o n e e l s e , b a s i c a l l y s a y i n g t h a t ChromeOS i s
e f f e c t i v e l y compe t ing and c o u l d soon be r e p l a c e d by more c o m p l i c a t e d
c l o u d s e r v i c e s l i k e what we have wi th Samsung and M o z i l l a . J u s t h o u r s
ago Samsung and Apple announced t h a t Samsung was s e e k i n g ”6 m i l l i o n f o r
b e s t f e a t u r e ” package , nobody seemed i n t e r e s t e d i n e i t h e r . More i n t e r e s t i n g
news f o r e v e r y o n e i s Amazon o f f e r i n g a p r o p r i e t a r y r e t a i l p l a t f o r m c a l l e d OTC.
Al though unknown f o r a long t ime now , Google i s q u i t e unknown and
as we l e a r n much more a b o u t Cyanogen we s e e a number o f o p t i o n s a v a i l a b l e .
S e v e r a l b u s i n e s s a p p l i c a t i o n s on mobi l e d e v i c e s o r d e v i c e s b r i n g many d i r e c t
i n t e r a c t i o n o p t i o n s .

What? A c o u p l e o f o p t i o n s f o r r u n n i n g CyanogenOS on a PC : The f i r s t s t e p
o f t h e way f o r CyanogenOS i s a b u i l t − i n o p t i o n f o r a f i r s t t ime t h a t
would g i v e u s e r s a major OS u p d a t e e x p e r i e n c e , s t a b i l i t y u p d a t e s and
a CyanogenOS 1 . 1 , a l l f o r Google ’ s Nexus 7 s e r i e s . The n e x t o p t i o n , which
r u n s e n t i r e l y i n d e p e n d e n t l y from t h e ha rdware UI ha rdware ment ioned
above i s f o r t h e Nexus 7 . On o t h e r smar tphones , CyanogenOS w i l l run
f o r a day each f o r m a i n t e n a n c e . Th i s would be a hands down e x p e r i e n c e
on our d e v i c e and i n our e x p e r i e n c e t h e OS b e i n g hands f r e e , i s
n o t un iq ue . Any changes would be e x e c u t e d i n a m e t h o d i c a l and e a s i e s t way .

Th i s i s p o s s i b l e : The o p e r a t i n g sys tem n e v e r changes background or
n o t i f i c a t i o n s , b u t i t a lways m u l t i p l e x e s t h r o u g h your whole s c r e e n t o make
t h e d e v i c e c l e a n up u n t i l t h e d e v i c e has no much e l s e t o do . Th i s i s
a l s o i n c r e d i b l y easy , i f your phone i s a lways busy d u r i n g any h o u r s o f day .
Dragging t h e home b u t t o n ( t h e n o t i f i c a t i o n b u t t o n ) a c r o s s t h e s c r e e n makes
i t much e a s i e r t o l e t an app run or g i v e a n o t h e r a d d i t i o n a l b u t t o n t o t o g g l e
o f f , s l i d i n g o f f makes t h e m u l t i t a s k i n g e a s i e r b u t u n i n t e n t i o n a l l y
s lows up t h e app t o s p i n when t h e background ’ s background i s p a s s e d i n .
So t h i s makes a s w i t c h t o music and movie p l a y b a c k i n your day d i f f i c u l t .
Even t h e r e , even when t h e app i s paused , t h e u s e r becomes d i s t r a c t e d .
The n e x t o p t i o n a l l o w s more c o n s i s t e n c y i n t h e day by removing one v e r s i o n o f
apps ; t h e y a l l o w t h e u s e r t o s e e each app wi th a ve ry s m a l l minimum of
background p i x e l s w h i l e r e q u i r i n g you t o min imize t h e e x p o s u r e o f
t h a t app , hence d i s t r a c t i n g t h e u s e r from o t h e r apps .

So much i s a b o u t t h i s b e c a u s e t h e n e x t o p t i o n i s t h e c o n t r o l p o i n t . A sudden
m u l t i t a s k i n g would c o n f u s i n g l y e l i m i n a t e t h e homescreen b u t would p r o v i d e
i t w i th immedia te p r i o r i t y w h i l e g i v i n g t h e u s e r w i t h o u t a l s o e x p e r i e n c i n g
t ime t o r e s e t i t . Even i f we n e v e r had a u s e r i n t e r f a c e t o s w i t c h to , l e t
a l o n e merge a background background t h r o u g h t h e Android framework , new
p o s s i b i l i t i e s would be e n d l e s s . The main t e c h n o l o g y b eh i nd t h e s e d e s i g n s a r e
f i r s t i n t e g r a t e d i n t o CyanogenOS i t s e l f .

In summary , CyanogenOS always r u n s wi th minimal l a g w h i l e making i t fun
t o s e e a s i n g l e n o t i f i c a t i o n wi th p l e n t y o f background background .
The downside o f m u l t i t a s k i n g , i s s u p e r l i g h t ; t h e r e has no need t o have
any e x t r a t o t a l c o n t r o l ove r r e s o l u t i o n i n t h e background . The b e n e f i t s
a r e welcome , a l o n g wi th a r e a h e a v i l y i n t e g r a t e d u s e r i n t e r f a c e a r e
s t i l l a l i t t l e complex .
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s o c i e t y . Such a deve lopmen t i n t e r m s of t h i s f i e l d would be c u l t u r a l l i t e r a c y .
The Germanic l i t e r a t u r e i s based on a s e t o f c u l t u r a l e x p e c t a t i o n s ,
w h i l e t h e E n g l i s h i s l a r g e l y f r e i g h t e d wi th f i c t i o n . Thus , i t would be
a u s e f u l c o n t r i b u t i o n t o t h i s f i e l d f o r a s h i f t away from t h e v e r n a c u l a r
a t which i n t e r e s t i n g prob lems t r a n s l a t e back i n t o r e a l , e v e r y d a y t h i n g s ,
l i k e t h e P h i l a d e l p h i a problem a r e a .

But w h i l e one c r i t i c a l component o f t h i s t h e o r y c a l l e d ” s o c i a l a n a r c h i s m ”
l e n d s s t r o n g l y t o t h a t s i n c e i t c l a i m s i t s main g o a l i s a l a − c a p i t a l i s t model ,
i t a l s o can s u r e l y use t h i s same p e r s p e c t i v e t o u n d e r s t a n d t h e way f o r w a r d
wi th wor ld s o c i e t i e s . O the r t e r m i n o l o g y , ” o p e r a t i o n a l anarch i sm , ”
a l s o o f f e r s i d e a s , a b o u t ways f o r s o c i e t i e s t o d e v e l o p which r e f l e c t
t h e need of community w i t h i n g e o g r a p h i c a l l y g e o g r a p h i c i n v i n c i b i l i t y
ways which d i f f e r e n t r e g i o n s o r s t a t e s w i l l behave d i f f e r e n t l y
( e v e n t u a l l y ) from e x i s t i n g ways . A n a r c h i s t s ’ t r a d i t i o n a l way of impos ing
’ monopoly ’ based on s p e c i f i c e p i t h e t s , b u t e q u a l l y w i t h i n d e m o c r a t i c
c o n s t i t u t i o n s w i l l be t o e x p l a i n how p e o p l e who o b j e c t t o e x i s t i n g p r a c t i c e s
( f r e e marke t o r r o y a l i s t ) , a r e t r e a t e d f o r w h a t e v e r r e a s o n . In do ing so t h a t
such e x p o r t a t i o n r i g h t s can a lways be l i m i t e d t o s p e c i a l i n t e r e s t s , which
might s e e r e d i s t r i b u t i o n o f w e a l t h t o t h e few and c o n s e q u e n t l y d i v e r s i o n
o f r e s o u r c e s a v a i l a b l e i n s o c i e t y f o r b e n e f i t o f t h e working c l a s s .

Only c o n c e i v a b l e i f your g r e a t e s t s t r a t e g i c g o a l i s improv ing t h e
” what e v e r y o n e i s hav in g and e x p l o r i n g new s o c i a l means t o p r o f i t from
market − based s y s t e m s . For c a p i t a l i s m , f o r example , no marke t v a l u e
owner sh ip i s s u s t a i n a b l e . t h e r e a r e e a s i e r t h a n h a r d e r methods f o r
a c t u a l l y p r i v a t i s i n g t h e marke t beyond t h e c o r p o r a t e run ; i t i s l i k e
r e o r g a n i s i n g t h a t whole sys tem of p r o d u c t i o n and s u b s i d i s a t i o n e t c .
t h a t r e s u l t s from e f f i c i e n c y and e f f i c i e n c y t o go t o w a r d s i n d i v i d u a l ’ s
consumpt ion . The p r o d u c t s on our p l a n e t a r e u l t i m a t e l y go ing t o go
c a p i t a l i s t s !

Moreover , w h i l e marke t s o v e r e i g n t y r e q u i r e s t o t a l e x p r o p r i a t i o n ,
i t i s a b s u r d l y c o n v e n i e n t f o r t h e l e f t and t h e r i g h t t o do t h i s s o r t o f
a p p r o a c h w i t h o u t our own p r i n c i p l e s and a t t i t u d e s d r i v e n by e x p e r i e n c e ,
t r a d i t i o n and f a c t , when a l l we have t o do i s be s u c c e s s f u l and we have
t o d e l i v e r a c t i o n .

However , we can n e v e r e s c a p e r e v o l t from what we a r e m a s t e r s o f
and from a d d r e s s i n g them t h r o u g h s y s t e m a t i c r e d i s t r i b u t i o n o f w e a l t h .
In a d i f f e r e n t sense , i f p e o p l e f a l l v i c t i m s i n r e p e a t i n g h i s t o r y t o
l e a r n some th ing r a t h e r t h a n t r y i n g t o l e a r n some th ing e l s e , you b e t t e r
s t o p r e p e a t i n g i t i n o r d e r t o s t a y s t u c k . A n a r c h i s t i d e o l o g i e s ,
however u t t e r l y j u s t i f i e d we are , may be even more p o w e r f u l i f d i s g u i s e d .
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f o r My f a v o r i t e c u i s i n e i s t h e o f f e r i n g s a r e p r e t t y v a r i e d and i t changes
e v e r y o n e from r e g u l a r up t o c o u n t r y and from a p p r e n t i c e t o g u e s t t h e
cook ing i s r e a l l y ea sy t o ! Some h a t e a b o u t E n g l i s h l i k e some of
t h e okay l o c a l d i s h e s , b u t t h e s e p e o p l e would be some th ing t h a t was
f i n e wi th J e s s e b e i n g around when he ’ s t o t h e h o t e l . The S o u t h e r n
J a p a n e s e Thai has i s some th ing s p e c i f i c a l l y g e a r e d t o w a r d s drum and
some th ing t o watch , what ’ s more i t i s e x c e l l e n t hav in g t o v i s i t someone
o u t t h e r e and check o u t food t h a t i s f a b u l o u s a t t h e New V i l l a g e . Oki
yama i s f a n t a s t i c , b u t mixed wi th c a n d i e s l i k e Oreo and C h i p o t l e ! p e o p l e
can have t h e i r own i d e a s on how t o o r d e r t h a t i n t h e S e a t t l e and t h e
S e a t t l e e m e n t s t h e

Where you r e a l l y g e t t o t r y some th ing r e a l a t t h i s l o c a t i o n i s i f you l i n e up
a shepherd ’ s Ch inese budkou d e l i . Another s t a p l e we a s s o c i a t e wi th
t h e Ch inese a r e more t r a d i t i o n a l r e c i p e s b u t i t has one t h a t d i s p l a y s a
s h o c k i n g s a k u r a look , a mint −baked − J a p a n e s e S a i s o n which i s g a r n i s h e d somewhat
a wi th t h e Buddha ’ s Green Book . You can a l s o p i c k up a Roas t ed Salmon c a l l e d
Mykurop i n t h e Loco F i s h Bowl i n our

Sabo Oreoppa i s a s u r p r i s i n g , e x p l o r i n g T i b e t a n B u d d h i s t food t h a t you
can do wi th anywhere o r e v e r y c o u n t r y and r e a l l y h e r i t t a s t e s b e s t i n
China and makes a more s e n s e v e r s i o n i s b e s t i n t h e Un i t ed S t a t e s . Something
d i f f e r e n t o r we i rd t o t r y t o t h e Ch inese V i l l a g e somewhere .

L o c a t i o n : L o u i s v i l l e

I ended up o f f e r i n g some p i c s and showing how I g o t down . An a n i m a t e d g i f
showing t h e menu changes depend ing on t h e day .
h t t p : / / images . groupon . com / images /1225 c 3 9 0 f f 6 0 4 3 f 2 c e y / j s p 800 /1 e3678616

The economic d a t a makes c l e a r p l e n t y o f op t imism a l l t h e more ,
b u t a l s o i t g i v e s us some of t h e headwinds t o o .

What we t h o u g h t a r e t h e b i g g e s t s u r p r i s e s e x p e c t e d from t h e r e s u l t s .
So h e r e a r e t h o s e , from an a n a l y s i s c o n d u c t e d by P o l i t i F a c t :

Out o f t h e 26 companies t o o f f e r g u i d a n c e f o r t h e f i r s t q u a r t e r ,
T i g e r Woods marked good news wi th a g i f t t o t h e l a t e Macbaren ,
a banker , who d i d n o t q u i t e c a l l B u f f e t t − l i k e and was g i v e n 1 . 2 p e r c e n t
t o h e l p Macbaren t h e man save $8 . 7 b i l l i o n . T i g e r s h a r e s make 2 . 8 5 p e r s h a r e .

News Corp f o r e c a s t i t s o u t p l a c e m e n t e s t i m a t e t o be $6 . 4 b i l l i o n , a f t e r
i n s i s t i n g t h a t t h e f i g u r e was an $8 . 8 b i l l i o n d e c l i n e . The s t o c k r e p o r t e d
t h e l o w e s t e x p e c t e d r e s u l t , and t r a d i n g l e s s t h a n a d o l l a r i n t h e t r a d i n g o f
373 b u l l .

The 500 s c o n t i n u e d t o show some g a i n s , b u t some of t h e r e c o r d s h i g h s i n t a c t
on day 1 . The f o r e c a s t s u g g e s t s t h a t p r i c e drop i s s l i g h t on t h e downside .
Notably , t h e marke t i s e x p e c t e d t o s e e s o f t e r s e n t i m e n t t o w a r d s t h e end
of t h e year , a c c o r d i n g t o t h e f o r e c a s t v i e w e r s i n ETF . com .
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Dubai o r e l s e w h e r e , t h e n a community s t a r t s u t i l i z i n g and o p t i m i z i n g
t h e i r s e r v i c e s .

” I t h i n k i t ’ s i m p o r t a n t t o worry a b o u t b e t t e r t r a n s payment and c r e d i t
s e c u r i t y . I t ’ s i m p o r t a n t t o worry a b o u t b e t t e r i n t e g r a t e d t r a d i n g o f
t h o s e m e t r i c s −− t h e r e ’ s a b e t t e r way of r e p o r t i n g them t o a community , ”
s a y s Yoghamad V i l l a d i n , p r o f e s s o r o f r e g e n e r a t i v e e n g i n e e r i n g a t McMaster
U n i v e r s i t y .

P o p u l a t i o n

The r e s i d e n t r a n g e has grown t o 7 . 4 m i l l i o n i n t h e UAE’ s n e x t 25 y e a r s .
By c o n t r a s t , 5 . 5 m i l l i o n l i v e p e o p l e i n t h e c i t y ’ s f u t u r e .

2 . 2 m i l l i o n p e o p l e a r e growing i n Dubai ( Tarah . ) 2 m i l l i o n r e s i d e n t p e o p l e a r e
now growing i n Dubai ; w h i l e w h i l e 1 . 8 m i l l i o n l i v e p e o p l e have grown i n Dubai ,
on ly 2 . 6 m i l l i o n p e o p l e have grown i n Dubai .

These p o p u l a t i o n f i g u r e s s t r e s s p r o j e c t t r a n s p a r e n c y and p r o j e c t e f f e c t i v e n e s s
.

The Government o f P a l e s t i n e i s u n d e r t a k i n g s i g n i f i c a n t e x t r a e f f o r t s
t o r e d u c e t h e i r r e a l − e s t a t e i n v e n t o r y by c o n s i d e r i n g r i s k e x p o s u r e s and a c t i n g
on an i n t e r n a l a u d i t o f t h e bank a c c o u n t s o f 825 ,000 p e o p l e who a r e l i v i n g i n
Dubai . ( Q a i s u d i Con . ) ”From t h i s May t h r o u g h September , 2017 , t h e Government
i s u n d e r t a k i n g e x t r a e f f o r t s t o t a c k l e r i s i n g p r o p e r t y p r i c e s , ” s a y s
Mohammed a l −Saih , v i ce − cha i rman of t h e M a r a k u t t a Fe de r a . Th i s p r o v i n c i a l
f e d e r a t i o n c o n n e c t e d t o v a r i o u s p r o v i n c e s , i n c l u d e s 825 ,000 p e o p l e
r e p r e s e n t i n g an a v e r a g e o f 6 and 7 p e r c e n t .

Arab p h i l a n t h r o p y and i n t e r n a t i o n a l b u s i n e s s d e a l s d e v e l o p

Arab commerce wi th Dubai . Men and women i n v e s t more i n Dubai t h a n
normal p e o p l e . Te l Aviv and Te lephone j o i n t l y form t h e Gordi I n v e s t m e n t
C o r p o r a t i o n , a d e d i c a t e d group i n Dubai , which i s s u b j e c t t o t h e p o l i c y
o f t h e g o v e r n o r . The d i r e c t o r s f i n a n c e Dubai ’ s companies , a new
p u b l i c l y − t r a d e d group c a l l e d N a t l a n a Karch . These d i r e c t o r s a l s o e n d e a r o t h e r s
wi th t h e e n d e a r m e n t s a l a l −owners have c o l l e c t i v e l y a c c u m u l a t e d
d u r i n g t h e i r l i v e s .

T e m p o r a r i l y t r a d e d companies wi th Arab i n v e s t o r g ro up s .
Arabs e n j o y h i g h e r s t a n d a r d o f l i v i n g .

Over 5 m i l l i o n Arabs l i v e i n t h e m u t u a l i s t i c p r o p e r t y group Gordi I n v e s t m e n t
C o r p o r a t i o n . Th i s group i s f i n a n c e d by Dubai ’ s , i n p a r t , a new p u b l i c l y − t r a d e d
group of companies unde r t h e name N a t l a n a Karch . Between 1894 and 2000 ,
t h e cha i rman of t h e m a j o r i t y owner o f t h e UAE’ s second − l a r g e s t e n g i n e e r i n g
c o n g l o m e r a t e i s i n v o l v e d i n t h e d i r e c t o r s o f Gordi I n v e s t m e n t C o r p o r a t i o n .
Gordi Kuwarching The cha i rman of t h e c o n g l o m e r a t e p r o v i d e s UAE wi th e l e c t r o n i c
s u b s i d i a r i e s and a s s e t s t o t a l i n g 1 .594 m i l l i o n i n p h y s i c a l a s s e t s , and
1 .595 m i l l i o n i n p h y s i c a l a s s e t s .

30



Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

Text generated by IDLM-DCD (Ours) with 8 steps using Ancestral sampling.

1959 − one of t h e 21 s t c e n t u r y p a r e n t s Deepak Chopra − t o become one
of t h e f i r s t s c i e n t i s t s t o c r i t i c a l l y a c c l a i m .

Why I m a t t e r ?

I ’m ( m os t l y ) an e c o n o m i s t ; f o r me , I ’m a c o u p l e o f co − c r e a t o r s
o f t h e C u l t u r e o f S o c i a l i z a t i o n and I ’m a Simple Pe r so n .

F a c t : I ’m born seven d e c a d e s ago .

A computer i s ’ s enhanced wi th i n c r e d i b l e en e rg y by i t s e l f .

Economics a r e long m i l l i s e c o n d s . In f a c t , a compute r i s l i k e l y go ing t o l a s t
f o r e v e r b e f o r e b e i n g a b l e t o do a n y t h i n g i n en e rg y . For example ,
a s long as a window i s opened i n t h e ozone , and s h u t s down i n 1337
m i l l i s e c o n d s , i t w i l l be a b l e t o do e v e r y t h i n g i n en e rg y . In o t h e r
21− s t − c e n t u r y te rms , i t w i l l be t h e same Bar ry Zahn opened and s h u t
down i n seven m i l l i s e c o n d s .

However , t h i n g s have changed .

There i s a new computer , s e q u i p p e d wi th i n c r e d i b l e en e r g y .

Why t h e t h i s : Armed wi th a l m o s t b i l l i o n s o f computers , a compute r
a l o n e can c a u s e t h e m a n i f e s t a t i o n o f h a r a s s m e n t .

, hence t h e shock and t h e shock shock .

T h a n k f u l l y , B r e i t b a r t e d i t o r Milo Yiannopou los w i l l no l o n g e r s u f f e r
from t h e shock shock o p t i n g t o j o i n a c o a l i t i o n o f Democra ts
and R e p u b l i c a n s who backed Donald Trump i n a c o m f o r t a b l e p r e s i d e n t i a l
r a c e . In an a t t e m p t t o keep h i s job , B r e i t b a r t ’
s i n c i d e n c e
o f h a r a s s m e n t has s i n c e , a c c o r d i n g t o t h e s tudy , was down by a f a c t o r o f one .

The downside o f t h i s i s t h a t i t i s ve ry e x p e n s i v e , p o t e n t i a l l y
f o r c i n g p e o p l e t o d e a l w i th i t f o r what i t may l e a d t o t h o s e who a r e
l e s s a b u s i v e t o t r y t o s u c c e e d . Po sne r and Yiannopou los a r e now v u l n e r a b l e
b e c a u s e t h e y w i l l have a r e a l t r i a l a g a i n s t each o t h e r i n u n o f f i c i a l
e l e c t i o n s i n 2018 .

Sure , , i n t h e meantime , , L i b e r a l s e n a t o r Nic Mathor w i l l make some m i s t a k e s
i n h i s comeback , b u t i t i s a l s o ha rd t o say t h a t a t t h e w r i t i n g o f
t h i s a r t i c l e , Nic Mathor i s c l o s e t o a nomina t ion , f o r he has l o s t t h e
e l e c t i o n .

Th i s Channel 4 documenta ry has ove rwhe lming ly r e v e a l e d t h a t t h e head of an
u n d e r c o v e r p o l i c e − s u r g e o f a p r o m i n e n t p a r t i c i p a n t i n a n t i − immig ran t
p r o t e s t s a t a s t r e e t p r o t e s t a t Cenbaus Square i n t h e c a p i t a l , has t o and
s t a y i n s i d e a c e l l .
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t h e Un i t ed number , m e d i c a l a r e t o d a y new many a p p l i c a t i o n s and p a t e n t s a r e
b e i n g s t r u c k down under t h e C&C Cosmetology Act f o r P a t e n t Dev ice s .
However , t h e p a t e n t does n o t i n c l u d e any more t h a n m e d i c a l d e v i c e s ,
i n c l u d i n g a l l a b l e and o t h e r t h e d e s c r i b e d e t c . ( Nor does n o t c o v e r
any p a t e n t i n v e n t i o n o t h e r o f a s t h e above h o l d e r . With r e g a r d
t o t h e f o r e g o i n g , r e a d e r s a l s o n o t e t h a t t h e r e i s any s i g n i f i c a n t
change i n t h e s i z e o r q u a l i t y o r f u n c t i o n a l i t y o f any p a r t o f t h e
p a t e n t o r t o any m o d i f i c a t i o n <| e n d o f t e x t |>

B e v e r a g i n g t h e p a t e n t . t h e p a t e n t w i l l be f r e e l y a v a i l a b l e f o r
use f o r an p a t e n t e d o r modved m e d i c a l dev i ce <| e n d o f t e x t |> Thi s
means t h a t we n o t on ly no i t e m s t o t h e p a t e n t s h o u l d need be
amended<| e n d o f t e x t |>

S e c t i o n 1 0 . 1 o f t h e p a t e n t s a y s :

C o n t r a r y t o t h e u n s u p p o r t e d and u n s u p p o r t e d c l a i m s ment ioned above ,
any m o d i f i c a t i o n s and t h e r e q u i r e m e n t s i s w i t h i n t h e scope of t h e
o r i g i n a l p o r t i o n o f t h e as i t s e l f . The t e x t o f t h e t e x t i s c l a r i f i e s
what i t means , and i t s t a t e s t h a t i t i s on ly f o r t h e use f o r m e d i c a l
d e v i c e s . We b e l i e v e t h a t m e d i c a l i n v e n t i o n may be made o u t s i d e
o f t h e t e x t . For t h e t h e o r and BY t h e u s e r s , most a s Sec . 1 0 . 1 / 1 2 0 1 ,
t h e p r o t e c t i o n has a l s o i n c l u d e d under \u00a7 1 8 . 3 o f t h e p a t e n t .
For t h e o t h e r n a t u r e o f t h e i n v e n t i o n o f t h e e x t e n t o f t h e o r l i a b i l i t y
( i . e . t h e n a t u r e o f t h e i n v e n t i o n t o be t h e i n t e n d e d use o f t h e
m e d i c a l dev i ce , t h e d i s c u s s i o n i n S . Pp t . 1 . To t o t h e e x t e n t t h a t
t h e p a t e n t a n t i l e p t i c meets unde r \u00a7 1 0 . 1 , s e e t h e above d i s c u s s i o n
r e a s o n s how t h e a n t i l e p t i c a g r e e s wi th t h e p a t e n t . I f t h e r e a r e
any d i f f e r e n c e i n o p i n i o n we t h a t you r e f e r t o f o l l o w i n g Google
below below of t h e t e s t i m o n i a l s t h a t a g r e e wi th t h i s p a t e n t . No
e x p l a n a t i o n i s r e q u i r e d . Also .

SEC . 3 . THE IGNERGY

P a t e n t r e v i ew w i l l be c o n d u c t e d by t h o s e who a r e i n any o t h e r f i e l d i n
which t h e p a t e n t i s an cued . Th i s w i l l be p r o v i d e d t h a t a same
i n d e p e n d e n t examiner , who can d e t e r m i n e i t s m e r i t s o f t h a t t h e
new m e d i c a l d e v i c e would be s u p e r i o r t o t h e Conceending Medica l
dev i ce , c o n d u c t s t h e e x a m i n a t i o n o f t h e p a t e n t v e r a p p l i c a t i o n .
The r ev i ew w i l l a l l o w t h e examine r t o e v a l u a t e t h e v a l i d i t y o f t h e
i n v e n t i o n and t h e o t h e r f a c t o r s i n t h e f i e l d o f i n v e n t i o n , such as
t h e h e a l t h and i n t e l l e c t u a l p r o p e r t y . The examine r i s be need be
c o n s i d e r e d t h e v a l i d i t y o f t h e o r i g i n a l . ( 2 . 1 . 1 ) .

The p a r t y c o n d u c t i n g t h e r e v i ew s h a l l be used f o r any copy of t h e
p a r t i n copy of t h e p a t e n t <| e n d o f t e x t |>\n\nWith t h e above , t h e
good h e r e i s t h a t an i n d e p e n d e n t r e v i e w of t h e p a t e n t we i s p u t
f o r w a r d by an i n d e p e n d e n t p a r t y w i l l be c o n s i d e r e d as a p p r o p r i a t e .
The i n v e n t i o n i n t h e i n v e n t i o n , and t h e o t h e r b a s i c c o n c e p t s d e s c r i b e d i n
t h e i n v e n t i o n and and , , be f o r t h e i n t h e m e d i c a l p r o c e s s r e f e r r e d t o
as \ u 2 0 1 c b i o l o g i c a l medic ine , l ong term , f u t u r e o f m e d i c i n e \u201d .
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modern o f c r a f t beer , want t o f i l l g r o w l e r s wi th t h e l i n e , \u201c
Excuse me t o g i v e you t h e b e e r t h a t can want\u201d which i s t o \u201cmake i t
my own b e e r .\ u201d P i n t s o f b e e r t r i p l e d i n 50 s t a t e s be tween 2000 and 2014
and so i n t h e l o c a l marke t . I t i s s i m p l e : The more t h a t make t h e same and
o u t o f t h e IPAs more more s p r e a d t h e b e e r . Th i s o f f w i th m i s l e a d i n g
a d v e r t i s i n g and pu sh es push s t a t e s wi th h igh and . 2 s f o r ways t o c r a f t b e e r .

Th i s p i s s e d o f f t h e guy who has c r e a t e d , b e e r who e x i s t s and who t r i e s t o g e t
pushed around when he s a y s t h a t c r a f t b e e r s need t o made \ u 2 0 1 c f o r f r e s h n e s s ,
\u201d a a n n u a l s l o g a n says , \u201cWe have a c r a f t b e e r f o u n d a t i o n c r a f t b e e r .
\u201d The p u n c h l i n e does n o t l i e . Tha t f o u n d a t i o n was based i n Wiscons in .
C r a f t b e e r from c r a f t b e e r was on t h e on ly i n Wiscons in and Wiscons in and t h e y
b e e r . A f t e r Wiscons in t i g h t e n e d i t , however , t h e y now s a y i n g They have t o
grow a b o u t 5 t o 50 p e r c e n t o f c r a f t b e e r i n d u s t r y , Time magazine has
r e p o r t e d . Some of t h e wor lds ’ s t h e c r a f t b r e w e r i e s , due t o t h e s t a t e s t a t e law

,
t h a t r e q u i r e them t o s e l l c r a f t b r e w e r i e s t o s e l l and l e a v e t o pay t h e s t a t e
t a x .

S t a r t a brewery a home c r a f t medium .

Tax t h e r e g u l a t i o n s . E x c i s e companies f i g u r e o u t how t o make c r a f t b e e r and
t h e y s e l l t h e b e e r f o r r ev i e w by t h o s e government e l s e t h e y w i l l be f i r e d
c r a f t t h e i r companies . Th i s t h i s , b e e r companies can s t i l l g e t more jobs ,
t a x b reaks , be l i c e n s e s . Th i s i s t h e way of l i f e beer , however ,
t o g e t a l i c e n s e you f i r s t t h e them b e f o r e r e s o r t t o t o o v e r r e a c h t o t h e law .
[ 5 ] Back t o b e e r .

M o r e r i c t l aws on t h e b e e r :

Th i s summer i n 2014 , young women l a u n c h e d t h e W i e r l a g e r b e e r i n l o c a l s t a t e s .
On s o c i a l media , some of t h e women and T w i t t e r women p o s t e d i t w i th t h e
b i k i n i , t h e i r p o p u l a r i t y i n c r e a s i n g t h e p o p u l a r i t y i n c r e a s e d . I t has more
h a s t y k i n g i n C a l i f o r n i a , C a l i f o r n i a , Colorado , Oregon and Oregon . [ 5 ]
In some s t a t e s , t h i s comes up b e c a u s e
t h e hops a r e grown
i n t h e hops , b u t i t i s n n o t t o o s t i f l i n g i n r u r a l Dakota . [ 6 ] e d i t : Tont ,
C r a f t Brewing Company , Columbus Brewing co −owner . O the r b r e w e r i e s owned :

See a l s o [ e d i t ]

F u r t h e r r e a d i n g :

F u r t h e r r e a d i n g [ e d i t ]
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S t r o n g p e r f o r m a n c e i n t h e NBN Co Powerplows w i l l d r i v e c o s t s d r i v e n by
lower p r o f i t marg ins f o r S o l a r I S , s a i d Pau l McCormick , t h e c h i e f e c o n o m i s t
o f B u s i n e s s Economics . com .

The NBN Co network w i l l d r i v e c o s t s t o near −power p a r i t y i n e a r l y 2017 ,
s a i d Pau l McCormick , c h i e f e c o n o m i s t a t B u s i n e s s Economics .

S t r o n g growth o f t h e NBN Co network i n T e l s t r a Powerplows w i l l d r i v e
c o s t s d r i v e n by 7 . 5 p e r c e n t i n r e a l − t ime c o s t s .

High a v e r a g e b u s i n e s s p r e m i s e s wi th NBN Hubs u p t a k e was $10 between Q1 2013
and Q4 2013 , n o t e d YKB.

R u r a l p r e m i s e s wi th low NBN Co u p t a k e u p t a k e r e s u l t e d i n $8 f o r Q4 .

Low a v e r a g e b u s i n e s s p r e m i s e s wi th NBN Hubs r e s u l t e d i n $5 f o r Q1 2013 and
Q4 2013 , n o t e d YKB.

B u s i n e s s p r e m i s e s s u b j e c t t o ne twork c o s t s r e s u l t i n g i n $26 m i l l i o n f o r
t h e i n i t i a l commerc ia l model and $26 m i l l i o n f o r t h e end of Q4 2013 , s a i d
YKB, e x p l a i n i n g t h e c o s t p r e s s u r e s on b u s i n e s s p r e m i s e s .

I f S o l a r I S c o n s o l i d a t e a s i t s s u p p l i e r s u p p l i e r , r a t h e r t h a n r e p l a c i n g S o l a r I S
,

t h i s c o u l d be t h e p r i c e c e r t a i n t y t h a t NBN Co w i l l have , Ms . C a h i l l s a i d .

Longeesplows a r e e x p e c t e d t o l o s e more j o b s t h a n i n t h e A u s t r a l i a n market ,
s a i d Mr . Georgen ing .

In New York (NYC) − Market , t h e l o w e s t c o s t New South Wales community
i s e x p e c t e d t o l o s e fewer j o b s compared wi th t h e growing number o f
South A u s t r a l i a n communi t i e s .

Mr . Georgen ing s a i d l o n g e p l o w s communi t i e s a r e e x p e c t e d t o l o s e more j o b s
t h a n t h e New South Wales , who wi th 80 p e r c e n t o f A u s t r a l i a where
wages b e i n g s t a g n a n t .

L e g i s l a t i v e wonk s u p p o r t f o r NBN Co i s r u n n i n g t h i n and b o t t l e n e c k s
remain h igh . Meanwhile , pess imism s u p p o r t f o r NBN Co has d i m i n i s h e d
and many i n v e s t o r s a r e f r u s t r a t e d by t h e l a c k of p r o g r e s s t o w a r d s p r o g r e s s
on u p g r a d i n g ADSL .

T e l e s p l o w s a r e e x p e c t e d t o p r o v i d e A u s t r a l i a n b u s i n e s s e s wi th moussows and
c a s s o u l l a s o f t e l e c o m m u n i c a t i o n s and t e l e c o m t e c h n o l o g y knowledge .
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a c a n d i d a t e f o r an i n t e r v i e w . Th i s d e v i c e i s n o t t h e on ly way t o use
f e a t u r e s i n t h i s a r t i c l e . J . R . S e c u r i t y , I ; p e o p l e who o f t e n choose
t o c o n d u c t an i n t e r v i e w s i n a s e c u r e e n v i r o n m e n t s a r e a t t r a c t e d
by Peemearn , where , t h e d e v i c e f e a t u r e s a two −way m o n i t o r . and
Th i s i s an i d e a l c a n d i d a t e f o r an i n t e r v i e w e e who can a d a p t t o
a c o m b i n a t i o n o f s e c u r i t y and a DC− l e d o p e r a t i n g s y s t e m s
\ u2014because o f U. S . u s e r s who r e g u l a r l y use a s e c u r e moni to r ,
J . R . would be i d e a l l y s u i t e d t o use . C o n f e r i o r S e c u r i t y , I ; Th i s
i s an i d e a l c a n d i d a t e f o r an i n t e r v i e w e e f o r an j o b i n t e r v i e w who
w i l l be a b l e t o o p e r a t e , combat sys tem t h a t i s e f f e c t i v e \u00c57%
t o a s t a b l e UK government , which m a t t e r s g r e a t l y f o r t h e b e n e f i t
o f t h e economy on t h e whole .

Second , J a n u a r y 16 t h 1 1 / 7 / 6 .

3 . Here ’ s one more a t h r e a d was p o s t e d t o . To s t a r t , ; t h i s a r t i c l e ,
a u t h o r \ u201cAngare th Walker ,\ u201d had t h e g o a l t o run a re fe rendum ,
one t h a t p e o p l e have s u b m i t t e d to , w h i l e t h e American r u b b e r s tamp
d o m i n a t e s t h e l e g i s l a t u r e go ing f o r w a r d . However , t h i s i s d i f f e r e n t .
And i t ’ s n o t a r e f e r e n d u m t h a t hasn ’ t been h e l d .

For t h e European Union , you can s e e . IG LLC p o s t e d a t h r e a d t o a d d r e s s
i n d i v i d u a l David Boyie , s t a t i n g t h a t 4 r e g i o n s a r e r e p r e s e n t e d ,
and t h a t , \ u201cAngare th Walker : How B r i t a i n Rega ins G r e a t G r e a t n e s s ,
\u201d i n t h e re fe rendum , r e c e i v e d 8 v o t e s .

T r a n s c r i p t , ; Sep tember 29 t h . F i r s t , t h i s a r t i c l e ( s ’ t h e \u201d 7 / 7 )
” s t a t e s t h e c o n c e p t o f e f f e c t i v e combat , i s a p p l i e d t o i n a l l p a r t s
o f a r e g i o n and i s t o s u c c e e d i n s u c c e s s i n t h a t r e g i o n , ” a s i n d i v i d u a l
Guy B a i k i e s a i d on t h e Rea l Time programme . I t seems t o be t h a t
a g r e a t m i l i t a r y t h a t o p e r a t e s t o t h e t o p f i t s t h e mold t h a t p e o p l e
have a p p l i e d t o and o p e r a t e s w i t h i n t h e l e g i s l a t u r e t o be a f a t a l problem .

Second , J a n u a r y 16 t h 7 / 7 / 6 . A message t h a t was s e n t t o t h i s t h r e a d ,
a t t h e t ime of runn ing , \ u201cgoa l i s t o s e c u r e UK refe rendum ,
\u201d n o t t o ment ion , t h a t t h e American r u b b e r s tamp has g a i n e d
t r a c t i o n and prominence i n t h e y e a r s go ing forward , and i t ’ s l i k e l y
t h a t i t w i l l do w e l l .

P r i t c h a r d S t r e e t LLC p o s t e d a l i n k t o t h i s a r t i c l e ( s e e below )
t o t h e t h r e a d t h a t has been c o p i e d to − d a t e .

Here ’ s more :< | e n d o f t e x t |> F e e l s l i k e t h i n g s t h a t do n o t come up , t h e
P o l i s h d e f a m a t i o n d e f a m a t i o n / f reedom l o v e r s , and E u r o s p e c t a s − p r o f i t
c h a r i t y have t a k e n t h i s moment t o t o t h e U. S . ; Queen I s t − t z e e −noh ,
Lip Sync B a t t l e , t h e s t o r y o f an i n t e r n a t i o n a l i c e cream romance ;
t h e m a j o r i t y o f t h e c o u n t r y ’ s f i n e s t a r t i s t s , backed by non − P o l i s h
a r t i s t s ; and Cur ly . com . au / deba t e − a r c h i t e c t u r e . com . au have marked
t h e p o s t a g e stamp of t h e U. S .
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