
Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 4417–4436
October 24-29, 2026 ©2026 Association for Computational Linguistics

When i.i.d. Factorization Breaks Language: The Structural Failure of
Discrete Diffusion Language Models

Hyukhun Koh1 Seongho Joo2 Haesung Pyun3 Kyomin Jung1,2

1IPAI, Seoul National University 2Dept. of ECE, Seoul National University
3Graduate School of Data Science, Seoul National University

{hyukhunkoh-ai, seonghojoo, haesung.pyun, kjung}@snu.ac.kr

Abstract

Discrete diffusion language models (DDLMs)
offer potential advantages for language gener-
ation, such as parallel decoding and iterative
refinement, but they often underperform au-
toregressive (AR) models and exhibit higher
training instability. Recent approaches incor-
porate AR training signals to stabilize train-
ing, yet this introduces strong sequential in-
ductive biases that limit the benefits of non-
autoregressive generation. In this work, we
analyze the structural causes of degeneration
in non-AR DDLMs. We show that standard
diffusion formulations rely on an i.i.d. corrup-
tion process and factorized sampling structure
that implicitly assume token exchangeability,
which conflicts with the non-exchangeable de-
pendency structure of natural language. This
mismatch leads to degeneration under semantic
sparsity, where contextual signals are insuffi-
cient. To guarantee stable language generation,
we propose the Dependency-Coupling Princi-
ple, a structural constraint that preserves neces-
sary contextual dependencies during diffusion
generation and provides insight into the perfor-
mance gap between AR and DDLMs.

1 Introduction

Recently, diffusion-based generative models have
emerged as a promising alternative paradigm for
language modeling. Discrete Diffusion Language
Models (DDLMs) offer potential advantages such
as parallel generation and iterative refinement.
However, despite substantial progress (Austin et al.,
2023; Han et al., 2023; Lou et al., 2024; Sahoo
et al., 2024), diffusion language models frequently
underperform AutoRegressive (AR) models across
a range of language generation tasks (Ye et al.,
2025; Bie et al., 2025; Koh et al., 2025). More-
over, diffusion training often exhibits substantially
higher training variance than AR models, which
can lead to significant performance degradation
after fine-tuning (Jia et al., 2026).

To address these issues, recent approaches (Liu
et al., 2025; Bie et al., 2025) incorporate causal
AR training signals. While these observations may
appear to favor AR modeling as a backbone, it in-
troduces strong sequential inductive biases (Goel
et al., 2026) that may limit the ability of diffusion
models to fully exploit Non-AutoRegressive (NAR)
generation. This naturally raises a more fundamen-
tal question:

"Is there an intrinsic reason why previous DDLMs
underperform AR models?"

Therefore, in this work, we investigate the con-
ditions under which traditional NAR DDLMs be-
come unstable or degenerate. In particular, we
focus on the structural assumptions underlying dif-
fusion models, including the use of an i.i.d. corrup-
tion process and the resulting factorized training
and sampling structure. Standard diffusion formu-
lations implicitly treat token positions as exchange-
able variables. However, natural language tokens
are fundamentally non-exchangeable: their distri-
butions are governed by structured dependency re-
lations rather than independent marginal statistics.
As a result, the independence assumption underly-
ing diffusion corruption conflicts with the depen-
dency structure of language.

Recent work attempts to alleviate this mismatch
through improved scheduling or uncertainty-based
masking strategies, such as entropy-based block
schedules (Koh et al., 2025) or confidence-based
dependency estimation (Li et al., 2026). While
these methods may improve local prediction qual-
ity, they do not resolve the underlying dependency
mismatch. In particular, language dependency can-
not be fully captured by token-level uncertainty
measures such as entropy or perplexity.

Our analysis further shows that the observed de-
generation cannot be resolved simply by increasing
the number of diffusion steps in Section 5.2, nor
is the observed degeneration not caused by insuffi-
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cient model expressivity in Section 5.3. In addition,
the factorized sampling structure cannot eliminate
the underlying mismatch in Section 5.4. Conse-
quently, under semantic sparsity—when contextual
signals are limited—the factorized update process
collapses toward marginal token distributions, lead-
ing to repetitive and incoherent outputs.

These observations suggest that the indepen-
dence assumptions underlying standard diffusion
training should be reconsidered for language mod-
eling. The goal of this paper is to characterize
the structural conditions required for stable par-
allel language generation. Motivated by this per-
spective, we formulate the Dependency Coupling
Principle as a necessary condition for stable lan-
guage generation. Under this view, AR models
can be understood as a maximally constrained
special case, where each prediction conditions on
a strictly ordered prefix and generation proceeds
sequentially. This construction trivially avoids de-
pendency violations, explaining their robustness
under data-sparse conditions (Kasa et al., 2025).
However, this comes at the cost of enforcing a fixed
directional factorization, which limits the ability
to capture more general dependency structures and
motivates efforts to overcome the intrinsic sequen-
tial bias of AR modeling (Sun et al., 2025b; Kumar
et al., 2025; Binkowski et al., 2026). This per-
spective suggests that the key challenge is whether
parallel generation can be made compatible with
dependency-aware modeling.

2 Related Work

BERT-Generation Traditional language models
have been dominated by autoregressive (AR) ar-
chitectures, while encoder-only models such as
BERT (Devlin et al., 2019; Liu et al., 2019; Warner
et al., 2024) excel at classification and representa-
tion learning. Several approaches (Ghazvininejad
et al., 2019; Chen et al., 2022; Goyal et al., 2022)
have attempted to develop generative mechanisms,
but their performance underperforms AR models.
Our work builds upon recent discrete diffusion lan-
guage model (DDLM) frameworks to enable effec-
tive generation with BERT.

Discrete Diffusion Language Models (DDLMs)
Recently, diffusion-based methods have largely
explored to overcome the problem of AR induc-
tive biases. Prior studies show that applying this
supervision at every diffusion step rather than
only at the first step (Li et al., 2022; Gong et al.,

2023; Sun et al., 2023) leads to improved perfor-
mance (Lou et al., 2024; Sahoo et al., 2024). There-
fore, DDLMs such as D3PM (Austin et al., 2023)
formulate text generation as iterative refinement,
gradually reconstructing text from noise. Subse-
quent works (He et al., 2022; Lou et al., 2024; Sa-
hoo et al., 2024) has explored efficiency improve-
ments through BERT-based schedules. Diffusion-
EAGS (Koh et al., 2025) introduces entropy-
adaptive sampling to dynamically control denois-
ing using pre-trained BERT, and outperform AR
models in the toxicity mitigation task. The success
of DDLMs in conditional generation has led to
scaled-up versions of these models and follow-up
studies on likelihood-based partial masking strate-
gies. However, they still tend to underperform com-
pared to AR models on many generation tasks (Nie
et al., 2025; Ye et al., 2025; Liu et al., 2025; Li
et al., 2026). Recent analysis examines the limi-
tations of mask diffusion, showing that DDLMs
exhibit strong locality bias (Sun et al., 2025a) and
that mask tokens themselves act as distractors that
impair contextual understanding (Piskorz et al.,
2025). Therefore, recent approaches adopt AR
models as backbones and train them with diffusion
objectives (Liu et al., 2025; Bie et al., 2025). Most
recently, block-wise semi-autoregressive diffusion
models (e.g., SDAR (Cheng et al., 2026)) and AR-
backbone hybrids (Liu et al., 2025; Bie et al., 2025;
Arriola et al., 2025) narrow this gap by reintroduc-
ing partial sequential dependency; we analyze why
such structural coupling helps through the lens of
the Dependency Coupling Principle (Appendix J).
This trend raises a fundamental question: why do
AR models remain so effective for language gener-
ation? In this work, we investigate the structural
conditions that enable stable language generation
and analyze the conditions that diffusion models
must satisfy in order to close the performance gap.

3 Language Modeling as Dependency
Graph Generation

Before investigating the underlying problem of tra-
ditional DDLMs, we first formalize the language
modeling task. Natural language is not generated
from exchangeable token marginals, but from struc-
tured dependency relations between tokens. The
standard AR formulation captures this structure
through a fixed linear factorization:

p(x) =

L∏

i=1

p(xi | x<i),
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where x = (x1, . . . , xL) is a token sequence
of length L. This factorization imposes a total
order over token generation. However, such a linear
order is not intrinsic to language itself; rather, it
is one particular serialization of a more general
dependency structure.

To formalize this observation, we define lan-
guage generation as a graph-based factorization
problem. Let G = (V,E) denote a directed
acyclic graph (DAG) over token positions, where
V = {1, . . . , L} and E represents dependency re-
lations between tokens. For each node i ∈ V , let
pa(i) denote the parent set of node i in G. Then the
joint distribution of a sequence can be factorized as

p(x) =
∏

i∈topo(G)

p(xi | xpa(i)), (1)

where topo(G) denotes any valid topological or-
dering of G. Equation (1) generalizes AR language
modeling: the AR model is the special case where
G is a chain graph. Under this view, language mod-
eling is not fundamentally tied to a linear order, but
to a dependency-respecting generation process.

A key consequence of Eq. (1) is that generation
can in principle be partially parallelized. If multiple
nodes have all their parents already generated, then
those nodes may be updated simultaneously with-
out violating the dependency structure. Hence, the
natural objective for NAR generation is not unre-
stricted parallel generation, but parallel generation
conditioned on satisfied dependencies.

Flaw of standard diffusion language models.
Standard DDLMs do not optimize such graph-
based objective in Eq. (1). Instead, under the i.i.d.
corruption process in DDLMs, the resulting train-
ing objective induces a factorized denoising distri-
bution that breaks the language dependency struc-
ture in Eq. (1). Consequently, the model learns
factorized token recovery objectives of the form

pθ(x | xt) =
L∏

i=1

pθ(xi | xt, t, i), (2)

where xt denotes a corrupted sequence at diffusion
step t. Under severe corruption, especially in the
fully masked regime,

xT = [[MASK], . . . , [MASK]], (3)

Eq. (2) no longer guarantees conditioning on the
dependency structure required by Eq. (1). As a re-
sult, the model is trained to recover tokens from

semantically sparse inputs without ensuring that
the parent information necessary for coherent gen-
eration is available. We will demonstrate that the
objective of diffusion-training under such semanti-
cally sparse conditions leads to marginal collapse
in Section 4 and 5.

4 Problem of One-step Corruption with
I.I.D.

4.1 I.I.D. Corruption in DDLM
Existing DDLMs adapt DDPM principles to text by
replacing Gaussian corruption with masking, uni-
form noise, or token replacement. Critically, like
continuous diffusion, they adopt i.i.d. assumption:
noise is sampled independently at each position.
This manifests in two ways: (1) independent noise
addition during the forward process, and (2) factor-
ized decoding during the reverse process.

4.2 Why I.I.D. Leads to Collapse in Language
4.2.1 The Mathematical Insight
In this section, we mathematically prove that the
i.i.d. assumption, when applied to a fully masked
sequence, forces the model to learn a specific type
of collapsed distribution. we show that under the
i.i.d. corruption assumption, the optimal denoising
model inevitably degenerates into a position-wise
marginal predictor, erasing all joint dependencies
in the sequence.

The Setup: Full-MASK Input Consider the ini-
tial state of generation where the sequence provides
no semantic information, the full-MASK state. Let
V be vocabulary and Y = (Y1, . . . , YL) be the
target sequence of length L. Our objective is to
analyze the behavior of the learned probability dis-
tribution pθ(y | xT ) and demonstrate that it in-
herently collapses to the empirical position-wise
marginal distribution qi:

qi(v) := Pr
Y∼pdata

(
Yi = v | |Y | = L

)
, v ∈ V.

The Constraint: Independent Factorization un-
der Full-MASK Following the existing DDLM’s
formulation (Sahoo et al., 2024; Lou et al., 2024),
the one-step denoising distribution for a Non-
AutoRegressive (NAR) model factorizes over po-
sitions. This factorization arises due to both (1)
independent noise addition at each position, and
(2) independently predicting the target. Since xT
contains no semantic information, the model pre-
dicts each token conditioned only on its position
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index i:

pθ(y | xT ) =
L∏

i=1

pθ(yi | xT , i).

The Cross-Entropy loss of one-step denoising de-
composes linearly due to this factorization:

L(θ) = EY ∼pdata

[
L∑

i=1

CE
(
pθ(· | xT , i),1Yi

)
]
, (4)

where 1Yi denotes one-hot encoding of random
label Yi, with Yi ∼ qi.

The Result: Convergence to Marginals The
global minimizer of the objective in Eq. (4) can
be derived via convex optimization. We formally
state that under the i.i.d. assumption, the model pθ
inevitably converges to the empirical position-wise
marginal distribution, denoted as qi(v).

Lemma 1 (Marginal Collapse of the Optimal Solu-
tion). The unique optimal solution p∗θ for the loss
in Eq. (4) satisfies:

p∗θ(v | xT , i) = qi(v), ∀i ∈ {1, . . . , L}.

The proof Lemma 1 is in Appendix B, and we
refer to this phenomenon as marginal collapse.

4.2.2 Implication
Loss of Joint Dependency The proof above
demonstrates that under the full-MASK sequence
xT , the model discards all joint dependencies (e.g.,
subject-verb agreement or semantic correlation)
and learns only which word is likely to appear at
position i. In other words, the learned joint dis-
tribution factorizes as a product of independent
position-wise marginals:

pθ(y | xT ) ≈
L∏

i=1

qi(yi).

By minimizing the timestep objective indepen-
dently per position, the model fundamentally fails
to capture the syntactic and semantic correlations
inherent in language.

4.3 Why Collapse Appears As Repetition
4.3.1 The Linguistic Insight
Supported by formal semantics (Stalnaker, 1978;
Heim and Kratzer, 1998) and empirical BERT stud-
ies (Devlin et al., 2019; Warner et al., 2024) (Fig-
ure 1), we posit that absolute position carries negli-
gible semantic information compared to contextual

signals, particularly under semantically sparse con-
ditions such as the full-MASK state in the form (3).
Importantly, the position refers to the absolute
index (e.g., 1, 2, 3, . . .) rather than structural or
dependency-based positions. Prior studies show
that token prediction in neural language models de-
pends strongly on surrounding context and syntac-
tic dependencies (Linzen et al., 2016; Khandelwal
et al., 2018; Giulianelli et al., 2018). Furthermore,
natural language corpora consist of sentences with
varying lengths, which further weakens the pre-
dictive power of absolute position indices. We
experimentally verify that these observations re-
main valid in the diffusion setting by comparing
the predictive information provided by contextual
tokens and absolute position (Figure 5). Based on
these linguistic studies of formal semantics and
the standard experimental setup of engineering
studies, we adopt the following assumption.

Assumption 1 (Semantic Dominance and Negli-
gible Positional Info). Let Y denote a token-level
random variable drawn from the empirical data dis-
tribution D, I its position index, and let C denote
the set of contextual, unmasked tokens excluding
the target token. We assume that linguistic meaning
is dominated by context, rendering the mutual in-
formation provided by absolute position negligible
in the form (3):

MI(Y ;C) ≫ MI(Y ; I),

where MI(·; ·) denotes mutual information, and
MI(Y ; I) is sufficiently small.

Lemma 2 (Near-homogeneity of Position
Marginals). Under Assumption 1, the empirical
position-wise marginals qi remain close to the
global unigram distribution qglobal.

The proof of Lemma 2 is in Appendix D. As the
position-wise marginals collapse toward the global
marginal and become nearly position-independent,
the resulting predictions manifest as repetition.

4.3.2 Implication
Breaking Language Dependency Combined
with the factorized decoding structure, the resulting
joint model collapses toward

pθ(y|xT ) ≈
L∏

i=1

qglobal(yi),

which corresponds to independent sampling
from the global unigram distribution. This degener-
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Figure 1: The repetition score↓ is computed as 1 −
|U|
|T | , where U is the set of unique tokens in a gen-
erated sample and T is the number of all generated
tokens. Perplexity↓ is computed using GPT-2 XL.
We use pre-trained models including large BERT*,
RoBERTa*, ModernBERT*, Refusion-7B*. We con-
struct fully masked sequences and denoise them in a
single step.

ation removes the dependency structure that charac-
terizes natural language generation. This factoriza-
tion is particularly detrimental because natural lan-
guage tokens are fundamentally non-exchangeable.
Unlike image pixels, which exhibit partial invari-
ance to permutation, linguistic tokens are strictly
ordered and governed by structural dependencies.
Even a single permutation or independent resam-
pling can disrupt syntactic hierarchy (e.g., depen-
dency parse trees) and semantic coherence. There-
fore, the i.i.d. assumption, which treats tokens as
isolated and exchangeable units, violates the struc-
tural principles of language and inevitably leads to
generation degeneration. In other words, diffusion-
based token recovery primarily aligns marginal to-
ken statistics rather than the dependency structure
that defines natural language generation.

4.3.3 Empirical Evidence
In Figure 1, as the number of masked tokens in-
creases, pre-trained BERT variants and a recent
DDLM (Refusion (Li et al., 2026)) degenerate
into generating identical tokens repeatedly (rep-

*BERT-large, RoBERTa-large, ModernBERT-large, and
Refusion-7B.

etition score → 1.0). This behavior indicates that
the generated sequence becomes dominated by to-
kens with high unconditional probability (e.g., the
most frequent tokens in the corpus), effectively
repeating the mode of the global marginal distribu-
tion (v∗ = argmax qglobal). In other words, when
contextual information is largely absent, the opti-
mal predictor of iterative NAR models collapses
to marginal token statistics. This regime directly
corresponds to the high-noise states in DDLMs,
where most tokens remain masked and contextual
signals are limited. Thus, the observed degener-
ation reflects a structural limitation of factorized
prediction under sparse context, which persists into
early denoising steps and explains marginal col-
lapse in multi-step diffusion.

5 Problem of Multi-step Corruption with
I.I.D.

In the previous section, we identified a fundamen-
tal flaw in the diffusion objective at the single-step
level. We now show that this issue persists in multi-
step diffusion. Although additional denoising steps
increase the available context, they do not resolve
the factorization issue rooted in the training ob-
jective, even in recent large DDLMs (Li et al.,
2026). In particular, during inference, early de-
noising stages remain highly information-sparse,
where the optimal predictor reduces to position-
wise marginals. We analyze three mechanisms
underlying this persistence: (1) increasing the
number of diffusion steps amplifies repetition, (2)
uncertainty-based estimates fail to capture linguis-
tic dependency, and (3) dependency structure re-
mains unenforced during intra-step decoding due
to the i.i.d. assumption.

5.1 More Denoising Steps Amplify Repetition

One might argue that the marginal collapse could
be mitigated by revealing tokens more gradually.
However, as we show next, the problem persists
even under fine-grained multi-step diffusion sched-
ules by how training objective manifests during
inference, particularly when the model operates
under information-sparse conditions in early de-
noising steps. Theoretically, the number of dif-
fusion steps increases, the transition probability
of revealing informative tokens becomes smaller
during early timesteps. Consequently, the model
spends more iterations operating in semantically
sparse states, reinforcing marginal token statistics
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and leading to increasingly repetitive outputs.

5.1.1 Empirical Evidence
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Figure 2: Trade-off between repetition score (↓) and
perplexity (↓). Color indicates the number of diffusion
steps. Lines show inference trajectories as steps de-
crease.

To empirically examine this phenomenon, we
evaluate representative diffusion language models
including MDLM (Sahoo et al., 2024) and MDLM-
Prime (Chao et al., 2025a) trained on the OpenWeb-
Text dataset‡ (Gokaslan et al., 2019). We sample
100 sequences with the same decoding tempera-
ture and sampling strategy fixed across different
diffusion steps to isolate the effect of the diffusion
schedule, following the official repository. Fig-
ure 2 reveals a trade-off between likelihood and
generation quality. As the number of diffusion
steps increases, the perplexity decreases, indicat-
ing improved marginal token prediction. However,
the repetition score simultaneously increases, sug-
gesting degeneration in token diversity. This be-
havior supports our analysis: additional denois-
ing steps prolong the model’s exposure to semanti-
cally sparse states, where the training objective re-
inforces marginal statistics rather than dependency-
conditioned predictions.

5.2 The Problem of Early Steps In DDLMs

Then why does increasing the number of denoising
steps not alleviate this collapse? In the high-noise
regime (t ≈ T ) of MDLMs, standard noise sched-
ules (e.g., cosine or linear) induce only a marginal
decrease in noise levels between consecutive steps.
Consequently, the probability of unmasking a token
remains negligible across a long prefix of the trajec-
tory. This results in idle diffusion steps (Chao et al.,
2025b), where the sequence state xt changes little
from xt+1 and remains predominantly composed

of [MASK] tokens.
This stagnation forces the model to perform de-

noising repeatedly on nearly identical, information-
poor inputs. Because xt is dominated by masks,
the model effectively remains trapped in the full-
MASK regime described in Section 4.2 for a sub-
stantial portion of training. During these idle steps,
the absence of contextual information causes the
training signal to be dominated by the position-
wise marginal objective (qi). Instead of learning
to recover joint dependencies, the model expends
capacity reinforcing collapsed unigram predictions.
Repeated exposure to such inputs thus reinforces
the marginal statistics of the dataset while provid-
ing insufficient signal for learning joint linguistic
dependencies.

5.2.1 Empirical Evidence
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Figure 3: We evaluate sequences of varying lengths
(16, 32, 64, and 128). During denoising, we reveal one
token per step and measure the per-position prediction
entropy at each step (top). In addition, we obtain the
top-1 (via argmax) at each position and measure the
degree to which these top tokens are identical across
positions (bottom).

We investigate the Refusion-7B* to see whether
scale-up resolves the marginal collapse by scruti-
nizing both the entropy and top-1 confidence of
each position at each denoising step. As shown
in Figure 3, we observe two consistent patterns.
First, the model predictions exhibit high entropy
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Step t Mask Ratio Avg. Top Prob. Dominant Token

0 1.00 0.066 space
1 0.97 0.053 space
2 0.94 0.078 space
4 0.88 0.11 space
8 0.75 0.34 space
12 0.62 0.47 space
16 0.50 0.51 space
20 0.38 0.58 space
24 0.25 0.61 space
28 0.12 0.35 digits
31 0.03 0.45 symbol

Table 1: Prediction statistics during denoising showing
the stagnation regime.

in early steps. At the same time, the top-1 predic-
tions across positions are highly homogeneous,
often collapsing to a small set of high-frequency
tokens regardless of sequence length. This indi-
cates that the model relies primarily on marginal
token statistics rather than contextual dependen-
cies, as the predicted distribution remains largely
unchanged during the early diffusion steps (Fig-
ure 6). To further examine this effect, we conduct a
linear denoising schedule and track the proportion
of masked positions throughout the process. As
shown in Table 1, denoising steps remain domi-
nated by space tokens, confirming that the model
spends a substantial portion of the diffusion tra-
jectory in this mask-trapped regime. Interestingly,
the average top-1 probability increases while pre-
dictions are dominated by high-frequency tokens
(e.g., space). As more tokens become revealed,
contextual information sufficiently emerges and
the dominant token changes only in final steps.

5.3 Adaptive Scheduling Does Not Fix The
Structural Issue

Traditional unconditional DDLMs often rely on
heuristic scheduling strategies that prioritize either
average confidence statistics across samples (Koh
et al., 2025) or sample-specific uncertainty (Li
et al., 2026). These approaches typically select
tokens to reveal based on prediction confidence or
entropy, implicitly assuming that low-uncertainty
tokens provide useful signals for generation. Such
strategies have shown promising performance in
strongly conditioned generation tasks, where suf-
ficient semantic context is available. In these set-
tings, diffusion-based models can even outperform
AR models (Koh et al., 2025). However, as gener-
ation becomes more open-ended and the amount
of available context decreases (i.e., semantic spar-
sity increases), their performance deteriorates and
often falls below that of AR models (Liu et al.,

2025; Bie et al., 2025). This phenomenon per-
sists even in recent large-scale diffusion language
models, despite incorporating dependency-aware
heuristics (Li et al., 2026). This suggests that in-
creasing model scale alone does not resolve the
structural limitations of diffusion generation.

These results highlight a key limitation of
uncertainty-based scheduling. Confidence or en-
tropy measures struggle to capture mutual infor-
mation between tokens and the underlying depen-
dency structure, particularly under the semantically
sparse states of early diffusion steps. Consequently,
uncertainty-based scheduling may prioritize tokens
with low local uncertainty without necessarily re-
vealing tokens that are informative for recovering
the underlying dependency structure.

5.3.1 Empirical Evidence
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Figure 4: The repetition score does not decrease below
0.4 for both uncertainty-based DDLMs.

We conduct an experiment under the same exper-
imental setting described in Section 5.1.1. In this
experiment, we follow the prior works in which
entropy-based (ENS-149M) (Koh et al., 2025) and
confidence-based (Refusion-7B) (Li et al., 2026)
estimation is used as a proxy for language depen-
dency. However, as shown in Figure 4, diffusion
models still exhibit persistent repetition. Even
when the number of denoising steps increases, the
repetition score does not fall below 0.4. Qualitative
inspection of generated samples further confirms
that the models frequently produce repetitive out-
puts (See Attached Materials). Notably, this de-
generation persists even when the size of model
(Refusion) is 7B, indicating that confidence-based
scheduling alone is insufficient to resolve the prob-
lem. Examples are in Appendix G. Additional dis-
cussion is in Appendix G.5.
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5.4 Intra-Step I.I.D Factorization Persists

Even perfect scheduling is insufficient be-
cause intra-step decoding remains independent.
Even if dependency relations could somehow be
properly estimated during the scheduling stage, the
reverse diffusion update within each step still re-
mains independently factorized. Specifically, the
reverse diffusion transition assumes position inde-
pendence:

pθ(xt−1 | xt) =
L∏

i=1

pθ(xt−1,i | xt, t, i).

This assumption corresponds to the standard for-
mulation of parallel diffusion decoding, where to-
ken updates are sampled independently conditioned
on the corrupted state. However, such naive par-
allel sampling ignores dependency relations be-
tween simultaneously updated positions. As a re-
sult, even if dependency structures are estimated
during scheduling, they are not enforced dur-
ing sampling. Preserving linguistic dependencies
therefore requires dependency-aware sampling that
conditions on the current token reveal set, rather
than sampling all target positions independently, as
empirically illustrated in Appendix G.3.

6 Minimal Condition for DDLMs

In Sections 4 and 5, we show that the i.i.d. assump-
tion underlying DDLMs is fundamentally incom-
patible with the language dependency structure re-
quired in Eq. (1). To resolve this structural conflict,
the following two conditions must hold. We re-
fer to these conditions collectively as Dependency
Coupling Principle.

Dependency Coupling Principle
Let Vt(i) be the visible tokens when predict-
ing the token at masked position i. Stable
language generation requires:

C1. Information availability:

MI(Yi;YVt(i)) > 0

for each masked token to be predicted.

C2. Conditional Dependency Decoupling:

MI(Yi;Yj | Xt) = 0

for all tokens updated in parallel.

Mutual Information Availability This condition
is not automatically satisfied by the visible set Vt(i)
(a.k.s. sufficient context). In semantically sparse
diffusion states, the currently visible tokens may
carry little or no predictive information about the
target token, i.e.,

MI(Yi;YVt(i)) ≈ 0.

In that case, the marginal predictor may remain op-
timal under cross-entropy loss, leading to position-
wise collapse. As discussed in Section 5.3, con-
ditional entropy is generally a poor proxy under
semantically sparse diffusion states; a more appro-
priate measure is therefore required. By C1, the
optimal predictor for the cross-entropy objective
is no longer the marginal predictor (See Details in
Appendix I).

Conditional Dependency Decoupling Informa-
tion availability alone is insufficient for parallel
revealing, as the predicted tokens themselves may
still have strong interdependencies. Even when the
visible context is sufficient to predict each token
individually, parallel revealing should respect the
dependency structure among the predicted tokens
themselves. Tokens that are tightly coupled should
therefore not be revealed simultaneously.

As a simple proof-of-concept approximation of
C1 and C2 in Appendix I.1, we can first use a NAR
model to predict all masked tokens in parallel from
the current visible context Xt. This stage provides
candidate token hypotheses based on available con-
text, loosely approximating C1. Next, a depen-
dency parser is applied to these hypotheses, and
parallel updates are restricted to tokens that are not
directly connected, thereby introducing a simple
structural constraint that approximates C2. How-
ever, to achieve a fully scalable approach that does
not rely on external dependency parsers, it would
be necessary to develop a model-internal estimator
that can infer such dependency structures directly
from data. We leave this direction for future work.

7 Discussion & Conclusion

Diagnosing block-causal DDLMs through the
DCP. Block-causal methods such as LLaDA (Nie
et al., 2025; Bie et al., 2025), Dream (Ye et al.,
2025), and Block Diffusion (Arriola et al., 2025)
generate text block-by-block with causal attention
between blocks. The DCP exposes two structural
limitations. From the C1 (information availability)
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perspective, the number of tokens decoded in par-
allel should adapt to the available context: when
context is rich (low mask ratio) larger blocks are
safe, but when context is sparse (e.g., the first block
with no prompt) blocks should shrink. Fixed block
sizes violate C1, and our mask-ratio sweep quanti-
fies the boundary—coherent below ≈ 0.5, collapse
above ≈ 0.7 (Appendix J.2). Calibrating block size
to the information state at each step—generating
more when the model knows more, less when it
knows less—remains an important open challenge.
From the C2 (conditional dependency decoupling)
perspective, positions decoded in parallel should be
conditionally independent given the visible context,
yet block methods assign contiguous spans, and lin-
guistically independent positions do not necessarily
form contiguous spans. A more principled scheme
would identify positions whose predictions do not
influence each other given the current context and
decode those in parallel, enabling safe parallelism
without the i.i.d. assumption.

Why confidence-based scheduling is not enough.
Confidence- and entropy-based schedulers (Li et al.,
2026; Koh et al., 2025) succeed only when C1 is
already satisfied by the existing context: they pri-
oritize positions where the model is already infor-
mative, which in turn supplies context for subse-
quent positions. However, as block size or mask
ratio grows, the confidence signal itself becomes
unreliable—when all positions face semantic spar-
sity, every confidence estimate is uniformly un-
informative (Section 5.3, Figure 4). Confidence
scheduling therefore is insufficient to guarantee un-
less sufficient context are provided. We empirically
ground both observations on mainstream DDLMs
(up to 16B parameters) in Appendix J: the collapse
persists across training objectives, decoding paral-
lelism, and scale, and is reversed only when depen-
dency information is supplied—either sequentially
(Appendix J.3) or through explicit dependency cou-
pling (Appendix J.5).

Taken together, our analysis suggests that the
key challenge in DDLMs is not merely improv-
ing denoising accuracy, but fundamentally recon-
ciling parallel generation with dependency-aware
modeling. Our analysis indicates that this requires
moving beyond fully factorized objectives toward
mechanisms that preserve conditional dependen-
cies without reverting to strictly sequential gener-
ation. This perspective points toward a new class
of NAR language models that retain the efficiency

of parallel decoding while capturing globally con-
sistent dependency structures, overcoming the pre-
fix bias inherent in traditional AR models (Sun
et al., 2025b; Kumar et al., 2025; Binkowski et al.,
2026).

Limitations

Our goal is not to modify the training objective, but
to identify and characterize a fundamental struc-
tural limitation of existing diffusion language mod-
els. By isolating this effect at inference time, we
show that the observed degeneration arises from
the objective itself rather than specific architec-
tural or implementation choices. Addressing this
limitation would require fundamentally altering the
training objective to incorporate dependency-aware
coupling, which constitutes a separate research di-
rection beyond the scope of this work.

To support our analysis, we provide a simple
proof-of-concept algorithm that partially instanti-
ates the proposed principles. This is not intended
as a complete solution, but as a minimal demon-
stration that incorporating dependency-aware con-
straints can mitigate degeneration in practice.

Importantly, we do not attempt to explicitly es-
timate mutual information or fully decouple con-
ditional dependencies at the representation level.
These would require reliable semantic inference un-
der information-sparse conditions, which is itself a
challenging and unresolved problem, and thus lies
beyond the scope of this work.
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A Necessity of Cross-Entropy on
Vocabulary

However, in this subsection, we show that diffu-
sion with MSE regression in hidden space is fun-
damentally insufficient for modeling discrete token
distributions, which motivates the need for explicit
vocabulary-level supervision such as cross-entropy.

Formally, let the vocabulary be V = {1, . . . , V },
and for each token v ∈ V , let its embedding be de-
noted by a vector ev ∈ Rd. Consider a model
that, given context x, predicts a hidden vector
hθ(x) ∈ Rd, and is trained with the MSE objective

LMSE(θ) = E(x,y)∼pdata

∥∥hθ(x)− ey
∥∥2,

where y is the next token. Then, the Bayes-optimal
predictor under this MSE loss is

h∗(x) = Ey∼p(y|x)
[
ey
]
=

∑

v∈V
pdata(v | x) ev.

Specifically, for fixed context x, minimizing
Ey∥h − ey∥2 in h is equivalent to minimizing
∥h∥2 − 2h⊤E[ey], which attains its minimum at
h = E[ey]. That is, the MSE-based objective be-
tween diffusion timesteps makes the model learn
the mean embedding of the next-token distribution,
not the full discrete distribution p(· | x). In par-
ticular: (1) If the embedding set {ei ∈ Rd}|V |

i=0

are not affinely independent (and in practical lan-
guage applications V ≫ d, so they cannot be), then
many distinct discrete distributions pdata ̸= qdata get
mapped to the same mean embedding. (2) Thus,
the regression objective is insufficient to recover
the true next-token distribution and induces a many-
to-one projection.

Since hidden-state regression alone does not
fully capture the discrete distribution, incorporat-
ing cross-entropy–based vocabulary supervision is
beneficial for diffusion loss.

B The Proof of Lemma 1

Proof. The expected loss in Eq. (4) decomposes
over positions due to the factorization. By defini-
tion of the marginal distribution qi, we can rewrite
the expectation:

L(θ) =
L∑

i=1

EY∼pdata

[
CE(pθ(· | xT , i),1Yi)

]

=
L∑

i=1

EYi∼qi

[
CE(pθ(· | xT , i),1Yi)

]
.

Consequently, this reduces to finding optimal pi for
each position i minimizing the Cross-Entropy :

min
pi∈∆|V |−1

EYi∼qi [CE(pi,1Yi)]

= min
pi

(H(qi) + KL(qi∥pi)) .

Since H(qi) is constant with respect to pi, min-
imizing the loss is equivalent to minimizing the
Kullback-Leibler divergence KL(qi∥pi). The
unique minimizer of this term is pi = qi.

C Verification of Assumption 1
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Figure 5: Lower cross-entropy indicates more informa-
tive predictors. As the mask ratio decreases, pθ incor-
porates increasing amounts of contextual information,
while qpos remains limited to positional priors. The
widening gap between qpos and pθ indicates the increas-
ing informational value of context. Considering our
findings that entropy-based measurements are unreli-
able in extremely low-information regimes, we evaluate
the predictors after a sufficient amount of context has
been revealed (mask ratio < 0.4). Under this condition,
the position-only predictor does not provide useful infor-
mation and in fact deteriorates (higher cross-entropy),
whereas the context-based predictor becomes increas-
ingly informative (lower cross-entropy).

Let yi denote the ground-truth token at position
i, and let xt denote the partially revealed sequence
at denoising step t, where unrevealed positions
remain masked. We compare three predictors that
differ in the amount of contextual information they
exploit. To empirically validate our assumption, we
conduct the following analysis using the Refusion
model (Li et al., 2026).

Unigram predictor. We define a context-free
baseline quni(y) as the position-averaged predic-
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tive distribution under the fully masked input xT .
Concretely, we first compute the model prediction
at each position under the full-mask input and then
average across positions:

quni(y) =
1

L

L∑

i=1

pθ(y | xT , i). (5)

This predictor approximates a marginal unigram-
like distribution that does not use contextual infor-
mation.

Position-only predictor. We define a position-
only predictor as the model’s predictive distribution
at position i under the fully masked input:

qpos(y | i) = pθ(y | xT , i). (6)

Since all tokens are masked in xT , this predictor
can only exploit absolute positional bias.

Corrupted-context predictor. Finally, we con-
sider the model’s predictive distribution at step t
given the partially revealed sequence xt:

pθ(yi | xt, i). (7)

This predictor conditions on the visible tokens al-
ready revealed up to step t and therefore reflects
the predictive value of the surviving contextual in-
formation.

To quantify the predictive benefit of visible con-
text beyond positional bias, we define the context
advantage as

∆t = Ei∈Mt

[
CE(i)

pos − CE
(i)
ctx,t

]
,

where CE denotes as cross-entropy. A positive ∆t

indicates that the visible context in xt improves pre-
diction relative to the position-only baseline, while
values near zero indicate that the remaining context
provides little predictive signal beyond positional
bias.

Cross-entropy evaluation. For each step t, we
evaluate these predictors only on the positions that
remain masked, ensuring that all predictions target
unrevealed tokens under the same denoising state.
For a masked position i, we compute the token-
level cross-entropy against the ground-truth token
yi:

CE
(i)
uni = − log quni(yi),

CE(i)
pos = − log qpos(yi | i),

CE
(i)
ctx,t = − log pθ(yi | xt, i).

We then average these quantities over the set of
masked positions Mt at step t.

To isolate contextual informativeness from error
propagation, revealed tokens are replaced with the
ground-truth tokens rather than the model’s own
predictions during the denoising simulation. This
oracle-reveal protocol ensures that the measured
gain reflects the informational value of the available
context itself, rather than artifacts introduced by
accumulated generation errors.

D The Proof of Lemma 2

Proof. The mutual information MI(Y ; I) can be
expressed as the average KL divergence between
local marginals qi and the global marginal qglobal:

MI(Y ; I) =
1

L

L∑

i=1

KL(qi ∥ qglobal).

By Assumption 1, MI(Y ; I) is sufficiently small
in the form (3). Applying Pinsker’s inequality,

δ(qi, qglobal)
2 ≤ 1

2
KL(qi ∥ qglobal).

Averaging over i gives

1

L

L∑

i=1

δ(qi, qglobal)
2 ≤ 1

2
MI(Y ; I).

Therefore, when MI(Y ; I) is small, the position-
wise marginals are close to the global unigram
distribution on average. Moreover, by Jensen’s
inequality,

1

L

L∑

i=1

δ(qi, qglobal) ≤
√

1

2
MI(Y ; I).

Thus, under semantically sparse conditions, the op-
timal predictor is dominated by the global unigram
distribution.

D.1 Conditions for the Mutual Information
Decomposition under Full-MASK

We justify the equality

MI(Y ; I) =
1

L

L∑

i=1

KL(qi∥q),

where q is qglobal, and verify that all required con-
ditions are satisfied in the full-MASK setting.
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D.2 Uniform Prior over Positions
Let I ∈ {1, . . . , L} denote a uniformly sampled
position index. By construction,

p(I = i) =
1

L
,

which reflects that each token position is treated
symmetrically under the i.i.d. corruption process
and the full-MASK training objective.

D.3 Conditional Distributions
Let Y denote the token random variable at a ran-
domly selected position I . We define the condi-
tional distribution

qi(y) ≜ p(Y = y | I = i),

where Y follows empirical distribution. In the full-
MASK regime, the model receives no semantic
context and can condition only on the position in-
dex i. At optimum, the full-MASK cross-entropy
objective yields

pθ(y | xT , i) = qi(y),

where qi coincides with the empirical position-wise
marginal distribution at position i.

D.4 Mixture (Marginal) Distribution
The marginal distribution of Y is obtained by
marginalizing over I:

q(y) = p(Y = y) =
L∑

i=1

p(I = i) p(Y = y | I = i)

=
1

L

L∑

i=1

qi(y).

Thus, q is the uniform mixture of the position-
wise marginals {qi}Li=1.

D.5 Absolute Continuity
For all i, we have

qi ≪ q.

This holds automatically since q is a convex com-
bination of {qi}. Indeed, if q(y) = 0, then

1

L

L∑

i=1

qi(y) = 0 ⇒ qi(y) = 0 ∀i,

which excludes the possibility that qi(y) > 0 while
q(y) = 0.

D.6 Resulting Decomposition
Under the above conditions, the mutual informa-
tion between the token identity Y and the position
index I admits the decomposition by using using
the identities p(Y | I = i) = qi and p(Y ) = q:

MI(Y ; I) =

L∑

i=1

p(I = i)KL(qi∥q)

=
1

L

L∑

i=1

KL(qi∥q),

where KL denotes Kullback–Leibler divergence.
This identity is purely information-theoretic and
holds independently of the model parameteriza-
tion. In the full-MASK setting, it characterizes the
amount of information token identity retains about
absolute position.

E Derivation

E.1 Details of Derivation
Recall that Y := Yi denotes a target token at a
masked position and V := YVt(i) denote the visible
context at reverse step t. Consider the log-loss
(negative log-likelihood) of a conditional predictor
q(y | v):

L(q) = E(Y,V )

[
− log q(Y | V )

]
.

Step 1: Write the difference of losses.

L(qmarg)− L(q⋆)
= E(Y,V )[− log p(Y ) + log p(Y | V )]

= E(Y,V )

[
log

p(Y | V )

p(Y )

]
.

Step 2: Apply the law of total expectation. Us-
ing E(Y,V )[·] = EV

[
EY |V [·]

]
, we obtain

L(qmarg)− L(q⋆) = EV

[
EY |V

[
log

p(Y | V )

p(Y )

]]
.

Step 3: Inner expectation as a KL divergence.
Fix V = v. Then

EY |V=v

[
log

p(Y | V = v)

p(Y )

]

=
∑

y

p(y | v) log p(y | v)
p(y)

= KL(p(Y | V = v) ∥ p(Y )) .

Substituting Step 2 into Step 3 yields

L(qmarg)− L(q⋆) = EV [KL(p(Y | V ) ∥ p(Y ))] .
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Step 4 By definition of expectation and KL diver-
gence,

EV [KL(p(Y | V ) ∥ p(Y ))]

=
∑

v

p(v)KL(p(Y | v) ∥ p(Y ))

=
∑

v

p(v)
∑

y

p(y | v) log p(y | v)
p(y)

.

Step 5: Joint distribution. Since p(v)p(y | v) =
p(y, v), we can rewrite Step 4 as

∑

v

p(v)
∑

y

p(y | v) log p(y | v)
p(y)

=
∑

v

∑

y

p(v)p(y | v) log p(y | v)
p(y)

=
∑

v

∑

y

p(y, v) log
p(y | v)
p(y)

.

Step 6: A joint-to-product form. Using p(y |
v) = p(y,v)

p(v) , we have

log
p(y | v)
p(y)

= log
p(y, v)

p(y)p(v)
.

Then Step 5 yields

EV [KL(p(Y | V ) ∥ p(Y ))]

=
∑

v

∑

y

p(y, v) log
p(y, v)

p(y)p(v)
.

Step 7: Mutual information. By definition, the
mutual information between Y and V is

I(Y ;V ) =
∑

y

∑

v

p(y, v) log
p(y, v)

p(y)p(v)
.

So, we conclude

EV [KL(p(Y | V ) ∥ p(Y ))] = I(Y ;V ).

Final Step Finally, we obtain the desired rela-
tionship:

L(qmarg)− L(q⋆) = I(Y ;V ).

When I(Y ;C) > 0, the marginal predictor in-
curs strictly larger loss than the conditional predic-
tor. Hence the optimal prediction must depend on
the visible context.
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Figure 6: JS divergence between the prediction distri-
bution at step t and the full-mask distribution. The di-
vergence rises sharply at the first denoising step (≈ 0.3)
and remains nearly constant thereafter, indicating that
early collapse toward marginal token statistics persists
throughout denoising.

F Retention Verification

F.1 Persistence of the Full-Mask Prediction
Regime

To examine whether early denoising states differ
meaningfully from the fully masked condition, we
measure the Jensen–Shannon (JS) divergence be-
tween the token distributions predicted at each de-
noising step and those predicted under the fully
masked input.

Let xT denote the fully masked state and xt the
corrupted state at denoising step t. For each posi-
tion i that remains masked at step t, we compute

Dt =
1

|Mt|
∑

i∈Mt

JS
(
pθ(yi | xt), pθ(yi | xT )

)
,

where Mt denotes the set of positions that re-
main masked at step t.

This metric measures how far the model’s predic-
tions at step t deviate from those produced under
the fully masked input. If Dt remains small, the
model’s predictions are effectively indistinguish-
able from the full-mask regime, indicating that the
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visible context provides little predictive informa-
tion.

We observe a rapid increase in divergence at the
first denoising step, after which the value stabi-
lizes around approximately 0.3 and changes little
throughout the remaining steps.

Importantly, our earlier analysis shows that even
at this level of divergence the predicted distribu-
tions already exhibit strong degeneration toward
high-frequency tokens in Figure 3 and Table 1.
Thus the initial increase in divergence corresponds
to an early collapse toward marginal token statistics
rather than the emergence of meaningful contextual
dependencies.

The subsequent stability of Dt indicates that this
degenerate prediction regime persists throughout
the denoising trajectory. In other words, although
tokens are gradually revealed, the model’s predic-
tive distribution for the remaining masked posi-
tions does not substantially move away from the
marginal-dominated regime established at the earli-
est steps.

These results support our hypothesis that early
diffusion states remain effectively indistinguishable
from the full-mask condition in terms of predictive
information, explaining why repeated-token degen-
eration persists throughout the denoising process.

G Examples

G.1 Worst Examples

MDLM Repetition:

“real real real real real real real real real
real real real real real real real real real
real real real real real real real real real
real real real real real”

GPT-2 Small Too early stop with broken gram-
mar:

“1.5 million 0.0% 13.1% 13.0% 3.2% 4.”

ENS

“32 step: By: The New York Times, The
New York Times, The New York Times,
New York, NY, USA September 1, 2014
12:00”

“16 step: The article published on Friday,
June 30, 2013, was published on Friday,
June 30, 2013, and published by, Incor-
porated, Inc.”

“8 step: The first the of the the the of the
the the of the first the of the the the the
of the the the of the the first.jpg”

“4 step: By, 1, the 4th,
2012„„„„„„„„„„„„”

“2 step: The first of of the the the the the
the the the the the the the the the the the
the the the the the the the the..”

“1 step: The:„„„„, 1, and„„„„„„„,.”

Refusion

32 step: 100 # 1 1

16 step: 10 1

8 step: 1. 1. . 1. 1. .. 1. ... . .

4 step: 1. 1

2 step: #0. 00

1 step:

Most of cases, there are spacing characters.

G.2 Best Examples

MDLM

“of which was designed to protect people
on both sides of the spectrum, as they’re
perceived and noted in real life. A plural-
ity contended owners who created their
own”

GPT-2 Small

“It’s an unusual day, but there is one more
day you may never forget. We all love to
imagine all the people who made it: the
people who”

ENS

“On Friday, June 30, 2016, the official
release of the first-ever video footage of
the first episode of the Game of Us was
announced.”

Refusion Despite deterministic version, the re-
sults are not different from worst examples.
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G.3 Sampling Controlled Experiment

The following results compare parallel sampling
with sequential intra-step prediction. L denotes
the sequence length, and S denotes the number
of denoising steps. Sequential generation means
all tokens are generated in the AR manner within
target blocks.

[L=64, S=16] Parallel
“→ has advanced„„, and„„„„„„„„„„„„„„„„„„

and„„„„„„„„„...”

[L=64, S=16] Sequential
“→ has advanced the point„ what are the poten-

tial of a world where technology can...”

G.4 Predictive Capacity Examples

ModernBERT

The following of the the is\n\n\n\n\n..

Refusion

The 10th of the ...

G.5 Empirical Evidence: The Paradox of Low
Perplexity

For uncertainty-based methods (Li et al., 2026),
confidence-based scheduling optimizes conditional
entropy, not mutual information. In practice, Fig-
ure 1 presents a paradox where extreme linguistic
collapse coexists with high statistical likelihood.
As the number of masked tokens increases, pre-
trained BERT-variants degenerate into generating
identical tokens repeatedly, but at the same time the
perplexity (PPL), evaluated by a pre-trained GPT-
2 XL model, remains extremely low or decreases.
Language dependency fundamentally relies on mu-
tual information between tokens, which cannot be
reliably estimated under semantically sparse dif-
fusion states. In fact, confidence-based method
often underperforms compared to similar size of
AR baselines in the previous study (Li et al., 2026).
In addition, prior studies demonstrate that tradi-
tional likelihood-based measures are often poorly
aligned with human judgments of language qual-
ity (Arora et al., 2022; Nimah et al., 2023; Huang
et al., 2022).

H AI ASSISTANCE DISCLOSURE

This paper received limited assistance from AI
tools (e.g., ChatGPT) for (i) language proofreading
and copy-editing, and (ii) preliminary exploration

of prior work (e.g., keyword suggestions and cita-
tion candidates). All technical contributions, exper-
imental designs, implementations, analyses, and
final claims are by the authors. All cited references
were verified by the authors; no citations were ac-
cepted solely on the basis of AI output. No private
or sensitive data were shared with AI tools beyond
what is explicitly described in the paper.

I Language Dependence Prevents
Marginal Collapse

Lemma 3 (Language Dependence Prevents
Marginal Collapse). Fix a reverse step t and a
masked position i /∈ Vt. Assume that there exists
language dependence between Yi and the random
token variable YVt(i), i.e.,

MI(Yi;YVt(i)) > 0. (8)

Then the position-wise marginal predictor p(Yi) is
not optimal for predicting Yi given YVt(i) under the
cross-entropy loss. Equivalently, the optimal re-
verse prediction must depend on YVt(i) and cannot
reduce to a position-wise marginal distribution.

Proof. Let Y := Yi denote a target token at a
masked position and V := YVt(i) denote the visi-
ble context at reverse step t. Consider the log-loss
(negative log-likelihood) of a conditional predictor
q(y | v):

L(q) = E(Y,V )

[
− log q(Y | V )

]
.

Let the optimal predictor be q⋆(y | v) := p(y | v),
and define the marginal predictor (which ignores
the context) as

qmarg(y | v) := p(y).

Then, the difference between the cross-entropy loss
of the marginal and the optimal predictor is

E(Y,V )

[
− log pθ(Y ) + log pθ(Y | V )

]
,

and with the law of total expectation, it becomes

EV [KL(p(Y | V ) ∥ p(Y ))] ,

and is equivalent to I(Y ;V ).
Details are in Appendix E.1. Under the assump-

tion I(Yi;YVt(i)) > 0, the difference of loss be-
comes positive. Recall that Lemma (2) is attributed
to insufficient context tokens to determine a de-
noised [MASK] states within sequences. Under
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the visibility constraint, however, the conditioning
set YVt(i) is non-empty at every reverse step. Then
by Lemma (3), the position-wise marginal dis-
tribution is no longer optimal for the reverse
objective, preventing marginal collapse.

I.1 Proof of Concept
While the Dependency Coupling Principle (Sec-
tion 6) characterizes necessary conditions for stable
generation, directly enforcing mutual information
constraints is intractable in practice. Instead, we
employ a simple approximation that incorporates
dependency-aware signals during decoding, result-
ing in a partially coupled generation process.

Let fθ(xt, i) ∈ R|V | denote the base model log-
its for position i at diffusion step t. We augment
these logits with a dependency-based bias term:

f̃θ(xt, i) = fθ(xt, i) + λ · sdep(xt, i),

where sdep(xt, i) is derived from a dependency
graph over the current token hypotheses, and λ con-
trols the strength of the adjustment. The resulting
conditional distribution is:

pθ(xi | xt) ∝ exp
(
f̃θ(xt, i)

)
.

This modification can be viewed as introducing
a soft coupling effect between token predictions,
in contrast to fully factorized decoding. While
this does not explicitly model the full joint distri-
bution, it provides a tractable way to incorporate
dependency-aware constraints during generation.

This approximation loosely relates to the condi-
tions in Section 6:

C1 (Information Availability) : We do not
explicitly estimate mutual information. Instead,
model confidence is used as a weak prioritization
signal within the constrained decoding space.

C2 (Conditional Dependency Decoupling) :
Dependency relations are incorporated through
sdep, which discourages incompatible parallel up-
dates.

We emphasize that this formulation is intended
as a simple approximation for validation purposes,
rather than a full realization of the proposed princi-
ple.

I.2 Empirical Implications
We conduct experiments based on ENS while incor-
porating the previously mentioned NAR and depen-
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Figure 7: Trade-off between repetition score (↓) and
perplexity (↓). Color indicates the number of diffusion
steps. Lines show inference trajectories as steps de-
crease. The dot-arrow highlights the effect of semantic
initialization.

dency restrictions under identical experiment set-
tings in Section 5.1.1, and report the results under
the framework we term DVC. To control the vari-
ance, we present results for both DVC-PLM and
DVC (No PLM is used). As shown in Figure 7, this
simple logit-level coupling significantly reduces
repetition while maintaining competitive perplex-
ity. Notably, this improvement is achieved without
modifying the underlying training objective, sug-
gesting that introducing even partial dependency
coupling can effectively mitigate marginal collapse
in practice. We emphasize that this is a proof-of-
concept demonstrating that explicit dependency-
aware interactions—rather than purely independent
token prediction—are critical for stable NAR gen-
eration.

J Empirical Validation on Mainstream
DDLMs

Our main analysis isolates the structural failure
using BERT-family models in a controlled single-
step regime. This is a deliberate choice: the reverse
process of modern DDLMs reduces to predicting
masked tokens conditioned on unmasked context,
which is structurally identical to masked language
modeling (MLM) (Austin et al., 2023; Sahoo et al.,
2024). BERT-family models therefore serve as
a minimal reproduction of the theoretical predic-
tion, free of confounds from multi-step scheduling,
architecture-specific tricks, or training-data differ-
ences. If the failure appears even in this simplest
MLM setting, it must be structural rather than an
artifact of a particular DDLM implementation.
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To confirm that the same mechanism governs
deployed systems, we additionally validate on
three of the most prominent mainstream DDLMs—
LLaDA-8B (Nie et al., 2025), LLaDA2.0-mini (Bie
et al., 2025), and Dream-7B (Ye et al., 2025)—
under the identical unconditional single-step set-
ting used throughout the paper. Throughout, the
repetition score follows the definition in Figure 1,
Rep = 1 − |U|/|T | (higher means more token-
level repetition), and perplexity (PPL) is measured
with GPT-2 XL.

J.1 Degeneration Across Mainstream DDLMs

Under unconditional generation, every model
collapses to repeatedly emitting a single high-
frequency marginal token (Table 2)—exactly the
mode v⋆ = argmax qglobal predicted by Lemmas 1
and 2. The specific collapse token differs across
models (newline, “the”, comma), but the degenera-
tion itself is universal.

Model Scale Collapse Token Rep (gl=32 / gl=128)

LLaDA-8B 8B newline (\n) 0.969 / 0.992
Dream-7B 7B “the” 0.969 / 0.992
LLaDA2.0-mini 16B (1.4B act.) comma (,) 0.969 / 0.984

Table 2: Unconditional degeneration on mainstream
DDLMs. Each model collapses to a single marginal
token at high generation length. gl denotes generation
length.

J.2 Semantic Sparsity Threshold

To locate where the failure begins, we sweep the
mask ratio of a single-step denoising task: start-
ing from real text, we mask a varying fraction of
positions and measure the quality of the denoised
output (Table 3). Both models generate coherent
language when most tokens are visible (mask ra-
tio ≤ 0.5), but quality degrades sharply beyond
≈ 0.7. This is a direct empirical instantiation of
Lemmas 1–2: as available context decreases, de-
noising predictions converge toward position-wise
marginals. The threshold is strikingly consistent
across models, indicating a structural property of
i.i.d. factorization rather than a model-specific arti-
fact.

J.3 Decoding Parallelism: Sequential vs.
Parallel

To disentangle whether the failure stems from
model capacity or from the parallel factorized pro-
cess, we vary the number of tokens decoded per

LLaDA-8B LLaDA2.0-mini

Mask Ratio Rep PPL Rep PPL

0.1 (3/32) 0.538 14.3 0.525 16.0
0.3 (9/32) 0.538 14.4 0.500 24.4
0.5 (16/32) 0.566 16.7 0.522 42.3
0.7 (22/32) 0.681 18.3 0.578 117.5
0.8 (25/32) 0.678 45.0 0.631 226.7
0.9 (28/32) 0.731 152.5 0.703 281.7
1.0 (32/32) 0.969 45.4 0.969 1.6

Table 3: Mask-ratio sweep on unconditional single-step
denoising. Quality (Rep↓, PPL↓) is stable up to ≈ 0.5
and collapses beyond ≈ 0.7. At full mask, PPL can be
low precisely because the output degenerates to high-
frequency tokens (the low-perplexity paradox of Ap-
pendix G.5).

step K from fully sequential (K=1) to fully paral-
lel (K=L) (Table 4). Only LLaDA2.0-mini at the
short length gl=32 recovers coherent text under
K=1 (Rep = 0.375, e.g., “but let’s double-check.
Wait: the area of the circle is. . . ”), whereas its par-
allel decoding collapses. This isolates the failure
to the factorized parallel process rather than the
decoding strategy or model capacity per se. The
effect vanishes at gl=128, revealing a length bias:
under i.i.d.-trained representations the model can-
not maintain coherence over longer dependency
chains.

Model Gen. Len. K=1 K=2 K=L

LLaDA-8B 128 0.992 0.992 0.992
Dream-7B 128 0.977 0.984 0.992
LLaDA2.0-mini 32 0.375 0.969 0.969
LLaDA2.0-mini 128 0.961 – 0.984

Table 4: Repetition score under varying decoding par-
allelism K (tokens revealed per step). Only the short-
length sequential setting (K=1, gl=32, bold) escapes
collapse, showing the failure lies in the parallel factor-
ized process, not the model’s capacity.

J.4 Training Objectives and Model Capacity

The degeneration is invariant to both the training
objective and the model scale. Table 5 contrasts
three fundamentally different training paradigms—
factorized masked-token prediction (LLaDA-8B),
plan-and-infill with confidence-based slot selec-
tion (ReFusion-7B (Li et al., 2026)), and context-
adaptive token-level noise rescheduling (Dream-
7B)—all of which collapse under unconditional
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generation. Table 6 shows the same collapse from
149M to 16B parameters, spanning encoder, dense
decoder, and mixture-of-experts (MoE) decoder ar-
chitectures. Scale does not resolve the issue: a 16B
MoE model exhibits the same collapse as a 149M
encoder.

Model Dependency-handling mech-
anism

Rep (gl=128)

LLaDA-8B None; target positions pre-
dicted in parallel under
masked-token factorization

0.992

ReFusion-7B Confidence/entropy-based
slot selection as a depen-
dency proxy

≈1.0 (Fig. 1)

Dream-7B Context-adaptive token-
level noise rescheduling in
training; implicit at decode

0.992

Table 5: Different training objectives, same collapse.
Dependency handling ranges from none, to a confidence
proxy, to training-time noise rescheduling—none pre-
vents unconditional degeneration.

Scale Model(s) Rep (gl=128)

149M ModernBERT-base ≈1.0 (Fig. 1)
340M BERT-large ≈1.0 (Fig. 1)
7B ReFusion-7B / Dream-7B ≈1.0 / 0.992
8B LLaDA-8B 0.992
16B (1.4B act.) LLaDA2.0-mini 0.984

Table 6: Collapse across model capacity from 149M
to 16B, spanning encoder, dense decoder, and MoE
decoder architectures.

Summary. The degeneration persists across (i)
three distinct training objectives, (ii) the full spec-
trum of decoding parallelism (K=1 to K=L), and
(iii) model capacity from 149M to 16B. The only
factor that consistently explains the failure is i.i.d.
factorization under semantic sparsity—precisely
the structural mechanism identified by our theory.

J.5 Conditional Generation via Dependency
Coupling (ParaDetox)

Finally, we test whether the Dependency Cou-
pling Principle (Section 6) is operationally effec-
tive beyond the unconditional setting. Using the
same proof-of-concept mechanism as Figure 7
(Appendix I.1), we apply DCP to a pretrained
ModernBERT-base on the ParaDetox toxic-to-safe
paraphrase task—a strict conditional benchmark—
following the Diffusion-EAGS protocol (Koh et al.,
2025). The model produces coherent detoxified

paraphrases (Table 7). The mechanism works be-
cause C1 (information availability) is satisfied at
every step—each position is decoded only when its
visible context is informative—while C2 is approx-
imated through argmax in the proof-of-concept. A
more explicitly dependency-aware sampler is left
for future work. Together with the unconditional
results of Figure 7, this shows that DCP is an action-
able principle that yields measurable improvements
in both unconditional and conditional generation.

Toxic input DCP output (zero-shot)

“some of these morons think
your comment is funny?”

“Are you funny? Do some of
these people think your
comment. . . ”

“rt loooooool im there till
76th august fuck you”

“I’m staying till 76th August.
I’ll miss you”

“this pathetic story just gets
worse and worse.”

“I don’t have to agree with
this story.”

Table 7: Zero-shot detoxification with DCP on
ModernBERT-base (ParaDetox). Satisfying C1 at every
step yields coherent conditional paraphrases without
task-specific finetuning.
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