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Abstract

Diffusion language models (DLMs) have re-
cently emerged as a non-autoregressive ap-
proach to language generation, enabling par-
allel, iterative, and refinement-based decoding
beyond the conventional left-to-right paradigm.
This tutorial offers the NLP community a tech-
nical map of this emerging field: starting from
diffusion formulations for text, we clarify their
connections to autoregressive language mod-
eling, masked language modeling, and earlier
iterative generation methods. We then survey
recent progress in large-scale DLMs, efficient
inference, training objectives, and post-training,
including reinforcement learning for reasoning
and alignment. Throughout the tutorial, we
treat DLMs not as a solved replacement for au-
toregressive language models, but as a rapidly
developing paradigm whose efficiency claims,
controllability, practical assessment, and de-
ployment implications require careful exam-
ination. We close by discussing representa-
tive open directions, from broader formulations
such as flow-based language modeling to reli-
ability, safety, and social bias as key require-
ments for the social acceptability of DLMs.

1 Motivation and Relevance

Autoregressive language models have become the
dominant paradigm for open-ended text generation,
driven by Transformer architectures and their suc-
cessful scaling to modern LLMs (Vaswani et al.,
2017, Grattafiori et al., 2024). Yet their left-to-
right factorization imposes a fundamental sequen-
tial structure: each token is generated after the
previous one, even when many parts of an output
could in principle be predicted, revised, or refined
in parallel. Diffusion language models (DLMs)
revisit this limitation in the LLM era by replacing
single-pass next-token continuation with iterative
denoising and refinement, allowing multiple tokens
to be updated within the same generation step. This
makes DLMs attractive not only for controllable
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or infilling-style generation, but also as a possi-
ble route toward few-step, parallel, and ultra-fast
language generation.

The topic is timely because DLM research has
rapidly moved from early text diffusion and dis-
crete generative modeling toward scalable language
modeling. Early work introduced continuous dif-
fusion for controllable text generation and dis-
crete diffusion in structured spaces (Li et al., 2022;
Austin et al., 2021). More recent work has clarified
how diffusion can be applied to discrete text by
studying different corruption processes, denoising
objectives, and interpretations of masked or dis-
crete diffusion models (Lou et al., 2024; Ou et al.,
2024, Shi et al., 2024; Sahoo et al., 2024, 2025).
Together, these developments connect DLMs to
masked language modeling and iterative refinement
while raising broader questions about the right for-
mulation for text generation (Devlin et al., 2019;
Ghazvininejad et al., 2019).

Recent scaling results have further raised the
stakes. Masked DLMs have been scaled on text,
large language diffusion models such as LLaDA
and Dream have attracted broad attention, and
follow-up work has explored long-context gener-
ation, code generation, and hybrid autoregressive—
diffusion architectures (Nie et al., 2025a,b; Ye et al.,
2025; Liu et al., 2025a; Gong et al., 2025; Arriola
et al., 2025; Wang et al., 2025b). In parallel, the
literature has rapidly expanded along two practi-
cal axes: making DLM generation faster through
improved decoding, caching, early stopping, and
distillation (Ma et al., 2025; Liu et al., 2025b; Wu
et al., 2025; Israel et al., 2025; Wei et al., 2025;
Luxembourg et al., 2025; Deschenaux and Gul-
cehre, 2025; Zheng et al., 2026; Zhang et al., 2026;
Oba et al., 2026a), and adapting training or post-
training methods to diffusion trajectories (He et al.,
2025; Zhao et al., 2025; Tang et al., 2026; Wang
et al., 2026; Oba et al., 2026b). This rapid growth
makes DLMs an important but difficult area for

Proceedings of the 5th Conference of the Asia-Pacific Chapter of the Association for Computational Linguistics and the 15th International Joint Conference on

Natural Language Processing: Tutorial Abstracts, pages 44-50
November 6-10, 2026 ©2026 Association for Computational Linguistics



NLP researchers to enter.

At the same time, the central promise of DLMs
is not yet settled. Practical speedups depend
on the number of denoising steps, wall-clock la-
tency, memory use, caching, sampling schedules,
and quality degradation under few-step generation.
These limitations are already motivating broader
formulations of non-autoregressive generation, in-
cluding flow-based language modeling, which sug-
gests that current DLMs should be understood as
part of a still-evolving design space rather than as
a completed replacement for autoregressive LMs
(Lipman et al., 2023; Lee et al., 2026; Hu et al.,
2026; Deschenaux and Gulcehre, 2026). Thus, a
tutorial is needed not only to explain how DLMs
work, but also to clarify what they currently enable,
where they remain weak, and what kinds of future
formulations may address their limitations.

Finally, if DLMs become practical generation
systems, their social acceptability must be studied
as seriously as their efficiency. Fairness, safety,
and reliability have become central concerns for
autoregressive LMs, but they remain largely under-
explored for diffusion-based generation. This is
concerning because DLMs generate through differ-
ent mechanisms—masking, denoising, confidence
estimation, and iterative refinement—which may
create different bias propagation and safety failure
modes. This tutorial therefore positions social bias,
safety, and reliability as key open problems for
the NLP community, alongside technical questions
about inference, training, post-training, and evalu-
ation (Kaneko et al., 2022; Kaneko and Bollegala,
2022; Oba et al., 2024).

2 Tutorial Overview and Learning Goals

This tutorial focuses on diffusion language models
as an emerging approach to non-autoregressive lan-
guage generation. The core scope is DLMs them-
selves: their foundations, scalable model families,
inference algorithms, training and post-training
methods, and unresolved limitations. We discuss
related frontiers such as flow-based language mod-
eling, fairness, and safety as open directions moti-
vated by the current limits of DLMs, rather than as
separate primary topics (Lipman et al., 2023; Lee
et al., 2026; Hu et al., 2026).

The tutorial has four learning goals. First, par-
ticipants will place DLMs in context: how they
depart from left-to-right language models, inherit
ideas from masked language modeling and it-
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erative refinement, and differ from earlier non-
autoregressive decoding methods (Vaswani et al.,
2017; Devlin et al., 2019; Ghazvininejad et al.,
2019; Gu et al., 2019). Second, they will learn
the main design choices behind diffusion over text,
including absorbing-mask and uniform noising pro-
cesses, denoising objectives, sampling procedures,
and recent interpretations of discrete diffusion for
language generation (Austin et al., 2021; Lou et al.,
2024; Ou et al., 2024; Shi et al., 2024; Sahoo et al.,
2024, 2025). Third, they will survey the current
landscape: scaled DLMs, hybrid autoregressive—
diffusion architectures, long-context and code mod-
els, efficient inference through caching, schedul-
ing, and early stopping, and RL-based post-training
for reasoning and alignment (Nie et al., 2025b; Ye
et al., 2025; Arriola et al., 2025; Wang et al., 2025b;
Liu et al., 2025a; Gong et al., 2025; Ma et al., 2025;
Wau et al., 2025; Israel et al., 2025; Oba et al., 2026a;
Zhao et al., 2025; Tang et al., 2026; Wang et al.,
2026; Oba et al., 2026b). Fourth, they will learn
to evaluate DLM claims critically, including speed—
quality trade-offs, controllability, evaluation proto-
cols, reliability, and broader formulations beyond
current diffusion models (Li et al., 2022; Schiff
et al., 2024; Zheng et al., 2023; Lipman et al., 2023;
Lee et al.,, 2026; Hu et al., 2026). They will also
examine social bias and safety as underexplored
requirements for practical DLM deployment, build-
ing on prior work on bias evaluation and mitigation
in language models (Kaneko and Bollegala, 2022;
Kaneko et al., 2022; Oba et al., 2024).

By the end of the tutorial, participants will be
able to navigate the DLM literature, assess claims
about its advantages and limitations, and identify
open problems in diffusion-based text generation.

3 Technical Coverage and Reading List

The citations below indicate the representative read-
ing list for the tutorial. A small subset will be
marked as recommended pre-tutorial readings in
the final tutorial materials.

Foundations and Formulations. We first situate
DLMs within the broader landscape of language
generation. We contrast left-to-right autoregressive
modeling (Vaswani et al., 2017) with earlier non-
autoregressive and iterative refinement methods,
such as masked parallel decoding and edit-based
generation (Ghazvininejad et al., 2019; Gu et al.,
2019). We then introduce diffusion-based gener-
ation for text as iterative denoising over discrete



token sequences or latent language representations.
This part covers the main design choices behind
DLMs: noising processes such as absorbing-mask
and uniform corruption, denoising objectives, sam-
pling procedures, and connections to masked lan-
guage modeling and discrete diffusion theory (De-
vlin et al., 2019; Ho et al., 2020; Austin et al., 2021;
Lou et al., 2024; Ou et al., 2024; Shi et al., 2024,
Sahoo et al., 2024, 2025).

Scaled DLMs and Model Families. We next
survey how diffusion-based text generation has
evolved from early controllable generation and
masked diffusion foundations into scalable DLM
families (Li et al., 2022; Sahoo et al., 2024; Nie
et al.,, 2025a). We cover large language diffu-
sion models such as LLaDA (Nie et al., 2025b)
and Dream (Ye et al., 2025), extensions to long-
context (Liu et al., 2025a) and code genera-
tion (Gong et al., 2025), and hybrid autoregressive—
diffusion approaches such as Block Diffusion (Ar-
riola et al., 2025). The goal is to clarify what ca-
pabilities current DLMs demonstrate, where they
are competitive with autoregressive baselines, and
where important gaps remain.

Efficient Inference and Practical Speedups. A
central focus of the tutorial is whether the par-
allelism of DLMs can translate into practical
speedups. We organize recent inference work
around reducing denoising steps, reusing computa-
tion through caching or early stopping, and select-
ing which tokens to update in parallel (Ma et al.,
2025; Liu et al., 2025b; Wu et al., 2025; Israel et al.,
2025; Wei et al., 2025; Luxembourg et al., 2025;
Huang and Tang, 2025; Li et al., 2025; Deschenaux
and Gulcehre, 2025; Zhang et al., 2026; Zheng
et al., 2026; Oba et al., 2026a). We will emphasize
that DLLM efficiency should be assessed by wall-
clock latency, memory use, throughput, and quality
degradation, not only by the number of sampling
steps.

Training and Post-training. We discuss how
training and post-training methods must be adapted
to the generation dynamics of DLMs. Topics in-
clude the training—inference gap and refinement-
oriented objectives (He et al., 2025; Oba et al.,
2026c¢), as well as reinforcement-learning methods
for reasoning and alignment over diffusion trajec-
tories (Zhao et al., 2025; Tang et al., 2026; Wang
et al., 2025a; Zhu et al., 2025; Wang et al., 2026;
Zekri and Boulle, 2025; Xie et al., 2025; Oba et al.,
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2026b). We highlight why DLMs cannot simply
inherit post-training recipes from autoregressive
LMs: intermediate denoising states, non-left-to-
right trajectories, and iterative refinement introduce
different credit-assignment and optimization chal-
lenges.

Open Problems and Emerging Frontiers. We
conclude with open problems that will shape the
next stage of DLM research. Technically, cur-
rent DLMs still face unresolved challenges in re-
liable few-step generation, speed—quality trade-
offs, length control, and controllability, motivating
broader non-autoregressive formulations such as
flow-based and flow-map language modeling (Lip-
man et al., 2023; Stark et al., 2024; Lee et al.,
2026; Hu et al., 2026; Potaptchik et al., 2026; Roos
et al., 2026). Socially, DLMs remain largely unex-
plored with respect to safety and fairness, despite
the central role of these issues in autoregressive and
masked language models (Kaneko and Bollegala,
2022; Kaneko et al., 2022; Oba et al., 2024).

4 Tutorial Roadmap
Foundations and Landscape.

Why diffusion language models? Sequential
bottlenecks in autoregressive decoding, paral-
lel token updates, iterative refinement, and the
promise of few-step generation.

Foundations. Diffusion over text: discrete and
masked noising processes, denoising objectives,
sampling procedures, and links to masked lan-
guage modeling and iterative generation.

Model families and scaling. Masked diffusion
LMs, large-scale DLMs, long-context and code-
oriented models, and hybrid autoregressive—
diffusion architectures.

Inference and Training.

Efficient inference. Turning DLM parallelism
into practical speedups through adaptive decod-
ing, caching, token updates, early stopping, and
careful latency—quality measurement.

Training objectives. Denoising and refinement
objectives, masking schedules, diffusion trajec-
tories, and training—inference mismatch.

Post-training and alignment. Adapting RL
and preference optimization to DLM trajecto-
ries, with emphasis on reasoning, intermediate
denoising states, and credit assignment beyond
left-to-right generation.



Open Frontiers and Responsible Deployment.

Beyond DLMs. Few-step degradation, speed—
quality trade-offs, limitations of current diffu-
sion formulations, and emerging flow-based for-
mulations for language modeling.

Social acceptability and responsible deploy-
ment. Reliability, safety, social bias, fairness,
multilinguality, and responsible deployment be-
yond autoregressive generation.

5 Diversity Considerations

The tutorial is designed to be accessible to a broad
NLP audience, including participants without prior
background in diffusion models. The instructor
team combines junior and senior perspectives and
spans institutions in Japan and the UK, bringing
complementary expertise in diffusion language
models, efficient generation, NLP, and fairness. In
content, we will connect technical questions about
DLMs to open problems in social bias, safety, and
responsible deployment, rather than treating DLMs
only as an efficiency technique. To support broad
participation, we will make the tutorial slides and
curated reading list publicly available.

6 Ethics Statement

DLMs aim to make text generation faster, more par-
allel, and potentially cheaper; these benefits may
improve accessibility, but they may also lower the
cost of misuse, spam, misinformation, and other
harmful generation. In addition, the reliability,
safety, and fairness properties of DLMs remain un-
derexplored: their sampling dynamics differ from
autoregressive generation, so existing findings and
mitigation methods for AR LMs may not directly
transfer. The tutorial itself does not introduce new
datasets, user studies, or deployed systems, but it
will cover research directions whose responsible
development requires careful evaluation of safety,
fairness and multilingual impact (Kaneko and Bol-
legala, 2022; Kaneko et al., 2022; Oba et al., 2024;
Kaneko et al., 2025, 2026).

Tutor Biographies

Daisuke Oba is a Specially Appointed Assis-
tant Professor at Institute of Science Tokyo, Japan.
He brings hands-on experience in large-scale au-
toregressive LLM development in both academia
and industry. He also has recent publications at
top-tier ML venues, including ICLR, ICML, and
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NeurIPS (Oba et al., 2026a; Komiyama et al., 2026;
Oi et al., 2026; Miyamoto et al., 2026; Moon et al.,
2026; Oba et al., 2026b). Most relevant to this
tutorial, he has contributed directly to the emerg-
ing DLM literature through work on early stop-
ping for DLM decoding (Oba et al., 2026a), rein-
forcement learning over diffusion states (Oba et al.,
2026b), and refinement objectives for DLMs (Oba
et al., 2026¢). He has also worked on fairness in
LLMs (Oba et al., 2024; Hida et al., 2026), which
informs the tutorial’s discussion of social bias and
responsible deployment. In this tutorial, he will
lead the technical coverage of DLM foundations,
efficient inference, and training/post-training meth-
ods, contrasting DLMs with autoregressive LLM
pipelines.

Homepage: https://daioba.github.io/

Danushka Bollegala is a Professor of Natural
Language Processing at the University of Liver-
pool, UK, and an Amazon Scholar at Amazon
Search. He has published over 220 papers at lead-
ing NLP and ML venues including ACL, EMNLP,
NAACL, EACL, AACL, NeurIPS, ICLR, AAAI,
and IJCALI, and has extensive experience instruct-
ing international audiences through invited talks,
keynotes, and tutorials at major conferences and
summer schools. His research spans large language
models, representation learning, and the safety, fair-
ness, and social bias properties of LLMs, including
widely-cited work on evaluating and mitigating
social biases in masked and large language mod-
els (Kaneko and Bollegala, 2022; Kaneko et al.,
2022; Oba et al., 2024), multilingual bias bench-
marks, and ethical evaluation of human-LLM inter-
actions (Kaneko et al., 2025, 2026). Most relevant
to this tutorial, he has recently co-authored work
with Daisuke Oba on diffusion language models,
including an ICLR 2026 paper on efficient infer-
ence via early stopping for converged tokens in
masked diffusion-LM decoding (Oba et al., 2026a),
which directly informs the efficient-generation por-
tion of this tutorial. Through his role as an Ama-
zon Scholar at Amazon Search, he also brings an
industrial perspective on how non-autoregressive
paradigms such as DLMs may shape future large-
scale deployment of language technologies, and is
well-positioned to discuss practical implications,
deployment trade-offs, and responsible-use consid-
erations of diffusion-based generation alongside
the technical content of the tutorial.

Homepage: https://danushka.net/
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