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Abstract
To model  discrete sequences such as DNA, proteins,  and language using diffusion,  practitioners must choose between three major
methods: diffusion in discrete space, Gaussian diffusion in Euclidean space, or diffusion on the simplex. Despite their shared goal, these
models  have  disparate  algorithms,  theoretical  structures,  and  tradeoffs:  discrete  diffusion  has  the  most  natural  domain,  Gaussian
diffusion has more mature algorithms, and diffusion on the simplex in principle combines the strengths of the other two but in practice
suffers from a numerically unstable stochastic processes. Ideally we could see each of these models as instances of the same underlying
framework,  and enable  practitioners  to  switch between models  for  downstream applications.  However  previous  theories  have only
considered  connections  in  special  cases.  Here  we  build  a  theory  unifying  all  three  methods  of  discrete  diffusion  as  different
parameterizations of the same underlying process: the Wright-Fisher population genetics model. In particular, we find simplicial and
Gaussian diffusion as two large-population limits. Our theory formally connects the likelihoods and hyperparameters of these models and
leverages  decades  of  mathematical  genetics  literature  to  unlock  stable  simplicial  diffusion.  Finally,  we  relieve  the  practitioner  of
balancing model trade-offs by demonstrating it is possible to train a single model that can perform diffusion in any of these three domains
at test time. Our experiments show that Wright-Fisher simplicial diffusion is more stable and outperforms previous simplicial diffusion
models on conditional DNA generation. We also show that we can train models on multiple domains at once that are competitive with
models trained on any individual domain.
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Core Task Landscape
This paper addresses: Unifying Discrete, Gaussian, and Simplicial Diffusion Models for Discrete Sequences

A total of 2 papers were analyzed and organized into a taxonomy with 3 categories.

Taxonomy Overview
The research landscape has been organized into the following main categories:

Unified Theoretical Frameworks for Diffusion Across State Spaces

Application-Specific Diffusion Architectures for Discrete Sequences

Complete Taxonomy Tree
Unifying Discrete, Gaussian, and Simplicial Diffusion Models for Discrete Sequences Survey Taxonomy

Unified Theoretical Frameworks for Diffusion Across State Spaces

Population Genetics-Based Unification of Diffusion Parameterizations ★ (1 papers)

[0] A Unification of Discrete, Gaussian, and Simplicial Diffusion (Anon et al., 2026) View paper

General State Space Diffusion Theory (1 papers)

[2] Foundations of Diffusion Models in General State Spaces: A Self-Contained Introduction (Vincent Pauline, 2025) View paper

Application-Specific Diffusion Architectures for Discrete Sequences

Hybrid Embedding-Space Diffusion for Text Generation (1 papers)

[1] Smoothie: Smoothing Diffusion on Token Embeddings for Text Generation (Shabalin Alexander, 2025) View paper

Narrative
Core task: Unifying discrete, Gaussian, and simplicial diffusion models for discrete sequences. The field of diffusion models for discrete
data has evolved into two broad directions. The first branch, Unified Theoretical Frameworks for Diffusion Across State Spaces, seeks to
establish  common mathematical  principles  that  connect  seemingly  disparate  diffusion  formulations—discrete  categorical  processes,
continuous Gaussian approximations, and simplex-constrained variants—under a single conceptual umbrella. Works in this branch often
draw on insights from population genetics, optimal transport, or abstract state-space theory to reveal shared structure. The second
branch,  Application-Specific Diffusion Architectures for  Discrete Sequences,  focuses on tailoring diffusion mechanisms to particular
domains such as text generation, protein design, or graph synthesis, emphasizing practical performance and domain constraints over
theoretical unification. Together, these branches reflect a tension between generality and specialization that characterizes much of the
recent literature.

Within the theoretical branch, a particularly active line of inquiry explores how population genetics concepts—such as the Wright-Fisher
model—can  unify  different  parameterizations  of  the  forward  and  reverse  diffusion  processes.  Unified  Diffusion[0]  exemplifies  this
approach by demonstrating that discrete, Gaussian, and simplicial diffusion can be viewed as special cases of a single framework rooted
in evolutionary dynamics.  This contrasts with other recent efforts like Smoothie[1],  which emphasizes smooth interpolations on the
simplex, and Diffusion State Spaces[2], which abstracts diffusion to general state-space representations. By situating discrete sequence
modeling  within  population  genetics,  Unified  Diffusion[0]  offers  a  principled  way  to  transfer  insights  across  state  spaces,  while
neighboring works tend to prioritize either geometric smoothness or broad algebraic generality. The interplay among these perspectives
highlights ongoing questions about which unifying lens best balances mathematical elegance with practical applicability.

Related Works in Same Category
No sibling papers were found in the same taxonomy leaf. A taxonomy-subtopic-level comparison will be produced instead.
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Taxonomy-Level Summary
Both subtopics address the theoretical unification of diffusion models across discrete and continuous state spaces, aiming to provide a
coherent framework for understanding different diffusion parameterizations. The key distinction lies in the mathematical foundation: the
original leaf uses population genetics models (Wright-Fisher processes) as the unifying lens, while the sibling employs general state
space  theory  through  Markov  kernels,  SDEs,  and  CTMCs.  Both  exclude  each  other's  domain-specific  approaches,  creating
complementary perspectives on the same core problem.

Similarities: -  Both aim to unify discrete and continuous (Gaussian)  diffusion models under a single theoretical  framework -  Both
address the challenge of connecting different parameterizations of diffusion processes - Both provide foundational theory rather than
application-specific methods - Both deal with stochastic processes and their mathematical formulations

Differences: -  Original leaf grounds unification in population genetics models (Wright-Fisher processes), while sibling uses abstract
Markov theory - Original leaf explicitly includes simplicial diffusion (probability simplex), while sibling focuses on general state spaces
without  this  specific  emphasis  -  Original  leaf  leverages  domain-specific  biological  intuition,  while  sibling  pursues  domain-agnostic
mathematical generality - Sibling explicitly mentions SDEs and CTMCs as technical tools, while original leaf emphasizes the population
genetics parameterization perspective

Suggested Search Directions: - Connections between Wright-Fisher models and general Markov kernel formulations - How simplicial
diffusion relates to general state space theory - Comparative advantages of domain-specific vs. domain-agnostic unification approaches
for practical applications

Sibling Subtopics
General State Space Diffusion Theory (leaves: 1, papers: 1)

Scope:  Foundational  treatments  unifying  continuous  and  discrete  diffusion  through  Markov  kernels,  SDEs,  and  CTMCs  without
domain-specific models.

Exclude: Population genetics-specific unifications belong in Population Genetics-Based Unification of Diffusion Parameterizations.

Contributions Analysis
Overall novelty summary. The paper proposes a theoretical unification of discrete, Gaussian, and simplicial diffusion models through
the  Wright-Fisher  population  genetics  framework.  According  to  the  taxonomy,  this  work  occupies  the  'Population  Genetics-Based
Unification of Diffusion Parameterizations' leaf, which currently contains only this paper as its sole member. This positioning suggests the
paper pioneers a relatively sparse research direction within the broader field of unified diffusion theories, distinguishing itself from
neighboring approaches that rely on general state-space abstractions or geometric smoothness arguments.

The taxonomy reveals two main branches: theoretical unification frameworks and application-specific architectures. The paper sits within
the theoretical branch alongside 'General State Space Diffusion Theory,' which addresses similar unification goals but without population
genetics grounding. The application branch, exemplified by hybrid embedding-space methods for text generation, represents a parallel
but distinct research trajectory focused on domain-specific performance rather than cross-domain theoretical synthesis.  The paper's
population  genetics  lens  thus  carves  out  a  methodological  niche  between  abstract  algebraic  treatments  and  purely  empirical
architectural innovations.

Among the four candidates examined in the limited literature search, none clearly refute the paper's three main contributions. The
unification via Wright-Fisher model  was examined against  zero candidates,  while both the stable simplicial  diffusion and sufficient-
statistic parameterization contributions each faced two candidates with no refutations identified. This suggests that within the examined
scope—admittedly  narrow  at  four  total  candidates—the  specific  combination  of  population  genetics  theory,  numerical  stability
improvements, and unified training mechanisms appears relatively unexplored. However, the small search scale means substantial prior
work may exist beyond these top-ranked semantic matches.

Given the limited search scope of four candidates and the paper's position as the sole occupant of its taxonomy leaf, the work appears to
introduce a novel theoretical perspective within the examined literature. The absence of sibling papers and the sparse population of the
parent branch suggest this  population genetics-based unification represents a fresh angle on discrete diffusion modeling.  However,
definitive novelty claims require broader literature coverage beyond the top-K semantic matches analyzed here.

This paper presents 3 main contributions, each analyzed against relevant prior work:

Contribution 1: Unification of discrete, Gaussian, and simplicial diffusion via Wright-Fisher model
Description: The authors formally prove that discrete, Gaussian, and simplicial diffusion are instances of the Wright-Fisher model from
population  genetics.  Discrete  diffusion  corresponds  to  population  size  1,  while  simplicial  and  Gaussian  diffusion  emerge  as  large-
population limits with and without reproduction respectively.

This contribution was assessed against 0 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

Contribution 2: Stable simplicial diffusion using mathematical genetics literature
Description: The authors address numerical instability issues in simplicial diffusion by applying solutions from mathematical genetics
literature. They demonstrate that this stable simplicial diffusion outperforms previous simplicial diffusion models on conditional DNA
generation tasks.

This contribution was assessed against 2 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Two-parameter family of infinite-dimensional diffusions on the Kingman simplex
URL: View paper

Brief Assessment

Kingman Simplex Diffusions[6] constructs diffusion processes on the Kingman simplex using Wright-Fisher population genetics models,
but does not address numerical stability issues in simplicial diffusion for discrete sequence generation tasks like DNA.

2. The interplay between higher-order awareness diffusion and disease spreading with resource allocation
URL: View paper

Brief Assessment

Awareness Disease Spreading[5] focuses on disease spreading and awareness diffusion using simplicial complexes in epidemiological
modeling,  not  on  simplicial  diffusion  models  for  discrete  sequence  generation  or  numerical  stability  solutions  from  mathematical
genetics.
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Contribution 3: Sufficient-statistic parameterization for unified training across domains
Description:  The authors introduce a sufficient-statistic  parameterization that  enables training a single neural  network capable of
performing diffusion in discrete, Gaussian, or simplicial domains at test time. Experiments show these unified models are competitive
with models trained on individual domains.

This contribution was assessed against 2 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Diffusion based Zero-shot Medical Image-to-Image Translation for Cross Modality Segmentation
URL: View paper

Brief Assessment

Zeroshot Medical Translation[4] focuses on zero-shot medical image-to-image translation using local mutual information (LMI) guidance
for diffusion models. This is fundamentally different from the original paper's sufficient-statistic parameterization for unified training
across discrete, Gaussian, and simplicial domains in sequence modeling.

2. A statistical theory of contrastive pre-training and multimodal generative ai
URL: View paper

Brief Assessment

Contrastive Pretraining Theory[3] focuses on contrastive learning for multi-modal (image-text) data and introduces approximate sufficient
statistics for this context. It does not address unified diffusion training across discrete, Gaussian, or simplicial domains as in the original
paper.

Appendix: Text Similarity Detection
No high-similarity text segments were detected across any compared papers.
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