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Abstract

Deep generative models often face a fundamental tradeoff: high sample quality can come at the cost of memorisation, where the model
reproduces training data rather than generalising across the underlying data geometry. We introduce Carré du champ flow matching
(CDC-FM), a generalisation of flow matching (FM), that improves the quality-generalisation tradeoff by regularising the probability path
with a geometry-aware noise. Our method replaces the homogeneous, isotropic noise in FM with a spatially varying, anisotropic Gaussian
noise whose covariance captures the local geometry of the latent data manifold. We prove that this geometric noise can be optimally
estimated from the data and is scalable to large data. Further, we provide an extensive experimental evaluation on diverse datasets
(synthetic manifolds, point clouds, single-cell genomics, animal motion capture, and images) as well as various neural network
architectures (MLPs, CNNs, and transformers). We demonstrate that CDC-FM consistently offers a better quality-generalisation tradeoff,
even when used as a latent space generation model. We observe significant improvements over standard FM in data-scarce regimes and
in highly non-uniformly sampled datasets, which are often encountered in Al for science applications. Our work provides a mathematical
framework for studying the interplay between data geometry, generalisation and memorisation in generative models, as well as a robust
and scalable algorithm that can be readily integrated into existing flow matching pipelines.
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Core Task Landscape

This paper addresses: Improving Quality-Generalisation Tradeoff in Flow-Based Generative Models

A total of 47 papers were analyzed and organized into a taxonomy with 36 categories.

Taxonomy Overview
The research landscape has been organized into the following main categories:
* Theoretical Foundations and Training Frameworks
* Regularization and Robustness Methods
¢ Architectural Innovations and Model Design
* Inference and Sampling Optimization
* Reinforcement Learning and Fine-Tuning
« Evaluation and Quality-Diversity Metrics
* Application Domains
* Generalization and Transfer Learning
¢ Surveys and Comprehensive Studies

Complete Taxonomy Tree
¢ Improving Quality-Generalisation Tradeoff in Flow-Based Generative Models Survey Taxonomy
¢ Theoretical Foundations and Training Frameworks
o Flow Matching and Continuous Normalizing Flow Theory (3 papers)
o [2] Theoretical Foundation of Flow-Based Time Series Generation: Provable Approximation, Generalization, and Efficiency (Song
Zhao, 2025) View paper
o [20] Improving and generalizing flow-based generative models with minibatch optimal transport (Tong, 2023) View paper
o [41] Flow Matching for Generative Modeling (Lipman, 2022) View paper
o Geometry-Aware and Manifold-Based Approaches * (1 papers)
o [0] Carré du champ flow matching: better quality-generalisation tradeoff in generative models (Anon et al., 2026) View paper
o Gradient Dynamics and Training Stability Analysis (1 papers)
° [10] Gradient Variance Reveals Failure Modes in Flow-Based Generative Models (Reu, 2025) View paper
o Unified Frameworks and Model Comparisons (1 papers)
o [43] DiffFlow: A Unified SDE Framework for Score-Based Diffusion Models and Generative Adversarial Networks (Zhang Jing-wei,
2023) View paper
* Regularization and Robustness Methods
o Distribution-Based Regularization (2 papers)
o [11] Robust model training and generalisation with studentising flows (Alexanderson, 2020) View paper
© [19] Training normalizing flows with the information bottleneck for competitive generative classification (Ardizzone, 2020) View
paper
o Contrastive and Gradient-Based Regularization (1 papers)
o [27] VeCoR - Velocity Contrastive Regularization for Flow Matching (Zong-Wei Hong, 2025) View paper
o Adversarial Robustness and Attack Analysis (1 papers)
o [22] Adversarial Robustness of Flow-Based Generative Models (Phillip E. Pope, 2022) View paper
o Data Augmentation and Semantic Perturbations (1 papers)
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o [16] Semantic perturbations with normalizing flows for improved generalization (OA[uz Kaan YAViksel, 2021) View paper
¢ Architectural Innovations and Model Design
o Attention and Multi-Scale Architectures (1 papers)
o [29] A Hierarchical Flow for Few-shot Anomaly Detection via Global-local Aggregation Strategy (Yan Wan, 2025) View paper
o Wavelet and Frequency Domain Methods (1 papers)
o [9] WDFSR: Normalizing flow based on the wavelet-domain for super-resolution (Chao Song, 2025) View paper
o Hybrid and Modular Architectures (2 papers)
o [12] DFlow: A Generative Model Combining Denoising AutoEncoder and Normalizing Flow for High Fidelity Waveform Generation
(C Miao, 2024) View paper
o [35] Modular MeanFlow: Towards Stable and Scalable One-Step Generative Modeling (Liu Bao-Jing, 2025) View paper
o Style-Structure Disentanglement (1 papers)
o [17] Style-Structure Disentangled Features and Normalizing Flows for Diverse Icon Colorization (Yuan-kui Li, 2022) View paper
* Inference and Sampling Optimization
° One-Step and Few-Step Generation (1 papers)
o [32] MeanSE: Efficient Generative Speech Enhancement with Mean Flows (Wang JiaHe, 2025) View paper
o Rectified Flow and Path Optimization (1 papers)
o [28] Balanced conic rectified flow (Kwon, 2025) View paper
o Density and Detail Control (1 papers)
o [23] Devil is in the Details: Density Guidance for Detail-Aware Generation with Flow Models (Karczewski, 2025) View paper
o MCMC and Variational Inference Integration (2 papers)
o [6] Markovian flow matching: Accelerating MCMC with continuous normalizing flows (Alberto Cabezas, 2024) View paper
o [31] FlowVAT: Normalizing Flow Variational Inference with Affine-Invariant Tempering (Qin, 2025) View paper
¢ Reinforcement Learning and Fine-Tuning
o Actor-Critic and Intermediate Feedback Methods (1 papers)
o [8] Fine-tuning Flow Matching Generative Models with Intermediate Feedback (Fan Jiajun, 2025) View paper
o Reward-Weighted Fine-Tuning with Regularization (1 papers)
o [30] Online Reward-Weighted Fine-Tuning of Flow Matching with Wasserstein Regularization (Fan Jiajun, 2025) View paper
o Shaped Reward and Object-Centric Methods (1 papers)
o [3] Genflowrl: Shaping rewards with generative object-centric flow in visual reinforcement learning (Yu, 2025) View paper
« Evaluation and Quality-Diversity Metrics
o Precision-Recall Optimization (1 papers)
o [37] Precision-Recall Divergence Optimization for Generative Modeling with GANs and Normalizing Flows (Verine, 2023) View
paper
o Quality-Diversity Analysis and Metrics (1 papers)
o [40] Quality and Diversity in Generative Models through the lens of f-divergences (Verine, 2024) View paper
o Out-of-Distribution Detection (1 papers)
o [15] Revisiting flow generative models for out-of-distribution detection (D Jiang, 2021) View paper
* Application Domains
o Time Series and Sequential Data (2 papers)
o [1] Residential electricity load scenario prediction based on transferable flow generation model (Lin Lin, 2023) View paper
o [4] Principal component density estimation for scenario generation using normalizing flows (Cramer, 2022) View paper
o Image Processing and Enhancement (2 papers)
o [5] Denoising normalizing flow (Horvat, 2021) View paper
o [7] Towards Generalizable Pan-sharpening: Conditional Flow-based Learning Guided by Implicit High-frequency Priors (Yingying
Wang, 2025) View paper
o Video and Motion Generation (1 papers)
o [13] High-quality video generation from static structural annotations (Lu Sheng, 2020) View paper
o Audio and Speech Generation (2 papers)
° [39] Deep Generative Model for Waveform Synthesis (i]'i[]Jé, ,, 2023) View paper
o [47] OpenFoley: Open-Set Video-to-Audio Generation with Modality-Aware Masking and Flows (S Mo, n.d.) View paper
o Zero-Shot and Few-Shot Learning (2 papers)
o [21] FlawMatch: Conditional defect image generation via flow matching for improved surface defect classification (Hyunwoo Oh,
2025) View paper
o [24] GSMFlow: Generation shifts mitigating flow for generalized zero-shot learning (Zhi Chen, 2022) View paper
o Steganography and Information Hiding (1 papers)
o [36] PPRSteg: Printing and Photography Robust QR Code Steganography via Attention Flow-Based Model (Huayuan Ye, 2024) View
paper
o Scientific and Medical Applications (2 papers)
o [18] A flow-based latent state generative model of neural population responses to natural images (Bashiri, 2021) View paper
o [45] Deep generative learning for medical data processing, analysis and modeling: application to cochlea ct imaging (Wang Zihao,
2021) View paper
o Causal and Harmonization Methods (1 papers)
o [26] Harmonization with Flow-based Causal Inference (Rongguang Wang, 2021) View paper
o Physics and Quantum Computing (3 papers)
o [34] Discrete Flow-Based Generative Models for Measurement Optimization in Quantum Computing (Dai Jun, 2025) View paper
o [38] Sampling U(1) gauge theory using a re-trainable conditional flow-based model (Ankur Singha, 2023) View paper
o [42] Sampling U(1) gauge theory using a retrainable conditional flow-based model (Ankur Singha, 2023) View paper
o Multimedia and Recommendation Systems (1 papers)
o [33] Generative Flow Networks for Personalized Multimedia Systems: A Case Study on Short Video Feeds (Yili Jin, 2025) View paper
o Image Editing and Manipulation (1 papers)
o [46] Enhancing Consistency of Flow-Based Image Editing through Kalman Control (H Chi, n.d.) View paper
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* Generalization and Transfer Learning

o Generalization Theory and Analysis (1 papers)

o [25] On Generalization for Generative Flow Networks (Malkin, 2024) View paper

o GAN Training and Discriminator Regularization (1 papers)

o [14] MSD: A RG Flow-Based Regularization for GAN Training with Limited Data (J Wang, 2024) View paper
* Surveys and Comprehensive Studies (1 papers)

o [44] Deep Generative Models: Design, Improvements and Applications (Qing, 2022) View paper

Narrative

Core task: Improving quality-generalisation tradeoff in flow-based generative models. The field has evolved into a rich ecosystem
organized around several complementary directions. Theoretical Foundations and Training Frameworks explore the mathematical
underpinnings of flow models, including geometry-aware and manifold-based approaches that respect data structure, as well as training
objectives that balance likelihood and sample quality. Architectural Innovations and Model Design introduce novel network structures
and coupling strategies, while Regularization and Robustness Methods address overfitting and adversarial vulnerabilities through
techniques like velocity contrastive regularization and tempering strategies. Inference and Sampling Optimization focuses on
accelerating generation and improving sample diversity, and Reinforcement Learning and Fine-Tuning branches incorporate reward
signals to steer models toward desired properties. Evaluation and Quality-Diversity Metrics provide tools to measure the tradeoff itself,
and Application Domains demonstrate how these methods translate to real-world tasks ranging from image synthesis to scientific
discovery.

A particularly active tension emerges between methods that emphasize geometric structure versus those that prioritize flexible training
dynamics. Works like Markovian flow matching[6] and Flow matching[41] refine the training process through alternative matching
objectives, while Denoising normalizing flow[5] and Studentising flows[11] incorporate noise-aware or distributional robustness into the
architecture. Carre du champ flow[0] sits within the geometry-aware branch, leveraging differential-geometric principles to guide the
learning process on manifolds, contrasting with more empirical regularization strategies such as Velocity contrastive regularization[27]
or reward-weighted approaches like Reward weighted flow[30]. This positioning suggests that Carre du champ flow[0] addresses the
quality-generalisation tradeoff by embedding structural priors directly into the flow dynamics, rather than relying solely on post-hoc
regularization or fine-tuning, offering a principled alternative to methods that treat data geometry as secondary.

Related Works in Same Category

No sibling papers were found in the same taxonomy leaf. A taxonomy-subtopic-level comparison will be produced instead.

Taxonomy-Level Summary

The original leaf focuses on incorporating geometric and manifold structure into flow-based models, addressing how data lies on lower-
dimensional manifolds. Siblings cover foundational theory (Flow Matching), optimization challenges (Gradient Dynamics), and meta-level
comparisons (Unified Frameworks). The original leaf is distinguished by its emphasis on geometric priors and spatially-aware noise
schedules rather than general training methods or theoretical unification.

Similarities: - All subtopics aim to improve flow-based generative models' performance - All operate within the continuous flow/
normalizing flow paradigm - All address aspects of the quality-generalization tradeoff through different lenses (geometry, training
dynamics, theoretical understanding)

Differences: - Original leaf explicitly incorporates data manifold geometry and spatial structure; siblings focus on training objectives,
stability analysis, or cross-paradigm theory - Original leaf addresses 'where' data lives (manifold structure); Flow Matching addresses
'how' to train (objectives); Gradient Dynamics addresses 'why' training fails (stability); Unified Frameworks addresses 'what' connects
models (theory) - Original leaf likely involves architectural or noise schedule modifications based on geometry; siblings are more
concerned with loss functions, optimization analysis, or taxonomic relationships

Suggested Search Directions: - Riemannian flow matching or flows on curved manifolds - Spatially adaptive noise schedules or
position-dependent diffusion - Manifold learning combined with normalizing flows - Geometric regularization in continuous normalizing
flows

Sibling Subtopics
* Flow Matching and Continuous Normalizing Flow Theory (leaves: 1, papers: 3)
* Scope: Papers developing flow matching objectives, continuous normalizing flow theory, or simulation-free training methods.
* Exclude: Papers focused on specific architectural components or regularization techniques belong under Architectural Innovations or
Regularization Methods.
¢ Gradient Dynamics and Training Stability Analysis (leaves: 1, papers: 1)
* Scope: Papers analyzing gradient variance, training stability, or failure modes in flow-based model optimization.
» Exclude: Papers proposing specific regularization solutions belong under Regularization Methods.
¢ Unified Frameworks and Model Comparisons (leaves: 1, papers: 1)
* Scope: Papers unifying different generative paradigms or providing comparative theoretical frameworks.
« Exclude: Papers focused on single model types belong under their respective categories.

Contributions Analysis

Overall novelty summary. The paper introduces Carré du champ flow matching (CDC-FM), which replaces standard isotropic noise in
flow matching with spatially varying, anisotropic Gaussian noise that captures local data manifold geometry. According to the taxonomy;,
this work resides in the 'Geometry-Aware and Manifold-Based Approaches' leaf under 'Theoretical Foundations and Training
Frameworks'. Notably, this leaf contains only the original paper itself—no sibling papers are listed—indicating that geometry-aware flow
matching with manifold-adapted noise is a relatively sparse research direction within the broader flow-based generative modeling
landscape.

The taxonomy reveals that neighboring leaves include 'Flow Matching and Continuous Normalizing Flow Theory' (3 papers on simulation-
free training and flow matching objectives) and 'Gradient Dynamics and Training Stability Analysis' (1 paper on training stability). The
broader 'Regularization and Robustness Methods' branch addresses overfitting through distribution-based, contrastive, and adversarial
techniques, but these methods do not explicitly incorporate data manifold geometry into the noise structure. CDC-FM thus occupies a
distinct position: it embeds geometric priors directly into the probability path rather than applying post-hoc regularization or modifying
training objectives alone.

Among 28 candidates examined, the analysis identified 4 refutable pairs across 3 contributions. For the core CDC-FM contribution, 9
candidates were examined and 1 appears to provide overlapping prior work. The optimal estimation of geometric noise from data (9
candidates examined) shows no clear refutation, suggesting this aspect may be more novel. The mathematical framework for geometry-
memorization interplay (10 candidates examined, 3 refutable) indicates that theoretical connections between geometry and memorization
have been explored elsewhere, though the specific formulation via Carré du champ operators may differ. These statistics reflect a limited
semantic search scope, not an exhaustive literature review.
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Given the sparse taxonomy leaf and the limited search scope (28 candidates), CDC-FM appears to introduce a relatively underexplored
approach to the quality-generalization tradeoff. The geometry-aware noise mechanism distinguishes it from standard flow matching and
empirical regularization methods, though the analysis cannot confirm whether similar manifold-adapted noise strategies exist in the
broader literature beyond the examined candidates. The contribution's novelty hinges on the integration of differential-geometric
principles into flow dynamics, which the taxonomy suggests is not widely represented in current flow-based generative modeling
research.

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

Contribution 1: Carré du champ flow matching (CDC-FM)

Description: The authors propose CDC-FM, which replaces the homogeneous, isotropic noise in standard flow matching with a spatially
varying, anisotropic Gaussian noise whose covariance captures the local geometry of the latent data manifold. This geometric
regularisation aims to improve the tradeoff between sample quality and generalisation while reducing memorisation.

This contribution was assessed against 9 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Generative Models for 3D Content Without Massive 3D Datasets

URL: View paper
Brief Assessment
3D without datasets[52] focuses on 3D content generation without massive datasets using different generative modeling approaches. The
candidate's context mentions 'anisotropic geometric features' and 'initial 2D noises' but does not provide sufficient detail about flow
matching with geometry-aware noise regularization to challenge the novelty of CDC-FM's specific approach to replacing homogeneous
isotropic noise with spatially varying anisotropic Gaussian noise based on local manifold geometry.

2. How to go with the flow: flow matching in bioinformatics and computational biology
URL: View paper
Brief Assessment

Flow bioinformatics[49] mentions geometry-aware flows but focuses on molecular modeling applications on probability simplices, not the
spatially varying anisotropic Gaussian noise regularization for general data manifolds proposed in CDC-FM.

3. Volume preserving flows in anisotropic geometries
URL: View paper
Brief Assessment

Volume preserving flows[51] focuses on volume-preserving transformations in anisotropic geometries, which is a different mathematical
framework than CDC-FM's geometry-aware noise regularization for generative modeling.

4. Score-based Pullback Riemannian Geometry: Extracting the Data Manifold Geometry using Anisotropic Flows
URL: View paper

Brief Assessment

Pullback Riemannian geometry[50] focuses on score-based Riemannian structures for autoencoders and normalizing flows, not on flow

matching with geometry-aware noise regularization. The candidate addresses manifold geometry extraction through pullback metrics,

while CDC-FM modifies flow matching probability paths with anisotropic diffusion.

5. Flow matching for generative modeling in bioinformatics and computational biology
URL: View paper
Brief Assessment

Flow bioinformatics[53] focuses on geometry-aware flows for specific bioinformatics applications (DNA/RNA design on probability
simplices), not on general anisotropic noise regularization for latent data manifolds across diverse domains as in CDC-FM.

6. Carr\'e du champ flow matching: better quality-generalisation tradeoff in generative models

URL: View paper
Prior Art Analysis
Carre flow matching[48] demonstrates that the core technical approach of CDC-FM—replacing homogeneous, isotropic noise in flow
matching with spatially varying, anisotropic Gaussian noise whose covariance captures local data manifold geometry—was already
proposed and implemented. The candidate paper explicitly describes this exact methodology, including the geometric regularization
mechanism and its application to improve the quality-generalization tradeoff in generative models. The candidate paper presents the
same fundamental innovation: using geometry-aware anisotropic noise to regularize probability paths in flow matching.
Evidence
Evidence 1 - Rationale: This pair shows that Carre flow matching[48] presents the identical technical contribution—CDC-FM with
geometry-aware anisotropic noise regularization—using nearly identical language. The candidate paper describes the exact same method
for replacing isotropic noise with spatially varying, anisotropic Gaussian noise based on local manifold geometry. - Original: we
introduce carr’e du champ flow matching (cdc-fm), a generalisation of flow matching (fm), that improves the quality-generalisation
tradeoff by regularising the probability path with a geometry-aware noise. our method replaces the homogeneous, isotropic noise in fm
with a spatially varying, anisot... - Candidate: we introduce carr\'e du champ flow matching (cdc-fm), a generalisation of flow matching
(fm), that improves the quality-generalisation tradeoff by regularising the probability path with a geometry-aware noise. our method
replaces the homogeneous, isotropic noise in fm with a spatially varying, aniso...
Evidence 2 - Rationale: This pair shows that Carre flow matching[48] also provides the theoretical foundation for optimal estimation of
the geometric noise, which is a key component of the CDC-FM contribution. The identical phrasing indicates this is the same technical
result. - Original: we prove that this geometric noise can be optimally estimated from the data and is scalable to large data. -
Candidate: we prove that this geometric noise can be optimally estimated from the data and is scalable to large data.

7. Geometry-Aware Image Flow Matching
URL: View paper
Brief Assessment

Geometry aware flow[55] focuses on spherical geometry for natural images through directional decomposition, while CDC-FM addresses
anisotropic Gaussian noise regularization on general data manifolds. The geometric approaches and application domains differ
fundamentally.
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8. A flow-based latent state generative model of neural population responses to natural images
URL: View paper
Brief Assessment

Neural population flows[18] focuses on modeling neural population responses using flow-based transformations combined with factor
analysis for neuroscience applications, not on geometry-aware anisotropic noise regularization for general generative models as in CDC-
FM.

9. 3D Molecular Generation via Fisher Flow Matchingwith Atom-Pair Network
URL: View paper
Brief Assessment

Fisher flow molecules[54] focuses on molecular generation with categorical atomic types using geometry-aware flow matching, while the
original paper addresses general data manifolds with continuous variables using anisotropic Gaussian noise regularization.

Contribution 2: Optimal estimation of geometric noise from data

Description: The authors provide a theoretical framework showing that the anisotropic covariance matrix (carré du champ field) can be
optimally estimated from training data using diffusion geometry methods, with computational complexity of O(N log N) and memory
requirement of O(N), making it scalable to large datasets.

This contribution was assessed against 9 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Diffusion anisotropy and tensor-valued encoding
URL: View paper
Brief Assessment

Tensor valued encoding[59] focuses on diffusion MRI encoding schemes for measuring tissue microstructure anisotropy, not on
estimating anisotropic covariance matrices from training data using diffusion geometry methods for generative modeling.

2. Polarimetric radar image classification using directional diffusion and descriptive statistics
URL: View paper
Brief Assessment

Polarimetric radar classification[63] focuses on speckle noise filtering in radar images using diffusion geometry for edge detection and
texture preservation, not on estimating anisotropic covariance matrices for generative modeling with O(N log N) complexity as claimed in
the original paper.

3. Correlation modelling on the sphere using a generalized diffusion equation
URL: View paper
Brief Assessment

Sphere correlation modelling[57] focuses on correlation modeling on spherical geometries using diffusion equations, not on estimating
anisotropic covariance matrices from data using diffusion geometry methods for generative modeling applications.

4. Anisotropic diffusion on sub-manifolds with application to earth structure classification
URL: View paper
Brief Assessment

Earth structure classification[65] focuses on anisotropic diffusion for classification tasks on sub-manifolds, not on generative modeling or
flow matching frameworks. The computational complexity claims and diffusion geometry methods appear in different application
contexts.

5. Processing textured surfaces via anisotropic geometric diffusion
URL: View paper
Brief Assessment

Anisotropic geometric diffusion[61] focuses on surface processing and texture smoothing using anisotropic diffusion tensors based on
shape operators and curvature. The paper does not address estimating anisotropic covariance matrices from training data using diffusion
geometry methods with O(N log N) complexity, which is the core novelty claim of the original contribution.

6. Estimation of the local diffusion tensor and normalization for heterogeneous correlation modelling using a
diffusion equation

URL: View paper
Brief Assessment

Local diffusion tensor[64] focuses on estimating diffusion tensors for heterogeneous correlation modeling in data assimilation systems,
not on optimal estimation of anisotropic covariance for generative models using diffusion geometry with O(N log N) complexity as
claimed in the original paper.

7. Geometry-aware generative hybrid meshing with anisotropic and isotropic elements
URL: View paper
Brief Assessment

Hybrid meshing[62] focuses on mesh generation for computational simulations using diffusion models to refine mesh size distributions,
not on estimating anisotropic covariance matrices using diffusion geometry methods for generative modeling regularization.

8. Constrained Dikin-Langevin diffusion for polyhedra
URL: View paper
Brief Assessment

Constrained Dikin Langevin[58] focuses on constrained sampling on polyhedra using interior-point geometry and Dikin log-barriers, not
on estimating anisotropic covariance from data using diffusion geometry methods for generative modeling.

9. A geometric interpretation of stochastic gradient descent using diffusion metrics
URL: View paper
Brief Assessment
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Stochastic gradient geometry[56] focuses on estimating covariance matrices of stochastic gradients in SGD for neural network training,
not on estimating anisotropic covariance from data manifolds using diffusion geometry methods for generative modeling.

Contribution 3: Mathematical framework for geometry-memorisation interplay

Description: The authors establish a theoretical framework that connects data manifold geometry to memorisation and generalisation
phenomena in generative models, demonstrating that memorisation coincides with vanishing intrinsic dimensionality and that geometric
regularisation can stabilise tangent spaces to prevent collapse onto training points.

This contribution was assessed against 10 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Diffusion Models and the Manifold Hypothesis: Log-Domain Smoothing is Geometry Adaptive
URL: View paper
Brief Assessment

Log domain smoothing[73] focuses on score matching and smoothing in the log-density domain to achieve tangential smoothing along
data manifolds. The original paper establishes a framework connecting geometry to memorisation/generalisation through geometric
regularisation of flow matching probability paths, which is a distinct technical approach.

2. Riemannian-Geometric Fingerprints of Generative Models
URL: View paper
Brief Assessment

Riemannian geometric fingerprints[67] focuses on model attribution and fingerprinting of generative models using Riemannian geometry,
not on the relationship between data manifold geometry and memorisation/generalisation phenomena in training.

3. Losing dimensions: Geometric memorization in generative diffusion
URL: View paper
Prior Art Analysis

Geometric memorization diffusion[68] demonstrates prior work establishing the connection between data manifold geometry and
memorization in generative models. The candidate paper explicitly shows that memorization coincides with loss of intrinsic
dimensionality and provides a theoretical framework using statistical physics techniques to analyze how different tangent subspaces are
lost during memorization. This directly addresses the same geometry-memorization relationship that the original paper claims as novel,
showing that the theoretical connection between manifold geometry, tangent space collapse, and memorization was already established.
Evidence

Evidence 1 - Rationale: Both papers establish that memorization is geometrically characterized by loss of dimensionality in the data
manifold. The candidate provides a theoretical framework for this phenomenon before the original paper. - Original: recent works have
shown that, geometrically, memorisation coincides with the sudden drop or complete vanishing of intrinsic dimensionality of the data
manifold - Candidate: our theoretical and experimental findings indicate that different tangent subspaces are lost due to memorization
effects at different critical times and dataset sizes, which depend on the local variance of the data along their directions

Evidence 2 - Rationale: The original paper proposes stabilizing tangent spaces as a solution, while the candidate already analyzed how
tangent subspaces collapse during memorization, establishing the geometry-memorization framework first. - Original: this observation
suggests that a way to address memorisation is by stabilising the intrinsic dimensionality and preserving non-degenerate tangent spaces -
Candidate: this leads to a selective loss of dimensionality where some prominent features of the data are memorized without a full
collapse on any individual training point

Evidence 3 - Rationale: Both papers claim to provide a mathematical framework connecting geometry to memorization. The candidate
explicitly states it extends theory for manifold-supported data using statistical physics, demonstrating prior theoretical work on this
connection. - Original: our work provides a mathematical framework for studying the interplay between data geometry, generalisation
and memorisation in generative models - Candidate: here, using statistical physics techniques, we extend the theory of memorization in
generative diffusion to manifold-supported data

4. Manifold Constraint Regularization for Remote Sensing Image Generation
URL: View paper
Brief Assessment

Manifold constraint regularization[71] focuses on addressing overfitting in GANs for remote sensing images through manifold alignment,
not on establishing theoretical connections between data manifold geometry and memorisation/generalisation phenomena in generative
models broadly.

5. Carr\'e du champ flow matching: better quality-generalisation tradeoff in generative models
URL: View paper
Prior Art Analysis

Carre flow matching[48] establishes the same theoretical framework connecting data manifold geometry to memorization and
generalization phenomena. The candidate paper explicitly provides a mathematical framework for studying the interplay between data
geometry, generalization, and memorization in generative models. This demonstrates that the theoretical connection between geometric
properties and memorization/generalization behavior was already established in prior work.

Evidence

Evidence 1 - Rationale: This pair demonstrates that Carre flow matching[48] explicitly claims to provide a mathematical framework for
studying the geometry-memorization-generalization interplay, which is the exact theoretical contribution described in the original paper.
The identical language indicates this is the same framework. - Original: our work provides a mathematical framework for studying the
interplay between data geometry, generalisation and memorisation in generative models, as well as a robust and scalable algorithm that
can be readily integrated into existing flow matching pipelines. - Candidate: our work provides a mathematical framework for studying
the interplay between data geometry, generalisation and memorisation in generative models, as well as a robust and scalable algorithm
that can be readily integrated into existing flow matching pipelines.

Evidence 2 - Rationale: This pair shows that Carre flow matching[48] establishes the theoretical understanding of how memorization
relates to data geometry—specifically that memorization occurs when models fail to generalize across the underlying geometric
structure. This is a core component of the mathematical framework contribution. - Original: deep generative models often face a
fundamental tradeoff: high sample quality can come at the cost of memorisation, where the model reproduces training data rather than
generalising across the underlying data geometry. - Candidate: deep generative models often face a fundamental tradeoff: high sample
quality can come at the cost of memorisation, where the model reproduces training data rather than generalising across the underlying
data geometry.
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6. A geometric framework for understanding memorization in generative models
URL: View paper
Prior Art Analysis

Geometric memorization framework[66] demonstrates that prior work established a geometric framework connecting data manifold
geometry to memorization phenomena in generative models. The candidate paper explicitly proposes the manifold memorization
hypothesis (MMH) as a geometric framework that analyzes memorization in terms of dimensionality relationships between ground truth
and learned manifolds. Both papers establish that memorization coincides with dimensionality collapse and provide geometric
frameworks for understanding this phenomenon, indicating that the original paper was not the first to propose such a theoretical
connection.

Evidence

Evidence 1 - Rationale: Both papers explicitly claim to provide a geometric framework for understanding memorization. The candidate
paper's MMH framework predates the original submission and establishes the connection between manifold geometry and memorization.
- Original: we provide a mathematical framework for studying the interplay between data geometry, generalisation and memorisation in
generative models - Candidate: we propose the manifold memorization hypothesis (mmh), a geometric framework which leverages the
manifold hypothesis into a clear language in which to reason about memorization. we propose to analyze memorization in terms of the
relationship between the dimensionalities of (i) the ground truth data ...

Evidence 2 - Rationale: The original paper acknowledges that prior work (including the candidate) has already established the
geometric connection between memorization and dimensionality. The candidate provides a formal framework categorizing memorization
types based on geometric principles. - Original: recent works have shown that, geometrically, memorisation coincides with the sudden
drop or complete vanishing of intrinsic dimensionality of the data manifold - Candidate: this framework provides a formal standard
for"how memorized"a datapoint is and systematically categorizes memorized data into two types: memorization driven by overfitting and
memorization driven by the underlying data distribution.

Evidence 3 - Rationale: Both papers connect geometric understanding to practical solutions for memorization. The candidate paper
demonstrates that geometric frameworks for addressing memorization were already established and validated empirically. - Original:
this observation suggests that a way to address memorisation is by stabilising the intrinsic dimensionality and preserving non-degenerate
tangent spaces. - Candidate: we empirically validate the mmh using synthetic data and image datasets up to the scale of stable diffusion,
developing new tools for detecting and preventing generation of memorized samples in the process.

7. Tracking memorization geometry throughout the diffusion model generative process
URL: View paper
Brief Assessment

Memorization geometry tracking[70] focuses on detecting memorization in diffusion models during generation using curvature-based
geometric signatures, not on establishing a theoretical framework connecting data manifold geometry to memorization/generalization
phenomena in generative models broadly.

8. What secrets do your manifolds hold? Understanding the local geometry of generative models
URL: View paper
Brief Assessment

Local geometry manifolds[69] focuses on characterizing local geometry through scaling, rank, and complexity descriptors to predict
generation outcomes, rather than establishing a theoretical framework connecting data manifold geometry to memorisation prevention
through geometric regularisation as in the original paper.

9. On the local geometry of deep generative manifolds
URL: View paper
Brief Assessment

Local geometry manifolds[72] focuses on geometric descriptors (local scaling, rank, complexity) for assessing pre-trained generative
models and detecting memorization, but does not establish a theoretical framework connecting data manifold geometry to memorization/
generalization phenomena or prove that memorization coincides with vanishing intrinsic dimensionality as claimed in the original paper.

10. Geometry-aware autoencoders for metric learning and generative modeling on data manifolds
URL: View paper
Brief Assessment

Geometry aware autoencoders[74] focuses on learning geometry-preserving embeddings for generative modeling using pullback metrics
and geodesic generation, not on establishing theoretical connections between data manifold geometry and memorisation/generalisation
phenomena in generative models.

Appendix: Text Similarity Detection

Textual similarity detection checked 28 papers and found 1 similarity segment(s) across 1 paper(s).

The following 1 paper(s) were detected to have high textual similarity with the original paper. These may represent different versions of
the same work, duplicate submissions, or papers with substantial textual overlap. Readers are advised to verify these relationships
independently.

1. Carr\'e du champ flow matching: better quality-generalisation tradeoff in generative models
Detected in: Contribution: contribution 1, Contribution: contribution 3

A Note: This paper shows substantial textual similarity with the original paper. It may be a different version, a duplicate submission, or
contain significant overlapping content. Please review carefully to determine the nature of the relationship.
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