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ABSTRACT

This paper addresses the problem of exemplar-based

texture synthesis. We introduce NIFTY, a hybrid frame-

work that combines recent insights on diffusion models

trained with convolutional neural networks, and classical

patch-based texture optimization techniques. NIFTY is a

non-parametric flow-matching model built on non-local

patch matching, which avoids the need for neural net-

work training while alleviating common shortcomings of

patch-based methods, such as poor initialization or vi-

sual artifacts. Experimental results demonstrate the ef-

fectiveness of the proposed approach compared to repre-

sentative methods from the literature. Code is available

at https://github.com/PierrickCh/Nifty.

git.

Index Terms— Generative model, Image synthesis,

Texture synthesis, Flow Matching

1. INTRODUCTION AND RELATED WORK

Image generative modeling has been a very active do-

main over the past decade, driven by a combination of

theoretical and technical advances. This progress has

led to the development of diverse generative modeling

frameworks, many of which rely on the training of deep

neural networks.

Diffusion models Generative diffusion models (DMs)

[1, 2, 3, 4, 5, 6, 7] have recently attracted significant at-

tention for their ability to capture complex data distribu-

tions and generate high-quality samples, while benefiting

from the stable training provided by conditional U-Net

architectures. Large pre-trained DMs, often conditioned

on text prompts [5], have also become widely used for

inverse problems and image editing (e.g. [8]), and can

be efficiently fine-tuned to address task-specific applica-

tions [9].

A major limitation of DMs lies in their sequential

sampling process, formulated as a stochastic differential

equation (SDE) [1, 2, 3], which requires a large number
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of small time steps during inference. This drawback has

been alleviated by variants based on ordinary differential

equations (ODE) [10], where stochasticity is restricted

to the initialization, including implicit models such as

DDIM [4], Rectified Flow (RF) [6], and Flow Match-

ing (FM) [7]. Inference can be significantly accelerated

by distillation-based approaches, in which a student net-

work is trained to reduce the number of required steps

[11, 6].

Texture Modeling with local patches Here we focus

on exemplar-based texture synthesis, a task for which

DMs are also gaining popularity, either through large

pre-trained models [12] or models specifically trained

on a single image [13]. Before the emergence of such

approaches, stationary texture modeling had been stud-

ied through a variety of statistical techniques designed

to learn local representation. A particularly influential

framework relevant to our method is the seminal work

of Kwatra et al. [14], which introduced patch-based tex-

ture optimization (TO) which has since inspired single-

image generative models based on patch representations,

e.g. [15, 16].

In [14], an image x is synthesized by minimizing

an energy function defined w.r.t to a reference image u,

where each patch of the synthesized image must closely

match a patch from u. In practice, this non-convex en-

ergy minimization alternates between assigning each

patch to its Nearest-Neighbor (NN) and averaging the

overlapping patches at each pixel location. The method

is, however, highly sensitive to random initialization

and to hyper-parameters such as patch size and stride.

When combined with a multi-scale strategy (coarse-to-

fine synthesis), it can produce realistic samples, but often

by replicating large regions of the reference image u, a

behavior reminiscent of earlier methods that explicitly

modeled such copy-paste effects [17]. These replicated

regions are not always well aligned, frequently leading

to discontinuities or blur, and fail to capture long-range

correlations present in the reference. More recently,

GAN-based approaches for single-image generation,

such as [15], have been shown to exhibit the same lim-

itations and can in fact be advantageously replaced by

patch-based NN methods [18], without training a latent
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generative model.

Creativity of generative models Since then, the ques-

tion of creativity in generative models trained on large

datasets has been closely examined. Studies such as [19]

have shown that these models are prone to memorization,

and that some training data can be extracted. Recently,

[20] demonstrated that an optimal diffusion models, i.e.

maximizing the likelihood of a training set boils down

to memorizing it. In practice, training a Convolutional

Neural Networks (CNNs) to approximate the score driv-

ing the likelihood introduces a strong inductive bias: the

training dataset is effectively processed as a collection of

patches. This analysis allows for an explicit formula to

model the learned diffusion by a CNN, where the score

of a noisy sample at each time step essentially reduces

to a mixture of Gaussians around each training patches.

While this approach is not practical for large-scale ap-

plications, it further highlights the connection between

patch-based NN matching and diffusion processes.

Contributions and Outline In this work, we propose

NIFTY, an approximation of the explicit flow on patches

for texture synthesis, that eliminates the need for neu-

ral network training and frame the TO algorithm [14]

as a temporal integration of the flow (Sec. 2). In addi-

tion to coarse-to-fine synthesis with subsampling and ag-

gregation strategies, we further introduce techniques, in-

cluding top-k sampling and memorization, to reduce the

number of required steps while maintaining quality. This

approach offers several advantages shown in experiments

(Sec. 3): robustness to initialization, image quality, and

speed.

2. METHOD

The Flow Matching (FM) framework, as introduced

in [7, 6] consists in sampling a complex data distribution

by integrating a velocity field, starting from Gaussian

samples. This velocity field is often approximated by

a CNN. As discussed in the introduction, the fact that

CNNs are used to compute the flow (or diffusion denois-

ing steps) introduces the inductive bias of equivariance.

As a consequence, computing the velocity field at a noisy

image can be understood as applying the same local es-

timation to all patches. Subsequently, we will detail

how to compute explicitly the flow on patch distributions

(Sec. 2.1) and then approximate it efficiently (Sec. 2.2)

without neural networks for texture synthesis.

2.1. Non-Local Image Flow-Matching

Notations and formal setting We consider the collec-

tion of training patches P := {φ} from the reference im-

age u with given patch size and stride. Note that to avoid

border effect in practice, patches across boundaries are

simply discarded.

We denote by N (µ, σ2) the isotropic multivariate

Gaussian probability law with mean µ and standard de-

viation σ, and its density by gµ,σ(x) = g0,1(
x−µ
σ

) ∝

exp− (x−µ)2

2σ2 .

FM formulation Starting from a random (patch) sam-

ple ψ0 ∼ N (0, I) at time step t = 0, the FM framework

consists during inference in solving the following ODE

for t ∈ (0, 1]:

∂tψt = v(ψt, t) (1)

where v is the velocity of the flow such that generated

samples ψ1 ∼ U(P) match the training distribution.

In [7], authors argue that while the problem of defin-

ing such a vector field is intractable, different vector

fields are solution. They show however that the problem

can be tackled by considering an affine parametrization

of the conditional flow ψt given a target sample φ, using

ψt = tφ+ (1− t)ψ0. (2)

Training In practice, the corresponding vector field is

learned using a neural network vθ trained to minimize

min
θ

Eφ∼U(P),z∼N (0,I)
t∼U([0,1])

∥vθ(φt, t)− (φ− z)∥2 (3)

Interpretation Optimizing (3) on all possible func-

tions at each time step is a barycentric problem which

solution writes

v(ψ, t) = E φ∼U(P)
z∼N (0,I)

(

φ− z
∣

∣

∣
ψ = φt+ z(1− t)

)

. (4)

Besides, the push-forward of the gaussian latent prior

conditionally to a data point φ using such the affine map-

ping (2) is a conditional Gaussian probability distribution

p(ψt|φ) = gtφ,(1−t)2(ψt). (5)

Closed-form solution Combining expressions (4) and

(5) shows that one needs to sample a latent variable z =
ψ−tφ
1−t to satisfy the condition ψ = φt + z(1 − t). Us-

ing the Bayes’ rule, the computation of the conditional

expectation (4) then reduces to a Gaussian mixture cen-
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A. DETAILED ALGORITHM

A more in-depth view of the NIFTY algorithm is de-

scribed in Table 1.

Algorithm 1 NIFTY Patch Flow Matching

Input: Exemplar image u

Hyperparameters: Number of scales S, patch size p,

number of neighbors k, renoising factor γ, subsampling

ratio r, Number of timesteps T.

Output: Synthesized image

1: Initialize synthesis image x ∼ N (0, 1) with noise

2: {ti} ← T linear timesteps between 0 and 1

3: for s = S − 1 to 0 do

4: Resize u to resolution of scale s

5: Extract training patches φ

6: if s > S − 1 then

7: Upsample previous synthesis x

8: Renoising: x← γx+ (1− γ)ε, ε ∼ N (0, 1)
9: {ti} ← T linear timesteps between γ and 1

10: end if

11: for i = 1 to T do

12: {ψ} ← patches of x, using stride p

4

13: Select {φr}, uniformly sampling {φ}
14: Retrieve {φm(i), 1 ≤ i ≤ k}

15: Compute φ̂i≤k, the k-NN of 1
t
ψ from {φr} ∪

{φm(i), 1 ≤ i ≤ k}, update m

16: Compute weights ω̂ψr

i
,t(φ̂)

17: v̂(ψ, t)← 1
1−t

∑k

i=1

(

φ̂i − ψ
)

ω̂ψ,t(φ̂i)
18: vagg(x, t)← Aggregation of v̂(ψ, t)
19: x← x+ (ti+1 − ti)vagg(x, t)
20: end for

21: end for

22: return x
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