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ABSTRACT

Diffusion Bridge and Flow Matching have both demonstrated compelling empirical
performance in transformation between arbitrary distributions. However, there
remains confusion about which approach is generally preferable, and the substantial
discrepancies in their modeling assumptions and practical implementations have
hindered a unified theoretical account of their relative merits. We have, for the
first time, provided a unified theoretical and experimental validation of these
two models. We recast their frameworks through the lens of Stochastic Optimal
Control and prove that the cost function of the Diffusion Bridge is lower, guiding
the system toward more stable and natural trajectories. Simultaneously, from
the perspective of Optimal Transport, interpolation coefficients ¢ and 1 — ¢ of
Flow Matching become increasingly ineffective when the training data size is
reduced. To corroborate these theoretical claims, we propose a novel, powerful
architecture for Diffusion Bridge built on a latent Transformer, and implement
a Flow Matching model with the same structure to enable a fair performance
comparison in various experiments. Comprehensive experiments are conducted
across Image Inpainting, Super-Resolution, Deblurring, Denoising, Translation,
and Style Transfer tasks, systematically varying both the distributional discrepancy
(different difficulty) and the training data size. Extensive empirical results align
perfectly with our theoretical predictions and allow us to delineate the respective
advantages and disadvantages of these two models. Our code is available at
https://anonymous.4open.science/r/DBFM-3E8E/.

1 INTRODUCTION

Diffusion models have been widely used in a variety of applications, demonstrating remarkable
capabilities and promising results in numerous tasks such as image generation (Ho et al.| 2020; Song
et al., 2020; |Xia et al.||2023)), video generation (Ho et al.| [2022; Luo et al.,2023a)), imitation learning
(Wu et al., [2024; [Chi et al., |[2023; |Ze et al., [2024; Reuss et al.l |2023), and reinforcement learning
(Ding et al.| 2024} 2025; Wang et al., [2022; |Ada et al., 2024), etc. However, standard diffusion
models exhibit inherent limitations that they are difficult to achieve the conversion between any
two distributions since its prior distribution is assumed to be Gaussian noise. They can also rely on
meticulously designed conditioning mechanisms and classifier/loss guidance (Chung et al., 2023}
Yang et al., [2024; |Kawar et al.,|2022)) to facilitate conditional sampling and ensure output alignment
with a target distribution. However, these methods can be cumbersome and may introduce manifold
deviations during the sampling process.

To address this challenge, Diffusion Bridge and Flow Matching are two prevalent approaches
for achieving distribution-to-distribution transformation. As for diffusion bridges, on one hand,
Schrodinger Bridge (Liu et al.| [2023] [Shi et al., [2024; |De Bortoli et al., [2021)) deterministically steers
one prescribed probability measure to another via the minimum-entropy re-weighting of an underlying
reference stochastic process, producing a path-wise coupling whose time-marginals coincide with the
specified endpoint distributions. On the other hand, DDBMs (Zhou et al.| |2023), GOUB (Yue et al.,
2024)), and related methods enforce end-to-end exact matching by incorporating Doob’s h-transform
into the forward Stochastic Differential Equations (SDE) of the diffusion process. UniDB (Zhu et al.|
2025) further reformulates and unifies the diffusion bridge paradigm through a stochastic optimal
control framework.
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Figure 1: Overview of Diffusion Bridge (DB) versus Flow Matching (FM) on mapping one distri-
bution to another. From the perspective of Stochastic Optimal Control and Optimal Transport, we
demonstrate that 1) the cost function of DB is lower than that of FM, implying a more stable and
natural trajectory of DB; 2) the linear interpolation scheme in FM (with coefficients ¢t and 1 — ¢)
becomes suboptimal under limited training data regimes. The respective strengths and weaknesses of
DB and FM are summarized in the radar chart.

Flow-based generative models have undergone rapid evolution, progressing from the early invertible
transformations of Normalizing Flows (Papamakarios et al. [2021} |Albergo & Vanden-Eijnden,
2022aj; |[Mathieu & Nickel, 2020) to the recently emerged paradigm of Flow Matching. Continuous
Normalizing Flows rely on repeated calls to high-order ODE solvers during forward-backward
propagation, resulting in a training procedure dominated by costly simulation-and-differentiation
loops that severely limit scalability. Flow Matching (Lipman et al., |2023;2024; |Liu et al.,|2022a; [Liu,
2022) circumvents this bottleneck by first designing a probability path that interpolates between a
prior and the data distribution, and then directly learning a time-dependent vector field whose integral
trajectories realize this path. Its simple modeling principle and high generation quality have attracted
significant attention. OT-CFM (Tong et al.| |2023) further stabilizes training and improves sample
fidelity by performing optimal-transport pairing of noise and data samples before learning the vector
field. Non-Euclidean Flow Matching (Chen & Lipman, |[2023) extends this framework beyond flat
spaces by replacing Euclidean straight-line interpolation with geodesic interpolation on arbitrary
Riemannian manifolds, enabling high-quality generation on intrinsically curved domains.

Diffusion Bridges and Flow Matching successfully address a wide spectrum of tasks—including
image restoration (Luo et al., 2023b} [Yue et al., 2024; Zhu et al.| [2025} [Martin et al., 2024; Cohen
et al.,[2025), translation (Zhou et al.| [2023; |Zheng et al.| 2024), text-to-image generation (Liu et al.,
2025 | Xu et al., |2025), and robotic policy synthesis (Ren et al.| [2025; [Zhang et al., 2025)—yet a
comprehensive theoretical framework that rigorously delineates their mutual relationship, comparative
advantages, and inherent limitations remains open. This naturally leads to a fundamental question:

“Mapping one distribution to another, which is better—Diffusion Bridge or Flow Matching?”

In this paper, we firstly theoretically analyze the relationship between Diffusion Bridge and Flow
Matching, and experimentally compare their respective advantages and disadvantages in implementing
distribution-to-distribution transformation.

Comparative Theoretical Framework for Diffusion Bridge and Flow Matching. From the
perspective of Stochastic Optimal Control, we provide a unified framework for Diffusion Bridge
and Flow Matching, demonstrating that the cost function of Diffusion Bridge is lower than that of
Flow Matching, implying a more stable and natural trajectory of Diffusion Bridge. Furthermore, we
analyze the linear interpolation scheme of Flow Matching (governed by coefficients ¢ and 1 — ¢) from
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an Optimal Transport perspective. Our analysis reveals that this scheme can lead to performance
degradation, particularly when the training dataset size is limited.

Comparative Experimental Evaluation of Diffusion Bridge versus Flow Matching. To enable a
fair and controlled empirical evaluation, we design a new, powerful neural architecture for Diffusion
Bridge models based on a latent Transformer. This architectural innovation significantly enhances the
capability of DB models. Using this and an equivalent-structure Flow Matching model, we conduct
extensive experiments across a diverse suite of tasks, including Image Inpainting (under varying
training data sizes and distributional discrepancies), Super-Resolution, Deblurring, Denoising, and
Image-to-Image Translation. This systematic evaluation clearly shows the respective strengths and
weaknesses of both methodologies in Figure|[T]

2 RELATED WORK

Diffusion Bridge. Diffusion Bridge models are relatively advanced methods for achieving trans-
formation between distributions. Diffusion Schrodinger Bridges (Liu et al., [2023} |Shi et al.| [2024;
De Bortoli et al.,[2021)) construct a transport mapping between pyaa and pprior by minimizing the KL
divergence 7", using IPF to alternately optimize boundary conditions. However, it suffers from high
computational complexity, especially in high dimensions or with large N, making direct optimization
challenging. DDBMs (Zhou et al.,[2023) and GOUB (Yue et al.,|2024) achieve promising results in
tasks such as image restoration and translation by incorporating Doob’s h-transform into the original
forward SDE of diffusion models to pin the terminal distribution to a specific target. While DDBMs
establish that Flow Matching is a special case of DDBMs-VE in its zero-noise limit, a systematic
comparison of how different diffusion bridge and flow matching formulations affect generative
performance remains unexplored. UniDB (Zhu et al.| |2025)) reformulates the Diffusion Bridge as
a Stochastic Optimal Control, proving that Doob’s h-transform is a special case when the terminal
penalty coefficient v — oo, thereby unifying and generalizing existing diffusion bridges.

Flow Matching. Flow-based generative models have evolved from Continuous Normalizing Flows
(CNFs) (Papamakarios et al., 2021 |Albergo & Vanden-Eijnden, [2022a; Mathieu & Nickel, [2020),
which treat data generation as an invertible, continuous-time transformation governed by an ordinary
differential equation (ODE). CNFs admit exact likelihood evaluation and an invertible mapping, but
their integration cost scales with dimension and integration steps, making training and sampling
expensive. To overcome this computational bottleneck, Flow Matching (Lipman et al.,|2023; 2024;
Liu et al. [2022a) trains the model by regressing onto the conditional optimal vector field that
maps distributions to distributions paired with their conditions; the resulting conditional vector
field can be computed in closed form without simulating the ODE. While the conditional path is
a straight-line interpolation in Euclidean space, such paths are not optimal in terms of transport
cost. Optimal Transport Conditional Flow Matching (OT-CFM) (Tong et al., [2023)) replaces the
independent coupling with a static optimal-transport plan, yielding conditional trajectories that are
globally straighter and reduce curvature. This mitigates the back-tracking phenomenon observed in
diffusion-like schedules and accelerates both training and sampling.

3 PRELIMINARIES

3.1 STOCHASTIC OPTIMAL CONTROL

Stochastic Optimal Control (SOC) offers a principled methodology for designing optimal policies in
dynamical systems operating under uncertainty. Its core objective is to derive the optimal control
laws that remain effective in stochastic environments, with applications spanning multiple disciplines
(Geering et al., 2010; Rout et al.l [2024; |[Zhu et al.| [2025]; |[Pandey et al., [2025b)). We consider the
following SOC formulation with quadratic costs (Kappen, [2008; (Chen et al., 2023a)):

min E

T
1 9 ~y )
5 dt + = ||z% —
ug €U A 2 Huty’YHQ + 9 ||CBT mT||2

ey
s.t. dw,tu = [f(m?? t) + gtut,’y]dt + gtdwt7 wg = Zo,



Under review as a conference paper at ICLR 2026

where x}' is the diffusion process under control, o and 7 denote the predetermined initial and
terminal states, respectively, ||uy ., ||§ is the path controlled cost, and 7 [|x% — :ET||§ corresponds to
the terminal cost with its penalty coefficient «v. The expectation value is over all stochastic trajectories
originating from xy (Kappen, |2008). The whole SOC problem @) aims to design the controller u;
to drive the dynamic from x to 7 while minimizing the overall cost.

3.2 FLOW MATCHING

Notably, most Flow Matching (FM) work (Lipman et al.| 2022bj [2024} |Liu et al.| 2022a}; |Albergo
& Vanden-Eijnden| [2022b) directly models the generative process, which is different from standard
diffusion and diffusion bridges (Ho et al., 2020; Song et al., 2020; [Zhou et al.| [2023). To avoid
discrepancy, we decouple FM with both forward and sampling processes (Liu et al.,[2022a)) in the
context of diffusion models. The FM forward process is to transform samples o € R? from a
source (data) distribution pg into &1 € R? from a target (prior) distribution p; by defining a flow
Yy 1 [0,1] x R — R? parameterized by a learnable vector field v;(x). Due to the intractability of the
true vector field in practice, the conditional flow 1 (x | 1) is constructed under the probability paths
pt(x | &1) with the vector field v (@ | 1) (Lipman et al., 2022b; |Liu et al., 2022a). The conditional
flow matching (Lipman et al.|[2022a)) training objective is formed as

L(0) = Evagar.a, |10 (@1,) = (21— 20)|I°] @)

To find a useful conditional flow ¢, (x | x1), one popular example is the minimizer of the dynamic
Optimal Transport (OT) problem with quadratic cost (Villani et al., 2008} |Villani, [2021b} |Peyré et al.,
2019), which is formalized as

3

Pt,Vt

1
min/ / [ve ()| pe () dadt

0
s.t. Ope + V- (proe) = 0,po(x) = po, p1(x) = p1

where the objective is the Wasserstein-2 transport cost between two distributions and the conditions
are that the vector field v, satisfies the continuity equation and the initial and terminal conditions. The
solution (p;, v;) defines a flow called an OT displacement interpolant as ¢ (z) = tT(x) + (1 — t)x
where T : R — R¢ is the OT map such that Tupo = p1 (i.e., p1 is the push-forward of py under the
transport map 7'). By defining the random variable x; = 1} (o) with <o ~ po and finding a bound
for the Wasserstein-2 transport cost (Liu et al.l [2022a; [Lipman et al., [2024), the dynamic OT problem
leads to the following variational problem for 1, = (¢ | @1):

1
rr}}in/ el >t s.t.mo = @0, m1 = 1. 4)

t Jo
According to the Euler-Lagrange equations (Gelfand et al.l 2000), the minimizer can be obtained as
xr =) (ko | 1) =0 =ty + (1 — t)xo. 5)
For backward sampling, after we get vy, we solve the ODE dx, = —vydt starting from xy ~ p; to

transfer p; to pg and set ; = a1 according to the time-symmetric property (Liu et al.;2022a). For
more details, please refer to Lipman et al.[(2024).

3.3 DIFFUSION BRIDGES

Doob’s h-transform-based diffusion bridges, such as DDBMs (Zhou et al., [2023) and GOUB (Yue
et al.l2024), achieve promising results by modifying the original forward SDE to pass through the
predetermined terminal. UniDB further constructs diffusion bridges through the Stochastic Optimal
Control (SOC) problem and generalizes these h-transform-based methods. Based on the Generalized
Ornstein-Uhlenbeck (GOU) process (Ahmad, |1988;; |Yue et al., |[2024),

dz; = 0; (n — ;) dt + gidwy, (6)

where p is a given state vector, w; is the Wiener process, 6; and g; denote the scalar drift and
diffusion coefficient with the relationship g7 = 2)\%6; where \? is a given positive constant scalar, a
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specific example of the UniDB framework is introduced as UniDB-GOU (Zhu et al.,[2025) and the
related SOC problem constructs the forward bridge process as:

(N

Uty

1 5
min® | [ 5, I3+ ot - o3

o 2 2
s.t.day = [0 (1 — ) + grwg o) dt + grdwy, g = xo,

where g = «; in the SDE is set as the final condition. To be consistent with flow matching
above, here we change the original time schedule ¢ € [0,7] to ¢ € [0, 1]. According to the certainty
equivalence principle (Chen et al., 2023bj Rout et al.l [2024), UniDB derives the same optimal
controller u; , by modifying the SOC problem (7) to one with the deterministic ODE condition as
follows, specifically,

! 2 g 2
o .
min [ e, e+ Jlat — =113

s.today = [0y(@1 — @) + giue 5] dt, x5 = 0.

®)

Previous works like GOUB (Yue et al., [2024) can be considered as taking v — oo in @, which
means the controlled dynamics would pass precisely through the preset terminal x; (Chen et al.,
2023b), therefore, we can transform the SOC problem with v — oo into the following form:

1 1 )
i - dt
n&i“/o 5 l[uell2 ©
s.t.day = [0y(x1 — xf) + gowe] dE, xf = @0, T = 1.

UniDB underscores the equivalence between the SOC formulation under this limiting behavior and
Doob’s h-transform (Sarkkd & Solin, |2019). By solving the problem , the closed-form optimal
controller u;ﬂ{ can be obtained. For more details, please refer to|Zhu et al.[(2025).

4 COMPARATIVE THEORETICAL FRAMEWORK FOR DIFFUSION BRIDGE AND
FLOW MATCHING

Recent research (Gao et al., |2025) has mainly clarified the exact equivalence between diffusion
models and flow matching (for the special case that the source distribution corresponds to a Gaussian).
However, there remains confusion about the connections between diffusion bridges and flow matching,
since both two can achieve the transition between two arbitrary paired distributions. In the following
analysis, we adopt the forward process of the UniDB-GOU model (denoted DB hereafter) and the
well-known Flow Matching model (denoted FM hereafter) introduced in Section [3|above as the main
diffusion bridge and flow matching model, respectively.

4.1 CONNECTIONS BETWEEN DIFFUSION BRIDGES AND FLOW MATCHING

To compare the two models within the same theoretical framework, we first consider the construction
of the FM-related SOC problem to be consistent with the formulation of DB. Taking the substitution
u; = 1¢ and ¢y = 7 in the variational problem (4)) leading to

I A T
min [ 5 ular o
s.t. dey = wdt, zf = @, 2] = 1,
with the optimal controller

uI’FM:%:ml—:cO: 231—1’?’

dt 1—-t
where the last equation comes from the interpolation (3] (Lipman et al.,[2024). Despite the derivation
of this FM’s SOC problem, a direct comparison between the two SOC frameworks requires addressing
a fundamental discrepancy in the formulation of their optimization objectives: the objective of the
SDE-based SOC problem involves the expectation over all stochastic trajectories, whereas the ODE-
based one does not, due to its determinism (Kappen, 2008)). Considering that 1) the derivation of

Y
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DB’s optimal controller often relies on the ODE-based SOC formulation by the certainty equivalence

principle (Chen et al., [2023b; Rout et al.l 2024; [Zhu et al.| 2025) in practice and 2) FM (10) forces
exact target matching with { = x; which is the same as in (EI) we adopt the ODE-based SOC

problem (9) of DB to facilitate a fair comparison with the same ODE-based formulation of FM (T0).

We can easily find the relation between (9)) and (I0) that the FM’s SOC problem is a special case of
DB’s one, which leads to the following proposition:

Proposition 4.1. Under the conditions that 0, — 0 and g, = 1 in (9), Diffusion Bridge degrades to
Flow Matching.

Details are provided in the Appendix[A-] This proposition indicates that under specific parameter
constraints—namely, zero drift coefficient #; and unit diffusion coefficient g;—the SOC formulation
of DB (9) reduces to that of FM (I0). The key distinction lies in the structure of the drift term: DB
incorporates the drift term of the form 6;(x1 — x}'), which is absent in FM. We further analyze the
role of this drift term and present the following theorem to demonstrate that this drift term contributes
to reducing the total cost (objective function) in the SOC problem.

Theorem 4.2. Denote J (u;) = fol 1 ||; dt as the overall cost of the SOC problems @ and

with the related optimal controller uj P8 and u; M respectively. Under the condition of diffusion

coefficient g, = 1 in (9) to be consistent with FM ([I0), then
T (0”) <7 (0™). (12)

Please refer to Appendix [A.2]for detailed proof. Theorem ff.2]mainly emphasizes that the drift term
0:(x; — x}) introduced in DB actively guides the system toward more stable trajectories, thereby
lowering the total cost in the SOC problem.

Lower total costs typically lead to smoother and more natural SDE/ODE trajectories. On one
hand, a larger total cost implies the larger controller ||u}||3, which in turn excites oscillations
along the forward trajectory and may disrupt the inherent continuity and smoothness of images.
Consequently, the state x; undergoes violent fluctuations at every time step, destabilizing the evolution
of each individual pixel and inevitably degrading the visual quality of the generated image. On
the other hand, from the SOC viewpoint, FM employs the trivial forward ODE, which may be too
simple to characterise the transition between arbitrary distributions. As the discrepancy between the
terminal distributions grows, the neural network becomes harder to fit the trajectories. However, DB
incorporates the drift term 6;(x; — '), which helps to construct a more stable transition between
two arbitrary distributions.

4.2  OVERSIMPLIFICATION AND INEFFECTIVENESS OF FM’S INTERPOLATION COEFFICIENT

We have shown that the absence of the drift term in the forward process significantly amplifies the
total control cost within the SOC framework, concurrently appearing as less stable trajectories. In this
section, we examine from an Optimal Transport (OT) perspective that the interpolation coefficients ¢
and 1 — ¢ in (B) of FM represent an oversimplification of McCann’s approach, and it would become
ineffective when the training data size gradually decreases.

Oversimplification. Under the conditions where the Brenier Theorem holds (Santambrogiol, 2015}
(the source measure is absolutely continuous), the McCann interpolation in OT
defines a deterministic dynamical system via the OT map 7" : § — €2, such that
Tyxo = x1. Its Lagrangian trajectory and the corresponding Eulerian velocity field are given by:

UOT(xvt) = T(f@(l’ﬂf)) - i'O(x’ t)v (13)

where Zg(x, t) is implicitly defined by the equation = (1 — t)x + ¢tT'(z0), representing a complex

inverse problem. In contrast, Flow Matching (FM) posits oversimplification by replacing the globally
optimal coupling 7" with a probabilistic coupling ¢(z, z1). For a sample (xo, 1) ~ ¢, FM defines a
conditional flow and its velocity field as:

UCFM(.I(t) | :L’o,[El) =1 — Xo- (14)

The genuine McCann interpolant of OT allows the velocity field to vary with ¢ while still satisfying the
continuity equation, thereby minimizing the total kinetic energy. In contrast, FM’s fixed interpolation
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coefficients, t and 1 — ¢, freeze the velocity field, which remains viable under small distributional
discrepancies but leads to rapid performance degradation as the discrepancy grows. This failure
stems from its inability to capture the complex inter-manifold geometry, triggering a large number of
streamline intersections and vector field conflicts, ultimately leading to blurry learning objectives and

a significant decrease in generation quality of the model. (Liu et al.|[2022b))

Ineffective with scarce data. In practical learning scenarios, the empirical measures are constructed
from paired training data, which are discrete measures consisting of finitely many n € Z* sample
points {(x;,y;)} and take the form

n

SORNEER P S O N
Ho nz @i M

i=1

S|

> 6y, (15)
i=1

where [ip and fi; represent the source and target measures, respectively. Crucially, this discrete
setting diverges fundamentally from the continuous assumptions (the absolutely continuous source
measure) discussed above in the Brenier potential theorem, which leads to the following remark:

Remark 4.3. For the finite empirical measures, they violate the absolute-continuity assumption
required by Brenier’s theorem; consequently, the existence of a convex potential function pushing

ﬂgn) to ﬂ§”> cannot be guaranteed, and McCann'’s interpolation is no longer well-defined.

Please refer to Appendix [A.3|for detailed derivation. Remark [4.3]shows that

* When training data are limited, the interpolation coefficients ¢ and 1 — ¢ lose their validity and the
resulting path no longer corresponds to an OT interpolation.

* As the training data size grows (n — 00), then ﬂ((]") — U, ﬂ(ln) — 1 weakly and the empirical

interpolation regains absolute continuity; McCann’s interpolation is asymptotically restored, and the
performance of FM improves. However, the coefficients remain rigidly fixed at £ and 1 — ¢, which
cannot truly express the local velocity adjustment of optimal transmission. As the discrepancy
between distributions widens and the task complexity escalates, the error rate climbs rapidly.

Simply adding more data reduces but cannot eliminate the systematic error of the frozen vector
field. A learnable drift term 0; (2 — x}"), as incorporated by DB, is required to approximate the true
Wasserstein geodesic in regimes of scarce data or complex deformation.

5 COMPARATIVE EXPERIMENTAL EVALUATION OF DIFFUSION BRIDGE
VERSUS FLOW MATCHING

In this section, we evaluate the performance of Diffusion Bridge (DB) versus Flow Matching (FM)
through different image-to-image tasks including different Image Restoration tasks (Image Inpainting,
Image 4 x Super-Resolution, Image Deblurring and Image Denoising). For related implementation
details, additional experimental and additional visual results, please refer to Appendix [E} [F} and [H]
respectively.

For image restoration tasks, we evaluated the two models on the CelebA-HQ 256256
dataset. We take four common image evaluation metrics: Peak Signal-to-Noise Ratio (PSNR, higher
is better) 2016), Structural Similarity Index (SSIM, higher is better) (Wang et al., 2004),
Learned Perceptual Image Patch Similarity (LPIPS, lower is better) (Zhang et al.}[2018)), and Fréchet
Inception Distance (FID, lower is better) (Heusel et al, 2017).

5.1 EXPERIMENT SETUP: SAME TRANSFORMER ARCHITECTURE

FM has now widely adopted both U-Net (Lipman et al.,[2024) and Transformer 2023
Hu et al.},[2024)) as its training network architecture, while the previous DB relied only on the U-Net

network (Zhou et al., [2023; [Yue et al.| 2024} [Zhu et al.,[2025)). In practice, substantial variations in
U-Net implementations—particularly in parameter count and architectural details—make it difficult
to conduct a direct comparative evaluation. To ensure a fair empirical comparison between DB and
FM, we present a Latent Transformer-based Network for DB built on the DiT architecture
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& Xiel [2023; [Ma et al. [2024), unifying the network backbone of the two models. Please refer to
Appendix [E|for detailed parameters of the network.

Taking an image restoration task as an example, the overall training procedure can be summarized as
follows. For paired Low-Quality (LQ) and High-Quality (HQ) images, denoted 2? and x"? with
dimension (h x w x 3), respectively, we map them into the latent space with dimension (% X g x4)
using a pre-trained VAE encoder with a 8 down-sampling factor adopted from Stable Diffusion
(Rombach et al},[2022)). Although no hard constraint forces the latent codes produced by the VAE
to lie in a compact set, we prove that, even in non-compact spaces, McCann interpolantion remains
universally valid for arbitrary distributional transport. Please refer to Appendix [A.4]for details
202T). The latent codes are then input into the DiT block, which predicts either the score/noise
(for DB) or the velocity (for FM) conditioned on the current time step, and the models are trained by

minimizing the respective objective functions.

5.2 DB vs FM ON DIFFERENT TASKS

Here we demonstrate some experiments between the two models: Inpainting with a centered 64 x 64
and 128128 box mask, 4 x Super-Resolution using bicubic down-sampling, Deblurring using a
15x15 and 61 x61 Gaussian kernel, and Denoising with Gaussian noise (¢ = 35 over 255). The
quantitative and qualitative results are illustrated in Table[I]and Figure 2] It can be concluded that
DB consistently demonstrates significantly superior perceptual scores (LPIPS and FID) across all
tasks, whereas FM exhibits relatively stronger performance on pixel-level metrics (SSIM). Visually,
DB achieves more realistic images than FM across the majority of tasks and avoids some unnatural
patterns in smooth regions.

Inpainting Deblurring Denoising
Degraded | | g '
Diffusion
Bridge | | \y
Flow
Matching | 4

Ground ‘
Truth | o

Figure 2: Qualitative comparison of visual results between Diffusion Bridge and Flow Matching on
different Image Restoration tasks including Inpainting with a centered 128 x 128 box mask, Deblurring
with a 61 x61 Gaussian kernel, Denoising, and 4 x Super-Resolution.

Table 1: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,
respectively) under different image restoration tasks on the CelebA-HQ dataset.

Inpainting-Box64 Inpainting-Box128 4 xSuper-Resolution
PSNR{T SSIMT LPIPS| FID| PSNRT SSIMt LPIPS| FID| PSNR{T SSIMT LPIPS| FID|
FM 28.03 0.840 0.039 513 2354 0760 0.106 17.84 27.11 0.789  0.088 11.61
DB 2790 0.813 0.038 511 23,57 0.741 0.078 7.71 2747 0.762  0.077 8.50
Deblurring (15 x 15) Deblurring (61 x 61) Denoising
PSNR{T SSIMT LPIPS| FID| PSNRT SSIM{t LPIPS| FID| PSNR{T SSIMT LPIPS| FID|

FM 2724 0793  0.088 1049 24.67 0.683 0.228 38.18 27.02 0.760 0.093 16.04
DB 27.26 0.757 0.087 877 2413 0661 0172 19.03 2730 0.757 0.086 10.16

Method

Method
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5.3 DB vs FM UNDER VARYING LEVELS OF TASK DIFFICULTY

To assess the robustness of the two models under varying levels of task difficulty, we perform a series
of Image Inpainting tasks with center box masks ranging from 50x50 to 128 x 128. Specifically, in
image inpainting tasks, enlarging the center box mask amplifies the distance between the reference
and target distributions, which represents the increasing levels of difficulty. We report the results of the
LPIPS and FID scores of two models in Table 2] When the task is relatively straightforward (Box50
and Box64), FM achieves a performance comparable to that of DB. As the distributional discrepancy
increases, FM exhibits markedly degraded stability compared to DB. Under this progressive shift,
the two perceptual scores (LPIPS and FID) for FM, particularly in FID, increase significantly faster
than those for DB, indicating a pronounced sensitivity to growing distributional shifts for FM and
robustness on distribution discrepancy from the introduced drift term in DB, which validates the
conclusion in Section 1]

Table 2: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,
respectively) under Image Inpainting tasks with different center box masks ranging from 50x50 to
128 x 128 on the CelebA-HQ dataset.

Box50 Box64 Box72 Box80 Box96 Box128
LPIPS| FID| LPIPS| FID| LPIPS| FID| LPIPS| FID| LPIPS| FID| LPIPS| FID,

FM 0035 493 0.039 513 0.042 543 0047 586 0.060 818 0.106 17.84
DB 0035 493 0.038 511 0.041 525 0.044 534 0052 625 0.078 7.71
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Figure 3: The performance (FID) of Flow Matching and Diffusion Bridge under Image Inpainting
tasks with different center box masks and training data sizes ranging from 500 to 27000.

5.4 DB vs FM UNDER DIFFERENT TRAINING DATA SIZE

Further, we systematically conducted several Image Inpainting tasks on both DB and FM models
under four different increasing training data sizes from 500, 1000, 5000, to 27000 to justify that the
interpolation coefficients ¢ and 1 — ¢ in (5)) of FM would become ineffective when the training data
size gradually decreases, as mentioned in Section[d.2] The quantitative results are illustrated in Figure
[l which reveals that although the performance of both DB and FM deteriorates as training data
become scarce, the degradation of FM is markedly steeper, while DB remains stable and maintains a
consistently high performance level.
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5.5 DB vs FM ON TRAINING AND INFERENCE TIME

In addition, we conducted a systematic profiling of training and wall-clock inference latency for
the tasks above. As depicted in Figure [ under identical network architectures and experimental
hyperparameter settings, after convergence, the training time of FM is substantially shorter than that
of DB. FM admits a short, direct gradient path that bypasses intermediate numerical complications,
yielding superior numerical stability. In contrast, DB must predict a time-varying field, which is
intrinsically difficult to fit, and gradients must back-propagate through a chain of compositional
functions, leading to slower empirical convergence rate. Under the same generation conditions with
the same Number of Function Evaluations (NFEs), the inference time of FM is basically similar to
DB when the CPU frequency is relatively high. A detailed analysis of how CPU frequency affects
inference latency is provided in Appendix

Training Time Comparison Inference Time Comparison
Training Time vs Training Data Size (27000 training samples) (NFE=20, per image)
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Figure 4: Training (with training data size 27000) and inference time (NFEs = 20) comparison on
diffrent Image Restoration tasks (Inpainting, Deblurring, Denoising, and Super-Resolution) between
Diffusion Bridge and Flow Matching.

6 CONCLUSION

In this paper, we conduct a comprehensive analysis of Diffusion Bridge (DB) and Flow Matching
(FM), the two most advanced methodologies currently available for distribution-to-distribution
transformation. Under the unifying perspective of Stochastic Optimal Control (SOC), we establish
that FM constitutes a special case of the DB framework, and we rigorously prove that the cost
functional of FM is strictly larger than that minimized by DB because of the absence of the drift
term in the forward process, thereby suggesting a less stable controlled trajectory. Concurrently,
from the perspective of Optimal Transport, we demonstrate that the linear interpolation coefficients
t and 1 — ¢ employed by FM violate the Brenier-potential theorem when the training data size is
reduced, causing the algorithm to collapse and its performance to degrade precipitously. For the first
time, we implement a Latent Transformer-based Diffusion Bridge and conduct experiments under the
same architecture as Flow Matching, evaluating their performance through different image-to-image
tasks including different Image Restoration (Image Inpainting, Image 4 x Super-Resolution, Image
Deblurring, and Image Denoising), further confirming the respective advantages and disadvantages
of the two models. Our theoretical research also has important reference significance for other
fields, such as embodied Al, medical imaging, etc., on how to choose models that can achieve both
performance and efficiency when training data size is small.
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A  PROOF

A.1 PROOF OF PROPOSITION[4.]]

Propositiond.1} Under the conditions that 0, — 0 and g; = 1 in (9), Diffusion Bridge degrades to
Flow Matching.

Proof. Recall the DB’s SOC problem (9):

1 1 )
min —||ua,||5dt
utﬁzumz 6

s.t.dxy = [0:(x1 — x)) + grug] dt, 2 = x0, ] = 1.

Taking conditions § — 0 and g, = 1, then DB’s SOC problem (9) becomes

min —||uag||5dt
s.t. dey = wdt, zf = o, 2] = 1,

which is exactly equivalent to (T0). O

A.2 PROOF OF THEOREM [4.2]

Theorem Denote J(uy) f [l ||§ dt as the overall cost of the SOC problems (@) and

with the related optimal controller u: P8 and uy M respectively. Under the condition of diffusion

coefficient g, = 1 in (9) to be consistent with FM ([I0), then
T (u:,DB) <7 ( * FM) . @)
Proof. Recall the SOC problem (E[) with g; = 1 as
1
. 1 2
min —lu||5dt
i [ 53 )
s.t.dxy =[0:(x1 — x)) + v dt, &y = xp, ) = x1.

Denote 6., = fst 0,dz, 0, = fg 0.dz for simplification when s = 0 and 52, = A2(1 — ¢~ 20s:t),

Then the related optimal controller u;”’ #PB and u;’ M are
wop _ €200 (@ — af)
Ut T’
t:1 (19)
«FM _ T — T
W =
1-t

where u; DB is derived from UniDB 1, 2025)) with conditions v — oo and ¢; = 1, and
Mis directly obtained from .

Therefore,
+,DB e 20 ' xi) o
[ = ) [ e gy
*4(# 1 )
_ 5/0 mﬂml v |2dt (20)
L -,
2 0 )\4(629t;1 _]_)2 ’
and

*, | — :c
/n M2 = /n T
:,/nmfmw%t

2/ (1-1)?
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Recall that 2A%¢; = g7 in UniDB and we have g; = 1 which implies 6, = 3}z and we have
e — 1> xforVax > 0,then

1
*,DB *,DB
7 (ur™) 50Hu I3ar

_1 1Mdt
2 Jo M(e20a —1)?

— 1/1 ||:rl B xt H2 dt
- 11
2 Jo )\4(€ft 2z _ 1)2

1Y e — 2?3
L[ et o)
2 Jo M(e>z —1)2
< 1/1 |1 _m?”%dt
T2 )y A\ (ﬂ)Q
:l/Hmfww%t
o (1—1)?
* *,FM
- L/‘|\ ™M3ar = 7 (up™)
which concludes the proof. O

A.3 RECOVERY OF ABSOLUTE CONTINUITY IN THE EMPIRICAL WASSERSTEIN GEODESIC
LiMIT

For the empirical measures

NONNES o S i = B - 23
fo nz::x po  (n— o0) Z% (n — o0), (23)

As n is limited, for every ¢ € (0,1), dimy (spt ﬂﬁn)) =0<d

Asn — oo with ﬂé") — g, ﬂ(ln) — 11 weakly, one has

™ o, and  limsup dimy (st(”)) —d (24)
n,m— oo
where St(n) = spt ﬂg" = {(1 —t)z; + tT,, (x;)};—,, spt p is the minimal closed support of the
measure i, dimy E is the Hausdorff dimension of the set E.

Proof. Let
po, o1 € P3¢ (RY)  with  pg, pn < LY, (25)

and let
o= [(1 = £)id + Vel gpo, 0<t <1, (26)

Suppose only finite samples are available:

o o 1 n
( 25:@ (n — o0), ug ) = - Z(Syj — 1 (n— o00), (27)
j=1

Assume, for contradiction, that ﬂg") < L. Then there would exist f € L' (£?) such that

aim(A) = / fdct VA e % (RY). (28)
A
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Choosing A = {z;} yields £4(A) = 0 but ,&én)(A) = 1/n > 0, contradicting absolute continuity.

Meanwhile, the support of any empirical measure is a finite set
spt (ﬂ(()")) ={x1,...,2,}, dimy (spt ([Lé"))) =0<d. (29)

If p; < L%, Caffarelli’s interior regularity of optimal transport implies that V¢ is a locally Holder-
homeomorphism; hence

spt s = {(1 —t)x +tVp(z) : € sptup}, (30)

where the symbol A denotes the topological closure of the set A, that is, the union of A with the set
of all its limit points in the ambient space. Eq. (30) has full dimension:

dimy (spt pe) = d. 31

As the empirical supports St(n) converge weakly to spt yi;, Caffarelli’s regularity ensures the Hausdorff
dimension of the limit superior set recovers the full dimension d, thereby restoring absolute continuity
in the large-sample limit, the empirical supports

St(n) = spt ﬂﬁ") ={(1 = t)z; + T, (@) }iy (32)
become dense in spt i, as n — oo. More precisely, for every € > 0 and every compact K C spt p,

£d<K\BEC§"U>—+O, (33)

where B, (St(n)) is the e-neighbourhood of the set St(n). Consequently, the upper Minkowski
dimension (and hence the Hausdorff dimension) of the limit superior set satisfies

Tim sup dimy, (St(")) —d. (34)

n,m—oco

Thus absolute continuity is recovered in the limit, and the empirical interpolation becomes an honest
Wasserstein geodesic. O

A.4 OPTIMALITY IN NON-COMPACT SPACES

Let € P(RY) satisfy [, [|#[? du(z) < oo and let u : RY — R U {+00} be convex and 1 a.e.
differentiable. For the quadratic cost

o(z,y) = zllz -y (35)
define 7' = Vu. The McCann interpolantion
2y = (1 —t)xg+tT, te]o,1], (36)

constitutes an optimal transport map in the Wasserstein-2 sense, and this conclusion remains valid
even when the support of u is non-compact (Lei & Gul 2021)).

This demonstrates that, as long as the source distribution possesses finite second moments, the linear
trajectory of FM (an oversimplification of McCann’s approach) coincides with the optimal transport
map, without requiring any additional regularity conditions irrespective of compactness.

The Monge Problem (MP) with quadratic cost is equivalent to:

sup {M(T) - /X (2, T(2))dp,  Tips = y} 37)

This can be transformed into the dual problem:

inf {/X udp + /Yu*du su(z) Fut(y) = <x,y>} (38)
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A convex function wu satisfies
w(z) +u(y) > (z,y) Vo,yeRY wu(@)+u(y) = (w,y) if y=Vulz) (39

For any coupling 7y € II(u, v), we have

/ (z,y)dy(z,y) < / (u(x) +u*(y)) dy(z,y)
R4 xRd

R xRe
— [ w@duta) + [ w @ @)duto) (40)
Rd Rd
~ [ @ T@)duta)
Rd
Hence
/ <w7y>d7§/ (z,y)dyr. (41)
R4 xR R4 xR
Moreover,
1 1
Lo el w1y dy = [ 5 (el + ) dor. “2)
R4 xR Rd xRd
Subtracting the two identities yields
1 1
[ le—vPar= [ Sle—ylr, @3)
R xR4 R4 x R4

which establishes the optimality of T'.

B MORE RELATED WORK

Stochastic Optimal Control. The incorporation of SOC principles into diffusion bridges and
flow matching models has emerged as a promising paradigm for effectively guiding distribution
transitions. I12SB (Liu et al., [2023)) firstly introduced the SOC formulation for modeling diffusion
bridges. RB-Modulation (Rout et al., 2024)) and NDTM (Pandey et al.,|2025a) introduced SOC via
a simplified SDE structure for training-free style transfer and solving inverse problems based on
pre-trained diffusion models. DBFS (Park et al., 2024)) leveraged SOC to construct diffusion bridges
in infinite-dimensional function spaces and also established equivalence between SOC and Doob’s
h-transform. Adjoint Matching (Domingo-Enrich et al.|[2024]) for the first time, systematically unifies
Flow Matching with SOC, and on this basis proposes a novel, theoretically unbiased reward fine-
tuning framework. Mei et al.| (2024) proposes a Flow-Matching-based framework for SOC, which
reformulates the classical SOC problem into a data-driven optimization task, thereby circumventing
the intractability of solving high-dimensional nonlinear Hamilton-Jacobi-Bellman (HJB) equation.

C USE OfF LLMS

In this paper, LLMs are used only for polishing and formatting purposes. The core methodology
development of this research does not involve LLMs as any important, original, or non-standard
components.

D TRAINING AND INFERENCE ALGORITHMS FOR DB AND FM.

Here we demonstrate the training and inference algorithms we used in experiments for DB and
FM. We take the training algorithm of UniDB with v — oo for DB and the training objective (2)
as the training algorithm for FM. As for the inference method of FM, we directly take the Euler
sampling algorithm. We’ve learned that the Euler sampling method for FM is equivalent to DDPMs
with DDIMs sampler|Gao et al.[(2025)). Hence, to ensure a fair comparison, we take the first-order
UniDB++ with v — oo (accelerating algorithms for GOUB, similar to DDIMs accelerating for
DDPMs) as the inference method of DB.
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Algorithm 1 DB Training Algorithm

repeat
Take a pair of images x( and xp
Encode the images as zg = Encoder(x() and z; = Encoder(xr)
t ~ Uniform({1,...,7}) and € ~ N(0, )
e ft—1:¢ 2.5

a = 52
Ot—1:T

b= 3 (L= e ok 4 rot = (L= e )0t g 070 o)

= _—
7 = e—Gt Ut:T ZO + (1 _ e—Gt Ut:T) z7 + 5’26
or

e =e 0.0 fTZ +(1_€*6101T)ZT

t:T

2
10 = Zy — <9t + g7 : ) (zp —2¢) + %Ee(zt,ZT,t)
pe1 = 5[0 (xe — bXT)CH'( — 512 4a )m]
Take gradient descent step on Ly = E [Q—ggﬂut,l’g - ut,lﬂl}
until converged

Algorithm 2 FM Training Algorithm

repeat
Take a pair of images x( and x;
Encode the images as zo = Encoder(x() and z; = Encoder(x;)
t ~ Uniform({%, ..., & = 1})
z; = (1 —t)zo + tzq
Take gradient descent step on Ly = E [||vg(z:,t) — (21 — Z0)]|2]
until converged

Algorithm 3 DB Inference Algorithm

Input: LQ images xr, noise predicted model €y (x¢,x7,t), and M + 1 time steps {ti}f’\io
decreasing from to = T to t5; = 0. Initialize z;, = Encoder(xr).
fori=1to M do

Sample € ~ N(0, 1) if i < M, else € = 0.

Kty = — el (1 - e P T, ey, = 0T (1 — 20T

e i (1= B,y (1 e

n — 1 _ 1
6ti—1:ti - )\Iitiﬁ\/l_e*%t _:T 1—e 20¢;:T
Ky )\Kt Pti_q
2 = Rt 1 iz (1 B 1—1) 2T = 2 \/ ti—1
end for

%o = Decoder(zo)
Return HQ images X,

Yeo(Ze,_, 2T, ti1) + 07 4. €

Algorithm 4 FM Inference Algorithm

Input: LQ images x;, velocity predicted model vy (x;, ), and M +1 time steps {ti}iﬂio decreasing
from tg = 1to tp; = 0. z;, = Encoder(x;).
fori =1to M do
Zy, =2y, + (ti—l - ti)'vG(zti_lvti—l)
end for
%o = Decoder(zg)
Return HQ images X,
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E EXPERIMENTAL AND IMPLEMENTATION DETAILS

Details about Datasets, Training time and Inference time (NFE=20, per image). We list details
about the used datesets and computational times in all image restoration tasks in Table[3]

Task Dataset Training Data Size Method Training Time  Inference Time
500 18 minutes 0.287 s
1000 . 36 minutes 0.287 s
5000 Flow Matching 3 hours 0.287 s
Inpainting CelebA-HQ 27000 16 hours 0.287 s
500 4.5 hours 0.668 s
1000 e . 9 hours 0.668 s
5000 Diffusion Bridge 12 hours 0.668 s
27000 66 hours 0.668 s
Super-Resolution CelebA-HQ 27000 Flow Matching 16 hours 0.287 s
27000 Diffusion Bridge 66 hours 0.668 s
Deblurring CelebA-HQ 27000 Flow Matching 16 hours 0.287 s
27000 Diffusion Bridge 66 hours 0.668 s
Denoising CelebA-HQ 27000 Flow Matching 16 hours 0.287 s
27000 Diffusion Bridge 66 hours 0.668 s
Style Transfer CelebA-HQ 27000 Flow Matching 16 hours 0.287 s
27000 Diffusion Bridge 66 hours 0.668 s
Image Translation  CelebAMask-HQ 26000 Flow Matching 48 hours 1.164 s
26000 Diffusion Bridge 212 hours 2.894 s

Table 3: Details about the used datasets and computational times in all image restoration tasks. Both
training time and inference time are evaluated on a single NVIDIA H20 GPU.

Unified Transformer Architecture for Diffusion Bridge and Flow Matching. Here we list some
shared Transformer Hyper-parameters.

Table 4: Shared Transformer Hyper-parameters.

Hyper-parameter Value

Patch size 2
Hidden size 1024
Depth 24
Attention heads 16
MLP ratio 4.0

All Hyper-parameters. We set steady variance level A> = 302 /2552, coefficient e =97 = 0.005
instead of zero, 8 batch size when training, ADAM optimizer with 5; = 0.9 and 82 = 0.99 (Kingmal,
2014), 600 thousand total training steps with 10~ initial learning rate and decaying by half at 300
and 500 thousand iterations. We choose a flipped version of cosine noise schedule for ; (Luo et al.,
2023b)),

t/T+S E)

cos?( iTe 2

0, =1— (44)

where s = 0.008 is followed from |Yue et al. (2024);|Zhu et al.|(2025)); |Pan et al.|(2025) to achieve a
smooth noise schedule. As for time schedule, we directly take the naive uniform time schedule.

Implementation Details. All experiments are trained and tested on a single NVIDIA H20 GPU with
141GB memory.
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F ADDITIONAL EXPERIMENTAL RESULTS

We adopted other inpainting masks like thin, thick, and every-second-line (ev2li) masks from RePaint
(Lugmayr et al.| 2022).

Table 5: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,

respectively) under different Image Inpainting tasks with different training data sizes.

Training data size 500

Method Box50 Box64 Box72
PSNRT SSIMT LPIPS| FID| PSNR{ SSIMt LPIPS| FID|, PSNRt SSIMt LPIPS| FID|
FM 27.33 0.833 0.042 578  26.16 0.819 0.050 7.56  25.79 0.812 0.055 9.96
DB 28.04 0.813 0.038 534 2643 0.790 0.047 6.34  26.54 0.779 0.056 7.29
Method Box80 Box96 Box128
PSNRT SSIMT LPIPS| FID| PSNR{ SSIMt LPIPS| FID|, PSNRt SSIMf LPIPS| FID|
FM 25.26 0.803 0.062  12.77 23.93 0.779 0.078 20.05 21.43 0.719 0.133  45.81
DB 25.45 0.777 0.058 7.83 2395 0.753 0.070 9.88 21.70 0.705 0.103 11.34
Method Thin mask Thick mask ev2li
PSNRT SSIMT LPIPS| FID| PSNR{ SSIMt LPIPS| FID|, PSNRt SSIM{ LPIPS| FID|
FM 18.73 0.588 0.239 6947 17.95 0.678 0200 66.40 24.27 0.681 0.178  39.56
DB 23.41 0.690 0.120 14.83 21.10 0.700 0.131 1232 2542 0.702 0.128 16.03
Training data size 1000
Method Box50 Box64 Box72
PSNRT SSIM?T LPIPS| FID| PSNRtT SSIMtT LPIPS| FID| PSNR{T SSIM{ LPIPS| FID|
FM 27.62 0.836 0.047 548  26.68 0.824 0.047 6.32  26.18 0.816 0.052 7.90
DB 27.80 0.810 0.039 511 27.18 0.802 0.044 5.55  26.68 0.797 0.048 5.94
Method Box80 Box96 Box128
PSNRT SSIM?T LPIPS|, FID| PSNRt SSIMtT LPIPS| FID| PSNR{T SSIMt LPIPS| FID|
FM 25.62 0.807 0.058 9.38 2434 0.785 0.073 13.79 21.76 0.724 0.124  37.23
DB 26.03 0.786 0.053 6.73 2497 0.772 0.061 6.86 2223 0.717 0.096 9.43
Method Thin mask Thick mask ev2li
PSNRT SSIM?T LPIPS|, FID| PSNRtT SSIMt LPIPS| FID| PSNR{T SSIMt LPIPS| FID|
FM 20.00 0.625 0.203  52.81 19.22 0.689 0.179 48.29 24.56 0.689 0.162  34.70
DB 24.13 0.711 0.103 1145 21.96 0.712 0.120 998 26.01 0.729 0.113  13.07
Training data size 5000
Method Box50 Box64 Box72
PSNRT SSIMT LPIPS| FID| PSNRtT SSIMt LPIPS| FID| PSNR{ SSIMt LPIPS| FID|
FM 28.32 0.843 0.037 5.01 27.54 0.834 0.042 549  27.07 0.828 0.046 5.86
DB 28.04 0.881 0.037 5.03  27.62 0.809 0.041 539 27.04 0.802 0.045 545
Method Box80 Box96 Box128
PSNRT SSIMT LPIPS|, FID| PSNRtT SSIMt LPIPS| FID| PSNRt SSIMt LPIPS| FID|
FM 26.50 0.819 0.051 6.55 2524 0.799 0.064 8.59  22.65 0.744 0.107 17.87
DB 26.19 0.794 0.048 577 2539 0.778 0.058 643 2296 0.733 0.085 8.59
Method Thin mask Thick mask ev2li
PSNRT SSIMT LPIPS| FID| PSNRtT SSIMtT LPIPS| FID| PSNR{ SSIMt LPIPS| FID|
FM 23.38 0.713 0.129  23.69 21.35 0.725 0.146  24.52 25.66 0.724 0.126  19.99
DB 24.66 0.724 0.095 9.68 22.16 0.719 0.110 8.64  26.23 0.731 0.102 11.28

Table 6: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,
respectively) under different Image Inpainting tasks on the CelebA-HQ dataset.

Method Box50 Box64 Box72
PSNR1 SSIMT LPIPS| FID| PSNRT SSIMt LPIPS| FID| PSNRT SSIM?T LPIPS| FID|
FM 28.66  0.847 0.035 493 28.03 0.840 0.039 5.13 27.68 0.835 0.042 543
DB 28.65  0.820 0.035 493 2790 0.813 0.038 5.1 2745 0.807 0.041 5.25
Method Box80 Box96 Box128
PSNR1 SSIMT LPIPS| FID| PSNRT SSIMt LPIPS| FID|, PSNR{ SSIMT LPIPS| FID|
FM 2717  0.828 0.047 586 26.02 0810 0.060 8.18 23.54 0.760 0.106 17.84
DB 27.08  0.802 0.044 534 2585 0.786 0.052 625 23,57 0.741 0.078 7.71
Method Thin mask Thick mask ev2li
PSNR1 SSIMT LPIPS| FID| PSNRT SSIMtT LPIPS| FID| PSNR{T SSIM?T LPIPS| FID|
M 24.68  0.746 0.105 1490 22.51 0.748 0.129 1582 25.69 0.731 0.122  19.53
DB 25.28 0.739 0.083 835 22.86 0.736 0.096 7.34 2699 0.749 0.084 9.59
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Table 7: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,
respectively) under different Image Inpainting tasks on the FFHQ dataset.

Box64 Box96 Box128
LPIPS| FID| LPIPS| FID| LPIPS| FID|

FM 0.047 11.16  0.069 1489  0.118  25.37
DB 0.044 11.11  0.059 12.02 0.089 16.72

Method

Table 8: Quantitative results for Flow Matching and Diffusion Bridge (denoted FM and DB in table,
respectively) under different NFEs of Image Inpainting tasks (Box 128) on the CelebA-HQ dataset.

10 NFEs 20 NFEs 50 NFEs 100 NFEs
LPIPS, FID|, LPIPS| FID| LPIPS| FID| LPIPS| FID|

FM 0.111 23.01  0.106 17.84  0.099 17.40  0.101 17.51
DB 0.078 9.32 0.078 7.71 0.079 7.20 0.080 7.14

Method

G AN ANALYSIS OF THE ROLE OF CPU IN INFERENCE TIME:

All experiments reported in this paper were conducted on the Server (GPU: 8xH20-3e) equipped
with CPUs (Intel Xeon Platinum 8558: base frequency 800 MHz, max turbo 2.1 GHz). We further
benchmarked the two models on the Server (GPU: 8x4090) equipped with more powerful CPUs
(Intel Xeon Gold 6430: base 1.7 GHz, max turbo 3.4 GHz) and Desktop (GPU: 3090) equipped
with Consumer grade CPU (Intel 17-14700K: base 3.4 GHz, max turbo 5.1 GHz). The wall-clock
decompositions for neural-network evaluation and iterative updates are reported below.

Table 9: Wall-clock breakdown comparison across different hardware configurations. CPU frequen-
cies (base/turbo) are shown for each platform: H20 Server (800 MHz/2.1 GHz), 4090 Server (1.7
GHz/3.4 GHz), and 3090 Desktop (3.4 GHz/5.1 GHz).

H20 Server 4090 Server 3090 Desktop
800 MHz, 2.1 GHz 1.7 GHz, 3.4 GHz 3.4 GHz, 5.1 GHz

Network  Per-NFE =~ Network  Per-NFE = Network  Per-NFE
Method prediction prediction prediction prediction prediction prediction

(ms) (ms) (ms) (ms) (ms) (ms)
FM 157.73 7.88 182.37 9.11 346.08 17.30
DB 279.16 13.95 217.53 10.87 362.29 18.11

It can be observed that CPUs with different base frequencies have a significant impact on network
prediction time. Specifically, the CPUs with larger base and max turbo frequencies would significantly
reduce the gap of time overhead for FM and DB in network prediction. The reason that FM still
achieved about a bit fewer network prediction costs than DB lies in the doubled channel, which forces
the patch-embedding layer to process double data, slightly raising the inference time.

H ADDITIONAL VISUAL EXPERIMENTAL RESULTS

Here we will illustrate more experimental results.
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Figure 5: Qualitative comparison of visual results between Diffusion Bridge and Flow Matching in
Image Inpainting, Style Transfer and Image Translation tasks.
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Figure 6: Additional Diffusion Bridge visual results on Image Translation with CelebFaces dataset.
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Figure 7: Additional Diffusion Bridge visual results on Style-Transfer with CelebA-HQ dataset.
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Figure 8: Additional visual comparison between Diffusion Bridge and Flow Matching on 4 x Super-
Resolution on the CelebFaces dataset.
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Figure 9: Additional Diffusion Bridge and Flow Matching visual results on Image Inpainting (different
masks) with CelebA-HQ dataset.
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Figure 10: Additional Flow Matching visual results on Image Inpainting (different masks and different
data size (500, 1000, 5000)) with CelebA-HQ dataset.
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Figure 11: Additional Flow Matching visual results on Image Inpainting (different masks and different
data size) with CelebA-HQ dataset.
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