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ABSTRACT

Editing the content of an image with a pretrained text-to-image model remains
challenging. Existing methods often distort fine details or introduce unintended
artifacts. We propose using coupled stochastic differential equations (coupled
SDEs) to guide the sampling process of any pre-trained generative model that
can be sampled by solving an SDE, including diffusion and rectified flow models.
By driving both the source image and the edited image with the same correlated
noise, our approach steers new samples toward the desired semantics while pre-
serving visual similarity to the source. The method works out-of-the-box—without
retraining or auxiliary networks—and achieves high prompt fidelity along with
near-pixel-level consistency. These results position coupled SDEs as a simple yet
powerful tool for controlled generative Al
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Figure 1: Our sync-SDE method performs text-guided image editing without retraining, test-time
optimization, or model-specific modifications. By coupling the reverse-time dynamics of the source
and target processes through a structured identical backward Brownian path, sync-SDE preserves
fine-grained structure from the original while adapting semantics to the target prompt. Each pair
shows the source image and the edited result. The text below each pair indicates the shift from the
source prompt to the target prompt; full prompts are omitted due to space constraints. All edited
images in this work are produced with Flux.1[dev] (Black Forest Labs},2024).
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1 INTRODUCTION

Semantic editing, as shown in Figure[I] refers to the task in which, given a source image (optionally
accompanied by a prompt describing it), a target prompt, and a pretrained text-to-image model, the
goal is to generate a new image that aligns with the target prompt while preserving visual similarity
to the source image.

A common semantic editing pipeline is based on prominent generative models for images, which
transform noise to data (Ho et al.,|2020; Song & Ermon, [2021} [Lipman et al.} 2023;|Chen et al.|[2018];
Liu et al.,[2022)). In this pipeline, inversion of the generative process maps the reference image to
noise, after which the generative process is modified by conditioning on the target prompt (Meng et al.,
2022; Song et al.| 2021 [Mokady et al., |2022; Rout et al.,|2025a)). Existing implementations of this
pipeline often compromise faithfulness, either because the new sampling path is independent of the
one producing the source image or because the guidance relies on heuristic attention manipulations.

We propose a simple alternative based on coupled stochastic differential equations (SDEs) that can
be used in conjunction with pre-trained diffusion and rectified flow models, or more generally with
any model that can be sampled by solving an SDE. Our key observation builds on the time-reversal
theorem of [Anderson| (1982), which states that the reverse dynamics of a forward SDE can be
determined pathwise using a backward Brownian motion path dependent on the forward path. If the
same backward noise path is reused to drive a second reverse process guided by the target prompt,
then the two processes remain synchronized at the level of stochastic fluctuations and differ only
through their drifts induced by the different prompts. This leads to sync-SDE, a plug-and-play
coupling of reverse SDEs that preserves structure without retraining, optimization procedures, or
auxiliary networks.

Our contributions are outlined as follows:

* We introduce sync-SDE, a training-free, optimization-free semantic editing method that cou-
ples reverse-time dynamics by reusing the same backward Brownian path for the reference
and target processes.

* We provide a concise optimal-transport interpretation: synchronous coupling is a greedy
choice for optimal bicausal Monge transports with a local quadratic cost.

* Through quantitative and qualitative evaluations, we show that sync-SDE achieves stronger
prompt adherence and smaller deviations from source images than existing methods.

2 RELATED WORK

Diffusion models (Ho et al., [2020; [Song & Ermonl [2021) and flow-based models (Lipman et al.|
2023} |Chen et al.,[2018; [Liu et al.,[2022)) generate data by mapping noise to the target distribution
through stochastic or ordinary differential equations. For brevity, we refer to both as differential-
equation-based generative models. A common strategy for semantic editing with such pretrained
models first inverts a given image into its corresponding structured noisy representation to initialize
sampling, a process known as inversion, and then modifies the subsequent sampling dynamics to
guide the generation toward the desired semantic target, a process referred to as editing.

Modern large text-to-image models typically employ transformer architectures with attention blocks
(Black Forest Labs, 2024} |Rombach et al.| [2021). Attention sharing leverages this architecture to
control sampling dynamics for editing by partially or fully reusing the (@, K, V') (query, key, value)
triplet from the source image when sampling for the target prompt. [Hertz et al.| (2023)), Dalva et al.
(2025), Xu et al.[(2025) propose techniques to manipulate shared attention, ensuring the new sample
remains visually similar to the source image. However, the experiments of Dalva et al.| (2025)) are
limited to synthetic images, and they acknowledge challenges in editing real images due to the
absence of adapted inversion procedures. Brack et al.|(2024) leverage shared attention to identify
local objects for editing while leaving other areas unchanged. [Deng et al.|(2024) incorporate a set of
attention manipulation techniques into their implementation, including adding or replacing ), K, or
V' in the sampling process with those constructed from the source image.

SDEdit (Meng et al.| |2022), a pioneering work for inversion, injects noise into an image, treating the
result as a structured noisy representation. DDIM inversion (Song et al.l[2021)) is the ODE counterpart
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of SDEdit, where predicted noise is added to an image through an ODE. In both cases, the structured
noisy representation initializes new dynamics with a different prompt to perform editing. However,
both methods can lose faithfulness to the original image because the new sampling dynamics are not
explicitly constrained to preserve its content. [Zhao et al.|(2022) use a pretrained classifier as an energy
function to guide the sampling process toward the target image. [Huberman-Spiegelglas et al.| (2024)
and |Wu & la Torre|(2023)) explore alternative heuristics to invert and manipulate DDPM sampling
(Ho et al.l 2020). |Chen et al.|(2024)) introduce a method that manipulates the noise representation
obtained through DDIM inversion using a provided mask. NTI (Mokady et al.| 2022) addresses low
faithfulness by inverting an image via dynamic optimization of the null text prompt to match the
predicted image from a structured noisy representation similar to the original. However, it tends to be
less efficient due to its reliance on test-time optimization and requires an additional attention-sharing
mechanism between the source image and the new sampling process, as in |Hertz et al.[(2023), to
ensure consistency with the target prompt. RF-inversion (Rout et al.|2025a)) leverages insights from
optimal control theory to design the inversion and editing processes. FlowEdit (Kulikov et al., | 2024)
reinterprets the inversion process, mapping it from the noise space back to the image space. FireFlow
(Deng et al.l 2024) and RF-Edit (Wang et al.| |2025a) propose solvers better adapted to rectified-flow
inversion and employ attention sharing between the source image and the new sampling process to
perform editing. DNAEdit (Xie et al., [2025) refines model predictions within the sampling dynamics,
using intermediate states from the inversion to align the generated sample with the source image.
Additional methods such as (Nie et al., |2023; [Mou et al., |2024) target specific editing tasks like
dragging and resizing objects.

Controlled generation more broadly addresses steering generative models toward user-specified
objectives or constraints, of which semantic editing is a special case. Recent studies (Rout et al.,
2025a; [Wang et al.| 2025bj |[Rout et al.l 2025b) have drawn connections between guided sampling
in diffusion and stochastic optimal control, providing a theoretical lens for designing guidance
algorithms. These works suggest that established control-theoretic tools, such as Pontryagin’s
maximum principle (Pontryagin, [1987)) and numerical methods like EMSA (Li et al., 2017), could
inform principled strategies in generative modeling. However, optimal control methods usually
involve iterative optimization and are therefore far less efficient.

3 MATHEMATICAL PRELIMINARIES

In this section, we introduce the mathematical background for our semantic editing technique. After
reviewing stochastic differential equations, we present the concept of coupled SDEs (Eberlel 2016
Bion—Nadal & Talay, 2019; [Robinson & Szolgyenyil 2024} [Cont & Lim, [2024)), and then discuss the
time-reversal theorem for SDEs in|Anderson| (1982).

Let (92, F,P) be a probability space. We denote by { X;} a random process X : 2 x [0,1] — R4,
viewed as a function mapping a sample w €  and a timestamp ¢ € [0, 1] to a point in R?. The
marginal at time ¢, denoted X, is the random variable w — X (w, t) for a fixed ¢ € [0, 1].

3.1 STOCHASTIC DIFFERENTIAL EQUATIONS

A stochastic differential equation describes a continuous-time random process on a given time interval,
here taken to be [0, 1]. Such an equation takes the fornﬂ

t t
dX; = f(t, Xy)dt + g(t)dW;, or equivalently, X; = Xo + / f(s,Xs)ds + / g(8)dWs
0 0

where f and g are functions, and {W;} is a standard Brownian motion. Unless otherwise stated, all
stochastic integrals with respect to {W;} are understood in the Itd sense. The equation specifies the
evolution of {X;} from ¢ = 0 to ¢ = 1 in terms of its infinitesimal increments dX;. Throughout
this work, we refer to { X, } as a forward SDE if X lies in the data domain and X lies in the noise
domain, and as a reverse-time SDE in the opposite case.

"More generally, g can also depend on X, but in common diffusion, g depends only on ¢.
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3.2 CouPLED SDEs

Now consider two SDEs of the form
dY; = fi(t,Y)dt + g(t)dW},
dZ, = fo(t, Zy)dt + g(t)dW2,

where {W,'} and {W}?} are standard Brownian motions. If {W}!} and {W?} are correlated, then
so too are {Y;} and {Z;}, in which case these are examples of coupled SDEs. The joint law of
({W}, {W2}) influences, for each realization, the relative trajectories of {Y;} and {Z;}, such as
whether Y; stays close to, moves away from, or intersects Z;.

The most notable among coupling strategies are synchronous coupling and reflection coupling. In
synchronous coupling, W? = W/. In this case, the noise driving Y; is identical to that of Z;.
Synchronous coupling is known to minimize E] a certain modified Wasserstein-2 distance between Y;
and Z, when both processes are real-valued (Bion—Nadal & Talay}, 2019 |Robinson & Szolgyenyi,

2024). In reflection coupling, dW? = (I — 2n;n] )dW}, where n;, = T *gt” (Eberle} 2016). This

construction, introduced by [Lindvall & Rogers| (1986)) in order to control the total variation distance
of the distributions of Y; and Z; at a given time ¢ € [0, 1], reflects the noise driving Z; along the
direction of Y; — Z;.

3.3 TIME-REVERSAL OF SDEsS

In this section, we present the time-reversal theorem from Anderson| (1982)) adapted to our context,
which provides a precise formulation of the reverse-time SDE corresponding to a given forward SDE.

Theorem 1 (Anderson|(1982)). Consider the forward SDE, dX,; = f(t, X;)dt + g(t)dW,, where
t €10,1), X; takes values in R, f : [0,1] x R? — R% and g : [0,1] — R are such as to guarantee
the existence of a unique strong solutionand the existence of a differentiable density of the marginal
distribution of Xy, and {W4} is a standard Brownian motion. Let p;(x) denote the marginal density
of X;. Define the R%-valued process

1-t
Wt = Wlft - Wl +/ g(s)vm Ings(Xs)ds' (1)
0

Then {Wt}te[o 1] is a standard Brownian motion with respect to the reversed filtration {At}te 0,1)>

i.e., Ay is the minimal o-algebra that makes {X; : s € [l —t,1]} and {W g : s € [0,t]} measurable.
A reverse-time SDE for Xy, t € [0, 1], has the form

with YO =Xy, 1i.e, {Yt} = {let}-

Note that the equality {X;} = {X;_;} is meant in a pathwise sense. Namely, the stochastic process,
viewed as a function X : [0,1] x Q — RY, satisfies X (t,w) = X (1 — ¢,w). This result gives a
pathwise correspondence: if a forward trajectory is generated with a Brownian motion W}, then
integrating (2) with W exactly retraces the forward path in reverse time.

At first glance, {W,} in (I) may look nothing like a Brownian motion. This is because Brownian
motion is always defined relative to a filtration, an evolving information set. With respect to the
forward filtration, {W,} indeed carries “insider” knowledge of the future and thus is not Brownian.
However, with respect to the reversed filtration {At}te 0,1]» that future becomes the new past and
the score function term in (I) simply removes the pred1ctable drift from this insider view. In the
appendix, we present an example where a process is a Brownian motion w.r.t. one filtration but fails
to be a Brownian motion w.r.t. another filtration.

2Strictly speaking, synchronous coupling is optimal among bicausal couplings on R, which intuitively
restricts the coupling so that each process can only use information available from the other’s past (and not its
future). We omit the mathematical details here and defer the discussion of bicausal coupling to the appendix.

3For readers unfamiliar with the terminology, a strong solution is adapted to a given Brownian motion, while
a weak solution is a pair (Yz, W) constructed together that formally satisfies the SDE (@ksendall |2003). This
distinction is not essential for following the rest of the paper.
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4 ORNSTEIN UHLENBECK PROCESS AND SDE SAMPLING

In the context of generative modeling, Theorem I|underlies the standard SDE sampling procedure
(Song & Ermon, |2021). Let p(+|c) be the probability of a datapoint conditioned on a variable ¢ (e.g., a
prompt). Let p(-|c) be the marginal density of X; when Xy ~ p(+|c). Let Xy ~ p(:|c) and suppose
the forward process { X;} is an Ornstein—Uhlenbeck (OU) process,

as in many popular diffusion models (Song & Ermon/[2021)) and the rectified SDE (Rout et al.,[2025a)),
an SDE formulation of rectified flow (see below). The unique strong solution of (3) admits the form

t
X, = m(t)Xo + / B(t, 5)9(s)dW,, 4
0

where m(t) = exp ( - fot a(u)du) and ®(t,s) = exp ( — f: a(u)du).
To sample from p(- | ¢) with a trained model, one integrates the reverse-time SDE
dX; = [a(1 = )X, + g°(1 = )S (X4, ¢, 1 —t)] dt + g(1 — t) dW,

where S approximates the score V, logp:(z | ¢) and W; is an independent Brownian motion.
Theorem |1|ensures that X; has the correct distribution, but with an independent Brownian motion,
the generated sample need not match a specific source image pathwise.

Rout et al.|(2025a) showed that the rectified flow ODE (Liu et al.| 2022)) shares the same marginals
for all ¢ € [0, 1] as the SDE with a(t) = 1% and g(t) = |/725. Thus, a pretrained rectified flow

dX; = vg(Xy, ¢, t) dt is described by the SDE d X, = [2v9(Xy, ¢, t)+a(1—t)X|dt+g(1—1) aw,
with the above a and g, where vy is the pretrained model with weights 6 . This enables sampling
with Flux (Black Forest Labs, 2024), a rectified flow model, via an SDE.

5 SEMANTIC EDITING BY SYNC-SDE

In the setting of semantic editing, let yg be a given source image, cg;c @ prompt describing yo, and cgay
the editing prompt specifying the desired output. Let S(y;, ¢, t) denote a pretrained neural network
that approximates the score function V, log p;(y: | ¢), taking as input a state y, a conditioning prompt
¢, and a time ¢ € [0, 1]. For flow-based models that do not directly parameterize V, log p:(y: | ¢), the
learned quantity can be converted into a score approximation through simple algebraic transformations
(Rout et al., [2025a). Our objective is to modify the reverse-time dynamics so that the generated image
is consistent with the target prompt c,, while preserving visual similarity to the source image yo.

We now apply the ideas of coupled SDEs to semantic image editing. To formalize this, let {Y;} and
{Z:} be solutions of forward SDEs corresponding to the reference and edited images. Consider the
forward SDEs of the source and target images and the reverse-time SDEs to couple,

dY; = —a(t)Y; dt + g(t) AW, )
dZ; = —a(t)Zy dt + g(t) W7, (6)
AV, = [a(1 — )Y, + g2(1 — )V, logpr (V| csre)] dt + g(1 — t) dW, %
dZ, = [a(1 = )Z; + g*(1 — t)Valog pr_+(Z: | car)] dt + g(1 — £) AW . ®)

Given a source image vy, the edited image is simulated as follows: first, sample (w;) ~ W}¥, with
W being an independent Brownian motion, to evolve y, toward a noisy image y; via (). Next,
simulate the Brownian motion path (w;) using (1) with realizations (w;) and (y;) and using prompt
Csre, SO that (W) is a realization of Wt . Finally, simulate zZ; = 2z with @]) initializing at Zo = y1,
driven by the Brownian path (w;) with prompt c¢,,. The central idea is to use a shared Brownian
. =7 —Y .
motion {W, } = {W, } between (8) and (7), making the two SDEs synchronously coupled. An
implementable description of this procedure is presented in Algorithm[T} Note that in Algorithm[T} we
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assume the time grid is symmetric for ease of presentation, i.e., 1 — t; € {tk}ﬁzl, Vk=0,...,N;
this is not required in practice.

Algorithm 1 sync-SDE Semantic Editing

Require: Source image g, source prompt cgy, target prompt ¢, score network S(-, -, -), symmetric
time grid 0 =ty < --- <ty = 1, @ and g defining the OU process.

. Sample {AW;, }V! with AW, "% N'(0, Atyly) and Aty = tyyy — th

2: Fork =0,..., N, compute the forward path with {@):

k

Yo, < m(t)yo + Y B(te, t;)g(t;) AW,
§=0

Ju—

3: Define reversed path Y;, <+ Yy 4, fork=0,..., N.
4: Fork =0,..., N, construct structured backward Brownian increments with (T)):

AWtk < _AWtk — g(l — tk)S(Ytk,csrC, 1 — tk)Atk

Initialize Zg < Yi.

fork=0to N —1do N
by + a(l — tk)Ztk + 92(1 — tk)S(Ztk,Ctar, 1-— tk).
Ztk+1 — Ztk + bZAtk —+ g(]. — tk)AWtk~

end for -

return Edited image Z, .

YR ;N

6 AN OPTIMAL TRANSPORT INTERPRETATION

Coupling the reverse-time dynamics can be interpreted through the lens of bicausal optimal transport.
. . . . . —Y —7Z
Consider the reference and target SDEs with potentially correlated Brownian motions (W, , W)

in (7) and (8), respectively. Let Y and Z denote their laws, i.e., the probability distribution on their
sampled paths, respectively. By Theorem 3.4 of |Cont & Lim| (2024), the optimal bicausal Monge
transpor(*|between Y and Z can be written in the form

= - — —Y
dZt = [O{(l — t)Zt + g2(1 - t)Vx Ingl_t(Zt | Ctar)] dt + g(l — t)Qtth y
i.e., thZ = QtdWZ/ where (); is an adapted orthonormal matrix process.

This shows that designing a bicausal Monge transport between two SDEs reduces to designing an
orthonormal matrix process ();. Unfortunately, finding an optimal (), for a given transport cost in
the context of semantic editing is computationally expensive, as it essentially amounts to solving an
optimal control problem, where the exact solution requires backpropagating through the SDE path
and incurs a substantial memory footprint (Wang et al., |2025b; |Pontryagin, {1987} |Li et al.| |2017).
This computationally heavy search for an optimal @); runs counter to the goal of this work—an
efficient method for accurate semantic editing without additional optimization or retraining—so we
leave it to future work.

Synchronous coupling corresponds to ¢z = I, while reflection coupling corresponds to Q; =
I —2nyn/ withn, = (Y; — Z;)/||Y+ — Z4||. To see how sync-SDE is a greedy choice of bicausal
Monge transport under the local quadratic cost, fix ¢ and a small step At. The one-step difference
between the target and reference processes is

Ziint = Yigar = Zy = Y+ [bz(t, Zy) — by (6, Y )| At + g(1 — 0)(Qr — 1a) AWy, (9)
with AW, ~ N(0, Atl,) and
by (t, ) = a(l — )z + g*(1 = )V log pr—¢( | csre),
bz(t,z) = a(l —t)z + ¢*(1 — t)Velog p1_i( | cear),

“Intuitively, a bicausal Monge transport is a function that transforms one diffusion path into another using
only past information from both paths. We discuss the formal definition and its properties in Appendix.
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Figure 2: Trade-off between semantic alignment and perceptual similarity for different image editing
methods. The x-axis reports distance metrics (L1 and LPIPS here), while the y-axis shows CLIP
score. Points represent results for each method at different hyperparameter settings, and lines connect
results from lower to higher distance. A higher CLIP score indicates better semantic consistency
with the target prompt, while a lower distance means higher visual fidelity to the source image.
Methods toward the upper-left corner achieve a better balance between preserving image structure
and matching the edit prompt.

where the approximation in (9) is exact when At — 0.

Conditioning on Z; and Y, the expected increment is
_ — 2 P
E[HZHM —Yigael 1Y, Zt} = F(Y4,Z:) +29°(1 — t)(d — tr(Qy)) At, (10)

where F is a function depending only on Y; and Z;, and thus is constant under the conditioning.
Among all orthonormal @, the trace is maximized by ; = I, so the myopic minimizer of this
local quadratic deviation is the synchronous choice. We postpone the derivation to section[A.3]

Due to Theorem Y and Z also correspond to the law of (§) with Yy ~ p(- | curc) and the law of (6)
with Zg ~ p(- | ¢tar), respectively. Thus, Sync-SDE can be viewed as a greedy transport that maps
the law of (3) with Yy ~ p(- | csre) to the law of (@) with Zy ~ p(- | ctar). This transport is only valid
for typical samples from p(- | ¢ge). If ¢ does not describe the source image, i.e., yo lies outside
the support of p(- | ¢src), the transport provides no guarantee for that case. Conversely, choosing ¢y,
such that yj is likely under p(- | ¢sc) ensures the transport is well-defined and, intuitively, carries
mass from high-probability regions of the source distribution to high-probability regions of the target
distribution. We confirm this intuition through the qualitative studies presented in Appendix [D.3]

7 EXPERIMENT

In our experiments, we use the official pretrained weights of Flux.1[dev] (Black Forest Labs|,2024)
from HuggingFace. Sampling is performed using the SDE equivalence of rectified flow presented in
Lemma A 4. of Rout et al.|(2025a). For all methods, we fix the total number of sampling steps to 28.
Since modern image generative models are typically trained on Internet-crawled data, we construct a
dataset of 306 (Yo, Csre, Ctar) triplets using 91 1024 x 1024 images from pexels . com uploaded
after the release of Flux.1[dev]. The source prompts are generated with BLIP (L1 et al., 2022) and
refined by us, while the target prompts are modifications (by us) of the source prompts.

We compare sync-SDE with the following recent semantic editing methods built on pretrained text-
to-image generative models: SDEdit (Meng et al., [2022), FlowEdit (Kulikov et al.,2024)), FireFlow
(Deng et al.,2024), RF-Inv (Rout et al.||2025a), and RF-Edit (Wang et al.|[2025a)). All except SDEdit
are positioned as state-of-the-art. For all baselines, we use hyperparameters as recommended in
their respective papers, codebases, or GitHub releases. Our method initiates the coupling process at
to = 1/7 rather than 0 to ensure numerical stability. In preliminary experiments, we observed that
smaller ¢ values make structural changes easier, while larger values better preserve similarity to the
source image. This choice of ¢, is consistent with other baseline methods, such as FlowEdit, and
tends to work well across most images. All methods run in comparable time, taking 15-25 seconds
on an H100 GPU for a single 1024 x 1024 image.
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Figure 3: Global style transfer (the first row) and negative prompts (the second row) with sync-SDE.
In each pair, the source image is shown on the left and the edited image on the right.

Quantitatively, we evaluate our method and competing approaches using two measures of visual
change, L1 distance and LPIPS (Zhang et al.| 2018)) distance, alongside the CLIP
2021)) score between the edited images and their corresponding target prompts. Each point in Figure
2| corresponds to a specific hyperparameter setting recommended in the respective paper or official
GitHub release of that method. The three points shown for sync-SDE in Figure [2] correspond to
different guidance strengths when calling the Flux model with ¢, and ¢y, set to {1.0, 1.5,2.5}. The
plots show each distance metric (x-axis) against the corresponding CLIP score (y-axis), illustrating
the trade-off between preserving source-image fidelity and achieving prompt adherence. Across
all metrics, our method consistently attains higher CLIP scores while incurring smaller edits to the
source image, indicating that it produces semantically aligned results with a lower “editing budget.”

Qualitatively, we present the original images and their edits produced by sync-SDE in Figure [T}
and compare our method with competing approaches in Figure [d] which also includes pixel-wise
difference maps, obtained by plotting the absolute pixel-wise difference between the edited and
source images. In the difference maps, good edits appear as bright pixels confined to regions relevant
to the target prompt, while the rest remains dark. For each example and for each method compared,
we select, among the three hyperparameter settings reported in the quantitative results, the image that
is most similar to the source while still showing a meaningful edit, to rule out degenerate cases where
the result remains identical to the source. Sync-SDE produces edits that align closely with the target
prompt while preserving the rest of the image, yielding more localized and faithful modifications
than competing methods. Notably, in the first task (adding coffee), our method is the only one that
preserves the texture on the saucer. In the second task (Greek marble sculpture), competing methods
often distort the material qualities and lighting of the marble, modify the head covering, or introduce
unnatural features such as an Adam’s apple, whereas sync-SDE alters only the facial expression as
intended while faithfully preserving the marble texture and lighting. In the third task (a spoon on the
table), all other methods either alter the global lighting or modify unrelated objects such as the fruits,
cake, mug, wall, or dandelions. In the fourth task (adding glasses), every other method changes the
person’s appearance, whereas ours even preserves the eye color. In addition, sync-SDE demonstrates
strong capacity for global style transfer and handling negative prompts, as shown in Figure 3]

8 CONCLUSION

We have introduced sync-SDE, a simple and efficient framework for text-guided semantic image
editing that couples reverse-time SDEs through a shared backward Brownian path. Both qualitative
and quantitative experimental results demonstrate that sync-SDE achieves high prompt fidelity with
minimal unintended alterations, outperforming recent state-of-the-art editing methods. In Section
Bl we introduce resampling-ODE, a more stable, less hyperparameter-sensitive variant, though less
effective at generating fine-grained details compared to sync-SDE.
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csre =A latte with latte art in a black cup on a saucer, served with a glass of water and a spoon on a wooden tray, next to a digital clock display reading "09 02 11".

=A latte with latte art in a black cup on a saucer, served with a glass of water and a spoon on a wooden tray, next to a digital clock display reading "IC LR 26".

csre =Close-up photograph of a classical marble bust sculpture against a plain muted blue background. The statue depicts a youthful figure with curly hair,

serene facial expression, and a rounded head covering resembling a cap. The polished white marble surface shows fine detailing in the hair and smooth texture of the
face, lit with soft diffused light.
ctar =Close-up photograph of . . .. The statue depicts a youthful figure, laughing happily, with curly hair and a rounded head covering resembling a cap. The

polished white marble . . ..

csre =A dessert with berries and blueberries on a plate next to a black cup, a copper vase of dandelions, and a spoon, on the side of a wooden table with a gray wall.

ctar =A dessert with berries and blueberries on a plate next to a black cup, a copper vase of dandelions, and a fork, on the side of a wooden table with a gray wall.

csre =A close-up portrait of a woman with long dark braided hair, wearing a white top, a purple and yellow plumeria flower tucked in her hair.

Ctar =A close-up portrait of a woman with a pair of glasses and long dark braided hair, wearing a white top, a purple and yellow plumeria flower tucked in her hair.

Figure 4: Qualitative comparison of Sync-SDE with recent semantic editing baselines: FireFlow
(Deng et al.l |2024), FlowEdit (Kulikov et al., 2024), RF-Edit (Wang et al., 2025a)), RF-Inv (Rout;
et al., [2025a)), and SDEdit (Meng et al.l 2022). For each image, we show the original image followed
by the edited results from each method. The next row shows the corresponding pixel-wise difference
maps, where brighter regions indicate larger changes.
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A  MATHEMATICAL BACKGROUND

Let (2, F7,P) be a probability space. For a set A, let (A) denote the smallest o-algebra containing
A. With a slight abuse of notation, for a random variable X, o(X) denotes the smallest o-algebra
with respect to which X is measurable, and o(X; : s < t) denotes the smallest o-algebra with
respect to which all { X : s < ¢} are measurable. In this section, we first present an example where
a process is a Brownian motion w.r.t. one filtration but fails to be a Brownian motion w.r.t. another,
and then review the mathematical background of Bicausal Monge Transport.

A.1 BROWNIAN MOTION

Recall that we work with a probability space (2, F,P). We first define a filtration and the standard
definition of a Brownian motion:

Definition 2 (Filtration). A filtration {F;},> is an increasing family of o-algebras, i.e., Fs C F; C
F,0<Vs<t<oo.

Definition 3 (Brownian motion w.r.t. a filtration). A process {B; };>0 is called a standard Brownian
motion with respect to the filtration {F; } if:

1. By = 0 almost surely and the sample paths are continuous;
2. Vt > 0, B; is F; measurable.

3. For 0 < s < t, the increment B; — B is independent of F; and (B; — B;) | Fs ~
N0, (t = s)1a).

Here, a filtration { ¥} is simply a mathematical way of encoding the information available up to time
t. A crucial point is that the Brownian property is defined relative to a specific filtration. Enlarging
the filtration by including extra information can break the independence condition in item 3. We then
see how a process could fail to be so under a different filtration.

Example. Let {B;}c[o,1] be a standard Brownian motion with its natural filtration
Fi=0(Bs:0<s<t), tel0,1].
Now define an enlarged filtration
Gi=o(FUo(By)), telo,1],
where o (By) is the o-algebra generated by the terminal value B;.
» {F;}-view: By construction, {B; } is a Brownian motion with respect to {F;}.
» {G:}-view: For s < t < 1, since By is Gs-measurable, the conditional expectation is
E[B:1 — Bs | Gs] = By — Bs,

which is not almost surely zero. Thus, given G, the increment is not independent of G, and
has a nonzero mean, hence is not a {G; }-Brownian motion.

Intuitively, under {G,}, the process is seen by an insider who knows Bj in advance.

A.2 BICAUSAL MONGE TRANSPORT

We now give a self-contained, precise formulation of Bicausal Monge Transport, following the
framework of |Cont & Lim/(2024) with adaptations to our notation.

Path Space and filtration Fix a positive integer d. Let W? := ([0, 1], R?) be the space of
continuous paths with the supremum norm || - || and induced Borel o-algebra F;. For ¢ € [0, 1],
define the truncation map f; : W% — W9 by f;(w) = w(- A t) and the canonical filtration
Fi = o(f:) C Fi. Its right-continuous version is H; = ﬂ6>0 F(t+eya1- The canonical process is

X W% [0,1] = RY, Xy (w) := w(t); we write X.(w) = w for the identity on paths.
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Pushforwards If (A4;,.4;) are measurable spaces, 4; ® A denotes the product o-algebra on
A; x Aj. For a probability measure 1 on (A1, A1), A7 denotes the n-completion of A;. For a
measurable map 7" : A; — Ao, its pushforward of nis Tyun(A) = n(T~1(A)) for a n-measurable
set A.

Couplings, causality, and bicausality Given 1, v € P(W1), a probability measure 7 € P(W? x
W) is a coupling of (n, v) if
Pym=mn and Pym=v,

where P and P’ are the first and second marginals, respectively, defined as P(w,w’) = w and
P'(w,w') := . The set of all couplings is I1(n, ). Since W¢ x W is Polish, any 7 € II(n, v)
admits an n-a.s. unique probability kernel (regular conditional distribution)

O, : WixF —[0,1],  (w,B)~ 0%(B),
such that for all A, B € F,

(A x B) = /Wd La(w) ©%(B) n(dw).

Heuristically, ©% is the conditional distribution of Y conditioned on X = w.
Definition 4 (Causal, bicausal, and Monge couplings). Let n,v € P(W%) and I1(n, ) as above.

1. Causal coupling. A coupling 7 € II(n,v) is causal, from X to Y, if for every ¢t € [0, 1]
and every B € H, the map
w — ©%(B)

is H;-measurable. We denote the set of causal couplings by I1.(n, v/).

2. Bicausal coupling. Let R : W? x W9 — W2 x W4 be the coordinate swap, R(w,w’) =
(w',w). A coupling 7 € II(n, v) is bicausal if

mell(n,v) and Rymell.(v,n).
The set of all bicausal couplings is Ip.(7, v/).

3. Bicausal Monge coupling. A bicausal Monge coupling is a deterministic plan 7 =
(X.,T)4n induced by a measurable map 7 : we — Wd with Tyn = v such that 7 €
Hbc (777 V)'

Causality means “no peeking into the future”: under 7, the conditional law of the Y -path up to time ¢
given X depends only on the X -path up to ¢. Bicausality enforces this in both directions (also for X
given Y'). A bicausal Monge coupling is the deterministic, pathwise version of this idea.

A.3 DERIVATION OF THE EXPECTED INCREMENT
follows from

E[II(Q: — L)AW|I?] = E [tx(AW, (@ — 1) (Qu — L) ATV)]
E [r((Q: — L) AW AW, (Q — L))
tr((Qr — La) AtIy(Qr — 1a)")

Qt
tr((Qr — 1) (Q: — Id)T)At

tr(Q:QF — 2Q, + I;)At
2tr(Id — Qt) At.

B RESAMPLING ODE

We now describe a variant, called resampling-ODE, of sync-SDE that removes the Brownian motion
term from the target update while keeping it synchronized with a reference obtained from the forward
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model. Empirically, resampling-ODE is empirically more stable and less sensitive to hyperparameters,
at a cost of being less effective at generating fine-grained details compared to sync-SDE. Recall the
reverse-time drifts

(1 — t)S(at,csrC, 1— t)7
(1 — t)S(at,ctar, 1-— t).

We present the resampling-ODE algorithm in Algorithm [2] This algorithm can be interpreted as
evolving the difference process D, := Z; — Y, rather than simulating the full target process with an
explicit Brownian motion term. By maintaining D; separately, we avoid explicitly integrating the
stochastic term g(1 — ¢)dW, in the target process. At each iteration, we re-simulate the reference
state Y, from the forward closed form (@) using a fresh Brownian motion path and the initial state
o- This gives a new realization of the reference path that is consistent with the forward dynamics
starting from the same source image. The target state is then reconstructed as Z; = D; + Y, which
is equivalent to resampling Z; conditioned on the current reference Y'; and the maintained difference
Dy. Finally, D, is updated deterministically using the drift difference by — bz, ensuring that all
stochasticity in the target process comes indirectly from the re-simulated reference rather than from
integrating its own Brownian increments. Like in Algorithm [I] we assume a symmetric time grid
in Algorithm [2] for ease of presentation, and this is not required in practice. We show qualitative
comparisons between sync-SDE and resampling-ODE in Figure[5] As shown in the quantitative
results in Figure[6] resampling ODE performs reasonably well, though it is not the strongest in the
L1 vs. CLIP trade-off. However, it shows clear advantages against all competing methods on the
LPIPS vs. CLIP plot, where it preserves perceptual similarity to the source image better than most
competing methods, highlighting its robustness in maintaining structural fidelity.

Algorithm 2 resampling-ODE Semantic Editing

Require: Source image o, source prompt cg,¢, target prompt ¢, score network S(-, -, -), symmetric
timegrid 0=ty < --- <ty =1
1: Initialize Dy, =0
2: fork=0to N —1do
3:  Sample fresh forward Brownian increments {AWt(f)} ;V:_Ol with AWt(jk) ~ N(0,At;14)

Compute the forward path with @): Y3, < m(tx)yo + Z?:o D(ty,tj)g(t;) AW,

(k) k
tr Yl(—)t

Set the corresponding reversed reference state Y
Reconstruct 7§f) < Dy, + ?ﬁf)
Compute the drifts by (¢, Yif)), bz(t, Zif))

8 Update the difference Dy, ., = Dy, + [by(t.Z,,)) = bz (t, V3 )| Aty

9: end for
10: return Reconstructed image D;, + yo

k

AN A
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Figure 6: Trade-off between semantic alignment and perceptual similarity for different image editing
methods. The x-axis reports distance metrics (L1 and LPIPS here), while the y-axis shows CLIP
score. Points represent results for each method at different hyperparameter settings, and lines connect
results from lower to higher distance. A higher CLIP score indicates better semantic consistency
with the target prompt, while a lower distance means higher visual fidelity to the source image.
Methods toward the upper-left corner achieve a better balance between preserving image structure
and matching the edit prompt.

Source image Sync-SDE  Resampling-ODE  Source image

Sync-SDE  Resampling-ODE

"...#365 Memories..." — "...Sync SDEs Rise..." ‘
L Lo 8

"...aspoon..." — "...afork..." "...blue...yellow eye" — "...red...purple eye"

Figure 5: Head-to-head comparison of sync-SDE and resampling-ODE methods, both producing
high-quality edited images. All examples were generated with Flux.1[dev] (Black Forest Labs| [2024).

The idea of resampling-ODE extends beyond sync-SDE and can be applied to any pair of processes
(X¢,Y;) where one aims to simulate X from X, and Y; admits a closed-form expression. At any
time ¢, we track the difference Z; = X; — Y}, then resample a fresh Y, and construct a copy of X; as
Zy +Y]/. This mechanism resembles strategies in diffusion and flow implementations, where X; ¢
is obtained via E[X; | X;] plus freshly injected noise. While not entirely novel, this perspective
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highlights resampling as a general way to exploit easy-to-sample reference processes. Practically, we
find it yields more stable sampling, reducing the risk of failed edits in semantic applications.

C HYPERPARAMETER CHOICES ACROSS METHODS

For fair comparison, we evaluate three representative settings for each method, as recommended in
their respective papers, codebases, or GitHub releases. The hyperparameter settings are reported in
Table[I] The total number of sampling steps is fixed to be 28 across all methods, which is the default
value recommended by Flux.1[dev](Black Forest Labs|,[2024)).

Method Hyperparameter Settings

source guidance = 1.0, target guidance = 1.0, starting index=4
Sync-SDE source guidance = 1.5, target guidance = 1.5, starting index=4
source guidance = 2.5, target guidance = 2.5, starting index=4

source guidance = 1.5, target guidance = 1.5, starting index=4
Resampling ODE  source guidance = 2.5, target guidance = 2.5, starting index=4
source guidance = 3.5, target guidance = 3.5, starting index=4

guidance = 2, number of inject steps = 2, editing technique = replace_v
FireFlow guidance = 2, number of inject steps = 3, editing technique = replace_v
guidance = 2, number of inject steps = 4, editing technique = replace_v

source guidance = 1.5, target guidance = 3.5, Nmin = 0, Nmax = 24, Nayg = 1
FlowEdit source guidance = 1.5, target guidance = 4.5, Nmin = 0, max = 24, Nayg = 1
source guidance = 1.5, target guidance = 5.5, Nmin = 0, Nmax = 24, Nayg = 1

Guidance = 2, number of inject steps = 2
RF-Edit Guidance = 2, number of inject steps = 3
Guidance = 2, number of inject steps = 4

target guidance = 3.5, stop index =6, v = 0.5, 7 = 0.9
RF-Inv target guidance = 3.5, stop index =7,y = 0.5, 7 = 0.9
target guidance = 3.5, stop index =8,y = 0.5, = 0.9

target guidance = 5.5, starting index = 7
SDEdit target guidance = 5.5, starting index = 14
target guidance = 5.5, starting index = 21

Table 1: Hyperparameter configurations evaluated for each method. For each method, three represen-
tative settings are selected to probe the trade-off between semantic alignment and fidelity.

D EXTRA EXPERIMENTAL RESULTS

We provide additional results that complement the main paper, organized into qualitative comparisons,
prompt-sensitivity analyses, seed variability, and limitations. Code is available at https://
anonymous.4open.science/r/syncSDE-release—-30A4/readme.md.

D.1 ADDITIONAL QUALITATIVE RESULTS

Additional qualitative results are provided in Figure[7]and [I0} where we present more examples
of edits produced by Sync-SDE and comparisons with competing approaches, including pixel-wise
difference maps. These results further demonstrate that Sync-SDE achieves edits well-aligned with
the target prompt while preserving the source image structure, consistently producing localized and
faithful modifications across diverse scenarios. Furthermore, we provide qualitative results in Figure[§]
and [9to demonstrate the global style-transfer capacity of sync-SDE.

D.2 QUALITATIVE RESULTS UNDER DIFFERENT EDITING STRENGTH

Figures [T1] [T2] and [T3] present a comprehensive qualitative comparison of Sync-SDE against the
baselines under all hyperparameter settings specified in Table [T} Across all figures, Sync-SDE
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consistently produces edits that most faithfully follow the target prompt while preserving the structural
integrity and fine-grained details of the source image.

D.3 PROMPT EFFECTS ON EDITING PERFORMANCE

Figure [T4)and Figure[T5]qualitatively examine the role of prompt specificity and accuracy in editing
performance for the tasks of adding glasses and replacing a spoon with a fork, respectively. The
source prompts cec,1-4 decrease in descriptive detail as the index increases, while cg¢ 5 and cerc 6 are
intentionally misspecified to test the effect of source prompt accuracy. Similarly, the target prompts
Ctar,1-4 form a hierarchy from very detailed to minimal. We list them here for completeness.

Source prompts of Figure

* Cgre,1 = Portrait of a young woman with short dark hair, gazing directly at the camera,
wearing a sheer black lace top with floral patterns. She leans slightly forward beside a
reflective glass wall, soft natural light illuminating her face, blurred outdoor background
with golden tones, cinematic shallow depth of field, fine detail.”

* Cgre,2 = “Close-up portrait of woman in black lace top, short dark hair, leaning by glass,
looking at camera, warm sunlight background, shallow focus.”

* Cgre,3 = “Portrait of woman with short dark hair in lace clothing, leaning by window, soft
background blur.”

* Csre,4 = “Woman in lace top looking at camera.”

* Cere,5 = “Portrait of a woman in a bright red dress with sequins, standing outdoors in front
of a city skyline at night.”

* Cgre,6 = “Casual photo of woman in sportswear jogging on a beach at sunrise, waves in
background.”

Target prompts of Figure [14;

* Ctar,1 = ‘Portrait of a young woman with a pair of glasses and short dark hair, gazing
directly at the camera, wearing a sheer black lace top with floral patterns. She leans slightly
forward beside a reflective glass wall, soft natural light illuminating her face, blurred outdoor
background with golden tones, cinematic shallow depth of field, fine detail.”

* Ctar,2 = “Close-up portrait of woman with a pair of glasses in black lace top, short dark hair,
leaning by glass, looking at camera, warm sunlight background, shallow focus.”

* Ctar,3 = Portrait of woman with a pair of glasses and short dark hair in lace clothing,
leaning by window, soft background blur.”

* Ctar,a = ‘Woman with a pair of glasses in lace top looking at camera.”
Source prompts of Figure

* Coc,1 = “‘Minimalist coffee scene with small glass of dark espresso topped with golden
crema, placed on rectangular wooden board. A silver spoon rests beside the glass. Back-
ground shows a clear glass holding napkins and cutlery, set against a light gray wall, tabletop
in dark smooth finish, clean modern aesthetic, natural lighting.”

* Core,2 = “Glass of espresso with crema on wooden board, silver spoon beside, glass with
napkins in background, minimalist modern café style.”

* Core,3 = “Small espresso glass on wooden board with spoon, simple background.”
* Cere,4 = “Espresso in glass with spoon.”

* Cgre,5 = “Large ceramic teapot with green tea and a plate of cookies on wooden tray, cozy
rustic kitchen scene.”

* Core,6 = Outdoor picnic table with paper cup of cappuccino, croissant, and checkered cloth,
bright sunny park.”

Target prompts of Figure [15;
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* Ctar,1 = “Minimalist coffee scene with small glass of dark espresso topped with golden
crema, placed on rectangular wooden board. A silver fork rests beside the glass. Background
shows a clear glass holding napkins and cutlery, set against a light gray wall, tabletop in
dark smooth finish, clean modern aesthetic, natural lighting.”

* Ctar,2 = ‘Glass of espresso with crema on wooden board, silver fork beside, glass with
napkins in background, minimalist modern café style.”

* Ciar,3 = ‘Small espresso glass on wooden board with fork, simple background.”

* Ctar,a = “Espresso in glass with fork.”

The results show that when both source and target prompts are detailed and of comparable granularity,
the edits are most faithful, preserving subject identity and contextual features. In contrast, misspecified
or minimal prompts often lead to altered identities in Figure[I4] and to lost textures of the wooden
board, altered fine details on the napkins, and degraded coffee foam in Figure[I5] In each figure, all
images are generated with the same forward Brownian path.

D.4 EFFECTS OF g

Figure [[6]qualitatively examines the role of ¢, in editing performance. By varying the starting time of
the rectified flow, we observe a clear trade-off: smaller values of ¢ yield stronger, more comprehensive
edits that more aggressively follow the target prompt, while larger values of ¢( increasingly preserve
the structure and appearance of the original image, resulting in more conservative edits.

D.5 VARIATIONS WITH DIFFERENT BROWNIAN MOTION PATHS

Figure|l7|demonstrates the variability of sync-SDE across repeated runs for the same source—target
prompt pairs. While the results highlight the model’s ability to generate diverse yet semantically
consistent edits, they also reveal certain caveats of our approach. For example, in the first row, the
second repetition introduces a random artifact not present in the other outputs. In the second row, the
second-to-last edited image shows an unreasonably large glass of milk, and in the fourth edited image
the proportions are also distorted. Finally, in the last row, the third edited image alters the person’s
appearance in a noticeable way. These examples illustrate that although sync-SDE maintains strong
alignment with prompts across seeds, it may occasionally produce undesirable variations and may
require multiple runs to get the desired fidelity.

D.6 LIMITATIONS OF SYNC-SDE

Sync-SDE is not designed as a general instruction-following model. Instead, due to its formulation as
a greedy optimal transport procedure, it tends to exploit existing structures in the source image to
satisfy the target prompt. While this property can yield faithful and localized edits, it may also lead
to suboptimal behavior depending on the use case. As illustrated in Figure the dessert is altered
to a different type rather than simply removing the specified fruits, the grass is covered with only
a shallow layer of snow rather than a deep snow cover, and the potato is enlarged to fill the space
where the salt was supposed to be removed. These examples highlight that sync-SDE preserves too
much of the original structure when the task requires more radical changes. Similar issues also occur
in other methods, such as FlowEdit (Kulikov et al., [2024), though our method generally produces
more faithful edits even if it is not yet ideal.

D.7 ADDITIONAL QUANTITATIVE COMPARISONS

We perform quantitative evaluation on the Div2K dataset proposed in [Kulikov et al.| (2024). The
results are shown in Figure [T9] Sync-SDE achieves the strongest trade-off. Methods nearer the
upper-left offer the best balance.
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E DISCLOSURE OF LLLM USAGE

Large Language Models (LLMs) were used only to help improve the clarity and presentation of the
writing. All technical ideas, methods, and results were conceived and developed exclusively by the
authors without LLM assistance.
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0T L= AT L ...'PEACE’ ... ‘ICLR’

.‘popcorn’...— ... ‘pop ICLR’. .. ..milk ... — coarse salt . ..

— -‘bread’ ...cat...—...dog... ...cookies ...— ...pork steaks ...

..sunflowers ... — ...tulips ...

..golden beer ... — ..young deer . .. kitten .

Black-and-white. .. — ...vans...— ...iPhones ... ...—> ...Minecraft style ...
Colored. .. with glasses. ..

Figure 7: Each pair shows the source image on the left and the edited result on the right. The text
below each pair specifies the shift from the source prompt to the target prompt. A leading minus sign
(°-) indicates the use of a negative prompt.
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Figure 8: Each pair shows the source image on the left and the edited result on the right. Images are
transformed from realistic images to oil-painting style.

. | I’
Emir, i | Enmir, (
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...popcorn’...— ... ‘pop ICLR’... ...dog...— ...raccoon... ...milk ... — coarse salt ...

Figure 9: Each pair shows the source image on the left and the edited result on the right. Images are
transformed from realistic images to anime style.
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SDEdit

csrc =A close-up of weathered stone with visible cracks, where small rocks and pebbles, including one tan and one gray, are nestled tightly within the crevices.

Ctar =A close-up of weathered stone with visible cracks, where many French fries are nestled tightly within the crevices.

csre =Elegant bottle of Daiyame Japanese shochu beside a chilled cocktail glass with lemon twist, placed on a textured stone table with a fresh green shiso leaf.

ctar =Elegant bottle of Daiyame Japanese shochu beside a chilled cocktail glass with lemon twist, placed on a textured stone table with a pile of green peas.

csre =A delicate hand in a sheer white polka-dotted sleeve holding a shiny red apple, posed against a solid black background.

ctar =A delicate hand in a sheer white polka-dotted sle

eve holding a pile of red beans, posed against a solid black background.
) " v y P~ T y N

- s 3

csrc =A cozy breakfast scene with two croissants dusted with powdered sugar, served on a plate with fresh sliced strawberries, accompanied by a cup of cappuccino
and golden cutlery on a light tablecloth.
ctar =A cozy breakfast scene with two croissants dusted with powdered sugar, served on a plate with fresh sliced watermelons, accompanied by a cup of cappuccino

and golden cutlery on a light tablecloth.

Figure 10: Qualitative comparison of Sync-SDE with recent semantic editing baselines: FireFlow
(Deng et al., |2024), FlowEdit (Kulikov et al., 2024), RF-Edit (Wang et al., 2025a)), RF-Inv (Rout;
et al.,[2025a)), and SDEdit (Meng et al.| 2022). For each image, we show the original image followed
by the edited results from each method. The next row shows the corresponding pixel-wise difference
maps, where brighter regions indicate larger changes.
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Original Sync-SDE Fireflow Flowedit RF-Edit RF-Inv SDEdit
)

Figure 11: Qualitative comparison of Sync-SDE with recent semantic editing baselines: FireFlow
(Deng et al.l [2024), FlowEdit (Kulikov et al., 2024), RF-Edit (Wang et al., 2025a)), RF-Inv (Rout;
et al.|[2025a), and SDEdit (Meng et al.,|2022) with all hyperparameter choices in Table The editing
strength increases from top to bottom. For each strength level, we show the outputs of all methods,
with pixel-wise difference maps displayed directly below. Brighter regions in the difference maps
indicate larger deviations from the source image, illustrating how each method trades off semantic
change and structural preservation as the editing strength increases.
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Figure 12: Qualitative comparison of Sync-SDE with recent semantic editing baselines: FireFlow
(Deng et al.l [2024), FlowEdit (Kulikov et al., [2024), RF-Edit (Wang et al., [2025a)), RF-Inv (Rout
et al.|[2025a), and SDEdit (Meng et al.,|2022) with all hyperparameter choices in Table The editing
strength increases from top to bottom. For each strength level, we show the outputs of all methods,
with pixel-wise difference maps displayed directly below. Brighter regions in the difference maps
indicate larger deviations from the source image, illustrating how each method trades off semantic
change and structural preservation as the editing strength increases.
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Figure 13: Qualitative comparison of Sync-SDE with recent semantic editing baselines: FireFlow
(Deng et al.l |2024), FlowEdit (Kulikov et al., 2024), RF-Edit (Wang et al., [2025a)), RF-Inv (Rout
et al.| [2025a), and SDEdit (Meng et al.,|2022) with all hyperparameter choices in Tablem The editing
strength increases from top to bottom. For each strength level, we show the outputs of all methods,
with pixel-wise difference maps displayed directly below. Brighter regions in the difference maps
indicate larger deviations from the source image, illustrating how each method trades off semantic
change and structural preservation as the editing strength increases.
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Original image

Ctar,2

Csrc,1

Csrc,2

Csrc,3

Csrc,4

Csrc,5 m

E %

Figure 14: Editing study of sync-SDE on adding glasses to the subject in the original image (top).
Csre,1-4 and cyar 1-4 are progressively less detailed as the index increases from 1 to 4, while cgc 5
and cg; 6 are intentionally misspecified to test the impact of source prompt accuracy. Overall, edits

obtained with both a detailed source prompt and a target prompt of comparable detail level yield the
most successful results. All images are generated with the identical forward Brownian path.
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Original image

Ctar,1 Ctar,2 Ctar,3 Ctar,4

Csrc,1

Csrc,2

Csrc,4

Csrc,6

Figure 15: Editing study of sync-SDE on replacing a spoon with a fork in the original image (top).
Csre,1-4 and car 1-4 are progressively less detailed as the index increases from 1 to 4, while cgc 5
and cg; 6 are intentionally misspecified to test the impact of source prompt accuracy. Overall, edits
obtained with both a detailed source prompt and a target prompt of comparable detail level yield the
most successful results. All images are generated with the identical forward Brownian path.
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Figure 16: Qualitative effect of varying ¢( on editing behavior. Top row: The intended prompt is to
replace the oranges with apples. Bottom row: The intended prompt is to replace the two cookies in
front with coffee beans.
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csre =Golden brown croissant with visible flaky layers resting on a sheet of white parchment paper. The pastry sits on a wooden tray placed on a round wooden
table, softly lit by natural daylight. Background is softly blurred.
cyar =A pile of brown whole coffee beans resting on a sheet of white parchment paper. The coffee beans sit on a wooden tray placed on a round wooden table, softly

lit by natural daylight. Background is softly blurred.

csre =Glass of golden beer being poured, topped with frothy foam, placed on a wooden tray. Beside it is a dark brown glass jug with handle, and in the background
a small wooden beer barrel with leaf vines draped around it. Scene is softly lit with a clean backdrop, high detail.
ctar =Glass of milk being poured, placed on a wooden tray. Beside it is a dark brown glass jug with handle, and in the background a small wooden beer barrel with

leaf vines draped around it. Scene is softly lit with a clean backdrop, high detail.

csre = Close-up of a young deer with short antlers resting on a bed of dry straw. The animal faces forward with calm, alert expression, ears perked and fur in warm

brown tones. Sunlight highlights the texture of its coat and the straw around it. Natural wildlife portrait, rustic and serene atmosphere, high detail and photorealistic
style.

ctar =Close-up of a kitten resting on a bed of dry straw. The animal faces forward with calm, alert expression, ears perked and fur in warm brown tones. Sunlight

highlights the texture of its coat and the straw around it. Natural wildlife portrait, rustic and serene atmosphere, high detail and photorealistic style.

csrc =Portrait of a young woman wearing a crown and traditional embroidered dress with floral patterns. She holds a bouquet of red roses in her hands and smiles

warmly at the camera. The background is softly blurred with flowing white drapes framing the scene, creating a regal and festive atmosphere, high detail and vibrant
colors.

ctar =Portrait of a young woman wearing a hat and traditional embroidered dress with floral patterns. She holds a bouquet of red roses in her hands and smiles

warmly at the camera. The background is softly blurred with flowing white drapes framing the scene, creating a regal and festive atmosphere, high detail and vibrant

colors.

Figure 17: Multiple independent runs of sync-SDE edits for four source-target prompt pairs. In each
row, the leftmost image is the original image, followed by six edited results from different random
seeds. The source and target prompts (cs;c and ct,y) are shown below each row. The examples
demonstrate both the consistency and variability of sync-SDE across repeated generations.
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...— -‘berries and blueberries’ ...green grass...— ...— -‘a small pile of coarse salt’
...snow-covered land. ..

Figure 18: Each pair shows the source image on the left and the edited result on the right. The text
below each pair specifies the shift from the source prompt to the target prompt. A leading minus sign
(‘-”) indicates the use of a negative prompt.

32 | | |
—e— Sync-SDE
T 30 // ! ' 00/0/"‘ - /./. &‘ | | —— FireFlow
2 // o //* ~ i —+— FlowEdit
S 98 A - ¢ /| |-m—RFEdit
& —+— RF-Inv (SDE)
S 26 o S L |-+-RFInv (ODE)
< ! - «-- SDEdit
T T T T T T
10 20 30 0.2 0.4 0.6
+ L1 distance + LPIPS

Figure 19: Trade-off between semantic alignment and perceptual similarity for different image editing
methods on the Div2k dataset proposed in [Kulikov et al| (2024). The x-axis reports distance metrics
(L1 and LPIPS here), while the y-axis shows CLIP score. Points represent results for each method at
different hyperparameter settings, and lines connect results from lower to higher distance. A higher
CLIP score indicates better semantic consistency with the target prompt, while a lower distance
means higher visual fidelity to the source image. Methods toward the upper-left corner achieve a
better balance between preserving image structure and matching the edit prompt.
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