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Abstract

Rectified-flow-based diffusion transformers, par-
ticularly FLUX, have demonstrated outstand-
ing performance in high-quality image genera-
tion. However, achieving fast and accurate inver-
sion—transforming images back to latent noise
for faithful reconstruction and editing—remains
a challenging bottleneck due to the discretization
errors of linear solvers. This paper introduces
SlerpFlow, a straightforward yet highly effec-
tive zero-shot approach that unlocks the full po-
tential of FLUX for high-fidelity inversion and
editing. Unlike existing approaches (e.g., RF-
Solver) that rely on complex numerical approx-
imations such as high-order Taylor expansions
to correct trajectory errors, we present a geo-
metric view based on the Manifold Hypothesis:
the empirically observed trajectory curvature is
not a numerical artifact, but rather serves as a
necessary “centripetal force” that constrains the
flow to remain on the data manifold. Guided
by this insight, SlerpFlow integrates Spherical
Linear Interpolation (Slerp) to rectify flow ve-
locity directions on the hypersphere, strictly ad-
hering to the intrinsic curvature of the latent
space. Crucially, by caching the corrected ve-
locity for subsequent steps, SlerpFlow achieves
high-precision inversion while maintaining the
computational efficiency of a first-order Euler
solver. Extensive experiments on FLUX-based
reconstruction and editing tasks demonstrate that
SlerpFlow improves reconstruction fidelity and
achieves stronger semantic alignment in editing
without requiring additional training.Code is avail-
able at this URL.
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1. Introduction

Rectified Flow (RF) and Flow Matching (FM) establish a
deterministic paradigm for generative modeling by learn-
ing a continuous-time transport from a simple noise prior
to the data distribution (Chen et al., 2018; Lipman et al.,
2023; Liu et al., 2023; Song et al., 2021b). A key implica-
tion is theoretical reversibility: in principle, integrating the
learned dynamics backward should recover a latent repre-
sentation for a given real image, while integrating forward
from that latent should reconstruct the image (Starodubcev
et al., 2024; Lee et al., 2024; Song et al., 2021b; Grath-
wohl et al., 2019). This property underpins a broad class
of inversion-based applications that require trajectory-level
manipulation, including semantic editing (Mokady et al.,
2023; Hertz et al., 2023; Wallace et al., 2023).

However, accurate and robust inversion remains challeng-
ing, and inversion quality is often the key bottleneck that
determines the fidelity, consistency, and controllability of
downstream applications. A canonical baseline for diffusion-
model inversion is DDIM inversion (Song et al., 2021a). It
performs inversion via a deterministic recurrence, where the
state is updated at each timestep using the network predictor,
most commonly the noise prediction €g(x, t). Analogously,
for flow-matching models, inversion amounts to integrating
the learned velocity field vy (x;, t) backward in time (Lip-
man et al., 2023; Lee et al., 2024; Chen et al., 2018; Liu
et al., 2023). Consequently, inversion quality is tightly cou-
pled to both the accuracy of the predicted velocity and the
numerical stability of its discretized integration(Zhou & Liu,
2025): Approximation errors or solver errors can accumu-
late across timesteps, ultimately degrading reconstruction
fidelity and limiting the consistency and controllability of
downstream tasks.

To alleviate this error accumulation, (Wang et al., 2025)
propose RF-Solver, a training-free sampler that reduces
ODE-solving errors by deriving an exact formulation of
the rectified-flow ODE and applying high-order Taylor ex-
pansions to better approximate its nonlinear components,
thereby improving inversion precision at each timestep.
However,under the manifold hypothesis, meaningful latent
representations concentrate in a tubular neighborhood of
a low-dimensional manifold M C RP (Fefferman et al.,
2016; Bengio et al., 2013). Flow Matching and Rectified
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Flow learn an ambient-space velocity field vg(z,t) whose
ODE transports probability mass from a simple prior to the
data distribution (Lipman et al., 2023; Liu et al., 2023).In
this view, the learned trajectories are expected to remain
close to M throughout the transport (Fefferman et al., 2016;
Niyogi et al., 2011; Balakrishnan et al., 2012) since mov-
ing in the normal direction typically leaves the high-density
region around the data manifold (Stanczuk et al., 2024)
Motivated by the manifold hypothesis, we argue that the
empirically observed trajectory curvature is not merely a dis-
cretization error. Instead, it acts as a necessary “centripetal
force” that counteracts normal drift and keeps the transport
path within the high-density tubular neighborhood of the
data manifold M.

Building on this interpretation, we design SlerpFlow to re-
spect the induced geometric force rather than eliminate it: in-
stead of correcting trajectories with increasingly high-order
Euclidean expansions, we enforce a manifold-consistent
update that advances along the local tangent direction while
explicitly suppressing normal drift, thereby keeping iter-
ates inside the high-density tubular neighborhood of the
data manifold M. Concretely, we decouple the latent dy-
namics into radial and angular components and redefine
each integration step through the lens of intrinsic geome-
try; in high-dimensional generative flows where probability
mass concentrates near thin shells(Vershynin, 2018), we
argue that minimizing angular discretization error is often
more critical for perceptual fidelity than strictly adhering
to Euclidean straight-line updates. To this end, SlerpFlow
constructs a discrete chordal approximation: given the cur-
rent state Z, it first predicts the next-step radial shell p;,
together with the target direction d;j (via spherical linear
interpolation, SLERP), then synthesizes an effective secant
(chord) vector connecting Z; to this predicted target point,
resulting in the updateZ; 1, = Z; + hvgerp-By construc-
tion, this chordal step lands exactly on the predicted radial
shell, yielding structural exactness in the radial component
and reduced geodesic deviation in the angular component,
which together eliminate spurious “centrifugal” drift and
enable high-fidelity inversion without increasing the number
of function evaluations (NFE).

Our contributions are summarized as follows:

* We theoretically decompose the discretization error of
explicit solvers, isolating the spurious centrifugal drift
that plagues high-dimensional generative flows.

* We propose SlerpFlow, which implements a Decou-
pled Chordal Update. It guarantees that the trajectory
strictly adheres to the prescribed radial dynamics.

* SlerpFlow achieves state-of-the-art reconstruction qual-
ity without requiring additional function evaluations

(NFE), validating the efficacy of the quasi-spherical
geometric prior.

2. Related Work

2.1. Inversion

Inversion bridges the real data distribution and the latent
noise space, serving as the cornerstone for faithful recon-
struction and editing. DDIM inversion (Song et al., 2021a)
approximates the reverse SDE with a deterministic ODE.
However, the non-linear noise schedule introduces signifi-
cant discretization errors at limited steps. To mitigate these
discretization errors and bridge the discrepancy between the
forward and reverse trajectories, substantial research efforts
have been dedicated (Mokady et al., 2023; Wallace et al.,
2023; Dong et al., 2023; Miyake et al., 2025; Bao et al.,
2025; Samuel et al., 2025; Rout et al., 2024) With the rise
of flow-based models, inversion has shifted from solving
stochastic differential equations (SDEs) to ordinary differ-
ential equations,Recent approaches have been:RF-Inversion
(Rout et al., 2025) applies dynamic optimal control to min-
imize global trajectory deviation. RF-Solver (Wang et al.,
2025) utilizes Taylor expansions to correct the drift, while
FireFlow (Deng et al., 2025) leverages gradient information
from previous steps to achieve second-order accuracy with
only one function evaluation (NFE) per step.

2.2. Editing

A widely adopted paradigm for real image editing in dif-
fusion models is invert-then-edit: one first maps a real im-
age back to a latent/noise state that can be faithfully recon-
structed, and then performs conditional generation while
injecting source information to preserve structure. Early
training-free methods such as Prompt-to-Prompt control
word-level semantics through cross-attention manipulation
and reuse attention maps from the source branch to maintain
layout consistency (Hertz et al., 2023). Plug-and-Play ex-
tends this idea beyond attention by swapping intermediate
diffusion features, enabling stronger fidelity and controllabil-
ity without additional training (Tumanyan et al., 2023). Mas-
aCtrl (Cao et al., 2023) edits images by replacing the Value
features in self-attention blocks with those extracted from
a reconstruction pass, thereby preserving structural consis-
tency.Additionally, Add-it (Tewel et al., 2025) conditions
the editing trajectory by injecting the source image’s self-
attention Key and Value features, thereby improving con-
trollability while maintaining contextual consistency. With
respect to FLUX. models, RF-Editing (Wang et al., 2025)
performs reconstruction-based editing by reusing the Value
features of the multimodal diffusion transformer recorded
during inversion, thereby improving structural fidelity. In
contrast, RF-Inversion (Rout et al., 2025) treats the original
image as an explicit prior to guide both the forward and re-
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verse dynamics for semantic manipulation. FireFlow (Deng
et al., 2025) proposes a low-step rectified-flow inversion
solver, enabling efficient reconstruction-based editing.

Beyond general semantic image editing, visual text edit-
ing and generation impose stricter requirements on glyph
structure, text readability, and style preservation. Recent
works have explored diffusion-based scene text editing with
explicit prior guidance (Zeng et al., 2024), provided broader
surveys and benchmarks for visual text processing (Shu
et al., 2025), and studied style-conditioned multilingual
scene text generation (Chen et al., 2026). These applica-
tions further highlight the importance of faithful inversion
and structure-preserving editing.

3. Preliminaries
3.1. Rectified Flow

Rectified Flow (RF) (Liu et al., 2023) conceptualizes gener-
ative modeling as a transport problem, learning a continuous
bijection between a source noise distribution 7 (typically
N(0,1)) and a target data distribution 7r1. Unlike diffusion
models that rely on stochastic dynamics, RF establishes a
deterministic Ordinary Differential Equation (ODE) frame-
work.

Training Objective. During training, RF constructs linear
interpolation paths between sampled data pairs (xg,x1) ~
mo X m1. We define the interpolation trajectory as x; =
tx; + (1 — t)xo for t € [0,1]. The model learns a time-
dependent velocity field vy(z, t) to approximate the drift of
these paths by minimizing the flow matching objective:

Lr(0) = By o, |llvo(xe,8) — (x1 = x0)I3] . (D)

By optimizing this loss, vg captures the marginal vector
field that transports the probability density from 7 to 7.

Forward Process. In the inference phase, generation is
achieved by simulating the flow forward in time. Starting
from a random noise sample zg ~ 7y, the data sample z; is
obtained by integrating the learned velocity field:

1
zZ, = 7o —|—/ vo(z¢,t) dt. 2)
0

This forward process effectively pushes the mass of the
noise distribution along the learned trajectories to match the
data distribution.

Reverse Process. A key advantage of the ODE formula-
tion is its reversibility. Given a data sample z; ~ 71, we
can uniquely retrieve its corresponding latent representation
zo by integrating the flow backward in time from ¢ = 1

to ¢ = 0. This reverse process is governed by the negated
velocity field:

0 1
z0:z1+/ vg(zt,t)dt:zl—/ vg(z¢,t)dt.  (3)
1 0

In practice, both Eq. (2) and Eq. (3) are solved using numer-
ical solvers (e.g., Euler or Runge-Kutta methods). Ideally,
this bidirectional mapping allows for lossless reconstruction
(z1 — 29 — z1), provided that the integration is precise.

3.2. Motivation

The Ideal of Euclidean Linearity. Rectified Flow
(RF)(Liu et al., 2023) is designed to transport a noise dis-
tribution 7o to a data distribution 7 via a deterministic
Ordinary Differential Equation (ODE). The core philosophy
of RF is to “straighten” the generative path in the ambient
Euclidean space R”. Ideally, given empirical observations
of Xy ~ my, Xy ~ 71, the flow follows a linear trajectory
X; =tX; + (1 —t) Xy, which implies a constant velocity
field:

dX, d’ X

TR v(Xy,t) = X1 — Xp, implying 7= 0.

“
This property is highly desirable as it theoretically enables

single-step generation and minimizes discretization error
O(At?) for standard Euler solvers.

Non-Zero Acceleration. However, empirical observa-
tions consistently contradict this linearity assumption.
Trained velocity fields U(S exhibit significant curvature, with
time-varying velocity profiles that cannot be explained by
constant-velocity motion alone. This necessitates the in-
troduction of acceleration terms or higher-order numerical
solvers in recent works, as first-order integrators fail to cap-
ture the underlying trajectory dynamics. Conventionally,
this deviation is modeled as a fitting error or a numerical ar-
tifact. Specifically, existing methods attempt to approximate
the trajectory via a second-order Taylor expansion:

1
Xiiar ~ X+ v At + §atAt2, 5)
where the acceleration a; = % is treated as a residual

term to be minimized or compensated for. This perspective
presents a fundamental paradox: although the model is ex-
plicitly trained to regress the constant target X; — X, it
persistently yields a non-zero acceleration a; # 0. Attribut-
ing this solely to optimization failure is unsatisfactory given
the high capacity of modern networks.

On the Data Manifold. The observed curvature in learned
trajectories is grounded in the fundamental Manifold Hy-
pothesis (Bengio et al., 2013; Fefferman et al., 2016). Rather
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Euler/Taylor

a Spurious Centrifugal Drift. Standard solvers (Euler/Taylor)
move tangentially, inevitably leaving the curved manifold M.

b Chordal Update (Ours). SlerpFlow constructs a secant vector
to maintain the trajectory on the manifold shell.

Figure 1. Geometric interpretation of discretization errors. We illustrate why standard solvers fail on curved manifolds (a) and how
our proposed Decoupled Chordal Update (b) eliminates the radial drift by strictly adhering to the intrinsic geometry.

than being a numerical artifact, this curvature emerges as a
geometric necessity. Given that natural data resides on a low-
dimensional manifold M C RP—and that velocity fields
parameterized by smooth neural networks naturally preserve
this topological structure (Lei et al., 2020)—a strictly Eu-
clidean straight line (Eq. 4) inevitably traverses low-density
regions.

This geometric constraint is visually corroborated in Fig-
ure 1. While the learned flow naturally aligns with the
tangent space of M , the Euclidean linear assumption (Fig-
ure la) projects the trajectory to an off-manifold point. The
deviation labeled as “Error” stems from neglecting the man-
ifold’s intrinsic curvature. To eliminate this deviation and
constrain the trajectory to M, the flow is modeled as ap-
proximating a geodesic—the straightest path intrinsically,
which appears curved in the ambient space. Mathematically,
the ambient acceleration X decomposes into tangential and
normal components:

Xt:VXX+HJ_(X,X) (6)

where V XX represents the intrinsic acceleration, and
IT, (X, X) denotes the extrinsic curvature.

For a geodesic, the intrinsic acceleration vanishes (V XX =
0). However, the extrinsic curvature term II, (related to the
Second Fundamental Form) remains non-zero. Thus, the
“acceleration” observed in Rectified Flow corresponds to the
centripetal force necessary to navigate the data manifold,
establishing a; as an intrinsic geometric feature.

Geometric Analysis of Second-Order Discretization.
Recent works (Wang et al., 2025) have empirically observed
that increasing the solver order to n = 2 significantly miti-
gates these errors. We provide a geometric interpretation for
this effectiveness. Expanding the trajectory to the second

order yields:
h2
Zt+h %Zt—f—h'Ug(Zt,t)"‘? ’Ue(Zt,t) (7)

Here, the total time derivative 0y represents the acceleration
or local curvature of the trajectory.

Geometrically, while n = 1 fits a tangent line, n = 2 fits a
parabola that osculates the true trajectory. The inclusion
of the second-order term h;v effectively provides a “cen-
tripetal” correction that bends the step towards the manifold,
compensating for the linear drift of the Euler method. This
explains why n = 2 solvers are the current standard for
Rectified Flow: they explicitly account for the non-zero
curvature of the latent evolution.

4. Methodology

In this section, we first analyze the geometric error in-
duced by standard Euclidean solvers. We then introduce
SlerpFlow, a solver designed to eliminate this error via a
decoupled chordal update mechanism. Finally, we present
an asymmetric solver strategy to reconcile reconstruction
fidelity with semantic editability.

4.1. Geometric Analysis: Spurious Centrifugal Drift

Standard explicit solvers (e.g., Euler) approximate the inte-
gral using discrete Euclidean steps: Z;1;, = Z; + hv,. Let
us decompose the velocity v; into a radial component v
and a tangential component v with respect to the current
state Z;. The squared norm of the updated state is:

1 Ze4n 12 = 1 Zell*+20(Ze, o)+ B2 oy |2+ loL[?)- (®)

The term 2h(Z;,v)) represents the legitimate first-order
radial evolution. However, the term h?||v, ||? introduces a
strictly positive energy gain caused solely by linearizing the
angular motion.

Definition 4.1 (Spurious Centrifugal Drift). We define
the quadratic term A&yrifr = h2||vy||? as the Spurious
Centrifugal Drift. It causes the trajectory to spiral outwards
from the ideal manifold shell, accumulating an error of O(h)
globally even in the absence of radial dynamics.

4.2. SlerpFlow: Discrete Chordal Approximation

To address this, SlerpFlow decouples the update into radial
and angular components, constructing a chordal velocity
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Table 1. Quantitative reconstruction comparison on PIE-Bench.

Method ‘ Unconditional ‘ Conditional
| PSNRT  SSIMf x10°  LPIPS| x10° | PSNRT  SSIM{ x10°  LPIPS| x 107
Euler 11.10 40.51 43.13 11.43 37.64 4431
Heun 11.77 42.10 39.96 12.17 40.17 41.18
RE-Solver 16.97 57.17 31.75 16.38 55.64 3243
FireFlow 20.19 74.47 31.09 20.39 63.85 27.96
Ours 20.73 75.91 30.56 21.19 79.35 26.01
Source Euler RF-Solver FireFlow Ours

Figure 2. Qualitative results of image reconstruction.
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that strictly adheres to the manifold geometry. Our method
follows a Predictor-Corrector structure (similar to Heun’s
method) but operates in spherical coordinates.

1.Radial-Angular Decoupling. We express the latent
state in polar form: Z; = p; - d;, where p; = || Z| and
d; = Zt/pt € S?!. The radial dynamics p and angular
dynamics d are treated separately.

2.Target State Estimation. Given the current velocity
vy = vg(Z,t) and a predicted future velocity 9¢1p, (ob-
tained via a standard Euler predictor step), we compute the
target state parameters:

» Target Radius (p;,.,+): The radial evolution is scalar
and typically smooth. We approximate it linearly (or
via the learned field’s radial component):

<Zt77)t>
1 Z:|l

Pnext = Pt +h- (9)

* Target Direction (d,.,:): Instead of Euclidean addi-
tion, we adhere to the intrinsic geometry. We compute
the target direction using the geodesic interpolation
operator :

dne.tt = dt *o de€d7 (10)

where the operator is defined as u *, v =
sin((1—a)$2) sin(a)) . _

e Ut e Vs with Q = arccos((u,v}).
This formulation ensures the update traces the geodesic
arc with constant angular velocity, strictly avoiding the

centrifugal drift inherent to polynomial extrapolation.

3.Chordal Velocity Synthesis. Finally, we construct the
effective update vector vgep that connects the current
state Z; to the geometrically corrected target Z;, , =
pnemtdnext:

Zt*+h - Z pnewtdnewt - Zy
Uslerp = h = h : an

The final update is performed as a standard linear step:
Zig1r=Zi+h- Uslerp-

4.3. Image Semantic Editing

To ensure simplicity and a fair comparison with the other
solver methods, we follow the approach in (Wang et al.,
2025). Similar to (Deng et al., 2025), a reference prompt
is used as guidance to achieve semantic editing. Leverag-
ing the stable inversion trajectory, our method also does
not require a careful selection of timesteps for applying
the replacements. Additionally, we handle the case where
the angle approaches zero. The inversion and denoising
sampling processes are detailed in Algorithm 1.

5. Experiment
5.1. Implementation Details

Baselines. To rigorously demonstrate the effectiveness
of our proposed method, we benchmark against a compre-
hensive set of fundamental and state-of-the-art RF-based
solvers.

* Inversion & Reconstruction:We select four represen-
tative solvers: the fundamental Euler and Heun meth-
ods, alongside the advanced RF-Solver (Wang et al.,
2025) and FireFlow (Deng et al., 2025). We conduct a
direct comparison between these inversion-based base-
lines and our method under the same experimental
settings.

Editing:We consider two families of inversion-based
editing baselines. For diffusion-model inversion-
based editing, we include P2P(Hertz et al., 2023),
PnP(Tumanyan et al., 2023), PnP-Inv(Ju et al., 2024),
MasaCtrl(Cao et al., 2023), and InfEdit(Xu et al.,
2024).

We further include recent rectified-flow inversion meth-
ods, RF-Inversion (Rout et al., 2025),RF-Solver (Wang
et al., 2025)and FireFlow(Deng et al., 2025). We con-
duct a direct comparison between these editing base-
lines and our method under the same experimental
settings.

Implementation Details. In experiments, we employ
Flux.1-dev (Black Forest Labs, 2024) as the underlying
pre-trained model for both reconstruction and editing tasks.
To ensure a fair and rigorous comparison, we strictly control
the computational budget:

¢ For Inversion/Reconstruction: For FLUX reconstruc-
tion, we use FireFlow with 15 sampling steps as the ref-
erence computational budget. Since different solvers
require different numbers of model evaluations per
sampling step, we follow the corresponding step set-
tings to keep the NFE comparable to this reference
budget. Euler, Heun, and RF-Solver baseline results
follow the FLUX reconstruction setting reported by
UniEdit-Flow (Jiao et al., 2026), while FireFlow and
SlerpFlow are evaluated under our corrected 15-step
setting.

* For Editing: We adopt the optimal settings reported
in the original papers for FireFlow, RF-Solver, and RF-
Inversion. To provide a comprehensive evaluation, we
also compare our method with several diffusion-based
editing approaches, including P2P(Hertz et al., 2023),
PnP(Tumanyan et al., 2023), PnP-Inv(Ju et al., 2024),
MasaCtrl(Cao et al., 2023), and InfEdit(Xu et al., 2024)



SlerpFlow: Spherical Trajectory Correction for Rectified Flow Inversion

Table 2. Text-driven image editing comparison on PIE-Bench.

Structure

BG Preservation

CLIP Sim.}

Method Model St NFE
etho %€ | Distance/ x10% | PSNRT SSIM{x 102 | Whole Edited | = P°
P2P Diffusion 69.43 17.87 71.14 2501 2244 | 50 100
PnP Diffusion 28.22 2228 79.05 2541 2255 | 50 100
PnP-Inv. Diffusion 24.29 22.46 79.68 25.41 22.62 50 100
MasaCtrl | Diffusion 28.38 22.17 79.67 2396 2116 | 50 100
InfEdit Diffusion 13.78 28.51 85.66 2503 2222 | 12 T2
RF-Inv. FLUX 40.60 20.82 71.92 2520 2211 | 28 56
RF-Solver | FLUX 2553 21.91 87.51 2600 22388 | 15 60
FireFlow | FLUX 22.05 2247 89.53 2602 2596 | 15 32
Ours | FLUX | 2335 | 21.14 8821 | 2679 2638 | 15 32
Source P2P PnP PnP-Inv. RF-Inv. RF-Solver FireFlow Ours

mush.— flor.

city

color

InfEdit

Figure 3. Qualitative comparison on image editing.

Evaluation Metrics. All quantitative experiments are con-
ducted on the PIE-Bench dataset (Ju et al., 2024). We em-
ploy a comprehensive set of metrics to evaluate performance
across three distinct dimensions:

¢ Reconstruction Quality & Background Preserva-
tion: To assess the fidelity of inversion and the preser-
vation of unedited regions, we utilize four standard
metrics: Peak Signal-to-Noise Ratio (PSNR) (Huynh-
Thu & Ghanbari, 2008), Structural Similarity Index
Measure (SSIM) (Wang et al., 2004), and Learned Per-
ceptual Image Patch Similarity (LPIPS) (Zhang et al.,
2018). For the inversion task, these metrics are calcu-
lated over the entire image to measure reconstruction
accuracy. For the editing task, they are computed exclu-
sively within the unedited background regions (using
the provided masks) to evaluate the solver’s ability to
prevent unwanted changes.

Editing: To measure how well the edited content aligns
with the text prompt, we employ the CLIP Similarity
score (Radford et al., 2021). We report both CLIP-
Whole (similarity between the prompt and the entire
image) and CLIP-Edit (similarity between the prompt

and the cropped edited region) to capture global and
local semantic consistency.

 Structural Integrity: Following Ju et al. (2024), we
employ the Structure Distance metric. This evaluates
the preservation of edit-irrelevant structural layout, en-
suring that the geometric composition of the image
remains stable during the generative editing process.

Hyperparameters. Unless otherwise specified, all hyper-
parameters are kept consistent with FireFlow for fair com-
parison. The only SlerpFlow-specific hyperparameter is
the interpolation weight «, which controls the strength of
spherical correction.

5.2. Inversion and Reconstruction

Quantitative Comparison. Table 1 reports quantitative
results on PIE-Bench under matched computational bud-
gets. Across both conditional and unconditional settings, our
method consistently outperforms Euler, Heun, RF-Solver,
and FireFlow across all reconstruction metrics, demonstrat-
ing improved inversion stability and reconstruction qual-
ity under the same sampling budget. Compared with Fire-
Flow, SlerpFlow achieves higher PSNR and SSIM and lower
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Figure 4. Convergence comparison. Reconstruction RMSE of
RF-Solver, FireFlow, and SlerpFlow under different sampling
steps. SlerpFlow shows decreasing error as the sampling budget
increases and reaches competitive reconstruction accuracy in the
middle-to-high step range.

LPIPS in both conditional and unconditional settings. Rela-
tive to the Euler baseline, SlerpFlow substantially improves
reconstruction fidelity, increasing PSNR and SSIM while
reducing LPIPS by a large margin. These results indicate
that spherical trajectory correction provides a reliable im-
provement for rectified-flow inversion without increasing
the number of sampling steps.

Qualitative Comparison. As shown in Figure 2, our ap-
proach enables an efficient and effective reconstruction
pipeline on Flux.1-dev. Compared to baseline solvers, it
exhibits substantially less drift from the source image (e.g.,
fewer color/texture shifts and structural deviations), which
aligns with the quantitative gains in Table 1.

Convergence Rate: We compare the reconstruction error
of SlerpFlow with FireFlow and RF-Solver across different
sampling steps, as shown in Figure 4. The updated con-
vergence curve shows that SlerpFlow does not dominate
the baselines in the extremely low-step regime. When only
a very small number of sampling steps is used, the angu-
lar correction can be more pronounced, and the resulting
reconstruction error may be higher than that of FireFlow
and RF-Solver. As the sampling budget increases, however,
the reconstruction error of SlerpFlow decreases steadily
and becomes comparable to the competing solvers in the
middle-to-high step range. At 15 steps, SlerpFlow achieves
competitive reconstruction accuracy without requiring addi-
tional model evaluations per step. This behavior suggests
that SlerpFlow is better understood as a geometric regular-
ization mechanism for practical inversion budgets rather
than an extreme few-step acceleration method.

To further analyze this behavior, we visualize the spheri-
cal interpolation angle used by SlerpFlow across sampling
steps in Figure 5. The angle varies non-uniformly along the
inversion trajectory: it is relatively large in the early stage,

Angle Variation over Steps

Step

Figure 5. Angle variation of SlerpFlow. The spherical interpo-
lation angle used by SlerpFlow changes non-uniformly along the
inversion trajectory, with larger corrections in the early and late
stages and smaller corrections in the middle range. This supports
step-dependent angular correction in rectified-flow inversion.

decreases in the middle range, and increases again near the
late stage. This indicates that the required geometric cor-
rection is step-dependent rather than constant. The larger
angles in the early and late stages suggest stronger local
angular adjustment, while the smaller angles in the middle
range indicate a smoother segment of the trajectory. To-
gether, the convergence curve and angular analysis support
our view that rectified-flow inversion benefits from step-
dependent spherical correction, especially under moderate
sampling budgets.

5.3. Editing

Quantitative Comparison. We evaluate prompt-guided
editing on PIE-Bench (Ju et al., 2024). Table 2 reports
preservation metrics (PSNR/SSIM and LPIPS/MSE com-
puted on non-edited regions), editability metrics (CLIP sim-
ilarity on the whole image and the edited region), and effi-
ciency (NFE). SlerpFlow obtains the highest CLIP-Whole
and CLIP-Edited scores among all compared methods, indi-
cating stronger semantic alignment with the target prompt.
At the same time, its background preservation remains com-
petitive under the same steps and NFE as FireFlow, although
FireFlow and InfEdit achieve better scores on some preserva-
tion metrics. This behavior reflects a trade-off introduced by
the global angular correction of SlerpFlow: stronger prompt-
driven semantic alignment may slightly perturb unedited
background regions.

Qualitative Comparison. Compared with baseline meth-
ods, SlerpFlow produces target-aligned edits that more
strongly reflect the input prompt. While some baselines
preserve the background slightly better in certain cases, they
often show weaker semantic changes. Overall, the qualita-
tive results are consistent with Table 2: SlerpFlow favors
stronger semantic alignment while maintaining reasonable
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source-image consistency.

6. Conclusion

In this work, we revisited rectified-flow inversion from
a geometric perspective and identified spurious centrifu-
gal drift as a source of discretization error in Euclidean
solver updates. Motivated by the hyperspherical structure of
high-dimensional latent spaces, we introduced SlerpFlow, a
training-free geometric correction method that decouples ra-
dial and angular components and applies spherical interpola-
tion to regularize the inversion trajectory. Our corrected 15-
step evaluation shows that SlerpFlow consistently improves
reconstruction fidelity over Euler, Heun, RF-Solver, and
FireFlow without requiring additional model evaluations.
For text-guided editing, SlerpFlow achieves stronger CLIP-
based semantic alignment, while its background preserva-
tion remains competitive but slightly weaker than FireFlow
on some metrics. These results suggest that SlerpFlow
is best understood as a practical geometric regularizer for
rectified-flow inversion rather than an extreme few-step ac-
celeration method.

Limitations and Future Work. Despite these advantages,
SlerpFlow relies on an approximate hyperspherical latent-
space assumption and may introduce over-correction when
the local manifold geometry is highly anisotropic or locally
flat. In editing, the global angular correction can also per-
turb unedited background regions when the target prompt
induces a strong semantic shift. Future work may explore
adaptive curvature estimation, region-aware editing correc-
tions, and training-time spherical interpolation objectives
that align the learned flow more directly with the curved
latent geometry.

Acknowledgements

This work was supported by the Beijing Natural Science
Foundation (Grant number: 4262075), Research Funds for
NSD Construction, University of International Relations
(Grant numbers: 3262026T23).

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.

References

Balakrishnan, S., Rinaldo, A., Sheehy, D., Singh, A., and
Wasserman, L. Minimax rates for homology inference.
In Proceedings of the Fifteenth International Conference

on Artificial Intelligence and Statistics, volume 22 of
Proceedings of Machine Learning Research, pp. 64—72.
PMLR, 2012. URL https://proceedings.mlr.
press/v22/balakrishnanl2a.html.

Bao, Y., Liu, H., Gao, X., Fu, H., and Kang, G. Freeinv:
Free lunch for improving ddim inversion. In Advances
in Neural Information Processing Systems (NeurlPS),
2025. URL https://nips.cc/virtual/2025/
poster/118393.

Bengio, Y., Courville, A., and Vincent, P. Representation
learning: A review and new perspectives. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 35
(8):1798-1828, 2013. doi: 10.1109/TPAMI.2013.50.

Black Forest Labs. Announcing black forest labs (flux.1
model family). Blog post, August 2024. URL https://
bfl.ai/announcing-black—-forest—labs/.
Describes the FLUX.l family including FLUX.I
[dev] (open-weight, guidance-distilled). Model card:
https://huggingface.co/black-forest-labs/FLUX.1-dev.

Cao, M., Wang, X., Qi, Z., Shan, Y., Qie, X., and
Zheng, Y. Masactrl: Tuning-free mutual self-attention
control for consistent image synthesis and editing. In
Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision (ICCV), pp. 2256022570,
October 2023. doi: 10.1109/ICCV51070.2023.02062.
URL https://openaccess.thecvf.com/
content/ICCV2023/html/Cao_MasaCtrl
Tuning-Free_Mutual_Self-Attention_
Control_for_Consistent_Image_
Synthesis_and_ ICCV_2023_paper.html.

Chen, R. T. Q., Rubanova, Y., Bettencourt, J., and Duvenaud,
D. Neural ordinary differential equations. In Advances

in Neural Information Processing Systems, volume 31,
2018.

Chen, Z., Zhao, F., Shu, Y., Liu, Y., Yu, L., and Zhou, Y.
Styletextgen: Style-conditioned multilingual scene text
generation. arXiv preprint arXiv:2605.14708, 2026.

Deng, Y., He, X., Mei, C., Wang, P., and Tang, F. Fire-
flow: Fast inversion of rectified flow for image seman-
tic editing. In Proceedings of the 42nd International
Conference on Machine Learning (ICML), volume 267
of Proceedings of Machine Learning Research. PMLR,
2025. URL https://proceedings.mlr.press/
v267/deng25c.html. arXiv:2412.07517.

Dong, W., Xue, S., Duan, X., and Han, S. Prompt
tuning inversion for text-driven image editing using
diffusion models. In Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV), pp.
73967406, 2023. doi: 10.1109/ICCV51070.2023.00683.


https://proceedings.mlr.press/v22/balakrishnan12a.html
https://proceedings.mlr.press/v22/balakrishnan12a.html
https://nips.cc/virtual/2025/poster/118393
https://nips.cc/virtual/2025/poster/118393
https://bfl.ai/announcing-black-forest-labs/
https://bfl.ai/announcing-black-forest-labs/
https://openaccess.thecvf.com/content/ICCV2023/html/Cao_MasaCtrl_Tuning-Free_Mutual_Self-Attention_Control_for_Consistent_Image_Synthesis_and_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cao_MasaCtrl_Tuning-Free_Mutual_Self-Attention_Control_for_Consistent_Image_Synthesis_and_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cao_MasaCtrl_Tuning-Free_Mutual_Self-Attention_Control_for_Consistent_Image_Synthesis_and_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cao_MasaCtrl_Tuning-Free_Mutual_Self-Attention_Control_for_Consistent_Image_Synthesis_and_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cao_MasaCtrl_Tuning-Free_Mutual_Self-Attention_Control_for_Consistent_Image_Synthesis_and_ICCV_2023_paper.html
https://proceedings.mlr.press/v267/deng25c.html
https://proceedings.mlr.press/v267/deng25c.html

SlerpFlow: Spherical Trajectory Correction for Rectified Flow Inversion

URL https://openaccess.thecvf.com/
content/ICCV2023/html/Dong_Prompt__
Tuning_Inversion_for_Text-driven_
Image_Editing_Using_Diffusion_Models_
ICCV_2023_paper.html.

Fefferman, C., Mitter, S., and Narayanan, H. Testing the
manifold hypothesis. Journal of the American Mathe-
matical Society, 29(4):983-1049, 2016. doi: 10.1090/
jams/852. URL https://www.ams.org/jams/
2016-29-04/50894-0347-2016-00852-4/.

Grathwohl, W., Chen, R. T. Q., Bettencourt, J., Sutskever, 1.,
and Duvenaud, D. Ffjord: Free-form continuous dynam-
ics for scalable reversible generative models. In Interna-
tional Conference on Learning Representations (ICLR),
2019. URL https://openreview.net/forum?
id=rJxgknCcK7.

Hertz, A., Mokady, R., Tenenbaum, J., Aberman, K., Pritch,
Y., and Cohen-Or, D. Prompt-to-prompt image edit-
ing with cross-attention control. In The Eleventh In-
ternational Conference on Learning Representations,
2023. URL https://openreview.net/forum?
id=_CDixzkzeyb.

Huynh-Thu, Q. and Ghanbari, M. Scope of validity of PSNR
in image/video quality assessment. Electronics Letters,
44(13):800-801, 2008. doi: 10.1049/e1:20080522.

Jiao, G., Huang, B., Wang, K.-C. J., and Liao, R. UniEdit-
Flow: Unleashing inversion and editing in the era of
flow models. In The Fourteenth International Conference
on Learning Representations, 2026. URL https://
openreview.net/forum?id=ArU2CeB7Tnm.

Ju, X., Zeng, A., Bian, Y., Liu, S., and Xu, Q. Pnp inversion:
Boosting diffusion-based editing with 3 lines of code. In
International Conference on Learning Representations
(ICLR), 2024. URL https://openreview.net/
forum?id=FoMZ41jhVw.

Lee, S., Lin, Z., and Fanti, G. Improving the training of
rectified flows. In Advances in Neural Information Pro-
cessing Systems (NeurIPS), pp. 63082-63109, 2024. doi:
10.52202/079017-2014.

Lei, N., An, D., Guo, Y., Su, K., Liu, S., Luo, Z., Yau, S.-T.,
and Gu, X. A geometric understanding of deep learning.
Engineering, 6(3):361-374, 2020. doi: 10.1016/j.eng.
2019.09.010.

Lipman, Y., Chen, R. T. Q., Ben-Hamu, H., Nickel, M., and
Le, M. Flow matching for generative modeling. In The
Eleventh International Conference on Learning Represen-
tations, 2023. URL https://openreview.net/
forum?id=PgqvMRDCJT9t.

10

Liu, X., Gong, C., and Liu, Q. Flow straight and fast:
Learning to generate and transfer data with rectified flow.
In The Eleventh International Conference on Learning
Representations, 2023. URL https://openreview.
net/forum?id=XVjTTlnw5z.

Miyake, D., Iohara, A., Saito, Y., and Tanaka, T. Negative-
prompt inversion: Fast image inversion for editing with
text-guided diffusion models. In Proceedings of the
Winter Conference on Applications of Computer Vision
(WACV), pp. 2063-2072, 2025. URL https:
//openaccess.thecvf.com/content/
WACV2025/html/Miyake_Negative-Prompt_
Inversion_Fast_Image_Inversion_for_
Editing with_Text-Guided_Diffusion_
WACV_2025_paper.html.

Mokady, R., Hertz, A., Aberman, K., Pritch, Y., and
Cohen-Or, D. Null-text inversion for editing real
images using guided diffusion models. In Proceedings
of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 6038-6047,
2023. doi: 10.1109/CVPR52729.2023.00585.
URL https://openaccess.thecvf.
com/content /CVPR2023/html/Mokady__
NULL-Text_Inversion_for_Editing_Real_
Images_Using_Guided_Diffusion_Models_
CVPR_2023_paper.html.

Niyogi, P., Smale, S., and Weinberger, S. A topological
view of unsupervised learning from noisy data. SIAM
Journal on Computing, 40(3):646-663, 2011. doi: 10.
1137/090762932.

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,
Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark,
J., Krueger, G., and Sutskever, I. Learning transfer-
able visual models from natural language supervision.
In Proceedings of the 38th International Conference on
Machine Learning (ICML), volume 139 of Proceedings
of Machine Learning Research, pp. 8748-8763. PMLR,
2021. URL http://proceedings.mlr.press/
v139/radford2la.html.

Rout, L., Chen, Y., Kumar, A., Caramanis, C., Shakkottai,
S., and Chu, W.-S. Beyond first-order tweedie: Solving
inverse problems using latent diffusion. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Fattern Recognition (CVPR), pp. 9472-9481, June 2024.
URL https://openaccess.thecvf.com/
content /CVPR2024/html/Rout_Beyond_
First-Order_Tweedie_Solving_Inverse_
Problems_using_Latent_Diffusion_CVPR__
2024_paper.html.

Rout, L., Chen, Y., Ruiz, N., Caramanis, C., Shakkottai,
S., and Chu, W.-S. Semantic image inversion and edit-


https://openaccess.thecvf.com/content/ICCV2023/html/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.html
https://www.ams.org/jams/2016-29-04/S0894-0347-2016-00852-4/
https://www.ams.org/jams/2016-29-04/S0894-0347-2016-00852-4/
https://openreview.net/forum?id=rJxgknCcK7
https://openreview.net/forum?id=rJxgknCcK7
https://openreview.net/forum?id=_CDixzkzeyb
https://openreview.net/forum?id=_CDixzkzeyb
https://openreview.net/forum?id=ArU2CeB7Tm
https://openreview.net/forum?id=ArU2CeB7Tm
https://openreview.net/forum?id=FoMZ4ljhVw
https://openreview.net/forum?id=FoMZ4ljhVw
https://openreview.net/forum?id=PqvMRDCJT9t
https://openreview.net/forum?id=PqvMRDCJT9t
https://openreview.net/forum?id=XVjTT1nw5z
https://openreview.net/forum?id=XVjTT1nw5z
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/WACV2025/html/Miyake_Negative-Prompt_Inversion_Fast_Image_Inversion_for_Editing_with_Text-Guided_Diffusion_WACV_2025_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Mokady_NULL-Text_Inversion_for_Editing_Real_Images_Using_Guided_Diffusion_Models_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Mokady_NULL-Text_Inversion_for_Editing_Real_Images_Using_Guided_Diffusion_Models_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Mokady_NULL-Text_Inversion_for_Editing_Real_Images_Using_Guided_Diffusion_Models_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Mokady_NULL-Text_Inversion_for_Editing_Real_Images_Using_Guided_Diffusion_Models_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Mokady_NULL-Text_Inversion_for_Editing_Real_Images_Using_Guided_Diffusion_Models_CVPR_2023_paper.html
http://proceedings.mlr.press/v139/radford21a.html
http://proceedings.mlr.press/v139/radford21a.html
https://openaccess.thecvf.com/content/CVPR2024/html/Rout_Beyond_First-Order_Tweedie_Solving_Inverse_Problems_using_Latent_Diffusion_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Rout_Beyond_First-Order_Tweedie_Solving_Inverse_Problems_using_Latent_Diffusion_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Rout_Beyond_First-Order_Tweedie_Solving_Inverse_Problems_using_Latent_Diffusion_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Rout_Beyond_First-Order_Tweedie_Solving_Inverse_Problems_using_Latent_Diffusion_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Rout_Beyond_First-Order_Tweedie_Solving_Inverse_Problems_using_Latent_Diffusion_CVPR_2024_paper.html

SlerpFlow: Spherical Trajectory Correction for Rectified Flow Inversion

ing using rectified stochastic differential equations. In
International Conference on Learning Representations
(ICLR), 2025. URL https://openreview.net/
forum?id=HuOFSOSEyS. arXiv:2410.10792.

Samuel, D., Meiri, B., Maron, H., Tewel, Y., Dar-
shan, N., Avidan, S., Chechik, G., and Ben-
Ari, R.  Lightning-fast image inversion and edit-
ing for text-to-image diffusion models. In Interna-
tional Conference on Learning Representations (ICLR),
2025. URL https://iclr.cc/virtual/2025/
poster/28072. arXiv:2312.12540.

Shu, Y., Zeng, W., Zhao, F., Chen, Z., Li, Z., Yang, X., Zhou,
Y., Rota, P, Bai, X., Jin, L., et al. Visual text processing:
A comprehensive review and unified evaluation. arXiv
preprint arXiv:2504.21682, 2025.

Song, J., Meng, C., and Ermon, S. Denoising diffu-
sion implicit models. In International Conference on
Learning Representations (ICLR), 2021a. URL https:
//openreview.net/forum?id=St1lgiarCHLP.

Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A.,
Ermon, S., and Poole, B. Score-based generative mod-
eling through stochastic differential equations. In In-
ternational Conference on Learning Representations,
2021b. URL https://openreview.net/forum?
1d=PxTIG12RRHS.

Stanczuk, J. P., Batzolis, G., Deveney, T., and Schonlieb,
C.-B.  Diffusion models encode the intrinsic di-
mension of data manifolds. In Proceedings of the
41st International Conference on Machine Learn-
ing, volume 235 of Proceedings of Machine Learn-
ing Research, pp. 46412-46440. PMLR, 21-27 Jul
2024. URL https://proceedings.mlr.press/
v235/stanczuk24a.html.

Starodubcev, N., Khoroshikh, M., Babenko, A., and
Baranchuk, D. Invertible consistency distillation for text-
guided image editing in around 7 steps. In Advances in
Neural Information Processing Systems (NeurlPS), pp.
12496-12527, 2024. URL https://openreview.
net/forum?id=bl1XPHC7MQB.

Tewel, Y., Gal, R., Samuel, D., Atzmon, Y., Wolf, L., and
Chechik, G. Add-it: Training-free object insertion in
images with pretrained diffusion models. In Interna-
tional Conference on Learning Representations (ICLR),
2025. URL https://openreview.net/forum?
id=ZeaTvXw080.

Tumanyan, N., Geyer, M., Bagon, S., and Dekel,
T. Plug-and-play diffusion features for text-
driven image-to-image translation. In Proceed-
ings of the IEEE/CVF Conference on Computer

11

Vision and Pattern Recognition (CVPR), 2023.
URL https://openaccess.thecvf.com/
content /CVPR2023/papers/Tumanyan_
Plug-and-Play_Diffusion_Features_
for_Text-Driven_Image-to-Image_
Translation_CVPR_2023_paper.pdf.

Vershynin, R. High-Dimensional Probability: An Intro-
duction with Applications in Data Science. Cambridge
University Press, 2018. doi: 10.1017/9781108231596.

Wallace, B., Gokul, A., and Naik, N. Edict: Exact diffusion
inversion via coupled transformations. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2023. URL https:
//openaccess.thecvf.com/content/
CVPR2023/papers/Wallace_EDICT_Exact_
Diffusion_Inversion_via_Coupled_
Transformations_CVPR_2023_paper.pdf.

Wang, J., Pu, J., Qi, Z., Guo, J., Ma, Y., Huang, N., Chen, Y.,
Li, X., and Shan, Y. Taming rectified flow for inversion
and editing. In Proceedings of the 42nd International
Conference on Machine Learning (ICML), volume 267 of
Proceedings of Machine Learning Research, pp. 64044—
64058. PMLR, 2025. URL https://proceedings.
mlr.press/v267/wang25ce.html.

Wang, Z., Bovik, A. C., Sheikh, H. R., and Simoncelli,
E. P. Image quality assessment: From error visibility
to structural similarity. IEEE Transactions on Image
Processing, 13(4):600-612, 2004. doi: 10.1109/TIP.2003.
819861.

Xu, S., Huang, Y., Pan, J., Ma, Z., and Chai, J. Inversion-
free image editing with language-guided diffusion
models. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition
(CVPR), pp. 9452-9461, 2024. URL https:
//openaccess.thecvf.com/content/
CVPR2024/html/Xu_Inversion-Free_
Image_Editing_with_Language-Guided_
Diffusion_Models_CVPR_2024_paper.html.

Zeng, W., Shu, Y., Li, Z., Yang, D., and Zhou, Y. Textctrl:
Diffusion-based scene text editing with prior guidance
control. Advances in Neural Information Processing Sys-
tems, 37:138569-138594, 2024.

Zhang, R. Y, Isola, P., Efros, A. A., Shechtman, E., and
Wang, O. The unreasonable effectiveness of deep features
as a perceptual metric. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 586-595, 2018. doi: 10.1109/CVPR.2018.
00068.


https://openreview.net/forum?id=Hu0FSOSEyS
https://openreview.net/forum?id=Hu0FSOSEyS
https://iclr.cc/virtual/2025/poster/28072
https://iclr.cc/virtual/2025/poster/28072
https://openreview.net/forum?id=St1giarCHLP
https://openreview.net/forum?id=St1giarCHLP
https://openreview.net/forum?id=PxTIG12RRHS
https://openreview.net/forum?id=PxTIG12RRHS
https://proceedings.mlr.press/v235/stanczuk24a.html
https://proceedings.mlr.press/v235/stanczuk24a.html
https://openreview.net/forum?id=b1XPHC7MQB
https://openreview.net/forum?id=b1XPHC7MQB
https://openreview.net/forum?id=ZeaTvXw080
https://openreview.net/forum?id=ZeaTvXw080
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wallace_EDICT_Exact_Diffusion_Inversion_via_Coupled_Transformations_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wallace_EDICT_Exact_Diffusion_Inversion_via_Coupled_Transformations_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wallace_EDICT_Exact_Diffusion_Inversion_via_Coupled_Transformations_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wallace_EDICT_Exact_Diffusion_Inversion_via_Coupled_Transformations_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wallace_EDICT_Exact_Diffusion_Inversion_via_Coupled_Transformations_CVPR_2023_paper.pdf
https://proceedings.mlr.press/v267/wang25ce.html
https://proceedings.mlr.press/v267/wang25ce.html
https://openaccess.thecvf.com/content/CVPR2024/html/Xu_Inversion-Free_Image_Editing_with_Language-Guided_Diffusion_Models_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Xu_Inversion-Free_Image_Editing_with_Language-Guided_Diffusion_Models_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Xu_Inversion-Free_Image_Editing_with_Language-Guided_Diffusion_Models_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Xu_Inversion-Free_Image_Editing_with_Language-Guided_Diffusion_Models_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Xu_Inversion-Free_Image_Editing_with_Language-Guided_Diffusion_Models_CVPR_2024_paper.html

SlerpFlow: Spherical Trajectory Correction for Rectified Flow Inversion

Zhou, Z. and Liu, W. An error analysis of flow matching for
deep generative modeling. In Forty-second International
Conference on Machine Learning, ICML 2025, Vancou-
ver, BC, Canada, July 13-19, 2025. OpenReview.net,
2025. URL https://openreview.net/forum?
1d=vES22INUKm.

12


https://openreview.net/forum?id=vES22INUKm
https://openreview.net/forum?id=vES22INUKm

SlerpFlow: Spherical Trajectory Correction for Rectified Flow Inversion

A. Algorithm

Algorithm 1 SlerpFlow

1: Input: Current state Z;, model vy, step size h.
: 1. Predictor (Euler):

’Ut — 'Ug(Zt7 )

Zt+h <—Zt+h'Ut
. Corrector ((}eometry-Aware):

Vpn = Vo(Ztn,t +h)

U < (04 + O14-n)/2 {Average Velocity}
3. Geometric Decomposition:
A
10:  prext < pt + h - (Zt/pe, ) {Target Radius}
11: dt — Zt/l)t
12:  deyter < (Z¢ + h0) /|| Z: + ho|]
13:  dpext < Slerp(dy, deyier, 0.5) {Corrected Direction}
14: 4. Chordal Update:
15: Uslerp < (pnea:tdnewt - Zt)/h
16: Zt+1 — 2 + h - Uslerp
17: Return Z;4

]

P RN AEW
(8]

NFE accounting and velocity caching. Algorithm 1 describes a single SlerpFlow update for clarity. In our implementation,
the velocity at the current state is cached from the previous step and reused in the next step. Therefore, after the first
initialization step, only the future velocity 9,5, requires a new model evaluation. This caching strategy keeps the number of
function evaluations comparable to FireFlow. For editing, both inversion and denoising trajectories are executed with the
same step budget; thus, with 15 steps, the total NFE is 32, matching the setting reported in Table 2.

B. Mathematical Proofs
B.1. Proof of Manifold Deviation

Consider a trajectory on a hypersphere SP~! of radius R. Let Z; be the state with || Z;|| = R. For a standard Euclidean
Euler step Zguyier = Zt + huy, even if the velocity vy is strictly tangential ({Z, v¢) = 0):

1Z5uterI” = 1 Zel|* + 204 Ze, ve) + B2 ||oi]|* = B? + h2||ve*. (12)

Applying Taylor expansion || Zgyie || = R + i ”vt I® | This proves that Euclidean solvers introduce a systematic radial drift

of order O(h?). SlerpFlow eliminates this drift by explicitly projecting the state back to the predicted manifold shell.

B.2. Local Truncation Error (LTE) Derivation

Let Z(t) be the exact solution with expansion Zs..(t + h) = Z(t) + ho(t) + h;v(t) + O(h3). SlerpFlow’s effective
velocity vgerp linearizes to the trapezoidal mean:

vtery ~ SR ) 4 iy 1 o0n2), 13

Substituting into the update Zgierp = Z¢ + hsierp:

Zgerp(t+h) = Z(t) + ho(t) + h;i)(t) + O(R). (14)

Thus, SlerpFlow matches the exact solution up to h?, yielding an LTE of O(h?) and a global convergence order of O(h?).
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C. Theoretical Analysis

In this section, we provide rigorous mathematical derivations to support the geometric motivation (Section 3) and the
convergence properties of the proposed method (Section 4).

C.1. Geometric Analysis of Spurious Centrifugal Drift

In the Motivation section, we argue that standard Euclidean solvers introduce a systematic energy inflation, pushing
trajectories off the data manifold. Here, we quantify this error.

Assumption (Locally Spherical Dynamics). For clarity of derivation, we consider a latent state Z, constrained to a
hypersphere of radius R (i.e., || Z¢|| = R). We assume the learned velocity field v; describes a pure rotation locally, meaning
it is strictly tangent to the manifold:

<Zt,Ut> = 0 (15)
While real-world generative flows may contain legitimate radial evolution, the derivation below isolates the spurious drift

component introduced solely by the discretization of the tangential dynamics.

Derivation. Consider a standard Euclidean Euler update with step size h: Z,,¢+ = Z¢ + hv,. The squared norm of the
updated state is:
| Zneat|” = 1| Zs + hoe|[* = 1| Z] + 20{Zy, ve) + 22| |ve] 2. (16)

Applying the tangential assumption ({Z;, v;) = 0) and substituting || Z;|| = R:
h2||ve]?
| Zncanll® = B> + W2|Ju” = B (”32 - a7

Taking the square root and applying the Taylor expansion v/1 + = ~ 1 4 2/2 for small h:

2w P 2 |ve|[?
||Znert||~R(1+2RQ) =R+ R (18)

Conclusion. Equation (18) reveals a strictly positive radial error term AR = . This confirms that Euclidean
solvers introduce an O(h?) Spurious Centrifugal Drift at every step, causing the trajectory to spiral outwards from the
high-density manifold shell.

h?[|v[?
2R

C.2. Convergence and Accuracy Analysis
Here, we demonstrate that SlerpFlow achieves second-order convergence, justifying its improved reconstruction fidelity
compared to first-order Euler methods.
Exact Solution Expansion. Let Z(t) be the exact solution to the ODE dZ; = v(Z;,t)dt. Assuming the velocity field is
differentiable, the Taylor expansion of the true state at ¢t + A is:
h2
Zipue(t +h) = Z() + ho(t) + -6 (t) + O(h?), (19)

where ©(t) denotes the total time derivative (acceleration).

SlerpFlow Update Analysis. SlerpFlow constructs an effective chordal velocity vserp to update the state: Zgerp =
Zy 4 h - Vgierp. The core of SlerpFlow utilizes Spherical Linear Interpolation (Slerp) with a factor o = 0.5 between the
current direction d; and the predicted direction dp,..q. In the limit of small step size h, the geodesic chord constructed by
Slerp asymptotically aligns with the arithmetic mean of the tangent vectors at the endpoints (trapezoidal integration):

t)+v(t+h
Uslerp ~ % (20)
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Substituting the expansion v(t + h) ~ v(t) + ho(t) into the above:

Vsterp = V(1) + gz}(t) + O(Rh?). Q1)

Now, substituting this effective velocity into the linear update step:

Zsierp(t +h) = Z(t) + h (v(t) + Zv(t)) =Z(t)+ ho(t) + h;v(t) + O(h®). (22)

Conclusion. Comparing Equation (22) with the exact expansion in Equation (19), we observe that SlerpFlow matches
the exact solution up to the ~2 term. Consequently, the Local Truncation Error (LTE) is O(h?), which implies a Global
Convergence Order of O(h?). This theoretically validates why SlerpFlow outperforms Euler methods and achieves
accuracy comparable to higher-order solvers like Heun, while strictly adhering to the manifold geometry.

Small Angles. The operator *, defined in Eq. 10 relies on spherical linear interpolation (Slerp). A numerical instability
arises when the angle {2 = arccos((u, v)) approaches 0, causing the denominator sin {2 to vanish.

To address this, we apply the small-angle approximation limgy_, sin § ~ 6. When 2 < € (where ¢ is a small threshold, e.g.,
1079), the operator degrades to linear interpolation (Lerp):

(sin((l —a)Q) _— sin(a)

lim
Q—0

sin {2 sin € V) =(1-ojutav. 29

This linear approximation ensures gradients remain bounded and prevents numerical divergence during the identity mapping
or fine-grained editing tasks.

D. Ablation Study

D.1. Reconstruction comparison in SD3.

Table 3. Quantitative reconstruction comparison in SD3.

Steps NFE| LPIPS| SSIM{ PSNR{

DDIM-Inv. 50 100 0.2342 0.5872 19.72
ReFlow-Inv. 30 60 0.5044 0.5632 16.57
RF-Solver. 30 120 0.2926 0.7078 20.05
RF-Inversion. 30 60 0.4480 0.4599 16.22
FireFlow. 30 62 0.2336 0.8024 24.01
Ours. 30 62 0.2121 0.8241 24.21

To further evaluate the transferability of our geometric prior, we extend SlerpFlow to SD3. As shown in Table 3, SlerpFlow
achieves the best results among the compared methods, with modest but consistent gains over FireFlow. Although the
absolute reconstruction fidelity on SD3 differs from that on FLUX, the results suggest that spherical trajectory correction
can still provide useful reconstruction improvements beyond a single rectified-flow model. We attribute the inter-model
performance gap to differences in the intrinsic curvature of the learned velocity fields: FLUX is optimized for straighter
trajectories, whereas SD3 may exhibit stiffer dynamics with higher local curvature. In this setting, SlerpFlow remains
competitive by mitigating radial drift without relying on unstable derivative estimates

E. Limitations and Future Perspectives
E.1. Theoretical Limitations

Homogeneity of Curvature Assumption. SlerpFlow mitigates centrifugal drift by leveraging the empirical prior that
high-dimensional latent representations often concentrate near thin shells, where local geometry can be approximated by a
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hypersphere. This implicitly assumes a nearly constant local curvature. When the underlying manifold exhibits strongly
varying sectional curvature, or becomes locally flatter in certain regions, enforcing spherical interpolation may lead to mild
over-correction, potentially introducing subtle artifacts in rare cases.

Linear Radial Approximation. Our update decouples the state into radial and angular components, Z; = p; - d;, and
models the radial evolution with a linear approximation. While this is sufficient under typical step sizes, it may underfit rapid
energy fluctuations during highly non-linear phases of Rectified Flow dynamics. In principle, a fully coupled high-order
solver could better capture such transitions, at the cost of increased computation and sensitivity to model noise.

E.2. Future Perspective: A Lie Group View

Towards Lie-Group Geometric Integrators. A promising direction is to generalize the angular update of SlerpFlow
through Lie-group methods. Our Slerp step is a geodesic update on the unit sphere SP~1; equivalently, it can be realized via
the action of a minimal rotation R € SO(D) that maps the current direction to a target direction, i.e., d;+;, = R*d; for
some step fraction . This viewpoint suggests constructing exponential-map-based updates, where one parameterizes a local
generator ) € so(D) and applies R = exp(2) to obtain intrinsically structure-preserving angular transport. More broadly,
formulating the transport on homogeneous spaces or symmetry-structured manifolds may enable solvers that better respect
intrinsic invariants (e.g., norm and group-action constraints), potentially improving stability and intrinsic accuracy with
reduced reliance on ad-hoc projection heuristics. We leave a rigorous development—including how to infer €2 from learned
velocities under model noise—to future work.
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