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Setting Clarification

Setting: image editing by a pre-trained text-to-image (T2I) model — goyupee —— Target
Image Prompt Prompt

1: Inputs: source image x.,.; prompts €.y, Car A [dog] A [eat]
sitincona sitmeona
wooden wooden
charr charr

Input & Output :

2: Output: edited image x,.,,.

i
. . -
Data(> 230 pairs): ppyog dataset, pexels, pixabay, pxhere.

source prompt, which was obtained from LLaVA-1.5 and manually refined.

Evaluation Metric:

Semantic alignment:
CLIP score

Consistency:
DINO
DreamSim
MSE(latent space)
LPIPS(Learned Perceptual Image Patch Similarity)
FID(Frechet Inception Distance)
KID(Kernel Inception Distance)



Notation & Motivation Image from ChordEdit

(a) Editing by Multi-steps
Simple Dnift

N(0,1)

(a) Editing by ODE Inversion Il(b) Reinterpretation of Editing by Inversio

Pre-trained text-to-image model :

time: te[0,1]
image state: xt/Zt
text condition: C

dx

d—; = v(xy, 1, c).

dZi = V(th) dt

The Editing Problem:

1 = . P
i b - P
-
3

‘ﬁg.ﬂr - Noise - Cat

V““(Xi,t} a V{Xﬁ, f., Eﬁm) and Vw(Xt t} £ V(Xh t, F—-lar)
VA(Zr, ) = V(23 1)~ V=(Z}", 1)

=2+ a2 dZ™ = VA(Z5©, Z*) dt,

dZy™ = VO (Z™, 2™ + Z7™ — Z5") dt



Method

The Editing Problem:

de_ = V(Zf_]t) dt.

Vsm(xh t} = V{X'h t"' Eﬁm) and Vm(xh t) £ V(Xh t:r c‘ﬂl'} i ?{;\““

VA(Z™, Z1") = V™(ZP", 1) = V(Z", 1).

(b) Reinterpretation of Editing by Inversion I(c}
|

Z& =Zg+ ZF - Zp". | | dB™ = VA, Z) dt,

dZy™ = VO (Z™, 2™ + Z7™ — Z5") dt

FlowEdit:
Z¥ = (1-0ZF+iN,, N; ~ N(0,1)

Az =B |VAZr, 2 + 2 - 70|z | at

Algorithm 1 Simplified algorithm for FlowEdit

Input: real image X, {t,-}iu, Timax; Mavg

Output: edited image X"

Init: Zf’fu = Xg*

for i = ng., to 1 do
Ni{, NN([}': 1) 5
7= (1 —8)X™ L LN, Optionally
ZEI v ZEE o Z;::L _ X s average TMayg
VA V(Z 1) — V(= )|  samples
Z® IR (-

end for

Return: ZIF = X1

Editing Using FlowEdit

| Tiger — Cat



FlowEdit

Algorithm 1 Simplified algonthm for FlowEdit

(b) Reinterpretation of Editing by Inversion I(c} Editing Using FlowEdit
I

Input: real image X5, {t"}iu? Tmax , Navg

Output: edited image X

Init: Zf'fu = X3*

for i = ny,, to 1 do
Nfi 2 N{U: l) x
Zm o (1 — )X + &N, Optionally
ZEur e Z-EE i ZE:L — X average Hm,g
VA« V(2 1) — V=o(z5=,t,)) Samples
78— =t

end for

Return: Z)* = X

| ‘ﬁgﬁr Caf;
Practical Considerations:

E[N,N,] = Oforevery |t —s| > 4. where 4 is the ODE discretization step, so that the noise becomes independent across timesteps.

4z = E |VAZE", 21 + 2 - 23| 75| at < EIV™(Zi*,1)| Z5°] - BIV™(Z;",1)| Z"],

When npex < T, the first (T — e, ) timesteps are skipped
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Generated cats distribution

Cats-Dogs Experiment

FlowEdit achieves a lower transport cost:

" || MSE(in latent space) | LPIPS _

“a photo of cat”

¥

Llama3 8B instruction : —
J FlowEdst Editing by inversion FlowEdit 1376 0.15

h £ XX 1000 dogs distribution dogs distribution

“a photo o cat” x

P ; E . iy u_ _ “ inversion 2239 0.25

l SD3 | ) 4
“a photo of XX dog” x 1000
\? ﬂ FlowEdit is able to produce images from the target
'WI distribution(similarly to inversion):
SD3 “ Perceptual ‘ m ﬂ
s I R TR

FlowEdit 51.14 0.017
inversion  55.88 0.023

Figure 817, Hustration of the Cats-Dogs experimeni.



Experiments

Table S5. SD3 metrics. The first, second and third best scores are highlighted for each metric. CLIP-T measures adherence to text,
while the other four scores measure structure preservation.

| CLIP-T1 | CLIP-It LPIPS| DINOt DreamSim |

SDEdit 0.2 0.33 0.885 0.251 0.634 0213
SDEdit 0.4 0.34 0.854 0.316 0.564 0.273
ODE Inv. 0.337 0.813 0.318 0.549 0.326
iRFDS 0.335 0.822 0.376 0.534 0.327
FlowEdit 0.344 0.872 0.181 0.719 0.253

Table S6. FLUX metrics. The first , second and third best scores are highlighted for each metric. CLIP-T measures adherence to text,
while the other four scores measure structure preservation.

| CLIP-T1 | CLIP-IT LPIPS| DINO? DreamSim |

SDEdit 0.5 0.316 0.902 0.264 0.637 0.18
SDEdit 0.75 0.331 0.862 0.348 0.557 0.26
ODE Inv. 0.341 0.822 0.374 0.505 0.328
RF Inv. 0.334 0.856 0.34 0.558 0.266
RF Edit 2 0.344 0.833 0.335 0.53 0.32
RF Edit 5 0.332 0.876 022 0.65 0.22
FlowEdit 0.337 0.875 0.223 0.682 0.252




Experiments

Stable Diffusaon 3
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Figure 7. Quantitative comparisons. FlowEdit achieves a favor-
able balance between text adherence (CLIP) and structure preser-
vation (LPIPS) compared to other methods. Connected markers
represent different hyperparameters (see App. B).
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Ablation:

Source Prompt:
Table S9. Effect of source prompt on the results. CLIP-T measures adherence to text, while the other four scores measure structure

preservation.
CLIP-T 1 | CLIP-IT LPIPS| DINOT DreamSim |
original source prompt 0.344 0.872 0.181 0.719 0.253
different source prompt 0.343 0.872 0.181 0.713 0.254
wi/0 source prompt 0.343 0.872 0.192 0.709 0.254
Noise:
Real image Edited image Real image Edited image

e ._‘._-_;__‘-_ e A

Rocks Bonsai tree

Tse with tent White horse Brown horse

Figure S7. FlowEdit diverse results due to different added noise. Figure S8. Failure cases due to different added noise.



Ablation:t

Tiger — Cat

inversion

FlowEdit



Ablation:t

Cat — Lion

inversion

FlowEdit




When ng. < T, the first (7" — ny.,) imesteps are skipped

Ablation:nmax

Algorithm 1 Simplified algorithm for Fl¢

Input: real image X5, {ti}:“ o> Thmax ;
QOutput: edited image X"
Init: ng*; D
for i = ny,, to 1 do
N;, ~ N(0, 1)
750 ¢ (1 —£)X™ + N,
7= o ZTF 4 75 — X
VA « var(ze 1) — V(25 1)

Stable DilTusion 3

Z:iﬁ—l £ Z:,L + (ti—l tt)ﬂ?
end for
Return: Z3* D

FLUX

A NN M Awn & ) Bl

A coconut shell filled with splashing water — A human head shell filled w.fi;:lr splashing water

Figure S4. Effect of nmax.



Ablation:nmin

A bear walking in a river in Pixar style

Algorithm S1 Full FlowEdit algorithm

. - T
Input: real image X, {ti}i o Thmax > Thmin; Thavg

Output: edited image X™ {t} Edi‘m-g L'Si.llg FlowEdit

Init: Z;" = X3©

for i = nga to Ny do N
N, ~N(0, 1) )
sz — (]. - tth“ { tiNt‘. OP[IDHHJI}'
Z;;r P qu W e AVErage Mgy,

p??.( Vﬁ:(zﬁ:q‘t") Vm(Z?:Lf,) samplcs
ZiE |« ZPR 4+ (tioy — L)VE
end for
if 1npin = 0 then
Return: Z5E = X
else
Npoo ~N(0, 1)

ZE: ¢ (l 'tﬂmn)Xm: + tﬂm'mNﬂm!
ZE — Z[E 4+ 7y — X

for i = ng, to 1 do
Z:?r_l 4 ZEI f (t{_l : ti)W(ZEr.tg)
end for
Return: Z§" = X"
end if




Ablation: navg

Algorithm S1 Full FlowEdit algorithm

Input: real image X, {ti}j o Mmax; Tmin; Tavg 0.20
Output: edited image X
Init: ZE:; =Xy
for i = Ny t0 Ny do
N, ~N(0, 1) _
Z5®  (1— ;)X + N, Optionally 0.19
ZEI P Z:"L + Z;:‘"“ xsre Average Tyye
D:A ¢ VW{ZEI,t;) Vm(ZE:ct,) samplcs E
218 & FFR L 5 — AV =
end for 1 =
if g, = 0 then 0.18
Return: ZJ% = X h=
else -
Ny ~ N(0, 1)
Z?Tm-,. (1 = ) X™ + £y Ny, -
Z}H: — ZLI + ZET: _ st 0.17] —o— T =50, ngey =33
for i — Mmin toldo —O0— T=10, fgar =7
enﬁ;’;  Zy + (i — B)V(ZE ) 0339 0310 0311 0312 0313 034 0345
Return: Zi — Xg* (=
end if

Figure S14. CLIP vs. LPIPS for different values of nay,. From top to bottom, the markers correspond to n,, of 1, 3, 5, 10.




Limitations:

Real image Edited image Real image Edited image

Sitting 5tand:'ng Grass Snow

Figure §6. Limitations. FlowEdit 1s often fails at making substantial modifications to large region of the image, as in pose (left) and
background (rnight) editing.



Multi-step vs. Single-step :

Multi-step editing reduces the impact of single-step variance.

(a) Editing by Multi-steps
Simple Dnift

N(0,1)
o1 _a o

e\
( N

mi“} > »,\:;
J

N
:Esrc.\‘ :c[t}u-

o4 - ol 2%

dog -> Lon

tar
t

Multi steps Simple Drift Edit

(b) Editing by One-step
Simple Dnift

N(0,I)

v(Ititlcsrc) ‘U(:I: ¢ o )
ty Uy Ctar

méﬂft: t)

35:(:.\%%_ l

£ —R
_—

One step Simple Drift Edit

ChordEdit

Real image Simple dnifts

ples and their paired target samples. We emphasize that our
method is based on a heuristic, which is not guaranteed to
precisely map to the target distribution. In particular, it does
not necessarily coincide with the optimal transport map-
ping. Yet, as we will see in the context of images, it achieves
state-of-the-art results in terms of structure preservation (i.e.
small transportation cost) while adhering to the target text
prompt (generating samples in the target distribution).



CVPR 2026

Best Student Paper Honorable Mention

ChordEdit: One-Step Low-Energy Transport for Image Editing

Liangsi Lu®, Xuhang Chen?, Minzhe Guo', Shichu Li*, Jingchao Wang?, Yang Shi'l
!Guangdong University of Technology 2?Huizhou University
3Shenzhen University *Peking University
I Corresponding author: sudo.shiyang @ gmail.com
Project page: https://chordedit .github.io
Edited image

Real image Real image

Edited image

grownd sSnow horse Wi oha

Implementation details. Code 1s available in supplemen-

tary material. All experiments are conducted on a single
NVIDIA Titan 24GB GPU. Our framework consists of the
I-NFE Chord transport step and an optional 1-NFE prox-

A one-step, training-free, inversion-free image editor that frames editing as low-energy
optimal transport — theoretically grounded and surprisingly effective.



Setting Clarification

Setting: image editing by a pre-trained text-to-image (T2I) model

1: Inputs: source image Ty..; prompts Cyy, Car; Step time
Input & Output . t; window 4; step scale A; Proximal Refinement time £...
2: Qutput: edited image x;.,,.

PIE bench: 4.3 BENCHMARK CONSTRUCTION

Editing Source Somrce Target
Type Image Prompt Prompt
A [dog] A [eat]

1] sittinzona sittmzoma =
Random wooden wooden thromzh the  thronzh the
chair char ETass ETass
ci 8 [Fizhesjim [Sharks]m A [white] A [rellow]
Object
Asian
- Asian woman with
i woman with [flowers on
SR et blackhair  her] black
har
A pamtine of
3 [an oranse A pammtms of o gl girl s3thy
Delete i a2 g i 2 ;iﬂ:‘m‘j in the
Object bmpma lvmsrmoom B [beach]
Irme room
4 A cave with A cave with [P:.mn:u.guﬂ [_—'Lm:]@ta
Ci tlT.‘E.i.‘ﬂ.d . oy ah_nrd nf}a_b:lrd
ontent mrer L g tree branch  tree branch




Evaluation Metric

Semantic alignment:
CLIP-Whole score:

CLIP-Whole = cs(CLIP;(Ieait), CLIP7(Tirg))

CLIP-Edited score:

AI = CLIP;(I.ait) — CLIP(Isc)
AT = CLIPT(THg) = CLIPT(Tsrc)
CLIP-Edited = cs(AI, AT)

Background consistency:

MSE

PSNR(computed exclusively on the nonedited
PSNR =10 - logo(

LPIPS(Learned Perceptual Image Patch Similarity)
SSIM(Structural Similarity Index Measure)

regions):

Structure Distance
Runtime

PSNR Sgoreg =

CLIP Score —

: B VEAM Usage
24 4 Wi ?;ffd It 7000 M5B
2 2 )
InstanEdit 12000 M:B
234 15000 MiB
ChordEdit
) * .
22 2 a
SwiftEdit < G | . MasaCtrl
214 TurboEdit Plug-and-Play
204
24
-
- FlowEdit
3 4 ‘Chnrd}:d:t
L]
InfEdnt Plug-and-Play
7 4 ®
22 - K <
SwiftEdit nstanZdit TurboEdit .
211 MasaCitrl
10° 10' 10°
Runtime(s)



Notation & Motivation

Pre-trained text-to-image model :

time: tE[0,1]
image state: xt
text condition: C

dr

d—; = v(xy, 1, c).

The Editing Problem:
LTyre -— T} "”Pl(I | EHI'L‘-)
Tiar = To ~ Po(T | Ciar)

Av(a,t) = v(eet, uur) -

(a) Editing by Multi-steps
Simple Dnift

N(0,1)

mlim(i ﬂ:iar
/E E ..'_

”{Ihtr ﬂ.‘iI‘.’.’) dog -> Lion

MMulti-steps Simple Drift Edit

(b) Editing by One-step
Simple Drift

N(0, )

doz -= lion
- Source distibution
Tarpst distribution

Start
End




Notation

The Editing Problem: s (c) Editing by ChordEdit
Simple Drift 2 X
Tyre := T1 ~ P1(T | Cure) N(0,1) N(0,1) N(0,1)

Fliar = T ™ Fn{-’-‘? | f?tar)

Av(zy,t) v(ze, L, Crar) — (T4, L, Carc)
Observable Model at Noisy States:

the clean source state . := x;.

z~ Ki(- | z7)

ale tR{z.t 4] + §R(z..1)

t+8
b
model’s observable output: Q(z.t,¢) oy ""1 - ?mm
diffusion: Q(z.t,¢) = éa(zt,c),  Bi(e) = APe
ks =
flow model: @zt.c) = vo(z.t.c),  B.=1, A {8
¥4 350 I3 ol
Ri%.F) = ]Em[ B; AQ(z, t)] doz > iz > Tinm
ﬂQ(z? t) Q{zv t:r ‘ctﬂr} Q(E, t: r‘*-il'ﬂ_} (t
DDIM: =1 = Vo1 (L\:w) +4/1— a4 — o - 65”(%) g dgift/
> 3 predicted noise random mnoise

predicted =



unstable

Optimal Transport (OT) View USC Uy R |mms) ChordEdit

(b) Editing by One-step
Observable Model at Noisy States: Simple Drift
N(0.1)

(¢) Editing by ChordEdit

N(0,I) N(,I)
v(z1, 1, Care) A (24, 1, Cia)

_ v(zi 5t -4, cﬁ:m[mt iyt — 4, G
) -

R(z,,t - 0)

the clean source state z. := ;.

2~ K- | z)

model’s observable output: Q(z,t,¢) v(z,t,cac)

X

H(Ih t: Cm}
R(z,,t) = E.uk,(|z)| Bt AQ(2,1) ]

&Q[E‘t) Q{E, t1 cta-u'} Q(z-t-ﬂ.ﬁrc}
tR{z..t—4) + §R(z. 1)
t+4

Av(zy, )

sz

OT View: Benamou—Brenier
dynamic OT problem Lo

Liar
9.4'&
Po pﬂ(' | cl.ﬂr:] (431 p]{' | “nfﬁrc} ’ oy
1
; 1 - a i
min [ 3 lu@)IP pu(o) dz N Vi
mu Jo o= "‘L—:--:né-
st. Op(z) + V- (pe(z) ue(z)) = 0. dog > Eem

The ideal u: is the one that solves the Benamou—Brenier dynamic OT problem

But: R,.¢) = w(z) + &, Ele]=0.



Chord Control: A Low-Energy Local Estimator

OT View:Benamou—Brenier dynamic OT problem

the clean source state = := T;.

M~ p]{' | cﬁrc} o p{l(' | lf:l.'-].r]'
1

win [ [ 3 @) o) dz

M 0 2

st. p(z) + Ve (pe(x) ue(z)) = 0.

R(z.,t) u(zr) + &, Ele =0.

Where ut is unavailable, use estimation:

a strictly convex quadratic surrogate :

t
Bu(uiz) = thu-ies@)P+ [ Ju-Riz.. ¢ de
s

t 1 .

ur{z,) i Jﬁt_ﬁ(zT) } o ER(IT,Q)d{.
E—

iy_s ~ R(x,,t — §) and f:—a R(z,,£)d¢ = éR(z,,1),

Chord Control Field(CCF):

tR(z,,t —8)+dR(z,,1)
t+4 '

()

(c) Editing by ChordEdit

N(0,1) N(0,1)
v{If!tlcﬂrﬂ} v{Ihtsf-'-f.ar]
V(T 5.1 — &, Care) vz 5.t — 0, Crag)
Bl R(z,,t— J)
tRix_ t— ERlx £
iz, ] i t{?—; EE"' :]
e. .
Iﬂ'ﬂ: '-.._.‘- fl#::m
¥ ¥
% Iadd
do= -> Liomn
One step Simple Drift Edit One-step ChordEdit

Source distnbution

———— Target distnbation
‘ ® Siar
—

® End




Proximal Refinement (¢) Editing by ChordEdit
N(0,I) N(0,I)

?{Ig,t.ﬂqﬂ}

Notation:
v[Ih ts ﬂf.ar}l

—— ?{Ig_ﬁ,t—ﬁ,cﬁ.ﬂ} V{fﬁt .5,'1'1— ﬁ,t:m;'l
R(z,,1) . —

model’s observable output: Q(z,t,¢)
R(zr,t) = Eouk,(fe.) Bt AQ(2,1) ]

AQ(zt) = Q2,1 car) — Q2. 1, Curc) R(z,,t—4)
Proximal Refinement:
o (e ) PEAEt— 8] + $R(x..9)
prnx(:.cpmd o G B; Q (:;-:F'IE‘d T i) (=) BETY
o
Algorithm 1 Simplified algorithm for ChordEdit T sre ifmt-a:r

1: Inputs: source image I,.; prompts Cy;., Ciar: Step time
t; window 9d; step scale A; Proximal Refinement time £...
Output: edited image x,.,,.

Init: z;, + Tore
tR(zin, t—0)+8 R(zTin, t)

U ¢ i+3
zPred o+ A
Tpar ¢ Prox (If‘f‘f‘d, s ctﬂ,) > Optional

oy e s

Return zy.,

t=0.90,0= 0.15,A= 1.00,tc=0.30




Experiments

Table 1. Quantitative comparison on PIE-bench [ 1]. T-free: Training-free. I-free: Inversion-free. The best/second/third results in each
numeric column are highlighted with yellow / orange / blue backgrounds, respectively. A comprehensive table with extended metrics
{e.g., SS§IM, Structure Distance) is available in Appendix.

Type Method I Consistency I CLIP Semantics | Properties I Efficiency
| PSNRt MSE;: | LPIPS, | | Wholet Editedt | T-free Ifree | Step) NFE| Runtime(s)] VRAM(MiB)}
DDIM + MasaCtrl [3, 30] 21.25 8.58 10659 2413 2113 v X 50 100 55.20 12272
Multi-step  Direct Inversion + MasaCurl [3, 1] | 2178 7.99 87.38 2442 2138 7 X 50 100 79.10 12272
=30 e y DDIM +PoP [30, 33] 21.26 8.42 11358 2545 2254 7 x 50 100 28.01 9262
= P*) Dircct Inversion + PaP [11, 33] 21.43 8.10 10626 2548 2263 7 X 50 100 28.03 9262
FlowEdit (SD3) [14] 217 7.69 104.81 2664 2369 o il 33 33 17.22 17140
g TurboEdit (SDXL-Turbo) [6] 2144 9.49 108.60 2466 2179 7 ..f 4 4 2.69 13826
st “'; InfEdit (SD1.4) [36] 24.14 6.82 55.69 2489 2188 7 ..f 4 4 1.41 6502
4 InstantEdit (PcRFlow-SD1.5) [7] 2380 421 60.92 2497 2182 ¥ X 4 8 1.30 16270
SwiftEdit (SwiftBrush-v2) [24] 2171 822 91.22 2493 2185 X x 1 2 0.54 15060
e ChordEdit (SwiftBrush-v2) 2.0 7.13 11122 2512 2258 7 ¥ 1 2 0.38 6988
“sEp ChordEdit (w/o prox, SD-Turbo) | 2389 5.05 8836 2497 2187 o e 1 1 0.20 6988
ChordEdit (SD-Turbao) 22.20 6.84 12825 2558 2296 7 £ 1 2 0.38 6988
Table 4. Quantitative comparison of our method against other editing methods on PIE Bench.
Type Method | Struct. | Background Preservation | CLIP Semantics | Efficiency
| Distygs | | PSNRT MSE, | SSIMy=1 LPIPS,; | | Wholet Edited! | Runtime(s)] Step] NFE| VRAM(MiB)|
DDIM + MasaCrrl 28.79 21.25 858 8011 106.59 2413 2113 55.19 50 100 12272
Multistep  Direct Inversion + MasaCirl 24.46 21.78 7.99 8174 8738 2442 2138 79.10 50 100 12272
(> 20 st P y DDIM + PoP 28.20 21.26 8.42 78.90 11358 2545 254 28.01 50 100 9262
= P} Direct Inversion + PnP 24.27 21.43 8.10 79.52 106.26 2548 2263 28.03 50 100 9262
FlowEdit (SD3) 1234 2217 7.69 8354 104.81 2664 2369 722 33 33 17140
Revs.ate TurboEdit (SDXL-Turbo) 13.80 21.44 9.49 80.08 108.60 2466 2179 2.69 4 4 13826
@st ';' InfEdit (SD1.4) 17.06 24.14 682 85.02 55.69 2489 2188 141 4 4 6502
e InstantEdit (PeRFlow-SD1.5) 714 23.80 421 3484 60.92 2497  21R2 130 4 8 16270
SwiftEdit (SwiftBrush-v2) | 1296 | 2171 322 7484 9122 | 2493 2185 0.54 1 2 15060
ChordEdit (Naive, InstaFlow) 1332 2205 10.45 7349 10333 2297 2019 038 1 2 6198
ChordEdit (Our, InstaFlow) 6.33 2305 545 8249 5333 2417 2139 038 1 2 6198
One-step ChordEdit (Naive, SwiftBrush-v2) 1633 2052 17.17 7342 12743 2378 2106 038 1 2 698
ChordEdit (Our, SwiftBrush-v2) 12.96 224 7.13 75.84 1.z 2512 2258 038 1 2 6988
ChordEdit (Naive, SD-Turbo) 25.44 2138 9.73 7439 13130 25.11 21.96 038 1 2 6988
ChordEdit (Naive wio prox, SD-Turbo) 19.18 21.89 10.84 77124 10527 2368 2083 0.20 1 1 698
ChordEdit (Ours, SD-Tarba) 1658 2220 6.84 7591 12825 2558 2206 038 1 2 6988
ChordEdit (Ours w/o prox, SD-Tarbe) | 10.37 23.89 505 8124 8836 2497 2187 0.20 1 1 6988




Ablation Study: Low-Energy

Benamou—Brenier kinetic energy: S is the total step count

Energy  Edited image

;
¥ .
154/ 1

w/o beard -> w/ beard

Naive

Chars

Swmimey -> Winter
Energy Edited image

Energy  Edited image

Real image

MNaive

Curs
Crs

by :E . A : Low
}_ e "' - !"""?‘- @ o & ~ Energy
prmpRin -> Halloweew pumpkin mouth open -> mouth close elownfich -> goldfich

Figure 8. Qualitative Comparison and Energy Visualization. We compare ChordEdit (Ours) against the naive baseline (4 = 0, Naive).
The naive method’s high-energy field leads to artifacts and background corruption. Our ChordEdit denves a stable, low-energy field,
resulting in high-fidelity edits that preserve object identity and non-edited regions. Results shown used SwiftBrush-v2 (first column) and
SD-Turbo (second and third columns). Energy plots are computed as £ = <= Zle Y s nanne (i) -

Energy vi. Step {lowers i3 bettes)
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CLIP-Edited —

. . . Algorithm 2 ChordEdit (Multi-noise n > 1 version)
Ablatlon StUdy: AnaIySIS Of N0|se 1: Inputs: source iImage Ty,.; Prompts Cure, Ciar: Step time
t; window 94 step scale A; Proximal Refinement time £
number of noise samples n.
R(;r_]__l f) — =g Y B *[ BE &(2(3 [) ] 2: Output: edited image =, -
3: Imit: x5, +— Torc
4: | gy — 0

Algorithm 1 Simplified algorithm for ChordEdit 5: fori = 1 ton do

. . 6: Rt_ﬁ £ R{Iin: t 5)

1: Inputs: source iImage Ty;.; pPrompts Cyre, Car; Step time

oo 9 k i E Z F Rf — R(Iinr t}
: window 4; step scale A; Proximal Refinement time £... o . tRe s+3R.
X & = T €
2: Qutput: edited image x.,,. z D
. L |'u':+1uu 4 Ugym + Uy |
3: Init: T, — Ture
x t R(zin, t—8)+8 R(Tin, t) 10: end for
4: U < = =
. L+ 11: | Bayg +— Beum /M

5 BT, )‘“1 12: Pred ¢ e | A ﬁﬂvg

6: Tiar — Prox (Ip”ﬂ ; ey ﬂtar) > Optional 13: Tpar < Prox (II“E‘], A ctm)

7: Return zy,, 14: Return x.,,
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Ablation Study: Transport and Refinement
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Figure 17. Qualitative analysis of the proximal refinement time #..

Table 2. Ablation of Chord transport field and refinement. Our
Chord field drives consistency (PSNR). while the prox step boosts
semantics (CLIP-Edited). Full metncs are in the Appendix.

| Naive (4 = 0)) | Ours(6=0.15) |

| PSNRt CLIP-Edited t | PSNRT CLIP-Edited 1 |
wioprox | 21.89 20.83 23.89 21.87 I
w/prox | 2138 21.96 22.20 22.96 2
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