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[ 2: Iterative, instruction-driven editing. Starting from a reference photo (a), our model
successively applies three natural-language edits—first removing an occlusion (b), then relocating
the subject to Freiburg (c), and finally transforming the scene into snowy weather (d). Character,
pose, clothing, and overall photographic style remain consistent throughout the sequence. ZEAREE
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BATIITTE, We introduce FLUX. 1 Kontert, a fow-based generative image processing model
that matches or exceeds the quality of state-of-the-art black-box systems while overcoming the
above limitations. FLUX.1 Kontext is a simple flow matching model trained using only a velocity

prediction target on a concatenated sequence of context and instruction tokens.
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(a) Input image HAE (b) “Using this style, a

% kid on a bicycles rolls

through desert ruins,
spotlights scanning

ancient scrolls

projected as holographic

sandstorms.” “R & F
R, — B AATE 8
PERFLDEREE, R
RITIE I RY AL L&
LERGERLEMS . 7

(c) “Using this style, a
grand piano made of
shifting mirrors
performs itself for an
audience of empty
velvet chairs in
zero-gravity.” “R & F
R, —ReHahaT
LA E) KRB 2 iR &Y
R A RATF LR G A
RE, AEEAT.

(d) “Using this style, a
spiral of vintage
cameras captures its
own collapse, each flash
freeze-framing a
different timeline.” “F
AR RAE, —B kR
TAAMMARET 8 T e H
W HRAEMALT
— KRR & 7

(e) Input image FAE
%

(f) “Using this style, a
half-folded metropolis

hangs from steel strings
over an ink-wash ocean
while cranes of light
sketch new streets in
mid-air.” R 3R FE RA
— A FH R A
Mk L, HEZKEE
FLEF, mkegAEM
X G A4

.7

() “Using this style, a
dapper octopus
conducts a jazz duo of
owls on a shimmering
moonlit bandstand.”
“H R RAE, — ARR
8% @A A KA
kG LIBERKE
Br-—FA. 7

(h) “Using this style, a
bunny, a dog and a cat
are having a tea party
seated around a small
white table.” “F 3% & R
t#, —RRF. —&%H
Fo— ARG R E -G
RRABRDFER. 7

& 5. Style Reference. Given an input image, the model extracts its artistic style and applies

it to generate diverse new scenes while preserving the original stylistic characteristics. m%ﬁ%o

G TRAEIR, BATERH RN RN A TA R Mg =, R CRE ERIAH X

RIS
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& 8: Image-to-image evaluation on KontextBench. We show evaluation results across six in-
context image generation tasks. FLUX.1 Kontext [pro] consistently ranks among the top performers
across all tasks, achieving the highest scores in Text Editing and Character Preservation. 1E
KontextBench HJEGHE BRI, FATVEBR T A B R SCEGA BT S BITHL 45 53R,
FLUX.1 Kontext [pro] fEFTH S5 HIRLKHEREERT, ESORGEEAI IR 7T DA E RS0
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(a) Aesthetics (b) Prompt Following (c) Typography
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(Internal-T21-Bench) BESERE (GenAI) fRRIAEE (GenAl)

(Internal-T2I-Bench)

9: Text-to-image evaluation on Internal-t2i-bench. We report evaluation results across
multiple quality dimensions. FLUX.1 Kontert models demonstrate competitive performance across
aesthetics, prompt following, tvpoeraphy, and realism benchmarks. fE Internal-T2I-Bench E
ISR BB, BAMRE T2 N RRERE TGS R, FLUX.1 Kontext fRRAESES,
TERIAEE,  HERRR B SCRSERE A rh R A e 5 P RE,
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(a) Tnput image ¥AEBE

(b) “make me a matching flower vase, (c) “change the vase base color to black” “¥
product photography set against a white wall, FEHURE R &R B 8

sitting on a wooden desk, put some nice
flowers in it R —AILE LA, F o
BHERGH, REARMNHSXRZLE, H—LER
T LA LA

Bl 10: Iterative, product-style editing. Starting from the reference bowl (a), our model
first generates a matching flower vase in a tabletop studio setting with fresh flowers (b), and
subsequently changes the vase’ s base color to black while preserving the floral pattern, lighting,
and composition (¢). B MPIEGE, NSEBITIE (2), BATREEIE JeffLm TIES
BB A R VCEL AL RATET R IES T (b), BEERAEMAY RS Oy B, [RINLR AL T
. REHFEE (o).

20



(a) Tnput image AEB (b) “tilt her head towards the — (c) “make her laugh” “TEH % ”
camera” “FeH g K 4% kAL

11: Sequential, facial-expression editing. Beginning with the profile reference (a), our
model first reorients the subject toward the camera (b) and then changes her expression to a
spontaneous laugh (c), while preserving background, clothing and lighting. s T B 2 1 e
MMEZE TG (a), FAIIBRE S EHE MR ARHmESk (b), RERMARES N
HARRE (o), FRNREHE R, IR,
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AuraFace Similarity Retention Across Multiple Edits
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< Runway Gen-4 (avg: 0.774)

== GPT-40 High (avg: 0.416)
0.0 T T T T
Step 0 Step 1 Step 2 Step 3 Step 4 Step 5

Edit Step

B 12: Iterative editing based on the same starting image with the same prompts and different
models (top: FLUX.1 Kontext, middle: gpt-image-1, bottom: Runway Gen4). Below are face
similarity scores between the edited images and the edited images at different steps. For the last
edit (”Add sunglasses”), a relative drop is expected due to partial exclusion of the face. [/\J\Iﬁj_‘zﬂﬁ
EEEG. HERRIE, ARSI TRIENRGRE (L FLUX.1 Kontext, H': gpt-image-1,
T: Runway Gend), NI7R&FHREEIR BN NGHED L, Ra—P%wE (ks
B RS, AR U AR TR B T Hii,
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SYNC & BLOOM FLUX & JOY
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B 14: Text-to-image samples by FLUX.1 Kontext with low bakeyness, diverse styles, and accurate

tvpography. FLUX.1 Kontext EBZEI’\JYZ%?@HZK, HAK bakeyness, Z LI XU AN
HERRATHERR

4.4 HTIMHA (Specialized Applications)

FLUX.1 Kontext supports several applications beyond standard generation. Style reference (SREF),
first popularized by Midjourney [35] and commonly implemented via IP-Adapters [58], enables style
transfer from reference images while maintaining semantic control (see %4.277). Additionally, the
model supports intuitive editing through visual cues, responding to geometric markers like red
ellipses to guide targeted modifications. It also provides sophisticated text editing capabilities,
including logo refinement, spelling corrections, and style adaptations while preserving surrounding

context. We demonstrate style reference in &5 and visual cue-based editing in [E13.

FLUX.1 Kontext XFrtBbrifEAERINZ NN H. XiEZS% (SREF), BEXH Midjour-
ney [35] e, JEHEIEL IP-Adapters [58] SEH, ZFRFMNSHEGHIT IR RS, RN
BT (O 2354.275), HEAN, IZABLEI U e R R B GmAE, WA A £T E A IR <5 ) LAn]
FRICORS | S BFRMBR, EIRRHEE 2 AR GREERE ), EFhREMI. P55 B IEM XSRS,
AR L RS, BATIE B5 RRRXIES %, 7 B3 R RE TR LR mE,

5 i (Discussion)

We introduced FLUX.1 Kontext, a flow matching model that combines in-context image generation
and editing in a single framework. Through simple sequence concatenation and training recipes,
FLUX.1 Kontext achieves state-of-the-art performance while addressing key limitations such as
character drift during multi-turn edits, slow inference, and low output quality. Our contributions
include a unified architecture that handles multiple processing tasks, superior character consistency
across iterations, interactive speed, and KontextBench: A real-world benchmark with 1026 image-
prompt pairs. Our extensive evaluations reveal that FLUX.1 Kontext is comparable to proprietary

systems while enabling fast, multi-turn creative workflows.

BAINE T FLUX.1 Kontext , —/NER—HERAPEEE bR SCEGA SRR FiPL
RO, JE R R ANPFEERIIZR T, FLUX.1 Kontext 15 e EMERER RN figt ok
TRBERR, N2 EegmiRITIRIAY M s, ISR R BT, BRI sTR i B 2
MEEMESHIGE— 2, BSIERRI At —8t, REFEE, AKX KontextBench: —
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MILE 1026 NERG-PERIAN I ESH R ERE, A TZI-ERE, FLUX.1 Kontext 5
LHRGMHY, FNSEPOE, 28008 TIER,
BRI,

15

FLUX.1 Kontext 1EH S ATSCHIAA A7 4E — LR, IR 2 50 gm4R AT RES | AL 5,
FEfRE o, D& 15, ZEIRERICIREREIETE S, BUREIRIFEIZER, HAh,
RIS RTRES | NI OARE, M H A PR ELE

S IR

NEETY RIIZANEIGmA. #—Dh e DR B IR AR BSe i v, FeA177
RH BARY 2 MU L S e, S EEAE, /D 25085 R AR MR SR ORI
B NBQIEE, FLUX.1 Kontext F1 KontextBench FI& 1A NSNS — 1Y BG4 B SmiE 12
b7 RS A LA AN 2 TR PP AESE,
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(a) Tnput image FAEB (b) “The woman is now (¢) “..green dress...beach
wearing a green dress, the scene...tv says "Kontext”..table
painting in the back now shows  cloth is also now red and the
a beach scene, the text on the lighting is a bit warmer” “.. %
TV says "Kontext” now” “%&MH EERE... BHEPF.. BN
AEFAZCERE, HRBOYE 3 "Kontest”.. & HIALALZ L
AL THERDFT, A LGL ey, RUA REEE "
F AW "Kontext””

(e) “move the coffee to the left” “Feshodeds 8] £
I‘i ”

f
e

e 1 Tee

(f) Input image ¥AEIG (g) After six iterative edits. INRIER RIS

K 15: Editing failure cases. Top row: An example for identity degradation: While the center image
shows a good edit, preserving character identity the right one (using a slightly modified prompt)
comes with significant identity loss. Middle row: Scene modification instead of object movement:
the model adds milk foam rather than repositioning the mug. Bottom row: After six iterative edits,
samples can exhibit visible artifacts. éﬁiﬁé&)ﬂ&%{ﬁﬂo MAT . %’ﬁff@ﬂﬁﬂ/ﬂﬂf\‘fﬁu qﬂfﬂ\@{%ﬁ/‘ﬂ—'{?
— AR, RE T AESD, EAEMNGRE (CERBMBSEHRRIE) SrEREE &
ek, FRAT: FREBKHAZRN R BRI T UREm A2 B E M. &AT
i NERG )G, FEARTREHELRT WAL
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