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“Swap sunflowers with roses”

R

“Add fireworks to the sky”
— s

“Replace the fruits with cake”

B 1. Given an image and an instruction for how to edit that image, our model performs the appropriate edit. Our model

does not require full descriptions for the input or output image, and edits images in the forward pass without per-example
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We propose a method for editing images from human in-
structions: given an input tmage and a written instruction
that tells the model what to do, our model follows these in-
structions to edit the image. To obtain training data for
this problem, we combine the knowledge of two large pre-
trained models—a language model (GPT-3) and a text-to-
image model (Stable Diffusion)—to generate a large dataset
of image editing examples. Our conditional diffusion model,
InstructPix2Piz, is trained on our generated data, and gen-

eralizes to real tmages and user-written instructions at in-

ference time. Since it performs edits in the forward pass
and does not require per-example fine-tuning or inversion,
our model edits images quickly, in a matter of seconds. We
show compelling editing results for a diverse collection of

input images and written instructions.
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Training Data Generation

(a) Generate text edits:

Input Caption: “photograph of a girl riding a horse” -+ GPT-3 Instruction: “haveher e 0 drogon

(b) Generate paired images:
Input Caption: ‘photograph of a girl riding a horse” N
Edited Caption: ‘photagraph of a girl riding a dragon”

Stable Diffusion
+ Prompt2Prompt
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“have her ride a dragon”
—

(c) Generated training examples:
“convert to brick” “Color the cars pink” “Make it it by fireworks”
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Edited Caption: “photograph of a girl ricing a dragon”

Instruction-following Diffusion Model

(d) Inference on real images:

“turn her into a snake lady”
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Yefim Volkov, Misty Morning

make it afternoon

Yefim Volkov, Misty Afternoon

NG5

girl with horse at sunset

change the background to a city

girl with horse at sunset in front of city

(700 k)

painting-of-forest-and-pond

Without the water.

painting-of-forest

Alex Hill, Original oil painting on
canvas, Moonlight Bay

in the style of a coloring book

Alex Hill, Original coloring book illus-
tration, Moonlight Bay

GPT-3 41k The great elf city of Rivendell, sit- Add a giant red dragon The great elf city of Rivendell, silting
(>4507000 k% ting atop a waterfall as cascades of atop a waterfall as cascades of water
i) water spill around it spill around it with a giant red dragon
flying overhead
Kate Hudson arriving at the Golden — make her look like a zombie Zombie Kate Hudson arriving at the
Globes 2015 Golden Globes 2015
x1
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3. Pair of images generated using StableDiffusion [52]
with and without Prompt-to-Prompt [17]. For both, the
corresponding captions are “photograph of a girl riding a

horse” and “photograph of a girl riding a dragon”.
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Paired Images from Paired Captions)
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3.2. InstructPix2Pix
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Edit instruction: “Turn him into a cyborg!”

B 4. Classifier-free guidance weights over two conditional
inputs. sy controls similarity with the input image, while
st controls consistency with the edit instruction. Wl
BN _ERTC RS FIE, s HH1S A B BIHEE,
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details are provided in the supplemental material.
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3.2.1 MHMHEANFIER 288515 (Classifier-free
Guidance for Two Conditionings)

Classifier-free diffusion guidance [20] is a method for trad-
ing off the quality and diversity of samples generated by a
diffusion model. It is commonly used in class-conditional
and text-conditional image generation to improve the vi-
sual quality of generated images and to make sampled im-
ages better correspond with their conditioning. Classifier-

free guidance effectively shifts probability mass toward data

where an implicit classifier pg(c|z¢) assigns high likelihood
to the conditioning c¢. The implementation of classifier-
free guidance involves jointly training the diffusion model
for conditional and unconditional denoising, and combin-
ing the two score estimates at inference time. Training for
unconditional denoising is done by simply setting the condi-
tioning to a fixed null value c=g at some frequency during
training. At inference time, with a guidance scale s > 1,
the modified score estimate €p(z¢, c) is extrapolated in the

direction toward the conditional eg(z¢, ¢) and away from the

unconditional ey (z:, @)
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For our task, the score network eg(z¢, cr, cr) has two con-
ditionings: the input image ¢ and text instruction czy. We
find if beneficial to leverage classifier-free guidance with re-
spect to both conditionings. Liu et al. [38] demonstrate that
a conditional diffusion model can compose score estimates
from multiple different conditioning values. We apply the
same concept to our model with two separate condition-
ing inputs. During training, we randomly set only c¢; =9
for 5% of examples, only c¢r =@ for 5% of examples, and
both ¢; =@ and cr=@ 1 for 5% of examples. Our model is
therefore capable of conditional or unconditional denoising
with respect to both or either conditional inputs. We intro-
duce two guidance scales, s; and sp, which can be adjusted
to trade off how strongly the generated samples correspond
with the input image and how strongly they correspond
with the edit instruction. Our modified score estimate is as

follows:

KN FRATESS, TEINLE eq(2i, cr,cr) BN
fF: EAEUG of FISCARYES cpo BRATTRBFI AR T



DI TE a8 5 1 F R A 1M, Liu A [38] UERH
A HURAR AT DU DA RIS EA S 7 8 T 3
ORI N FIAH R AR, A PN RIS
TENZRIIR, FATBEHL N 5% RIRBIZE o = o),
N 5% HIRBIRE cr=07, N 5% BIREIRNIZE
cr=21 Ml ep=a7. BHlIt, TATIBRIRESXI A, H
FR— NN SR A F i N T SR AR BTE S R, AT
SIANWADGIFRE s M sp, TR DA ZE BUREA
5 i N MG B0 1 5 JEE M 5 G B4 42 O RS 5, 3R
THE T o BT -

(2t cr,cr) = eq(z, D, D)
+ 51 (ea(2t,¢1,9) — ep(2t, D, D))

+ s - (69(2t7 CI7CT) - eb‘(zta Cr, @))

3)

FEE 4 v, BARR TN SEOS LA R
M, VEDLERSR B T ARBATRITC /02K a8 51 S AR RN
(E)=%

4. 85 (Results)
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“Make it a Modigliani painting”

“Make it a Miro painting”

: = - . l1\ra 27 L
“Make it an Egyptian sculpture” “Make it a marble roman sculpture”

Mona Lisa transformed into various artistic medinms. Mona Lisa 152 R AR XS H 2 #,
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“Put them in outer épace ”

“Turn the humans into robots”

B 6. The Creation of Adam with new context and subjects (generated at 768 resolution). The Creation of Adam BIFITE 5t

FEB (768 73R

convincing results for edits involving additive layers, its for-

mulation limits the categories of edits that it can handle.
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Quantitative comparisons with SDEdit are shown in Fig-
ure 8. We plot the tradeoff between two metrics, cosine sim-
ilarity of CLIP image embeddings (how much the edited im-
age agrees with the input image) and the directional CLIP
similarity introduced by [14] (how much the change in text
captions agrees with the change in the images). These are
competing metrics—increasing the degree to which the out-
put images correspond to a desired edit will reduce their
similarity (consistency) with the input image. Still, we find
that when comparing our method with SDEdit, our results
have notably higher image consistency (CLIP image simi-

larity) for the same directional similarity values.
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4.2. {HRSEL (Ablations)

[n Figure 10, we provide quantitative ablations for both
our choice of dataset size and our dataset filtering approach
described in Section 3.1. We find that decreasing the size
of the dataset typically results in decreased ability to per-
form larger (i.e., more significant) image edits, instead only
performing subtle or stylistic image adjustments (and thus,
maintaining a high image similarity score, but a low direc-
tional score). Removing the CLIP filtering from our dataset
generation has a different effect: the overall image consis-
tency with the input image is reduced.
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IETTTE (125 3.1 T fiid) BUE iR, TR
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We also provide an analysis of the effect of our two
classifier-free guidance scales in Figure 4. Increasing s
results in a stronger edit applied to the image (i.e., the out-
put agrees more with the instruction), and increasing sy
can help preserve the spatial structure of the input image

(i.e., the output agrees more with the input image). We



“Make it evening”
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“Make them into Alexander Calder sculptures”
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“Make it a Claymation”
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5. it (Discussion)
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RO e BATELUN R 77 IR F AR R EIRE
HEmkass| S n:

P(z,cr,cr)  Plerler,z)P(cr]2)P(2)
P - =
(zler,er) Pler, cr) Pler,cr)
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F RO RS T i 0 A B 0 B (23], BIDRBORE R (9
FH BOH RIS RN R RIA:

log(P(z|er,cr)) = log(P(er|er, 2)) + log(P(cr|2))
+ log(P(2)) — log(P(er, cr))

X FROAT R G EHHES, BA=2):

V. log(P(z|ler,cr)) = V. 1og(P(z))
+ V. log(P(crl2))
+ Vz 10g(P(CT|C[, Z))

X575 3 PN XTI S RRAITUIR B, AT
RIS S RE s; ARHREER R ERRIRK 2K
po(crlze) NEBEM o DECRRERESE, A



51 SRE sp R RTREEB R R 0L
po(crler, ze) WXALGLHM cr DECE AR RTEEE,
BAIHRANE L T o B AR AR (& T 2 TR
ZRRESIRERA KR EEAESMATRENA
AR, BN or M c; ZRRIME. FROTLIE
SR, BRATTREE RO 20 AR BAT T R ISR B8 4T
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