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“Swap sunflowers with roses”
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“Turn it into a still from a western”
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“Replace the fruits with cake”

“Make his jacket out of leather”
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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

Edited Caption: “‘photograph of a girl ricing a dragon”

(b) Generate paired images:

Stable Diffusion
+ Prompt2Prompt

Input Caption: ‘photograph of a girl riding a horse”
Edited Caption: ‘photagraph of a girl riding a dragon”

(c) Generated training examples:

“Color the cars pink” “Make it it by fireworks”
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“have her ride a dragon”
—

Instruction-following Diffusion Model

(d) Inference on real images:

“turn her into a snake lady”
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Benefiting from GPT-3’s immense knowledge and
ability to generalize, our finetuned model is able to
generate creative yet sensible instructions and captions.
See Table 1b for example GPT-3 generated data. Our
dataset is created by generating a large number of
edits and output captions using this trained model,
where the input captions are real image captions from
LAION-Aesthetics (excluding samples with duplicate
We chose the
LAION dataset due to its large size, diversity of con-

captions or duplicate image URLS).

tent (including references to proper nouns and popular
culture), and variety of mediums (photographs, paint-
ings, digital artwork). A potential drawback of LAION
is that it is quite noisy and contains a number of non-
sensical or undescriptive captions—however, we found
that dataset noise is mitigated through a combination
of dataset filtering (Section 3.1.2) and classifier-free
guidance (Section 3.2.1). Our final corpus of generated

instructions and captions consists of 454, 445 examples.
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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-
(>4507000 k% ting atop a waterfall as cascades of
i) water spill around it

Add a giant red dragon

The great elf city of Rivendell, silting
atop a waterfall as cascades of water
spill around it with a giant red dragon

flying overhead

Kate Hudson arriving at the Golden
Globes 2015

make her look like a zombie

Zombie Kate Hudson arriving at the

Golden Globes 2015
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YRiEIES: “Turn him into a cyborg!”
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“Put them in outer space”

“Turn the humans into robots”

& 6. The Creation of Adam WIFTE RFFEH (768 PR

“Make it Paris” “Make it Prague”

“Make it evening” “Turn this into 1900s”

3

“Make it Minecraft” “Turn this into the space age” “Make them into Alezander Calder sculptures”
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“Make it a Claymation”
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“Add an eerie
thunderstorm”

“Give it a dark
creepy vibe”
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“Turn into an oil
. pastel drawing” |

ST

Edit instruction: “in a race car video game”
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“Mowe it to Mars”

“Zoom into the image”
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“Color the tie blue”
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Input “Make them look like flight attendants” “Make them look like doctors”
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