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InstructPix2Pix: Learning to Follow Image Editing Instructions

Tim Brooks* Aleksander Holynski* Alexei A. Efros
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“Replace the fruits with cake”

“Make his jacket out of leather”

“Add fireworks to the sky”

“Turn it into a still from a western”

“Swap sunflowers with roses”

“What would it look like if it were snowing?”

Figure 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 inversion or fine-tuning.

Abstract
We propose a method for editing images from human in-

structions: given an input image 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,
InstructPix2Pix, is trained on our generated data, and gen-
eralizes to real images 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.

*Denotes equal contribution
More results on our project page: timothybrooks.com/instruct-pix2pix

1. Introduction
We present a method for teaching a generative model to

follow human-written instructions for image editing. Since
training data for this task is difficult to acquire at scale,
we propose an approach for generating a paired dataset
that combines multiple large models pretrained on different
modalities: a large language model (GPT-3 [7]) and a text-
to-image model (Stable Diffusion [51]). These two models
capture complementary knowledge about language and im-
ages that can be combined to create paired training data for
a task spanning both modalities.

Using our generated paired data, we train a conditional
diffusion model that, given an input image and a text in-
struction for how to edit it, generates the edited image. Our
model directly performs the image edit in the forward pass,
and does not require any additional example images, full de-
scriptions of the input/output images, or per-example fine-
tuning. Despite being trained entirely on synthetic exam-
ples (i.e., both generated written instructions and generated
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imagery), our model achieves zero-shot generalization to
both arbitrary real images and natural human-written in-
structions. Our model enables intuitive image editing that
can follow human instructions to perform a diverse collec-
tion of edits: replacing objects, changing the style of an im-
age, changing the setting, the artistic medium, among oth-
ers. Selected examples can be found in Figure 1.

2. Prior work

Composing large pretrained models Recent work has
shown that large pretrained models can be combined to
solve multimodal tasks that no one model can perform
alone, such as image captioning and visual question an-
swering (tasks that require the knowledge of both a large
language model and a text-image model). Techniques for
combining pretrained models include joint finetuning on a
new task [4, 33, 40, 67], communication through prompt-
ing [62, 69], composing probability distributions of energy-
based models [11, 37], guiding one model with feedback
from another [61], and iterative optimization [34]. Our
method is similar to prior work in that it leverages the com-
plementary abilities of two pretrained models—GPT-3 [7])
and Stable Diffusion [51]—but differs in that we use these
models to generate paired multi-modal training data.

Diffusion-based generative models Recent advances in
diffusion models [59] have enabled state-of-the-art image
synthesis [10, 18, 19, 53, 55, 60] as well as generative mod-
els of other modalities such as video [21, 58], audio [30],
text [35] and network parameters [45]. Recent text-to-
image diffusion models [41, 48, 51, 54] have shown to gen-
erate realistic images from arbitrary text captions.

Generative models for image editing Image editing
models traditionally targeted a single editing task such as
style transfer [15, 16] or translation between image do-
mains [22, 24, 36, 42, 71]. Numerous editing approaches
invert [1–3, 12] or encode [8, 50, 63] images into a latent
space (e.g., StyleGAN [25, 26]) where they can be edited
by manipulating latent vectors. Recent models have lever-
aged CLIP [47] embeddings to guide image editing using
text [5, 9, 14, 28, 31, 41, 44, 70]. We compare with one of
these methods, Text2Live [6], an editing method that opti-
mizes for an additive image layer that maximizes a CLIP
similarity objective.

Recent works have used pretrained text-to-image diffu-
sion models for image editing [5,17,27,38,48]. While some
text-to-image models natively have the ability to edit im-
ages (e.g., DALLE-2 can create variations of images, in-
paint regions, and manipulate the CLIP embedding [48]),
using these models for targeted editing is non-trivial, be-
cause in most cases they offer no guarantees that similar
text prompts will yield similar images. Recent work by

Hertz et al. [17] tackles this issue with Prompt-to-Prompt,
a method for assimilating the generated images for simi-
lar text prompts, such that isolated edits can be made to a
generated image. We use this method in generating training
data. To edit non-generated (i.e., real) imagery, SDEdit [38]
uses a pretrained model to noise and denoise an input im-
age with a new target prompt. We compare with SDEdit
as a baseline. Other recent works perform local inpainting
given a caption and user-drawn mask [5, 48], generate new
images of a specific object or concept learned from a small
collection of images [13, 52], or perform editing by invert-
ing (and fine-tuning) a single image, and subsequently re-
generating with a new text description [27]. In contrast to
these approaches, our model takes only a single image and
an instruction for how to edit that image (i.e., not a full de-
scription of any image), and performs the edit directly in
the forward pass without need for a user-drawn mask, addi-
tional images, or per-example inversion or finetuning.

Learning to follow instructions Our method differs from
existing text-based image editing works [6,13,17,27,38,52]
in that it enables editing from instructions that tell the model
what action to perform, as opposed to text labels, captions
or descriptions of input/output images. A key benefit of fol-
lowing editing instructions is that the user can just tell the
model exactly what to do in natural written text. There is
no need for the user to provide extra information, such as
example images or descriptions of visual content that re-
mains constant between the input and output images. In-
structions are expressive, precise, and intuitive to write, al-
lowing the user to easily isolate specific objects or visual at-
tributes to change. Our goal to follow written image editing
instructions is inspired by recent work teaching large lan-
guage models to better follow human instructions for lan-
guage tasks [39, 43, 68].

Training data generation with generative models Deep
models typically require large amounts of training data.
Internet data collections are often suitable, but may not
exist in the form necessary for supervision, e.g., paired
data of particular modalities. As generative models con-
tinue to improve, there is growing interest in their use as a
source of cheap and plentiful training data for downstream
tasks [32, 46, 49, 57, 64, 65]. In this paper, we use two
different off-the-shelf generative models (language, text-to-
image) to produce training data for our editing model.

3. Method
We treat instruction-based image editing as a supervised

learning problem: (1) first, we generate a paired training
dataset of text editing instructions and images before/after
the edit (Sec. 3.1, Fig. 2a-c), then (2) we train an image
editing diffusion model on this generated dataset (Sec. 3.2,
Fig 2d). Despite being trained with generated images and
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Stable Diffusion
+ Prompt2Prompt

Input Caption: “photograph of a girl riding a horse”
Instruction: “have her ride a dragon”
Edited Caption: “photograph of a girl riding a dragon”

GPT-3

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

(b) Generate paired images:

(a) Generate text edits:

InstructPix2Pix

“turn her into a snake lady”

Training Data Generation Instruction-following Diffusion Model

“have her ride a dragon”“Color the cars pink” “Make it lit by fireworks”“convert to brick”

…

(c) Generated training examples:

(d) Inference on real images:

Figure 2. Our method consists of two parts: generating an image editing dataset, and training a diffusion model on that dataset. (a) We
first use a finetuned GPT-3 to generate instructions and edited captions. (b) We then use StableDiffusion [51] in combination with Prompt-
to-Prompt [17] to generate pairs of images from pairs of captions. We use this procedure to create a dataset (c) of over 450,000 training
examples. (d) Finally, our InstructPix2Pix diffusion model is trained on our generated data to edit images from instructions. At inference
time, our model generalizes to edit real images from human-written instructions.

editing instructions, our model is able to generalize to edit-
ing real images using arbitrary human-written instructions.
See Fig. 2 for an overview of our method.

3.1. Generating a Multi-modal Training Dataset

We combine the abilities of two large-scale pretrained
models that operate on different modalities—a large lan-
guage model [7] and a text-to-image model [51]—to gen-
erate a multi-modal training dataset containing text editing
instructions and the corresponding images before and af-
ter the edit. In the following two sections, we describe in
detail the two steps of this process. In Section 3.1.1, we
describe the process of fine-tuning GPT-3 [7] to generate a
collection of text edits: given a prompt describing an im-
age, produce a text instruction describing a change to be
made and a prompt describing the image after that change
(Figure 2a). Then, in Section 3.1.2, we describe the process
of converting the two text prompts (i.e., before and after the
edit) into a pair of corresponding images using a text-to-
image model [51] (Figure 2b).

3.1.1 Generating Instructions and Paired Captions

We first operate entirely in the text domain, where we lever-
age a large language model to take in image captions and
produce editing instructions and the resulting text captions
after the edit. For example, as shown in Figure 2a, provided
the input caption “photograph of a girl riding a horse”, our
language model can generate both a plausible edit instruc-
tion “have her ride a dragon” and an appropriately modi-
fied output caption “photograph of a girl riding a dragon”.
Operating in the text domain enables us to generate a large
and diverse collection of edits, while maintaining corre-
spondence between the image changes and text instructions.

Our model is trained by finetuning GPT-3 on a relatively

small human-written dataset of editing triplets: (1) input
captions, (2) edit instructions, (3) output captions. To pro-
duce the fine-tuning dataset, we sampled 700 input captions
from the LAION-Aesthetics V2 6.5+ [56] dataset and man-
ually wrote instructions and output captions. See Table 1a
for examples of our written instructions and output captions.
Using this data, we fine-tuned the GPT-3 Davinci model for
a single epoch using the default training parameters.

Benefiting from GPT-3’s immense knowledge and abil-
ity 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 captions or duplicate image URLs). We chose
the LAION dataset due to its large size, diversity of con-
tent (including references to proper nouns and popular cul-
ture), and variety of mediums (photographs, paintings, dig-
ital artwork). A potential drawback of LAION is that it is
quite noisy and contains a number of nonsensical or unde-
scriptive captions—however, we found that dataset noise is
mitigated through a combination of dataset filtering (Sec-
tion 3.1.2) and classifier-free guidance (Section 3.2.1). Our
final corpus of generated instructions and captions consists
of 454,445 examples.

3.1.2 Generating Paired Images from Paired Captions

Next, we use a pretrained text-to-image model to transform
a pair of captions (referring to the image before and after the
edit) into a pair of images. One challenge in turning a pair
of captions into a pair of corresponding images is that text-
to-image models provide no guarantees about image consis-
tency, even under very minor changes of the conditioning
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Input LAION caption Edit instruction Edited caption

Human-written
(700 edits)

Yefim Volkov, Misty Morning make it afternoon Yefim Volkov, Misty Afternoon
girl with horse at sunset change the background to a city girl with horse at sunset in front of city
painting-of-forest-and-pond Without the water. painting-of-forest
... ... ...

GPT-3 generated
(>450,000 edits)

Alex Hill, Original oil painting on can-
vas, Moonlight Bay

in the style of a coloring book Alex Hill, Original coloring book illustra-
tion, Moonlight Bay

The great elf city of Rivendell, sitting
atop a waterfall as cascades of water
spill around it

Add a giant red dragon The great elf city of Rivendell, sitting 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

... ... ...

Table 1. We label a small text dataset, finetune GPT-3, and use that finetuned model to generate a large dataset of text triplets. As the input
caption for both the labeled and generated examples, we use real image captions from LAION. Highlighted text is generated by GPT-3.

(a) Without Prompt-to-Prompt. (b) With Prompt-to-Prompt.

Figure 3. Pair of images generated using StableDiffusion [51] with
and without Prompt-to-Prompt [17]. For both, the corresponding
captions are “photograph of a girl riding a horse” and “photo-
graph of a girl riding a dragon”.

prompt. For example, two very similar prompts: “a picture
of a cat” and “a picture of a black cat” may produce wildly
different images of cats. This is unsuitable for our purposes,
where we intend to use this paired data as supervision for
training a model to edit images (and not produce a different
random image). We therefore use Prompt-to-Prompt [17],
a recent method aimed at encouraging multiple generations
from a text-to-image diffusion model to be similar. This
is done through borrowed cross attention weights in some
number of denoising steps. Figure 3 shows a comparison of
sampled images with and without Prompt-to-Prompt.

While this greatly helps assimilate generated images,
different edits may require different amounts of change
in image-space. For instance, changes of larger magni-
tude, such as those which change large-scale image struc-
ture (e.g., moving objects around, replacing with objects of
different shapes), may require less similarity in the gener-
ated image pair. Fortunately, Prompt-to-Prompt has as a
parameter that can control the similarity between the two
images: the fraction of denoising steps p with shared atten-
tion weights. Unfortunately, identifying an optimal value
of p from only the captions and edit text is difficult. We
therefore generate 100 sample pairs of images per caption-
pair, each with a random p ∼ U(0.1, 0.9), and filter these

samples by using a CLIP-based metric: the directional sim-
ilarity in CLIP space as introduced by Gal et al. [14]. This
metric measures the consistency of the change between the
two images (in CLIP space) with the change between the
two image captions. Performing this filtering not only helps
maximize the diversity and quality of our image pairs, but
also makes our data generation more robust to failures of
Prompt-to-Prompt and Stable Diffusion.

3.2. InstructPix2Pix

We use our generated training data to train a conditional
diffusion model that edits images from written instructions.
We base our model on Stable Diffusion, a large-scale text-
to-image latent diffusion model.

Diffusion models [59] learn to generate data samples
through a sequence of denoising autoencoders that estimate
the score [23] of a data distribution (a direction pointing to-
ward higher density data). Latent diffusion [51] improves
the efficiency and quality of diffusion models by operat-
ing in the latent space of a pretrained variational autoen-
coder [29] with encoder E and decoder D. For an image
x, the diffusion process adds noise to the encoded latent
z = E(x) producing a noisy latent zt where the noise level
increases over timesteps t ∈ T . We learn a network ϵθ that
predicts the noise added to the noisy latent zt given image
conditioning cI and text instruction conditioning cT . We
minimize the following latent diffusion objective:

  L = \mathbb {E}_{\mathcal {E}(x), \mathcal {E}(c_I), c_T, \epsilon \sim \mathcal {N}(0, 1), t }\Big [ \Vert \epsilon - \epsilon _\theta (z_{t}, t, \mathcal {E}(c_I), c_T)) \Vert _{2}^{2}\Big ] \label {eq:loss}   


    


(1)

Wang et al. [66] show that fine-tuning a large image dif-
fusion models outperforms training a model from scratch
for image translation tasks, especially when paired training
data is limited. We therefore initialize the weights of our
model with a pretrained Stable Diffusion checkpoint, lever-
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sT = 3 sT = 7.5 sT = 15

sI =
1.0

sI =
1.2

sI =
1.6

Edit instruction: “Turn him into a cyborg!”

Figure 4. Classifier-free guidance weights over two conditional
inputs. Higher values of sI produce edited images with spatial
structure more similar to the input image, and higher values of sT
produce images with more intense edits.

aging its vast text-to-image generation capabilities. To sup-
port image conditioning, we add additional input channels
to the first convolutional layer, concatenating zt and E(cI).
All available weights of the diffusion model are initialized
from the pretrained checkpoints, and weights that operate
on the newly added input channels are initialized to zero.
We reuse the same text conditioning mechanism that was
originally intended for captions to instead take as input the
text edit instruction cT . Additional training details are pro-
vided in Appendix C of the supplement.

3.2.1 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 pθ(c|zt) 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 combining the
two score estimates at inference time. Training for uncondi-
tional denoising is done by simply setting the conditioning
to a fixed null value c=∅ at some frequency during train-
ing. At inference time, with a guidance scale s ≥ 1, the

modified score estimate ẽθ(zt, c) is extrapolated in the di-
rection toward the conditional eθ(zt, c) and away from the
unconditional eθ(zt,∅).

  \tilde {e_{\theta }}(z_t, c) = e_{\theta }(z_t, \varnothing ) + s \cdot (e_{\theta }(z_t, c) - e_{\theta }(z_t, \varnothing )) \label {eq:cfg}           (2)

For our task, the score network eθ(zt, cI , cT ) has two
conditionings: the input image cI and text instruction cT .
We find if beneficial to leverage classifier-free guidance
with respect to both conditionings. Liu et al. [37] demon-
strate 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 con-
ditioning inputs. During training, we randomly set only
cI = ∅I for 5% of examples, only cT = ∅T for 5% of
examples, and both cI = ∅I and cT = ∅T for 5% of ex-
amples. Our model is therefore capable of conditional or
unconditional denoising with respect to both or either con-
ditional inputs. We introduce two guidance scales, sI and
sT . Increasing sI results in edited images that more closely
resemble the input image, and increasing sT results in more
intense edits. Our modified score estimate is as follows:

  \begin {split} \tilde {e_{\theta }}(z_t, c_I, c_T) = &\: e_{\theta }(z_t, \varnothing , \varnothing ) \\ &+ s_I \cdot (e_{\theta }(z_t, c_I, \varnothing ) - e_{\theta }(z_t, \varnothing , \varnothing )) \\ &+ s_T \cdot (e_{\theta }(z_t, c_I, c_T) - e_{\theta }(z_t, c_I, \varnothing )) \label {eq:cfg2} \end {split}      

     

         

(3)

In Figure 4, we show the effects of these two parameters
on generated samples. See Appendix D in the supplement
for details of our classifier-free guidance formulation.

4. Results
We show instruction-based image editing results on a di-

verse set of real photographs and artwork, for many edit
types and instruction wordings. See Figures 1, 5, 6, 7, 11, 12
and Appendix A in the supplement for selected results. Our
model successfully performs many challenging edits, in-
cluding replacing objects, changing seasons and weather,
replacing backgrounds, modifying material attributes, con-
verting artistic medium, and a variety of others.

We compare our method qualitatively with recent works
SDEdit [38], Text2Live [6], and Prompt-to-Prompt [17].
Our model follows instructions for how to edit the image,
but prior works (including these baseline methods) expect
descriptions of the image (or edit layer). Therefore, we pro-
vide them with the “after-edit” text caption instead of the
edit instruction. We also compare our method quantitatively
with SDEdit and Prompt-to-Prompt, using two metrics mea-
suring image consistency and edit quality, further described
in Section 4.1. Finally, we show ablations on how the size
and quality of generated training data affect our model’s
performance in Section 4.2.
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Input “Make it a Modigliani painting” “Make it a Miro painting” “Make it an Egyptian sculpture” “Make it a marble roman sculpture”

Figure 5. Mona Lisa transformed into various artistic mediums.

Input “Put them in outer space” “Turn the humans into robots”

Figure 6. The Creation of Adam with new context and subjects (generated at 768 resolution).

“Make it Paris” “Make it Hong Kong” “Make it Manhattan” “Make it Prague”

“Make it evening” “Put them on roller skates” “Turn this into 1900s” “Make it underwater”

“Make it Minecraft” “Turn this into the space age” “Make them into Alexander Calder sculptures” “Make it a Claymation”

Figure 7. The iconic Beatles Abbey Road album cover transformed in a variety of ways.
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Figure 8. We plot the trade-off between consistency with the input
image (Y-axis) and consistency with the edit (X-axis). For both
metrics, higher is better. We fix text guidance to 7.5, and vary: our
method’s sI ∈ [1.0, 2.2], SDEdit’s strength (the amount of denois-
ing) in [0.3, 0.9], and Prompt-to-Prompt’s cross-attention period in
[0, 1]. We experiment with two variants of Prompt-to-Prompt, us-
ing either the output caption or edit instruction.

Input SDEdit [38] T2L [6] P2P w/ inv. [17] Ours

“Dali Painting of Nimbus Cloud...” “make it look like a Dali...”

“Crowned alias Grace. (Photo by [...]/Netflix)” “add a crown”

“The Road Leads to the Ocean by Ben Heine” “...lead to the ocean”

“Industrial design bedroom furniture...” “add a bedroom”

Figure 9. Qualitative comparison. We compare with recent im-
age editing approaches SDEdit [38], Text2Live [6], and Prompt-
to-Prompt [17]. These methods all expect an output image caption,
unlike our method, which follows an editing instruction.

4.1. Baseline comparisons

We provide qualitative comparisons with SDEdit [38],
Text2Live [6], and Prompt-to-Prompt [17], as well as quan-
titative comparisons with SDEdit and Prompt-to-Prompt.
SDEdit [38] is a technique for editing images with a pre-
trained diffusion model, where a partially noised image is
passed as input and denoised to produce a new edited image.
Text2Live [6] edits images by generating a color+opacity
augmentation layer, conditioned on a text prompt.

We compare with SDEdit, Text2Live, and Prompt-to-
Prompt qualitatively in Figure 9. Additional comparisons
on other examples, as well as other configurations of these
related works are provided in Appendix B of the supple-
ment. We notice that while SDEdit works reasonably well
for cases where content remains approximately constant and
style is changed, it struggles to preserve identity and isolate

0.00 0.05 0.10 0.15
CLIP Text-Image Direction Similarity

0.8

0.9

1.0

CL
IP

 Im
ag

e 
Si

m
ila

rit
y

Ours
Ours (no CLIP filter)
Ours (10% of data)
Ours (1% of data)

Figure 10. We compare ablated variants of our model (smaller
training dataset, no CLIP filtering) by fixing sT and sweeping val-
ues of sI ∈ [1.0, 2.2]. Our proposed configuration performs best.

individual objects, especially when larger changes are de-
sired. Additionally, it requires a full output description of
the desired image, rather than an editing instruction. On the
other hand, while Text2Live is able to produce convincing
results for edits involving additive layers, its formulation
limits the categories of edits that it can handle.

Quantitative comparisons with SDEdit and Prompt-to-
Prompt are shown in Figure 8. We plot the tradeoff between
two metrics, cosine similarity of CLIP image embeddings
(how much the edited image 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 output correspond to a desired edit will
reduce its similarity with the input image—and we are in-
terested in which method achieves the best tradeoff (highest
curve). We find that compared to SDEdit and Prompt-to-
Prompt, our results achieve higher directional similarity for
the same image similarity values, indicating it better per-
forms the desired edit. These findings are measured on av-
erage across 2000 edits, and we further validate them using
a different CLIP model in Fig. 23 of the supplement. Out-
performing Prompt-to-Prompt may seem surprising, since
it is used in our training data generation, and in Appendix B
we discuss possible causes for this improvement.

4.2. Ablations

In Fig. 10, we provide quantitative ablations for both our
choice of dataset size and our dataset filtering approach de-
scribed in Section 3.1. Decreasing the size of the dataset
typically results in decreased ability to perform more signif-
icant image edits, instead only performing subtle or stylis-
tic image adjustments (and thus, maintaining a high image
similarity score, but a low directional score). In contrast,
removing the CLIP filtering from our dataset generation re-
duces the overall image consistency with the input image.

We also provide an analysis of the effect of our two
classifier-free guidance scales in Figure 4. Increasing sT
results in a stronger edit applied to the image (i.e., the out-
put agrees more with the instruction), and increasing sI can
help preserve the spatial structure of the input image (i.e.,
the output agrees more with the input image). We find that
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“Add an eerie 
thunderstorm”

“Turn into an oil 
pastel drawing”“Insert a train” “Give it a dark

creepy vibe”

Figure 11. Applying our model recurrently with different instructions results in compounded edits.

Input Edit instruction: “in a race car video game”

Figure 12. By varying the latent noise, our model can produce many possible image edits for the same input image and instruction.

“Zoom into the image” “Move it to Mars” “Color the tie blue” “Have the people swap places”

Figure 13. Failure cases. Left to right: our model is not capable of performing viewpoint changes, can make undesired excessive changes
to the image, can sometimes fail to isolate the specified object, and has difficulty reorganizing or swapping objects with each other.

values of sT in the range 5−10 and values of sI in the range
1−1.5 typically produce the best results. In practice, and for
the results shown in the paper, we find it beneficial to adjust
guidance weights for each example to get the best balance
between consistency and edit strength.

5. Discussion

We demonstrate an approach that combines two large
pretrained models, a large language model and a text-to-
image model, to generate a dataset for training a diffusion
model to follow written image editing instructions. While
our method is able to produce a wide variety of compelling
edits to images, including style, medium, and other contex-
tual changes, there still remain a number of limitations.

Our model is limited by the visual quality of the gener-
ated dataset, and therefore by the diffusion model used to
generate the imagery (in this case, Stable Diffusion [51]).
Furthermore, our method’s ability to generalize to new edits
and make correct associations between visual changes and
text instructions is limited by the human-written instruc-
tions used to fine-tune GPT-3 [7], by the ability of GPT-3
to create instructions and modify captions, and by the abil-
ity of Prompt-to-Prompt [17] to modify generated images.
In particular, our model struggles with counting numbers of

objects and with spatial reasoning (e.g., “move it to the left
of the image”, “swap their positions”, or “put two cups on
the table and one on the chair”), just as in Stable Diffusion
and Prompt-to-Prompt. Additionally, we find that perform-
ing many sequential edits sometimes causes accumulating
artifacts. Examples of failures can be found in Figure 13.
Furthermore, there are well-documented biases in the data
and the pretrained models that our method is based upon.
The edited images from our method may inherit these bi-
ases or introduce others (Fig. 14 in the supplement).

Aside from mitigating the above limitations, our work
also opens up questions, such as: how to follow instructions
for spatial reasoning, how to combine instructions with
other conditioning modalities like user interaction, and how
to evaluate instruction-based editing. Incorporating human
feedback, such as with the use of reinforcement learning, is
another important direction for future work and could im-
prove alignment between our model and human intentions.
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InstructPix2Pix：学习遵循图像编辑指令

Tim Brooks* Aleksander Holynski* Alexei A. Efros

加州大学伯克利分校

图 1.如果给定一幅图像和如何编辑该图像的指令，我们的模型就会执行相应的编辑。我们的模型

不需要输入或输出图像的完整描述，并且在前向传播中编辑图像，无需按实例反转或微调。

摘要

我们提出了一种根据人类指令编辑图像的方法：给定一张输入图像和一条书面指

令，告诉模型应该做什么，我们的模型就按照这些指令编辑图像。为了获得这个任务

的训练数据，我们结合了两个大型预训练模型的知识——语言模型（GPT-3）和文本

到图像模型（稳定扩散模型）——来生成一个大型图像编辑示例数据集。我们的条件

扩散模型 InstructPix2Pix是在我们生成的数据上训练出来的，在推理时可泛化为真实

图像和用户编写的指令。由于该模型在前向传播中执行编辑，不需要对每个示例进行

微调或反转，因此能在几秒钟内快速编辑图像。我们展示了针对各种输入图像和书面

指令的令人信服的编辑结果。

1.引言

我们介绍了一种教学方法，让生成模型按照人类编写的指令进行图像编辑。由于

该任务的训练数据难以大规模获取，我们提出了一种生成配对数据集的方法，该数据

集结合了在不同模式下预先训练的多个大模型：一个大语言模型（GPT-3[7]）和一个

文本到图像模型（稳定扩散模型[51]）。这两个模型捕捉了语言和图像的互补知识，可

以结合起来为跨越两种模态的任务创建配对训练数据。



利用我们生成的配对数据，我们训练了一个条件扩散模型，该模型在给定输入图

像和如何编辑图像的文本指令后，生成编辑后的图像。我们的模型在前向传播中直接

执行图像编辑，不需要任何额外的示例图像、输入/输出图像的完整描述或每个示例的

微调。尽管我们的模型完全是在合成示例（即生成的书面指令和生成的图像）上训练

出来的，但它对真实图像和自然的人类书面指令都实现了零误差泛化。我们的模型实

现了直观的图像编辑，可以按照人类的指令进行各种编辑：替换对象、改变图像风格、

改变场景和艺术媒介等。部分示例见图 1。

2.先前的工作

组合大型预训练模型 最近的工作表明，可以将大型预训练模型组合起来，以解决任

何一个模型都无法单独完成的多模态任务，例如图像描述和视觉问答（这些任务需要

大语言模型和文本图像模型的知识）。组合预训练模型的技术包括在新任务中联合微

调[4, 33, 40, 67]、通过提示进行交流[62, 69]、组合基于能量模型的概率分布[11, 37]、
用另一个模型的反馈指导一个模型[61]以及迭代优化[34]。我们的方法与之前的工作类

似，都是利用两个预训练模型——GPT-3[7]和稳定扩散模型[51]的互补能力，但不同

之处在于，我们利用这些模型生成成对的多模式训练数据。

基于扩散的生成模型 扩散模型[59]方面的最新进展使得最先进的图像合成[10, 18, 19,
53, 55, 60]以及视频[21, 58]、音频[30]、文本[35]和网络参数[45]等其他模式的生成模

型成为可能。最近的文本到图像扩散模型[41, 48, 51, 54]已经证明可以从任意文本说明

生成逼真的图像。

图像编辑的生成模型 图像编辑模型传统上只针对单一的编辑任务，如风格转换[15,
16] 或图像域之间的翻译[22, 24, 36, 42, 71]。许多编辑方法将图像反转[1-3, 12]或编码

[8, 50, 63]到一个潜在空间（如 StyleGAN [25, 26]）中，然后通过操作潜在向量对图像

进行编辑。最近的一些模型利用 CLIP [47]嵌入来引导使用文本的图像编辑[5, 9, 14, 28,
31, 41, 44, 70]。我们将 Text2Live [6]与这些方法中的一种进行了比较，这种编辑方法

可以优化图像层，使 CLIP相似性目标最大化。

近期的研究已将预训练的文本到图像扩散模型用于图像编辑[5,17,27,38,48]。虽然

有些文本到图像模型本身就具有编辑图像的能力（例如，DALLE-2 可以创建图像变

化、修复区域和操作 CLIP嵌入[48]），但使用这些模型进行有针对性的编辑并非易事，

因为在大多数情况下，它们无法保证相似的文本提示会产生相似的图像。Hert等人最

近的研究[17]通过 “提示到提示”（Prompt-to-Prompt）方法解决了这一问题，这种方

法可以同化相似文本提示生成的图像，从而对生成的图像进行单独编辑。我们在生成

训练数据时使用了这种方法。为了编辑非生成图像（即真实图像），SDEdit [38]使用

预训练模型对输入图像进行加噪和去噪处理，并添加新的目标提示。我们将 SDEdit
作为基线进行比较。近期的其他研究还包括：根据图片说明和用户绘制的掩膜（mask）
进行局部修复[5, 48]；根据一小部分图像生成特定对象或概念的新图像[13, 52]；或通



过反转（和微调）单张图像进行编辑，然后用新的文本描述重新生成图像[27]。与这

些方法不同的是，我们的模型只需要一张图像和如何编辑该图像的指令（即不需要任

何图像的完整描述），并直接在前向传播中执行编辑，而不需要用户绘制的掩膜、额

外的图像或按实例反转或微调。

学习遵循指令 我们的方法不同于现有的基于文本的图像编辑工作[6,13,17,27,38, 52]，
它可以根据指令进行编辑，这些指令告诉模型应该执行什么操作，而不是输入/输出图

像的文本标签、图片说明或描述。按照编辑指令进行编辑的一个主要好处是，用户可

以用自然的书面文字告诉模型该做什么。用户无需提供额外信息，如示例图像或对输

入和输出图像之间保持不变的视觉内容的描述。编写的指令具有表现力、精确性和直

观性，用户可以轻松分离出需要更改的特定对象或视觉属性。我们的目标是遵循书面

图像编辑指令，这一灵感来自于最近的工作，即教大语言模型更好地遵循人类指令完

成语言任务[39, 43, 68]。

使用生成模型生成训练数据 深度模型通常需要大量的训练数据。互联网数据集通常

是合适的，但可能不以监督所需的形式存在，例如，特定模式的配对数据。随着生成

模型的不断改进，人们对将其作为下游任务的廉价而丰富的训练数据来源越来越感兴

趣[32, 46, 49, 57, 64, 65]。在本文中，我们使用两种不同的现成生成模型（语言、文本

到图像）为我们的编辑模型生成训练数据。

3.方法

图 2.我们的方法由两部分组成：生成图像编辑数据集和在该数据集上训练扩散模型。(a)我们首先

使用经过微调的 GPT-3生成指令和编辑过的图片说明。(b)然后，我们结合使用稳定扩散模型[51]
和 Prompt-to-Prompt [17]，根据成对的图片说明生成成对的图像。我们使用这一程序创建了一个包

含超过 450,000个训练示例的数据集(c)。(d)最后，我们在生成的数据上训练 InstructPix2Pix 扩散

模型，以根据指令编辑图像。在推理过程中，我们的模型可以根据人类编写的指令编辑真实图像。

我们将基于指令的图像编辑视为一个监督学习问题：（1）首先，我们生成一个文

本编辑指令和编辑前/后图像的配对训练数据集（第 3.1节，图 2a-c），然后（2）我们

在这个生成的数据集上训练一个图像编辑扩散模型（第 3.2节，图 2d）。尽管我们使

用生成的图像和编辑指令进行训练，但我们的模型仍能推广到使用人类编写的任意指

令编辑真实图像。我们的方法概览见图 2。



3.1.生成多模态训练数据集

我们将两个针对不同模态的大规模预训练模型——一个大语言模型[7]和一个文

本到图像模型[51]——的能力结合起来，生成了一个多模态训练数据集，其中包含文

本编辑指令以及编辑前后的相应图像。在下面两节中，我们将详细介绍这一过程的两

个步骤。在第 3.1.1节中，我们将介绍对 GPT-3 [7]进行微调以生成文本编辑集的过程：

给定一个描述图像的提示，生成一个描述要进行修改的文本指令和一个描述修改后图

像的提示（图 2a）。然后，在第 3.1.2节中，我们将介绍使用文本到图像模型[51]将两

个文本提示（即编辑前和编辑后）转换成一对相应图像的过程（图 2b）。

3.1.1 生成指令和配对图片说明

表 1.我们标注了一个小型文本数据集，对 GPT-3进行了微调，并使用微调后的模型生成了一个大

型文本三联字符集数据集。我们使用 LAION中的真实图片说明作为标注示例和生成示例的输入说

明。高亮文本由 GPT-3生成。

我们首先完全在文本领域进行操作，利用大型语言模型接收图片说明并生成编辑

指令和编辑后的图片说明。例如，如图 2a所示，如果输入图片说明为 “骑马女孩的

照片”，我们的语言模型就能生成 “让她骑龙”这一可信的编辑指令和经过适当修改的

输出图片说明“骑龙女孩的照片”。在文本领域的操作使我们能够生成大量不同的编辑

集合，同时保持图像变化与文本指令之间的对应关系。

我们的模型是通过在一个相对较小的人工编辑三联数据集上对 GPT-3 进行微调

来训练的：（1）输入图片说明，（2）编辑指令，（3）输出图片说明。为了生成微调数

据集，我们从 LAION-Aesthetics V2 6.5+ [56]数据集中抽取了 700个输入图片说明，并

手动编写了指令和输出图片说明。我们撰写的指令和输出图片说明示例见表 1a。利用

这些数据，我们使用默认训练参数对 GPT-3 Davinci模型进行了单个轮次的微调。

得益于 GPT-3丰富的知识和概括能力，我们经过微调的模型能够生成既有创意又

合理的指令和图片说明。有关 GPT-3生成数据的示例，请参见表 1b。我们的数据集

是通过使用这个训练有素的模型生成大量编辑和输出图片说明而创建的，其中输入图

片说明是 LAION-Aesthetics的真实图片说明（不包括说明重复或图片 URL重复的样

本）。我们之所以选择 LAION数据集，是因为它规模庞大、内容多样（包括对专有名

词和流行文化的引用）、媒介多样（照片、绘画、数字艺术品）。LAION 的一个潜在

缺点是噪音较大，包含大量无意义或无描述性的图片说明——不过，我们发现通过数



据集过滤（第 3.1.2节）和无分类器引导（第 3.2.1节）的组合可以减轻数据集噪音。

我们最终生成的指令和图片说明语料库包括 454445个示例。

3.1.2 根据配对字幕生成配对图像

图 3.使用稳定扩散模型[51]、Prompt-to-Prompt[17]和不使用 Prompt-to-Prompt[17]生成的一对图像。

两者对应的图片说明分别为“骑马女孩的照片”和“骑龙女孩的照片”。

接下来，我们使用预训练的文本到图像模型将一对图片说明（指编辑前后的图像）

转换成一对图像。将一对图片说明转换成一对相应图像的一个挑战是，文本到图像模

型无法保证图像的一致性，即使在条件提示发生非常微小的变化时也是如此。例如，

两个非常相似的提示：“猫的图片”和“黑猫的图片”可能会产生完全不同的猫的图

像。这不符合我们的目的，因为我们打算将这些配对数据作为训练模型编辑图像的监

督数据（而不是生成不同的随机图像）。因此，我们使用了 Prompt-to-Prompt [17]，这

是一种最新的方法，旨在鼓励文本到图像扩散模型的多代相似。这是通过在一定数量

的去噪步骤中借用交叉注意力权重来实现的。图 3显示了使用 Prompt-to-Prompt和未

使用 Prompt-to-Prompt的采样图像对比。

虽然这大大有助于同化生成的图像，但不同的编辑可能需要图像空间中不同的变

化量。例如，幅度较大的改变，如改变大规模图像结构的改变（如移动物体、用不同

形状的物体替换），可能需要生成的图像对中的相似度较低。幸运的是，

Prompt-to-Prompt有一个可以控制两幅图像相似度的参数：共享注意力权重的去噪步

骤 的比例。遗憾的是，仅从图片说明和编辑文本中找出 的最佳值非常困难。因此，

我们为每对图片说明生成 100对图像样本，每对样本的随机 ，并使用

基于 CLIP 的度量标准对这些样本进行过滤：即 Gal 等人[14]提出的 CLIP 空间中的

方向相似性。该指标衡量的是两幅图像（在 CLIP空间中）之间的变化与两幅图像的

图片说明之间变化的一致性。进行这种过滤不仅有助于最大限度地提高图像对的多样

性和质量，还能使我们的数据生成在 Prompt-to-Prompt和稳定扩散模型失败时更加稳

健。

3.2. InstructPix2Pix

我们利用生成的训练数据来训练一个条件扩散模型，该模型可根据书面说明编辑

图像。我们的模型基于稳定扩散模型（Stable Diffusion），这是一种大规模文本到图像

的潜在扩散模型。

扩散模型[59]通过一系列去噪自编码器来学习生成数据样本，这些自编码器会估

算数据分布的分数[23]（指向高密度数据的方向）。潜在扩散[51]通过在带有编码器 和



解码器 的预训练变分自编码器[29]的潜在空间中运行，提高了扩散模型的效率和质

量。对于图像 ，扩散过程会将噪声添加到编码的潜变量 中，产生一个有噪

声的潜变量 ，噪声水平会随着时间步 而增加。我们学习一个网络 ，该网络能

根据图像条件 和文本指令条件 预测添加到有噪声潜变量 中的噪声。我们要最小

化以下潜变量扩散目标：

(1)

Wang等人[66]的研究表明，在图像翻译任务中，微调大型图像扩散模型的效果优

于从头开始训练模型，尤其是在配对训练数据有限的情况下。因此，我们利用预训练

的稳定扩散检查点来初始化模型的权重，充分利用其强大的文本到图像生成能力。为

了支持图像调节，我们在第一个卷积层中添加了额外的输入通道，将 和 连接起

来。扩散模型的所有可用权重都从预训练的检查点初始化，而对新添加的输入通道起

作用的权重初始化为零。我们重新使用了原本用于图注的文本调节机制，将文本编辑

指令 作为输入。其他训练细节见附录 C。

3.2.1 针对两种条件的无分类器引导

图 4.两个条件输入的无分类器引导权重。 值越高，编辑后的图像空间结构与输入图像越相似，

而 值越高，输出图像的编辑强度越大。

无分类器扩散引导[20]是一种在扩散模型生成的样本质量和多样性之间进行权衡

的方法。它通常用于类别条件和文本条件图像生成，以提高生成图像的视觉质量，并

使采样图像更好地符合其条件。无分类器引导能有效地将概率质量转移到隐式分类器

为条件 赋值可能性较高的数据上。无分类器引导的实施涉及对扩散模型进行



有条件和无条件去噪的联合训练，并在推理时将两个分数估计值结合起来。训练无条

件去噪时，只需在训练期间的某个频率将条件设置为固定的空值 。推理时，在

指导尺度 的情况下，修正后的分数估计值 会向条件 的方向外推，

并远离无条件 。

(2)

对于我们的任务，得分网络 有两个条件：输入图像 和文本指令 。

我们发现，在这两个条件下利用无分类器指导是有益的。Liu等人[37]的研究表明，条

件扩散模型可以从多个不同的条件值中得出分数估计值。我们将同样的概念应用到我

们的模型中，并使用两个独立的条件输入。在训练过程中，我们对 5%的示例随机设

置 ，对 5%的示例随机设置 ，对 5%的示例同时设置 和

。因此，我们的模型能够对这两种条件输入或其中一种条件输入进行有条件

或无条件去噪。我们引入了两个引导尺度： 和 。增加 会使编辑后的图像更接近

输入图像，而增加 则会使编辑强度更大。我们的修正分数估算如下：

(3)

图 4显示了这两个参数对生成样本的影响。有关我们的无分类器指导公式的详细

信息，请参阅附录 D。

4.结果

图 5.《蒙娜丽莎》变身为各种艺术媒介。

图 6.《创造亚当》的新背景和主题（以 768 分辨率生成）



图 7.披头士乐队标志性的《艾比路》专辑封面以各种方式进行了改造。

我们展示了多种编辑类型和指令下基于指令的图像编辑结果，包括一组真实照片

和艺术作品。部分结果见图 1、5、6、7、11、12和附录 A。我们的模型成功执行了

许多具有挑战性的编辑，包括替换对象、改变季节和天气、替换背景、修改材料属性、

转换艺术媒介以及其他各种编辑。

我们将我们的方法与最近的工作SDEdit [38]、Text2Live [6]和Prompt-to-Prompt[17]
进行了定性比较。我们的模型遵循的是如何编辑图像的说明，但之前的作品（包括这

些基线方法）期望的是图像（或编辑层）的描述。因此，我们向他们提供的是“编辑

后”的文本图像说明，而不是编辑指令。我们还使用两个衡量图像一致性和编辑质量

的指标，将我们的方法与 SDEdit和 Prompt-to-Prompt进行了定量比较，详见第 4.1节。

最后，我们在第 4.2节中展示了生成的训练数据的大小和质量如何影响我们模型的性

能。



4.1.基线比较

图 8.我们绘制了与输入图像的一致性（Y轴）和与编辑的一致性（X轴）之间的权衡图。对于这

两个指标，越高越好。我们将文本引导固定为 7.5，并改变：我们方法的 ，SDEdit

的强度（去噪量）为[0.3, 0.9]，Prompt-to-Prompt的交叉注意周期为[0, 1]。我们使用输出图片说明

或编辑指令对 Prompt-to-Prompt的两种变体进行了实验。

图 9.定性比较。我们与最近的图像编辑方法 SDEdit [38]、Text2Live [6]和 Prompt-to-Prompt [17]进
行了比较。这些方法都希望输出图像说明，而我们的方法则不同，它遵循编辑指令。

我们提供了与 SDEdit [38]、Text2Live [6]和 Prompt-to-Prompt [17]的定性比较，以

及与 SDEdit和 Prompt-to-Prompt的定量比较。SDEdit [38]是一种利用预训练的扩散模

型编辑图像的技术，它将部分噪声图像作为输入，然后进行去噪处理，生成新的编辑



图像。Text2Live[6]通过根据文本提示生成颜色+不透明度增强层来编辑图像。

我们在图 9 中对 SDEdit、Text2Live 和 Prompt-to-Prompt进行了定性比较。其他

例子的比较以及这些相关作品的其他配置见附录 B。我们注意到，虽然 SDEdit在内

容大致保持不变、风格有所改变的情况下效果还算不错，但它在保持特性和隔离单个

对象方面却很吃力，尤其是在需要进行较大改动时。此外，它需要对所需图像进行完

整的输出描述，而不是编辑指令。另一方面，虽然 Text2Live能够为涉及添加层的编

辑提供令人信服的结果，但其表述方式限制了它所能处理的编辑类别。

图 8显示了与 SDEdit和 Prompt-to-Prompt的定量比较。我们绘制了 CLIP 图像嵌

入的余弦相似度（编辑后的图像与输入图像的吻合程度）和[14]引入的方向 CLIP 相似

度（文字说明的变化与图像的变化的吻合程度）这两个指标之间的权衡图。这是两个

相互竞争的指标——提高输出与所需编辑对应的程度会降低输出与输入图像的相似

度——我们感兴趣的是哪种方法能实现最佳权衡（最高曲线）。我们发现，与 SDEdit
和 Prompt-to-Prompt相比，在相同的图像相似度值下，我们的结果实现了更高的方向

相似性，这表明它能更好地执行所需的编辑。这些结果是根据 2000 次编辑的平均值

测得的，我们还使用不同的 CLIP 模型进一步验证了这些结果（见附图 23）。由于我

们在生成训练数据时使用了 Prompt-to-Prompt 模型，因此该模式的表现优于

Prompt-to-Prompt似乎有些出人意料，我们将在附录 B中讨论这种改进的可能原因。

4.2.消融实验

图 10. 我们通过固定 和扫频 ，比较了我们模型的消融变体（较小的训练数据集，

无 CLIP 过滤）。我们建议的配置表现最佳。

在图 10中，我们提供了 3.1节中描述的数据集大小选择和数据集过滤方法的量化

消融。减小数据集的大小通常会导致执行更重要的图像编辑的能力下降，而只能执行

微妙或风格化的图像调整（因此，图像相似度得分较高，但方向性得分较低）。相比

之下，从数据集生成中移除 CLIP过滤会降低图像与输入图像的整体一致性。

我们还在图 4中分析了两种无分类器引导尺度的效果。增加 会对图像进行更强

的编辑（即输出与指令更加一致），而增加 则有助于保持输入图像的空间结构（即

输出与输入图像更加一致）。我们发现， 值在 5-10范围内和 值在 1-1.5 范围内通

常能产生最佳结果。在实践中，以及就本文所显示的结果而言，我们发现调整每个示

例的引导权重是有益的，这样可以在一致性和编辑强度之间取得最佳平衡。



5.讨论

图 11.以不同的指令重复应用我们的模型产生复合编辑。

图 12.通过改变潜在噪声，我们的模型可以为相同的输入图像和指令生成多种可能的图像编辑。

图 13.失败案例。从左到右：我们的模型无法执行视角变化，可能会对图像进行不希望看到的过

度修改，有时无法隔离指定对象，以及难以重组或交换对象。

我们展示了一种方法，该方法结合了两个大型预训练模型——一个大语言模型和

一个文本到图像模型——来生成一个数据集，用于训练扩散模型来遵循书面图像编辑

指令。虽然我们的方法能够对图像进行各种引人注目的编辑，包括风格、介质和其他

上下文变化，但仍然存在一些局限性。

我们的模型受限于生成数据集的视觉质量，因此也受限于用于生成图像的扩散模

型（在本例中为稳定扩散模型[51]）。此外，我们的方法对新编辑的泛化能力以及在视

觉变化和文本指示之间建立正确关联的能力也受到了以下因素的限制：用于微调

GPT-3的人写指示[7]、GPT-3创建指示和修改图片说明的能力以及 Prompt-to-Prompt
[17] 修改生成图像的能力。特别是，我们的模型在计算物体数量和空间推理（例如，

“把它移到图像左边”、“交换它们的位置 ”或 “把两个杯子放在桌子上，一个放在椅子

上”）方面很吃力，就像在稳定扩散和 Prompt-to-Prompt中一样。此外，我们还发现，

执行多次连续编辑有时会导致伪影累积。失败的例子见图 13。此外，我们的方法所

基于的数据和预训练模型中也存在有据可查的偏差。我们的方法所编辑的图像可能会

继承这些偏差或引入其他偏差（附图 14）。

除了缓解上述局限性，我们的工作还提出了一些问题，例如：如何按照指令进行

空间推理，如何将指令与用户交互等其他调节方式相结合，以及如何评估基于指令的

编辑。结合人类反馈（如使用强化学习）是未来工作的另一个重要方向，可以提高我

们的模型与人类意图之间的一致性。


