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Fig. 1. Make-A-Scene: Samples of generated images from text inputs (a), and a text
and scene input (b). Our method is able to both generate the scene (a, bottom left)
and image, or generate the image from text and a simple sketch input (b, center).

Abstract. Recent text-to-image generation methods provide a simple
yet exciting conversion capability between text and image domains. While
these methods have incrementally improved the generated image fidelity
and text relevancy, several pivotal gaps remain unanswered, limiting ap-
plicability and quality. We propose a novel text-to-image method that
addresses these gaps by (i) enabling a simple control mechanism com-
plementary to text in the form of a scene, (ii) introducing elements that
substantially improve the tokenization process by employing domain-
specific knowledge over key image regions (faces and salient objects),
and (iii) adapting classifier-free guidance for the transformer use case.
Our model achieves state-of-the-art FID and human evaluation results,
unlocking the ability to generate high fidelity images in a resolution of
512 × 512 pixels, significantly improving visual quality. Through scene
controllability, we introduce several new capabilities: (i) Scene editing,
(ii) text editing with anchor scenes, (iii) overcoming out-of-distribution
text prompts, and (iv) story illustration generation, as demonstrated in
the story we wrote.
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1 Introduction

“A poet would be overcome by sleep and hunger before being able to
describe with words what a painter is able to depict in an instant.”

Similar to this quote by Leonardo da Vinci [27], equivalents of the expression
“A picture is worth a thousand words” have been iterated in different languages
and eras [1,14,25], alluding to the heightened expressiveness of images over text,
from the human perspective. There is no surprise then, that the task of text-to-
image generation has been gaining increased attention with the recent success of
text-to-image modeling via large-scale models and datasets. This new capability
of effortlessly bridging between the text and image domains enables new forms
of creativity to be accessible to the general public.

While current methods provide a simple yet exciting conversion between the
text and image domains, they still lack several pivotal aspects:

(i) Controllability. The sole input accepted by the majority of models is
text, confining any output to be controlled by a text description only. While
certain perspectives can be controlled with text, such as style or color, others
such as structure, form, or arrangement can only be loosely described at best [46].
This lack of control conveys a notion of randomness and weak user-influence on
the image content and context [33]. Controlling elements additional to text have
been suggested by [68], yet their use is confined to restricted datasets such as
fashion items or faces. An earlier work by [23] suggests coarse control in the form
of bounding boxes resulting in low resolution images.

(ii) Human perception. While images are generated to match human per-
ception and attention, the generation process does not include any relevant prior
knowledge, resulting in little correlation between generation and human atten-
tion. A clear example of this gap can be observed in person and face generation,
where a dissonance is present between the importance of face pixels from the
human perspective and the loss applied over the whole image [28, 65]. This gap
is relevant to animals and other salient objects as well.

(iii) Quality and resolution. Although quality has gradually improved
between consecutive methods, the previous state-of-the-art methods are still
limited to an output image resolution of 256 � 256 pixels [40, 45]. Alternative
approaches propose a super-resolution network which results in less favorable
visual and quantitative results [12]. Quality and resolution are strongly linked,
as scaling up to a resolution of 512� 512 requires a substantially higher quality
with fewer artifacts than 256� 256.

In this work, we introduce a novel method that successfully tackles these
pivotal gaps, while attaining state-of-the-art results in the task of text-to-image
generation. Our method provides a new type of control complementary to text,
enabling new-generation capabilities while improving structural consistency and
quality. Furthermore, we propose explicit losses correlated with human prefer-
ences, significantly improving image quality, breaking the common resolution
barrier, and thus producing results in a resolution of 512� 512 pixels.
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Our method is comprised of an autoregressive transformer, where in addition
to the conventional use of text and image tokens, we introduce implicit condi-
tioning over optionally controlled scene tokens, derived from segmentation maps.
During inference, the segmentation tokens are either generated independently by
the transformer or extracted from an input image, providing freedom to impel
additional constraints over the generated image. Contrary to the common use of
segmentation for explicit conditioning as employed in many GAN-based meth-
ods [24, 42, 61], our segmentation tokens provide implicit conditioning in the
sense that the generated image and image tokens are not constrained to use the
segmentation information, as there is no loss tying them together. In practice,
this contributes to the variety of samples generated by the model, producing
diverse results constrained to the input segmentations.

We demonstrate the new capabilities this method provides in addition to con-
trollability, such as (i) complex scene generation (Fig. 1), (ii) out-of-distribution
generation (Fig. 3), (iii) scene editing (Fig. 4), and (iv) text editing with anchored
scenes (Fig. 5). We additionally provide an example of harnessing controllability
to assist with the creative process of storytelling in the supplementary materials.

While most approaches rely on losses agnostic to human perception, this ap-
proach differs in that respect. We use two modified Vector-Quantized Variational
Autoencoders (VQ-VAE) to encode and decode the image and scene tokens with
explicit losses targeted at specific image regions correlated with human percep-
tion and attention, such as faces and salient objects. The losses contribute to the
generation process by emphasizing the specific regions of interest and integrating
domain-specific perceptual knowledge in the form of network feature-matching.

While some methods rely on image re-ranking for post-generation image fil-
tering (utilizing CLIP [44] for instance), we extend the use of classifier-free guid-
ance suggested for diffusion models [20,53] by [22,40] to transformers, eliminating
the need for post-generation filtering, thus producing faster and higher quality
generation results, better adhering to input text prompts.

An extensive set of experiments is provided to establish the visual and nu-
merical validity of the our different contributions.

2 Related Work

Image generation. Recent advancements in deep generative models have en-
abled algorithms to generate high-quality and natural-looking images. Genera-
tive Adversarial Networks (GANs) [17] facilitate the generation of high fidelity
images [3,29,30,56] in multiple domains by simultaneously training a generator
network G and a discriminator network D, where G is trained to fool D, while D
is trained to judge if a given image is real or fake. Concurrently to GANs, Varia-
tional Autoencoders (VAEs) [31,57] have introduced a likelihood-based approach
to image generation. Other likelihood-based models include autoregressive mod-
els [8, 13,41,43] and diffusion models [11,20,21]. While the former model image
pixels as a sequence with autoregressive dependency between each pixel, the
latter synthesizes images via a gradual denoising process. Specifically, sampling
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starts with a noisy image which is iteratively denoised until all denoising steps
are performed. Applying both methods directly to the image pixel-space can be
challenging. Consequently, recent approaches either compress the image to a dis-
crete representation [13,58] via Vector Quantized Variational Autoencoders (VQ-
VAEs) [58], or downsample the image resolution [11, 21]. Our method is based
on autoregressive modeling of the discrete image representation.
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the tracks"

\a group of skiers
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down a mountain."

\a small kitchen
with a

low ceiling"

\a group of
elephants walking
in muddy water."
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Fig. 2. Qualitative comparison with previous work. The text and generated images
for [40,45,66] were taken from [40]. For CogView [12] we use the released 512×512 model
weights, applying self-reranking of 60 for post-generation selection. When zoomed-in,
our results can be seen to be of higher-quality, higher-resolution, with crisp details.




