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Figure 1: Example images generated by Parti. Top row: “Oil-on-canvas painting of a blue night sky
with roiling energy. A fuzzy and bright yellow crescent moon shining at the top. Below the exploding
yellow stars and radiating swirls of blue, a distant village sits quietly on the right. Connecting earth
and sky is a flame-like cypress tree with curling and swaying branches on the left. A church spire
rises as a beacon over rolling blue hills.” (a 67-word description of the Starry Night by Vincent
van Gogh). Middle row: “A close-up high-contrast photo of Sydney Opera House sitting next to
Eiffel tower, under a blue night sky of roiling energy, exploding yellow stars, and radiating swirls of
blue”. Last row: Similar to the middle row, but with “anime illustration” and different landmarks
(the Great Pyramid and the Parthenon).
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Abstract

We present the Pathwayg] [Autoregressive Text-to-Image (Parti) model, which
generates high- delity photorealistic images and supports content-rich synthesis
involving complex compositions and world knowledge. Parti treats text-to-image
generation as a sequence-to-sequence modeling problem, akin to machine transla-
tion, with sequences of image tokens as the target outputs rather than text tokens in
another language. This strategy can naturally tap into the rich body of prior work
on large language models, which have seen continued advances in capabilities and
performance through scaling data and model sizes. Our approach is simple: First,
Parti uses a Transformer-based image tokenizer, ViT-VQGAN, to encode images as
sequences of discrete tokens. Second, we achieve consistent quality improvements
by scaling the encoder-decoder Transformer model up to 20B parameters, with a
new state-of-the-art zero-shot FID score of 7.23 and netuned FID score of 3.22 on
MS-COCO. Our detailed analysis on Localized Narratives as well as PartiPrompts
(P2), a new holistic benchmark of over 1600 English prompts, demonstrate the
effectiveness of Parti across a wide variety of categories and dif culty aspects. We
also explore and highlight limitations of our models in order to de ne and exem-
plify key areas of focus for further improvements. feeti.research.google

for high-resolution images.

1 Introduction

People are generally able to conjure rich and detailed scenes through descriptions expressed in
written or spoken language. Supporting the ability to generate images based on such descriptions
can potentially unlock creative applications in many areas of life, including the arts, design, and
multimedia content creation. Recent research on text-to-image genemtiQmALL-E [2] and
CogView [3], has made signi cant progress in generating high- delity images and demonstrating
generalization capabilities to unseen combinations of objects and concepts. Both treat the task as a
form of language modeling, from textual descriptions into visual words, and use modern sequence-
to-sequence architectures like Transformé}dd learn the relationship between language inputs

and visual outputs. A key component of these approaches is the conversion of each image into a
sequence of discrete units through the use of an image tokenizer such ash\AE Q-VAE [6].

Visual tokenization essentially uni es the view of text and images so that both can be treated simply
as sequences of discrete tokens—and thus amenable to sequence-to-sequence models. To that end,
DALL-E and CogView employed decoder-only language models, similar to @GRTo[learn from a

large collection of potentially noisy text-image pai8s/9]. Make-A-Scenell(] further expands on

this two-stage modeling approach to support both text and scene-guided image generation.

A different line of research with considerable momentum involves diffusion-based text-to-image
models, such as GLIDE] and concurrent works DALL-E 212] (a.k.a, unCLIP) and Imageril3)].

These models eschew the use of discrete image tokens in favor of diffusion nibdl€l$][to

directly generate images. These models improve zero-shot Fréchet Inception Distance (FID) scores
on MS-COCOLg] and produce images of markedly higher-quality and greater aesthetic appeal
compared to previous work. Even so, autoregressive models for text-to-image generation remain
appealing given extensive prior work on scaling large language mdbtiz($8,[19,[20] and advances

in discretizing other modalities—such as images and audio—so that inputs in those modalities can
be treated as language-like tokens. This work presents the Pathways Autoregressive Text-to-Image
(Parti) model, which generates high-quality images from text descriptions, including photo-realistic
ones, paintings, drawings, and more (see[Hig.[] & 2). We show that with a ViT-VQ@2Nnage
tokenizer, scaling autoregressive models is an effective way to improve text-to-image generation,
enabling such models to accurately integrate and visually convey world knowledge.

Parti is a sequence-to-sequence model based on the Transfdinaar @rchitecture critical to perfor-
mance on many tasks, including machine translatnspeech recognitior?p, 23], conversational
modeling R4], image captioning45], and many others. Parti takes text tokens as inputs to an encoder
and autoregressively predicts discrete image tokens with a decoder (see Figure 3). The image tokens
are produced by the Transformer-based ViT-VQGAN image token22r\vhich produces higher-

delity reconstructed outputs and has better codebook utilization compared with iMAZQ-VAE


https://parti.research.google/
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