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Figure 1: Emu3 is trained to predict the next token with a single Transformer on a mix of video,
image, and text tokens. Emu3 achieves state-of-the-art performance compared to well-established
task-specific models in generation and perception tasks.

Abstract

While next-token prediction is considered a promising path towards artificial
general intelligence, it has struggled to excel in multimodal tasks, which are
still dominated by diffusion models (e.g., Stable Diffusion) and compositional
approaches (e.g., CLIP combined with LLMs). In this paper, we introduce Emu3,
a new suite of state-of-the-art multimodal models trained solely with next-token
prediction. By tokenizing images, text, and videos into a discrete space, we train
a single transformer from scratch on a mixture of multimodal sequences. Emu3
outperforms several well-established task-specific models in both generation and
perception tasks, surpassing flagship models such as SDXL and LLaVA-1.6, while
eliminating the need for diffusion or compositional architectures. Emu3 is also
capable of generating high-fidelity video via predicting the next token in a video
sequence. We simplify complex multimodal model designs by converging on a
singular focus: tokens, unlocking great potential for scaling both during training
and inference. Our results demonstrate that next-token prediction is a promising
path towards building general multimodal intelligence beyond language. We open-
source key techniques and models to support further research in this direction.
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Figure 2: Comparison with open-source �agship models in vision generation and perception. Based
solely on next-token prediction,Emu3 beats SDXL [66], LLaVA-1.6-7B [56], OpenSora-1.2 [107]
respectively, dispensing with diffusion and CLIP entirely. For the image generation task, we present
comparison results of human evaluation scores based on English prompts. For the vision-language
understanding task, we assess the average scores across twelve benchmarks: SEEDBench-Img [45],
OCRBench [59](with normalized results), MMVet [98], POPE [51], VQAv2 [27], GQA [34],
TextVQA [78], ChartQA [61], AI2D [36], RealWorldQA [91], MMMU [ 99], and MMbench [58].
For the video generation task, we present comparison results of VBench.

1 Introduction

Next-token prediction has revolutionized the �eld of language models [86, 69, 9], enabling break-
throughs like ChatGPT [64] and sparking discussions about the early signs of arti�cial general
intelligence (AGI) [10]. However, the applicability of this paradigm to multimodal models remains
unclear, with limited evidence of its ef�cacy in achieving competitive performance across different
tasks.

In the realm of multimodal models, vision generation has been dominated by complex diffusion
models (e.g., Stable Diffusion [73]), while vision-language perception has been led by compositional
approaches such as CLIP [67] with LLMs (e.g., LLaVA [57]). Despite early attempts at unifying
generation and perception, such as Emu [82] and Chameleon [83], these efforts either resort to
connecting LLMs with diffusion models or fail to match the performance of task-speci�c methods
tailored for generation and perception.

In this work, we presentEmu3, a new set of state-of-the-art multimodal models based solely on
next-token prediction, eliminating the need for diffusion or compositional approaches entirely. We
tokenize images, text, and videos into a discrete space, and jointly train a single transformer from
scratch on a mix of multimodal sequences.

Emu3 achieves state-of-the-art performance compared to well-established task-speci�c models in gen-
eration and perception tasks.Emu3 outperforms the �agship Stable Diffusion model,i.e., SDXL [66],
in both the human evaluation and the public text-to-image benchmarks such as MSCOCO-30K [15],
GenEval [26], T2I-CompBench [32], and DPG-Bench [31]. For vision-language understanding,
Emu3 competes with the popular vision-language model,i.e., LLaVA-1.6 [56], on a series of public
vision-language benchmarks, including SEED-Bench [45], RealWorldQA [91], OCRBench [59], etc.

Emu3 is capable of generating videos. Unlike Sora [8] that employs the video diffusion model to
generate a video from noise,Emu3 simply generates a video causally by predicting the next token in
a video sequence. The model can simulate some aspects of environments, people and animals in the
physical world. With a video in context,Emu3 extends the video and predicts what will happen next.
Given the user's prompt, the model can generate high-�delity videos following the text description.
Emu3 stands out and competes with other video diffusion models on the VBench benchmark [33] for
text-to-video generation.
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Figure 3: Reconstruction samples. Left: Original and reconstructed videos at 540� 960 resolution,
showcasing a sampling of 8 frames at 30 FPS. Right: original and reconstructed 512� 512 resolution
images. Zoom in to see the details.

We open-source key techniques and models to facilitate future research in this direction. Notably,
we provide a robust vision tokenizer, enabling the transformation of videos and images into discrete
tokens, which was previously publicly unavailable. We also demonstrate the versatility of the
next-token prediction framework, showing that direct preference optimization (DPO) [68] can be
seamlessly applied to autoregressive vision generation, aligning the model with human preferences.

Our results provide strong evidence that next-token prediction can serve as a powerful paradigm for
multimodal models, scaling beyond language models and delivering state-of-the-art performance
across multimodal tasks. By simplifying complex model designs and focusing solely ontokens, it
unlocks signi�cant potential forscalingboth during training and inference. We believe that next-token
prediction offers a promising path towards building general multimodal intelligence.

2 Approach

2.1 Data

Emu3 is trained from scratch on a mix of language, image, and video data.

Language Data.We use the same language data as in Aquila [101], which is a high-quality corpus
consisting of both Chinese and English data.
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Figure 4: Qualitative results ofEmu3 text-to-image generation.

Image Data. We curate a large-scale image-text dataset comprising open-source web data, AI-
generated data, and high-quality in-house data. The �ltering process involves several key steps:1)
We apply a resolution �lter, discarding samples with a resolution below 512� 512 pixels.2) We
assess the aesthetic quality of each image using the LAION-AI aesthetic predictor2, excluding images
with scores below 5.5 to ensure the overall aesthetic quality.3) For images that did not pass the
aesthetic �lter, we employ text detection3 and color �ltering to retain non-monochromatic images
and those with minimal text, improving the �ltering recall of open-world images.4) Additionally,
we prepare supplementary data for image understanding. By following the data processing pipeline
in DenseFusion [50], we extract millions of representative images that encompass a wide range of
categories, including charts, table, text-rich content, and more, sourced from diverse open-source
web data.

To annotate the �ltered dataset, we develop an image captioning model based on Emu2 [81] to
construct dense synthetic captions. We leverage GPT-4V [64] with detailed prompts to generate
approximately 1 million image-caption pairs. This annotated dataset is then used to �ne-tune the
Emu2-17B [81] model as our image captioner. Additionally, we utilize the open-source vLLM
library [40] to accelerate the labeling process.

2https://github.com/LAION-AI/aesthetic-predictor
3https://github.com/PaddlePaddle/PaddleOCR
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