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Last year, I visited the Golden Gate Bridge and 
was deeply impressed. Let me show you a picture.

I regret not bringing my dog Lucky along for the 
visit. This is Lucky.

It looks great! Can you make Lucky wear sunglasses?

Lucky looks cool in this image. Can you turn it into an oil 
painting?

I love this painting. Can you create a story about Lucky's 
adventure for this painting?

Once upon a time, Lucky was on a mission to find the 
perfect spot to enjoy the view of the Golden Gate 
Bridge. He wandered around the park, sniffing and 
exploring, until he finally found a patch of grass 
where he could lay down and take in the beauty of 
the bridge. As he sat there, he put on his sunglasses 
to protect his eyes from the sun and admired the view.

Can you generate an image of Lucky sitting in front of 
the Golden Gate Bridge?

Chatting with SEED-LLaMA

Figure 1: The introduced SEED-LLaMA, a multimodal AI assistant, demonstrates emergent ability
in the multi-turn in-context image and text generation given multimodal instructions.

ABSTRACT

The great success of Large Language Models (LLMs) has expanded the potential
of multimodality, contributing to the gradual evolution of General Artificial Intelli-
gence (AGI). A true AGI agent should not only possess the capability to perform
predefined multi-tasks but also exhibit emergent abilities in an open-world con-
text. However, despite the considerable advancements made by recent multimodal
LLMs, they still fall short in effectively unifying comprehension and generation
tasks, let alone open-world emergent abilities. We contend that the key to over-
coming the present impasse lies in enabling text and images to be represented and
processed interchangeably within a unified autoregressive Transformer. To this
end, we introduce SEED, an elaborate image tokenizer that empowers LLMs with
the ability to SEE and Draw at the same time. We identify two crucial design
principles: (1) Image tokens should be independent of 2D physical patch positions
and instead be produced with a 1D causal dependency, exhibiting intrinsic interde-
pendence that aligns with the left-to-right autoregressive prediction mechanism in
LLMs. (2) Image tokens should capture high-level semantics consistent with the
degree of semantic abstraction in words, and be optimized for both discriminative-
ness and reconstruction during the tokenizer training phase. With SEED tokens,
LLM is able to perform scalable multimodal autoregression under its original
training recipe, i.e., next-word prediction. SEED-LLaMA is therefore produced
by large-scale pretraining and instruction tuning on the interleaved textual and
visual data, demonstrating impressive performance on a broad range of multimodal
comprehension and generation tasks. More importantly, SEED-LLaMA has ex-
hibited compositional emergent abilities such as multi-turn in-context multimodal
generation, acting like your AI assistant. The code (training and inference) and
models are released in https://github.com/AILab-CVC/SEED.

*Equal Contribution.
†Correspondence to yixiaoge@tencent.com.
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Figure 2: (a) SEED is a discrete image tokenizer, producing quantized visual codes with 1D causal
dependency and high-level semantics. (b) With SEED tokenizer, LLM is able to perform scalable
multimodal autoregression on interleaved visual and textual data with next-word-prediction objective.

1 INTRODUCTION

In recent years, Large Language Models (Touvron et al., 2023; Brown et al., 2020; Chowdhery et al.,
2022) (LLMs) pre-trained on massive text corpus with straightforward training objectives such as
next-word prediction have exhibited remarkable abilities to understand, reason, and generate texts
across a variety of open-ended tasks. Recent studies further exploit the strong generality of LLMs
to improve visual understanding or generation tasks, collectively referred to as Multimodal LLM
(MLLM). While these studies have contributed to technological advancements, MLLMs have yet to
achieve the remarkable success of LLMs in terms of emergent capabilities. We have made a bold
assumption that the premise for the emergence of multimodal capabilities is that text and images can
be represented and processedinterchangeablyin a uni�ed autoregressive Transformer.

We posit that a proper visual tokenizer is the key as it can facilitate the follow-up multimodal training
by (i) easing the semantic alignment between visual and word tokens, and (ii) enabling LLM's
original training recipe (i.e., next-word prediction) for multimodal data without speci�c adaptation
for visual tokens. Representing images as a sequence of discrete IDs is naturally compatible with
the autoregressive training objective of LLMs. But unfortunately, works (Ramesh et al., 2021;
Ding et al., 2021) that utilize discretized visual tokens for multimodal tasks have receded from
prominence, as such models generally rely on super-scale training to converge, leading to substantial
training costs. Moreover, we empirically found that the dominant tokenizer VQ-VAE (Van Den Oord
et al., 2017) in existing works captures too low-level information for LLMs to effectively perform
multimodal comprehension tasks. Existing image tokenizers fail to meet the requirements of unifying
the generation of images and texts and facilitating multimodal training.

To this end, we introduceSEED, a VQ-based image tokenizer that produces discrete visual codes
with 1D causal dependency and necessary high-level semantics for both visual comprehension and
generation tasks, as shown in Fig. 2 (a). The off-the-shelf LLMs can be readily equipped with
SEED by treating discrete visual tokens as new words and updating the vocabulary. We would like
to emphasize the design principles of SEED. (1)Why causal-dependent tokens?Existing visual
tokens (e.g., from VQ-VAE or CLIP-ViT (Sun et al., 2023a)) are generated using 2D context, which
is incompatible with the unidirectional attention in dominant LLMs and counterintuitive for text-
to-image tasks requiring raster order prediction. Thus, we convert 2D raster-ordered embeddings
into a sequence of semantic codes with 1D causal dependency. (2)Why high-level semantics?Since
visual and textual tokens in LLMs are expected to be interoperable—sharing weights and training
objectives—they should encompass the same degree of semantics to prevent misalignment, i.e., the
high-level semantics inherently present in words.

Speci�cally, the SEED tokenizer is composed of a ViT encoder (Dosovitskiy et al., 2020), Causal
Q-Former, VQ Codebook (Van Den Oord et al., 2017), multi-layer perceptron (MLP), and a UNet
decoder (Ronneberger et al., 2015). The ViT encoder and UNet decoder are directly derived from the
pre-trained BLIP-2 (Li et al., 2023c) and unCLIP-SD model (Rombach et al., 2022; Ramesh et al.,
2022), respectively. (1)Tokenize:Causal Q-Former converts 2D raster-ordered features produced by
the ViT encoder into a sequence of causal semantic embeddings, which are further discretized by the
VQ Codebook. (2)De-Tokenize:The discrete visual codes are decoded into generation embedding
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via MLP. The generation embedding is aligned with the latent space of unCLIP-SD so that realistic
images with consistent semantics can be generated using the off-the-shelf SD-UNet.

We further presentSEED-LLaMA by equipping the pre-trained LLM (Touvron et al., 2023) with
SEED tokenizer. SEED-LLaMA is pretrained on multimodal data, including image-text pairs, video-
text pairs, and interleaved image-text data, toward the training objective of next-word prediction as
shown in Fig. 2 (b). Such an easy-to-implement and uni�ed proxy task facilitates scalable multimodal
pretraining. We further apply multimodal instruction tuning to align SEED-LLaMA with human
instructions through supervised �ne-tuning. Our model demonstrates extensive emergent abilities
such as multi-turn in-context image and text generation given multimodal instructions as shown
in Fig. 1. We also benchmark on a broad range of tasks including image captioning, image/video
question answering, and text-to-image generation, receiving competitive performance.

In summary, our contributions are three-fold. (1) We introduce SEED, an advanced image tokenizer,
designed based on the insights that visual tokens compatible with LLMs should capture high-level
semantics while being generated with 1D causal dependency. The tailored SEED improves the
scalability of subsequent multimodal training. (2) We present SEED-LLaMA, composed of a pre-
trained LLM and SEED tokenizer, through large-scale multimodal pretraining and instruction tuning
under the next-word-prediction training objective. It successfully uni�ed multimodal comprehension
and generation tasks in one framework. (3) SEED-LLaMA shows competitive results on existing
multimodal tasks (e.g., text-to-image, image-to-text) and further demonstrates emergent abilities in
multi-turn in-context multimodal understanding, reasoning, and generation.

2 RELATED WORK

MLLMs for Comprehension and Generation. With the impressive success of Large language
models (Touvron et al., 2023; Brown et al., 2020; Chowdhery et al., 2022) (LLMs), recent studies
work on Multimodal LLM (MLLM) to improve visualcomprehensionthrough utilizing the strong
generality of LLMs. Previous work (Ye et al., 2023; Li et al., 2023c; Zhu et al., 2023a; Zhang et al.,
2023b; Gao et al., 2023; Liu et al., 2023b; Alayrac et al., 2022; Driess et al., 2023) align visual
features of pre-trained image encoder with LLMs on image-text datasets. However, these work
commonly use the prediction of the nexttext tokenas the objective, thus can only output texts.

To empower LLMs with the imagegenerationability, CogView (Ding et al., 2021) pre-trains a visual
tokenizer by reconstructing image pixels, and �ne-tunes GPT (Brown et al., 2020) with the objective
of next-token prediction. GILL (Koh et al., 2023a) learns a mapping between the embeddings of a
LLM and a frozen text-to-image generation model. Both work aim to generate images with LLMs,
without being explicitly designed for unifying multimodal comprehension and generation.

Our concurrent works (Sun et al., 2023b; Lili et al., 2023) both perform multimodal autoregression
including the generation of images and texts. CM3Leon (Lili et al., 2023) utilizes discrete visual
codes from a image tokenizer (Gafni et al., 2022) pre-trained on image pixel reconstruction and
performs image-to-text and text-to-image autoregression. However, it yields suboptimal performance
in visual comprehension tasks (e.g., CIDEr 61.6 vs. ours 126.9 on COCO image captioning) because
the image tokenizer captures too low-level information. Emu (Sun et al., 2023b) employs continuous
visual representations and is pre-trained on interleaved multimodal sequences through classifying the
next text token orregressingthe next visual embedding. For image generation, Emu further �ne-tunes
a SD model to accommodate the output representations from the LLM. By contrast, we pre-train
a discrete image tokenizer, where the visual codes can be decoded to realistic images using the
off-the-shelf SD model, and perform multimodal autoregressive with a uni�ed next-word-prediction
objective, which facilitates scalable multimodal training.

Visual Tokenizer. Visual tokenizer aims to represent images as a sequence of discrete tokens.
Previous work (Van Den Oord et al., 2017; Ramesh et al., 2021; Esser et al., 2021; Gu et al., 2022)
trains a Vector Quantized Variational AutoEncoders (VQ-VAE) by reconstructing image pixels, which
captures only low-level details such as color, texture and edge. Beit v2 (Peng et al., 2022) trains
a visual tokenizer through reconstructing high-level features from the teacher model, but its visual
codes from 2D features of a vision transformer (Dosovitskiy et al., 2020) are incompatible with the
unidirectional attention in dominant LLMs for image generation. By contrast, we present SEED
tokenizer, which produces discrete visual codes with 1D causal dependency and high-level semantics.
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Figure 3: Overview ofSEEDtokenizer, which produces discrete visual codes with causal dependency
and high-level semantics. The generation embedding from visual codes can be decoded to realistic
images with the frozen unCLIP (Ramesh et al., 2022) SD, which is conditioned on image embedding.

3 METHOD

3.1 SEED TOKENIZER

As shown in Fig. 3, the SEED tokenizer consists of the following components for tokenization and
de-tokenization:
(1) ViT encoder (Dosovitskiy et al., 2020), which is derived from the pre-trained BLIP-2 (Li et al.,
2023c) and is frozen, providing visual features as the inputs of the Causal Q-Former.
(2) Causal Q-Former, which is trained (Enq. 1) to convert 2D raster-ordered features (16� 16 tokens)
produced by the ViT encoder into a sequence of causal embeddings (32 tokens).
(3) VQ Codebook (Van Den Oord et al., 2017), which is trained (Enq. 2) to discretize the causal
embeddings from Causal Q-Former to quantized visual codes (32 tokens) with causal dependency.
(4) Multi-layer perceptron (MLP), which is trained (Enq. 3) to decode the visual codes from VQ
Codebook into generation embedding (1 token) for the alignment with the latent space of the pre-
trained unCLIP-SD (Ramesh et al., 2022) conditioned on image embedding.
(5) UNet decoder (Ronneberger et al., 2015), which is derived from the unCLIP-SD to encode realistic
images from the generation embedding, and is kept frozen.
We pre-train SEED tokenizer on image-text pairs including CC3M (Sharma et al., 2018), Unsplash
(Luke Chesser, 2023), LAION-COCO (Christoph et al., 2022) and MS-COCO (Chen et al., 2015).

3.1.1 TRAINING STAGE I: CAUSAL Q-FORMER

As shown in Fig. 3, we �rst train Causal Q-former to extract a �xed number of output features with
causal dependency from from the image encoder through contrastive learning. Speci�cally, a set
number of learnable query embeddings (32 tokens) and features of a pre-trained ViT encoder (Sun
et al., 2023a) are fed into the Causal Q-former to encode a �xed number of causal embeddings (32
tokens) of the input image. The query embeddings can interact with only previous queries through
self-attention layers with causal mask, and interact with frozen image features through cross-attention
layers. We adopt contrastive learning to maximize the similarity between the�nal causal embedding
ĉ and text featurest of the corresponding caption, while minimizing the similarity between the
�nal causal embedding and text features of other captions in a batch, using Noise-Contrastive
Estimation Oord et al. (2018) as below,

L CQ = � log
exp(ĉT

i t i =� )
P B

j =1 exp(ĉT
i t j =� )

� log
exp(tT

i ĉi =� )
P B

j =1 exp(tT
i ĉj =� )

(1)

whereB is the number of the batch size and� is the learnable temperature parameter.
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