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1 Vision Tokenizer Analysis

Video compression metrics. Table S1 presents the configurations of Emu3 vision tokenizer.
We report LPIPS (computed with AlexNet features), PSNR, and SSIM scores in Table S2 using
an evaluation dataset of 3,172 videos from Pexels'. The videos were reconstructed over 5 seconds
while maintaining the aspect ratio. During evaluation, original and reconstructed videos were
resized and cropped based on the shorter side and uniformly sampled with 8 frames at 12 FPS.

Configurations VisionTokenizer Video Resolution LPIPS| PSNR?T SSIMt
Pretrained Weights SBER-MoVQGAN-270M [1] 128 x 128 0.099 21.71 0.630
Codebook Size 32768 256 x 256 0.109 21.59  0.622
Latent Size 4 512 x 512 0.112 22.69  0.690
Compression 4 x8x8 720 x 720 0.110 24.30 0.771
Table S1: Vision tokenizer configurations. Table S2: Video compression metrics.

Impact of codebook size. We train a series of image tokenizers with varying codebook sizes,
ranging from 4,096 to 65,536, on ImageNet [2] with image resolution of 256 x 256, to analyze
the impact of the codebook size. Following SBER-MoVQGAN [1], we adopt the variant of 67M
parameters, keeping all configurations identical except for the codebook size. Upon completing
tokenizer training, we proceed to train a separate 775M-parameter image generation model for
each tokenizer. All image generation models are evaluated using classifier-free guidance (CFG) of
1.80, with top-k set to the codebook size, top-p of 1.0, and a temperature of 0.98.
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Figure S1: Trade-off between reconstruc- Figure S2: Generation performance over train-
tion and generation across codebook sizes. ing with different codebook sizes. gFID curves
Scatter plot of reconstruction quality (rFID) over training steps for various codebook sizes.
versus generation quality (gFID) for different Each curve is color-coded by codebook size, re-
codebook sizes. Colored circles with number vealing that excessively large vocabularies may
indicate codebook size. Codebook size of 32k hinder convergence.

achieves the best trade-off.

'https://www.pexels.com/search/videos/videos
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As shown in Fig. S1 and Table S3, increasing the codebook size consistently improves recon-
struction metrics such as rFID, PSNR, and SSIM, up to a size of 32,768. The tokenizer with a
codebook size of 32k largely outperforms the one with codebook size of 8k in both the reconstruc-
tion (rFID) and generation (gFID). However, performance drops significantly when the codebook
size is further increased to 65,536, likely due to the increased difficulty of training with such a
large codebook. Meanwhile, the codebook utilization also drops to 68%. These observations fur-
ther support the hypothesis that training becomes more challenging as the codebook size grows
excessively. Notably, the best gFID is also achieved with the codebook size of 32,768.

We also illustrate how gFID changes as both the codebook size and training steps increase in
Fig. S2. The gFID consistently improves as training progresses for all experiments, with the model
using a codebook size of 32,768 achieving the lowest gFID of 2.468.

Training VQ models with very large codebooks remains an open and challenging research
problem. The aim of this work is not to exhaustively solve this large codebook challenge, but
rather to study and quantify its effect within the proposed unified multimodal framework. We
believe the observations provide useful empirical evidence for the community and motivate future
research on improving VQ efficiency and utilization, which would in turn further strengthen the
proposed next-token prediction paradigm.

codebook size | utilization | rFID(]) PSNR(1) SSIM(1) | gFID({)

4,096 100% 0.478 24.38 0.7128 2.506
8,192 100% 0.451 24.62 0.7205 2.533
16,384 100% 0.425 24.75 0.7265 2.586
32,768 100% 0.388 25.12 0.7404 2.468
65,536 68% 0.417 2491 0.7293 3.014

Table S3: Comparison of vision tokenizers with varying codebook sizes. Increasing the code-
book size consistently improves both reconstruction quality (rFID, PSNR, SSIM) and generation
performance (gFID), with gains observed up to a size of 32,768. However, further increasing the
size to 65,536 leads to a significant drop in codebook utilization (68%), resulting in degraded per-
formance.

. . Temporal Spatial
Resolution | Latent Size Ratio Ratio rFVD(]) | PSNR(1)
Video MoVQ | 320 x 240 | 4x40x30 | 4 8x8 | 27.893 | 27.546
320 x 240 | 16 x 40 x 30 26.675 | 30.499
Tmage MoVQ ‘ 160 x 120 ‘ 16 % 20 x 15 ‘ 5 X8 ‘ 139.930 ‘ 26.718

Table S4: Unified video tokenizer vs. standalone image tokenizer. Zero-shot reconstruction
performance on 16-frame clips from UCF-101. The video tokenizer achieves competitive perfor-
mance using 4x fewer latent tokens compared to the image tokenizer at the same resolution. When
the image tokenizer is applied at a lower resolution to match the total latent count, its reconstruc-
tion quality drops significantly.
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Figure S3: Failure cases in extreme scenarios with dense details or large motion.

Comparison between unified tokenizer and standalone image tokenizer. To evaluate the ef-
fectiveness of our unified video tokenizer, we compare its video reconstruction performance on
UCF-101 [3] with the image tokenizer counterpart, which we use the SBER-MoVQ model with
270M parameters. We randomly sample 16 consecutive frames from each video in UCF-101. As
shown in Table S4, under the same input resolution, our video tokenizer achieves comparable rFVD
(27.893 vs. 26.675) and PSNR (27.546 vs. 30.499) while using 4 X fewer tokens. Moreover, when
using the same number of latent tokens, the unified video tokenizer significantly outperforms the
standalone image tokenizer, especially in terms of rFVD (27.893 vs. 139.930), demonstrating both
its efficiency and effectiveness. Besides, we also visualize the typical failure cases as shown in
Fig. S3, which mainly arise in extreme scenarios with exceptionally dense high-frequency details
or pronounced motion patterns, where achieving faithful reconstruction remains notably challeng-
ing.

2 Architecture Analysis

2.1 Ablation Experiments on Architecture

We compare with vision—language architectures (encoder-based and continuous-space encoder-
free) and diffusion baselines such as Text encoder(Flan-T5-XL) + Diffusion Transfromer(DiT).
We show that decoder-only token prediction architecture trained without any pretrained vision or
language components can outperform or match traditional pipelines that rely on strong unimodal
priors, and offering a more unified, general-purpose design. This finding challenges the prevailing
assumption that compositional or diffusion-based models are inherently superior for multimodal
learning.
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Figure S4: Comparison of latent diffusion and next-token prediction paradigms. The two
plots illustrate how GenEval overall performance scales with (a) the amount of training data and
(b) the estimated training compute budget.

Architectural comparisons with diffusion models. To fairly compare the next-token prediction
paradigm with diffusion models for visual generation tasks, we use Flan-T5-XL [4] as the text
encoder and train both a 1.5B diffusion transformer [5, 6] and a 1.5B decoder-only transformer [7]
on the Openlmages [8] dataset. The diffusion model leverages the VAE from SDXL [9], while the
decoder-only transformer uses the video tokenizer in Emu3 to encode images into latent tokens.
Both models are trained with identical configurations, including a linear warm-up of 2,235 steps,
a constant learning rate of 1e-4, and a global batch size of 1,024. In our comparisons, both models
begin with 1,536 multimodal tokens. The decoder-only transformer processes the full sequence,
whereas the diffusion model follows the standard DiT convention by applying a patch-embedding
layer first to the visual tokens, reducing the token length to 768 before fed into the diffusion
transformer blocks. Estimated training FLOPs are reported using the approximation FLOPs ~
6N D, where N denotes the number of transformer parameters and D denotes the total number of
multimodal tokens processed.

As shown in Fig. S4, the next-token prediction model converges faster than the diffusion
counterpart given equal training samples; under equal training compute, the next-token prediction
model continues to match the diffusion counterpart in GenEval overall score. These observations
indicate that next-token prediction is competitive with latent diffusion for visual generation tasks,
challenging the prevailing belief that diffusion architectures are inherently superior for visual gen-
eration. Moreover, the next-token paradigm has the potential to provide a unified, sequence-based
framework that more naturally accommodates multimodal tasks.

Architectural comparisons with encoder+LLLM compositional paradigm. To fairly evaluate
different vision-language architectures, we compare four model variants with comparable param-
eter counts and training samples on the image-to-text validation set (i.e., an image understanding
task), as shown in Fig. S5. We explicitly report both trends based on the size of the training samples
and the training computation. The models compared are: (1) a decoder-only model that consumes
discrete image tokens as input (Emu3 variant, 1.22B parameters); (2) an early-fusion decoder-only
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Figure S5: Comparisons with encoder-LLM compositional paradigms. The left plot illustrates
how the validation loss on text tokens scales with the size of the training samples, while the right
plot shows the corresponding scaling with respect to the estimated amount of training compute.
The compared architectures include: (1) a decoder-only model using discrete image tokens as input
(Emu3); (2) a decoder-only model consuming continuous image patches (e.g., EVE, Fuyu); (3) a
late-fusion model employing a vision encoder and a decoder (e.g., LLaVA without pretraining);
and (4) its counterpart initialized with a pretrained CLIP encoder (e.g., LLaVA). Training compute
is estimated as 6N D for early-fusion models, and 6(NV,,D, + N D) for late-fusion models.

model using continuous image patch embeddings (EVE-style variant [10], 1.17B); (3) a late-fusion
architecture comprising a vision encoder and decoder (LLaVA-style variant [11], 1.22B = 1.05B
decoder + 0.17B vision encoder); and (4) a late-fusion architecture initialized with a pretrained
CLIP vision encoder (LLaVA-style variant, 1.35B = 1.05B + 0.30B).

The above models are trained without any pretrained LLLM initialization. All configurations are
trained with an identical pipeline implemented on the EVE codebase [10] using the HuggingFace
Trainer [12]. We use a global batch size of 1,024, a base learning rate of 1 x 10~* with cosine decay
scheduling, and 12,000 training steps; supervision is applied only to text tokens via next-token
prediction. The first three configurations employ an 8 x visual downsampling with 512 x 512 inputs
and a context length of 5,120. The CLIP-initialized late-fusion variant preserve CLIP’s native 14 x
downsampling and 224 x 224 resolution with a shorter context length of 2,048, which requires
less computation when trained on the same number of samples. Accordingly, we have revised
the reported computation estimates to precisely reflect this specific configuration. All models
are trained on the EVE-33M multimodal corpus [10], and evaluated on a held-out validation set of
1,024 samples under comparable parameter. FLOPs are estimated as 6V D for early-fusion models
and 6(N,D, + N D) for late-fusion models, where N denotes the number of transformer decoder
parameters, D denotes the number of multimodal tokens, /V,, denotes the number of vision encoder
parameters, and D,, denotes the number of vision encoder tokens.

The late-fusion LLaVA-style model initialized with a pretrained CLIP(ViT-L/14) vision en-
coder attains substantially lower validation loss and converges faster than the other variants. We



attribute this to CLIP’s extensive image—text pretraining (hundreds of millions of samples), which
yields strong, task-relevant visual representations and likely explains the common perception that
encoder+LLM compositions excel in multimodal understanding. Notably, when that pretrained ad-
vantage is removed (i.e., comparing the first three experiments trained from scratch), the apparent
superiority of the encoder-based compositional architecture largely disappears. The decoder-only
next-token prediction model not only achieves comparable performance but also converges faster,
challenging the prevailing belief that encoder+LLM architectures are inherently superior for mul-
timodal understanding. While the EVE-style early-fusion model also adopts a decoder-only archi-
tecture, it lacks generative capability. In summary, the next-token prediction architecture supports
both understanding and generation, and can match or even surpass compositional encoder+LLM
paradigms in learning efficiency when compared under equal conditions. We further expect the
advantage of a pretrained vision encoder to diminish as the scale of end-to-end multimodal pre-
training increases.

2.2 Flexible Prediction Paradigm

To further demonstrate the robustness and flexibility of our approach, we extended Emu3 to differ-
ent token prediction orders (e.g., diagonal, block-raster, spiral-in) and found that it transfers very
fast and generalizes well across these settings.

Order Initialization Score (1)
Raster Pretrained 0.66
Diagonal Pretrained 0.61
From Scratch 0.17
Block-Raster Pretrained 0.66
From Scratch 0.18
Spiral-In Pretrained 0.60 |

a perfectly stacked afreshly made awarm, flaky croissant
stack of pancakes avocado toast

From Scratch 0.16

Table S5: Ablation study demonstrating the
flexibility of Emu3 across different token
prediction orders. All transfer experiments pe—— bty p——
are fine-tuned for 50B tokens. “Pretrained” Input Image Inpainting Results
denotes initialization from the Emu3 check-
point trained with raster order. GenEval [13]
overall score results show that the Emu3
trained with raster next-token prediction can
rapidly adapt and maintain high performance
across various token orders, highlighting the
generality and robustness of the framework.

Figure S6: Zero-shot image inpainting with
Emu3 using spiral-in token order. Given
the input images (left of each row) and cor-
responding prompts, Emu3 accurately fills the
masked regions within the bounding boxes,
generating semantically aligned content with-
out task-specific fine-tuning.

(1) Raster order: standard left-to-right, top-to-bottom scan of image tokens. (2) Diagonal
order: tokens are predicted along diagonals from the top-left to bottom-right, increasing spatial



dispersion of context. (3) Block-raster order: raster scan within fixed-size local blocks (8x8
tokens per block), followed by sequential traversal of the blocks, which encourages local consis-
tency before global composition. (4) Spiral-in order: decoding begins at the image boundaries
and proceeds inward in a spiral pattern, prioritizing outer context before filling the center.

Unlike the conventional raster-scan decoding, these alternative token orders modify the au-
toregressive dependency structure and alter the spatial locality of context tokens, thereby posing
a more challenging learning and generalization problem. Our approach leverages the same pre-
trained Emu3 model, originally optimized with raster next-token prediction, and fine-tunes it on
the new token orders. All transfer experiments follow the training recipe of Emu3-Gen for fair-
ness: The sequence length is 5,120 tokens, global batch size 512, learning rate 1 x 10~° with
cosine decay and warmup fraction 0.002, and Adam optimizer with weight decay 0.1. Each model
is fine-tuned for 50B tokens on data uniformly sampled from the Emu3-Gen SFT dataset, with
full-token supervision applied throughout.

We observe that Emu3’s inductive biases, learned from large-scale raster training, transfer ef-
fectively to novel token orders, resulting in significantly higher performance than training from
scratch (Table S5). We further validate functional utility through zero-shot image inpainting
(Fig. S6). The spiral-in order, in particular, aligns with the spatial requirements of region com-
pletion, enabling Emu3 to generate coherent fills without task-specific tuning, underscoring the
general-purpose adaptability of the backbone.

3 Pretraining Details

3.1 Data Details

Emu3 is pretrained from scratch on a mix of language, image, and video data. Details of data
construction including sources, filtering and preprocessing are provided in Table S6.

Modality ‘ Data Source ‘ Processing Steps & Filtering Criteria

Text - Aquila corpus [14] - Direct use
- FineWeb-Edu [15]

Image Data | - Open-source web data [16] - Extract features using EVA-CLIP [17]
- Apply K-means clustering to obtain representative image clusters
- Caption generation using our image captioner

Image Data | - Open-source web data [18, 19, 20] | - Resolution Filter (remove resolution<512x512)

- Open-source image data [8, 21] - Aesthetic filtering by LAION aesthetic score [18] (remove aesthetic score<5.2)
- Al-generated image data [22, 23] - Keep aesthetic score >5.5
- In-house Emu3 image data - For 5.2 < aesthetic score < 5.5: exclude text-rich & monochrome images

- Caption generation using our image captioner

Video-Text | - Open-source video data [24, 25] - Scene-based splitting via PySceneDetect [26] (remove clip length<5s)

- In-house Emu3 video data - Removed text-rich clips using PaddleOCR [27] (remove text area>1%)

- Motion filtering by RAFT [28] (remove optical flow score<8)

- Aesthetic filtering by LAION aesthetic score [18] (removed aesthetic score<5)
- Clips captioned using our video captioner

Table S6: Dataset construction including data sources and preprocessing steps of pretraining data.

Language Data. We use the same language data as in Aquila [14], supplemented with high-
quality open-source data FineWeb-Edu [15]; this combined corpus consists of both Chinese and
English data.



Image Data. We curate a large-scale image-text dataset comprising open-source web data, Al-
generated data, and high-quality in-house data. The filtering process involves several key steps:
1) We apply a resolution filter, discarding samples with a resolution below 512 x 512 pixels. 2)
We assess the aesthetic quality of each image using the LAION-AI aesthetic predictor?, excluding
images with scores below 5.5 to ensure the overall aesthetic quality. 3) For images that did not
pass the aesthetic filter(5.2 < aesthetic score < 5.5), we employ text detection® and color filtering
to retain non-monochromatic images and those with minimal text, improving the filtering recall of
open-world images. 4) Additionally, we prepare supplementary data for image understanding. By
following the data processing pipeline in DenseFusion [29], we extract millions of representative
images that encompass a wide range of categories, including charts, tables, text-rich content, and
more, sourced from diverse open-source web data.

To annotate the filtered dataset, we develop an image captioning model based on Emu2 [30] to
construct dense synthetic captions. We leverage GPT-4V [31] with detailed prompts to generate
approximately 1 million image-caption pairs. This annotated dataset is then used to fine-tune the
Emu2-17B [30] model as our image captioner. Additionally, we utilize the open-source vLLM
library [32] to accelerate the labeling process.

Video Data. We collect videos covering a wide range of categories, such as landscapes, animals,
plants, games, and actions. These videos are preprocessed with a sophisticated pipeline [26] with
the following four stages: 1) We split the videos to scenes with PySceneDetect*, employing both
ContentDetector and ThresholdDetector to identify content changes and fade-in/out events, respec-
tively. 2) Text detection is performed using PaddleOCR? and clips with excessive text coverage
were removed. To reduce computational costs, we sample video frames at 2 FPS and resize the
shorter edge to 256. 3) We further calculate the optical flow [28] to eliminate clips with minimal or
extreme motion. As with the previous step, we sample and resize video frames for efficiency. The
flow score is defined as the ratio between the average flow magnitude of all pixels and the shorter
edge. We exclude clips with flow scores outside the acceptable range. 4) Finally, we assess the
aesthetic quality of each clip using the LAION-AI aesthetic predictor!. We sample three frames
and get three scores for each clip, and clips whose lowest score is smaller than 5 are discarded.

We caption the filtered video clips using a video captioner trained based on our image cap-
tioner. The training data is initially labeled by GPT-4V [31]. For each video clip, we sample
eight frames and create a detailed prompt for GPT-4V to describe both the content and motion
within these frames. Some of the labeled data undergoes manual revision. We then fine-tune our
image captioner on this labeled data to develop our video captioner. For large-scale deployment,
we accelerate captioning with vVLLM [32]. Clips shorter than 20 seconds are captioned using 12
evenly sampled frames, while longer clips are split into 10-20 second sub-clips, each captioned
independently.

We analyze the distribution of the remaining clips. The duration distribution of the remaining
clips is shown in Fig. S7. The flow score distribution of filtered clips is shown in Fig. S8.

’https://github.com/LAION-AI/aesthetic-predictor
3nttps://github.com/PaddlePaddle/PaddleOCR
*https://github.com/Breakthrough/PySceneDetect


https://github.com/LAION-AI/aesthetic-predictor
https://github.com/PaddlePaddle/PaddleOCR
https://github.com/Breakthrough/PySceneDetect

22.7%

2.7%
3.1%

4.2%
5.2%

29.4% o

10.6%

15.3%

Ranges
55~7s
75~9s
9s~11s
11s~13s
13s~15s
15s~17s
17s~19s
19s~21s
>21s

Figure S7: Duration distribution.

3.2 Training Details
3.2.1 Training Cost

Table S7 summarizes the training computations. The model contains 8.49 billion parameters,
with 6.98B in transformer layers and 1.51B in embedding layers, and is trained over three stages.
Stage 1 and Stage 2 share the same setup and respectively consume 96k GPU-hours, running at
3.0 seconds per iteration and 370 TFLOP/s per GPU. Stage 3, which employs longer sequences
(length 65,536), is substantially more compute-intensive, requiring 25.1 seconds per iteration at
391 TFLOP/s per GPU, totaling 803k GPU-hours. In total, the pretraining consumes approx-
imately 995k GPU hours. The training cost calculation is based on a cluster of 1,280 high-
performance GPUs, each equivalent to 80GB of memory and a theoretical bf16 computational

capacity of 1,979 teraFLOPS.
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Figure S8: Flow score distribution.

Stage 1 Stage 2 Stage 3
Training Performance
Elapsed time per iteration (s) 3.0 3.0 25.1
TFLOP/s per GPU 370 370 391
Equivalent GPU-hours 96k 96k 803k

Model Parameters
Model size (B)

8.49 (6.98 Transformer + 1.51 Embedding)

Total Training Cost
Equivalent GPU-hours

995k

Table S7: Training computations for Emu3 pretraining.

3.2.2 Training Recipe

Training video data demands a longer context length, which causes training inefficiency. We thus
adopt a multi-stage pretraining approach: the first two stages train on image data for efficient
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initialization, and the third stage extends the context length and integrates video data. To facili-
tate training, we employ a combination of tensor parallelism (TP), context parallelism (CP), and
data parallelism (DP). We simultaneously pack text-image data into the maximum context length
to fully utilize computational resources, while ensuring that complete images are not segmented
during the packing process.Table S8 details the training pipeline, including stage configurations,
parallelism strategies, loss weights, optimization settings, and training steps. We have updated the
reported training configurations to ensure full consistency.

Stage 1 Stage 2 Stage 3
Hyperparameters
Learning rate 1x1074 5x107° 5x107°
LR scheduler Cosine Constant Constant
Weight decay 0.1
Dropout 0.0 0.1 0.1
Gradient norm clip 1.0 5.0 5.0
Optimizer AdamW (5; = 0.9, 2 = 0.95, ¢ = 1.0 x 1079)
Loss weight (visual : text) 05:1 05:1 05:1
Warm-up steps 3,600 1,800 1,800
Training steps 90K 90K 90K
Sequence length 5,120 5,120 65,536
Training seen tokens 24T 24T 7.5T
Resolution 512 512 512
Parallelism Strategies
Tensor parallelism 2 2 2
Pipeline parallelism 1 1 1
Context parallelism 1 1 4
Data sampling ratio
Text 0.2 0.2 0.1
Image-Text pair (T2I) 0.64 0.64 0.08
Image-Text pair (I2T) 0.16 0.16 0.02
Video-Text pair (T2V) 0.0 0.0 0.64
Video-Text pair (V2T) 0.0 0.0 0.16

Table S8: Training recipe for Emu3 pretraining.

3.2.3 Experiments on Training Settings

Large-scale unified multimodal learning is highly sensitive due to the diverse distributions of mul-
timodal data. An improper recipe easily leads to training collapse, underscoring the fundamental
difficulty of stable optimization at scale. We conduct ablation experiments of several key factors
below.

Multimodal dropout for training stability. During pretraining of Emu3, we initially trained the
model with a dropout rate of 0 (Stage 1). However, as shown in Fig. S9a, the training became un-
stable and eventually collapsed. We conducted extensive ablations to address this issue, exploring
z-loss, adding masked tokens, reducing the learning rate for fine-tuning, skipping optimizer state
loading, label smoothing, and packing-based training. None of these strategies effectively resolved
the instability. In contrast, as illustrated in Fig. S9a, applying a small dropout rate (dropout=0.1)

11
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Figure S9: Impact of dropout and modality loss weight on Emu3 pretraining. Proper choices of
dropout rate and loss balancing are critical to ensuring training stability and achieving competitive
performance in large-scale multimodal learning.

and resuming training from a stable checkpoint in Stage 2 ensured stable convergence. This re-
sult highlights the critical role of dropout in maintaining stable convergence during large-scale
multimodal learning.

Token loss weight. We ablate the weights of visual and text token losses during pretraining. As
shown in Fig. S9b, visual-only or text-only supervision optimizes task-specific performance at the
expense of cross-modal generalization. Joint supervision (visual: 1.0, text: 1.0) achieves the best
generation performance, demonstrating the benefit of unified learning. However, it underperforms
on understanding compared to the text-only setting. To balance both tasks, we adopt a moderate
configuration (visual: 0.5, text: 1.0), which achieves competitive results on both tasks. This abla-
tion underscores the necessity of careful loss balancing in large-scale multimodal learning, where
naive parameter choices can lead to degraded performance or task bias. All experiments are con-
ducted using the same transformer architectural configuration as Qwen2.5-1.5B [7]. We train with
a global batch size of 3,840 and an initial learning rate of 5 x 10~ for 30,000 steps under a cosine
decay schedule. We adopt a context length of 5,120 tokens. The training corpus is a high-quality
subset of our pretraining data, with data-type proportions matched to those in Stage 1.

LLM-based initialization and MoE architecture. While the effectiveness of next-token predic-
tion in large language models (LLMs) is well-established, our work focuses on exploring whether
this paradigm can serve as a unified and scalable solution for multimodal learning, beyond lan-
guage alone. To this end, we deliberately avoid incorporating strong priors from pretrained LLMs
in our primary experiments, so as to clearly evaluate the capability of next-token prediction from
scratch in a multimodal setting. That said, we also conducted controlled experiments with LLM-
based initialization. All experiments follow the same training setup as the ablation experiments of
token loss weight.

As shown in Fig. S10, we show that using a pretrained LLM to initialize the language compo-

12



Text to Image

Validation Loss on Visual Tokens
o
w

T

—— wLLMinit
—— wio LLM init

Validation Loss on Text Tokens

°
L

Image to Text

T

—— wLLMinit
—— wio LLM init

Validation Loss on Text Tokens

Text

w
>

—— wLLMinit
—— wio LM init

w
S

w
Y

w
°

N
®
L

N
>

241

o
©

T T
300 400
Training Tokens (B)

T T T
0 100 200

T
500

T
600 0

T
100

T
200

T T
300 400
Training Tokens (B)

T T
300 400
Training Tokens (B)

200

Figure S10: Ablation experiments with LLM-based initialization on a 1.5B model. We com-
pare validation loss curves across three tasks: (1) vision token prediction loss on the text-to-image
validation set, (2) text token prediction loss on the image-to-text validation set, and (3) text to-
ken prediction loss on the text-only validation set. Models initialized with a pretrained LLM (i.e.,
Qwen2.5-1.5B [7]) show faster convergence in early training stages, particularly for text-related
losses. However, the performance gap narrows over time. The model without LLM initialization
eventually achieves comparable or even better convergence on vision token loss, demonstrating the
robustness of our unified multimodal learning.

nent of our model does provide a better starting point in early training stages (e.g., faster initial loss
reduction). However, as training progresses, the gap between models with and without LLM ini-
tialization diminishes. Both converge to comparable validation loss, and the later even converges
better on vision token loss. This indicates that our multimodal learning is robust and effective even
without relying on pretrained language representations. While incorporating LL.Ms may offer effi-
ciency benefits in the short term, Emu3’s design can scale effectively from scratch, supporting its
potential as a general-purpose, unified multimodal learner.
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Figure S11: Ablation experiments with LL.M-based initialization on a 1.5B (active) MoE
model. Validation loss for MoE models with/without pretrained LLM initialization. Left: text-
to-image generation; Right: image-to-text understanding. Pretrained initialization is detrimental
to text-to-image. The MoE model is upcycled from Qwen2.5-1.5B.

We also explored a mixture-of-experts (MoE) architecture variant in our framework. We con-
ducted controlled experiments with MoE architectures to further validate our findings. Fig. S11
presents validation loss trajectories for Text-to-Image (T2I) and Image-to-Text (I2T) tasks in MoE
models, providing additional empirical evidence for our architectural decisions. In fact, loading
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pretrained models can be detrimental to text-to-image tasks, as it introduces biases that hinder the
model’s ability to learn effective visual representations from scratch. Furthermore, our investiga-
tion into MoE architectures reveals significant efficiency limitations. Our implementation, which
uses 4 experts with 1 activated per token, requires a 4x larger total parameter count in its expert
layers compared to a dense equivalent to match the number of activated parameters. This design
increases memory requirements, communication overhead, and training complexity.

Note that our MoE comparison was deliberately performed using a canonical and minimal
MOoE configuration to isolate the effects of initialization and model scale, rather than optimizing the
routing or expert design itself. This setup enables a clean and controlled comparison between dense
and sparse architectures under equivalent computational budgets. More advanced MoE variants
(e.g., separating generation and understanding experts) may further improve expert utilization, but
we chose to evaluate a minimal and well-understood MoE baseline to ensure a fair and interpretable
comparison across architectures and initialization strategies.

These comparisons, combined with the observed asymmetry between understanding and gen-
eration tasks, support our design choice of a unified dense architecture with random initializa-
tion. Our comprehensive empirical analysis demonstrates that the unified next-token prediction
paradigm, when properly scaled and trained from scratch, provides a robust and efficient founda-
tion for general multimodal learning, eliminating pretrained initialization or complex architectural
modifications.

4 Post-training Details

4.1 Text-to-Image Generation

4.1.1 Human Evaluation
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Figure S12: Human evaluation overall score comparison of Figure S13: DPO improves vi-
closed and open generative image models under English and sual quality and prompt align-
Chinese prompts. ment.

We conduct a human evaluation comparing the text-to-image generation capabilities of differ-
ent models. A set of 100 diverse user prompts is collected, and each is evaluated by three inde-
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pendent voters. The evaluation focuses on two main aspects: visual quality and prompt following,
with a weighted score reflecting the overall performance. As shown in Fig. S12, we present a com-
parison of human preferences for current closed and open generative image models. The results
indicate that Emu3 achieves competitive performance comparable to SDXL and reaches a level on
par with DALL-E 3 and MJ-v5.2 in terms of overall score. Furthermore, Fig. S13 demonstrates
the impact of alignment through DPO fine-tuning, which effectively improves visual quality and
prompt following.

4.1.2 Experimental Results and Evaluation Details

We present the performance of Emu3 through automated metric evaluation on popular text-to-
image benchmarks: MSCOCO-30K [33], GenEval [13], T2I-CompBench [34], and DPG-Bench [35].
The comparison results of Emu3 against diffusion methods, autoregressive diffusion methods, and
autoregressive-based methods across these four benchmarks are shown in Table S9. We report the
results of GenEval and T2I-CompBench after employing a rewriter to expand short prompts. Fol-
lowing DALL-E 3, we also using GPT-4V as the rewriter. For all T2I evaluations, we set top-k to
16,384 and top-p to 1.0 for image generation. The output resolution for Emu3 is 512 x 512. The
output resolution for Emu3-DPO is 720 x 720.

MSCOCO GenEval T2I-CompBench DPG-Bench
Method Text Pretrain CLIP-I CLIP-T FID | Overall Color Shape  Texture Average
Diffusion-based
SDv1.5 [36] CLIP ViT-L/14 0.667 0302 9.93 043 0.3730 0.3646  0.4219 63.18
DALL-E 2 [37] CLIP ViT-H/16 - 0314 1093 0.52 0.5750  0.5464 0.6374 -
SDv2.1 [36] CLIP ViT-H/14 - - - 0.50 0.5694  0.4495  0.4982 -
SDXL [38] CLIP ViT-bigG 0.674 0310 - 0.55 0.6369  0.5408 0.5637 74.65
PixArt-alpha [39] Flan-T5-XXL - - 7.32 0.48 0.6886  0.5582  0.7044 71.11
DALL-E 3 [40] T5-XXL - 0.320 - 0.67t | 0.8110 0.6750 0.8070 83.50
SD3 [41] C-G/14 + C-L/14 + TS-XXL# - - - 0.74 - - - -
FLUX.1 [Dev] [42] | CLIP ViT-L/14 + T5-XXL - - - 0.66 - - - 83.84
Autoregressive meets diffusion
Emu [43] LLaMA-7B 0.656 0286 11.6 -
Show-o [44] Phi-1.5 - - 9.24 0.53
Transfusion [45] - - - 6.78 0.63
Autoregressive-based
Chameleon [46] - 26.74 0.39
LlamaGen [47] FLAN-TS XL - - - 0.32 - - - -
Emu3 - 0.689 0313 12.8 0.661 | 0.79131 0.5846F 0.7422% 80.60
Emu3-DPO - 0.680 0312 193 0.641 | 0.75441 0.5706F 0.7164+ 81.60

Table S9: Comparison with state-of-the-art models on text-to-image benchmarks. We evaluate
on MSCOCO-30K [33]; GenEval [13]; T2I-CompBench [34] and DPG-Bench [35]. T resultis with
rewriting. £ SD3 uses CLIP ViT-G/14, CLIP ViT-L/14 and T5-XXL as text encoder.

MSCOCO 30K. We present zero-shot CLIP score and FID of Emu3 and Emu3-DPO on MSCOCO
30K in Table S9. Following [43], we randomly sample 30k prompts from the validation set and
calculate the zero-shot FID [48]. We employ CLIP-ViT-B [49] to calculate the CLIP-T score to
assess prompt-following ability. Additionally, we utilize CLIP-ViT-L [49] to compute the CLIP-I
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score for measuring image similarity. For the DALL-E3 and DALL-E2, CLIP-T score is calcu-
lated on 4,096 samples. We adopt classifier-free guidance [50] for better generation quality. The
guidance scale is set to 5.0. The results of other methods in the MSCOCO 30K are sourced from
[43, 44, 45]

DPG-bench. To assess the ability to follow dense text, we compared our models with diffusion
models on the DPG-Bench, which provides longer prompts containing more detailed information
for evaluation. We measured DPG-bench follows ELLA [35] shown in the Table S9, and our
model achieved an overall score of 81.60, which is higher than SDXL and PixArt-alpha, and is
comparable to the results of Dalle-3. We utilized mPLUG-large model to evaluate the generated
images according to the designated questions. The results of other methods in the DPG-Benchmark
are sourced from [35, 51]. We generate 4 images for each prompt with guidance scale is 5.0.

GenEval. Following SD3 [41], we evaluate text-to-image generation capability of Emu3 on
the GenEval benchmark [13]. We present the scores for the GenEval benchmark in Table S10
across six dimensions including “Single Object”, “Two Objects”, “Counting”, “Colors”, “Posi-
tion”, “Color Attribute”. We generate 4 images for each prompt with a guidance scale of 5.5.
Following with Dalle-3, we also report our evaluation results utilizing GPT4-V as a rewriter. The
results of other methods in the GenEval are sourced from [13, 44, 45, 41].

T2I-CompBench. Following the Dalle-3 [40], we report the scores of color binding, shape bind-
ing and texture binding in Table S10. We use the BLIP-VQA model to evaluate these results. We
generate 10 images for each prompt with a guidance scale of 5.0. The results of other methods in
the T2I CompBench are sourced from [40, 52, 39]

GenEval T2I-CompBench

Method Overall Single Obj. Two Obj. Counting Colors Position Color Attri. | Color  Shape Texture
Diffusion-based

DALL-E 2 [37] 0.52 0.94 0.66 0.49 0.77 0.10 0.19 0.5750 0.5464 0.6374
SDv1.5 [36] 0.43 0.97 0.38 0.35 0.76 0.04 0.06 0.3730 0.3646 0.4219
SDv2.1 [36] 0.50 0.98 0.51 0.44 0.85 0.07 0.17 0.5694 0.4495 0.4982
SDXL [38] 0.55 0.98 0.74 0.39 0.85 0.15 0.23 0.6369 0.5408 0.5637
PixArt-alpha [39] | 0.48 0.98 0.50 0.44 0.80 0.08 0.07 0.6886 0.5582 0.7044
DALL-E 3 [40] 0.67 0.96 0.87 0.47 0.83 0.43 0.45 0.8110 0.6750 0.8070
SD3 [41] 0.74 0.99 0.94 0.72 0.89 0.33 0.60 - - -

Autoregressive meets diffusion

Show-o [44] 0.53 0.95 0.52 0.49 0.82 0.11 0.28 - - -
Transfusion [45] 0.63 - - - - - - - - -

Autoregressive-based

Chameleon [46] 0.39 - - - - - _
LlamaGen [47] 0.32 0.71 0.34 0.21 0.58 0.07 0.04 -

Emu3 0.54 0.98 0.71 0.34 0.81 0.17 0.21 0.6107 0.4734 0.6178
+ Rewriter 0.66 0.99 0.81 0.42 0.80 0.49 0.45 0.7913 0.5846 0.7422
Emu3-DPO 0.52 0.98 0.69 0.33 0.78 0.15 0.16 0.5514 0.4641 0.5476
+ Rewriter 0.64 0.99 0.76 0.38 0.85 0.45 0.40 0.7544 0.5706 0.7164

Table S10: Comparison with state-of-the-art models on GenEval and T2I CompBench. Obj.:
Object. Attri.: Attribute.
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4.1.3 Visualization Results

Fig. S14 shows images generated by Emu3 to showcase its capabilities. Emu3 supports flexible
resolutions, aspect ratios, and is capable of handling various styles.

Figure S14: Visualization results of Emu3 text-to-image generation.
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4.2 Text-to-Video Generation
4.2.1 Video Post Processing

To further improve the temporal consistency and visual quality, we apply stabilization and super
resolution techniques to the generated videos. Video evaluation is also conducted on the processed
videos. Specifically, we train specialized models for these two tasks.

Video Stabilization. We train the video stabilization model based on the temporal VAE of sta-
ble video diffusion [53]. The model is trained on our curated video data with a combined objective
comprising L1 loss, LPIPS perceptual loss [54], GAN loss, and KL penalty [55, 56]. A training
data pair consists of an autoencoded video clip output from our tokenizer and the groundtruth video
clip, both having dimensions of 16 x 256 x 256.

Super-Resolution. We implement a spatial-temporal unet model for super-resolution task,
capable of upsampling any image or video clip by a factor of 4. We adopt the BlurPool [57]
for downsample operations and sub-pixel [58] for upsample operations. The model is trained on
random crops of 8 x 256 x 256 from part of our curated videos, which have a resolution greater
than 1024 x 1024, with a combined loss of L2 loss, LPIPS perceptual loss [54], and GAN loss.

4.2.2 Experimental Results and Evaluation Details

The stage 3 pretrained model of Emu3 natively supports the generation of 5-second videos at
24 FPS. We conducted a quantitative comparison between Emu3 and the 13 open-source and
proprietary text-to-video models. The used benchmark is VBench [59], a comprehensive toolkit
for evaluating video generation performance, which assesses the quality and semantic capabilities
of each model across 16 dimensions. For inference parameters, we set top-£ to 8,192, top-p to 1.0
and temperature to 0.95 for video generation.

Total Motion Dynamic Aesthetic Object Multiple Human  Spatial Appearance  Subject Background

Models Type score smoothness degree  quality class objects action relationship Scene style consistency consistency
ModelScope [60] Diff 75.75  95.79 66.39 5639 8225 3898 924 33.68  39.26  25.67 89.87 95.29
LaVie [61] Diff 77.08  96.38 49.72 5494 91.82 3332 968 34.09 52.69  23.56 91.41 97.47
OpenSoraPlan V1.1 [62] Diff 78.00  98.28 47.72 56.85 763 4035 86.80 53.11 27.17 2290 95.73 96.73
Show-1 [63] Diff 78.93  98.24 44.44 5735 93.07 4547 95.60 5350  47.03  23.06 95.53 98.02
OpenSora V1.2 [64] Diff 79.76  98.50 42.39 56.85 8222 51.83 91.20 68.56 4244 2395 96.75 97.61
AnimateDiff-V2 [65] Diff 80.27  97.76 40.83 67.16 9090 36.88 92.60 34.60  50.19 2242 95.30 97.68
Gen-2 [66] Diff 80.58  99.58 18.89 66.96 9092 5547 89.20 6691 4891 19.34 97.61 97.61
Pika [67] Diff 80.69  99.50 47.50 62.04 8872 43.08 86.20 61.03  49.83  22.26 96.94 97.36
VideoCerafter-2.0 [68] Diff 80.44  97.73 42.50 63.13 9255 40.66 95.00 3586 5529 2513 96.85 98.22
T2V-Turbo (VC2) [69]  Diff 81.01 97.34 49.17 63.04 9396 54.65 9520 38.67 5558 2442 96.28 97.02
CogVideoX-5B [70] Diff 81.61  96.92 70.97 6198 8523 62.11 99.40 66.35 5320 2491 96.23 96.52
Kling (2024-07) [71] Diff 81.85  99.40 46.94 61.21 8724 68.05 93.40 73.03  50.86 19.62 98.33 97.60
Gen-3 [72] Diff 82.32  99.23 60.14 63.34 87.81 53.64 964 65.09 5457 2431 97.10 96.62
HunyuanVideo [73] Diff 83.24  98.99 70.83 6036 86.10 68.55 94.40 68.68  53.88 19.80 97.37 97.76
Wan2.1-T2V-14B [74] Diff 83.69  98.30 65.46 66.07 8628 69.58 95.40 7539 4575  22.64 97.52 98.09
Emu3 (Ours) AR 8096  98.93 79.27 59.64 86.17 44.64 77.71 68.73  37.11 20.92 95.32 97.69

Table S11: Comparison with state-of-the-art text-to-video models on VBench [59] bench-
mark.. We selected 11 out of the 16 evaluation dimensions from VBench, along with the final
score, for presentation. Except for Emu3, which is an autoregressive (AR) model, all other pub-
licly comparable method are diffusion (Diff) models. The higher metrics indicate the better results.

Aside from Emu3, which adopts an autoregressive architecture, all other publicly comparable
baselines are diffusion-based models. As shown in Table S11, Emu3 attains competitive overall
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performance relative to existing approaches. While it does not match the results reported by ad-
vanced proprietary systems such as Kling [71] and Gen-3 [72], its performance remains broadly
comparable to that of well-established open-source text-to-video models. These observations indi-
cate that Emu3 can serve as a viable and unified approach for video generation.

4.2.3 Visualization Results

Fig. S15 presents qualitative examples of video generation, with 6 frames extracted from the first
3 seconds for showcase.

— S —

“Lava bursts from the volcano, flowing down the mountain and filling the sky with ash.”

“An astronaut flying in space, in cyberpunk style.”

“Fireworks.”

Two butterflles flutter among colorful flowers under a blue sky, their wi

R = 4 A | i i3 | TV
“A beautiful coastal beach in spring, waves lapping on sand, with an intense shaking effect.”

Figure S15: Visualization results of Emu3 text-to-video generation.

4.3 Vision-Language Understanding

Experimental Results and Evaluation Details. To assess the vision-language understanding
capability of Emu3, we evaluate the model across a range of public vision—language benchmarks.
The primary comparisons in Table S12 cover two categories of approaches: 1) encoder-based
methods that rely on pretrained CLIP vision encoders, and 2) encoder-free methods that operate
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without pretrained encoders. As a purely encoder-free approach, Emu3 reaches a performance
level comparable to representative models in both categories on several benchmarks. Notably, this
is achieved without resorting to a specialized pretrained LLM or CLIP encoder, highlighting the
conceptual simplicity and architectural unity of our framework. All benchmarks are evaluated
using the Imms—eval library [75], with inference and evaluation performed under its recom-
mended default settings. The input resolution ranges from 512 x 512 to 1024 x 1024, with aspect
ratio preserved throughout.

Method Pretrained-LLM SEEDB OCRB MMV POPE VQAv2 GQA SQA TQA CQA DVQA IVQA AI2D RWQA MMMU MMB
Encoder-based

InstructBLIP [76] Vicuna-7B 534 276 262 - - 492 605 50.1 125 139 - 338 374 30.6 36.0
IDEFICS-9B [77] LLaMA-7B - 252 - - 509 384 - 259 - - - 422 421 184 482
QwenVL-Chat [78] Qwen-7B 582 488 - - 78.2*% 57.5% 682 61.5 49.8 66.3 - 459 493 359 60.6
LLaVA-1.5[11] Vicuna-7B 643 318 30.5 859 785% 62.0% 66.8 46.1 182 281 258 548 548 353 643
InternVL-Chat [79] Vicuna-7B - - - 864 793* 629* - 570 - - - - - - -
mPLUG-OwI2 [80] LLaMA2-7B 57.8 255 365 862 79.4* 56.1* 68.7 58.2 22.8 - - 557 503 327 645
ShareGPT4V [81] Vicuna-7B - 371 376 - 80.6% 63.3* 68.4 604 21.3 - - 580 549 372 68.8
LLaVA-1.6(HD) [82] Vicuna-7B 64.7 532 439 86.5 81.8% 64.2% 70.2 649 54.8* 744* 37.1 66.6%* 578 35.1 674
VILA [83] LLaMA2-7B  61.1 - 349 855 80.8* 63.3* 73.7 66.6 — - - - - - 68.9
Qwen2.5-VL [84] Qwen2.5-7B - 864 - - - - - 849 873 957 826 839 - 58.6 83.5
Encoder-free

Fuyu-8B(HD) [85] Persimmon-8B - - 214 741 742 - - - - - - 64.5 - 279 10.7
Chameleon-MT-34B [46] - - - - - 69.6 - - - - - - - - - -
Show-o [44] Phi-1.5-1.3B - - - 738 593*% 487* - - - - - - - 25.1 -
EVE-7B(HD) [10] Vicuna-7B 56.8 - 257 85.0 78.6% 62.6* 649 568 - - - - - - 523
Emu3 - 682 687 372 852 75.1*% 60.3*% 89.2* 64.7 68.6* 76.3* 43.8* 70.0%* 57.4 31.6 585

Table S12: Comparison on vision-language benchmarks. We collect evaluations including:
SEEDB: SEEDBench-Img [86]; OCRB: OCRBench [87]; MMV: MMVet [88]; POPE [89];
VQAV2 [90]; GQA [91]; SQA: ScienceQA-Img [92]; TVQA: TextVQA [93]; CQA: ChartQA [94];
DVQA: DocVQA [95]; IVQA: InfoVQA [96]; AI2ZD [97]; RWQA: RealWorldQA [98];
MMMU [99]; MMB: MMBench [100]. * The images of related training datasets are observed
during training.

4.4 Interleaved Image-Text Generation

We extend Emu3 to interleaved image-text generation, where structured textual steps are accom-
panied by corresponding illustrative images in a single output sequence. Thanks to the flexibility
and generability of the framework, we directly fine-tune the model to autoregressively generate
such multimodal sequences in an end-to-end manner.

Data Format. In terms of data format for interleaved image-text generation, we construct the in-
struction tuning dataset as follows, where all contents that should be supervised are included within
two special tokens (< |extra_100|> and <|extra_101|>). Among them, <|VIS_PLH|>
serves as an image placeholder to indicate the actual position of the image tokens, and the format
of each image is consistent with the pretraining stage.
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The Data Format Example of Interleaved Image-text Generation

You are a helpful assistant.

USER:

How to cook Dry Pot Cauliflower?

ASSISTANT:

<lextra 100>

1. Break the cauliflower into small pieces and soak them in salted water< | VIS _PLH| >

2. Heat a little oil in a pot and stir-fry the cauliflower until it releases its mois-
ture< |VIS_PLH| >

3. In the same pot, stir-fry ginger, garlic, dried chili peppers, and Sichuan pepper sauce until
red oil forms< | VIS_PLH| >

4. Add the caulifiower and continue stir-frying. Season with soy sauce, oyster sauce, veg-
etable essence, and a little salt< | VIS_PLH| >

5. Serve and enjoy!< |VIS PLH|>

<|lextra_ 101 |>

Visualization Results. As demonstrated in Fig. S16, even with basic fine-tuning using limited
interleaved image-text data, the model exhibits promising capabilities in generating interleaved
image-text sequences. This result suggests that our framework possesses greater versatility and
scalability compared to conventional single-modality models limited to text or image generation.
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Figure S16: Visualization of interleaved image-text generation results.
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5 Inference

5.1 Inference System

Our inference infrastructure is built on FlagScale [101], a multimodal serving system developed
atop VLLM [32]. FlagScale inherits vVLLM’s key advantages, including the PagedAttention mech-
anism for fine-grained KV-cache management and continuous dynamic batching, which enables
adaptive, per-token scheduling to maximize GPU utilization and minimize end-to-end latency. It
is further accelerated by optimized CUDA kernels such as FlashAttention [102]. On this founda-
tion, FlagScale extends the inference backend to support Classifier-Free Guidance (CFG) [50] for
autoregressive multimodal generation. Specifically, we integrate CFG directly into the dynamic
batching pipeline by co-feeding conditional and negative prompts within the same batch iteration.
This design allows a unified forward pass at each decoding step, enabling correct logit fusion
and guidance scaling without disrupting the batching semantics. Crucially, our CFG-aware exten-
sion incurs negligible overhead and preserves the low-latency, high-throughput characteristics of
vLLM. As a result, FlagScale provides a scalable and efficient inference framework that supports
fine-grained generation control across a wide range of multimodal tasks.

. vLLM HF
Task Batch Size | () Throughput (token/s) | Time (s) Throughput (token/s) | >P¢¢d UP
1 68.11 120.62 259.69 31.64 3.81
2 74.16 221.58 303.70 54.11 4.10
4 82.92 396.34 379.74 86.54 458
Text-to-Image 8 100.48 654.13 548.44 119.85 5.46
16 135.22 972.16 905.58 145.16 6.70
32 220.81 1190.70 0OM 0OM -
64 415.70 1264.92 OOM OOM -
128 844.29 1245.59 OOM OOM -
1 1.17 3687.90 1.92 2252.09 1.64
2 1.32 6554.10 220 3929.00 1.67
4 1.50 11497.13 275 6266.80 1.83
Image-to-Text 8 2.09 16541.42 4.00 8624.96 1.92
16 3.26 21206.78 OOM OOM ;
32 5.78 23897.13 0OM 0OM -
64 10.15 27209.77 OOM OOM -
128 20.90 26426.17 OOM OOM -
1 768.29 81.60 OOM OOM ]
2 1186.79 105.65 OOM 0OM -
Text-to-Video 4 1986.64 126.22 0OM 0OM -
8 3802.48 131.89 OOM OOM -
16 7568.93 132.52 OOM OOM ;

Table S13: Comparison of inference latency and throughput between vLLM and Hugging
Face Transformers.

Table S13 presents a comparative analysis of inference latency and throughput between our
vLLM-based backend and a standard Hugging Face (HF) Transformer [12] implementation across
three representative tasks: Text-to-Image (Emu3-Gen with CFG, averaging 8,216 tokens per im-
age), Image-to-Text (Emu3-Chat without CFG), and Text-to-Video (Emu3 with CFG, averaging
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65,536 tokens per video). All experiments were conducted on a single GPU node. Our vLLM-
based backend consistently outperforms the Hugging Face backend across text-to-image, image-
to-text, and text-to-video tasks, offering higher throughput, supporting larger batches and longer
contexts, and avoiding out-of-memory failures, thanks to its efficient KV-cache management and
dynamic batching.

5.2 Inference Pseudocode

The pseudocode in Alg. 1 describes the inference process of Emu3 for generating multimodal
outputs, including text, images, and videos, from input sequences of the same types.

Algorithm 1 Multimodal token sequence generation

[y

Input: text, images, videos

2: Output: text, images, videos
3: Initialize token_sequence = multimodal_tokenize(texts, images, videos)
4: Set prompt_length = 1en(token_sequence)
5: while True do
6:  next_token_prob <— model.predict_next(token_sequence)
7. next_token_id <— sample(next_token_prob)
8:  Append next_token_id to token_sequence
9:  if next_token_id = END_OF_SEQUENCE then
10: break
11:  endif
12: end while
13: result_sequence <— token_sequence[prompt_length:]
14: result_sequence <— multimodal _detokenize(result_sequence)
15: for segment in result_sequence do
16:  if segment is text then
17: display_text(segment)
18:  else if segment is image then
19: display_image(segment)
20:  else if segment is video then
21: display_video(segment)
22:  end if
23: end for

The algorithm begins by tokenizing the inputs into a unified multimodal token sequence, al-
lowing the model to handle diverse modalities within a consistent framework. During the iterative
generation loop, the model predicts the next token probabilities based on the current sequence
context. The most probable token is then selected and appended to the sequence. This process
continues until the end-of-sequence token is encountered, signaling the completion of the gener-
ation. The resulting sequence, excluding the initial prompt, is then converted back to its original
modalities through detokenization. Finally, the generated modalities are displayed appropriately
based on their types (e.g., textual outputs are rendered as text, while visual outputs are displayed
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as images or videos). This flexible, token-based approach ensures seamless integration and gener-
ation across different modalities, highlighting the model’s ability to unify diverse data types under
a single, autoregressive framework.

5.3 Token Sampling Strategy

For text tokens, we can employ greedy search or sampling methods such as top-k and top-p. For
visual token sampling, we utilize classifier-free guidance in conjunction with top-k sampling. We
investigate the impact of different sampling strategies on generation quality for the text-to-image
task. Unless otherwise specified, we use classifier-free guidance (CFG) scale of 5.0, with default
settings of top-k=32768, top-p=1.0, and temperature=1.0. As shown in Fig. S17a, the performance
improves significantly when increasing top-£ from 1 to 2048, reaching a peak GenEval overall
score of 0.597. However, as top-k continues to increase, the score gradually declines. This suggests
that a moderate top-k is crucial for high-quality generation. Besides, we observe a similar trend
when changing the parameter of top-p and temperature as in Fig. S17b and Fig. S17c.

GenEval Overall Score
GenEval Overall Score

uuuuuuuuuuuuuuuuuuuuuuuuu 8 10
top-k top-p temperature

(a) top-k sampling (b) top-p sampling (c) temperature sampling

Figure S17: Impact of token sampling parameters. We show the GenEval overall score of Emu3
over different sampling configurations. The default setting is cfg=5.0, top-k=32768, top-p=1.0 and
temperature=1.0.

6 Related Work

Vision-Language Understanding. CLIP [49] learns generalizable vision representations through
contrastive learning on massive image-text pairs, achieving impressive zero-shot results in image
classification tasks. Flamingo [103], by connecting pretrained language models and vision en-
coders akin to CLIP, initially showcases promising few-shot multimodal understanding capabili-
ties. The increasing availability and progress of LLMs have popularized the fusion of pretrained
vision encoders with LLMs, forming a common approach to train extensive vision-language mod-
els (VLMs). The BLIP series [104, 105], MiniGPT4 [106], and LLaVA [107] exhibit encouraging
results by linking vision encoders with LL.Ms and training on image-text pairs and vision instruc-
tion tuning data. Further improvements in performance are seen in LLaVA series [11, 82] and
other impressive works [78, 108] through curated datasets and improved training strategies. While
models like Fuyu [85] and EVE [10] introduce encoder-free vision-language architectures that
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feed image patches into LLMs, they still face challenges in competing with state-of-the-art VLMs.
Here, we show that Emu3, a decoder-only model trained purely with next-token prediction, can
reach the performance of these encoder-based systems.

Vision Generation. Recent advancements in vision generation have been largely dominated by
diffusion models [36, 37, 38, 109, 40]. These models demonstrate impressive capabilities in gener-
ating high-resolution images via the diffusion process. The open-source release of the Stable Dif-
fusion series has led to widespread research and development in this direction. Another research
line is to train autoregressive models to generate images via predicting the next token in a sequence,
such as DALL-E [110], CogView [111], and Parti [112]. VideoGPT [113] and VideoPoet [114]
also leverage autoregressive approaches in the video domain. However, they either fail to match the
performance with diffusion models or rely on cascade/compositional approaches, e.g., VideoPoet
uses a two-stage generate-and-refine framework and an extra text encoder. In this work, Emu3
demonstrates powerful image and video generation capabilities with a single Transformer decoder.
Notably, we open-source to support further research and development in this direction.

Unified Understanding and Generation. There have been early efforts to unify vision under-
standing and generation [43, 115, 116, 117], exploring various generative objectives on image
and text data. Emu and Emu2 [43, 30] introduce a unified autoregressive objective: predict-
ing the next multimodal element, by regressing visual embeddings or classifying textual tokens.
CM3Leon [115] and Chameleon [46] trained token-based autoregressive models on mixed image
and text data. Some works [118, 119, 120, 121, 122, 123] also explore this direction, but either
with a focus on traditional vision tasks such as segmentation or barely close to the performance
of specialized models across general multimodal tasks of video generation, image generation, and
vision language understanding. More recent methods like TransFusion [45] and Show-o [44] at-
tempt to combine diffusion and autoregressive approaches to boost performance. However, these
models still fall behind task-specific architectures like SDXL [38] and LLaVA-1.6 [82] in terms
of vision generation and understanding. Emu3 for the first time demonstrates that next-token pre-
diction across images, video, action, and text can match these well-established models, without
relying on compositional methods. This work shows the scalability, effectiveness, and generality
of next-token prediction for unified multimodal learning across Al-Generated Content (AIGC),
multimodal understanding, and robotic manipulation.

Vision-Language-Action Models. Vision-Language-Action (VLA) models have recently attracted
growing attention and have shown great promise across a diverse range of robotics control tasks [124,
125, 126, 127, 128, 129, 130, 131, 132, 133]. These models fine-tune pre-trained vision-language
models (VLMs) for action prediction, leveraging their general understanding and adapting them
to low-level control via large-scale robotics datasets [134, 135, 136, 125, 137, 138]. Previous
VLA methods, such as RT-2 [124] and OpenVLA [126], generally convert continuous actions into
sequences of discrete action tokens, and optimize the model through standard autoregressive next-
token prediction. While this strategy is straightforward, it can result in an excessive number of
tokens under high-frequency control and high-DoF systems, significantly reducing inference effi-
ciency. Therefore, subsequent research methods have explored alternative action decoding mecha-
nisms. For instance, FAST [139] employs frequency-domain compression encoding, while others
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adopt diffusion policy prediction [140, 141, 142, 130, 143, 144, 145] for action chunk learning.
However, all the aforementioned VLA methods are language-centric, aligning visual signals to the
semantic space while neglecting the importance of vision in temporal dynamic information. In
contrast, while a recent approach UniVLA [146] explores native VLM-based solutions with world
models to facilitate downstream policy learning, our method achieves unified discrete encoding of
vision, language, and actions via direct multimodal learning, obviating video post-training.

7 Limitations

Despite the promising results, our approach has several notable limitations. First, the inference
can be accelerated. The current inference process employs a naive decoding strategy, while more
advanced parallel decoding strategies can be leveraged to speed up. Second, the current tokenizer
design presents trade-offs in both compression ratio and reconstruction fidelity, which can be fur-
ther optimized for efficiency and effectiveness in downstream tasks. Third, the diversity and quality
of multimodal datasets, particularly for long-horizon video-centric scenarios, remain insufficient to
capture the full range of real-world complexity. While we acknowledge these challenges, address-
ing them lies beyond the scope of this work. We also highlight several underexplored technical
directions for future research, including the development of efficient architectures for ultra-long
multimodal contexts, enhancing tokenizer expressiveness, and constructing more robust and real-
istic benchmarks.

8 Open Weights, Code, and Data

To foster the advancement of the open-source community, we have made the model weights pub-
licly available on HuggingFace at https://huggingface.co/collections/BAAI/
emu3, including the Emu3 pre-trained model as well as two post-trained derivatives: the image
generation model Emu3-Gen and the vision-language understanding model Emu3-Chat. The cus-
tom computer code used and the models produced in this study have been made publicly available
on GitHub at https://github.com/baaivision/Emu3. The code is released under the
Apache-2.0 license.

The training data is not fully publicly available yet due to privacy and legal restrictions. The
data are available for peer review if required by the editorial process. Requests for access can
be directed to the corresponding author. Specifically, the publicly available of our training data,
including: FineWeb-Edu (https://huggingface.co/datasets/HuggingFaceF
W/ fineweb—-edu), LAION-5b (https://laion.ai/blog/laion-5b/), LAION-
AESTHETICS (https://laion.ai/blog/laion—aesthetics/), Datacomp (https:
//github.com/mlfoundations/datacomp), COYO-700m(https://github.com
/kakaobrain/coyo-dataset), Openlmages (https://storage.googleapis.com
/openimages/web/index.html), SA-1B (https://segment-anything.com/da
taset/index.html), YT-Temporal-1B (https://rowanzellers.com/merlotres
erve/), JourneyDB(https://huggingface.co/datasets/JourneyDB/JourneyD
B), DiffusionDB(https://huggingface.co/datasets/poloclub/diffusiondb),
midjourney-prompts(https://huggingface.co/datasets/vivym/midjourney-p
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rompts), LLaVA-OneVision-Data(https://huggingface.co/datasets/lmms-1lab
/LLaVA-OneVision-Data).

We used the following publicly available databases for evaluation, including COCO (https:
//cocodataset.org/#download), GenEval (https://github.com/djghoshl3
/geneval), T2I-CompBench (https://karine-h.github.io/T2I-CompBench/),
DPG-Bench (https://github.com/TencentQQGYLab/ELLA/tree/main/dpg_ben
ch), VBench (https://github.com/Vchitect/VBench/tree/master/prompts),
SEEDBench (https://huggingface.co/datasets/AILab-CVC/SEED-Bench),
OCRBench (https://github.com/Yuliang-Liu/MultimodalOCR#data), MM Vet
(https://huggingface.co/datasets/whyu/mm-vet), POPE (https://gith
ub.com/RUCAIBox/POPE), VQAV2 (https://visualga.org/download.html),
GQA (https://cs.stanford.edu/people/dorarad/gga/download.html),
ScienceQA (https://sciencega.github.io/#download), TextVQA (https://
textvga.org/dataset/), ChartQA (https://huggingface.co/datasets/ah
med-masry/ChartQA), DocVQA (https://rrc.cvc.uab.es/?ch=17&com=down
loads), InfoVQA (https://rrc.cvc.uab.es/?ch=17&com=downloads), AI2D
(https://allenai.org/data/diagrams), RealWorldQA (https://huggingfac
e.co/datasets/visheratin/realworldga), MMMU (https://huggingface.
co/datasets/MMMU/MMMU), MMBench (https://huggingface.co/datasets/1m
ms—1lab/MMBench), GenEval(https://github.com/djghoshl13/geneval), DPG-
Bench(https://github.com/TencentQQGYLab/ELLA), T2I-CompBench(https:
//github.com/Karine—Huang/T2I-CompBench), VBench(https://github.com
/Vchitect/VBench), CALVIN(https://github.com/mees/calvin).
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