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Can one model generate multi-modal data?

“A lion teacher wearing a suit is in
front of a blackboard”

…

Multi-modal generative model

Multi-Modal Generative Modeling

Image from Ding et al. (2022)
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Task Extension

Performance 
Synergy

Effort 
Concentration 

Resource Saving 

AGI

Benefits of One Universal Generative Model
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.MAGVLT: Masked Generative Vision-and-Language Transformer

Image from Zhang et al. (2020)

• Contributions

• MAGVLT: Unified Generative Vision-and-Language (VL) Model based on Masked 
Generative Transformer.

• Robust training on image-text pairs: cross-modal mask prediction + step-unrolled 
mask prediction + selective prediction on the mixed context.

• Competitive performances of MAGVLT on both of zero-shot image-to-text (I2T) 
and text-to-image (T2I) generation tasks for the first time.
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One universal IT2IT (Image+Text to Image+Text) model can do … 

I2T

T2I

IT2I

IT2T

T2IT

ITITIT…2IT

T2T

I2I

-> Text-guided image generation

-> Image captioning

-> Image transfer, inpainting

-> Translation, QA, text infilling

-> Text-guided image editing

-> Visual QA

-> Visual story generation

-> In-context vision+language generation

MAGVLT: Generative Vision-and-Language Model
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IT2IT

Auto-Regressive (AR)
Generative Modeling

Masked (Non-AR)
Generative Modeling

One-time sequential generation Multiple-refined parallel generation

Unidirectional transformer Bidirectional transformer

Better and Faster generation

MAGVLT: Generative Vision-and-Language Model

MAGVLT
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Inference (Iterative Refinement)

Ex. T2I

Train: Variable mask ratio, simulating one of refining (denoising) steps

Generation: Iterative refinement (denoising)
Similar to Discrete Diffusion

Parallel prediction of all masked tokens

** I2T Generation: Target Length Prediction on <BOT> trained by CE loss
<latexit sha1_base64="d6UWk90L/T8yPqr2iHFNh3kiA9I="></latexit>

LTL(NT , N̂T )

MAGVLT: Masked Generative Vision-and-Language Transformer

Bidirectional Transformer with Full Attention
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<latexit sha1_base64="dWu0Z4ItLaik/ssshs8FpkFouss="></latexit>

Image tokens: X = [xi]
NI
i=1

<latexit sha1_base64="ybipAm2IKhsvdkNrrKgvM102VFI="></latexit>

Text tokens: Y = [yj ]
NT
j=1

<latexit sha1_base64="JdDpDnbSvo/A00U7ViNaxqkogZ0="></latexit>

Masked image tokens: XM̄I

<latexit sha1_base64="haWUV1SdKVpNMymTQul/NajJIRU="></latexit>

Masked text tokens: YM̄T

Bidirectional Transformer with Full Attention

Train
MAGVLT: Masked Generative Vision-and-Language Transformer
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Step-Unrolled Mask Prediction (UnrollMask)

Ex. I2T

SUNDAE* tries to reduce the gap between 
a corruption on the target tokens at training and 
a corruption on the partially predicted tokens at testing.

Motivated by this, MAGVLT remasks the one-step 
predicted sequence then predicts the re-masked tokens.

N. Savinov, et al., Step-unrolled denoising autoencoders for text generation. In ICLR, 2022

MAGVLT: Masked Generative Vision-and-Language Transformer
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Selective Prediction on Mixed Context (MixSel)

Ex. within-modal bias To reduce this bias and overlooking the cross-modal context,
two different input contexts are mixed in a half-and-half concatenated 
manner, and one of them is randomly selected to be the target context in 
generation with a prepended special token to inform the selected context.

<latexit sha1_base64="Ag7wb+c657APmN8S432dw9NTcHM="></latexit>

LMS, I2T = � E
(X,Y )2D

 X

8j2[1,NT ],mT
j =1

log p(y`j |Ŷ `
M̄T

,�(X1, X2))

�
<latexit sha1_base64="+Tac+woFXv9EQ4X9P27eGM/24n4="></latexit>

�: mixture function
` 2 {1, 2}: the selected context

MAGVLT: Masked Generative Vision-and-Language Transformer
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Multitask Pretraining

<latexit sha1_base64="ZLI5j4wwt/8L35mGAC3VwF/u9r8="></latexit>

L⌧ = Lmask,⌧ + �TLLTL,⌧ + �UMLUM,⌧ + �MSLMS,⌧

<latexit sha1_base64="0Qqy4gX2WsrLvMFupFIML8KNuE4="></latexit>

⌧ 2 {I2T, T2I, IT2IT}, �TL = 0.01, �UM = 1.0, �MS = 0.5

<latexit sha1_base64="xE7ULIKBzuynYrL783aKGu40pUI="></latexit>

A task ⌧ 2 {I2T, T2I, IT2IT} is sampled from the predefined p⌧ for each iteration (batch-wise).

MAGVLT: Masked Generative Vision-and-Language Transformer
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- Model

- VQ-GAN converts a 256x256 image into 16x16 tokens with 16,384 codebook size.

- BPE tokenizer with 49,408 vocab size converts a sentence to a text token sequence (max length: 64).

- Pretraining
- CC3M + CC12M + SBU + VG: total 17M image-text pairs

- 40K updates with a batchsize of 4,096 from scratch w/ only image+text pairs

- Evaluation
- Zero-shot T2I on MS-COCO

- Zero-shot I2T on MS-COCO and NoCaps

- Sampling
- # of refinement steps: 10 for image generation, 12 for text generation

- Clip reranking

Experiments

- 447M parameters in total including VQ-GAN
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- Image Generation

Experiments
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.Experiments

- Text Generation
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- Ablations

Experiments
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- Model Scaling

T2I

I2T

Experiments
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- Finetuning on Downstream Tasks

Finetuned I2T Finetuned VQAv2

- Generation & Understanding

Experiments



18

su
ng

w
oo

ng
ki

m
©

 A
ll 

rig
ht

s 
Re

se
rv

ed
.

- Unconditional Image+Text Generation

Experiments
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• MAGVLT as a unified generative VL model that can produce both image and text data.

• Masked generative transformer with a robust training on image-text pairs by multiple 
training tasks.

• MAGVLT outperforms ARGVLT and shows competitive performances on both of zero-
shot image-to-text and text-to-image generation tasks for the first time.

Ongoing works

• Scale-up both model and data

• Leverage language model and data

• Universal model for both understanding and generation

• Increase modalities (e.g. audio)

Conclusion

Poster: THU-PM-261
https://github.com/kakaobrain/magvlt


