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Abstract

Generative modeling and representation learning are
two key tasks in computer vision. However, these models
are typically trained independently, which ignores the po-
tential for each task to help the other, and leads to training
and model maintenance overheads. In this work, we pro-
pose MAsked Generative Encoder (MAGE), the first frame-
work to unify SOTA image generation and self-supervised
representation learning. Our key insight is that using vari-
able masking ratios in masked image modeling pre-training
can allow generative training (very high masking ratio)
and representation learning (lower masking ratio) under
the same training framework. Inspired by previous gen-
erative models, MAGE uses semantic tokens learned by
a vector-quantized GAN at inputs and outputs, combining
this with masking. We can further improve the represen-
tation by adding a contrastive loss to the encoder output.
We extensively evaluate the generation and representation
learning capabilities of MAGE. On ImageNet-1K, a single
MAGE ViT-L model obtains 9.10 FID in the task of class-
unconditional image generation and 78.9% top-1 accuracy
for linear probing, achieving state-of-the-art performance
in both image generation and representation learning. Code
is available at https://github.com/LTH14/mage.

1. Introduction

In recent years, we have seen rapid progress in both gen-
erative models and representation learning of visual data.
Generative models have demonstrated increasingly spectac-
ular performance in generating realistic images [3,7,16,50],
while state-of-the-art self-supervised representation learn-
ing methods can extract representations at a high seman-
tic level to achieve excellent performance on a number of
downstream tasks such as linear probing and few-shot trans-

*This work was done when Tianhong Li was intern at Google Re-
search. Correspondence to: Tianhong Li <tianhong@mit.edu>, Hui-
wen Chang <huiwenchang@google.com>.

Figure 1. Linear probing and class unconditional generation per-
formance of different methods trained and evaluated on ImageNet-
1K. MAGE achieves SOTA performance in linear probing and es-
tablishes a new SOTA in class unconditional generation.

fer [2, 6, 8, 13, 24, 26].
Currently, these two families of models are typically

trained independently. Intuitively, since generation and
recognition tasks require both visual and semantic under-
standing of data, they should be complementary when com-
bined in a single framework. Generation benefits represen-
tation by ensuring that both high-level semantics and low-
level visual details are captured; conversely, representation
benefits generation by providing rich semantic guidance.
Researchers in natural language processing have observed
this synergy: frameworks such as BERT [15] have both
high-quality text generation and feature extraction. Another
example is DALLE-2 [47], where latents conditioned on
a pre-trained CLIP representation are used to create high-
quality text-to-image generations.

However, in computer vision, there are currently no
widely adopted models that unify image generation and
representation learning in the same framework. Such uni-
fication is non-trivial due to the structural difference be-

1

ar
X

iv
:2

21
1.

09
11

7v
1 

 [
cs

.C
V

] 
 1

6 
N

ov
 2

02
2

https://github.com/LTH14/mage


Original MAGE seed=0 iter=6 MAGE seed=1 iter=6Mask MAE MAGE seed=0 iter=1 MAGE seed=2 iter=6

Figure 2. Reconstruction results using MAE and MAGE with 75% masking ratio. MAE reconstructs blurry images with low quality,
while MAGE can reconstruct high-quality images with detail, and further improves quality through iterative decoding (see subsection 3.2
for details). With the same mask, MAGE generates diverse reconstruction results with different random seeds. Note that the mask for
MAGE is on semantic tokens whereas that of MAE is on patches in the input image.

tween these tasks: in generative modeling, we output
high-dimensional data, conditioned on low-dimension in-
puts such as class labels, text embeddings, or random noise.
In representation learning, we input a high-dimensional im-
age and create a low-dimensional compact embedding use-
ful for downstream tasks.

Recently, a number of papers have shown that represen-
tation learning frameworks based on masked image mod-
eling (MIM) can obtain high-quality representations [2, 18,
26,32], often with very high masking ratios (e.g. 75%) [26].
Inspired by NLP, these methods mask some patches at the
input, and the pre-training task is to reconstruct the origi-
nal image by predicting these masked patches. After pre-
training, task-specific heads can be added to the encoder to
perform linear probe or fine-tuning.

These works inspire us to revisit the unification question.
Our key insight in this work is that generation is viewed as
“reconstructing” images that are 100% masked, while rep-
resentation learning is viewed as “encoding” images that are
0% masked. We can therefore enable a unified architecture
by using a variable masking ratio during MIM pre-training.
The model is trained to reconstruct over a wide range of
masking ratios covering high masking ratios that enable
generation capabilities, and lower masking ratios that en-
able representation learning. This simple but very effec-
tive approach allows a smooth combination of generative
training and representation learning in the same framework:
same architecture, training scheme, and loss function.

However, directly combining existing MIM methods

with a variable masking ratio is insufficient for high qual-
ity generation because such methods typically use a simple
reconstruction loss on pixels, leading to blurry outputs. For
example, as a representative of such methods, the recon-
struction quality of MAE [27] is poor: fine details and tex-
tures are missing (Figure 2). A similar issue exists in many
other MIM methods [11, 36].

This paper focuses on bridging this gap. We propose
MAGE, a framework that can both generate realistic im-
ages and extract high-quality representations from images.
Besides using variable masking ratio during pre-training,
unlike previous MIM methods whose inputs are pixels,
both the inputs and the reconstruction targets of MAGE are
semantic tokens. This design improves both generation
and representation learning, overcoming the issue described
above. For generation, as shown in Figure 2, operating in
token space not only allows MAGE to perform image gen-
eration tasks iteratively (subsection 3.2), but also enables
MAGE to learn a probability distribution of the masked to-
kens instead of an average of all possible masked pixels,
leading to diverse generation results. For representation
learning, using tokens as inputs and outputs allows the net-
work to operate at a high semantic level without losing low-
level details, leading to significantly higher linear probing
performances than existing MIM methods.

We evaluate MAGE on multiple generative and repre-
sentation downstream tasks. As shown in Figure 1, for
class-unconditional image generation on ImageNet-1K, our
method surpasses state of the art with both ViT-B and ViT-
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L (ViT-B achieves 11.11 FID [29] and ViT-L achieves 9.10
FID), outperforming the previous state-of-the-art result by
a large margin (MaskGIT [7] with 20.68 FID). This signif-
icantly push the limit of class-unconditional generation to a
level even close to the state-of-the-art of class-conditional
image generation (∼6 FID [7, 50]), which is regarded as a
much easier task in the literature [40]. For linear probing on
ImageNet-1K, our method with ViT-L achieves 78.9% top-
1 accuracy, surpassing all previous MIM-based represen-
tation learning methods and many strong contrastive base-
lines such as MoCo-v3 [13]. Moreover, when combined
with a simple contrastive loss [9], MAGE-C with ViT-L
can further get 80.9% accuracy, achieving state-of-the-art
performance in self-supervised representation learning. We
summarize our contributions:

• We introduce MAGE, a novel method that unifies genera-
tive model and representation learning by a single token-
based MIM framework with variable masking ratios, in-
troducing new insights to resolve the unification problem.

• MAGE establishes a new state of the art on the task of
class-unconditional image generation on ImageNet-1K.

• MAGE further achieves state of the art in different down-
stream tasks, such as linear probing, few-shot learning,
transfer learning, and class-conditional image generation.

2. Related Work
Self-supervised Learning in Computer Vision. Early

work on unsupervised representation learning has focused
on designing pretext tasks and training the network to pre-
dict their pseudo labels. Such tasks include solving jigsaw
puzzles [43], restoring a missing patch [45], or predicting
image rotation [22]. These pretext tasks result in represen-
tations that significantly trailed supervised training.

Contrastive learning [8, 10, 44] has proven to be a com-
petitive and systematic method to learn effective representa-
tions without human supervision, getting performance very
close to that of supervised pre-training. A number of vari-
ants of contrastive learning have been proposed: SimCLR
[8] uses a large batch size, and samples negative pairs within
each batch; momentum-contrastive approach (MoCo) [28]
leverages a moving-average encoder and a queue to store
negative samples during training; Contrastive-Multiview-
Coding [55] maintains a memory-bank to store features
and generate negative samples. Some recent methods, like
BYOL, do not rely on negative pairs [12, 24]. Instead, they
use two neural networks that learn from each other to boost
performance.

Recently, vision researchers have found that masked im-
age modeling (MIM), modeled after techniques in NLP e.g.
[15], is a very effective task for self-supervised learning.
BEiT [2] recovers discrete visual tokens from masked in-
puts. PeCo [18] further regards MoCo-v3 [13] as the per-
ceptual model in VQGAN training to get a better tokenizer.

MAE [26] considers MIM as a denoising pixel-level recon-
struction task, and CMAE [32] further combines MAE with
a contrastive loss. Some other methods such as MaskFeat
[58] and MVP [59] predict features generated from teacher
models.

However, current self-supervised learning methods
based on MIM favor the performance of the representa-
tions on downstream tasks instead of the quality of the re-
constructed images, leading to poor reconstructive results
[2, 26]. Our paper for the first time shows that a single
model can not only learn high-level fine-grained represen-
tations, but also be used to generate images of high visual
fidelity.

Generative Models for Image Synthesis. Recent years
have witnessed tremendous progress in deep generative
models for image synthesis. One major stream of generative
models is built on top of generative adversarial networks
(GANs) [4,23,33,64,65]. GAN-based models can generate
realistic images in various domains, but suffer from train-
ing instabilities and mode collapse issues. Another stream
is based on a two-stage scheme [7, 34, 48, 56, 61]: first to-
kenize the image into a latent space and then apply maxi-
mum likelihood estimation and sampling in the latent space.
VQVAE-2 [48] first shows this two-stage scheme can gen-
erate more diverse samples than GANs. ViT-VQGAN [61]
uses ViT-based [19] encoder and decoder to get the latent
code and then apply autoregressive generation in the latent
space. MaskGIT [7] explores using a bidirectional trans-
former for token modeling and proposes parallel decoding
for faster inference speed. Very recently, diffusion mod-
els [16, 30, 50, 53] have also achieved superior results on
image synthesis.

However, the above generative models lack the ability to
extract high-quality semantic representations from images.
Works such as [17] and [61] explore the possibility of us-
ing latent features as representations, but their performance
is sub-optimal. Our method surpasses previous generative
models on both class unconditional generation and repre-
sentation learning by a large margin, showing that a unified,
high-performance framework is feasible.

3. Method
MAGE is a unified framework for both generative tasks

and representation learning. To enable such unification, we
first use a pre-trained VQGAN model [21] to quantize input
images into semantic tokens. Then we randomly mask out
some input tokens using a variable masking ratio ranging
from 0.5 to 1 (see Figure 3), and apply an encoder-decoder
transformer architecture on the remaining (unmasked) to-
kens to predict the masked tokens. We can further improve
the separability of the learned representation by adding a
simple yet effective contrastive loss similar to SimCLR [9]
on the output of the encoder (MAGE-C). Below, we de-

3



Image 
Tokens

Tokens
w. masking

C0

Unmasked
 Tokens

�������

C

�������
C

C C

C C

C C

C C

Reconstructed
 Tokens

Encoded
 Tokens

����������������������������������

Input 
Image

M M
M M M

M M
M M

VQGAN

Figure 3. MAGE Framework: we first use a VQGAN tokenizer to tokenize the input image into a sequence of semantic tokens. We then
sample a masking ratio (see text for details on the sampling strategy) and randomly mask out tokens according to this sampled ratio. A
ViT encoder-decoder structure processes the unmasked tokens. A reconstructive cross-entropy loss encourages the model to reconstruct
masked tokens. We can also add an optional contrastive loss at the output of the encoder to further improve the linear separability of the
learned latent feature space.

scribe our design in detail.

3.1. Pre-training

Tokenization. We first tokenize the input image into a
sequence of semantic tokens using a tokenizer. The tok-
enizer employs the same setup as the first stage in the VQ-
GAN model [21]. This tokenization step allows our model
to operate on semantic tokens instead of raw pixels, which
is beneficial for both generation and representation learning
as shown in Figure 2 and Figure 6.

Masking Strategy. To further bridge the gap between
generative modeling and representation learning, we adopt
a masking strategy with variable masking ratios. Specifi-
cally, we first randomly sample the masking ratio mr from
a truncated Gaussian distribution centered at 0.55, left trun-
cated by 0.5, and right truncated by 1. If the length of the
input sequence of tokens is l, we randomly mask out mr · l
tokens and replace them with a learnable mask token [M]
(Figure 3). Since mr ≥ 0.5, we further randomly drop out
0.5 · l tokens from those masked tokens. Dropping a large
fraction of masked tokens significantly reduces overall pre-
training time and memory consumption, while helping both
generation and representation performance. This is consis-
tent with the findings in MAE [26] for representation per-
formance.

Encoder-Decoder Design. After masking and dropping
input tokens, following [20], we concatenate a learnable
“fake” class token [C0] to the input sequence. The con-
catenated sequence is then fed into a Vision Transformer
(ViT) [20] encoder-decoder structure. Specifically, the ViT
encoder takes the sequence of tokens after masking and
dropping as input and encodes them into latent feature
space. Before decoding, the output of the encoder is first
padded to the full input length using the class token feature
[C] learned by the encoder. As shown in MAE [26], the
class token position can summarize global features of the
input image. Thus, instead of using a learnable masking to-
ken that is shared across different images, we use [C] that
is specific to each image to pad the encoder outputs. We

show in the Appendix that this design improves both gen-
eration and representation learning performance over using
a masking token (as done in MAE [26]). The decoder then
takes the padded features to reconstruct the original tokens.

Reconstructive Training. Let Y = [yi]
N
i=1 denote the

latent tokens obtained from the tokenizer, where N is the
token sequence length, and M = [mi]

N
i=1 denotes a corre-

sponding binary mask determining which tokens are to be
masked. The training objective is to reconstruct the masked
tokens from the unmasked tokens. Therefore, we add a
cross-entropy loss between the ground-truth one-hot tokens
and the output of the decoder. Specifically,

Lreconstructive = −EY ∈D
( ∑
∀i,mi=1

log p(yi|YM )
)
, (1)

where YM are the (subset of) unmasked tokens in Y
and p(yi|YM ) is the probability predicted by the encoder-
decoder network, conditioned on the unmasked tokens. Fol-
lowing MAE, we only optimize this loss on masked tokens
(optimizing the loss on all tokens reduces both generation
and representation learning performance, similar to the ob-
servations in [26]).

Contrastive Co-training. As shown in [35] and [32],
adding a contrastive loss in MIM method can further im-
prove its representation learning performance. In our
MAGE framework, we can also add a contrastive loss to
force better linear separability of the learned feature space.
Similar to SimCLR [10], we add a two-layer MLP on top of
the feature obtained by globally average pooling the output
of the encoder. We then add an InfoNCE loss [44] on the
output of the MLP head:

Lcontrastive = −
1

B

B∑
i=1

log
ez

T
i ·z

+
i /τ

B∑
j=1

ez
T
i ·zj/τ

, (2)

where z denotes the normalized features after the two-layer
MLP, B denotes the batch size, and τ denotes the temper-
ature. The positive pairs zi, z+i are from two augmented
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views of the same image, and the negative samples zj are
all other samples in the same batch. Our final loss is:

L = Lreconstructive + λ · Lcontrastive (3)

where λ = 0.1 balances the scale of the two losses. We
do not use the extensive augmentations typically used in
contrastive learning, such as color jitter, random grey scale,
or gaussian noise. This is because the reconstructive loss
acts as a regularizer that prevents the encoder from learn-
ing shortcut solutions [49]. Our approach achieves supe-
rior performance on both generative tasks and representa-
tion learning even without the contrastive loss, and repre-
sentation learning performance can be further boosted with
the contrastive loss.

3.2. Post-training Evaluation

To generate images for generative model evaluation, we
use a iterative decoding strategy similar to MaskGIT [7].
We start from a blank image with all the tokens masked out.
At each iteration, our model first predicts the tokens for the
remaining masked tokens. Then we sample some of the pre-
dicted tokens (tokens that have a higher predicted probabil-
ity are of higher probability to be sampled) and replace the
corresponding masked tokens with these sampled predicted
tokens. The number of masked tokens to be replaced in each
iteration follows a cosine function, i.e., we replace fewer
masked tokens in the early iterations and more masked to-
kens at later iterations. We use a total of 20 steps to generate
an image. For representation learning, we globally average
pool the features output from the ViT encoder, and use the
pooled features as the input features for the classification
head. A detailed description of our pre-training and evalu-
ation implementations and architectures is provided in the
Appendix.

4. Results
MAGE is a unified framework for both generative model

and representation learning. In this section, we conduct ex-
tensive experiments to evaluate the generation as well as vi-
sual representation capabilities. To evaluate MAGE’s gen-
erative performance, we conduct experiments on ImageNet-
1K dataset [51] for the task of class-unconditional image
generation. To evaluate the quality of the learned represen-
tations, we conduct experiments on ImageNet-1K dataset
[51] under two protocols: first is linear probing, where we
add a linear classification head on top of the learned repre-
sentations and only train the classification head, while keep-
ing the backbone frozen; second is fine-tuning, where we
fine-tune the whole parameters for the classification task.
We also include results on few-shot learning and transfer
learning to better evaluate the quality of the representations.
More results and ablation studies can be found in the Ap-
pendix.

4.1. Pre-training Setup

We set the input image resolution as 256x256 to be
consistent with previous generative models. After passing
through the VQGAN tokenizer, the token sequence length
is 16x16 (256 tokens). Following MAE [26], we use strong
random crop and resize (0.2 to 1) and random flipping as
our default augmentations. We also trained models with
a weaker version of random crop and resize (range from
0.8 to 1), which we call “w.a.” in the results. We pre-train
base- and large-size vision Transformers [20], i.e., ViT-B
and ViT-L, respectively. We use AdamW to train the model
for 1600 epochs with batch size of 4096 for ViT-B, and
batch size of 2048 for ViT-L. We use a cosine learning rate
schedule with an 80-epoch warmup. The base learning rate
is 1.5×10−4 for both ViT-B and ViT-L, and is further scaled
by batchsize/256. More details are in the Appendix.

4.2. Image Generation

Table 1. Quantitative comparison with state-of-the-art generative
models on ImageNet 256x256 for class-unconditional generation.
The number of parameters includes encoder, decoder, and detok-
enizer.

Methods RES FID↓ IS↑ #params

Self-Conditioned GAN [37] 128 40.3 15.82 -
BigGAN [17] 256 38.6 24.70 ∼70M
BigGAN [17] 128 30.9 23.56 ∼70M
BigGAN+Clustering [40] 128 22.0 23.5 ∼70M
HiT [66] 128 30.8 21.64 ∼30M
ADM [16] 256 26.2 39.70 554M
MaskGIT [7] 256 20.7 42.08 203M

MAGE (ViT-B) 256 11.1 81.17 176M
MAGE (ViT-B, w.a.) 256 8.67 94.8 176M
MAGE (ViT-L) 256 9.10 105.1 439M
MAGE (ViT-L, w.a.) 256 7.04 123.5 439M

Class-Unconditional Image Generation. Our pre-
trained model can naturally perform class-unconditional
image generation without any fine-tuning on the model pa-
rameters. Table 1 compares the class-unconditional im-
age generation results of our model and SOTA generative
models on ImageNet, reporting Frechet Inception Distance
(FID) [29] and Inception Score (IS) [52] as standard met-
rics. As shown in the table, our method outperforms all
previous image generation methods by a large margin. The
previous SOTA can only achieve 20.7 FID and 42.08 IS,
while our ViT-B model can achieve 11.1 FID and 81.17
IS with similar number of parameters. This is likely be-
cause our framework can extract much better representa-
tions than all previous generative models as shown in Ta-
ble 2, leading to superior generative performance. Our
ViT-L model further achieves 9.10 FID and 7.04 FID when
trained with weak augmentation, which is very close to the
class-conditional generation performance of transformer
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(a) Default augmentation (b) Weak augmentation

Figure 4. Images generated by MAGE (ViT-L). (a) images gen-
erated from MAGE trained with default strong augmentation, i.e.,
crops out larger portion of the image. (b) images generated from
MAGE trained with weak augmentations, i.e., crops out smaller
portion of the image. We see that visual fidelity and diversity are
very good for both models.

models (e.g. 6.18 FID in MaskGIT [7]), a much easier task
than class-unconditional generation [40].

We also note that the augmentations used to train the to-
kenizer and the encoder-decoder model can affect the eval-
uation scores. As shown in Table 1 and Figure 4, with de-
fault “strong” augmentation (i.e. random resized crop scale
from 0.2 to 1), the FID and IS of the model are worse than
using a weaker augmentation (random resized crop scale
from 0.8 to 1). One possible reason is that the ImageNet
validation set used to compute the FID is resized to 256
and center cropped. Since FID is computed based on the
similarity between the generated image and the images in
ImageNet validation set, it will be higher if the scale of the
generated image is smaller. However, this does not neces-
sarily mean that the visual quality of the generated image is
worse. As shown in Figure 4, images generated with default
augmentation can be much more zoomed in and off-center,
but the images are still realistic and of high quality. We
include more results in the Appendix, including for class
conditional generation and image editing tasks such as in-
painting.

4.3. Image Classification

Linear Probing. Linear probing is a primary evaluation
protocol for self-supervised learning. As shown in Table 2,
MAGE outperforms MAE [26] by 6.7% on ViT-B and 3.1%
on ViT-L for ImageNet-1K linear probe top-1 accuracy,
achieving state-of-the-art results among all MIM methods.
Moreover, a simple contrastive loss similar to SimCLR [8]
can further boost our performance. We do not use color jit-
ter, random grey scale, or multi-crop augmentations used in
SwAV [5], DINO [5] and iBOT [67]. Multi-crop augmen-
tation typically brings 3%-5% improvements on accuracy,
but introduces large computational overheads. In spite of no
multi-crop, MAGE-C achieves 78.2% accuracy with ViT-B
and 80.9% accuracy with ViT-L. Our ViT-B performance

Table 2. Top-1 accuracy of linear probing on ImageNet-1k. †

denotes methods which require additional teacher model (CLIP)
trained from image-text data. ∗ denotes methods using multi-crop
augmentations. RN is short for ResNet. The number of parameters
for MAGE includes VQ-GAN tokenizer and ViT encoder.

Methods Model #params Acc.

Generative models
BigBiGAN [17] RN50 23M 56.6
MaskGIT [7] BERT 227M 57.4
ViT-VQGAN [61] VIM-Base 650M 65.1
ViT-VQGAN [61] VIM-Large 1697M 73.2

MIM methods
BEiT [2] ViT-B 86M 56.7
MAE [26] ViT-B 86M 68.0
Ge2-AE [36] ViT-B 86M 75.3
MAGE ViT-B 24M+86M 74.7

MAE [26] ViT-L 304M 75.8
MAGE ViT-L 24M+304M 78.9

Contrastive methods
SimCLRv2 [10] RN50w2 94M 75.6
BYOL [24] RN50w2 94M 77.4
CAE [11] ViT-B 86M 70.4
CMAE [32] ViT-B 86M 73.9
MoCo v3 [13] ViT-B 86M 76.7
DINO [67] ViT-B 86M 72.8
iBOT [67] ViT-B 86M 76.0
MAGE-C ViT-B 24M+86M 78.2

SimCLRv2 [10] RN152w2 233M 77.4
BYOL [24] RN200w2 250M 79.6
MoCo v3 [13] ViT-L 304M 77.6
CAE [11] ViT-L 304M 78.1
MoCo v3 [13] ViT-H 632M 78.1
MAGE-C ViT-L 24M+304M 80.9

Additional Data/Aug.
MVP† [59] ViT-B 86M 75.4
BEiT v2† [46] ViT-B 86M 80.1
SwAV∗ [5] RN50w5 586M 78.5
DINO∗ [6] ViT-B 86M 78.2
iBOT∗ [67] ViT-B 86M 79.5
iBOT∗ [67] ViT-L 304M 81.0

surpasses that of ViT-H in MoCo v3 (632M parameters),
indicating that the extra parameters (24M) in the tokenizer
are not the reason for our good performance.

Few-shot Learning. The premise of self-supervised
learning is to learn representations on unlabeled data that
can be effectively applied to prediction tasks with few la-
bels [10]. Following [19], we freeze the weights of the pre-
trained model and train a linear classifier on top using a
few labeled samples. As shown in Table 3, our methods
with ViT-B outperform MAE [26] by a very large margin
and achieves similar performance as MSN [1], which is the
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Figure 5. Transfer learning performance of ViT-B and ViT-L pre-trained on ImageNet-1K using different methods. Our methods outper-
forms SimCLR [9] and MAE [26] on 6 of the 8 datasets.

Table 3. Few-shot evaluation on ImageNet-1K. We report the top-
1 accuracy with different self-supervised methods and different
numbers of the ImageNet-1K labels used. We report the accu-
racy of MAE under our implementation (denoted by †). Note that
MSN [1] uses multi-crop augmentation.

Method Training images per ImageNet Class
5 10 13 25

ViT-B
MAE† [26] 29.2 34.5 - 38.7
MSN [1] 65.5 - 69.6 -
MAGE 53.5 58.4 59.7 61.7
MAGE-C 62.7 66.9 67.8 69.1

ViT-L
MAE† [26] 42.2 47.7 - 51.7
MSN [1] - - 70.1 -
MAGE 60.3 66.1 67.8 69.6
MAGE-C 68.1 71.9 73.0 74.2

state-of-the-art method for self-supervised label-efficient
learning. Moreover, the performance of MAGE-C with ViT-
L even surpasses the performance of MSN using 13 images
per class (1% of ImageNet-1K), even though MSN uses
multi-crop augmentation.

Transfer Learning. Another important property of
self-supervised representation is its transferability to differ-
ent datasets. Following the protocol in [19], we evaluate
the transfer learning performance of MAGE pre-trained on
ImageNet-1K on 8 datasets under a few-shot setting (25
samples per class). Results are shown in Figure 5: we
see that MAGE’s superior performance on ImageNet-1K
translates to strong performance on other tasks. Since our
method operates on quantized semantic tokens instead of
raw pixels, it is likely to be more robust to domain shift.

Fine-tuning. Table 4 shows the fine-tuning perfor-
mance of MAGE and other self-supervised learning meth-
ods, when we can change all the pre-trained encoder pa-

Table 4. Fine-tuning performance on ImageNet-1K. We report the
top-1 accuracy and the improvement over training-from-scratch
for different methods (other numbers taken from the respective
papers). The ViT models trained from scratch on semantic tokens
follow the exact same training setting as the ViT models trained
from scratch on original image pixels in [26].

Method ViT-B ViT-L

scratch on pixels 82.3 82.6
DINO [6] 82.8 (+0.5) -
MoCo v3 [13] 83.2 (+0.9) 84.1 (+1.5)
BEiT [2] 83.2 (+0.9) 85.2 (+2.6)
MAE [26] 83.6 (+1.3) 85.9 (+3.3)
CAE [11] 83.9 (+1.6) 86.3 (+3.7)
MVP [59] 84.4 (+2.1) 86.3 (+3.7)
PeCo [18] 84.5 (+2.2) 86.5 (+3.9)

scratch on tokens 80.7 80.9
MAGE 82.5 (+1.8) 83.9 (+3.0)
MAGE-C 82.9 (+2.2) 84.3 (+3.4)

rameters. Our method achieves performance at par with
DINO [5] and slightly under MoCo-v3 [13]. We believe that
the use of quantized tokens leads to a subpar from-scratch
and fine-tune performance, and leave further investigations
of this phenomenon to future work. We note, however,
that our method still improves over our supervised training-
from-scratch baseline by as large a margin as other methods.

4.4. Analysis

In this section, we analyze the two key components of
MAGE that enables the unification of generative model-
ing and representation learning: variable masking ratio and
quantized tokenization. All experiments are conducted on
ViT-B. Experiments on variable masking ratio are all trained
for 400 epochs, and experiments on quantized tokenization
are all trained for 1600 epochs. More analysis and ablation
studies are in the Appendix.
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Table 5. Top-1 accuracy of linear probing and class unconditional generation FID of MAGE on ImageNet-1k with different masking ratio
distribution. µ denotes the mode and σ the standard deviation of the truncated Gaussian distribution. When σ = 0, the masking ratio is
fixed and generation has poor quality with very high FID (>50). Therefore we put N/A for FID in such cases.

µ = 0.7
σ = 0

µ = 0.6
σ = 0

µ = 0.55
σ = 0

µ = 0.5
σ = 0

µ = 0.45
σ = 0

µ = 0.55
σ = 0

µ = 0.55
σ = 0.15

µ = 0.55
σ = 0.25

µ = 0.55
σ = 0.5

Linear Probing 69.7 70.1 71.5 70.9 70.4 71.5 72.0 72.2 71.8
FID N/A N/A N/A N/A N/A N/A 12.5 12.2 13.0

Table 6. Reconstruction loss and linear probe accuracy of
MAGE with unquantized features and quantized tokens as input.
Using unquantized features makes it much easier to infer masked
tokens, and hence results in worse linear probe performance.

inputs recon. loss linear probe (%)

Unquantized features 3.31 49.5
Quantized tokens 5.76 74.7

Masking Design. Variable masking ratio is one of our
key components. We find that the quality of the learned
representation can also be affected by the distribution used
to sample our masking ratio. We compare the results of
MAGE on linear probing and class unconditional genera-
tion on ImageNet-1k using different masking ratio distri-
butions in Table 5. We denote the mode of the truncated
Gaussian distribution as µ, and the standard deviation of
the truncated Gaussian distribution as σ. Note that σ = 0
indicates a fixed masking ratio. The left 5 columns ablate
µ, and the right 4 columns ablate σ. The results show that
a variable masking ratio is necessary to enable generation.
Moreover, using a variable masking ratio also enables repre-
sentation learning to learn better features and achieve better
linear probe performance.

Tokenization. Previous self-supervised learning meth-
ods on images typically directly use raw images as the in-
puts of the transformer. However, in MAGE we use quan-
tized semantic tokens as both inputs and reconstruction tar-
gets. We elaborate the benefits of this design as follows:

• First, during generation, it allows the network to itera-
tively use its output as the input in the next iteration,
which enables high-quality and diverse image reconstruc-
tion and generation, as shown in Figure 2 and Figure 4.

• Second, it allows the whole network to operate at a se-
mantic level without losing low-level details and thus
extract better representations. We demonstrate this by
comparing the linear probe performance on features from
each transformer block of ViT-B trained using MAE and
MAGE. As shown in Figure 6, the linear probe accuracy
of MAGE at each transformer block is always higher than
MAE throughout the encoder.

• Third, the quantizer prevents shortcuts created by the VQ-
GAN CNN encoder. If we directly use features extracted

1 3 5 7 9 11 12
Block Index

20

30

40

50

60

70

Lin
ea

r P
ro

bi
ng

 A
cc

ur
ac

y 
(%

)

16.0

36.4

29.8

48.4

40.8

55.2 54.0

61.1 65.0

69.3 66.8

74.3

66.8

74.7

MAGE
MAE

Figure 6. Linear probe accuracy of MAE and MAGE at different
transformer blocks of ViT-B. MAGE consistently has higher ac-
curacy across all transformer blocks due to the semantic nature of
the quantized tokens.

by the VQGAN encoder without quantization as input to
the transformer, since the receptive fields of neighboring
feature pixels have significant overlap, it is much easier to
infer masked feature pixels using nearby unquantized fea-
ture pixels. As shown in Table 6, with the same masking
strategy, using unquantized features achieves much lower
reconstructive loss (3.31 vs. 5.76), but also a much lower
linear probe accuracy (49.5% vs. 74.7%). This suggests
that the pre-training task is too easy, leading to shortcut
solutions, and hence to poor representations. The quanti-
zation step is therefore necessary to learn good represen-
tations.

5. Discussion
We have presented MAGE, a masking-based approach

that unifies image generation and representation learning in
a simple and effective framework. The key to our method
is the use of quantized tokens and the use of variable mask-
ing ratios that adapt smoothly to both tasks (generation and
representation). We have shown extensive results on linear
probing, few-shot transfer learning, and unconditional im-
age generation. To the best of our knowledge, this is the first
model that achieves close to SOTA results for both tasks us-
ing the same data and training paradigm. A natural future
extension is to pre-train on larger unlabeled datasets such as
JFT300 to further improve performance.
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[40] Mario Lučić, Michael Tschannen, Marvin Ritter, Xiaohua
Zhai, Olivier Bachem, and Sylvain Gelly. High-fidelity im-
age generation with fewer labels. In International conference
on machine learning, pages 4183–4192. PMLR, 2019.

[41] Charlie Nash, Jacob Menick, Sander Dieleman, and Peter W
Battaglia. Generating images with sparse representations.
arXiv preprint arXiv:2103.03841, 2021.

[42] Alexander Quinn Nichol and Prafulla Dhariwal. Improved
denoising diffusion probabilistic models. In International
Conference on Machine Learning, pages 8162–8171. PMLR,
2021.

[43] Mehdi Noroozi and Paolo Favaro. Unsupervised learning
of visual representations by solving jigsaw puzzles. In
European Conference on Computer Vision, pages 69–84.
Springer, 2016.

[44] Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. arXiv
preprint arXiv:1807.03748, 2018.

[45] Deepak Pathak, Philipp Krahenbuhl, Jeff Donahue, Trevor
Darrell, and Alexei A Efros. Context encoders: Feature
learning by inpainting. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
2536–2544, 2016.

[46] Zhiliang Peng, Li Dong, Hangbo Bao, Qixiang Ye, and Furu
Wei. Beit v2: Masked image modeling with vector-quantized
visual tokenizers. arXiv preprint arXiv:2208.06366, 2022.

[47] Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu,
and Mark Chen. Hierarchical text-conditional image gen-
eration with clip latents. arXiv preprint arXiv:2204.06125,
2022.

[48] Ali Razavi, Aaron Van den Oord, and Oriol Vinyals. Gener-
ating diverse high-fidelity images with vq-vae-2. Advances
in neural information processing systems, 32, 2019.

[49] Joshua Robinson, Li Sun, Ke Yu, Kayhan Batmanghelich,
Stefanie Jegelka, and Suvrit Sra. Can contrastive learning
avoid shortcut solutions? Advances in neural information
processing systems, 34:4974–4986, 2021.

[50] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 10684–10695, 2022.

[51] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, San-
jeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy,
Aditya Khosla, Michael Bernstein, et al. Imagenet large
scale visual recognition challenge. International journal of
computer vision, 115(3):211–252, 2015.

[52] Tim Salimans, Ian Goodfellow, Wojciech Zaremba, Vicki
Cheung, Alec Radford, and Xi Chen. Improved techniques
for training gans. Advances in neural information processing
systems, 29, 2016.

[53] Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Ab-
hishek Kumar, Stefano Ermon, and Ben Poole. Score-based
generative modeling through stochastic differential equa-
tions. In Int. Conf. on Learning Representations (ICLR),
2021.

[54] Christian Szegedy, Vincent Vanhoucke, Sergey Ioffe, Jon
Shlens, and Zbigniew Wojna. Rethinking the inception archi-
tecture for computer vision. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
2818–2826, 2016.

10



[55] Yonglong Tian, Dilip Krishnan, and Phillip Isola. Con-
trastive multiview coding. arXiv preprint arXiv:1906.05849,
2019.

[56] Aäron van den Oord, Oriol Vinyals, and Koray
Kavukcuoglu. Neural discrete representation learning.
In Advances in Neural Information Processing Systems
(NeurIPS), 2017.

[57] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-
reit, Llion Jones, Aidan N Gomez, Łukasz Kaiser, and Illia
Polosukhin. Attention is all you need. Advances in neural
information processing systems, 30, 2017.

[58] Chen Wei, Haoqi Fan, Saining Xie, Chao-Yuan Wu, Alan
Yuille, and Christoph Feichtenhofer. Masked feature predic-
tion for self-supervised visual pre-training. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 14668–14678, 2022.

[59] Longhui Wei, Lingxi Xie, Wengang Zhou, Houqiang Li, and
Qi Tian. Mvp: Multimodality-guided visual pre-training.
arXiv preprint arXiv:2203.05175, 2022.

[60] Yang You, Igor Gitman, and Boris Ginsburg. Large
batch training of convolutional networks. arXiv preprint
arXiv:1708.03888, 2017.

[61] Jiahui Yu, Xin Li, Jing Yu Koh, Han Zhang, Ruoming Pang,
James Qin, Alexander Ku, Yuanzhong Xu, Jason Baldridge,
and Yonghui Wu. Vector-quantized image modeling with
improved vqgan. arXiv preprint arXiv:2110.04627, 2021.

[62] Sangdoo Yun, Dongyoon Han, Seong Joon Oh, Sanghyuk
Chun, Junsuk Choe, and Youngjoon Yoo. Cutmix: Regu-
larization strategy to train strong classifiers with localizable
features. In Proceedings of the IEEE/CVF international con-
ference on computer vision, pages 6023–6032, 2019.

[63] Hongyi Zhang, Moustapha Cisse, Yann N Dauphin, and
David Lopez-Paz. mixup: Beyond empirical risk minimiza-
tion. arXiv preprint arXiv:1710.09412, 2017.

[64] Han Zhang, Ian Goodfellow, Dimitris Metaxas, and Augus-
tus Odena. Self-attention generative adversarial networks. In
Int. Conference on Machine Learning (ICML), pages 7354–
7363, 2019.

[65] Han Zhang, Tao Xu, Hongsheng Li, Shaoting Zhang, Xiao-
gang Wang, Xiaolei Huang, and Dimitris Metaxas. Stack-
GAN: Text to photo-realistic image synthesis with stacked
generative adversarial networks. In ICCV, 2017.

[66] Long Zhao, Zizhao Zhang, Ting Chen, Dimitris Metaxas,
and Han Zhang. Improved transformer for high-resolution
gans. Advances in Neural Information Processing Systems,
34:18367–18380, 2021.

[67] Jinghao Zhou, Chen Wei, Huiyu Wang, Wei Shen, Cihang
Xie, Alan Yuille, and Tao Kong. ibot: Image bert pre-training
with online tokenizer. arXiv preprint arXiv:2111.07832,
2021.

11



Original Input Reconstructed Original Input Reconstructed

Figure 7. Examples of image inpainting (first row), outpainting (second row), and uncropping (outpainting on a large mask, third row)
using MAGE (ViT-L).

A. Additional Results

A.1. Qualitative Results

Image Inpainting and Outpainting. With the superior
class-unconditional reconstruction and generation power
shown in the main paper, MAGE naturally enables many
common image synthesis applications. As shown in Fig-
ure 7, MAGE can reconstruct realistic and high-quality im-
ages for different image editing tasks such as inpainting
(first row), outpainting (second row), and uncropping (out-
painting on large masks, third row). We also include more
qualitative results in Figure 11, Figure 12, and Figure 13,
demonstrating MAGE’s excellent ability in such image syn-
thesis tasks. All results are generated using MAGE based
on ViT-L trained with default augmentations, and the origi-
nal images are all from the ImageNet eval set.

Class Unconditional Generation. We include more
class unconditional generation results using default strong
augmentation (random crop and resize (0.2 to 1) and ran-
dom flipping) and weak augmentation (random crop and re-
size (0.8 to 1) and random flipping) in Figure 9 and Fig-
ure 10.

A.2. Quantitative Results

Class-Conditional Image Generation. Our model can
also be used for class-conditional image generation as

Table 7. Quantitative comparison with state-of-the-art generative
models on ImageNet 256x256 for class-conditional generation.
Our method uses a MAGE pre-trained ViT-B as encoder and only
trains a class-conditional decoder with 113M parameters.

Methods FID↓ IS↑ #params

DCTransformer [41] 36.51 - 738M
VQVAE-2 [48] 31.11 ∼45 13.5B
VQGAN [7] 18.65 80.4 227M
VQGAN [21] 15.78 78.3 1.4B
Improved DDPM [42] 12.26 - 280M
ADM [16] 10.94 101.0 554M
LDM [50] 10.56 103.5 400M
BigGAN-deep [3] 6.95 198.2 160M
MaskGIT [7] 6.18 182.1 227M
MAGE (ViT-B) 6.93 195.8 117M+113M

downstream task. To enable class-conditional generation,
we take the ViT encoder from pre-training, and replace the
original ViT decoder with a class-conditional decoder (12-
layer ViT with embedding dimension 768, 113M parame-
ters) which takes the class label as another input (concate-
nated to the padded features). During training, we freeze
the encoder parameters to better evaluate the quality of the
learned representations. Similar to pre-training, the model
will take masked tokenized images as input and try to re-
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construct the masked tokens. The only difference is that the
decoder will not only see representations from the encoder,
but also know the class label of the input image. Then dur-
ing inference, the class label will be used to guide the model
to generate images of the same class.

As shown in Table 7, MAGE achieves comparable per-
formance as SOTA image generation methods on the task of
class-conditional image generation on ImageNet-1K. Note
that our encoder is inherited from the pre-training and is not
fine-tuned during the downstream class-conditional train-
ing. Only the decoder is trained and has information about
the class label. This shows that MAGE’s encoder can learn
high-quality representations that can achieve similar gen-
erative performance as models trained end-to-end on class
conditional generative tasks.

Few-shot Transfer Learning. In the main paper, we
provide transfer learning results of MAGE on 8 different
datasets with 25 samples per class. Here we further show
our method’s performance with 1, 5, and 10 samples per
class. As shown in Figure 8, our method is consistently bet-
ter than MAE and SimCLR on most datasets with different
numbers of samples per class, demonstrating the effective-
ness of our method on few-shot transfer learning.

B. Ablation Studies

In this section, we conduct extensive ablation studies on
our method. Without further notice, we use ViT-B trained
with 800 epochs for all ablation studies.

Table 8. Top-1 accuracy of linear probing on ImageNet-1k with
different method. MAE with GAN loss significantly reduces its
performance on linear probing.

Methods Linear Probing (%)

MAE (ViT-L) [26] 75.1
MAE (ViT-L) + norm pixel loss [26] 75.8
MAE + GAN loss (ViT-L) [25] 64.1
MAGE 78.9

MAE with GAN loss. One trivial solution to force the
previous MIM method to generate realistic images is to add
a GAN loss on top of the reconstructed image. However,
we show that introducing GAN loss during previous MIM
pre-training could largely decrease the performance of lin-
ear probing. As shown in Table 8, we evaluate the linear
probing performance of a ViT-L MAE model pre-trained
with an extra GAN loss released in MAE’s official GitHub
repo [25]. Although this model can reconstruct much more
realistic images than the original MAE, the linear probing
performance decreases by 11% compared with the ViT-L
MAE model pre-trained without the GAN loss. On the other
hand, our MAGE framework enables generative modeling

and representation learning to help each other, achieving
SOTA performances on both tasks using one single model.

Table 9. FID and top-1 accuracy of linear probing on ImageNet-1k
by padding with [C] or a universal [MASK] token.

Padding Token FID Linear Probing (%)

[MASK] 12.4 72.5
[C] 11.6 73.3

Pad with [CLS] token. To pad the output of the en-
coder, unlike MAE which uses a learnable mask token that
is shared for different inputs, we use the class token fea-
ture which is specific to each image. This design allows
the decoder to take the global features extracted by the en-
coder as input. As shown in Table 9, this design can im-
prove both class-unconditional generation performance and
linear-probing results.

Table 10. FID and top-1 accuracy of linear probing of ViT-B
trained 1600 epochs on ImageNet-1k using strong augmentations
(s.a.) and weak augmentations (w.a.).

Augmentations FID Linear Probing (%)

MAGE + w.a. 8.67 70.5
MAGE + s.a. 11.1 74.7

Augmentations. As shown in many previous works on
generative modeling and representation learning [9, 17, 26,
49], the augmentation used to train the model is impor-
tant for both generation and representation learning per-
formance. In our paper, we use two different sets of aug-
mentations: default augmentations, or strong augmenta-
tions (s.a.), which consist of random crop and resize (0.2 to
1) and random flipping; weak augmentations (w.a.), which
consist of random crop and resize (0.8 to 1) and random
flipping. The only difference between s.a. and w.a. is the
zoom-in scale of random crop and resize. As shown in Ta-
ble 10, strong augmentations favor representation learning
and weak augmentation favor generation quality, which is
consistent with findings in prior works [17, 26].

Table 11. FID and top-1 accuracy of linear probing of ViT-B
trained 400, 800, and 1600 epochs on ImageNet-1k.

#Pre-training Epochs FID Linear Probing (%)

400 12.2 72.2
800 11.6 73.3
1600 11.1 74.7

Pre-training Epochs. One important factor in self-
supervised learning methods is the number of pre-training
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epochs. Prior works have shown that longer pre-training
epochs can largely improve the performance of self-
supervised methods [9, 26]. We compare MAGE’s perfor-
mance on ViT-B using 400, 800 and 1600 epochs of pre-
training in Table 11. We observe that MAGE achieves good
performances in both generation and representation learn-
ing with 400 epochs of pre-training, and can consistently
benefit from longer training epochs.

Table 12. FID and top-1 accuracy of linear probing on ImageNet-
1k using different decoder architecture. d denotes decoder depth
(number of transformer blocs in the decoder), and w denotes de-
coder width (feature dimension in the decoder).

Decoder Arch. FID Linear Probing (%)

d = 8, w = 512 12.4 72.1
d = 8, w = 768 11.6 73.3
d = 8, w = 1024 11.4 73.5

d = 6, w = 768 12.4 71.8
d = 8, w = 768 11.6 73.3
d = 10, w = 768 11.4 73.2
d = 12, w = 768 11.3 73.4

Decoder Design. MAE [26] shows that a small ViT de-
coder is enough to achieve good performance. We also try
different decoder architectures and summarize the results in
Table 12. As shown in the table, the decoder with 8 blocks
and 768 feature dimension reaches the best balance between
computation cost and performance for ViT-B. Therefore, we
choose the decoder architecture to be 8 blocks with 768 fea-
ture dimensions for ViT-B and 1024 feature dimension for
ViT-L in the paper.

Table 13. Top-1 accuracy of linear probing on ImageNet-1k using
different methods. C denotes our contrastive loss, R denotes our
reconstructive loss, † denotes our re-implementation.

Methods Linear Probing (%)

MAE [26] 68.0
R only 73.3
SimCLR † [9] 74.2
C only 72.9
C+R (MAGE-C) 77.1

Complement MIM with Contrastive Loss. We show
in the main paper that MAGE can be further combined with
a simple contrastive loss (MAGE-C) to achieve better repre-
sentation learning performance. In Table 13 we show more
ablations regarding this contrastive loss. The performance
of simply applying the contrastive loss without the recon-
structive loss is worse than the SimCLR baseline. This is
likely because we do not use augmentations such as color

jittering and random grey scale, so applying only the con-
trastive loss could result in learning shortcut semantics such
as color distribution [9, 49]. However, the reconstructive
loss can prevent the network from falling into such shortcut
solutions and help the network learn richer semantics.

Table 14. FID and top-1 accuracy of linear probing of MAGE-C on
ImageNet-1k using different maximum masking ratio max(mr).

FID Linear Probing (%)

max(mr)=1.0 14.1 75.0
max(mr)=0.7 23.5 76.3
max(mr)=0.6 27.0 77.1

We also notice one problem of applying contrastive train-
ing to MAGE: MAGE can see very high masking ratios dur-
ing training, but applying positive loss to two augmented
views of the same image both with a very high masking ra-
tio is problematic. This is because such two views can share
very little common information, leading to a performance
drop as shown in [55]. Therefore, we only apply contrastive
loss when the masking ratio is relatively low (mr < 0.6). In
Table 14, we show the performance of generation and rep-
resentation learning w.r.t. the maximum masking ratio of
our variable masking ratio distribution. Smaller max(mr)
leads to better linear probing but worse FID. We believe it
is because, with smaller max(mr), the contrastive loss can
operate on more samples in the batch whose masking ratio
mr < 0.6, which is important for contrastive learning as
shown in [9]. On the other hand, small max(mr) harms
the generation performance because the network should see
a relatively high masking ratio to enable generation from
blank image (100% masking ratio). We leave a further in-
vestigation of this phenomenon and a better combination
strategy for future work.

C. Implementation Details

Tokenizer and Detokenizer. We use a CNN-based VQ-
GAN encoder and quantizer to tokenize the 256x256 input
images to 16x16 discrete tokens. The detokenizer operates
on the 16x16 discrete tokens and reconstructs the 256x256
image. The encoder consists of 5 blocks and each block
consists of 2 residual blocks. After each block in the en-
coder, the feature is down-sampled by 2 using average pool-
ing. The quantizer then quantizes each pixel of the en-
coder’s output feature map using a codebook with 1024
entries, each entry with dimension 256. The detokenizer
consists of another 5 blocks where each block consists of 2
residual blocks. After each block in the decoder, the feature
map is up-sampled by 2. Please refer to our code and the
original VQGAN paper for more details [21].

ViT architecture. After the tokenizer, the latent se-
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Table 15. Pre-training Setting.

config value

optimizer AdamW [39]
base learning rate 1.5e-4
weight decay 0.05
optimizer momentum β1, β2 = 0.9, 0.95
batch size 4096 (B), 2048 (L)
learning rate schedule cosine decay [38]
warmup epochs 40
training epochs 1600
gradient clip 3.0
label smoothing [54] 0.1
dropout 0.1
masking ratio min 0.5
masking ratio max 1.0 (MAGE) 0.6 (MAGE-C)
masking ratio mode 0.55
masking ratio std 0.25

MAGE-C only
contrastive loss weight 0.1
temperature 0.2

Table 16. Linear Probing Setting.

config value

optimizer LARS [60]
base learning rate 0.1 (B) 0.05 (L)
weight decay 0
optimizer momentum 0.9
batch size 4096
learning rate schedule cosine decay [38]
warmup epochs 10
training epochs 90
augmentation RandomResizedCrop

quence length becomes 256 (plus one ’fake’ class token).
We then follow a similar encoder-decoder Transformer ar-
chitecture similar to MAE [26]. More specifically, we use
standard ViT architecture [20], which consists of a stack
of Transformer blocks [57], where each block consists of
a multi-head self-attention block and an MLP block. We
use two learnable positional embeddings, one added to the
input of the encoder and another added to the input of the
decoder.

We use features from the encoder output for classifica-
tion tasks, such as linear probing, few-shot transfer learn-
ing, and fine-tuning. We average pool the encoder output
without the class token to get the input of the linear classi-
fier.

Pre-training. Please refer to Table 15 for our default
pre-training setting. We use only random crop and resize
(0.2 to 1) and random horizontal flip as our default augmen-
tations.

Generation. We use iterative decoding as in MaskGIT

Table 17. End-to-end fine-tuning Setting.

config value

optimizer AdamW [39]
base learning rate 2.5e-4
weight decay 0.05
optimizer momentum β1, β2 = 0.9, 0.999
layer-wise lr decay [2] 0.65 (B) 0.75 (L)
batch size 1024
learning rate schedule cosine decay [38]
warmup epochs 5
training epochs 100 (B) 50 (L)
label smoothing [54] 0.1
augmentation RandAug (9, 0.5) [14]
mixup [63] 0.8
cutmix [62] 1.0
random erase 0
drop path [31] 0.1 (B) 0.2 (L)

Table 18. Supervised training from scratch setting with ViT on
semantic tokens.

config value

optimizer AdamW [39]
base learning rate 1e-4
weight decay 0.3
optimizer momentum β1, β2 = 0.9, 0.95
batch size 4096
learning rate schedule cosine decay [38]
warmup epochs 20
training epochs 300 (B) 200 (L)
label smoothing [54] 0.1
augmentation RandAug (9, 0.5) [14]
mixup [63] 0.8
cutmix [62] 1.0
drop path [31] 0.1 (B) 0.2 (L)
exp. moving average (EMA) 0.9999

[7] to iteratively fill in masked tokens and generate images.
To generate an image at inference time, we start from a
blank canvas with all the tokens masked out, i.e., Y (0)

M . For
iteration t = 1, · · · , T , the algorithm runs as follows:

1. Predict. Given Y (t)
M which is the unmasked tokens at

the beginning of iteration t, we first predict the probability
of the remaining masked tokens using our model, denoted
as p(t) ∈ RNt×K , where Nt is the number of remaining
masked tokens and K is the number of entries in the code-
book.

2. Sample. At each masked location i, we sample a to-
ken y(t)i based on the prediction probability p(t)i ∈ RK over
all possible tokens in the codebook, and form the unmasked
prediction Y (t). After y(t)i is sampled, its corresponding
prediction score plus a noise sampled from a random Gum-
bel distribution multiplied by temperature τ is used as the
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”confidence” score indicating the model’s belief of the pre-
diction at location i. The confidence scores at the unmasked
locations are set to +∞.

3. Mask. We then determine the number of tokens Nt+1

for the next iteration t+1 based on a cosine masking sched-
ule Nt+1 = N0 · cos

(
πt
2T

)
. We then sample Nt+1 locations

with the lowest confidence scores and mask those locations
from Y (t) to generate Y (t+1)

M .
For class unconditional generation, we choose τ = 6.0

and T = 20 to generate images in our experiment.
Linear Probing & Fine-tuning. Our linear probing and

fine-tuning setup follow MAE [26]. Please see Table 16 and
Table 17 for detailed configurations.

Training from scratch. We also follows MAE [26] for
our training-from-scratch baseline. Table 18 summarizes
our configurations.

Code. For more implementation details, please refer to
our code at https://github.com/LTH14/mage.
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Figure 8. Transfer learning performance of ViT-B and ViT-L pre-trained on ImageNet-1K using different methods. Our methods outperform
SimCLR [9] and MAE [26] on most datasets under different few-shot settings.
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Figure 9. More uncurated examples of Class-unconditional image generation on ImageNet using MAGE trained with default strong
augmentation.

18



Figure 10. More uncurated examples of Class-unconditional image generation on ImageNet using MAGE trained with weak augmentation.
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Original Input Reconstructed Original Input Reconstructed

Figure 11. More examples of image inpainting using MAGE (ViT-L).
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Original Input Reconstructed Original Input Reconstructed

Figure 12. More examples of image outpainting using MAGE (ViT-L).
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Original Input Reconstructed Original Input Reconstructed

Figure 13. More examples of image outpainting on large outpainting mask (uncropping) using MAGE (ViT-L).
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