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Abstract

Hybrid Mamba-Transformer networks have recently gar-
nered broad attention. These networks can leverage the
scalability of Transformers while capitalizing on Mamba’s
strengths in long-context modeling and computational effi-
ciency. However, the challenge of effectively pretraining such
hybrid networks remains an open question. Existing meth-
ods, such as Masked Autoencoders (MAE) or autoregressive
(AR) pretraining, primarily focus on single-type network
architectures. In contrast, pretraining strategies for hybrid
architectures must be effective for both Mamba and Trans-
former components. Based on this, we propose Masked Au-
toregressive Pretraining (MAP) to pretrain a hybrid Mamba-
Transformer vision backbone network. This strategy com-
bines the strengths of both MAE and Autoregressive pre-
training, improving the performance of Mamba and Trans-
former modules within a unified paradigm. Experimental re-
sults show that the hybrid Mamba-Transformer vision back-
bone network pretrained with MAP significantly outperforms
other pretraining strategies, achieving state-of-the-art per-
formance. We validate the method’s effectiveness on both 2D
and 3D datasets and provide detailed ablation studies to sup-
port the design choices for each component. Code and check-
points are available at https.//github.com/yunzeliu/MAP.

1. Introduction

The Mamba-Transformer backbone[4, 15, 22, 42] has re-
cently attracted widespread attention. It leverages the scala-
bility advantages of Transformers and utilizes Mamba’s[ 10,
51] strong capabilities in long-context language modeling.
However, to scale up Mamba-Transformer vision backbones,
an effective pretraining strategy is essential for maximizing
the combined capabilities of Mamba and Transformer. Our
work aims to take the first step in this direction.
Developing an effective pretraining strategy for Mamba-
Transformer vision backbones is challenging. Although the
capability of MAE in pretraining Transformers has been
well validated, pretraining methods for Mamba are still un-
derexplored, and the optimal approach remains unclear. Ad-
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Figure 1. We propose Masked Autoregressive Pretraining to pre-
train the hybrid Mamba-Transformer backbone. It demonstrates
significant performance improvements on both 2D and 3D tasks.

ditionally, the hybrid structure requires a pretraining strategy
compatible with both computation blocks. This is particu-
larly challenging because the State Space Model captures
visual features very differently from Transformers.

To address these challenges, we conducted pilot studies
and identified three key observations. Firstly, existing popu-
lar pretraining strategies for Transformers, such as MAE[18]
and Contrastive Learning[17], do not yield satisfactory re-
sults for Mambas. Secondly, Autoregressive Pretraining[37]
can be effective for Mamba-based vision backbones with
an appropriate scanning pattern and token masking ratio.
Thirdly, pretraining strategies suitable for either Mamba or
Transformers do not effectively benefit the other.

Based on the above observations, we develop a novel
pretraining strategy suitable for the Mamba-Transformer vi-
sion backbone named Masked Autoregressive pretraining, or
MAP for short. The key is a hierarchical pretraining objec-
tive where local MAE is leveraged to learn good local atten-
tion for the Transformer blocks while global autoregressive
pretraining enables the Mamba blocks to learn meaningful
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Figure 2. (a) MAE Pretraining. Its core lies in reconstructing the masked tokens based on the unmasked tokens to build a global bidirectional
contextual understanding. (b) AR Pretraining. It focuses on building correlations between contexts, and its scalability has been thoroughly
validated in the field of large language models. (¢) MAP Pretraining(ours). Our method first randomly masks the input image, and then
reconstructs the original image in a row-by-row autoregressive manner. This pretraining approach demonstrates significant advantages
in modeling contextual features of local characteristics and the correlations between local features, making it highly compatible with the
Mamba-Transformer hybrid architecture. (d) Performance Gains under different pretraining strategies on ImageNet-1K. We found
MAE pretraining is better suited for Transformers, while AR is more compatible with Mamba. MAP, on the other hand, is more suited for
the Mamba-Transformer backbone. Additionally, MAP also demonstrates impressive performance when pretraining with pure Mamba or
pure Transformer backbones, showcasing the effectiveness and broad applicability of our method.

contextual information. Specifically, the pretraining method
is supported by two key designs. First, we leverage local
MAE to enable the hybrid framework, particularly the Trans-
former module, to learn local bidirectional connectivity. This
requires the hybrid network to predict all tokens within a
local region after perceiving local bidirectional information.
Second, we autoregressively generate tokens for each local
region to allow the hybrid framework, especially the Mamba
module, to learn rich contextual information. This requires
the network to autoregressively generate subsequent local
regions based on the previously decoded tokens.

Notably, since our focus in this paper is on pretrain-
ing strategies for hybrid frameworks rather than the hybrid
frameworks themselves, we empirically choose a densely
mixed hybrid scheme as the default hybrid framework and
refer to it as HybridNet. Our experiments demonstrate that
HybridNet pretrained with MAP outperforms other pretrain-
ing strategies by a significant margin on the 2D and 3D
vision tasks. Extensive ablation studies confirm the rationale
and effectiveness of each design choice.

Our contributions are threefold as follows:

Firstly, we propose a novel method for pretraining the Hy-
brid Mamba-Transformer Vision Backbone for the first time,
enhancing the performance of hybrid backbones as well as
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pure Mamba and pure Transformer backbones within a uni-
fied paradigm. Secondly, For diagnostic purposes, we also
conduct an in-depth analysis of the key components of pure-
Mamba with autoregressive pretraining, revealing that the
effectiveness hinges on maintaining consistency between the
pretraining order and the Mamba scanning order, along with
an appropriate token masking ratio. Thirdly, we demonstrate
that our proposed method, MAP, significantly improves the
performance of both Mamba-Transformer and pure Mamba
backbones across various 2D and 3D datasets. Extensive
ablation studies confirm the rationale and effectiveness of
each design choice.

2. Related Work

Vision Mambas and Vision Transformers. Vision
Mamba(Vim)[52] is an efficient model for visual representa-
tion learning, leveraging bidirectional state space blocks
to outperform traditional vision transformers like DeiT
in both performance and computational efficiency. The
VMamba[26] architecture, built using Visual State-Space
blocks and 2D Selective Scanning, excels in visual percep-
tion tasks by balancing efficiency and accuracy. Autoregres-
sive pretraining(ARM)[37] further boosts Vision Mamba’s
performance, enabling it to achieve superior accuracy and



faster training compared to conventional supervised mod-
els. Nevertheless, why autoregression is effective for Vision
Mamba and what the key factors are remains an unresolved
question. In this paper, we explore the critical design ele-
ments behind the success of Mamba’s autoregressive pre-
training for the first time. The key difference between our
proposed MAP and ARM[37] lies in our use of random mask-
ing in the AR process, where the network decodes the next
complete local information based on the masked local in-
formation. The masking mechanism enhances the modeling
capability of local information and the relevance of context.
Vision Transformers(ViT)[7] adapt transformer architectures
to image classification by treating image patches as sequen-
tial tokens. Swin Transformer[27] introduces a hierarchical
design with shifted windows, effectively capturing both local
and global information for image recognition. MAE [18] en-
hances vision transformers through self-supervised learning,
where the model reconstructs masked image patches using an
encoder-decoder structure, enabling efficient and powerful
pretraining for vision tasks. However, the MAE pretraining
strategy is not effective for Mamba, which hinders our ability
to pretrain the hybrid Mamba-Transformer backbones. Al-
though the hybrid architecture using MAP still struggles to
surpass the Transformer using MAE under the same settings,
it provides a balance between computational cost and perfor-
mance, as well as the potential to introduce longer contexts
while maintaining scalability. This property is particularly
important in the video domain and large language models,
and we leave it for future work.

Self-Supervised Visual Representation Learning. Self-
Supervised Visual Representation Learning is a machine
learning approach that enables the extraction of meaning-
ful visual features from large amounts of unlabeled data.
This methodology relies on pretext tasks, which serve as a
means to learn representations without the need for explicit
labels. GPT-style AR[13] models predict the next part of
an image or sequence given the previous parts, encouraging
the model to understand the spatial or temporal dependen-
cies within the data. MAE[18] methods mask out random
patches of an input image and train the model to reconstruct
these masked regions. This technique encourages the model
to learn contextual information and global representations.
Contrastive Learning(CL)[17] techniques involve contrast-
ing positive and negative samples to learn discriminative
features. It typically involves creating pairs of positive and
negative examples and training the model to distinguish be-
tween them. However, we found that existing pretraining
strategies fail to fully unlock the potential of the hybrid
framework, which motivated us to explore a new pretrain-
ing paradigm for hybrid Mamba-Transformer backbones. In
this paper, we propose MAP to pretrain hybrid architectures.
On the pure Mamba architecture, our method outperforms
AR, due to MAP’s ability to effectively model local fea-
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tures and the associations between local regions. On the pure
Transformer architecture, although MAP does not surpass
the performance of MAE, it still achieves comparable results.
This is because, while local MAE reduces the receptive field,
the autoregressive modeling between local regions enhances
the ability to capture local relationships, ensuring that MAP
maintains strong performance on Transformers.

3. Polit Study

Before exploring the strategies for pretraining hybrid frame-
works, we first analyze how to properly pretrain Transform-
ers and Mamba respectively. Analyzing the pretraining strate-
gies for them helps us gain a deeper understanding of the
key aspects of training hybrid frameworks. In this Section,
we first conduct experiments to investigate the differences in
pretraining strategies for ViT and Vim, which are representa-
tive of visual Transformers and visual Mamba. The success
of the MAE strategy on the ViT architecture is well acknowl-
edged, while the Vim pretraining strategy remains in its early
stages. We are interested in determining whether the MAE
strategy is equally applicable to Vim or if the AR strategy is
more suitable. To explore this, we conduct experiments on
the classification task using the ImageNet-1K dataset. The
results are shown in Table 1.

Method | ViT VIiT+MAE  ViT+AR ViT+CL
Accuracy | 82.3  83.6(+1.4) 82.5(+0.2) 82.5(+0.2)

Method | Vim Vim+MAE Vim+AR  Vim+CL
Accuracy | 81.2  81.4(+0.2) 82.6(+1.4) 81.1(-0.1)

Table 1. Pilot Study. We use ViT-B and Vim-B as the default config-
urations. The AR strategy processes the image tokens in a row-first
order, while the MAE operates according to the default settings.
For contrastive learning, we only used crop and scale data augmen-
tation and used the MoCov2 for pretraining. All experiments are
conducted at a resolution of 224x224. The number of mask tokens
for AR is set to 40 tokens (20%).

Experiments show that MAE is more suitable for Trans-
former pretraining, while AR is better suited for Mamba
pretraining. We observe that the MAE strategy significantly
enhances the performance of ViT. However, for Vim, the
MAE strategy does not yield the expected improvements,
while the AR strategy substantially boosts its performance.
This indicates that for the ViT, applying the MAE strategy is
essential to establish bidirectional associations between to-
kens, thereby improving performance. In contrast, for Vim, it
is more important to model the continuity between preceding
and succeeding tokens. Therefore, for the hybrid framework,
we intuitively need a strategy that can leverage the advan-
tages of MAE in bidirectional modeling while retaining the
strengths of AR in context modeling. Since MAE’s pretrain-
ing on Transformers is already well-established, benefiting
from its asymmetric network design and high masking ratio,
the key to AR’s success on Mamba remains unclear. There-



fore, in the following sections, we analyze the critical factors
behind AR’s success on Mamba, which will help us design
strategies for the hybrid framework later.

We conducted an in-depth analysis and discovered that
consistent autoregression pretraining with scanning order
and proper masking ratio is the key to pretraining Mamba.
This is crucial for diagnosing how to pretrain Mamba and
for designing pretraining strategies for the hybrid backbone.
Relationship between AR and Scanning Order. Different
prediction orders can significantly impact how the model
captures image features and the effectiveness of sequence
generation. The analysis of the role of prediction order will
help optimize AR pretraining for Vim, exploring how the
model can better capture the continuity and relationships of
image information under different contextual conditions. We
conduct ablation studies on Vim by allowing it to perform
both row-first and column-first scanning. We then pretrain it
with row-first and column-first AR orders, respectively, to
compare their performance. Figure 3 shows different orders
for AR pretraining and Mamba scanning.

Method | Vim(R) Vim(R) + AR(C) Vim(R) + AR(R)
Accuracy 79.7 79.9(+0.2) 82.6(+2.9)

Method | Vim(C) Vim(C)+ AR(C) Vim(C)+ AR(R)
Accuracy 79.5 82.5(+3.0) 79.9(+0.4)

Table 2. The impact of AR order on downstream tasks. Vim(R)
refers to Vim with row-first scanning. Vim(C) refers to Vim with
column-first scanning. AR(R) refers to row-first autoregressive
pretraining. AR(C) refers to column-first autoregressive pretraining.
The results indicate that the best performance is achieved when the
AR pretraining design aligns with Mamba’s scanning order.

Column First Order

Row First Order
Figure 3. Different orders for AR pretraining and Mamba scanning.
The row-first and column-first orders allow the network to perceive
local information in different ways and sequences.

The results are shown in Table 2. We observe that em-
ploying a pretraining strategy consistent with the scanning
order significantly enhances Vim’s performance. This sug-
gests that when designing pretraining strategies, they should
be aligned with the downstream scanning order. This con-
clusion is also implicitly confirmed in ARM[37], as it uses
cluster-based AR to pretrain cross-scanned Mamba, which
is essentially a combination of row-first and column-first
approaches. Unlike ARM, we experimentally verified this
and provided comprehensive experimental results.
Masking Ratio of Autoregression Pretraining. Masking
a single token follows the traditional AR paradigm, while
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masking n tokens transforms the task into an inpainting
problem, as the input and output sequence lengths remain
equal. In this context, varying the auto-regressive masking
ratios effectively adjusts the inpainting ratio, influencing the
model’s predictions beyond just the sequence length.

Masked tokens | 1(0.5%) 20 (10%) 40 (20%)
Accuracy 81.7 82.0 82.6
Masked tokens | 60 (30%) 100 (50%) 140 (70%)
Accuracy 82.5 82.2 81.9

Table 3. The impact of Masking Ratio on AR pretraining. We
masked 1 token (0.5%), 20 tokens (10%), 40 tokens (20%), 60 to-
kens (30%), 100 tokens (50%), and 140 tokens (70%), respectively,
while also recording the results of fine-tuning on downstream tasks.
The experiment shows that an appropriate masking ratio is impor-
tant for autoregressive pretraining.

The results are shown in Table 3. In auto-regressive pre-
training, as the Masking Ratio increases, the performance
of the Mamba improves. This is because a higher Masking
Ratio encourages the model to learn more complex and rich
feature representations, thereby enhancing its generative abil-
ity and adaptability. However, an excessively high Masking
Ratio may lead to instability during the training process. In
such cases, the model may struggle to make accurate pre-
dictions due to a lack of sufficient contextual information,
negatively impacting its pretraining effectiveness. Therefore,
when designing auto-regressive pretraining tasks, finding
an appropriate masking ratio is crucial to strike a balance
between performance improvement and training stability.

Now we have the following three conclusions to serve as
a reference for designing the pretraining of hybrid backbone:

MAE is more suitable for Transformers, while AR is better
suited for Mamba.

For MAE pretraining of Transformers, an asymmetric
structure, and an appropriate masking ratio are important.
For AR pretraining of Mamba, an appropriate AR order
and masking ratio are important.

Based on the above conclusions, we propose Masked
Autoregressive Pretraining (MAP) to pretrain hybrid frame-
works. MAP leverages AR to model the relationships be-
tween local regions and local MAE to model the internal
features of local regions. It also employs a masking strategy
that is crucial for both MAE and AR to enhance the net-
work’s representation capabilities. This strategy combines
the strengths of MAE in local feature modeling, which is
suitable for pretraining Transformers, and the strengths of
AR in context modeling, which is suitable for pretraining
Mamba. Effectively inheriting the advantages of both strate-
gies, MAP improves the pretraining performance of hybrid
architectures within a unified framework. In the following
section, we will provide a detailed introduction to the MAP
pretraining strategy.



4. Method

Preliminary.The focus of this paper is on studying how
to pretrain hybrid Mamba-Transformer frameworks, rather
than on designing the hybrid frameworks themselves. There-
fore, we first determine a hybrid network as the default of our
study. We tried a series of hybrid Mamba-Transformer vision
backbones and compared their performance when trained
from scratch. The results indicate that the hybrid approach
using MMMTMMMT performs the best. When comparing
Mamba-R* with MMMMMMTT, we found that adding a
Transformer after Mamba enhances its long-context model-
ing capabilities, leading to improved performance. However,
when comparing MMMMMMTT with TTMMMMMM, we
observed that simply appending Transformers after Mamba
does not fully leverage the architecture’s potential. This sug-
gests that incorporating Transformers at the beginning is
crucial for extracting sufficient local features. We believe
that the MMMTMMMT approach effectively balances local
feature extraction and contextual modeling enhancement,
making it our default configuration. We adopt the network
shown in Figure 4(d) as our default hybrid network and refer
to it as HybridNet. It is worth noting that our method can
also be applied to other Mamba-Transformer hybrid frame-
works, but the design of the hybrid frameworks themselves
is not within the scope of this paper.
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Figure 4. Different Hybrid Model Design. (d) achieves the best
results and is set as default and refer to it as HybridNet.

Design DeiT* Mamba-R*  MMMMMMTT
Accuracy 82.80 82.70 82.88

Design | TTMMMMMM ~ TMMMTMMM ~ MMMTMMMT
Accuracy 82.93 83.01 83.12

Table 4. Hybrid Design of Mamba-Transformer backbone. All
experiments are trained from scratch. Mamba-R* means 24 Mamba-
R[40] Mamba layers plus 8 additional Mamba layers. DeiT* means
24 DeiT[39] Transformer layers plus 8 additional Transformer
layers. MMMMMMTT represents 24 Mamba layers followed by
8 Transformer layers. TTMMMMMM represents 8 Transformer
layers followed by 24 Mamba layers. TMMMTMMM represents a
unit consisting of 1 Transformer layer and 3 Mamba layers, repeated
8 times. MMMTMMMT represents a unit of 3 Mamba layers
followed by 1 Transformer layer, repeated 8 times.

Overview. Our proposed MAP is a pre-training strategy for
the hybrid Mamba-Transformer framework that can signifi-
cantly improve the performance of the hybrid architecture
compared to traditional MAE and AR pre-training. Our MAP
pre-training is to perform random masking on a given image
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and then region-wise autoregressively reconstruct its orig-
inal image. Here, the tokens of each row of the image are
predicted at the same time, and the tokens between rows are
predicted by autoregression.

Notably, we choose each row as a sub-region here be-
cause, as mentioned in the previous chapter, the AR order of
Mamba should match the scanning order. The default scan-
ning order for most Mamba implementations is row-first. To
ensure a fairer comparison with existing methods, we treat
each row as a prediction unit. After changing the scanning
order of Mamba, more sophisticated clustering strategies are
theoretically expected to yield better results.

As shown in Figure 2(c), given an image, HybridNet first
maps the randomly masked image into the feature space
and then uses a Transformer Decoder to decode the original
image row-wise. Consider an image I which is divided into
TOWS:

I:{rlvrQa"'ar]\/f} (1)
Each row r; consists of tokens:
r; = {XilaXiZa”'inN} ()

Select a subset of tokens to mask within each row. Let
M, C {1,2,..., N} denote the indices of the masked to-
kens in row r;.

For a given row r;, predict all masked tokens simultane-
ously:

3)

p(xij | Xi,jeer<z‘)
where r; refers to all rows preceding row 1.
The prediction of tokens in row ¢ depends on all previous
rows and the visible tokens within the row. This can be
expressed as:

N

p(l‘i | 1‘<z‘) = Hp(xij \ Xi,ngi,I‘q)
j=1

“4)

The overall loss function is the sum of the negative log-
likelihoods of the predicted tokens:

M
L=- Z Z log p(xij | X j¢m,>T<i)

i=1jEeM;

(&)

Our proposed MAP represents a general paradigm ap-
plicable to data across various domains, with 2D image
data as an example. Our method can be easily extended
to large language models and the fields of image video and
point cloud video. Our method optimizes the synergy be-
tween Mamba and Transformer within a unified framework,
allowing both models to fully leverage their strengths. In
the Mamba-Transformer hybrid architecture, this approach
effectively enhances the cooperation between the models,
resulting in significant performance improvements.



For HybridNet, the masking mechanism of MAP can sig-
nificantly enhance the local modeling capabilities of both the
Mamba and Transformer layers. The region-wise autoregres-
sive strategy of MAP can significantly improve Mamba’s
ability to model context. Therefore, overall, MAP can bring
about substantial performance improvements for HybridNet.
For pure Mamba architecture, our method outperforms AR,
due to MAP’s ability to effectively model local features and
the associations between local regions. On the pure Trans-
former architecture, although MAP does not surpass the
performance of MAE, it still achieves comparable results.
This is because, while local MAE reduces the receptive field,
the autoregressive modeling between local regions enhances
the ability to capture local relationships, ensuring that MAP
maintains strong performance on Transformers.

We will introduce the specific design components of the

framework. The subsequent experiments in this section are
conducted using the base-sized model on the ImageNet-1K
dataset.
Masking. Since masking is also crucial for MAE pretraining
of Transformers and AR pretraining of Mamba, masking is
an important design aspect of MAP. We experimented with
different masking strategies, including random, sequential,
and diagonal masking. Our experiments show that random
masking delivers the best results. We attribute this to the
fact that sequential and diagonal masking can hinder the
Transformer’s ability to establish contextual relationships.
Random masking not only promotes bidirectional modeling
for Transformers but also enhances Mamba’s generaliza-
tion and representation capabilities in sequence modeling.
The random masking strategy is actually a balance, as it
retains the bidirectional modeling capability of Transformers
while leveraging row-wise autoregressive pretraining to train
Mamba. The raster and diagonal strategies fail to fully utilize
the bidirectional modeling capability of Transformers and
do not enhance Mamba’s ability to model local features.

Additionally, we explored the effects of different masking
ratios and found that a 50% masking ratio yielded the best
results. This conclusion aligns with intuition: while MAE
performs optimally on Transformers with a 75% masking
ratio, previous experiments showed that AR achieves the
best results on Mamba with a 20% ratio. Therefore, a 50%
ratio serves as a balanced number, leveraging the strengths
of both paradigms. This ratio is significantly different from
the conclusions drawn in MAE.

(c) Diagonal Masking

(a) Random Masking
Figure 5. Different Masking Strategies. The random masking strat-
egy produces the best results.

(b) Sequential Masking
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Strategy FS Random Sequential Diagonal

Accuracy | 83.1 84.9 84.0 83.8
Ratio 0% 25% 50% 75%

Accuracy | 83.3 84.5 84.9 84.2

Table 5. Random masking with a 50% ratio performs the best.

MAP Transformer Decoder. To reconstruct the original
image, we utilize a masked Transformer for signal recov-
ery. The reason for using a Transformer decoder rather than
a Mamba decoder is that the Transformer decoder can re-
construct region-wise based on the encoder’s features by
applying a decoder mask. In contrast, the Mamba decoder,
due to its unidirectional scanning nature, struggles to simul-
taneously reconstruct an entire local region. Our decoder
employs a distinct row-wise decoding strategy that allows
autoregressive decoding of one row of tokens at a time, en-
hancing the network’s ability to capture local features and
contextual relationships among regions. Experiments show
that this method significantly outperforms the original AR,
MAE, and local MAE decoding strategies. Local MAR refers
to limiting the receptive field of MAE within each row of
the image. Notably, in the hybrid framework, local MAE
performs comparably to standard MAE, emphasizing the
significance of local feature learning. Our MAP method im-
proves local feature modeling while leveraging autoregres-
sive techniques to capture contextual relationships across
regions, resulting in superior performance.
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(a) AR (b) MAE (¢) Local MAE (d) MAP (Ours)

Figure 6. Different Decoder Mask. Green represents activation.
White represents non-activation.

Decoder Mask | AR MAE local MAE ours
Accuracy 83.7 84.1 84.2 84.9
Table 6. Decoder Mask Design. Our MAP decoder strategy achieves
the best results.

Reconstruction Target. Consistent with MAE, we re-
constructed normalized original pixels as the target and em-
ployed MSE loss. Inspired by MAR[19] to use reconstruc-
tion output as a conditional signal for diffusion models to
improve generation quality, we explored whether pretraining
with diffusion loss could enhance performance. However,
this approach did not yield significant improvements, sug-
gesting that the quality of reconstructed images is not directly
linked to encoder pretraining success.

FS  Diffusion Loss
83.1 83.3

Table 7. Reconstruction Target.

MSE Loss (ours)
84.9

Loss
Accuracy




5. Experiments

5.1. 2D Classification on ImageNet-1k.

Settings. We pretrained on the training set of the ImageNet-
1K[6] dataset and then fine-tuned on its classification task.
We report the top-1 validation accuracy of a single 224x224
crop, and in some settings, we also report the results for a
384x384 crop. During the pretraining phase, we applied a
random masking strategy with a 50% masking ratio, using
only random cropping as the data augmentation strategy. We
utilized AdamW as the optimizer and trained for 1600 epochs
across all settings. In the fine-tuning phase, we directly fine-
tune for 400 epochs and report the results.

Model Img. size #Params  Throughput Mem Acc. (%)
Pure Convolutional networks:
ResNet-50 [16] 2242 25M 2388 6.6G 76.2
ResNet-152 [16] 2242 60M 1169 12.5G 783
EfficientNet-B3 [38] 3002 12M 496 19.7G 81.6
ConvNeXt-T [28] 2242 29M 701 8.3G 82.1
ConvNeXt-S [28] 2242 50M 444 13.1G 83.1
ConvNeXt-B [28] 2242 89M 334 17.9G 83.8
Pure Vision Transformers:
ViT-B/16 [8] 2242 86M 284 63.8G 719
VIiT-L/16 [8] 2242 307M 149 - 76.5
Pretrained Vision Transformers:
ViT-B/16 + AR [8] 2242 86M 284 63.8G 825
ViT-B/16 + MAE [8] 2242 86M 284 63.8G 83.6
ViT-L/16 + MAE [8] 2242 307M 149 - 859
ViT-B/16 + MAP 2242 86M 284 63.8G 83.6
VIiT-L/16 + MAP 2242 307M 149 - 86.1
Pure Mamba architecture:
Vim-T [52] 2242 ™ 1165 4.8G 76.1
Vim-S [52] 2242 26M 612 9.4G 80.5
MambaR-T [40] 2242 IM 1160 5.1G 71.4
MambaR-S [40] 2242 28M 608 9.9G 81.1
MambaR-B [40] 2242 99OM 315 20.3G 82.9
MambaR-L [40] 2242 341M 92 55.5G 83.2
Pr d Mamba archii e:
ARM-B (Mamba+AR) [37] 2242 85M 325 19.7G 83.2
ARM-L (Mamba+AR) [37] 2242 297T™M 111 53.1G 84.5
MambaR-B+MAE 2242 99M 315 20.3G 83.1
MambaR-B+AR 2242 99M 315 20.3G 83.7
MambaR-B+MAP 2242 99M 315 20.3G 84.0
MambaR-L+MAP 2242 341M 92 55.5G 84.8
Hybrid 2D convolution + Mamba:
VMamba-T [26] 2242 31IM 464 7.6G 82.5
VMamba-S [26] 2242 50M 313 27.6G 83.6
VMamba-B [26] 2242 8OM 246 37.1G 83.9
Hybrid 2Dconvolution + Mamba + Transformer archii e: (with de ipling)
MambaVision-T [15] 2242 35M 1349 10.7G 82.7
MambaVision-S [15] 2242 51M 1058 36.6G 83.3
MambaVision-B [15] 2242 97M 826 50.8G 84.2
MambaVision-L [15] 2242 241M 229 78.6G 853
MambaVision-B+MAP [15] 2242 97™ 826 50.8G 849
MambaVision-L+MAP [15] 2242 241M 229 78.6G 86.4
Hybrid Mamba + Transformer archii e: (without d pling)
HybridNet-T 2242 12M 910 7.6G 711
HybridNet-S 2242 37M 512 14.6G 81.3
HybridNet-B 2242 128M 244 30.0G 83.1
3842 128M 244 76.1G 84.5
HybridNet-L 2242 443M 63 78.3G 83.2
3842 443M 63 - 84.6
Pretrained Hybrid archii e:
HybridNet-T + MAP 2242 12M 910 7.6G 78.6
HybridNet-S + MAP 2242 3™ 512 14.6G 825
HybridNet-B + MAE 2242 128M 244 30.0G 83.9
HybridNet-B + AR 2242 128M 244 30.0G 83.8
HybridNet-B + CL 2242 128M 244 30.0G 83.1
HybridNet-B + MAP 2242 128M 244 30.0G 84.9
3842 128M 244 76.1G 85.5
HybridNet-L + MAP 2242 443M 63 78.3G 85.0
3842 443M 63 - 86.2

Table 8. ImageNet-1k classification results. The throughput is com-
puted on an A100 GPU. The memory overhead is measured with a
batch size of 128. Our results are highlighted in blue .
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Results. Results are shown in Table 8. The results indi-
cate that the hybrid framework achieves a balance between
performance and computational overhead. The focus of this
paper is not on designing the hybrid network but on inves-
tigating its pretraining methods. Our proposed pretraining
method MAP significantly enhances the performance of the
hybrid Mamba-Transformer framework. Comparing the per-
formance of MAP, MAE, AR, and CL on HybridNet-B, it is
evident that MAP significantly improves performance. This
indicates that compared to MAE, the local MAE in MAP,
which enhances local modeling and adopts an autoregres-
sive approach to strengthen the associations between local
regions, is crucial for hybrid networks. Compared to AR, the
masking mechanism and the local autoregressive strategy
in MAP contribute to performance gains. Additionally, we
verified that our MAP method can improve the performance
of the pure Mamba framework and the pure Transformer
backbone. By comparing AR, MAE, and MAP pretraining
results on MambaR-B, we can see that MAE offers lim-
ited improvement for pure Mamba. AR, benefiting from its
autoregressive modeling of context, shows improved perfor-
mance. Compared to AR, the masking mechanism and local
autoregressive decoding strategy in MAP enhance Mamba’s
ability to model local features, further improving perfor-
mance. By comparing the performance of AR, MAE, and
MAP on ViT, we find that on ViT-B, MAP can achieve the
same results as MAE. This is because, although local MAE
reduces the receptive field compared to the original MAE,
region-wise autoregressive modeling not only enhances local
feature modeling but also strengthens the modeling of cor-
relations between local regions, preventing a decline in per-
formance. When comparing MAE and MAP on ViT-L, the
advantage of region-wise autoregressive modeling in MAP
becomes apparent in larger-scale models, where it outper-
forms MAE. This also suggests that autoregressive modeling
has advantages in larger models, which is consistent with the
scaling law phenomenon observed in LLMs. In addition, by
comparing the results of HybridNet-B/L at 224 and 384 reso-
lutions, we can see that at the longer sequence length of 384
resolution, our method further achieved improvements of 0.6
and 0.8, respectively. This indicates that the longer context
modeling allowed by the Mamba layer can indeed lead to
performance gains. Comparing the results of MambaVision-
B/L before and after MAP pretraining shows that our MAP
method not only benefits the HybridNet used as an example
but also brings significant improvements to other existing
hybrid Mamba-Transformer network frameworks.

5.2. Transfer Learning Experiments

Semantic Segmentation We conduct experiments for seman-
tic segmentation on the ADE20K [50] and use UperNet [45]
as the segmentation framework followed by Vim. All settings
are consistent with Vim. When comparing HybridNet-S with



image val

Method Backbone ‘ sizo #param. ‘ mloU
DeepLab v3+ ResNet-101 5122 63M 44.1
UperNet ResNet-50 5122 67TM 41.2
UperNet ResNet-101 5122 86M 44.9
UperNet DeiT-Ti 5122 11M 39.2
UperNet DeiT-$ 5122 43M 44.0
UperNet Vim-Ti 5122 13M 41.0
UperNet Vim-S 5122 46M 44.9
UperNet HybridNet-S 5122 69M 45.6
UperNet HybridNet-S+MAP | 5122 69M 46.9

Table 9. Results of semantic segmentation on the ADE20K wval set.

Backbone ‘ APPX ‘ AP™K
DeiT-Ti 44 4 38.1
Vim-Ti 45.7 39.2
HybridNet-Ti 459 39.2
HybridNet-Ti+MAP 46.4 39.8

Table 10. Results of object detection and instance segmentation on
the COCO wal set using Cascade Mask R-CNN [1] framework.

Vim-S, we can see that introducing a Transformer signifi-
cantly enhances the performance of dense prediction tasks.
This highlights the value of hybrid networks, which maintain
satisfactory performance when introducing longer contexts
at 512x512 resolution. Comparing the results of HybridNet-
S before and after MAP pretraining, we can see that our
pretraining method also brings significant performance im-
provements in segmentation tasks.

Object Detection and Instance Segmentation We conduct
experiments for object detection and instance segmentation
on the COCO 2017 dataset [23] and use ViTDet [45] as the
basic framework followed by Vim. All settings are consistent
with Vim. The results indicate that, while simply inserting
a Transformer into Vim does not bring about significant
improvements, the performance of HybridNet-Ti, when fine-
tuned after initialization with MAP pretraining, shows a
notable improvement.

5.3. 3D Classification Experiments

Settings. To verify that our method can be applied to other
data formats, we transferred the MAP pretraining to 3D data
for experimentation. We pretrained using the ShapeNet[2]
dataset, employing random rotation and translation scaling
as data augmentation techniques. Each point cloud consists
of 1024 points and is divided into 64 patches, with each
patch containing 32 points. Since point clouds are unordered,
the concept of rows does not apply here; instead, we ran-
domly generate 32 patches each time and complete the re-
construction process in an autoregressive manner. Similar to
Mamba3D[14], we did not adopt any special sorting strate-
gies but ensured that the order of pretraining matches that of
the actual Mamba scans. We conducted pretraining on both
the hybrid framework and the original Mamba3D to validate
their performance advantages. During pretraining and down-
stream fine-tuning, we employed the AdamW optimizer with
a cosine decay strategy for 300 epochs.
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Method PT #P | #F]  ModelNet40
Supervised Learning Only: Dedicated Architectures
PointNet[32] X 35 0.5 89.2
PointNet++33] X 1.5 1.7 90.7
DGCNN43] X 1.8 24 92.9
PointCNN/20 X 0.6 - 922
DRNet [35] X - 93.1
SimpleView(9] X - - 93.9
GBNet(36] X 8.8 - 93.8
PRA-Ne[s] X - 2.3 93.7
MVTN(12] X 11.2 43.7 93.8
PointMLP[29] X 12.6 31.4 94.5
PointNeXt[34] X 1.4 3.6 94.0
P2P-HorNet44] v - 34.6 94.0
DeLAp3] X 53 1.5 94.0

Supervised Learning Only: Transformer or Mamba-based Models

Transformer X 22.1 4.8 914
PCT(11) X 29 2.3 93.2
PointMamba21] X 12.3 3.6 -
PCM{49] X 34.2 45.0 93.440.2
SPoTr(31) X 1.7 10.8 -
PointConT|25] X - - 93.5
Mamba3d w/o vot.[14] X 16.9 3.9 934
Mamba3d w/ vot.[14] X 16.9 3.9 94.1
HybridNet w/o vot. X 19.3 4.4 93.5
HybridNet w/ vot. X 19.3 4.4 94.3
With Self-supervised pretraining

Transformer OcCoy41] 22.1 4.8 92.1
Point-BERT IDPTy47] 22.1+1.7F 4.8 93.4
MaskPoint MaskPoint24] 22.1 4.8 93.8
PointMamba Point-MAE[30] 12.3 3.6 -
Point-MAE IDPTy47] 22.1+1.7F 4.8 94.4
Point-M2AE Point-M2AE/43] 15.3 3.6 94.0
Mamba3d w/o vot. Point-BERT/46] 16.9 3.9 94.4
Point-MAE Point-MAE(30] 22.1 4.8 93.8
Mamba3d w/o vot. Point-MAE[30] 16.9 3.9 94.7
Mamba3d w/ vot. Point-MAE[30] 16.9 3.9 95.4
Mamba3d w/o vot. MAP 16.9 39 95.1
Mamba3d w/ vot. MAP 16.9 39 95.6
HybridNet w/o vot. MAP 19.3 44 95.4
HybridNet w/ vot. MAP 19.3 44 95.9

Table 11. Results on 3D ModelNet classification tasks.

Results.The experiments demonstrate that our method also
can improve the performance on 3D tasks. This suggests
that our approach can be easily adapted to other domains.
Comparing HybridNet and Mamba3d at the backbone net-
work level, it is evident that the performance improvement
solely from inserting a Transformer is limited. By comparing
the results of HybridNet before and after MAP pretraining,
we can see that our MAP pretraining brings about a signifi-
cant improvement. This further validates the effectiveness of
our proposed pretraining method. More experiments on 3D
datasets can be found in the Supplementary Material.

6. Conclusion

In this paper, we propose Masked Autoregressive Pretrain-
ing, a pretraining framework suitable for hybrid Mamba-
Transformer models. It integrates the advantages of MAE
and AR, retaining their core designs to model local features
while strengthening the modeling of contextual correlations.
Extensive experiments have validated the effectiveness of
our method and the rationality of its component design.
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