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Abstract

Contextual modeling is crucial for robust visual repre-
sentation learning, especially in computer vision. Although
Transformers have become a leading architecture for vi-
sion tasks due to their attention mechanism, the quadratic
complexity of full attention operations presents substantial
computational challenges. To address this, we introduce
Star with Bilinear Mapping (SBM), a Transformer-like ar-
chitecture that achieves global contextual modeling with
linear complexity. SBM employs a bilinear mapping module
(BM) with low-rank decomposition strategy and star op-
erations (element-wise multiplication) to efficiently capture
global contextual information. Our model demonstrates com-
petitive performance on image classification and semantic
segmentation tasks, delivering significant computational effi-
ciency gains compared to traditional attention-based models.
Code is available at https://github.com/SJTU-
DeepVisionLab/SBM .

1. Introduction

Contextual modeling capabilities are fundamental for learn-

ing robust visual representations, serving as a cornerstone

for advancements in the field of computer vision. Com-

pared to classical CNNs, which have limited capacity

for contextual understanding [18, 21, 25, 45, 63], Trans-

formers [10, 11, 32, 33, 39, 47, 52] leverage a multi-

head attention mechanism [50] to enable global interac-

tions among tokens. This capability positions Transform-

ers as a critical backbone for numerous foundational mod-

els [2, 11, 42, 43, 48], thus driving the ongoing AI revolution.

However, as shown in Fig.1, a critical challenge in de-

� Corresponding Author: wei.shen@sjtu.edu.cn
† Indicates equal contribution.

Figure 1. Left: Full attention architecture. Right: Architecture

with star operation. The full attention mechanism computes a ma-

trix multiplication between the query-key similarity matrix and the

value matrix to capture global contextual information, resulting in a

computational complexity of O(n2d). Our objective is to leverage

the star operation, as shown on the right, to achieve efficient global

receptive field coverage with linear complexity, thereby unlocking

its potential for scalable contextual modeling.

ploying Transformers in these advancements is the quadratic

complexity between matrix multiplications in the full atten-

tion mechanism [50], which significantly increases the com-

putation cost as the token length grows. To address this issue,

a promising direction is to achieve global contextual model-

ing with linear complexity, as demonstrated by the popular

Mamba [12] and its variants [8, 31, 58, 60]. Despite their

competitive performance, recent studies [14, 61] indicate

that the core state space model may be somewhat redundant

for certain vision tasks and still limits the training and infer-

ence efficiency unless equipped with a well-designed CUDA

acceleration algorithm.

In this paper, we aim to explore an alternative approach

that not only achieves global contextual modeling with linear

complexity but also facilitates fast training and inference.

Existing research has theoretically demonstrated [37, 44, 59]

that element-wise multiplication (i.e., star operation), as a

linear complexity operation, can effectively capture high-

dimensional contextual information when stacked across

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

25292



multiple layers. Inspired by this, we hypothesize that there

might be an efficient way to capture global contextual in-

formation by utilizing a series of star operations as a core

module in constructing Transformer-like architectures.

Based on this motivation, we present the Star with Blinear

Mapping (SBM), a novel architecture that takes a step to-

wards this goal by adopting an efficient bilinear mapping

operation. Bilinear mapping [26] is a technique originally

introduced to transform a global interaction, typically involv-

ing quadratic complexity, into multiplicative global interac-

tions with linear complexity. We introduce the bilinear map-

ping module (BM) to capture complex contextual informa-

tion in a feature space while maintaining linear complexity.

In particular, we employ a low-rank matrix decomposition

strategy for constructing the BM weights, ensuring that the

complexity remains highly efficient. In each SBM, we use

star operation to facilitate element-wise interactions between

different feature spaces, allowing the model to learn com-

plex relationships between features from the element level.

Consequently, by stacking several SBM blocks, we are able

to progressively enhance the expressive power of the star

operation for general vision recognition tasks.

We validate the proposed SBM model on three major

tasks: image classification using ImageNet-1K [25] and

transer learning on CIFAR-100 [24], semantic segmentation

on the ADE20K dataset [65], and object detection on the

COCO 2017 dataset [30]. These evaluations illustrate that

our approach successfully balances computational efficiency

with strong performance in contextual modeling. Specifi-

cally, SBM achieves competitive accuracy across both classi-

fication and segmentation tasks, while substantially reducing

computational overhead compared to traditional attention-

based models. Our contributions are summarized as follows:

• We introduce Star with Bilinear Mapping (SBM), a

novel Transformer-like architecture that combines star op-

erations with bilinear mapping to achieve global contex-

tual modeling with linear computational complexity. This

design overcomes the quadratic complexity limitations

inherent in traditional attention mechanisms.

• By incorporating low-rank decomposition strategy into the

BM module, we enhance the global receptive field and

contextual modeling capabilities, allowing the model to

capture complex feature relationships at the element level

while maintaining high computational efficiency.

• We demonstrate the effectiveness of the SBM through

extensive evaluations on image classification (ImageNet-

1K [25] and CIFAR-100 [24]), semantic segmentation

(ADE20K [65]) and object detection (COCO 2017 [30]).

achieving competitive performance with significantly

lower computational demands than recent models.

2. Related Work

Convolutional Neural Networks. Convolutional Neu-

ral Networks (CNNs) are a well-established architecture,

renowned for their strong inductive bias towards capturing

local features and ensuring translation invariance [18, 21, 25,

45]. This bias enables CNNs to effectively model spatial

hierarchies and detect patterns at various scales. However,

despite their effectiveness in local feature extraction, CNNs

struggle with capturing long-range dependencies and global

contextual information, which are often crucial for under-

standing complex relationships in data [3, 35, 49]. These

limitations arise from the inherent locality of convolutional

operations, which operate on fixed-sized regions and thus

fail to model interactions between distant spatial locations.

To address these challenges, Transformer-based models have

emerged, offering significant advantages in modeling long-

range dependencies. By leveraging self-attention mecha-

nisms, Transformers are able to dynamically capture rela-

tionships between all positions in the input, regardless of

their spatial distance, making them better suited for tasks

that require a global understanding of the data.

Vision Transformers and Mamba. Since the introduction

of ViT [11], Transformers and attention mechanisms have

become widely adopted in computer vision tasks [10, 15,

32, 33, 46, 47, 51, 52, 54]. However, the quadratic complex-

ity of the full attention mechanism poses significant chal-

lenges for scaling Transformers to high-resolution images.

To address this, various approaches have been proposed to

reduce the computational burden. One approach involves

linear attention [23], which reduces complexity to linear

time but often leads to performance degradation. Another

line of research, inspired by the success of state space mod-

els in sequence modeling [13], has attempted to adapt the

Mamba model [12] to vision tasks [22, 31, 38, 66] seek-

ing to preserve the effectiveness of attention mechanisms

while reducing computational costs. However, several stud-

ies have highlighted conceptual similarities between linear

attention and the Mamba model [8, 14]. These studies reveal

that Mamba suffers from memory inefficiency and lower

throughput compared to transformers with linear attention,

suggesting that the core state space model in Mamba may

contain redundant operations or components for vision tasks.

In contrast to previous studies, this paper introduces a novel

architecture that incorporates a simple element-wise multi-

plication, i.e., the star operation, as a core module to achieve

global contextual modeling with linear complexity.

3. Preliminaries

In this section, we briefly introduce two key concepts, i.e.,

star operation and bilinear mapping, that form the foundation

of the novel architecture presented in this paper.
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Figure 2. (a) Overview of the SBM model architecture. (b) Structure of the SBM Block. CPE stands for Conditional Positional Encoding,

FFN represents the Feed Forward Network, and SBM denotes the SBM module, with detailed information provided in Fig. 3.

3.1. Star Operation

Element-wise multiplication refers to a mathematical oper-

ation where two matrices or vectors of the same size are

multiplied together by multiplying their corresponding ele-

ments. In [37], a very recent study on network architecture

design, element-wise multiplication is referred to as the star

operation. The authors claim that the star operation enables

exponential growth in feature dimensionality by fusing two

linearly transformed features. More concretely, we can de-

fine this operation as
(
W�

1 x
)∗(W�

2 x
)
, where W1 and W2

are weight matrices, and ∗ denotes star operation. Assume

that w1,w2,x ∈ R
(d+1)×1, with d representing the dimen-

sion of an input and the additional dimension represents the

bias term. Then, the star operation expands as:

w�
1 x ∗w�
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∗
⎛
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where this operation yields
(d+2)(d+1)

2 ≈ ( d√
2
)2 unique

terms (d � 2), creating a high-dimensional feature space.

By stacking multiple star operations in different layers, star

operations can substantially amplify the implicit dimensions

exponentially. For a network with l layers and width d,

the output feature space scales to R

(
d√
2

)2l

, greatly demon-

strates its contextual modeling capability. This ability makes

it a powerful tool for learning complex feature interactions

efficiently. When combined with appropriate nonlinear acti-

vation functions and a well-designed network architecture,

the star operation can significantly enhance the capacity of

vision models to capture intricate relationships in data.

However, a notable limitation of the star operation is

its restricted receptive field in each layer. While star op-

erations can theoretically maintain nonlinearity and high-

dimensional representation, similar to matrix multiplication,

their element-wise nature prevents them from providing

global interactions across the input. This lack of a global

receptive field poses a significant challenge, as capturing

long-range dependencies is crucial for many vision tasks.

Therefore, the key challenge is how to augment the star op-

eration to enable efficient global receptive field coverage,

addressing this limitation and unlocking its full potential.

3.2. Bilinear Mapping

Bilinear mapping [26, 40, 41] refers to a mathematical oper-

ation that takes two input vectors (or tensors) and produces

an output that is linear in both inputs. Specifically, a bilin-

ear mapping is often realized in a matrix form to facilitate

efficient computation. Given two input vectors x ∈ R
n and

y ∈ R
m, a bilinear mapping B(x,y) can be expressed using

a matrix A ∈ R
n×m as follows:

B(x,y) = x�Ay, (1)

where x ∈ R
n, y ∈ R

m, and A ∈ R
n×m is a matrix defin-

ing the pairwise interactions between the matrices of x and

y. Each element Aij represents the weight or interaction

strength between the i-th component of x and the j-th com-

ponent of y. Through the transformation matrix A, a bilinear

mapping facilitates the interaction between two vectors, i.e.,

x and y, while maintaining linear computational complexity.

4. Methodology
In this section, we provide a comprehensive description of

the design principles and computational strategies behind

our proposed model. We begin by outlining the overall ar-

chitecture in Sec. 4.1, detailing its hierarchical structure and

the sequential processing of input tokens. In Sec. 4.2, we in-

troduce the core Star with Bilinear Mapping (SBM) module,

which integrates bilinear mapping with a low-rank decom-

position strategy (Sec. 4.2.1) to efficiently model global
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context. This is followed by a discussion of the mapping

control mechanism in Sec. 4.2.3, which enhances model

stability and spatial coherence through a multiplicative con-

trol branch. Lastly, we present the architecture variants in

Sec. 4.3, which include configurations of SBM-T, SBM-S,

and SBM-B designed to accommodate different computa-

tional budgets while maintaining high performance.

4.1. Overall Architecture

As depicted in Fig. 2 (a), our model adopts a four-stage

processing pipeline, which is similar to the architecture of

the Swin Transformer [32]. The process begins with the

raw input image being processed in stage 1. In this stage,

the image is first passed through the Stem block, where it

is divided into non-overlapping patches, each with a spatial

resolution of H
4 × W

4 and a deeper channel dimension of

d. These patch tokens then pass through a series of SBM

blocks, which preserve the resolution of the tokens while

enriching their feature representations.

In the subsequent stages, patch tokens are subjected to

downsampling operations, which merge patches as the model

depth increases. These downsampling layers reduce the

number of tokens by a factor of 2 while simultaneously

doubling the channel depth, enabling the model to construct

a hierarchical representation. The specific resolutions of

the feature maps at each stage are annotated in Fig. 2 (a),

illustrating the structured transition through the pipeline.

SBM Block. In each SBM block stage, patch tokens first

pass through a conditional positional encoding [5] layer and

layer normalization [1] to enhance relative positional infor-

mation and ensure training stability. Following this, the to-

kens are processed by the Star with Bilinear Mapping (SBM)

module, which serves as the core operation, providing global

contextual modeling capabilities. Finally, the tokens are

passed through a feed-forward network (FFN), consisting of

a 2-layer MLP with SiLU nonlinearity. Shortcut connections

are integrated into each SBM block to support stable and

efficient training.

4.2. Star with Bilinear Mapping

Given input patch tokens of shape (n, d), where n represents

the number of tokens and d is the embedding dimension, the

Star with Bilinear Mapping (SBM) module, illustrated in

Fig. 3, is formally defined by the following equations:

f(x) = σ(U) ∗V,

U = WsxprojWc
�, V = xprojW

�
v ,

xproj = Conv(xWi
�),

G(x) = σ(xW�
G),

h(x) = G(x) ∗ f(x).

(2)
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Figure 3. Details of the SBM module. BM refers to bilinear

mapping combined with low-rank decomposition strategy. Ws1

and Ws2 represent the low-rank spatial projection matrices, and

Wc is the channel projection matrix.

In the formulation above, f(x) denotes the Star with

Bilinear Mapping (SBM) operation, which computes the

star operation between the bilinear mapping matrix U and

the linearly projected matrix V. Both U and V are derived

from xproj, obtained by applying a linear projection Wi

to x, followed by a convolutional transformation. G(x)
represents the mapping control in the SBM module, which

is derived from the original patch tokens x through WG

and an activation function. The symbol σ refers to the SiLU

activation function, applied to U and G(x) to introduce

non-linear dynamics. The operator ∗ represents the star

operation, which enables element-wise interactions between

features, producing the final output h(x) of the SBM module.

Consequently, the SBM module consists of three branches:

a bilinear mapping branch, a linear mapping branch and a

mapping control branch. Each of these branches contributes

to the overall functionality and performance of the module.

4.2.1 Bilinear Mapping Branch

In the SBM module, the matrix U, which serves as the pri-

mary branch of the SBM operation, is derived through a bi-

linear mapping (BM) operation on xproj, as depicted in Fig. 3.

This process involves applying linear projections across both

the spatial and channel dimensions, utilizing Ws and Wc,

respectively. Although a standard linear projection Ws is

capable of learning global contextual information, it is time-

consuming and results in substantial memory overhead. For

fast matrix multiplication, following [20], we approximate

the Ws by using a low-rank decomposition strategy. By

controlling the dimensions of the low-rank projection, we

can efficiently apply the BM to a range of vision tasks.

Low-rank Decomposition. To achieve this, the spatial pro-

jection matrix Ws is decomposed into two components: one

with dimensions n×m and the other with dimensions m×n,

where m � n. This technique compresses the token em-

25295



beddings into a more compact latent space to obtain more

informative representations, which are then projected back

to match the original token dimensions, thereby enhancing

the understanding of the hierarchical spatial structure. Fol-

lowing this, the feature map undergoes a d× d channel-wise

projection via Wc, which combines global contextual in-

formation with channel-specific details to further facilitate

feature interactions. Finally, the resulting feature map is

passed through an activation function, completing the bilin-

ear mapping operation.

4.2.2 Linear Mapping Branch

The goal of the linear mapping branch is to provide a differ-

ent feature view for proceeding star operation. Specifically,

the matrix V in the this branch is generated by applying

the channel-wise projection Wv to xproj. This operation

produces a feature matrix that preserves the complete spatial

information and is able to capture the channel-wise contex-

tual information. The resulting matrix V plays a crucial

role in maintaining the representation of each token while

facilitating further processing within the SBM framework.

To allow the model to learn complex relationships be-

tween features from the element level, the outputs U and V
are then combined using the star operation, effectively ag-

gregating information from both branches. This is followed

by a layer normalization to ensure model stability.

4.2.3 Mapping Control Branch

To preserve the original spatial structures and ensure more

stable training, we introduce a shortcut branch G(x), i.e.,

the mapping control branch, which interacts with the main

branch through a star operation. The final output feature map

h(x) of the SBM module is shown in Eq. 2 of equations in

the last two rows, where G(x) is derived from the former

layer and passed through an activation function. Although

the mapping control branch introduces a slight reduction

in throughput, we observe that it plays a crucial role in

enhancing performance. We carefully balance this trade-off,

and the experimental details are provided in Sec. 5.

4.2.4 Computational Complexity

The computational complexity of the SBM module can be

analyzed as follows:

Ω(SBM) = 5nd2 + 2ndm+ 2nd, (3)

where m represents the dimension of the latent space in the

low-rank projection, and is a hyperparameter that depends

on the dataset. In this work, we set m to be of the same order

of magnitude as the embedding dimension d.

Specifically, the Bilinear Mapping (BM) operation con-

tributes a complexity of 2ndm+ nd2, due to the linear pro-

jections applied across both the spatial and channel dimen-

sions. The term 2nd arises from the star operation, which

is computationally efficient compared to traditional matrix

multiplication. Additionally, the channel-wise projections

contribute a complexity of O(nd2) in the SBM module.

In total, the SBM module exhibits linear time complexity,

which is a significant improvement over the full attention

mechanism, which has a complexity of 4nd2 + 2n2d.

4.3. Architecture Variants

We design our base model, SBM-B, to achieve comparable

parameter efficiency and computational cost to Swin-B [32]

and Vmamba-B [31]. Additionally, we introduce smaller

versions of the model, namely SBM-T and SBM-S, to cater

to different computational requirements. All versions of the

model use a latent space dimension m = 64. The main

configurations of our models are as follows:

• SBM-T: d = 64, number of layers [3, 3, 8, 3]

• SBM-S: d = 64, number of layers [3, 8, 20, 4]

• SBM-B: d = 96, number of layers [3, 8, 20, 4]

where d refers to the embedding dimension in the first stage

of each model. Further details on the model size, throughput,

FLOPs, and performance are provided in Sec. 5.

5. Experiments
To comprehensively evaluate SBM, we conduct experiments

across multiple datasets: ImageNet-1K [25] and CIFAR-

100 [24] for image classification, ADE20K [65] for semantic

segmentation, and COCO 2017 [30] for object detection. We

systematically compare SBM against state-of-the-art models,

assessing classification performance in Sec.5.1 and Sec.5.2,

segmentation in Sec.5.3, and object detection in Sec.5.4.

Finally, we conduct detailed ablation studies in Sec. 5.5 to

analyze the contribution of each component.

5.1. Image Classification

We evaluate SBM on image classification using the

ImageNet-1K dataset [25], which consists of 1.28 million

training images and 50,000 validation images across 1,000

categories. Following the Swin Transformer [32] training

pipeline, we train SBM for 300 epochs with the AdamW [36]

optimizer, using a cosine decay scheduler for learning rate

adjustment and a 30-epoch warm-up phase to enhance model

stability. All experiments are conducted on 8 NVIDIA A800

GPUs, leveraging widely adopted data augmentations to

improve generalization.

The results in Table 1 demonstrate SBM’s superiority over

existing methods. With similar computational cost (FLOPs),

SBM-T achieves a top-1 accuracy of 83.2
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Method Type Params FLOPs Top-1

ConvNeXt-T [34] CNN 29M 4.5G 82.1

MambaOut-T [61] CNN 27M 4.5G 82.7

EffNet-B4[] CNN 19M 4.2G 82.9

Swin-T [32] Transformer 29M 4.5G 81.3

PVTv2-B2 [53] Transformer 25M 4.0G 82.0

Focal-T [59] Transformer 29M 4.9G 82.2

MViTv2-T [28] Transformer 24M 4.7G 82.3

HiViT-T [64] Transformer 19M 4.6G 82.1

DeiT-S [47] Transformer 22M 4.6G 79.8

CSwin-T [10] Transformer 23M 4.3G 82.7

DiNAT-T [16] Transformer 28M 4.3G 82.7

CoAtNet-0 [7] Transformer 25M 4.2G 81.6

T2T-ViT-14 [62] Transformer 22M 4.8G 81.5

PlainMamba-L1 [58] Mamba 7M 3.0G 77.9

Vim-S [66] Mamba 26M 5.1G 80.3

LocalVim-S [22] Mamba 28M 4.8G 81.2

PlainMamba-L2 [58] Mamba 25M 8.1G 81.6

Mamba2D-S [27] Mamba 24M − 81.7

EfficientVMamba-B [38] Mamba 33M 4.0G 81.8

VMamba-T [31] Mamba 30M 4.9G 82.6

LocalVMamba-T [22] Mamba 26M 5.7G 82.7

SBM-T SBM 25M 4.5G 83.2

Method Type Params FLOPs Top-1

ConvNeXt-S [34] CNN 50M 8.7G 83.1

MambaOut-S [61] CNN 48M 9.0G 84.1

PVTv2-B3 [53] Transformer 45M 7.9G 83.2

CSwin-S [10] Transformer 35M 6.9G 83.6

Focal-S [59] Transformer 51M 9.4G 83.6

MViTv2-S [28] Transformer 35M 7.0G 83.6

HiViT-S [64] Transformer 38M 9.1G 83.5

CoAtNet-1 [7] Transformer 42M 8.4G 83.3

PlainMamba-L3 [58] Mamba 50M 14.4G 82.3

VMamba-S [31] Mamba 50M 8.7G 83.6

LocalVMamba-S [22] Mamba 50M 11.4G 83.7

SBM-S SBM 43M 8.2G 84.4

ConvNeXt-B [34] CNN 89M 15.4G 83.8

MambaOut-B [61] CNN 85M 15.8G 84.2

RepLKNet-31B [9] CNN 79M 15.3G 83.5

PVTv2-B5 [53] Transformer 82M 11.8G 83.8

Focal-B [59] Transformer 90M 16.4G 84.0

CSwin-B [10] Transformer 78M 15.0G 84.2

HiViT-B [64] Transformer 66M 15.9G 83.8

DeiT-B [47] Transformer 86M 17.5G 81.8

CoAtNet-2 [7] Transformer 75M 15.7G 84.1

Mamba2D-B [27] Mamba 94M − 83.0

VMamba-B [31] Mamba 89M 15.4G 83.9

SBM-B SBM 93M 18.2G 85.1

Table 1. Comparison of state-of-the-art (SOTA) vision models on the ImageNet-1K dataset. This table provides a comprehensive comparison

across multiple model architectures, including CNNs, Transformers, Mamba models, and our proposed SBM models.

Moreover, SBM surpasses MambaOut [61], which re-

places the selective SSM module in Mamba with a gated

convolution module. This highlights SBM’s architectural

advantages in maintaining both accuracy and efficiency. Be-

yond classification accuracy, SBM also excels in computa-

tional throughput. As illustrated in Fig. 4, SBM achieves

higher image processing rates per second than both Vision

Transformers and Mamba-based models, benefiting from

its optimized element-wise multiplication design. This im-

proved efficiency reduces training and inference time, mak-

ing SBM particularly well-suited for large-scale deployment

where both high accuracy and speed are essential.

Overall, these results solidify SBM as a competitive and

efficient vision backbone, capable of delivering state-of-the-

art performance while maintaining computational efficiency.

Its balanced design enables superior accuracy and through-

put, making it a promising solution for large-scale image

classification and other vision applications.

5.2. Transfer Learning on CIFAR-100

Transfer learning enables models trained on large datasets

like ImageNet to adapt to smaller ones such as CIFAR-100

(32×32 resolution) with minimal data and computation. We

Figure 4. Left: Top-1 accuracy versus model parameters, depicting

the classification performance of different architectures. Right:

Runtime per image versus model parameters, measured using a

RTX3090 GPU to illustrate computational efficiency.

evaluate SBM-B’s transferability on CIFAR-100 using fine-

tuning and linear probing. In fine-tuning, all parameters of

the pre-trained SBM-B model are updated, while in linear

probing, only a linear classifier is trained on top of a frozen

backbone to assess feature quality.

Table 2 summarizes the results. SBM-B outperforms

prior methods in both paradigms. In fine-tuning, it achieves

91.9% top-1 accuracy, surpassing DeiT-B (90.5%) by 1.4%,

demonstrating its bilinear attention’s effectiveness in captur-
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Method Fine-tuning Linear probing

Deit-B [47] 90.5 80.6

Evo-ViT [57] 90.1 79.1

EViT [29] 90.0 80.2

TPS [55] 90.1 76.5

SBM-B 91.9 81.7

Table 2. Results of transfer learning on CIFAR-100 using two

methods: fine-tuning and linear probing. The model is pretrained

on ImageNet-1K.

Semantic Segmentation on ADE20K

Backbone mIoU #Params. FLOPs

ResNet-50 [18] 42.1 67M 953G

DeiT-S + MLN [47] 43.8 58M 1217G

Swin-T [32] 44.5 60M 945G

ConvNeXt-T [34] 46.0 60M 939G

Focal-T [59] 47.0 62M 998G

Twins-S [4] 46.2 54M 901G

NAT-T [17] 47.1 58M 934G

Vim-S [66] 44.9 46M -

SBM-T 47.2 64M 967G

ResNet-101 [18] 43.8 86M 1030G

DeiT-B + MLN [47] 45.5 144M 2007G

Swin-S [32] 47.6 81M 1039G

ConvNeXt-S [34] 48.7 82M 1027G

Focal-S [59] 48.0 85M 1130G

Twins-B [4] 47.7 89M 1020G

NAT-S [17] 48.0 82M 1010G

SBM-S 49.1 86M 1081G

Swin-B [32] 48.1 121M 1188G

ConvNeXt-B [34] 49.1 122M 1170G

Focal-B [17] 49.0 126M 1354G

Twins-L [4] 48.8 133M 1164G

NAT-B [17] 48.5 123M 1137G

RepLKNet-31B [9] 49.9 112M 1170G

MambaOut-B [61] 49.6 112M 1178G

SBM-B 50.2 139M 1196G

Table 3. Semantic segmentation results on ADE20K. FLOPs are

calculated with an input size of 512× 2048.

ing fine-grained features. In linear probing, SBM-B attains

81.7%, exceeding DeiT-B’s 80.6% by 1.1%, confirming the

superiority of its pre-trained features.

Compared to Evo-ViT [57] and TPS [55], SBM-B ex-

hibits notable improvements, reinforcing its robustness and

adaptability. These results highlight SBM-B’s strong gener-

alization in transfer learning, making it a compelling choice

for efficient and scalable vision tasks.

5.3. Semantic Segmentation on ADE20K

We evaluate SBM’s performance on the challenging task

of semantic segmentation using the widely recognized

ADE20K [65] dataset, which includes 150 diverse semantic

categories, covering a broad range of indoor and outdoor

scenes. The ADE20K dataset comprises 20,000 images for

training and 2,000 for validation, each labeled at the pixel

level to facilitate detailed scene parsing. For this evaluation,

we use UperNet [56], a standard framework for semantic

segmentation in the mmsegmentation library [6], as our base-

line model, allowing a fair comparison with other backbone

architectures in this domain.

Consistent with the trends observed in previous experi-

ments, SBM achieves superior performance across all model

scales compared to other contemporary architectures. Specif-

ically, SBM-T achieves a mean Intersection over Union

(mIoU) of 47.2%, outperforming Swin-T [32], ConvNeXt-

T [34], and NAT-T [17], while maintaining comparable

model size and computational cost. Similarly, SBM-S at-

tains an mIoU of 49.1%, surpassing ConvNeXt-S [34] and

NAT-S [17] by a notable margin. For larger models, SBM-B

achieves the highest mIoU of 50.2% among the compared

methods, further demonstrating its scalability and effective-

ness in handling complex semantic segmentation tasks.

Overall, the results demonstrate that SBM not only main-

tains computational efficiency but also delivers high accuracy

across varying model sizes, confirming its robustness and

adaptability in capturing fine-grained semantic information.

5.4. Object Detection on COCO 2017

COCO 2017 (Mask R-CNN 1× schedule)

Backbone Type APb APm Params FLOPs

Swin-T Transformer 42.7 39.3 48M 267G

VMamba-T Mamba 46.5 42.1 42M 262G

SBM-T SBM 47.2 42.6 49M 263G

Swin-S Transformer 44.8 40.9 69M 354G

VMamba-S Mamba 48.2 43.0 64M 357G

SBM-S SBM 49.1 44.1 65M 337G

Swin-B Transformer 46.9 42.3 107M 496G

Vmamba-B Mamba 48.5 43.1 96M 482G

SBM-B SBM 50.2 44.8 112M 497G

Table 4. Object detection results on COCO 2017.

We evaluate SBM’s performance on object detection us-

ing the COCO 2017 [30] dataset, a widely used benchmark

for evaluating detection and instance segmentation models.

COCO 2017 contains over 118K training images and 5K

validation images, annotated with bounding boxes and in-

stance masks spanning 80 object categories. We adopt the

Mask R-CNN [19] framework with the standard 1× train-

ing schedule and compare SBM against leading backbone

architectures, including Swin [32] and VMamba [31].

As shown in Table 4, SBM consistently outperforms com-

peting methods across all model scales. Specifically, SBM-T

achieves an APb of 47.2 and an APm of 42.6, exceeding

Swin-T by 4.5 and 3.3 points, respectively, while maintain-

ing comparable computational cost. Similarly, SBM-S at-

tains 49.1 APb and 44.1 APm, surpassing VMamba-S by 0.9
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Architecture #Params. FLOPs Throughput Top-1

Block design all. 25M 4.5G 732 83.2

− Linear mapping branch 23M 4.1G 821 82.3 ↓ 0.9

− Bilinear mapping 21M 3.9G 914 81.6 ↓ 1.6

− Mapping control 24M 4.3G 826 82.6 ↓ 0.6

Table 5. Ablation study on the main branches of the SBM module.

”Block design all” refers to the complete SBM block utilized in

SBM-T, while ”Linear mapping branch,” ”Bilinear mapping,” and

”Mapping control” correspond to the V matrix, U matrix, and G(x)
as described in Section 4.2. These terms represent the ablated ver-

sions where each respective branch is removed, as illustrated in

Fig.3. The table demonstrates the impact of omitting each com-

ponent on model performance and throughput, highlighting the

contribution of each branch to the effectiveness of the SBM block.

The Top-1 accuracy drop is indicated by (↓) for each ablation.

and 1.1 points, respectively, demonstrating its efficiency in

object detection tasks. At the large model scale, SBM-B

achieves the highest performance, with an APb of 50.2 and

an APm of 44.8, outperforming VMamba-B by 1.7 and 1.7

points, respectively, further highlighting its scalability and

effectiveness in complex detection scenarios.

5.5. Ablation Study

To evaluate the impact of each distinct component in our

model, we conduct an ablation study that systematically

removes or modifies key elements. This study is divided

into two parts. First, we analyze the importance of bilin-

ear mapping, linear mapping branch, and mapping control

within the SBM module as shown in Fig 3. Then, we per-

form additional ablations to further investigate the impact

of components within the SBM Block as shown in Fig. 2(b).

Throughput is measured using a RTX3090 GPU. The results

of these experiments are summarized in Table 5 and Table 6.

5.5.1 Ablation on SBM Module

To assess the contribution of each branch in the SBM module,

we isolate each component in separate experiments, and the

results are presented in Table 5. Removing the linear map-

ping branch results in an increase in throughput, but leads

to a noticeable drop in top-1 accuracy, from 83.2% to 82.3%

(↓ 0.9). The removal of bilinear mapping causes a more sub-

stantial decline in accuracy, with top-1 accuracy decreasing

to 81.6% (↓ 1.6), highlighting the essential role of bilinear

mapping in capturing global contextual information. Finally,

removing mapping control leads to a smaller decrease in ac-

curacy, from 83.2% to 82.6% (↓ 0.6), suggesting that while

its impact is more modest, it still contributes positively to

performance without significant loss in efficiency.

5.5.2 Ablation on Key Components in the SBM Block

In this section, we evaluate the importance of key compo-

nents in the SBM block by keeping all three main branches:

Architecture #Params FLOPs Throughput Top-1

Baseline 22M 4.3G 860 82.3

+ APE 22M 4.3G 801 82.6

+ CPE 23M 4.4G 754 82.9

+ Shortcut 22M 4.3G 853 82.4

− Normalization 22M 4.3G 786 73.4

+ Block design all. 25M 4.5G 732 83.2

Table 6. Ablation study on the key components of the SBM block.

The symbols ”+” and ”−” indicate the addition and removal of

specific components, respectively, relative to the baseline configu-

ration. ”Baseline” refers to the SBM block without any additional

enhancements. APE and CPE represent absolute and conditional

positional encoding. Each component’s effect on the model’s pa-

rameters, FLOPs, throughput, and Top-1 accuracy is shown.

positional encoding, layer normalization (LN), and short-

cut connections. The baseline model in Table 6 represents

the SBM block without any form of positional encoding or

shortcuts but includes layer normalization.

We begin by analyzing the baseline model, which has

22M parameters, a throughput of 860, and a top-1 accu-

racy of 82.3%. Adding Absolute Positional Encoding (APE)

and Conditional Positional Encoding (CPE) slightly reduces

throughput but improves performance by 0.3% and 0.6%,

respectively, without introducing a significant increase in

parameters. However, removing all LN layers in SBM block

results in a substantial drop in performance, with top-1 ac-

curacy plummeting to 73.4%. This highlights the critical

role of layer normalization in stabilizing the training process.

Finally, we test the full block design, incorporating all com-

ponents together. This increases the model’s parameter count

to 25M and FLOPs to 4.5G, while the throughput decreases

to 732. However, this configuration leads to an improved

top-1 accuracy of 83.2%.

6. Conclusion
This paper presents Star with Bilinear Mapping (SBM),

a Transformer-like architecture designed to overcome the

quadratic complexity of traditional attention mechanisms

through a bilinear mapping module combined with star op-

erations, achieving global contextual modeling with linear

complexity. Our experiments on image classification and

semantic segmentation tasks, demonstrate that SBM pro-

vides competitive accuracy with significantly improved com-

putational efficiency. Ablation studies further confirm the

effectiveness of its components, underscoring SBM’s poten-

tial as a scalable and high-performance model for efficient

contextual modeling in the computer vision community.
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