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Abstract

Recently, linear complexity sequence modeling networks
have achieved modeling capabilities similar to Vision Trans-
formers on a variety of computer vision tasks, while using
fewer FLOPs and less memory. However, their advantage
in terms of actual runtime speed is not significant. To ad-
dress this issue, we introduce Gated Linear Attention (GLA)
for vision, leveraging its superior hardware-awareness and
efficiency. We propose direction-wise gating to capture 1D
global context through bidirectional modeling and a 2D gat-
ing locality injection to adaptively inject 2D local details into
1D global context. Our hardware-aware implementation fur-
ther merges forward and backward scanning into a single ker-
nel, enhancing parallelism and reducing memory cost and la-
tency. The proposed model, ViG, offers a favorable trade-off
in accuracy, parameters, and FLOPs on ImageNet and down-
stream tasks, outperforming popular Transformer and CNN-
based models.

Code — https://github.com/hustvl/ViG
Extended version — https://arxiv.org/abs/2405.18425

Introduction

Vision Transformer (ViT) (Dosovitskiy et al. 2020) has rev-
olutionized computer vision by introducing an advanced se-
quence modeling layer Transformer (Vaswani et al. 2017)
from natural language processing (NLP) to perform vi-
sual representation learning. It has proven highly success-
ful across various vision tasks (Liu et al. 2021b; Fang et al.
2023; Radford et al. 2021; Fang et al. 2021; Song et al. 2024;
Fang et al. 2024), serving as a versatile backbone. However,
the quadratic complexity inherent in the Transformer’s soft-
max attention presents significant challenges for its applica-
tions on high-resolution images. Numerous efforts (Liu et al.
2021b; Yang et al. 2021) have sought to address this lim-
itation by drawing inspiration from the success of convolu-
tional networks, such as constraining attention computations
within local windows. While this approach achieves linear
complexity similar to conventional CNNgs, it falls short in
capturing the global context. This raises a critical question:
can we design a fundamental block that combines the best
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of both worlds—Transformers and CNNs—offering global
receptive field and linear complexity?

The recent development of linear-time sequence model-
ing methods (Gu and Dao 2023; Peng et al. 2023; Yang
et al. 2024b) from NLP provides a promising solution to the
question. These methods operate similarly to RNNs by com-
pressing all historical inputs into a fixed-size state and then
attending to the current input based on this compressed state,
unlike Transformers (Vaswani et al. 2017) which attend to
all historical states. To further address the wall-time effi-
ciency limitations of explicit recurrent forms, Mamba (Gu
and Dao 2023), RWKYV (Peng et al. 2023), and GLA (Yang
et al. 2024b) introduce hardware-aware implementations,
demonstrating superior accuracy and efficiency compared to
highly-optimized Transformers. Mamba, in particular, has
been widely adopted and adapted for vision tasks. While
these methods achieve superior classification accuracy at a
resolution of 224 and exhibit impressive efficiency in terms
of FLOPs and memory at high resolutions (e.g., 1248 reso-
Iution in Vision Mamba), their wall-time efficiency at lower
and more common resolutions is often comparable to or
even less than that of ViT/DeiT (Dosovitskiy et al. 2020;
Touvron et al. 2021).

This limitation inspires us to explore the application of the
superior hardware-efficient GLA (Yang et al. 2024b; Yang
and Zhang 2024) to push the efficiency and accuracy enve-
lope of linear-complexity visual sequence learning, making
it more practical and competitive with the well-established
and highly-optimized Transformers and CNNs. Different
from Mamba based on SISO (single-input-single-output)
state space model (Gu, Goel, and Ré 2022), GLA originates
from linear attention (Katharopoulos et al. 2020), which has
a simple and hardware-friendly matrix-multiply form by ap-
proximating softmax in standard attention with a linear ker-
nel. To further enhance the expressiveness, GLA introduces
anovel data-dependent gating mechanism to adaptively con-
trol the forget rate of compressed state.

However, the vanilla GLA model is designed for unidi-
rectional modeling, which has temporal dependence. This
makes its ability for global perception in NLP not truly
global when applied to vision tasks. Despite some follow-
up works (Hu et al. 2024; Huang et al. 2024) on Mamba
in vision that explore additional scanning directions beyond
bidirectional modeling of 1D visual sequences to approx-



imate vanilla attention’s ability to interact with visual to-
kens in any direction and position, these approaches suf-
fer from significant memory inefficiencies due to frequent,
non-sequential memory access patterns, making them less
practical in terms of wall-time efficiency. We adhere to bidi-
rectional modeling for its simplicity and memory-friendly
access pattern. To further harness the inherent directional
sensitivity in vision data (i.e., information from different vi-
sual directions varies significantly in importance), we pro-
pose a bidirectional GLA (BiGLA) layer by designing a
direction-wise gating mechanism to adaptively select the
global context from different directions. This design shares
most parameters between the forward and backward di-
rections. Though the proposed directional design achieves
global context along the 1D visual sequence, it still fails to
capture the 2D nature of visual data. To address this, we pro-
pose a 2D gating locality injection to adaptively compress
2D local information extracted by convolution into the 1D
global context extracted by the sequence modeling BiGLA
layer. Moreover, the proposed parameter-efficient bidirec-
tional design allows us to merge bidirectional scanning into
a single kernel, enhancing the hardware-awareness of the
implementation and reducing memory cost and latency in-
troduced by the extra direction.

The main contributions of this paper can be summarized
as follows:

* We present ViG, a generic vision backbone network that
combines the linear complexity of Gated Linear Atten-
tion (GLA) with the hardware-awareness needed for ef-
ficient visual sequence learning. ViG addresses the lim-
itations of previous Transformer-based and CNN-based
methods, combining the best of both worlds to offer an
efficient and scalable solution.

* To better adapt to vision tasks, we propose three key de-
signs with minimal overhead: a bidirectional gated linear
attention mechanism to capture the global 1D context of
visual sequences, a direction-wise gating mechanism to
adaptively select global context from different directions,
and a 2D gating locality injection to integrate 2D local
information into the 1D global context. We further pro-
vide a hardware-aware implementation that merges bidi-
rectional scanning into a single kernel, enhancing paral-
lelism and reducing memory cost and latency.

e Our models achieve superior performance in terms of
accuracy and parameters compared to state-of-the-art
non-hierarchical and hierarchical models on ImageNet,
as shown in Fig. 1. For downstream dense prediction
tasks (Zhou et al. 2019; Lin et al. 2014), ViG outper-
forms ViT and VRWKV. The wall-time efficiency of ViG
outperforms the counter-part linear-complexity visual se-
quence learning methods (Zhu et al. 2024; Duan et al.
2024; Liu et al. 2024) and matches the well-established
and highly-optimized ConvNeXt (Liu et al. 2022b) and
SwinTransformer (Liu et al. 2021b).

Related Work

ViT (Dosovitskiy et al. 2020) demonstrated that visual rep-
resentation learning can be performed in a sequence manner
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by introducing the Transformer (Vaswani et al. 2017) from
NLP. Many follow-up works (Wu et al. 2021; Wang et al.
2022; Fang et al. 2022; Dong et al. 2022; Liu et al. 2022a)
focus on improving ViT’s efficiency and performance with-
out altering the softmax attention. Recently, another line of
works (Qin, Yang, and Zhong 2024; Katharopoulos et al.
2020; Arora et al. 2024; Dai et al. 2019) have shown that
quadratic softmax attention can be replaced by advanced
RNN-like, linear-time sequence modeling methods. Vision
Mamba (Zhu et al. 2024) builds upon the linear-time se-
quence modeling Mamba block (Gu and Dao 2023) by in-
troducing an additional backward SSM layer. VMamba (Liu
et al. 2024) introduces criss-cross scanning to Mamba and
builds a hierarchical architecture. LocalMamba (Huang et al.
2024) optimizes scanning directions to exploit local priors
for vision. Zigma (Hu et al. 2024) and PlainMamba (Yang
et al. 2024a) introduce multiple scanning directions in a
zigzag manner. Many works (Ma, Li, and Wang 2024; Li
et al. 2024; Chen et al. 2024a; Liang et al. 2024; Xing et al.
2024; Zhao et al. 2024; Zhang et al. 2024; Patro and Ag-
neeswaran 2024; Shen et al. 2024; Yang, Xing, and Zhu
2024; He et al. 2024; Fei et al. 2024; Chen et al. 2024b)
have explored Mamba’s effectiveness in various vision tasks.
In contrast, VisionRWKYV (Duan et al. 2024) forgoes the
Mamba block, adapting the linear complexity RWKYV block
from NLP for use in vision.

Preliminary
In this section, we introduce the evolution from linear atten-

tion to advanced gated linear attention (GLA), omitting the
multi-head mechanism for simplicity.

Linear Attention. Linear attention (Katharopoulos et al.
2020; Qin et al. 2022) replaces exp(qg;k, ) in standard soft-
max attention with feature map dot-products ¢(q;)p(k;) "
and removes the normalizer. This simplifies the computation
of o; as:

t
T
o =aq Yy kv )
i=1
Letting hidden state S; = >'_, k; v; € R%**% which is
fixed-size and compresses the historical information, we can
rewrite above computation as an RNN:

St=Si1+kl v, 0, =g;S:. ©)

Gated Linear Attention. (Yang et al. 2024b) propose
adding a data-dependent gating mechanism in linear atten-
tion to enhance expressiveness. The gated linear attention
can be defined as:

a; = sigmoid((z, W' W2 + b,))* € R*%

G, =/ 1€ (0,1)hxde

St =G:©Si_1 + kv, € RW* 0, = ¢S4,
where o is obtained from applying a low-rank linear layer
on x; followed by sigmoid activation, W! € R¥¥16 W2 ¢
R16xdk b R1*9r gre trainable matrices and 7 = 16 is
a temperature term to encourage the model to have a slower

forgetting rate, G is matrix-form forget gate, expanded by
outer-producting with matrice 1.
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Figure 1: Performance comparisons of (a) non-hierarchical architectures (Duan et al. 2024; Touvron et al. 2021; Zhu et al.
2024; Nguyen et al. 2022) and (b) hierarchical architectures (Liu et al. 2024, 2022b, 2021b; Nguyen et al. 2022; Radosavovic
et al. 2020; He et al. 2016) on ImageNet-1K. Our proposed non-hierarchical ViG and hierarchical ViG-H demonstrate superior
performance compared to the popular models in terms of parameters and accuracy. Particularly, the proposed basic ViG block

achieves global receptive field with linear complexity, while the CNN (He et al. 2016; Radosavovic et al. 2020; Liu et al. 2022b),
vanilla softmax attention (Touvron et al. 2021) and window-attention-based (Liu et al. 2021b) blocks cannot.

Method direction:
— 17x7 1><2d;C
Overall Architecture - gt B SIngld((mtwfa?/ )7 €R
at,at:bpht( t)ER x k
The overall architecture of our mod;l is depicted in Fglg. 2. a _ e (0, 1)dk xd,
We first transform the H x W x 3 image into 7' = ZXW (_t ’
patch tokens with d dimensions, where p is the patch size. G; = oztT 1 € (0, 1)d’“Xd“7

Before feeding the patch tokens into the stack of ViG blocks,
we add learnable position embeddings. The output tokens of
the last block are fed into a global average pooling layer
followed by a linear classifier.

ViG Block ViG block, serving as a basic block, consists
of: 1) a long-term BiGLA layer that can exploit the 1D-
global context of the image in a linear-complexity manner;
2) a short-term depth-wise convolution layer that can capture
the 2D-local details of the image; 3) a gating mechanism that
can adaptively combine the global and local information; 4)
a SwiGLU FFN layer for channel mixing.

Global Bidirectional Gated Linear Attention This work
adopts bidirectional modeling for its inherent simplicity and
memory-friendly access pattern. The crux of this design is
the direction-wise gating mechanism, particularly the for-
get gate G, which meticulously controls the flow of infor-
mation. This is crucial, especially for tokens located at the
boundaries of an object, where information from different
directions varies significantly in importance. To harness this
directional sensitivity effectively, we introduce the Bidirec-
tional Gated Linear Attention (BiGLA) layer, as shown in
Fig. 3. This layer is parameter-efficient by sharing all pa-
rameters except for the forget gate, which is tailored to each

5184

4)
gt = Gt © §t—1 + k) v, € R>do,
&

—
S;=G;® Sy + kv, € RUXde

ol

%
t = qt ta%t:%ﬁsta
=(F:+91)/2,

where O indicates bidirectional modification, ﬁ and
E mdlcate forward and backward direction respectively,

W € R16%2dk and b, € R'*2% The proposed BiGLA
1ayer compresses the historical information of forward and

backward directions into fixed-size hidden states gt and

<§t, and attends g; with the hidden states to obtain long-
term global context in a linear-complexity manner.

The proposed design only introduces extra 17d, parame-
ters to render vanilla causal GLA layer into BiGLA layer for
visual representation learning, which is minor compared to
the total 4d® parameters (roughly) by setting d, di, = % and
d, = d. The designed BiGLA layer has nearly the same
number of parameters as the standard softmax attention
while using much fewer FLOPs (QgigLa = 5Td? + 32Td
vS. QsofimaxAtn = 4Td? + 2T2d)-

2D Gating Locality Injection Though the hidden states
¢+ and S, in the BiGLA layer, compressed along the 1D
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Figure 2: The overall architecture of ViG. We follow ViT to build architecture by first transforming the input image into a
sequence of patches and then feeding it into /N basic ViG blocks. The proposed ViG block consists of RMSNorm (Zhang and
Sennrich 2019), the proposed linear complexity spatial mixing layer, and SwiGLU Feed Forward Network (Shazeer 2020).
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Figure 3: Illustration of BiGLA. gt and S, are the fixed-
size hidden states for forward and backward directions re-
spectively. o, is the bidirectional gating.

visual sequences, can capture the long-term global context
of the image, they may find it difficult in capturing the lo-
cal details of 2D images. To address this issue, we inject 2D
locality by introducing a short-term local convolution layer.
In our case, we use 3 x 3 depthwise convolution for its ef-
ficiency in parameters and FLOPs, where the 3 x 3 convo-
lutional filters are separated into each channel. Inspired by
the data-dependent gating mechanism in GLA (Yang et al.
2024b), we propose a gating aggregation for 2D locality in-
jection to interleave the global and local information:

Olocal = DWConvsy3(X),
Ogiobat = BIGLA(Ojocal),
Gop = sigmoid(Oiecal Wiaie2p + bgatean),
O = G2p © Ojpcal + (1 = Gap) © Ogiopal-

&)
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Architecture Details Equipped with the proposed ViG
block, we mainly investigate two kinds of variants of ViG:
ViT-style non-hierarchical models with a fixed number of to-
kens in each block and CNN-style hierarchical models with
gradually downsampled tokens.

For ViT-style models, we set the patch size p to 16 and
stack 12 ViG blocks. Then, we obtain 3 variants of the model
at different sizes (ViG-T, ViG-S, and ViG-B) by directly ad-
justing the embedding dimension d, which have similar pa-
rameters to DeiT-T, S, and B. For hierarchical models, we
also propose 3 variants (ViG-H-T, ViG-H-S, and ViG-H-B)
following the design of SwinTransformer. We set the patch
size p to 4 and apply our proposed ViG block at different
stages. The detailed architectures are provided in extended
version.

Efficient Implementation

The practical efficiency of the model not only depends
on the theoretical FLOPs but is mostly determined by the
hardware-awareness of the implementation. It means the im-
plemented model should: 1) be aware of memory hierarchy;
2) leverage the specialized compute unit (tensor cores on
GPU for fast matrix multiplication); 3) have a high degree
of parallelism. Thanks to the hardware-aware implementa-
tion of GLA, the most calculation-intensive parts of ViG can
be represented in matrix multiplication and are performed
on faster SRAM instead of slower high bandwidth memory
(HBM), leading to superior wall-time efficiency by leverag-
ing the tensor cores and reducing the HBM I/O cost.

Hardware-aware Bidirectional Design. Given the multi-
directional nature of representing 2D images in 1D flattened
sequences, the pioneering work Vim, based on bidirectional
modeling, chooses to invoke two sequential kernels to pro-
cess the forward and backward directions separately, which
is inefficient in terms of parallelism. In this work, we pro-
pose a hardware-aware bidirectional design by fusing the



Method | Size  #P. FLOPs Tp.|Acc.
Transformers
ViT-B/16 (Dosovitskiy et al. 2020) |3842 86M 55.4G -177.9
VIiT-L/16 (Dosovitskiy et al. 2020) |384% 307M 190.7G -176.5
DeiT-T (Touvron et al. 2021) 2242 6M  1.3G 5761|72.2
DeiT-S (Touvron et al. 2021) 2242 22M  4.6G 2396|79.8
DeiT-B (Touvron et al. 2021) 2242 86M 17.6G 837|81.8
MLP
¢MLP-T (Liu et al. 2021a) 2242 6M  1.4G 3872|723
gMLP-S (Liu et al. 2021a) 2242 20M  4.5G 1676|79.6
gMLP-B (Liu et al. 2021a) 2242 73M 158G 647|81.6
SSMs
S4ND-ViT-B (Nguyen et al. 2022) |224° 89M - 562|804
Vim-T (Zhu et al. 2024) 2242 TM  1.5G 2561|76.1
Vim-S (Zhu et al. 2024) 2242 26M  5.1G 1151(80.3
LocalVim-T (Huang et al. 2024) 2242 8M 1.5G 885|762
LocalVim-S (Huang et al. 2024) 2242 28M 4.8G 396|812
PlainMamba-L1 (Yang et al. 2024a) 2242 7M  3.0G 995|77.9
PlainMamba-L2 (Yang et al. 2024a)| 2242 26M  8.1G 482|81.6
PlainMamba-L3 (Yang et al. 2024a) 2242 51M 144G 279|823
Linear RNN
VRWKV-T (Duan et al. 2024) 2242 6M  1.2G 4551|75.1
VRWKYV-S (Duan et al. 2024) 2242 24M  4.6G 172480.1
VRWKYV-B (Duan et al. 2024) 2242 94M 182G 635(82.0
Linear Attention
ViG-T 2242 6M  0.9G 4645|77.2
ViG-S 2242 23M  3.5G 1886|81.7
ViG-B 2242 89M 13.8G 701|82.6

Table 1: Comparison with plain architectures on ImageNet-
1K val set. “Size” means image size. “#P.”, “Tp.”, and “Acc.”
denote the number of parameters, throughput and top-1 ac-
curacy respectively. Tp. (images/s) is measured on a single
4090 GPU with batch size 256 following (Liu et al. 2021b).

forward and backward directions of Eq. (4) into a single ker-
nel to achieve higher parallelism. Moreover, owing to the
parameter-efficient design of the BiGLA layer, we can re-
duce the materialization of the backward visual sequence in
high-bandwidth memory (HBM), which saves memory.

Experiment

We conduct extensive experiments to validate the effective-
ness of our proposed models. We present the main results on
ImageNet (Deng et al. 2009). Additionally, we benchmark
our model on downstream dense prediction tasks, including
object detection on the COCO (Lin et al. 2014) dataset and
semantic segmentation on ADE20K (Zhou et al. 2019).

Image Classification

Settings. We train classification experiments on
ImageNet-1K dataset, which is a widely used large-
scale benchmark for image classification. To fairly compare
with previous works, we mainly follow the training and
evaluation setting of DeiT and SwinTransformer (Touvron
et al. 2021; Liu et al. 2021b). All the models are trained
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Method | Size  #P. FLOPs Tp.|Acc.
Convnets
RegNetY-4G (Radosavovic et al. 2020) 2242 12M 4G -180.0
RegNetY-8G (Radosavovic et al. 2020) 2242 25M 8G -181.7
RegNetY-16G (Radosavovic et al. 2020) 2242 45M 16G -182.9
EffNet-B3 (Tan and Le 2019) 3002 12M  1.8G -181.6
EffNet-B4 (Tan and Le 2019) 3802 19M  4.2G -182.9
EffNet-B5 (Tan and Le 2019) 4562 30M  9.9G -183.6
EffNet-B6 (Tan and Le 2019) 5282 43M 19.0G -184.0
EffNet-B7 (Tan and Le 2019) 5282 66M 37.0G -184.3
ConvNeXt-T (Liu et al. 2022b) 2242 29M  4.5G 1505|82.1
ConvNeXt-S (Liu et al. 2022b) 2242 50M 8.7G 905|83.1
ConvNeXt-B (Liu et al. 2022b) 2242 89M 154G 643 |83.8
Transformers
Swin-T (Liu et al. 2021b) 2242 28M  4.6G 1511|81.3
Swin-S (Liu et al. 2021b) 224% 50M  8.7G 915|83.0
Swin-B (Liu et al. 2021b) 224% 88M 154G 661 |83.5
SSMs
S4ND-ConvNeXt-T (Nguyen et al. 2022) [224% 30M - 643|822
VMamba-T (Liu et al. 2024) 2242 31M  4.9G 1161|825
VMamba-S (Liu et al. 2024) 2242 50M 8.7G 779(83.6
VMamba-B (Liu et al. 2024) 2242 89M 154G 557|83.9
EfficientVMamba-B (Pei, Huang, and Xu 2024) |224> 33M  4.0G 125881.8
LocalVMamba-T (Huang et al. 2024) 2242 26M  5.7G 330]82.7
LocalVMamba-S (Huang et al. 2024) 2242 50M 114G 193(83.7
Linear Attention
ViG-H-T 2242 29M  4.5G 1480|828
ViG-H-S 2247 50M  8.8G 890|83.8
ViG-H-B 2242 89M 15.5G 621(84.2

Table 2: Comparison with hierarchical architectures on
ImageNet-1K validation set.

from scratch for 300 epochs. Further details are provided in
extended version.

Comparison with Non-hierarchical Architectures.
Tab. 1 compares ViG with plain non-hierarchical archi-
tectures based on different sequence modeling layers,
including Transformer, SSM, and linear RNN. The results
show that the proposed ViG achieves superior trade-off in
terms of parameters and accuracy across various model
sizes, as shown in Fig. 1 (a). Remarkably, ViG-S has nearly
the same number of parameters as DeiT-S and significantly
outperforms it by 1.9% top-1 accuracy, which matches the
performance of DeiT-B (only 0.1% lower) with 3.7x fewer
parameters, 5x fewer FLOPs and 2x faster throughput.
Moreover, ViG-B reaches 82.6% top-1 accuracy, surpassing
DeiT-B by 0.8%, VRWKYV-B by 0.6%, and S4ND-ViT-B by
2.2%.

In terms of practical throughput, ViG surpasses other
linear-complexity sequence modeling methods, notably be-
ing 1.8x faster than Vim-T and 1.6x faster than Vim-S at
tiny and small model sizes respectively.

Comparison with Hierarchical Architectures. Tab. 2
compares ViG-H with hierarchical architectures, includ-
ing CNN-based RegNet and ConvNeXt, Transformer-based
Swin Transformer, and SSM-based S4ND and VMamba.
Thanks to linear complexity of the proposed VGLA block,
ViG-H achieves similar FLOPs, but with the added advan-



Method #Param. FLOPs AP® AP™
ViT-T' 8M 954G 411 375
ViT-T 8M 147.1G 416 379
VRWKV-T 8M 679G 417 380
ViG-T 8M 612G 433 39.1
ViT-S' 28M  2412G 446 397
ViT-S 28M  3445G 449  40.1
VRWKV-S 29M  189.9G 448 402
ViG-S 28M 164.1G 455 40.8
ViT-Bf 100M 686.7G 462 415
ViT-B 100M 8933G 468 41.8
VRWKV-B 107TM  599.0G  46.8  41.7
ViG-B 103M  498.5G 473 422

Table 3: Object detection and instance segmentation on
COCO val2017. “#Param” denotes the number of backbone
parameters. “FLOPs” denote the computational workload of
the backbone with an input image of 1333 x 800. “{” means
window attention is adopted in ViT layers.

tage of a global receptive field. As shown in Fig. 1 (b), ViG-
H achieves the best accuracy across different model sizes.

The results of practical throughput demonstrate that ViG-
H surpasses the SSM-based S4ND and VMamba, and
matches the performance of well-established and highly-
optimized ConvNeXt and SwinTransformer.

Object Detection

Settings. We conduct experiments for object detection and
instance segmentation on the COCO 2017 dataset. We uti-
lize Mask-RCNN as the detection head and follow VRWKV
to integrate the ViT-Adapter (Chen et al. 2023) on our plain
ViG models. Further details are provided in extended ver-
sion.

Results. In Tab. 3, for high-resolution 1333 x 800 input
images, ViT needs to resort to window attention to ensure
efficiency, sacrificing accuracy. Unlike ViT, ViG can effi-
ciently process high-resolution images directly with a global
receptive field. The results demonstrate that ViG outper-
forms both ViT and VRWKYV in terms of FLOPs and accu-
racy. Specifically, ViG-T uses only half the backbone FLOPs
of ViT-T but achieves 1.7 higher AP® and 1.2 higher AP™,
surpassing VRWKV-T by 1.6 in AP® and 1.1 in AP™. For
the base model size, though VRWKV-B is more efficient
than ViT-B in FLOPs, it still falls short of ViT-B by 0.1
in AP™. Meanwhile, our ViG-B achieves 0.5 higher APP
and 0.4 higher AP™ than ViT-B with 44% lower backbone
FLOPs.

Semantic Segmentation

Settings. We train experiments for semantic segmenta-
tion on the ADE20K (Zhou et al. 2019) dataset. We use
UperNet (Xiao et al. 2018) as the segmentation head and
adopt the ViT-Adapter following VRWKYV to adapt our plain
ViG for segmentation. Training details are the same as VR-
WKYV (Duan et al. 2024) and Vim (Zhu et al. 2024).
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Method | #Param.  FLOPs  mloU
Vim-T* - - 410
VIiT-T SM 20.9G 42.6
VRWKV-T SM 16.6G 43.3
ViG-T M 149G 438
Vim-S* - - 449
ViT-S 28M 54.0G 46.2
VRWKYV-S 29M 46.3G 47.2
ViG-S 28M 40.0G 479
ViT-B 100M  157.9G 48.8
VRWKV-B 107M  146.0G 49.2
ViG-B 103M  121.5G 49.4

Table 4: Semantic segmentation on ADE20K val set.
“FLOPs” denote the computational workload of the back-
bone with an input image of 512 x 512. “1” denotes that the
results are directly taken from its paper (Zhu et al. 2024).

Method Roadmap |#Param. Tp. Memory Acc.

DeiT | 5.72M 5761 627TMB 72.2
GLA 5.72M 6662 582MB 66.1
+ improved patch embedding layer | 5.75M 6634 582MB 73.8
+ direct bidirectional modeling 5.75M 4564 748MB 75.2
+ absolute position embedding 5.79M 4571 748MB 75.4
+ direction-wise @ 5.81M 4566 785MB 76.3
+ 2D gating locality injection 5.83M 3812 842MB 77.2
+ hardware-aware bidirection impl.| 5.83M 4645 730MB 77.2

Table 5: Roadmap of ViG. Throughput and memory are test
on 4090 GPU with batch size 256 and image size 224.

Results. As shown in Tab. 4, for medium-resolution
512 x 512 input images, ViG outperforms the quadratic-
complexity Transformer-based ViT and the linear-
complexity RNN-based VRWKV across different model
sizes in both FLOPs and segmentation accuracy. For in-
stance, in the tiny size models, ViG outperforms ViT by 1.2
mloU and 5G FLOPs, and VRWKY by 0.5 mloU and 1.7G
FLOPs. In the small size models, ViG surpasses ViT by
1.7 mIoU and 14G FLOPs, and VRWKYV by 0.7 mIoU and
6.3G FLOPs. These results demonstrate ViG’s superiority
for dense prediction tasks compared to VRWKV.

Ablation Study

Roadmap. In Tab. 5, we show the roadmap of how to in-
troduce minimal cost to render the causal sequence model-
ing GLA into proposed ViG. The “improved patch embed-
ding layer” of Row 3 means that we adopt a 9 x 9 convo-
lution with stride as 8 followed by 3 x 3 convolution with
stride as 2, which only adds 0.03 M parameters but boost
the accuracy with nearly no affects on inference efficiency.
The ViG-T introduces only 0.11M parameters and signifi-
cantly outperforms vanilla GLA by 11.1% top-1 accuracy
and DeiT by 5.0% top-1 accuracy. By further introducing
the hardware-aware bidirectional implementation, we signif-
icantly boost the efficiency (enhance throughput by 21.9%
and save 13.3% GPU memory) and close the gap with DeiT,
even at the low-resolution 224 x 224 image.



25

- 3 OOM  ___ viGT
5 VRWKV-T
20 1 Vim-T
. L /M/ DeiT-T
[a]
1074 o 5] 03 : |
o -
-~ o
g 2
o
o = 10
10% 4 E
Q
5 -
100 4
: — . . : : 0l—= — . : : :
224 512 640 768 1024 1280 1640 2048 224 512 640 768 1024 1280 1640 2048
Image Resolution Image Resolution
(a) FLOPs (b) Memory
80
—~ 701
102 4 3\0,
2 601
@©
5
’U? 50 -
£ 3
> 10t <
z ~ 40
c Q
g L 50 —o— VIiGT
o
- g +— VRWKV-T
10° g,207 vim-T
e DeiT-T
£ 104
ResNet50
0 -
224 512640768 1024 1280 1640 2048 224 384 512 640 768 1024
Image Resolution Image Resolution
(c) Latency (d) Accuracy

Figure 4: Comparison among ViG, Vim, VRWKY, and ViT in (a) FLOPs, (b) memory, (c) latency, and (d) accuracy with respect
to increasing image resolution during inference on ImageNet-1K val set. The blue dashed line indicates the estimated values
when the GPU memory has run out.

Efficiency of ViG. In Fig. 4, we compare ViG-T with strates superior generalization in resolution extrapolation.
Vim-T, VRWKV-T, and DeiT-T, focusing on theoretical
FLOPs, actual latency, and memory usage on a 4090 GPU. Conclusion
We test the model across increasing input image resolu-
tions from 224 x 224 to 2048 x 2048. Thanks to the linear- In this paper, we introduced ViG, a generic vision back-
complexity sequence modeling, the advantage of the pro- bone network that introduces Gated Linear Attention (GLA)
posed architecture over ViT grows as the resolution in- to the vision field, achieving efficient visual representation
creases. When resolution reaches 1024 x 1024, ViG-T uses learning. Our approach addresses the inherent limitations
5.2x lower FLOPs, saves 90% GPU memory, and runs 4.8 x of traditional Transformers and CNNs by maintaining a
faster than DeiT-T. Compared to its lincar-complexity Vim, ~ global receptive field while operating with linear complex-
ViG also demonstrates 1.6x lower FLOPs, saves 26% GPU ity. We propose direction-wise gating through bidirectional
memory, and runs 2.2x faster. Additionally, ViG surpasses GLA modeling and 2D gating locality injection to capture
VRWKY in terms of FLOPs, latency, and memory. both global context and local details, leading to signifi-
cant improvements. Additionally, our hardware-aware im-
Accuracy vs. Resolution. In Fig. 4 (d), we test the accu- plementation reduces the overhead brought by extra direc-
racy of models trained on 224 x 224 resolution across dif- tion, enhancing efficiency. The superior results of ViG in
ferent resolutions. ViG outperforms ViT, Vim, VRWKY, and low-resolution image classification, medium-resolution seg-
hierarchical CNN-based ResNet50. The results demonstrate mentation, and high-resolution detection highlight it as a
that ViG benefits from better 2D-awareness and demon- competitive alternative to the existing vision backbones.
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