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Abstract

Recent advances in self-attention and pure multi-layer perceptrons (MLP) models
for vision have shown great potential in achieving promising performance with
fewer inductive biases. These models are generally based on learning interaction
among spatial locations from raw data. The complexity of self-attention and MLP
grows quadratically as the image size increases, which makes these models hard
to scale up when high-resolution features are required. In this paper, we present
the Global Filter Network, a conceptually simple yet computationally efficient
architecture, that learns long-term spatial dependencies in the frequency domain
with log-linear complexity. Our architecture replaces the self-attention layer in
vision transformers with three key operations: a 2D discrete Fourier transform,
an element-wise multiplication between frequency-domain features and learnable
global filters, and a 2D inverse Fourier transform. We exhibit favorable accura-
cy/complexity trade-offs of our models on ImageNet, which achieve competitive
performance with vision transformers while maintaining the high efficiency of
MLP models.

1 Introduction

The transformer architecture, originally designed for the natural language processing (NLP) tasks [33],
has shown promising performance on various vision problems recently [7, 31, 21, 40, 3]. Different
from convolutional neural networks (CNNs), vision transformer models use self-attention layers to
capture long-term dependencies, which are able to learn more diverse interactions between spatial
locations. The pure multi-layer perceptrons (MLP) models [29, 30] further simplify the vision
transformers by replacing the self-attention layers with MLPs that are applied across spatial locations.
Since fewer inductive biases are introduced, these two kinds of models have the potential to learn
more generic and flexible interactions among spatial locations from raw data.

One primary challenge of applying self-attention and pure MLP models to vision tasks is the
considerable computational complexity that grows quadratically as the number of tokens increases.
Therefore, typical vision transformer style models usually consider a relatively small resolution for
the intermediate features (e.g. 14 x 14 tokens are extracted from the input images in both ViT [7]
and MLP-Mixer [29]). This design may limit the applications of downstream dense prediction tasks
like detection and segmentation. A possible solution is to replace the global self-attention with
several local self-attention like Swin transformer [21]. Despite the effectiveness in practice, local
self-attention brings quite a few hand-made choices (e.g., window size, padding strategy, etc.) and
limits the receptive field of each layer, which may hurt the generality of this kind of models.

In this paper, we present a new conceptually simple yet computationally efficient architecture
called Global Filter Network (GFNet), which follows the trend of removing inductive biases from
vision models while enjoying the log-linear complexity in computation. The basic idea behind our
architecture is to learn the interactions among spatial locations in the frequency domain. Different
from the self-attention mechanism in vision transformers and the fully connected layers in MLP
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Figure 1: The overall architecture of the Global Filter Network. Our architecture is based on Vision
Transformer (ViT) models with some minimal modifications. We replace the self-attention sub-layer with the
proposed global filter layer, which consists of three key operations: a 2D discrete Fourier transform to convert
the input spatial features to the frequency domain, an element-wise multiplication between frequency-domain
features and the global filters, and a 2D inverse Fourier transform to map the features back to the spatial domain.
The efficient fast Fourier transform (FFT) enables us to learn arbitrary interactions among spatial locations with
log-linear complexity.

Complexity (FLOPs) # Parameters
Depthwise Convolution E2HWD k*D
Self-Attention 4HWD? + 2H?*W?D 4D?
Spatial MLP H?*W?D H*W?
Global Filter HW DJlog,(HW)] + HW D HWD

Table 1: Comparisons of the proposed Global Filter with prevalent operations in deep vision models. H, W and
D are the height, width and the number of channels of the feature maps. k is the kernel size of the convolution
operation. The proposed global filter is much more efficient than self-attention and spatial MLP.

models, the interactions among tokens are modeled as a set of learnable global filters that are applied
to the spectrum of the input features. Since the global filters are able to cover all the frequencies,
our model can capture both long-term and short-term interactions. The filters are directly learned
from the raw data without introducing human priors. Our architecture is largely based on the vision
transformers only with some minimal modifications. We replace the self-attention sub-layer in vision
transformers with three key operations: a 2D discrete Fourier transform to convert the input spatial
features to the frequency domain, an element-wise multiplication between frequency-domain features
and the global filters, and a 2D inverse Fourier transform to map the features back to the spatial
domain. Since the Fourier transform is used to mix the information of different tokens, the global filter
is much more efficient compared to the self-attention and MLP thanks to the O(L log L) complexity
of the fast Fourier transform algorithm (FFT) [4]. Benefiting from this, the proposed global filter
layer is less sensitive to the token length L and thus is compatible with larger feature maps and
CNN-style hierarchical architectures. The overall architecture of GFNet is illustrated in Figure 1. We
also compare the proposed global filter with prevalent operations in deep vision models in Table 1.

Our experiments on ImageNet verify the effectiveness of GFNet. Our method achieves competitive
performance with DeiT [31] while maintaining the high efficiency of MLP-like models [30]. With
a similar architecture, our model outperform the recent MLP models including ResMLP [30] and
gMLP [20]. When using the hierarchical architecture, GFNet can further enlarge the gap. GFNet
also works well on downstream transfer learning datasets. Our results demonstrate that GFNet can be
a very competitive alternative to vision transformers and MLP-like models in accuracy/complexity
trade-offs.
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2 Related works

Vision transformers. Since Dosovitskiy et al. [7] introduce transformers to the image classifica-
tion and achieve a competitive performance compared to CNNs, transformers begin to exhibit their
potential in various vision tasks [2, 3, 40]. Recently, there are a large number of works which aim
to improve the transformers [31, 32, 21, 34, 13, 8, 36]. These works either seek for better training
strategies [31, 8] or design better architectures [21, 34, 36] or both [32, 8]. However, most of the
architecture modification of the transformers [34, 13, 21, 36] introduces additional inductive biases
similar to CNNs. In this work, we only focus on the standard transformer architecture [7, 31] and
our goal is to replace the heavy self-attention layer (O(L?)) to an more efficient operation which can
still model the interactions among different spatial locations without introducing the inductive biases
associated with CNNs.

MLP-like models. More recently, there are several works that question the importance of self-
attention in the vision transformers and propose to use MLP to replace the self-attention layer in the
transformers [29, 30, 20]. The MLP-Mixer [29] employs MLPs to perform token mixing and channel
mixing alternatively in each block. ResMLP [30] adopts a similar idea but substitutes the Layer
Normalization with an Affine transformation for acceleration. The recently proposed gMLP [20] uses
a spatial gating unit to re-weight tokens in the spatial dimension. However, all of the above models
include MLPs to mix the tokens spatially, which brings two drawbacks: (1) like the self-attention
in the transformers, the spatial MLP still requires computational complexity quadratic to the length
of tokens. (2) unlike transformers, MLP models are hard to scale up to higher resolution since the
weights of the spatial MLPs have fixed sizes. Our work follows this trend and successfully resolves
the above issues in MLP-like models. The proposed GFNet enjoys log-linear complexity and can be
easily scaled up to any resolution.

Applications of Fourier transform in vision. = Fourier transform has been an important tool in
digital image processing for decades [25, 1]. With the breakthroughs of CNNs in vision [10, 9],
there are a variety of works that start to incorporate Fourier transform in some deep learning
method [19, 35, 6, 17]. Some of these works employ discrete Fourier transform to convert the images
to the frequency domain and leverage the frequency information to improve the performance in
certain tasks [17, 35], while others utilize the convolution theorem to accelerate the CNNs via fast
Fourier transform (FFT) [19, 6]. In this work, we propose to use learnable filters to interchange
information among the tokens in the Fourier domain, inspired by the frequency filters in the digital
image processing [25]. We also take advantage of some properties of FFT to reduce the computational
costs and the number of parameters.

3 Method

3.1 Preliminaries: discrete Fourier transform

We start by introducing the discrete Fourier transform (DFT), which plays an important role in the
area of digital signal processing and is a crucial component in our GFNet. For clarity, We first
consider the 1D DFT. Given a sequence of N complex numbers z[n|,0 < n < N — 1, the 1D DFT
converts the sequence into the frequency domain by:

N-1 N—-1
X[k =Y afp)e?CT/NEn = N g ln] Wk (3.1)
n=0 n=0

where j is the imaginary unit and Wy = e~7(27/N)_ The formulation of DFT in Equation (3.1) can
be derived from the Fourier transform for continuous signal by sampling in both the time domain and
the frequency domain (see Appendix A for details). Since X [k] repeats on intervals of length N, it
is suffice to take the value of X [k] at N consecutive points k = 0,1, ..., N — 1. Specifically, X [k]
represents to the spectrum of the sequence x[n] at the frequency wy = 27k/N.

It is also worth noting that DFT is a one-to-one transformation. Given the DFT X [k], we can recover
the original signal z:[n] by the inverse DFT (IDFT):
| V=l
_ = j (27 /N)kn
x[n] = ];J X[k]e’ . (3.2)
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Algorithm 1 Pseudocode of Global Filter Layer.

x: the token features, B x H x W x D (where N = H * W)
K: the filter kernel, H x W_hat x D (where W_hat = W // 2 + 1, see Section 3.2 for details)

H H®

X = rfft2(x, dim=(1, 2))
X_tilde = X * K
x = x + irfft2(X_tilde, dim=(1, 2))

rfft2/irfft2: 2D FFT/IFFT for real signal

For real input z[n], it can be proved that (see Appendix A) its DFT is conjugate symmetric, i.e.,
X[N — k] = X*[k]. The reverse is true as well: if we perform IDFT to X [k] which is conjugate
symmetric, a real discrete signal can be recovered. This property implies that the half of the DFT
{X[k] : 0 < k < [N/2]} contains the full information about the frequency characteristics of z[n].

DFT is widely used in modern signal processing algorithms for mainly two reasons: (1) the input and
output of DFT are both discrete thus can be easily processed by computers; (2) there exist efficient
algorithms for computing the DFT. The fast Fourier transform (FFT) algorithms take advantage of
the symmetry and periodicity properties of W™ and reduce the complexity to compute DFT from
O(N?) to O(N log N). The inverse DFT (3.2), which has a similar form to the DFT, can also be
computed efficiently using the inverse fast Fourier transform (IFFT).

The DFT described above can be extend to 2D signals. Given the 2D signal X[m,n],0 < m <
M —1,0 <n < N —1, the 2D DFT of z[m, n] is given by:
M-1N-1 - ’
Xfuw] = D7 3 alm nle (5 R). (33)

m=0 n=0

The 2D DFT can be viewed as performing 1D DFT on the two dimensions alternatively. Similar to 1D
DFT, 2D DFT of real input z[m, n] satisfied the conjugate symmetry property X [M — u, N —v] =
X*[u,v]. The FFT algorithms can also be applied to 2D DFT to improve computational efficiency.

3.2 Global Filter Networks

Overall architecture. Recent advances in vision transformers [7, 31] demonstrate that models
based on self-attention can achieve competitive performance even without the inductive biases
associated with the convolutions. Henceforth, there are several works [30, 29] that exploit approaches
(e.g., MLPs) other than self-attention to mix the information among the tokens. The proposed Global
Filter Networks (GFNet) follows this line of work and aims to replace the heavy self-attention layer
(O(N?)) with a simpler and more efficient one.

The overall architecture of our model is depicted in Figure 1. Our model takes as an input H x W
non-overlapping patches and projects the flattened patches into L = HW tokens with dimension
D. The basic building block of GFNet consists of: 1) a global filter layer that can exchange spatial
information efficiently (O(L log L)); 2) a feedforward network (FFN) as in [7, 31]. The output tokens
of the last block are fed into a global average pooling layer followed by a linear classifier.

Global filter layer. We propose global filter layer as an alternative to the self-attention layer which
can mix tokens representing different spatial locations. Given the tokens & € R¥Z*XWxD 'we first
perform 2D FFT (see Section 3.1) along the spatial dimensions to convert  to the frequency domain:

X = Flx] € CT*WxP, (3.4)
where F|-] denotes the 2D FFT. Note that X is a complex tensor and represents the spectrum of x.
We can then modulate the spectrum by multiplying a learnable filter K € CH?*W*P to the X:

X=KoX, (3.5)

where © is the element-wise multiplication (also known as the Hadamard product). The filter K is
called the global filter since it has the same dimension with X, which can represent an arbitrary filter

in the frequency domain. Finally, we adopt the inverse FFT to transform the modulated spectrum X
back to the spatial domain and update the tokens via a residual connection [10],

x — x+ FX]. (3.6)
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The formulation of the global filter layer is motivated by the frequency filters in the digital image
processing [25], where the global filter K can be regarded as a set of learnable frequency filters
for different hidden dimensions. It can be proved (see Appendix A) that the global filter layer is
equivalent to a depthwise global circular convolution with the filter size H x W. Therefore, the
global filter layer is different from the standard convolutional layer which adopts a relatively small
filter size to enforce the inductive biases of the locality. We also find although the proposed global
filter can also be interpreted as a spatial domain operation, the filters learned in our networks exhibit
more clear patterns in the frequency domain than the spatial domain, which indicates our models tend
to capture relation in the frequency domain instead of spatial domain (see Figure 4). Note that the
global filter implemented in the frequency domain is also much more efficient compared to the spatial
domain, which enjoys a complexity of O(DLlog L) while the vanilla depthwise global circular
convolution in the spatial domain has O(DL?) complexity. We will also show that the global filter
layer is better than its local convolution counterparts in the experiments.

It is also worth noting that in the implementation, we make use of the property of DFT to reduce the
redundant computation. Since x is a real tensor, its DFT X is conjugate symmetric, i.e. X [H —

u, W —v,:] = X*[H, W,:]. Therefore, we can take only the half of the values in the X but preserve
the full information at the same time:
X, =X[:,0:W]:=F =], ,W=[W/2], (3.7)

Where F,. denotes the 2D FFT for real input. In this way, we can implement the global filter as

K, € CH*WxD ‘which can reduce half the parameters. This can also ensure F, 1 [K, ©® X,]is a
real tensor, thus it can be added directly to the input «. The global filter layer can be easily in modern
deep learning frameworks (e.g., PyTorch [24]), as is shown in Algorithm 1. The FFT and ITTF are
well supported by GPU and CPU thanks to the acceleration libraries like cuFFT and mk1-fft, which
makes our models perform well on hardware.

Relationship to vision transformers and pure MLP models. The GFNet follows the line of
research about the exploration of approaches to mix the tokens. Compared to existing architectures
like vision transformers and pure MLP models, we exhibit that GFNet has several favorable properties:
1) GFNet is more efficient. The complexity of both the vision transformers [7, 31, 32] and the MLP
models [29, 30] is O(L?). Different from them, global filter layer only consists an FFT (O(Llog L)),
an element-wise multiplication (O(L)) and an IFFT (O(L)), which means the total computational
complexity is O(Llog L). 2) Although pure MLP models are simpler compared to transformers, it is
hard to fine-tune them on higher resolution (e.g., from 224 x 224 resolution to 384 x 384 resolution)
since they can only process a fixed number of tokens. As opposed to pure MLP models, we will show
that our GFNet can be easily scaled up to higher resolution. Our model is more flexible since both the
FFT and the IFFT have no learnable parameters and can process sequences with arbitrary length. We
can simply interpolate the global filter K to K’ € CH'*W'*D for different inputs, where H' x W'
is the target size. The interpolation is reasonable due to the property of DFT. Each element of the
global filter K [u, v] corresponds to the spectrum of the filter at w,, = 27u/H,w, = 27v/W and
thus, the global filter K can be viewed as a sampling of a continuous spectrum K (w,,, w, ), where
Wy, wy € [0, 27]. Hence, changing the resolution is equivalent to changing the sampling interval of
K (w,,,wy). Therefore, we only need to perform interpolation to shift from one resolution to another.

We also notice recently a concurrent work FNet [ 18] leverages Fourier transform to mix tokens. Our
work is distinct from FNet in three aspects: (1) FNet performs FFT to the input and directly adds the
real part of the spectrum to the input tokens, which blends the information from different domains
(spatial/frequency) together. On the other hand, GFNet draws motivation from the frequency filters,
which is more reasonable. (2) FNet only keeps the real part of the spectrum. Note that the spectrum of
real input is conjugate symmetric, which means the real part is exactly symmetric and thus contains
redundant information. Our GFNet, however, utilizes this property to simplify the computation. (3)
FNet is designed for NLP tasks, while our GFNet focuses on vision tasks. In our experiments, we
also implement the FNet and show that our model outperforms it.

Architecture variants. Due to the limitation from the quadratic complexity in the self-attention,
vision transformers [7, 31] are usually designed to process a relatively small feature map (e.g.,
14 x 14). However, our GFNet, which enjoys log-linear complexity, avoids that problem. Since in
our GFNet the computational costs do not grow significantly when the feature map size increases, we
can adopt a hierarchical architecture inspired by the success of CNNs [16, 10]. Generally speaking,
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we can start from a large feature map (e.g., 56 x 56) and gradually perform downsampling after
a few blocks. In this paper, we mainly investigate three variants of GFNet: GFNet-12 that has
a similar architecture to DeiT-S [31] and ResMLP-12 [30], GFNet-H18 and GFNet-H24 that are
two hierarchical architectures with higher efficiency and performance respectively. The detailed
architecture can be found in Appendix B.

Training techniques. In our experiments, we find the default training procedure introduced for
DeiT [31] can already yield good performance for our GFNet. However, as is analyzed in [8],
transformers-like architectures may suffer from over-smoothing due to the global receptive field in
every layer. Inspired by [38], we employ the token-labeling [13] technique to provide each token a
supervision signal. For the sake of simplicity, we implement it by using a well-trained model (LV-
ViT [13]) as the teacher model and perform token-wise distillation (see Appendix B). Experiments
show that this can overcome over-smoothing and further enhance the performance of GFNet.

4 Experiments

We conduct extensive experiments to verify the effectiveness of our GFNet architecture on the
image classification task. We present the main results on ImageNet [5] and compare them with
various architectures. We also test our models on the downstream transfer learning datasets including
CIFAR-10/100 [15], Stanford Cars [14] and Flowers-102 [23]. Finally, we investigate the effects of
the proposed global filters and provide visualization to have an intuitive understanding of our method.

4.1 ImageNet results

Setups. We conduct our main experiments on ImageNet [5], which is a widely used large-scale
benchmark for image classification. ImageNet contains roughly 1.2M images from 1,000 categories.
Following common practice [10, 31], we train our models on the training set of ImageNet and
report the single-crop top-1 accuracy on 50,000 validation images. To fairly compare with previous
works [31, 30], we follow the most training details for our models. We train our models for 300

. . . « e . b h 1
epochs using the AdamW optimizer [22]. We set the initial learning rate as *557% x 0.001 and decay

the learning rate to 1le~° using the cosine schedule. We use a linear warm-up learning rate in the first
5 epochs and apply gradient clipping to stabilize the training process. For GFNet-12, we faithfully
follow the regularization strategies used in DeiT [31] including Mixup [39], CutMix [37], EMA
model [26], RandomEarse [41] and repeated augmentation [ 1]. For GFNet-H18 and GFNet-24,
we follow most settings of [31] except for the EMA model and repeated augmentation as suggested
in [21]. We set the stochastic depth coefficient [12] to 0, 0.1 and 0.3 for GFNet-12, GFNet-H18 and
GFNet-H24 respectively. During finetuning at the higher resolution, we use the hyper-parameters
suggested by the implementation of [31] and train the model for 30 epochs. All of our models are
trained on a single machine with 8 GPUs.

Main results. The main results are presented in Table 2. We compare our method with different
architectures for image classification including convolutional networks, vision transformers, and MLP-
like models that have similar complexity and number of parameters. One can find that our method
can clearly outperform recent MLP-like models like ResMLP [30] and gMLP [20]. Specifically,
GFNet-12 outperforms ResMLP-12 by 1.9% while having slightly fewer FLOPs. GFNet-12 also
achieves competitive results compared to gMLP-S and has 1.7 GFLOPs less computation. Our
hierarchical models even have more significant advantages. Benefiting from the log-linear complexity,
GFNet-H18 is 2.6% more accurate than ResMLP-12 while having 36% fewer FLOPs. These results
show the high efficiency of the global filter.

Fine-tuning at higher resolution. One prominent problem of MLP-like models is that the feature
resolution is not adjustable. On the contrary, the proposed global filter is more flexible. We
demonstrate the advantage of GFNet by finetuning the model trained at 224 x 224 resolution to
higher resolution following the practice in vision transformers [31]. As shown in Table 2, our model
can easily adapt to higher resolution with only 30 epoch finetuning and achieve better performance.

Token-wise distillation. We address the over-smoothing problem by introducing token-wise dis-
tillation supervision. This strategy improves the performance of our models by around 1% without
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Table 2: Main results on ImageNet. We compare different architectures for image classification
including convolutional networks, vision transformers, MLP-like models and our method that have
comparable FLOPs and number of parameters. We report the top-1 accuracy on the validation set
of ImageNet as well as the number of parameters and FLOPs. All of our models are trained with
224 x 224 images. We use “1384" to represent models finetuned on 384 x 384 images for 30 epochs.
t indicates the models trained with token-wise distillation.

Model Params FLOPs Res. Top-1 Acc. Top-5 Acc.

M) (G) (%) (%)
EfficientNet-B3 [28] 12 1.8 300 81.6 95.7
EfficientNet-B4 [28] 19 42 380 82.9 96.4
ConvNets EfficientNet-B5 [28] 30 9.9 456 83.6 96.7
RegNetY-4GF [27] 21 4.0 224 80.0 -
RegNetY-8GF [27] 39 8.0 224 81.7 -
RegNetY-16GF [27] 84 160 224 82.9 -
ViT-B/16 [7] 86 554 384 77.9 -
ViT-L/16 [7] 307 190.7 384 76.5 -
Transformers DeiT-Ti [31] 5 1.2 224 72.2 91.1
DeiT-S [31] 22 4.6 224 79.8 95.0
DeiT-B [31] 86 175 224 81.8 95.6
Mixer-B/16 59 127 224 76.4 -
ResMLP-12 [30] 15 3.0 224 76.6 -
ResMLP-24 [30] 30 6.0 224 79.4 -
MLP-like Models ResMLP-36 [30] 45 8.9 224 79.7 -
gMLP-Ti [20] 6 14 224 72.0 -
gMLP-S [20] 20 4.5 224 79.4 -
gMLP-B [20] 73 158 224 81.6 -
GFNet-12 16 2.8 224 78.5 94.0
GFNet-H18 17 1.9 224 79.2 94.5
GFNet-H24 37 5.6 224 81.0 95.2
GFNet-121384 18 8.4 384 80.5 95.1
GFNet-H181384 20 55 384 80.8 95.3
Ours GFNet-H241384 42 165 384 82.0 95.6
GFNet-121 16 29 224 79.7 94.7
GFNet-H18" 17 1.9 224 79.9 94.9
GFNet-H241 37 5.7 224 82.0 95.8
GFNet-121384% 18 8.6 384 81.5 95.7
GFNet-H181384f 20 5.6 384 81.5 95.7
GFNet-H241384f 43 166 384 83.1 96.4

bringing significantly large computation during inference. By incorporating both token-wise distilla-
tion and larger image resolution, the performance can be further improved.

4.2 Transfer learning results

Setups. To test the generality of our architecture and the learned representation, we evaluate
GFNet on a set of commonly used transfer learning benchmark datasets including CIFAR-10 [15],
CIFAR-100 [15], Stanford Cars [14] and Flowers-102 [23]. We follow the setting of previous
works [28, 7, 31, 30], where the model is initialized by the ImageNet pre-trained weights and
finetuned on the new datasets. During finetuning, we use the SGD optimizer and set the weight
decay to 1e~*. We use batch size 512 and a smaller initial learning rate of 0.0001 with cosine decay.
Linear learning rate warm-up in the first 5 epochs and gradient clipping with a max norm of 1 are
also applied to stabilize the training. We keep most of the regularization methods unchanged except
for removing Random Erasing and stochastic depth following [31].
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Table 3: Results on transfer learning datasets. We report the top-1 accuracy on the four datasets
as well as the number of parameters and FLOPs.

Model FLOPs Params CIFAR-10 CIFAR-100  Flowers-102 Cars-196
ResNet50 [10] 4.1G 26M - - 96.2 90.0
EfficientNet-B7 [28] 37G 66M 98.9 91.7 98.8 94.7
ViT-B/16 [7] 55.4G 86M 98.1 87.1 89.5 -
ViT-L/16 [7] 190.7G  307M 97.9 86.4 89.7 -
Deit-B/16 [31] 17.5G 86M 99.1 90.8 98.4 92.1
ResMLP-12 [30] 3.0G 15M 98.1 87.0 97.4 84.6
ResMLP-24 [30] 6.0G 30M 98.7 89.5 97.9 89.5
GFNet-12 2.8G 16M 98.6 89.0 98.1 924
GFNet-H24 5.6G 37T™M 98.8 89.3 98.5 93.1

—_— ViT
800- == ResMLP
=~ GFNet

— ViT

600 -

Latency (s)
°
>

287 562 847 1122 1407 1687 282 562 842 1122 1402 1682 282 567 842 1122 1407 1687
Number of tokens Number of tokens Number of tokens

(a) (b) (©

Figure 2: Comparisons among GFNet, ViT [7] and ResMLP [30] in (a) FLOPs (b) latency and (c)
GPU memory with respect to the number of tokens (feature resolution). The dotted lines indicate the
estimated values when the GPU memory has run out. The latency and GPU memory is measured
using a single NVIDIA RTX 3090 GPU with batch size 32 and feature dimension 384.

Results. We evaluate the transfer learning performance of our basic model and best model. The
results are presented in Table 3. The proposed models generally work well on downstream datasets.
GFNet-H24 outperforms ResMLP-24 on three out of four datasets and achieves very close accuracy
on the left one dataset. Our models also show competitive performance compared to state-of-the-art
CNNs and vision transformers.

4.3 Analysis and visualization

Efficiency of GFNet. We demonstrate the efficiency of our GFNet in Figure 2, where the models
are compared in theoretical FLOPs, actual latency and peak memory usage on GPU. We test a single
building block of each model (including one token mixing layer and one FFN) with respect to the
different numbers of tokens and set the feature dimension and batch size to 384 and 32 respectively.
The self-attention model quickly runs out of memory when feature resolution exceeds 562, which
is also the feature resolution of our hierarchical model. The advantage of the proposed architecture
becomes larger as the resolution increases, which strongly shows the potential of our model in vision
tasks requiring high-resolution feature maps.

Complexity/accuracy trade-offs. We show the complexity and accuracy trade-offs of various
architectures in Figure 3. GFNet achieves the best trade-off among kinds of models.

Ablation study on the global filter. To more clearly show the effectiveness of the proposed global
filters, we compare GFNet-12 with several baseline models that are equipped with different token
mixing operations. The results are presented in Table 4. All models have a similar building block (
token mixing layer + FFN ) and the same feature dimension of D = 384. We also implement the
recent FNet [18] for comparison, where a 1D FFT on feature dimension and a 2D FFT on spatial
dimensions are used to mix tokens. As shown in Table 4, our method outperforms all baseline
methods except DeiT-S that has 64% higher FLOPs.
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Figure 4: Visualization of the learned global filters in GFNet-12. We visualize the original frequency
domain global filters in (a) and show the corresponding spatial domain filters for the first 6 columns
in (b). There are more clear patterns in the frequency domain than spatial domain.

Visualization. Core operation in GFNet is the element-wise multiplication between frequency-
domain features and the global filter. Therefore, it is easy to visualize and interpret. We visualize the
frequency domain filters as well as their corresponding spatial domain filters in Figure 4. The learned
global filters have more clear patterns in the frequency domain, where different layers have different
characteristics. Interestingly, the filters in the last layer particularly focus on the low-frequency
component. The corresponding filters in the spatial domain are less interpretable for humans.

5 Conclusion

We have presented the Global Filter Network (GFNet), which is a conceptually simple yet computa-
tionally efficient architecture for image classification. Our model replaces the self-attention sub-layer
in vision transformer with 2D FFT/IFFT and a set of learnable global filters in the frequency domain.
Benefiting from the token mixing operation with log-linear complexity, our architecture is highly
efficient. Our experimental results demonstrated that GFNet can be a very competitive alternative to
vision transformers and MLP-like models in accuracy/complexity trade-offs. Since we only focus
on vision tasks in this paper, extending our method to broader applications like NLP and speech
understanding would be interesting future directions.
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