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TransXNet: Learning Both Global and Local
Dynamics With a Dual Dynamic Token
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Abstract—Recent studies have integrated convolutions into
transformers to introduce inductive bias and improve general-
ization performance. However, the static nature of conventional
convolution prevents it from dynamically adapting to input
variations, resulting in a representation discrepancy between
convolution and self-attention as self-attention calculates atten-
tion matrices dynamically. Furthermore, when stacking token
mixers that consist of convolution and self-attention to form
a deep network, the static nature of convolution hinders the
fusion of features previously generated by self-attention into
convolution kernels. These two limitations result in a suboptimal
representation capacity of the constructed networks. To find a
solution, we propose a lightweight dual dynamic token mixer
(D-Mixer) to simultaneously learn global and local dynamics,
that is, mechanisms that compute weights for aggregating global
contexts and local details in an input-dependent manner. D-
Mixer works by applying an efficient global attention module
and an input-dependent depthwise convolution separately on
evenly split feature segments, endowing the network with strong
inductive bias and an enlarged effective receptive field. We use
D-Mixer as the basic building block to design TransXNet, a
novel hybrid CNN-transformer vision backbone network that
delivers compelling performance. In the ImageNet-1K image
classification task, TransXNet-T surpasses Swin-T by 0.3% in
top-1 accuracy while requiring less than half of the computa-
tional cost. Furthermore, TransXNet-S and TransXNet-B exhibit
excellent model scalability, achieving top-1 accuracy of 83.8%
and 84.6%, respectively, with reasonable computational costs.
In addition, our proposed network architecture demonstrates
strong generalization capabilities in various dense prediction
tasks, outperforming other state-of-the-art networks while having
lower computational costs. Code is publicly available at https://
github.com/LMMMEng/TransXNet.
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I. INTRODUCTION

ISION Transformer (ViT) [1] has shown promising
progress in computer vision using multihead self-
attention (MHSA) to achieve long-range modeling. However,
it does not inherently encode inductive bias as convolutional
neural networks (CNNs), resulting in a relatively weak gener-
alization ability [2], [3]. To address this limitation, Swin Trans-
former [4] introduces shifted window self-attention, which
incorporates inductive bias and reduces the computational cost
of MHSA. However, Swin Transformer has a limited receptive
field due to the local nature of its window-based attention.
To enable vision transformers to possess inductive bias,
many previous works [5], [6], [7], [8], [9], [10] have con-
structed hybrid networks that integrate self-attention and con-
volution within token mixers. However, the utilization of
standard convolutions in these hybrid networks leads to limited
performance improvements despite the presence of inductive
bias. The reason is twofold. First, unlike self-attention which
dynamically calculates attention matrices when given an in-
put, standard convolution kernels are input-independent and
unable to adapt to different inputs. This results in a discrep-
ancy in representation capacity between convolution and self-
attention. This discrepancy dilutes the modeling capability
of self-attention and existing hybrid token mixers. Second,
the existing hybrid token mixers face challenges in deeply
integrating convolution and self-attention. As a model goes
deeper by stacking multiple hybrid token mixers, self-attention
is capable of dynamically incorporating features generated by
convolution in the preceding blocks while the static nature
of convolution prevents it from effectively incorporating and
using features previously generated by self-attention. In this
work, we aim to design an input-dependent dynamic convo-
lution mechanism that is well-suited for deep integration with
self-attention within a hybrid token mixer so as to overcome
the aforementioned challenges, resulting in a stronger feature
representation capacity of the entire network.
On the other hand, a network should also have a large recep-
tive field along with inductive bias to capture abundant contex-
tual information. To this end, we obtain an interesting insight
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Fig. 1. Comparison of top-1 accuracy on the ImageNet-1K dataset with
recent SOTA methods. Our proposed TransXNet model achieves superior
performance compared with existing approaches.

through effective receptive field (ERF) [11] analysis: leverag-
ing global self-attention across all the stages can effectively
enlarge a model’s ERF. Specifically, we visualize the ERF
of three representative networks with similar computational
cost, including UniFormer-S [12], Swin-T [4], and PVTv2-
b2 [13]. Given a 224 x 224 input image, UniFormer-S and
Swin-T exhibit locality at shallow stages and capture global
information at the deepest stage, while PVTv2-b2 enjoys
global information throughout the entire network. The results
in Fig. 2 indicate that while all the three networks use global
attention in the deepest layer, the ERF of PVTv2-b2 is clearly
larger than that of UniFormer-S and Swin-T. According to this
observation, to encourage a large receptive field, an efficient
global self-attention mechanism should be encapsulated into
all the stages of a network. We also empirically find out that
integrating dynamic convolutions with global self-attention can
further enlarge the receptive field.

On the basis of the above discussions, we introduce a novel
dual dynamic token mixer (D-Mixer) to learn both global and
local dynamics, namely, mechanisms that compute weights for
aggregating global and local features in an input-dependent
way. Specifically, the input features are split into two half
segments, which are, respectively, processed by an overlapping
spatial reduction attention (OSRA) module and an input-
dependent depthwise convolution (IDConv). The resulting two
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Fig. 2. Visualization of effective receptive fields (ERFs). The results are
obtained by averaging over 100 images from ImageNet-1K.

outputs are then concatenated together. Such a simple design
can make a network see global contextual information while
injecting effective inductive bias. As shown in Fig. 2, our
method stands out among its competitors, yielding the largest
ERF. In addition, zoom-in views (last column) reveal that our
proposed mixer has remarkable local sensitivity in addition to
nonlocal attention. We further introduce a multiscale feedfor-
ward network (MS-FFN) that explores multiscale information
during token aggregation. By hierarchically stacking basic
blocks composed of a D-Mixer and an MS-FFN, we construct
a versatile backbone network called TransXNet for visual
recognition. As illustrated in Fig. 1, our method showcases
superior performance when compared with recent state-of-the-
art (SOTA) methods in ImageNet-1K [14] image classification.
In particular, our TransXNet-T achieves 81.6% top-1 accuracy
with only 1.8 GFLOPs and 12.8 M Parameters (Params),
outperforming Swin-T while incurring less than half of its
computational cost. In addition, our TransXNet-S/B models
achieve 83.8%/84.6% top-1 accuracy, surpassing the strong
Internlmage [15] while incurring less computational cost.

In summary, our main contributions include: First, we
propose a novel token mixer called D-Mixer, which aggre-
gates sparse global information and local details in an input-
dependent way, giving rise to both large ERF and strong
inductive bias. Second, we design a novel and powerful vision
backbone called TransXNet using D-Mixer as its token mixer.
Finally, we conduct extensive experiments on image classifica-
tion, object detection, and semantic and instance segmentation
tasks. The results show that our method outperforms previous
methods while having lower computational cost, achieving
SOTA performance.

II. RELATED WORK
A. Convolutional Neural Networks

Throughout the field of computer vision, CNNs have
emerged as the standard deep model. Modern CNNs abandon
the classical 3 x 3 convolution kernel and gradually adopt a
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model design centered on large kernels. For instance, Con-
vNeXt [16] uses 7 x 7 depthwise convolution (DWConv)
as the network’s building block. RepLKNet [17] investigates
the potential of large kernels and further extends the con-
volution kernel to 31 x 31. SLaK [18] exploits the sparsity
of convolution kernel and enlarges the kernel size beyond
51x51. ParC-Net [19] introduces a novel position-aware circu-
lar convolution, which achieves a global receptive field while
generating location-sensitive features, while ParC-NetV2 [20]
further enlarges the receptive field by introducing oversized
convolutions and bifurcate gate unit. In addition, some works
use gated convolutions to achieve input-dependent modeling,
such as FocalNet [21], HorNet [22], VAN [23], MogaNet [24],
and Conv2Former [25]. Recently, Internlmage [15] proposes
a large-scale vision foundation model that surpasses SOTA
CNN- and transformer-based models using 3 x 3 deformable
convolutions as the core token mixer.

B. Vision Transformer

Transformer was first proposed in the field of natural
language processing [26], and it can effectively perform dense
relationships among tokens in a sequence by adopting MHSA.
To adapt computer vision tasks, ViT [1] split an image into
many image tokens through patch embedding operation, and
thus MHSA can be successfully used to model token-wise
dependencies. However, vanilla MHSA is computationally
expensive for processing high-resolution inputs, while dense
prediction tasks such as object detection and segmentation
generally require hierarchical feature representations to handle
objects with different scales. To this end, many subsequent
works adopted efficient attention mechanisms with pyramid
architecture designs to achieve dense predictions, such as
window attention [4], [27], [28], sparse attention [13], [29],
[30], [31], [32], and cross-layer attention [33], [34].

C. CNN-Transformer Hybrid Networks

Since relatively weak generalization is caused by lacking in-
ductive biases in pure transformers [2], [3], CNN-transformer
hybrid models have emerged as a promising alternative that
can leverage the advantages of both CNNs and transformers
in vision tasks. A common design pattern for hybrid models
is to use CNNs in the shallow layers and transformers in
the deep layers [3], [12], [35], [36]. To further enhance
representation capacity, several studies have integrated CNNs
and transformers into a single building block [5], [6], [7], [8],
[9], [10]. For example, GG-Transformer [6] proposes a dual-
branch token mixer, where the glance branch uses a dilated
self-attention module to capture global dependencies and the
gaze branch leverages a DWConv to extract local features.
Similarly, ACmix [7] combines DWConv and window self-
attention layers within a token mixer. Moreover, MixFormer
[8] introduces a bidirectional interaction module that bridges
the convolution and self-attention branches, providing com-
plementary cues. These hybrid CNN-transformer models have
demonstrated the ability to effectively merge the strengths
of both the paradigms, achieving notable results in various
computer vision tasks.
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D. Dynamic Weights

Dynamic weight is a powerful factor for the superiority
of self-attention, enabling it to extract features dynamically
according to the input, in addition to its long-range modeling
capability. Similarly, dynamic convolution has been shown to
be effective in improving the performance of CNN models
[37], [38], [39], [40] by extracting more discriminative local
features with input-dependent filters. Among these methods,
Han et al. [40] have demonstrated that replacing the shifted
window attention modules in Swin Transformer with dynamic
depthwise convolutions achieves better results with lower
computational cost.

Different from the aforementioned works, our proposed
D-Mixer can model both local and global contexts in an
input-dependent manner, allowing both convolution and self-
attention layers to dynamically calculate convolutional kernels
and attention maps, respectively, based on feature clues from
preceding layers, thereby achieving both larger receptive fields
and stronger inductive biases.

III. METHOD
A. Overview

As illustrated in Fig. 3, our proposed TransXNet adopts
a hierarchical architecture with four stages, which is similar
to many previous works [27], [32], [41]. Each stage con-
sists of a patch embedding layer and several sequentially
stacked blocks. We implement the first patch embedding layer
using a 7 x 7 convolutional layer (stride = 4) followed by batch
normalization (BN) [42], while the patch embedding layers of
the remaining stages use 3 x 3 convolutional layers (stride
= 2) with BN. Each block consists of a dynamic position
encoding (DPE) [12] layer, a D-Mixer, and an MS-FFN. The
basic building block of our TransXNet can be mathematically
represented as

X = DPE(X;,)
Y = D-Mixer(Norm; (X)) + X
Z = MS-FFN(Normy(Y)) + Y (D

where Xj, € REXHXW refers to a input feature map, while

DPE(:) is implemented by a residual 7 x 7 DWConv, i.e.,
DPE(X) = DWConv7«7(X) + X. More details about D-Mixer
and MS-FFN are elaborated below.

B. Dual Dynamic Token Mixer

To enhance the generalization ability of the transformer
model by incorporating inductive biases, many previous meth-
ods have combined convolution and self-attention to build
a hybrid model [3], [7], [8], [9], [10], [12], [35], [36].
However, their static convolutions dilute the input dependency
of transformers, i.e., although convolutions naturally intro-
duce inductive bias, they have limited ability to improve the
model’s representation learning capability. In this work, we
propose a lightweight token mixer termed D-Mixer, which
dynamically leverages global and local information, injecting
the potential of large ERF and strong inductive bias without
compromising input dependency. The overall workflow of the
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Fig. 3. Overall architecture of the proposed TransXNet.
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Fig. 4. Workflow of the proposed D-Mixer. (a) D-Mixer. (b) IDConv. (c) OSRA. (d) STE.

proposed D-Mixer is illustrated in Fig. 4(a). Specifically, for a
feature map X € RE*#XW " we first divide it uniformly along
the channel dimension into two subfeature maps, denoted
as {X1,X,) € RE2DXHXW gubsequently, X; and X, are,
respectively, fed to a global self-attention module called OSRA
and a dynamic depthwise convolution called IDConv, yielding
corresponding feature maps {X}, X5} € RC/2*HXW "which are
then concatenated along the channel dimension to generate
output feature map X’ € RE*#*W _Finally, we use a squeezed
token enhancer (STE) for efficient local token aggregation.
Overall, the proposed D-Mixer is expressed as

X1, X, = Split(X)
X’ = Concat(OSRA(X;), IDConv(X>))

Y = STEX)). )

From the above equation, we can find out that by stacking
D-Mixers, the dynamic feature aggregation weights generated
in OSRA and IDConv take into account both global and
local information, thus encapsulating powerful representation
learning capabilities into the model.

1) Input-Dependent Depthwise Convolution: To inject in-
ductive bias and perform local feature aggregation in a
dynamic input-dependent way, we propose a new type of
dynamic depthwise convolution, termed IDConv. As shown
in Fig. 4(b), taking an input feature map X € RE*H*W ap
adaptive average pooling layer is used to aggregate spatial

contexts, compressing spatial dimension to K2, which is then
forwarded into two sequential 1 x 1 convolutions, yielding
attention maps A’ € RCXOXK* \where G denotes the number
of attention groups. Then, A’ is reshaped into ROXCXK* and a
softmax function is used over the G dimension, thus generating
attention weights A € RE*C*K* Finally, A is elementwise
multiplied with a set of learnable parameters P € RGXCXK*,
and the output is summed over the G dimension, resulting in
IDConv kernels W e RCXKZ, which can be expressed as

c, C
A’ = Conv;_ @ (Conv‘ljX " (AdaptivePool (X)) )

A = Softmax (Reshape (A”))
G

W= ZPiAi- @
i=0

Since different inputs generate different attention maps A,
convolution kernels W vary with inputs. There are existing
dynamic convolution schemes [39], [40]. In comparison to Dy-
Conv [39], IDConv generates a spatially varying attention map
for every attention group and the spatial dimensions (K x K) of
such attention maps exactly match those of convolution kernels
while DyConv only generates a scalar attention weight for each
attention group. Hence, our IDConv enables more dynamic
local feature encoding. In comparison to the recently proposed
D-DWConv [40], IDConv combines dynamic attention maps
with static learnable parameters to significantly reduce com-
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performs multiscale token aggregations.

putational overhead. It is noted that D-DWConv applies global
average pooling followed by channel squeeze-and-expansion
pointwise convolutions on input features, resulting in an output
with dimension (CxK?)x1 x 1, which is then reshaped to
match the depthwise convolutional kernel. The number of
Params incurred in this procedure is (C?/r)(K*+ 1), while our
IDConv results in (C?/r)(G + 1) + GCK? Params. In practice,
when the maximum value of G is set to 4, and r and K are
set to 4 and 7, respectively, the number of Params of IDConv
(1.25C? + 196C) is much smaller than that of D-DWConv
(12.5C?).

2) Overlapping Spatial Reduction Attention: Spatial reduc-
tion attention (SRA) [30] has been widely used in previ-
ous works [9], [13], [31], [43] to efficiently extract global
information by exploiting sparse token-region relationships.
However, nonoverlapping spatial reduction (NSR) for reducing
the token count breaks spatial structures near patch boundaries
and degrades the quality of tokens. To address this issue, we in-
troduce overlapping spatial reduction (OSR) for SRA to better
represent spatial structures near patch boundaries using larger
and overlapping patches. In practice, the OSR is instantiated
as a strided DWConv, where the stride follows the setting of
PVT [13], [30] and the kernel size equals the stride plus 3. For
instance, in stage 1 of the network, the stride of OSR is 8, and
thus OSR is a DWConv with a kernel size of 11 and stride of
8. As depicted in Fig. 4(c), the OSRA can be formulated as

Y = OSR(X)
Q = Linear(X)

K,V = Split(Linear(Y + LR(Y)))
T

Z = Softmax (QK
Vd

where LR(+) denotes a local refinement module that is instan-
tiated by a 3 x 3 DWConv, B is a relative position bias matrix
that encodes the spatial relationships in attention maps [9],
[36], and d is the number of channels in each attention head.

+ B) \% 4)

3) Squeezed Token Enhancer: After performing token mix-
ing, most previous methods use a 1 x 1 convolution to
achieve cross-channel communications, which incurs consider-
able computational overhead. To reduce the computational cost
without compromising performance, we propose a lightweight
STE, as shown in Fig. 4(d). STE comprises a 3 x 3 DW-
Conv for enhancing local relationships, channel squeeze-and-
expansion 1 x 1 convolutions for reducing the computational
cost, and a residual connection for preserving the representa-

tion capacity. The STE can be expressed as follows:

c, _C
STE (X) = Conv; (COHVC 7 (DWConvs..s (X))) X

1%
®)

According to the above equation, the FLOPs of STE are
HWC(Q2C/r+9). In practice, we set the channel reduction ratio
r to 8, but ensure that the number of compressed channels is
not less than 16, resulting in FLOPs significantly less than that
of a 1 x 1 convolution, i.e., HWC?.

C. Multiscale Feedforward Network

Compared with vanilla FFN [1], Inverted Residual FFN
[9] achieves local token aggregation by introducing a 3 x 3
DWConv into the hidden layer. However, due to the larger
number of channels in the hidden layer, i.e., typically four
times the number of input channels, single-scale token aggre-
gation cannot fully exploit such rich channel representations.
To this end, we introduce a simple yet effective MS-FFN. As
shown in Fig. 5, instead of using a single 3 x 3 DWConv,
we use four parallel depthwise convolutions with different
scales, each of which handles a quarter of the channels. The
DWConv kernels with kernel size = {3,5,7} can effectively
capture multiscale information, while a 1 x 1 DWConv kernel
is in fact a learnable channelwise scaling factor.

D. Architecture Variants

The proposed TransXNet has three different variants:
TransXNet-T (Tiny), TransXNet-S (Small), and TransXNet-
B (Base). To control the computational cost of different
variants, there are two other adjustable hyperparameters in
addition to the number of channels and blocks. First, since
the computational cost of IDConv is directly related to the
number of attention groups, we use a different number of
attention groups in IDConv for different variants. In the tiny
version, the number of attention groups is fixed at 2 to ensure
a reasonable computational cost, while in the deeper small and
base models, an increasing number of attention groups is used
to improve the flexibility of IDConv, which is similar to the
increase in the number of heads of the MHSA module as the
model goes deeper. Second, many previous works [13], [30],
[31], [32] set the expansion ratio of the FFNs in stages 1 and
2 to 8. However, since feature maps in stages 1 and 2 usually
have larger resolutions, this leads to high FLOPs. Hence, we
gradually increase the expansion ratio in different architecture
variants. Details of different architecture variants are listed in
Table 1.
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TABLE I

DETAILED CONFIGURATIONS OF TRANSXNET VARIANTS, INCLUDING STRIDE OF OSRA (S), NUMBER OF ATTENTION HEADS OF OSRA (H), KERNEL
S1zE OF IDCONV (K), NUMBER OF ATTENTION GROUPS IN IDCONV (G), AND EXPANSION RATIO OF MS-FFN (E). FLOPS ARE CALCULATED
WITH RESOLUTION 224 x 224

Input Size Operator TransXNet-T TransXNet-S TransXNet-B
224 x 224 | Patch Embed Tx7, 48, stride=4 Tx7, 64, stride=4 7x7, 76, stride=4
DPE S=8H=1 S=8H=1 S=8 H=2
56 x 56 D — Mixer K=7G=2| x3 K=7G=2| x4 K=7,G=2| x4
MS — FFN E=1 E=6 E =38
Patch Embed 3x3, 96, stride=2 3x3, 128, stride=2 3x3, 152, stride=2
DPE S=4,H=2 S=4,H=2 S=4,H=4
98 % 28 D — Mixer K=7G=2| x3 K=7G=2]| x4 K=7G=2]| x4
MS — FFN E=4 E=6 E=8
Patch Embed 3% 3, 224, stride=2 3% 3, 320, stride=2 3x3, 336, stride=2
DPE S=2,H=4 S=2,H=5 S=2H=8
14 % 14 D — Mixer K=7G=2| x9 K=7G=3| x12 K=7,G=4| x21
MS — FFN E=14 E=14 E=4
Patch Embed 3x3, 448, stride=2 3x3, 512, stride=2 3%x3, 672, stride=2
DPE S=1,H =8 S=1,H=38 S=1,H =16
7T D — Mixer K=7G=2| x3 K=7G=4]| x4 K=7G=4] x4
MS — FFN E=4 E=4 E =
Global Average Pooling
1x1 Fully Connected Layer, 1000
# FLOPs 1.8 G 45 G 83 G
# Params 128 M 269 M 48.0 M

IV. EXPERIMENTS

To assess the efficacy of our TransXNet, we evaluate it on
various tasks, including image classification on the ImageNet-
1K dataset [14], object detection and instance segmentation
on the COCO dataset [44], and semantic segmentation on
the ADE20K dataset [45]. In addition, we conduct extensive
ablation studies to analyze the impact of different components
of our model.

A. Image Classification

1) Setup: Image classification is performed on the
ImageNet-1K dataset, following the experimental settings of
DeiT [2] for a fair comparison with SOTA methods, i.e., all the
models are trained for 300 epochs with the AdamW optimizer
[46]. The stochastic depth rate [47] is set to 0.1/0.2/0.4 for
tiny, small, and base models, respectively. After pretraining
the base model on 224 x 224 inputs, we further fine-tune it
on 384 x 384 inputs for 30 epochs to assess its performance
when using high input image resolution. Furthermore, to
demonstrate the generalizability of our method, we perform
additional assessments on the ImageNet-V2 dataset [48] using
ImageNet-pretrained weights, adhering to settings outlined in
[49]. All the experiments are conducted on eight NVIDIA
Tesla V100 GPUs.

2) Results: The proposed method outperforms other com-
petitors in ImageNet-1K image classification with 224 x
224 images, as summarized in Table II. First, TransXNet-T
achieves an impressive top-1 accuracy of 81.6% with only
1.8 GFLOPs and 12.8 M Params, surpassing other methods
by a large margin. Despite having less than half of the
computational cost, TransXNet-T achieves 0.3% higher top-
1 accuracy than Swin-T [4]. Second, TransXNet-S achieves
a remarkable top-1 accuracy of 83.8%, which is higher than

Internlmage-T [15] by 0.2% without requiring specialized
CUDA implementations. Specifically, as the core operator of
Internlmage, DCNv3 relies on specialized CUDA implemen-
tations for accelerating on GPU, while our method can be
more easily generalized to various devices without CUDA
support. Moreover, our method outperforms well-known hy-
brid models, including MixFormer [8] and MaxViT [10],
while having a lower computational cost. Notably, our small
model performs better than MixFormer-B5 whose number
of Params actually exceeds our base model. Note that the
performance improvement of TransXNet-S over CMT-S [9] in
image classification appears limited because CMT has a more
complex classification head to boost performance. In contrast,
benefiting from the stronger representation capacity of the
backbone network, our method exhibits very clear advantages
in downstream tasks including object detection and instance
segmentation (see Section IV-B). Finally, TransXNet-B leads
other methods by achieving an excellent balance between
performance and computational cost, boasting a top-1 accuracy
of 84.6%. However, it is worth highlighting that our method
exhibits a more pronounced performance advantage on the
ImageNet-V2 dataset. Specifically, TransXNet-T, -S, and -B
achieve top-1 of 70.7%, 73.8%, and 75.0%, respectively. This
demonstrates the superior generalization and transferability of
our method compared with its counterparts. The experimental
results on 384 x 384 input images are shown in Table III.
With only about half of the FLOPs/Params, TransXNet-
B significantly outperforms Swin-B and ConvNeXt-B [16],
and its performance also surpasses that of CSWin-B [27].
In addition, compared with MaxViT-S, TransXNet-B ex-
hibits a notable performance improvement while saving
about 30% of the FLOPs/Params. These results demonstrate
the strength of our method in processing higher resolution
inputs.
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TABLE I

QUANTITATIVE PERFORMANCE COMPARISONS OF IMAGE CLASSIFICATION
WITH 224 x 224 INPUTS. #F AND #P DENOTE THE FLOPS AND
NUMBER OF PARAMS OF A MODEL, RESPECTIVELY

Method #F (G) #P (M) Top-1 (1K)  Top-1 (V2)
RSB-ResNet-18 [50] 1.8 11.7 70.6 -
RegNetY-1.6G [51] 1.6 11.2 78.0 66.2
PVT-ACmix-T [7] 2.0 13.0 78.0 -
PVTv2-bl [13] 2.1 13.1 78.7 66.9
Shunted-T [31] 2.1 11.5 79.8 66.9
P2T-T [32] 1.8 11.6 79.8 70.0
QuadTree-B-bl [52] 2.3 13.6 80.0 67.2
MPVIT-XS [53] 29 10.5 80.9 70.0
TransXNet-T 1.8 12.8 81.6 70.7
ConvNeXt-T [16] 4.5 29.0 82.1 71.0
SLaK-T [18] 5.0 30.0 82.5 -
ParCNetV2-T [20] 4.3 25.0 83.5 -
Conv2Former-T [25] 4.4 27.0 83.2 -
InternImage-T [15] 5.0 30.0 83.5 73.0
DeiT-S [2] 4.6 22.0 79.8 68.5
Swin-T [4] 4.5 29.0 81.3 69.7
CSWin-T [27] 4.5 23.0 82.7 72.5
PVTv2-b2 [13] 4.0 254 82.0 71.8
Shunted-S [31] 4.9 224 82.9 72.4
UniFormer-S [12] 3.6 22.0 82.9 71.9
ScalableViT-S [54] 42 32.0 83.1 71.5
MOAT-0 [49] 5.7 27.8 83.3 72.8
BSwin-T [34] 4.5 29.0 82.0 -
Slide-Swin-T [28] 4.6 29.0 82.3 -
Slide-CSWin-T [28] 4.3 23.0 83.2 -
QuadTree-B-b2 [52] 4.5 242 82.7 70.4
MPVIT-S [53] 4.7 22.8 83.0 72.3
CrossFormer-S [55] 4.9 30.7 82.5 71.5
CvT-13 [5] 4.5 20.0 81.6 70.5
CMT-S [9] 4.0 26.3 83.5 73.4
GG-Transformer-T [6] 4.5 28.0 82.0 -
MaxViT-T [10] 5.6 31.0 83.6 73.1
Swin-ACmix-T [7] 4.6 30.0 81.6 70.7
MixFormer-B4 [8] 3.6 35.0 83.0 -
TransXNet-S 4.5 26.9 83.8 73.8
ConvNeXt-S [16] 8.7 50.0 83.1 72.4
SLaK-S [18] 9.8 55.0 83.8 -
Conv2Former-S [25] 8.7 50.0 84.1 -
InternImage-S [15] 8.0 50.0 84.2 73.9
DeiT-B [2] 17.5 86.0 81.8 71.2
Swin-B [4] 15.4 88.0 83.5 72.3
CSWin-B [27] 15.0 78.0 84.2 74.1
PVTv2-b4 [13] 10.1 62.6 83.6 73.7
P2T-L [32] 9.8 54.5 83.9 72.7
Shunted-B [31] 8.1 39.6 84.0 73.9
UniFormer-B [12] 8.3 50.0 83.9 73.0
ScalableViT-B [54] 8.6 81.0 84.1 72.9
MOAT-1 [49] 9.1 41.6 84.2 74.2
BSwin-S [34] 8.7 50.0 84.2 -
Slide-Swin-B [28] 15.5 89.0 84.2 -
QuadTree-B-b4 [52] 11.5 64.2 84.1 72.7
MPVIT-B [53] 16.4 74.8 84.3 73.7
CrossFormer-L [55] 16.1 92.0 84.0 73.5
GG-Transformer-S [6] 8.7 50.0 83.4 -
Swin-ACmix-S [7] 9.0 51.0 83.5 73.0
MixFormer-B5 [8] 6.8 62.0 83.5 -
TransXNet-B 8.3 48.0 84.6 75.0

B. Object Detection and Instance Segmentation

1) Setup: To evaluate our method on object detection
and instance segmentation tasks, we conduct experiments on
COCO 2017 [44] using the MMDetection! codebase. Specif-
ically, for object detection, we use the RetinaNet framework
[56], while instance segmentation is performed using the Mask

lhttps:// github.com/open-mmlab/mmdetection
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TABLE III

QUANTITATIVE PERFORMANCE COMPARISONS OF IMAGE CLASSIFICATION
WITH 384 x 384 INPUTS

Method #F (G) #P (M) Top-1 (1K)  Top-1 (V2)
DeiT-B [2] 493 86.0 71.9 73.1
Swin-B [4] 47.1 88.0 84.5 73.2
ConvNeXt-B [16] 45.2 88.6 85.1 75.2
CSWin-B [27] 47.0 78.0 85.4 75.6
MaxViT-S [10] 36.1 69.0 85.2 -
TransXNet-B 242 48.0 85.5 76.1

R-CNN framework [57]. For fair comparisons, we initialize all
the backbone networks with weights pretrained on ImageNet-
1K, while training settings follow the 1x schedule provided
by PVT [30].

2) Results: We present results in Table I'V. For object detec-
tion with RetinaNet, our method attains the best performance
in comparison to other competitors. It is noted that previous
methods often fail to simultaneously perform well on both
small and large objects. However, our method, supported by
global and local dynamics and multiscale token aggregation,
not only achieves excellent results on small targets but also sig-
nificantly outperforms previous methods on medium and large
targets. For example, the recently proposed Slide-PVTv2-bl
[28], which focuses on local information modeling, achieves
comparable APg to our tiny model, while our method improves
APy/AP; by 1.9%/2.5% while having less computational cost,
underscoring its effectiveness in modeling both global and
local information. This phenomenon is more prominent in the
comparison groups of small and base models, demonstrating
the superior performance of our method across different object
sizes. Regarding instance segmentation with Mask-RCNN, our
method also has a clear advantage over previous methods
with a comparable computational cost. It is worth mentioning
that even though TransXNet-S shows limited performance
improvement over CMT-S [9] in ImageNet-1K classification,
it achieves obvious performance improvements in object de-
tection and instance segmentation, which indicates that our
backbone has stronger representation capacity and better trans-
ferability.

C. Semantic Segmentation

1) Setup: We conduct semantic segmentation on the
ADE20K dataset [45] using the MMSegmentation® codebase.
The commonly used Semantic FPN [60] is used as the seg-
mentation framework. For fair comparisons, all the backbone
networks are initialized with ImageNet-1K pretrained weights,
and training settings follow PVT [13].

2) Results: Table V demonstrates the performance achieved
by our method in comparison to other competitors. Note that
since some methods (e.g., CMT [9] and MaxViT [10]) do
not report semantic segmentation results in their papers, we
do not compare with them. Specifically, our TransXNet-T
achieves a remarkable 45.5% mloU, surpassing the second-
best method by 2.1% in mloU while maintaining a similar

Zhttps://github.com/open-mmlab/mmsegmentation
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TABLE IV

PERFORMANCE COMPARISON OF OBJECT DETECTION AND INSTANCE SEGMENTATION ON THE COCO DATASET. FLOPS ARE CALCULATED WITH
RESOLUTION 800 x 1280

| RetinaNet 1x Schedule

I Mask R-CNN 1x Schedule

Backbone | #4F(G) #P (M) | AP APsy APrs| APs APy APy || #F(G) #P (M) | APY  APL, AP | AP™ AP AP
ResNet-18 [58] 190 213 | 318 496 336 | 163 343 432 209 312 | 340 540 367 | 312 510 327
PoolFormer-S12 [41] | 188 217 | 362 562 382 | 208 39.1 480 207 316 | 373 590 401 | 346 558 369
PVTv2-bl [13] 209 238 | 402 607 424 | 228 433 540 227 337 | 418 643 459 | 388 612 416
PVT-ACmix-T [7] 232 - 405 612 427 - - - - - - - - - - -
ViL-T [59] 204 166 | 408 613 436 | 267 449 536 223 269 | 414 635 450 | 381 603 408
P2T-T [32] 206 211 413 620 441 | 246 448 560 225 313 | 433 657 473 | 396 625 = 423
MixFormer-B3 [8] - - - - - - - - 207 350 | 428 645 467 | 393 618 422
Slide-PVTv2-b1 [28] | 204 - 415 623 440 | 260 448 549 222 330 | 426 653 468 | 397 626 = 426
TransXNet-T 187 224 | 431 641 460 | 262 467 574 205 325 | 445 665 486 | 40.6 637 438
Swin-T [4] 248 385 | 415 621 442 | 251 449 555 264 478 | 422 646 462 | 391 616 420
CSWin-T [27] 266 35.1 438 648 468 | 260 476 592 285 450 | 453 6701 496 | 412 642 444
PVTv2-b2 [13] - - - - - - - - 279 420 | 467 686 513 | 422 656 454
PVT-ACmix-S [7] 232 - 405 612 427 - - - - - - - - - - -
Swin-ACmix-T [7]" - - - - - - - - 275 - 470 690 518 - - -
P2T-S [32] 260 338 | 444 653 476 | 270 483 594 279 437 | 455 677 498 | 414 646 445
MixFormer-B4 [8] - - - - - - - - 243 530 | 451  67.1 492 | 412 643 441
CrossFormer-S [55] 282 408 | 444 658 474 | 282 484 594 301 502 | 454 680 497 | 414 648 446
CMT:S [9] 231 443 | 443 655 475 | 271 483 59.1 249 445 | 446 668 489 | 407 639 434
InternImage-T [15] - - - - - - - - 270 49.0 47.2 69.0 52.1 42.5 66.1 45.8
Slide-PVTv2-b2 [28] | 255 - 450 662 484 | 288 488 597 274 430 | 460 682 503 | 419 651 454
TransXNet-S 242 366 | 46.4 67.7 50.0 | 289 503 61.1 261 465 | 477 69.9 523 | 431 669 46.4
Swin-S [4] 336 598 | 445 657 475 | 274 480 599 354 69.1 448 666 489 | 409 634 442
CSWin-S [27] - - - - - - - - 342 540 | 479 7001 526 | 432 67.1 46.2
PVTv2-b3 [13] 354 550 | 459 668 493 | 286 498 614 372 649 | 470 68.1 517 | 425 657 457
P2T-B [32] 344 458 | 461 675 496 | 302 506 609 363 557 | 472 693 516 | 427  66.1 459
CrossFormer-B [55] 389 62.1 462 678 495 | 301 499 618 408 715 | 472 699 518 | 427 666 462
InternImage-S [15] - - - - - - - - 340 69.0 | 478 698 528 | 433  67.1 46.7
Slide-PVTv2-b3 [28] | 343 - 468 677 503 | 305 511 616 362 63.0 | 478 695 526 | 432 665 466
TransXNet-B 317 580 | 476 69.0 51.1 | 31.3 51.7 622 336 676 | 488 70.8 535 | 438 68.0 472
“ ACmix uses the 3x schedule to train Mask R-CNN, while our method has better results despite using 1x schedule.
TABLE V TABLE VI
PERFORMANCE COMPARISON OF SEMANTIC SEGMENTATION ON THE COMPARISON OF TOKEN MIXERS
ADE20K DATASET. FLOPS ARE CALCULATED WITH RESOLUTION
512 x 2048 \ ImageNet-1K \ ADE20K
Token Mixer
#F (G) #P (M) Top-l1 | #F (G) #P (M IoU
Backbone #F(G) #P (M) mloU | #£© M) Top-l | #F (©) M) mlo
Sep Conv [61] 1.6 114 769 | 119.7 14.6 39.9
ResNet-18 [58] 129 15.5 329 SRA [30] 2.0 16.2 77.4 126.6 20.0 41.9
PoolFormer-S12 [41] 124 15.7 37.2 Swin [4] 2.0 13.6 782 | 1305 174 403
PVTv2-bl [13] 129 17.8 425 Mixing Block [8] 2.0 13.6 78.9 130.0 17.4 423
PVT-ACmix-T [7] 160 17.0 427 ACmix Block [7] 2.1 13.9 79.0 1314 17.6 41.5
POTT [32] 121 158 434 D-Mixer (Ours) 1.6 11.4 79.0 | 118.0 152 427
Slide-PVT-T [28] 136 16.0 38.4
TransXNet-T 121 16.6 45.5
Swin-T [4] 182 31.9 415 Finally, TransXNet-B achieves the hlghest mloU of 499%,
PVTv2-b2 [13] 167 29.1 45.2 surpassing other competitors but with less computational cost.
PVT-ACmix-S [7] 228 29.0 46.4
CSWin-T [27] 202 26.1 48.2 ]
ScalableViT-S [54] 174 300 449 D. Ablation Study
CrossFormer-S [55] 221 34.3 46.0 . . .
UniFormer-S [12] a7 250 46.6 1) Setup: To evaluate the 1mpact of .each com.ponent in
P2T-S [32] 162 28.4 46.7 TransXNet, we conduct extensive ablation experiments on
Slide-PVT-S [28] 188 26.0 425 ImageNet-1K. Due to limited resources, we adjust the number
[EENEXINEES e 0o | 485 of training epochs to 200 for all the models, while keeping the
Swin-S [4] 274 532 452 rest of the experimental settings consistent with Section IV-A.
PVTv2-b4 [13] 21 66.3 47.9 Subsequently, we proceed to fine-tune the ImageNet pretrained
ScalableViT-B [54] 270 790 484 quently, we p _ geiNet pretrain
CrossFormer-B [55] 270 55.6 477 model on the ADE20K dataset, applying the identical training
UniFormer-B [12] 471 540 480 configurations as described in Section IV-C.
P2TL [32] 281 >8.8 49.4 2) Comparison of Token Mixers: To perform a fair compar-
Slide-PVT-M [28] 278 460 440 _ partse ) - lop AT comp
TransXNet-B 256 517  49.9 ison of token mixers, we adjust the tiny model to a similar style

computational cost. In addition, TransXNet-S improves the
mloU by 0.3% over CSWin-T [27] but with fewer GFLOPs.

as Swin-T [4], i.e., setting the numbers of blocks and channels
in the four stages to [2,2, 6,2] and [64, 128,256, 512], respec-
tively, and using nonoverlapping patch embedding and vanilla
FFN. The performance of different token mixers is shown in
Table VI.
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TABLE VII
COMPARISON OF DEPTHWISE CONVOLUTIONS

| ImageNet-1K | ADE20K
Local Operator | #F(G) #P (M) Top-1 | #F (G) #P (M) mloU
DWConv [61] 1.8 125 803 | 1220 163 441
DyConv [39] 1.8 123 807 | 1214 165 443
Window Attention [43] 1.9 13.3 80.8 124.4 17.0 445
D-DWConv [40] 1.8 142 809 | 1214 180 446
IDConv (Ours) 1.8 128 809 | 1214 166 450

It can be found that our D-Mixer has clear advantages in
terms of performance and computational cost. In ImageNet-
1K classification, D-Mixer ties with ACmix block [7] which
is also a hybrid module, but our D-Mixer has a significantly
lower computational cost. Furthermore, D-Mixer demonstrates
a pronounced superiority in semantic segmentation, as demon-
strated on the ADE20K dataset.

3) Comparison of Depthwise Convolutions: To evaluate
the effectiveness of IDConv, we replace it in the tiny model
with a series of alternatives including the standard DWConv,
window attention [43], DyConv [39], and D-DWConv [40].
The kernel/window sizes of the above methods are set to 7 x 7
for fair comparisons. As listed in Table VII, IDConv exceeds
DyConv by 0.2% top-1 accuracy and 0.7% mloU with only a
slight increase in Params. Then, window attention performs
worse with higher computational cost, possibly due to its
nonoverlapping locality. Compared with the recently proposed
D-DWConv, IDConv has fewer parameters while achieving
comparable top-1 in image classification and superior mloU
in semantic segmentation.

4) Impact of MS-FFN: Based on the tiny model, we inves-
tigate the impact of multiscale token aggregation in MS-FFN
by conducting comparisons between MS-FFN and vanilla FFN
[1], while adjusting the kernel size in the middle layer of MS-
FFN. The results presented in Table VIII reveal that MS-FFN
surpasses Inverted Residual FFN [9] (i.e., scale = 3) by 0.3%
in top-1 accuracy, 0.4% in mloU, and 0.9% AP?, respectively.
Importantly, this performance boost comes with only a minor
increase in computational cost. Our investigation identifies
the optimal set of scales for MS-FFN as {1,3,5,7}, striking
a favorable balance between performance and computational
efficiency. Although we observe further performance gains by
extending the scale set to {1,3,5,7,9}, we opt to discard this
configuration to avoid the accompanying increase in the num-
ber of parameters and FLOPs. However, it can be found that
scale = {1, 3, 5} only brings a marginal improvement on image
classification and semantic segmentation tasks. Specifically,
compared with single-scale, scale = {1,3,5} only improves
0.1% top-1 accuracy on ImageNet-1K and 0.1% mloU on
ADE20K. We believe that the reason for this phenomenon
is that the performance of our MS-FEN is closely tied to
the input resolution. Basically, the motivation for using MS-
FFN is to capture different subregion features since it can
generate multiscale representations. In this regard, if we use
a relatively small input resolution (e.g., 224 x 224), then at
deeper feature maps of the network (e.g., 14 x 14 and 7 x 7),
a 3 x 3 convolution may already cover the sufficient object
region. In this case, using a convolution with a larger kernel
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may not provide additional useful context, thereby resulting
in limited performance improvement. However, as the input
image resolution increases, the object region contains more
pixels, thus a 3 x 3 convolution can only handle a subregion
of the whole object, and convolutions with larger kernels have
more potential to extract richer object context. In this regard,
multiscale convolutions can provide more effective clues. As
depicted in Table VIII, as we progress from image classi-
fication to object detection®, the performance improvement
of MS-FFN becomes increasingly notable. More specifically,
scale = {1, 3,5} improves over single scale by a notable 0.6%
AP?, which is a more noticeable improvement compared with
the other two tasks. It is noteworthy that scale = {1, 3} main-
tains an ignorable performance gap with single scale but with
lower computational complexity, while the final design of the
MS-FFN (i.e., scale = {1,3,5,7}) improves AP? significantly
by 1.0% over single scale.

5) Impact of Channel Ratio Between Attention and Con-
volution: Channel ratio represents the proportion of channels
allocated to OSRA in a given feature map. We investigate the
impact of channel ratio by setting it to different values in a tiny
model. As shown in Table IX, top-1 accuracy and mloU are
greatly improved when the channel ratio is increased from 0.25
to 0.5. However, when the channel ratio becomes greater than
0.5, the improvement in top-1 accuracy and mloU becomes
inconspicuous even though the number of Params increases.
Hence, we conclude that a channel ratio of 0.5 has the best
tradeoff between performance and model complexity.

6) Other Model Design Choices: We verify the impact of
DPE, OSR, and STE on a tiny model by removing or replacing
these components. As shown in Table X, DPE brings clear
performance improvement, which is consistent with previous
works [12], [62]. Regarding the design choice of the self-
attention module, OSR demonstrates a slight yet noteworthy
improvement of 0.1% in top-1 accuracy and 0.3% in mloU,
all without incurring additional computational costs when
compared to nonoverlapping spatial reduction (NSR). Notably,
our proposed STE significantly reduces computational cost
while maintaining consistent performance on ImageNet-1K
and boosting mloU by 0.3% on ADE20K, highlighting the
effectiveness of STE as an efficient design choice for our
model.

E. Network Visualization

1) ERF Analysis: To gain further insights into the superi-
ority of our IDConv over the standard DWConv, we visualize
the ERF [11] of the deepest stage of all the models considered
in Table VII. As shown in Fig. 6(a), DWConv has the smallest
ERF in comparison to dynamic operators, including DyConv
[38], window attention [43], D-DWConv [40], and IDConv.
Furthermore, among the dynamic operators, it is evident that
IDConv enables our model to achieve the largest ERF while

3Unlike image classification and semantic segmentation, which use fixed
input resolutions (i.e., 224 x 224 and 512 X 512, respectively), in object
detection, the image is resized to the shorter side of 800, while ensuring that
the longer side does not exceed 1333. Hence, the resized image generally
possesses more fine-grained object information compared with the other two
vision tasks.
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TABLE VIII
ABLATION ON MS-FFN SCALES

| ImageNet-1K | ADE20K | COCO 2017
FFN Scale | 4F(G) #PM) Top-1 | #F(G) #P(M) mloU | #F (G) #P M) AP
N/A 1.7 12.5 80.3 | 1193 16.2 440 | 185.1 22.1 40.9
{1,3} 1.7 12.6 80.6 | 119.9 16.4 445 | 1856 222 415
3 (Single-scale) 1.7 12.7 80.6 | 1203 16.4 446 | 186.0 223 415
{1,3,5} 1.7 12.7 80.7 | 1205 16.5 447 | 1862 223 42.1
{1,3,5,7} 1.8 12.8 809 | 1214 166  45.0 | 187.1 224 425
{1,3,5,7,9} 1.8 13.0 81.0 | 1225 16.8 447 | 1882 26 427
TABLE IX

ABLATION ON CHANNEL RATIO BETWEEN ATTENTION
AND CONVOLUTION

| ImageNet-1K | ADE20K

Attention Ratio | yp () #p (M) Top-1 | #F (G) #P (M) mloU
0.25 1.7 12.5 80.6 120.3 16.3 44.1

0.5 1.8 12.8 80.9 121.4 16.6 45.0

0.75 1.8 13.6 80.9 123.2 17.4 44.9

TABLE X
ABLATION STUDY ON DPE, OSR, AND STE
| ImageNet-1K | ADE20K

NSR DPE  OSR  STE | 4p(G) #P (M) Top-l | #F(G) #P (M) mloU
v 1.8 134 805 | 1222 1701 441
v v 19 13.6 808 | 1234 173 445
VR 19 136 809 | 1235 174 447

g J | 18 128 809 | 1214 166 450

preserving a strong locality. These observations substantiate
the claim that incorporating suitable dynamic convolutions
assists transformers in better capturing global contexts while
carrying potent inductive biases, thereby improving their rep-
resentation capacity.

On the other hand, to demonstrate the powerful repre-
sentation capacity of our TransXNet, we also compare the
ERF of several SOTA methods with similar computational
costs. As shown in Fig. 6(b), our TransXNet-S has the largest
ERF among these methods while maintaining strong local
sensitivity, which is challenging to achieve.

2) Grad-CAM Analysis: To comprehensively assess the
quality of the learned visual representations, we use Grad-
CAM technique [30] to generate activation maps for visual
representations at various stages of TransXNet-S, Swin-T,
UniFormer-S, and PVT v2-b2. These activation maps provide
insight into the significance of individual pixels in depicting
class discrimination for each input image. As depicted in
Fig. 7, our approach stands out by revealing more intricate
details in early layers and identifying more semantically mean-
ingful regions in deeper layers. This compellingly demon-
strates the robust visual representation capabilities of our
method compared with other competitors.

3) Visualization of D-Mixer: To demonstrate the hypoth-
esis that convolution operations facilitate the local model-
ing and self-attention operations drive the global modeling
when adopting our D-Mixer, we visualize both local and
global activation maps using Grad-CAM and ERF of two

DWConv Window Attention

(@)

DyConv D-DWConv IDConv (Ours)

ConvNeXt-T PVTv2-b2

Swin-ACmix-T ] MaViT-T TransXNet-S (Ours

(b)

UniFormer-S

Fig. 6. EREF visualization of (a) models incorporating various local operators
and (b) SOTA methods. The results are obtained by averaging over 100 images
(resized to 224 x 224) from ImageNet.

branches in D-Mixer. Specifically, the visualization positions
are the output of IDConv, the output of OSRA, and the
output after the fusion of the two branches using STE, at
the last D-Mixer in TransXNet-S. As shown in Fig. 8(a),
the local and global branches demonstrate different ERFs.
Specifically, the ERF of the local branch exhibits stronger
local sensitivity, while the global branch possesses a larger
ERF. When the local and global branches are combined, the
ERF simultaneously acquires enhanced locality and global
responses, thus confirming our hypothesis. It is worth noting
that the ERF generated by the local branch also encompasses
some long-range dependencies, which can be attributed to
the network being stacked to deeper layers, thus the ERF
is influenced by the preceding layers that have incorporated
both local and global information. Furthermore, we have used
Grad-CAM to visualize the activation maps. As shown in
Fig. 8(b), the heatmaps generated by the local branch are more
focused on detailed information within a local region, whereas
the heatmaps produced by the global branch can cover the
entire object but may introduce some irrelevant background
information. However, when combining the local and global
information, the generated heatmaps exhibit a more precise
attention on the object regions. This further corroborates our
hypothesis.
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Stage 3

Stage 4

Fig. 7. Grad-CAM visualization of the models trained on ImageNet-1K. The visualized images are randomly selected from the validation set.

F. Computational Efficiency Analysis

In this section, we present a comparison of computational
efficiency among different methods. Specifically, using a single
RTX 3090 GPU with a batch size of 128, we compare
the throughput and GPU memory cost of our method with
various classical backbone networks, including Swin [4],
ConvNeXt [16], and other related methods that extract both
global and local information, such as MPViT [53], QuadTree
Transformer [52], and Focal-Transformer [29]. As shown
in Table XI, our method achieves a favorable tradeoff be-
tween computational efficiency and performance. For example,
when TransXNet-T is compared with MPViT-XS, our method
achieves nearly comparable speed (857 images/s versus 868

images/s) while consuming less GPU memory (2252 MB
versus 2460 MB), and demonstrates a noticeable advantage
in top-1 accuracy (81.6% versus 80.9%). Moreover, our small
and base models also demonstrate excellent computational
efficiency. For instance, TransXNet significantly outperforms
Focal-Transformer in terms of performance, speed, and mem-
ory usage. Although our method lags behind Swin and Con-
vNeXt in speed, these methods benefit from the efficiency
of local operators for acceleration, while TransXNet includes
some operators that may not be as compatible with GPU-based
parallel computing, such as multiscale depthwise convolutions
in MS-FFN. However, it is noteworthy that TransXNet-S has
a notable advantage over Swin-T regarding GPU memory
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Local + Global

Local Branch

Global Branch

Fig. 8. (a) ERF and (b) Grad-CAM analyses for D-Mixer.

consumption. This advantage may lead to similar speeds
between TransXNet-S and Swin-T in practical applications,
as our TransXNet has the potential to use a larger batch size
with the same memory consumption as Swin.

Furthermore, we compare computational efficiency among
different token mixers. It is worth noting that we use a similar
architectural design, with the only difference being the token
mixer used, namely, Sep Conv [61], SRA [30], Shifted Win-
dow [4], Mixing block [8], ACmix block [7], and our D-Mixer.
As listed in Table XII, our D-Mixer demonstrates a better
tradeoff among performance, GPU memory consumption, and
speed compared with other token mixers. This highlights that
our D-Mixer is both effective and GPU-friendly.

V. LIMITATIONS

Our ablation study suggests that a fixed 1:1 ratio between
the numbers of channels allocated to self-attention and dy-
namic convolutions in all the stages yields a favorable tradeoff.
However, we speculate that using different ratios at different
stages may further improve performance and reduce computa-
tional cost. Regarding the model design, our TransXNet series
are manually stacked, and there exist potentially inefficient
operators in the building blocks (e.g., multi-kernel depthwise
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TABLE XI

COMPARISON OF THROUGHPUT AND GPU MEMORY COST AMONG REP-
RESENTATIVE BACKBONE NETWORKS

Method #F(G) #P (M) #T (imgs/s) #M (MB) Top-1
Swin-T [4] 44 283 858 4392 813
Swin-S [4] 8.5 49.6 514 4480 83.0
Swin-B [4] 154 88.0 183 8620 83.5
ConvNeXt-T [16] 45 28.6 1090 3276 82.1
ConvNeXt-S [16] 8.7 50.2 642 3302 83.1
ConvNeXt-B [16] 15.4 88.6 422 4302 83.8
MPViT-XS [53] 29 10.5 868 2460 80.9
MPVITS [53] 47 229 513 3078 83.0
MPViT-B [53] 16.1 74.9 256 5502 84.3
QuadTree-B-bl [52] 23 13.6 836 3693 0.0
QuadTree-B-b2 [52] 45 242 461 3781 82.7
QuadTree-B-b4 [52] 115 64.2 215 3921 84.0
Focal-T [29] 49 29.1 381 11219 82.2
Focal-S [29] 9.5 51.1 231 11311 835
Focal-B [29] 16.0 89.8 168 14889 83.8
TransXNet-T 1.8 12.8 857 2252 81.6
TransXNet-S 45 26.8 417 3678 83.8
TransXNet-B 82 479 250 5998 84.6
TABLE XII

COMPARISON OF THROUGHPUT AND GPU MEMORY COST AMONG DIE-
FERENT TOKEN MIXERS

Method #F(G) #PM) #T(imgs/s) #M (MB) Top-1
Sep Conv [61] 1.6 11.4 2164 3615 76.9
SRA [30] 2.0 16.2 1906 4463 77.4
Swin [4] 2.0 13.6 1346 2869 78.2
Mixing Block [8] 2.0 13.6 1240 3469 78.9
ACmix Block [7] 2.1 139 1018 4069 79.0
D-Mixer (Ours) 1.6 11.4 1649 3884 79.0

convolutions in MS-FFN). As a result, our model exhibits
limited advantages in terms of speed when compared to other
models with similar GFLOPs. Nonetheless, these inefficiencies
can be mitigated through techniques such as neural archi-
tecture search (NAS) [63] and specialized implementation
engineering, which we plan to explore in our future work.

VI. CONCLUSION

In this work, we propose an efficient D-Mixer, taking
advantage of hybrid feature extraction provided by OSRA and
IDConv. By stacking D-Mixer-based blocks to a deep network,
the kernels in IDConv and attention matrices in OSRA are
dynamically generated using both local and global information
gathered in previous blocks, empowering the network with
a stronger representation capacity by incorporating strong
inductive bias and an expanded ERF. Besides, we introduce
an MS-FFN to explore multiscale token aggregation in the
feedforward network. By alternating D-Mixer and MS-FFN,
we construct a novel hybrid CNN-Transformer network termed
TransXNet, which has shown SOTA performance on various
vision tasks.
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