A. Implementation Details
A.1. Image Classification
In accordance with Stand-Alone Self-Attention [13] and
Axial Attention [15], we train all these models for 130
epochs utilizing the Stochastic Gradient Descent (SGD) optimizer with the momentum of 0.9 and the weight decay of
0.0001. The learning rate initiates from 0.8 and gradually
approaches zero following a half-cosine function shaped
schedule. The mini-batch size per GPU is set to 32 and the
training procedure is conducted on 64 GPU devices in total. The label smoothing regularization technique is applied
with the coefficient of 0.1.

A.2. Object Detection and Instance Segmentation
Following the widely-adopted pipeline, the input images
are resized to keep their shorter/longer side as 800/1333 pixels prior to being fed into the networks. The training procedure lasts for 12 epochs, using the Stochastic Gradient
Descent (SGD) optimizer with the momentum of 0.9 and
weight decay of 0.0001. The initial learning rate is set to
0.02 for Faster/Mask R-CNN and 0.01 for RetinaNet with
a linear warm-up period of 500 iterations, divided by 10 in
the 8th and 11st epoch. When necessary, we moderately extend the warm-up period and apply gradient clipping for the
sake of convergence stability. The detectors are trained on
8 Tesla V100 GPUs with 2 samples per GPU.

A.3. Semantic Segmentation
The urban scene images with a high resolution of 1024×
2048 are randomly resized, with their aspect ratios kept
in the range from 0.5 to 2.0, from which the input image
patches with the size of 512 × 1024 are randomly cropped,
then undergo random horizontal flipping and a sequence
of photometric distortions as the data augmentation. We
adopt the training schedule of 80k iterations, and apply the
Stochastic Gradient Descent (SGD) optimizer with the momentum of 0.9 and weight decay of 0.0005. The learning
rate starts from 0.01 and anneals following the conventional
“poly” policy, which indicates the initial learning rate is
iter
0.9
in each iteration. The segmultiplied by (1 − total
iter )
mentation networks are trained on 4 Tesla V100 GPUs with
2 samples per GPU. We apply synchronized Batch Normalization [10] for more stable estimation of the batch statistics.

B. Comparison to State-of-the-art on COCO
For both object detection and instance segmentation on
COCO, we compare our involution-based Mask R-CNN [4]
with the RedNet-50 backbone against other celebrated architectures with ResNet-50 in Table 1. Our approach performs substantially better than convolution-based Mask RCNN equipped with self-attention blocks, like NLNet [16],
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Table 1: Quantitative comparison on the COCO 2017 validation
set. Our model could outstrip the previous methods with attention
or dynamic add-on, using reduced parameters and computational
cost. C5 indicates inserting the considered components at all the
3 × 3 convolution layers of the last stage (conv5 x) in ResNet-50.

CCNet [7], and GCNet [2]. Additionally, our method outperforms those of embedding dynamic mechanism into the
networks, including Deformable ConvNets (DCN) [20] and
Dynamic Graph Message passing Networks (DGMN) [19].
Note that all these referred approaches introduce extra parameters and FLOPs to the vanilla Mask R-CNN by appending complementary modules while our proposed involution
operator even reduces the complexity of baseline by substituting convolution.

C. Visualization of Segmentation
Based on the semantic FPN [8] framework, we provide
some prediction results on the Cityscapes validation set in
Figure 1. Without the help of involution, pixels of large
objects are usually mistaken as other objects with high similarity. For instance, the wall in the first image example
are mostly confused with building by the convolution-based
FPN. Some pixels of the bus in the third image example
are misclassified as truck or car, distracted by the occlusion
of the cyclist. In contrast, our involution-based FPN dissolves these ambiguities by dynamically reasoning in an enlarged spatial range. Also, better consistency of inner pixels
of an object is observed in the segmentation results of our
method, reaping the benefits of involution.

D. Discussion
The topological connectivity [5, 6, 17, 18] and hyperparameter configurations [3, 12, 14] of convolutional neural
networks have undergone rapid evolution, but developing
brand new operators attracts little attention for crafting innovative architectures. In this work, we expect to bridge
this regret via disassembling the elements of convolution
and reassembling them into a more effective and efficient
involution. In the meanwhile, one of the current front edges
of neural architecture engineering is automatically searching the network structures [1, 9, 11, 21, 22]. Our invention
can also fill the pool of search space for most existing Neural Architecture Search (NAS) strategies. In the near future, we are looking forward to discovering more effective
involution-equipped neural networks with the help of NAS.

Figure 1: Qualitative comparison of segmentation results on the Cityscapes validation set. Each column represents an image example of
urban scene. The first and second row show the original image and ground truth. The last two rows demonstrate the prediction results of
baseline and our method, respectively. Highlighted in the yellow boxes are their apparent differences.
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