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1. EXPERIMENTS AND RESULTS
Implementations. To implement the proposed model, we use
the Tensorflow platform on an NVIDIA GeForce GTX 1080
Ti GPU. Each GWNN model consists of three graph convolutional layers with the feature dimension of 256, 128 and 4
(2) respectively. The overall downsampling rate of the modified ResNet-50 is 1/16. Moreover, we use the Adam optimizer to train the model, where the initial learning rate is
10−3 and β1 = 0.9, β2 = 0.99. All models are trained for
30000 epochs with a batch size of 16. The hyperparameters
α, λ are set as 99 and 1 respectively.
Computational Complexity. As the eigendecomposition
of Laplacian matrix requires much computational cost, we
utilize a fast algorithm to approximate the graph wavelets.
Hammond et al. [9] suggested that Ψs and Ψ−1
s can be efficiently approximated by a truncated expansion according to
the Chebyshev polynomials with low orders. In this way,
the computational complexity is O(k × |E|), where |E| is
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Table 1. Comparisons with state-of-the-art methods on
BreakHis dataset.
Model
Accuracy
Kumar[1]
94.11%
Nahid[2]
95.00%
Han[3]
95.80%
Veeling[4]
96.10%
Kausar[5]
97.02%
Alom[6]
97.95%
Bardou[7]
98.33%
Gandomkar[8]
98.60%
Proposed MS-GWNN 99.67%
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Fig. 1. Normalized confusion matrix results of MS-GWNN
on two datasets.
the number of graph edges and k is the degree of Chebyshev
polynomials. In this work, we set k = 2.
2. ABLATION STUDIES
The Function of Multi-Scale Feature Learning. In this section, we aim at analyzing the effect of the multi-scale features
fusion. As shown in Table 2, as aggregating features at more
scales, the model performance becomes better accordingly.
The specific scaling parameter s is given in brackets. When
using only one-level features (s = 0.5), MS-GWNN obtains
an accuracy of 88.75%. After introducing the features at another scale (s = 1.0), the accuracy increases to 91.25%. Further, MS-GWNN with three branches (s = 0.5, 1.0, 1.5) can
achieve a 93.75% accuracy. This comparison confirms that
extracting multi-scale context information is very important
for pathological image analysis.
In addition, we also perform an experiment which re-
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Fig. 2. Visualization of the wavelet bases at different scales. The small, medium and large scale correspond to s = 1, 3, 5
respectively. Top row: multi-scale graph wavelets Ψsi centered at node i. Bottom row: the receptive fields corresponding to
the above wavelets. Each square denotes a node (patch) in the graph (image). The red point is the center node i and the other
green points are the neighborhood of node i. As the scaling parameter s gets larger, the receptive field of node i becomes wider
accordingly.

Table 2. Ablation study of the multi-scale feature learning
on BACH dataset. MS-GWNN-1 (s = 0.5) denotes the MSGWNN model with one branch (s = 0.5).
Model
Accuracy
GCN
88.75%
MS-GWNN-1 (s=0.5)
88.75%
MS-GWNN-1 (s=1.0)
88.75%
MS-GWNN-1 (s=1.5)
87.50%
MS-GWNN-2 (s=0.5,1.0)
91.25%
92.50%
MS-GWNN-2 (s=0.5,1.5)
MS-GWNN-2 (s=1.0,1.5)
91.25%
MS-GWNN-3 (s=0.5,1.0,1.5) 93.75%

the node i which the wavelet Ψsi centered at, and the green
squares denote the neighbourhood of node i whose values are
greater than 0 in the wavelet Ψsi . As the scale gets larger, the
scope of neighborhood becomes wider accordingly, meaning
that the receptive field of node i is gradually expanding. At
the small scale (s = 1), only a minority of nodes contribute
to the embedding updating of node i. However, at the large
scale (s = 5), the neighborhood nodes increase a lot which
nearly spread on the entire tissue. In such setting, information
can be propagated among the tissue structures at different levels, enabling MS-GWNN to acquire multi-scale contextual
features.
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