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1. Method
The inference pipeline of our framework is shown in

Fig. 1. Given a gait sequence, we first use the GaitGL [3]
and GaitMask networks to generate gait feature represen-
tations. Then, we concatenate two feature representations.
Finally, we utilize the query expansion and re-ranking [4]
techniques to increase the accuracy.

1.1. GaitMask

The overview of the proposed GaitMask method is
shown in Fig. 2. The whole gait recognition method is built
by 3D convolution, which is similar to [2, 3]. We first use
3D convolution to extract the shallow features. Then, the
Local Temporal Aggregation (LTA) is used to aggregate the
local temporal information [3]. Next, we propose a novel
Global and Mask Feature Extractor (GMFE) to learn more
comprehensive gait features. Finally, we introduce temporal
pooling and Generalized Mean Pooling (GeM) to generate
feature representations [3]. During the training stage, we
use the Separate Triplet Loss to train the proposed network
[1].

The proposed GMFE can be implemented by multi-
ple Global and Mask Convolution Layers (GMCL). The
overview of the GMCL is shown in Fig.3. GMCL includes
two branches: Global Feature Extraction and Mask Fea-
ture Extraction. Global Feature Extraction is used to extract
global feature representations, while Mask Feature Extrac-
tion is used to generate more comprehensive local feature
representations. Assume that the input feature map of the
GMCL is Xin ∈ RCin×Tin×Hin×Win , where Cin is the
number of channels, Tin is the length of feature maps and
(Hin,Win) is the image size of each frame. The global fea-
ture extraction can be designed as:

Yg = c3×3×3(Xin), (1)

where c3×3×3 means 3D convolution with kernel size 3.
Yg ∈ RCou×Tin×Hin×Win is the output of the global fea-
ture extraction.

On the other hand, the mask feature extraction first gen-
erates two complementary masks M0 ∈ RHin×Win and

M1 ∈ RHin×Win , where the element of M0 and M1 is 0
and 1, respectively. Then, we randomly drop a continuous
and horizontal region of the mask M1. Meanwhile, we pre-
serve the corresponding region in the mask M0.

Specifically, assume that M0 =
{
h0
i |i = 1, 2, ...,Hin

}
,

where h0
i ∈ R1×Win is the i-th column of the feature map

M0. M1 =
{
h1
j |j = 1, 2, ...,Hin

}
, where h1

j ∈ R1×Win is
the j-th column of the feature map M1. We first randomly
select an interval (k, k + d∗Hin

Hin
), where d means the drop-

ping ratio. Then, the value of
{
h0
k, ..., h

0
k+bd×Hinc

}
in the

mask M0 is set to 1, as a new mask Md0 ∈ RHin×Win ,
while the value of

{
h1
k, ..., h

1
k+bd×Hinc

}
is set to 0, as a

new mask Md1 ∈ RHin×Win . The mask feature extraction
can be represented as:

Ym = c3×3×3(Xin ⊗Md0) + c3×3×3(Xin ⊗Md1), (2)

where ⊗ means element-wise product in the image dimen-
sion. Yg ∈ RCou×Tin×Hin×Win is the output of the mask
feature extraction.

In this paper, we propose two ways to combine these two
feature maps. One is the element-wise addition (CMCL-A),
which can be designed as

YCMCL−A = Yg + Ym (3)

where YCMCL−A ∈ RCou×Tin×Hin×Win is the combined
feature maps. The other one is to concatenate the feature
maps in horizontal axis, which can be represented as

YCMCL−B = concat

{
Yg

Ym

}
(4)

where concat means concatenation operation in horizon-
tal axis. YCMCL−B ∈ RCou×Tin×(2∗Hin)×Win is the com-
bined feature maps.

As shown in Fig.3, during the test stage, we directly in-
put the original feature map Xin into the mask feature ex-
traction to generate the local feature representations.

1.2. Query Expansion

In general, to evaluate the performance, we divide the
dataset into two subsets: the gallery set and the probe set. In



Figure 1. The inference pipeline of our framework.

Figure 2. Overview of the proposed GaitMask method.

this paper, we adopt query expansion technology to improve
the recognition accuracy. Specifically, we first concatenate
all feature representations from the gallery and probe sets.
Then, we adopt a clustering method based on the euclidean
distance to find the most similar samples. Each feature rep-
resentation from the gallery and probe sets is updated to the
mean feature representation of the other representations in
the same cluster.

1.3. Implementation Details

We use a preprocessing method [1] to normalize the gait
data from the CASIA-E and OUMVLP datasets. The size
of the normalized gait images is 64 × 44. The training
details are shown in Tab.1. When we train two networks
on CASIA-B and CASIA-E datasets, we take the trained
parameters from the OUMVLP dataset as the pre-trained
parameters. The network parameters of the GaitMask are
shown in Table.2. All experiments take Adam as the opti-
mizer and the initial learning rate is 1e-4. For the OUMVLP
dataset, the learning rate reset to 1e-5 after 150K. For the
CASIA-B and CASIA-E datasets, the learning rate reset to
1e-5 after 10K.

2. Experiments

In our work, the proposed method uses several tech-
niques to improve the recognition accuracy, e.g. model en-
semble, query expansion, and re-ranking. In this section,
we design different ablation studies to evaluate the effec-
tiveness of these techniques.

The experimental results are shown in Tab.3. It can be

Table 1. The training details of the proposed framework on dif-
ferent datasets. T means the length of input gait sequences in the
training stage.

Datasets Method Epoch T Frames BatchSize

OUMVLP
GaitGL

250K 30 32*8GaitMask
CASIA-B GaitGL

15K 64 12*8and CASIA-E GaitMask

Table 2. Network parameters of the proposed GaitMask
Layer Name In C Out C Kernel Global N-part
First Conv 1 32 (3,3,3) X ×

LTA 32 32 (3,1,1) − −
GMCL-A1 32 64 (3,3,3) X 2

Max Pooling, kernel size =(1, 2, 2), stride=(1, 2, 2)
GMCL-A2 64 128 (3,3,3) X 2
GMCL-A3 128 128 (3,3,3) X 2
GMCL-A4 128 128 (3,3,3) X 2
GMCL-B1 128 128 (3,3,3) X 2

Table 3. Rank-1 accuracy (%) of different techniques. QE means
the Query Expansion technique.

Model Re-ranking QE Accuracy
GaitGL 64.1%
GaitGL X 78.4%
GaitGL X X 80.7%

GaitGL+GaitMask X X 83.7%

observed that each technique plays an important role in the
whole framework.
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Figure 3. Overview of the proposed Global and Mask Convolution Layer.
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