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ABSTRACT 

 

Spatial-temporal graph convolutional networks (ST-GCN) have 

achieved outstanding performances on human action recognition, 

however, it might be less superior on a two-person interaction 

recognition (TPIR) task due to the relationship of each skeleton is 

not considered. In this study, we present an improvement of the ST-

GCN model that focused on TPIR by employing the pairwise 

adjacency matrix to capture the relationship of person-person 

skeletons (ST-GCN-PAM). To validate the effectiveness of the 

proposed ST-GCN-PAM model on TPIR, experiments were 

conducted on NTU RGB+D 120. Additionally, the model was also 

examined on the Kinetics dataset and NTU RGB+D 60. The results 

show that the proposed ST-GCN-PAM outperforms the-state-of-

the-art methods on mutual action of NTU RGB+D 120 by achieving 

83.28% (cross-subject) and 88.31% (cross-view) accuracy. The 

model is also superior to the original ST-GCN on the multi-human 

action of the Kinetics dataset by achieving 41.68% in Top-1 and 

88.91% in Top-5. 

 

Index Terms— skeleton-based action recognition, spatial-

temporal graph convolution network, two-person-interaction, 

pairwise adjacency matrix 

 

1. INTRODUCTION 

 

The usage of the human skeleton is now getting more and more 

attention in the area of human action recognition because of the 

robustness of adapting to the illumination change and scene 

variation [1, 2]. The vertex of human skeleton can be easily obtained 

by using the pose estimation such as OpenPose [3] or by accurate 

depth sensors [4, 5]. Many skeleton-based human action recognition 

models were proposed by applying either handcrafted features [6] or 

the deep learning method to train the classifier for recognition. 

Conventionally, the handcrafted features such as joint location or the 

joint angles are used to represent the human body [7]. However, the 

performance of handcrafted approach is not satisfied [1]. Currently, 

the deep learning model is more popular. 

Within deep learning based methods, many works used graph-

based methods which present a human skeleton as a graph for the 

input of deep learning model. The challenge lies in how to generalize 

a graph model into Convolution Neural Network (CNN) to be able 

to process arbitrarily structured graphs. Kipf and Welling first 

proposed a method called graph convolution network (GCN) to 

combined the graph model with the CNN to represent spatial data 

[8]. Later on, based on the GCN sturcture, a method named spatial-

temporal graph convolutional networks (ST-GCN) was proposed to 

combine the temporal features of data [9]. Shi et al. continued to  

utilize ST-GCN model to perform the human action recognition [1, 

10, 11].  

Presently, ST-GCN is mainly focused to solve single action 

recognition but not two-person interaction recognition (TPIR) which 

involves two people to perform the mutual actions. The examples of 

TPIR can be illustrated in Fig. 1. As can been seen, Fig. 1 (i)(ii) 

show human hugging interaction and their skeletons while Fig. 1 

(iii)(iv) show two people are hand-shaking. Similar to single human 

action recognition, TPIR aims to recognize the mutual action among 

two people. 

 

 
Figure 1 An example of two-person interactions 

 

In literature, several approaches have been developed to solve 

TPIR problem [12]. For instance, Sener and Ikizler-Cinbis proposed 

a framework utilizing two-person descriptors by an embedded 

representation integrated with spatial multiple learning to captures 

the relationship of person-person [13]. Another work utilized the 

body-pose features incorporated with joint features and plane 

features to perform a multiple instance learning, considered as one 

kind of supervised learning [14].  However, most of the previous 

works including the papers mentioned above all used a region of 

interest based on image-based approach. 

In this paper, we tried to enhance the original ST-GCN to be 

capable to capture the relationship between two persons for TPIR 

problem. A new data presentation called pairwise adjacency matrix 

(PAM) was proposed to contain the intra-inter bidirectional 

relationship of a pair of two graphs which are constructed by two 

human skeletons. The proposed PAM is added into ST-GCN to 

represent the person-to-person connection. By the backprorogation 

mechanism of ST-GCN, the model is trained to classify the two-

person interaction.  

To validate the effectiveness of the proposed ST-GCN-PAM 

model on TPIR, experiments were conducted based on NTU 

RGB+D 120, Kinetics dataset and NTU RGB+D 60. The results 

were compared with the single-person ST-GCN as baseline and 

graph-based LSTM model [15] as the benchmark method. The 

results shows the proposed method outperforms the mentioned 

methods on TPIR. The contributions of this work are summarized as 

follows: 

• This work focused on developing a graph-based deep learning 

model to solve the TPIR which involved two-person 

interaction.  

• The propose PAM is able to capture the pairwise relationship 

of two graphs on TPIR in which the performance of the ST-

GCN can be enhanced. 



• The proposed model outperforms the state-of-the-art methods 

by validating on NTU RGB+D 60 and NTU RGB+D 120 

datasets. 

2. PAIRWISE ADJACENCY MATRIX ON ST-GCN 

 

Our model follows the original work of ST-GCN on action 

recognition [9]. The major difference between our work and ST-

GCN is a new graph construction to represent the connection of two 

people in one frame for the streaming video. Fig. 2 describes the 

flow of the proposed framework. The top of Fig. 2 illustrates four 

stages of the proposed framework from left to right. 1) 2D or 3D 

joint coordinates of skeleton joints are generated from two-person 

human interaction video. 2) the model constructing the adjacency 

matrix which defines the pairwise adjacency among all of joints in 

a skeleton. Then, the model will construct spatial graph features 

based on the adjacency matrix for each skeleton. 3) a sliding window 

is used to obtain a temporal feature at the same time, hence, the 

spatial and temporal features can be treated as an image as the input 

of CNN. 4) the model employs a SoftMax classifier to identify the 

interaction action.  

 
Figure 2 Overview of the proposed ST-GCN-PAM framework 

 

The bottom of Fig. 2 from left to right illustrates a) how to 

construct the adjacency by the proposed methods, and b) how ST-

GCN works, respectively. In a), basically, two adjacency matrices 

were proposed and compared. (a) and (b) are cases where the 

pairwise of two partners links every corresponding joint among the 

skeletons. (c) and (d) are to link the center of one skeleton with all 

joints of another skeleton. In b), by following the settings of ST-

GCN [9], the sliding window is used to collect temporal features in 

the corresponding video frames. For example, a 18-joint skeleton 

with 150 sliding window will construct a 18 × 150 matrix 

containing the spatial and temporal features of human interaction 

across video frames. In this work, the training procedure was done 

using an end to end manner with a backpropagation procedure. The 

following subsections describes the technical details of the 

procedures. 

 
2.1. Graph Construction 

 

The human skeleton can be represented as a 2D or 3D coordinates 

of each human joint in each frame as a sequence of vectors. We can 

utilize the skeleton information by employing a spatial-temporal 

graph to model the structured data among all skeleton joints. 

Principally, this procedure of creating single feature vector per-

frame was followed by the data processing in ST-GCN [9].  

The undirected spatial-temporal graph can be used to feature 

both inter-frame and intra-body connections for each human body 

skeleton. The human skeleton sketch in Fig. 3 visualizes the 

examples of inter-frame and intra-body connections. The left sketch 

in Fig. 3 presents an example of the constructed spatial-temporal 

skeleton graph (inter-frame connection) where a joint is represented 

as a vertex and their corresponding connections across frames are 

represented as spatial edges (yellow lines). The color dots of the 

right sketch in Fig. 3 presents an example of intra-body connections 

defined in [9]. 

 
Figure 3 Examples of inter-frame (left) and intra-body (right) 

connections 

In addition, we follow the original ST-GCN [9] to find the feature 

map on the spatial dimension. The output value of the feature map 

for a single-channel at spatial location x can be written as: 

 𝑓𝑜𝑢𝑡(𝑥) =  ∑ ∑ 𝑓𝑖𝑛(𝒑(𝒙, ℎ, 𝑤)) ∙ 𝑾(ℎ, 𝑤)𝐾
𝑤=1

𝐾
ℎ=1   (1) 

where 𝑓𝑖𝑛 denotes the feature map; 𝒙 denotes the vertex location of 

the graph; 𝒑  denotes the sampling area of the convolution at 𝒙 

vertex; both ℎ and 𝑤 are the number of nodes in skeleton; 𝐾 is the 

kernel size. In this work, 𝒑  is defined as 1 distance among the 

neighbor vertexes to the target vertex. W is the weight function 

which provides a weight vector in the input channel dimension that 

has the same operation with the original convolution by giving a 

fixed weight vector. However, the number of node is varied 

mentioned in [9]. The mapping function is then employed to 

simplify the labelling process by transform a varied vector to a fixed 

vector automatically.  

Then, the mapping function in ST-GCN is defined to map the 

weight vector into the adjacency matrix by the partitioning strategy. 

In [9], the best partitioning strategy is spatial configuration which is 

applied in this work. The example of this mapping strategy is shown 

in the right skeleton of Fig. 3. The enclosed curve (the pink area) of 

the body skeletons will be divided into three subsets. The first subset 

is the root node (the red circle). The second is the centrifugal group 

(the green circle) which are a set of nodes having a closer distance 

to the center of gravity (the yellow dot) than the root node. Third 

subset is centripetal group (the blue circle) which are a set of nodes 

having longer distance than the root node [9].  

 
2.2. Implementation 

 

The implementation of graph convolution is not as straightforward 

as other types of convolution network. In detail, the shape of the 

feature map before processed is actually 𝐶 × 𝑇 × 𝑁. Where 𝐶, 𝑇, 𝑁 

represents the number of channels, temporal length (windows size), 

and the number of vertexes respectively. In this work, N is set to be 

18 points for the input from OpenPose [16] and 25 points for the 

input from NTU-RGB-D 120. Original Graph Convolution [8] 

formulated GCN as: 

 𝑓𝑜𝑢𝑡 =  Λ−1/2(𝐴 + 𝐼)Λ−1/2 𝑓𝑖𝑛𝑊  (2) 



then follows ST-GCN [9, 11] with considering the normalization 

part Λ−1/2(𝐴 + 𝐼)Λ−1/2 where 𝐴 is the adjacency matrix, 𝐼 denotes 

the identity matrix and Λ diagonal node degree matrix. In equation 

(2), 𝑊 is the attention map (weighted function) in the convolution 

operation. The equation (1) and (2) are combined and transformed 

into equation (3):  

 𝑓𝑜𝑢𝑡 =  ∑ 𝑊𝑘
𝐾𝑣
𝑘 (𝑓𝑖𝑛𝐴𝑘) ⨂  𝐿𝑘  (3) 

where 𝐾𝑣 represent the kernel size of the spatial dimensions. In our 

case, the spatial configuration which has 𝐾𝑣 =3 (kernel sizes) is 

used. 𝐴𝑘  represent the adjacency matrix as  Ak = Λ𝑘
−1/2(𝐴𝑘 +

𝐼)Λk
−1/2

. This part is used to extract the connected vertexes to their 

corresponding weight vector 𝑊𝑘 . In the implementations, 𝛼  is 

introduced to avoid empty rows in Ak  which caused by a non-

connected graph. In Λ𝑘
𝑖𝑖 = ∑ (𝐴̅𝑘

𝑖𝑗
) + 𝑗 𝛼. 𝛼 is set to 0.001 following 

[10].  𝐿𝑘 denotes a learnable importance weighting or attention map 

that indicates the importance of each vertex, and ⨂  denotes dot 

product. 

 

2.3 Pairwise Adjacency Matrix 

 

The proposed PAM was inspired from the combination of learnable 

edge importance weighting in [9], a pairwise adjacency matrix in 

[17], and a join graph in [18, 19]. A pairwise adjacency is used to 

create a connection between two graphs. On the other hand, a join 

graph is used as a rule of connection between two entity graphs. This 

combination creates a feature to represent a relationship between 

two peoples in frame 𝑡 . We call this connection as pairwise 

connection with the pairwise matrix as the mapping function.  

Fig. 2a visualizes the proposed graph. A mapping function is 

used to create a connection between vertex and between vertex in 

corresponding frames [9, 11]. We employed the same mapping 

function to construct a connection between two different skeletons. 

By using this method, two features: the connection of the 

corresponding frame and the connection between people can be 

generated.  

 In detail, there will be two matrices for each skeleton to connect 

to another skeleton. The first matrix comes from the connections 

from all joints to the all corresponding joints. This kind of the 

connection is based on the relationship that we believe has a high 

probability when two people performs mutual action. The second 

matrix comes from the connections between all joints in the first 

skeleton to the center of gravity on the second skeleton. This 

connection aims to obtain a feature representation of mutual action 

recognition.  

In the original ST-GCN [9, 11], the graph calculation is based on 

the number of vertex 𝑐. However, in this work, the graph calculation 

is based on the number of people 𝑛. Then, follows a bipartite graph 

connection, the calculation after the convolution operation of graph 

convolutional network [17] is shown as equation (4):  

𝑓𝑜𝑢𝑡 (𝑛,𝑐,𝑠,𝑣,𝑤) = ∑ 𝑓𝑖𝑛(𝑏,𝑛,𝑐,𝑣,𝑤)
2
𝑛 = 0 ∙ (𝒘(𝑛,𝑣,𝑤) ∗ 𝑙(𝑛,𝑣,𝑤))   (4) 

where 𝑓𝑖𝑛  is the output of graph convolution, 𝒘  is the weighted 

function shown in equation (1), and 𝑙 is the mapping function to 

make the 𝒘(𝑛,𝑣,𝑤) ∗ 𝑙(𝑛,𝑣,𝑤) is learnable for GCN. 𝑏, 𝑐, stands for a 

batch number, and channel size at each convolution location, 

respectively. 𝑣, 𝑤 represents the number of vertexes.  

 

3. EXPERIMENTS 
 

To validate the propoased method, the state-of-the-art methods of 

action recognition were compared with the proposed ST-GCN-PAM 

in mutual action on NTU RGB+D 60, NTU RGB+D 120, and 

Kinetics-Skeleton datasets. For each dataset, two experiements were 

conducted. One used all of data including single and two-person 

actions, and another only used for data with mutual actions. The 

experiments were conducted based on the same computer 

specifications: using PyTorch deep-learning framework on two-

GPU RTX 1080Ti 128GB memory. 

 

3.1. Dataset 

 

NTU RGB+D 120 [5] is the extended version of NTU RGB+D 60 

[4] which is the most widely used of an action recognition dataset. 

This dataset contains 114.480 action clips in 120 classes. 

Benchmark evaluation of this dataset are Cross Subject (CS) and 

Cross View (CV) stated in the paper [5]. For CS, the data was 

divided into a training set which comes from 53 subjects and will 

test by the other 53 subjects. For CV, the data was divided by camera 

ID, the data with the even camera was reserved for training, while 

the data with the odd camera was for validation. 

The version of Kinetics-Skeleton data used in this work has 400 

action class from 300k YouTube video clips. The OpenPose [3] was 

used to extract the skeleton data. Table 1 shows the specified actions 

used for training and validation.  

 

Table 1. Specific actions used from the Kinetics dataset 

No. Action Name No. Action Name 

1. Hugging 5. Massaging person's head 

2. Massaging back 6. Haking hands 

3. Massaging Feet 7. Slapping 

4. Massaging Legs 8. Tickling 

 

3.2. Experimental Setting 

 

In general, we applied Stochastic Gradient Descent (SGD) as the 

optimization strategy with Nesterov Momentum (0.9) in GCN. The 

loss function to backpropagate gradients is Cross-Entropy with 

weight decays 0.0001.  

For the NTU RGB+D 120 (and 60) dataset, data was formatted 

to have 2 people and to have 300 frames in each video. If there is 

just one person, the second people coordinate are filled by zero. If 

the length of the video frame is less than 300, it was repeated until 

it reaches 300. For the training option of GCN, this dataset is set to 

have a learning rate of 0.1 and run with 80 epochs with 10 dividends 

on 60 and 70 epochs.  

For the Kinetics dataset, data was formatted to have150 frames 

in every sample where two person presents in each frame. The 150 

frames sample is obtained by the same data augmentation mode in 

NTU RGB+D. The learning rate is set to have 0.1 with 10 dividends 

on epoch 45 and 55. The maximum learning epoch is 65. 

 
3.3. Result and Discussion 

 
NTU RGB+D 120 datasets. The ST-GCN-PAM was trained 

and tested on a mutual action subset of NTU RGB + D 120 dataset 

and was compared to the state-of-the-art methods. The proposed 

method was also compared to the original ST-GCN [9]. Also the 

recognition accuracies incorporated with pairwise of two-partner 

matrix only (PP), partner-1 to the center of the partner-2 matrix (CP), 

and employed both of the two types matrices (PCO) were 

investigated. 

Table 2 shows the results. As can be seen, the proposed ST-

GCN-PAM outperforms the other methods on mutual action tasks 



[15, 20-22]. Based on these experimental results, using the pairwise 

of two-partner (PP) yields more significant improvement than 

utilizing only the center of partner-1 to partner-2 and vice-versa (CP). 

However, incorporating both PP and CP (PCP) mutually yields the 

better result. Therefore, for the rest of experiments, the PCP matrix 

was used for comparison. 

 

Table 2. Comparison of performance to the state-of-the-art 

methods on Mutual Action Subset of NTU-RGBD + 120 dataset  

Model Mode CS CV 

ST-LSTM  [20] MA 63.0 66.60 

GCA-LSTM [21] MA 70.60 73.70 

FSNET [22] MA 61.20 69.70 

LSTM-IRN [15] MA 77.70 79.60 

ST-GCN-PAM(PP) MA 80.17 85.56 

ST-GCN-PAM(CP) MA 78.93 82.87 

ST-GCN-PAM(PCP) MA 83.28 88.36 

PP=Pairwise of two partners; CP=partner-1 to the center of 

partner-2 and vice versa; PCP = use both PP and CP; MA = 

trained and tested on mutual actions only.  

 

Table 3. Comparison of performance to the state-of-the-art 

methods on NTU-RGBD + 120 dataset  

Model Mode CS CV 

ST-GCN [9] 
MH 78.7 79.26 

AD 74.6 71.95 

Js-AGCN [11] 
MH 72.0 72.43 

AD 74.0 70.22 

Bs-AGCN [11] 
MH 79.28 74.08 

AD 75.23 70.83 

2s-AGCN [11] 
MH 76.91 80.34 

AD 79.55 78.90 

*ST-GCN-PAM(Ours) 
MH 82.1 80.91 

AD 73.87 76.85 

MH = Tested on mutual action subset only; AD=Tested 

on all actions label, *PCP 

 

Table 3 shows the comparison of the state-of-the-art methods of 

action recognition methods [9, 11] which trained on the whole data 

of NTU RGB+D 120 then tested on all action data tests (AD) 

including single and mutual actions and also tested on the subset of 

NTU RGB+D 120 including the mutual actions only (MH). As can 

been seen, the proposed ST-GCN-PAM achieved the best result on 

MH test data. It means that ST-GCN-PAM with PCP matrix is able 

effectively perform the mutual action recognition task.  

The purpose of testing on AD is to show the capability of the 

proposed ST-GCN-PAM on single action problem, although it was 

designed for solving the two-person action problem. The result 

shows 2s-AGCN has the better performance than ST-GCN-PAM. 

However, ST-GCN-PAM still obtained the comparable accuracy on 

single person action. Becasue 2s-AGCN utilizes two-stream of 

joints skeleton and body-skeleton is learned either individually or 

uniformly, it is believed that this setting gives the beneficial 

information to the model. Therefore, incorporating the proposed 

PAM with 2s-AGCN can be considered as the further future work.  

NTU RGB+D 60 Dataset. ST-GCN-PAM was also evaluated 

with NTU RGB+D 60 on mutual action tasks. Notice that the 

evaluation was conducted on CV Protocol only because the other 

previous works only evaluated on CV. Table 4 shows the 

comparison of ST-GCN-PAM with the benchmark method F2CS 

[23]. The precision and recall were evaluated in this experiement by 

following [23]. The resut shows ST-GCN-PAM outperforms F2CS 

in most of the cases, for example, the action of punching, kicking, 

pushing, point finger, touch other’s, hand-shaking, and walking-

toward. Particularly, in the action of walking toward, our method 

gains significant improvement by 97% of precision and 94% of 

recall. Moreover, an interesting finding shows the proposed model 

has more precision on the action of hugging, and ‘giving something’, 

but less recall. Based on this experimental result, the robustness of 

the proposed is confirmed.  

 

Table 4. Comparison of performance in Cross View (NTU 

RGB+D 60) to mutual action with F2CS model [23] 

Action F2CS ST-GCN-PAM  

Prec. Rec. Prec. Rec. 

Punching 90 91 97 92 

Kicking 88 86 96 95 

Pushing 82 80 89 82 

Pat on back 88 91 84 90 

Point finger 92 83 99 91 

Hugging 88 91 95 89 

Giving smth. 90 95 94 90 

Touch other’s  95 94 99 95 

Handshaking 96 97 99 98 

Walking twrd. 76 77 97 94 

 

Kinetics Dataset. Please notice that this dataset is wild video, 

and also a multi-person action problem. It means this dataset is not 

specific to two-person interaction or mutual action such as NTU 

RGB+D dataset. The comparison can be seen in Table 5. As we can 

see, ST-GCN-PAM significantly outperforms the baseline ST-GCN 

in both Top-1 and Top-5. Although, ST-GCN-PAM is less superior 

than 2s-AGCN model, the result is still comparable. As mentioned 

in the result of NTU RGB+D 120 datasets, we consider applying 

PAM on 2s-AGCN as our future work. 

 

Table 5. Comparison of performance to the state-of-the-art 

model on kinetics dataset (Multi-Person Action) 

Model Top-1 Top-5 

ST-GCN [9] 24.98 43.53 

2s-AGCN [11] 44.96 90.34 

ST-GCN-PAM(Ours) 41.68 88.91 

 

4. CONCLUSION 

 

In this study, an enhancement of ST-GCN was proposed by 

employing PAM to be able to capture the relationship between the 

two-person skeletons. The proposed ST-GCN-PAM outperforms 

the-state-of-the-art on TPIR or mutual action of NTU RGB+D 120 

by achieving 83.28% (cross-subject) and 88.31% (cross-view) 

accuracy. The model is also superior to original ST-GCN on the 

multi-human action of Kinetics dataset by achieving 41.68% in Top-

1 and 88.91% in Top-5 and the result is still comparable with the 

most recent 2s-AGCN model. In the future, the proposed PAM 

matrix can be incorporated with any graph-based model such as 2s-

AGCN to enhance the performances in terms of accuracy. 

Moreover, applying on the most recent multi-stream model is also 

an open direction for investigation.  

Code is available at https://github.com/ajisetyoko/mutual-action  . 
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