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Preliminaries (Graph)

• What is a Graph?

▪ 𝐺 = 𝑉, 𝐸

▪ Set of vertices and edges

▪ Represents relationship between objects

• Types of Graph

▪ Directed graph

▪ Undirected graph

▪ Weighted graph
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Weighted Graph



Preliminaries (Graph cont.)

• Graph Representations

▪ Adjacency matrix
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Preliminaries (Human Pose Estimation)

• What is Human Pose Estimation?

▪ “Estimating the configuration of human body parts from input data(images and videos)”

[1]

▪ “Aims to locate the human body parts and build human body representation” [1]

• Application

▪ Activity recognition

▪ Motion capture 

▪ AR/VR

▪ Training robots
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https://medium.com/beyondminds/an-overview-of-human-pose-estimation-with-deep-learning-d49eb656739b



Preliminaries (Human Pose Estimation cont.)

• Taxonomy

▪ Top-down Approach

− Detect human first

▪ Bottom-up Approach

− Detect joints first
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Preliminaries (Graph Convolution)

• Convolution on graphs

▪ Grid data → Generalized data
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https://towardsdatascience.com/understanding-graph-convolutional-networks-for-node-classiication-a2bffdb7aba7b



Preliminaries (Graph Convolution)

• How to learn mapping function f?

• Neural networks
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https://towardsdatascience.com/understanding-graph-convolutional-networks-for-node-classiication-a2bffdb7aba7b
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Graph neural network 

https://towardsdatascience.com/understanding-graph-convolutional-networks-for-node-classiication-a2bffdb7aba7b


Preliminaries (Temporal Convolution)
• Characteristics

▪ Take sequence of any length and map it to output sequence of same length

− Achieved by zero-padding

▪ Convolution architecture are causal (No information leakage)
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Preliminaries (Temporal Convolution)
• 1D convolution(PyTorch)
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Stride

Dilation



Preliminaries (Temporal Convolution)
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• 1D convolution(PyTorch)

• Operation

https://sanghyu.tistory.com/24

https://sanghyu.tistory.com/24


Paper
• Title : “Graph and Temporal Convolutional Networks for 3D Multi-person Pose 

Estimation in Monocular Videos” Cheng, et al. (AAAI 2021) [2]

• One of the series of papers written by same authors and group 

• Motivation

▪ Missing Information

− Occlusion

− Out-of-frame target person

▪ Contribution

− GCN

҉ Human joint GCN (Directed graph)

҉ Bone connection (Human bone GCN)

− TCN

҉ Joint-TCN

҉ Velocity-TCN

҉ Root-TCN
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Introduction
• Top-down approach

▪ Problem statement: “Person centric coordinate”

• Multi-person

▪ Missing Information

− Occlusion

− Out-of-frame

− Inaccurate person detection
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Method
• Overview

▪ Input: 2D pose from 2D pose estimator (HR-Net[3])

▪ Output: 3D pose estimation (camera-coordinate)
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GCN
• Common

▪ Directed graph

− Higher confidence propagate more information 

▪ Frame-by-frame basis

▪ Vertices: 2D joints

• Joint-GCN

▪ Edge weight: Confidence scores of joints

• Bone GCN

▪ Edge weight: Confidence scores of PAF(Part Affinity Field)
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GCN(cont.)
• Adjacent matrix

▪ H: Heatmap

▪ order(i, j): distance(# of hops) from i to j

→ Impose more weights to close vertices

• Propagation

▪ F: feature transformation function

▪ W: learnable parameter

▪ ℎ𝑖: i
th layer

16

Adjacency Matrix



GCN (Bone-GCN)
• Exploit bone information

▪ Bone information only considers human joints

− Ex

▪ PAF(Part Affinity Field) [4]

− 2D vector for each limb
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GCN (Implementation)
• 2 Branches

▪ Joint-GCN

▪ Bone-GCN

▪ Directed Graph

• Structure

▪ # output channels = 512

▪ 3 GC(Graph Convolution) layers in 

each branch
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TCN (Temporal Convolutional Network)
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• TCNs

▪ Joint TCN

▪ Velocity TCN

▪ Root TCN

▪ Same architecture



Root-TCN
• Weak Perspective
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Root-TCN

• Estimates Z/f

▪ Regression problem → Classification problem

− Divide depth into N discrete ranges

− Root-TCN outputs vector with probabilities {𝑥1, … , 𝑥𝑁}
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p: normalized pose

c: person’s center 

s: scale factor 



Joint-TCN
• Input

▪ Sequence of consecutive 3D pose

▪ Utilizes temporal information and interpolate

• Output

▪ Refined 3D pose (PD)
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Velocity-TCN
• Input

▪ 3D joints and their velocities

• Output

▪ Velocity of all joints
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Velocity-TCN

Estimated pose using velocity



Joint-TCN & Velocity-TCN
• Joint-TCN

▪ Interpolate past and future

▪ Connection between past and future frames

• Velocity-TCN

▪ Predict from the past

▪ Handles motion drift

• Weighted Average

▪ Occlusion

− Joint: Heatmaps with less than 0.5 confidence

− Pose: Less than 30% non-occluded joints

▪ Weighting factor

− Close to occlusion boundary → 𝑃𝐷
𝑡

− Far from occlusion boundary → 𝑃𝑆
𝑡
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TCN (Implementation)
• Structure 

▪ 4 residual blocks (dilation rate of 3,9,17,81)

− Consist of 2 convolutional layers

▪ Temporal window length = 243
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Experiments
• Datasets

▪ Human3.6M

− 3.6 million 3D “single” person 

− Captured by MoCap system

▪ MuPoTS-3D

− 3D multi-person testing set

− Captured by multi-view markerless capture

▪ 3DPW(3D Poses in the Wild)

− Outdoor multi-persion dataset

− Used for testing

26

Human3.6M

MuPoTS-3D

3DPW



Experiments
• Metric

▪ Person-centric

− MPJPE(↓) (Mean Per Joint Position Error)

− PA-MPJPE (↓) 

− PCK (Percentage of Keypoints)

− 𝐴𝑈𝐶𝑟𝑒𝑙

▪ Camera-centric

− 𝐴𝑃25
𝑟𝑜𝑜𝑡

҉ Average precision of 3D human root location (correct with in 25cm)

− 𝑃𝐶𝐾𝑎𝑏𝑠

҉ 3DPCK without root alignment
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Experiments
• Ablation Study

▪ GCN and TCN matters!

− Especially TCN

▪ Baseline

− Joint-TCN: time window 1

− Root-TCN: time window 1
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Experiments
• Multi-person 3D dataset

▪ Trained only on Human3.6M

• Single-person 3D dataset

▪ Comparable with SOTA models
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Experiments
• 3DPW dataset

▪ Ground-truth: 3D mesh models

▪ Subset

− To verify robustness of the model
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Experiments
• Qualitative Results

▪ Baseline from ablation study
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Experiments
• Failure cases

▪ False human detection

− Missing, duplicate

− Problem of top-down approach

▪ Rare poses

− Trained only on Human3.6M
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