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ABSTRACT
Bouldering is an urban form of rock climbing that requires precise and complex movement. Similarly
to other sports, the simplest way to learn bouldering skill is to mimic professional’s motion. However,
ordinary beginner boulders cannot learn to coaches, so that they learn by themselves or tutorial videos.
Even if they managed, bouldering has a communication difficulty between a trainee and a trainer,
that is, climbers cannot mimic the trainer’s movement in parallel. Accordingly, we considered a video
feedback system would be useful for beginners and suggested InterPoser: a novel visualization system
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for intermediate motion between a beginner climber and a more experienced. InterPoser receives two
videos of different subjects climbing the sample problem and generates an intermediate movement.
In addition, this motion is transferred into realistic images of the climber. The proposed system is
expected to support beginner to acquire more detailed observation and understanding of the motion.

CCS CONCEPTS
• Human-centered computing→ Information visualization; Human computer interaction (HCI).

KEYWORDS
Climbing; sports technologies; motion analysis; expert modeling.

Figure 1: An intermediate motion im-
age generated from videos of a beginner
climber and an expert

INTRODUCTION
Learning climbing skill is a demanding task for beginners because climbing is an activity that consists
of complicated body movements. To improve climbing skill, beginners have to understand the differ-
ence between them and experienced climbers. Especially, bouldering beginners also have this issue.
Bouldering is a form of indoor sport climbing. The goal of bouldering is to ascend a pre-defined set of
holds, which is called a “problem.” Typical bouldering walls have various types of artificial holds. In
contrast to other types of climbing, boulders are not equipped with any ropes or carabiners.

Imitating expert’s movement is the simplest way of sports training. This is also true in bouldering.
However, bouldering needs complex tips and skills to ascend the goal effectively. Thus, professional
climbing movements are too complicated for beginners to understand. Moreover, ordinary beginners
cannot learn to instructors, because the number of coaches is limited. Most beginner climbers learn
themselves or from videos of experienced climbers and this makes high entry barriers.
To overcome this issue, we hypothesized that beginner climbers can observe and understand the

professional’s movement in detail with interpolated motion between them and experts. Thus we
suggest InterPoser: a novel visualizing system for interpolated climbing movement. InterPoser provides
interpolated images from two videos of the beginner and the experienced climber climbing the same
problem. Our system converts interpolated pose information into realistic images of the beginner
using “do as I do” style transfer framework [4] so that beginners can see a synthesized video of
themselves climbing in a more effective way. Figure 1 shows example input videos and a resulting
intermediate motion image.
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RELATEDWORK
Human Computer Interaction and Climbing
Mimicking more experienced players is a typical method for sports training. However, climbing
trainees cannot utilize this basic training method because instructors cannot perform in parallel on
the same wall. Various HCI studies have addressed this communication problem between trainees and
instructors in climbing. Currently, these researches have adopted two trending methods: “augmented
wall” and “wearable” technologies. Kajastila et al. [7] introduced the Augmented Climbing Wall which
realizes interactive games on a climbing wall with projection mapping and animation. Wiehr et
al. [14] developed the betaCube, a self-calibrating camera-projection unit which enables recording
and replaying a climbing movement on a wall. Based on this betaCube technology, Kosmalla et
al. [9] developed a wall-projection system, which visualizes a third-person view of expert climbers
movement, and evaluated various visualization techniques. On the other hand, wearable technologies
have targeted climber status tracking. Ladha et al. [10] introduced ClimbAX - a climbing performance
analysis system.ClimbAX assesses climber’s skill with awrist-band-shaped accelerometer and heuristic
algorithms. Kosmalla et al.[8] also presented ClimbSense, a wrist-worn sensor that automatically
recognizes a climbing route. Mencarini et al. [12] explained the em otional difficulties of climbing
through elaborate user study and implied design guidelines for wearable technologies that support
beginner climbers. In contrast to “augmented wall” and “wearable” methods, Daiber et al. [5] proposed
BourdAR that utilized AR technology with a smartphone for collaborative training. This approach is
convincing because a lot of climbers use a smartphone to record their performance, therefore, BouldAR
does not need any extra devices for climbers.

Expert Modeling
In other sports, researchers suggested a video feedback training method combined with expert
modeling [1, 13], which aims to improve the trainee’s performance by showing the correct execution
of a specific skill and technique. We consider our interpolation approach will extend the concept of
expert modeling in the video training field.

Figure 2: InterPoser system overview:
(Top) Pose estimation and interpolation
from two video sources
(Middle) GANs based motion transfer
(Bottom) Visualization interface

INTERPOSER
InterPoser visualizes an intermediate motion between a beginner climber and an expert. In this section,
we describe InterPoser system in detail. Our system consists of three parts: Interpolation, Motion
Transfer, and Visualization Interface. Figure 2 describes our system overview.
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Motion Interpolation
Our system receives two videos of two different subjects climbing the same route. First, we extract 2D
pose sequences p with T frames p1, ...,pT and p ′ with T ′ frames p ′1, ...,p

′
T ′ from these videos using

OpenPose [2, 3]. OpenPose is a real-time framework for human pose estimation from a single image
using CNN-based method. Each pi and p ′j frame involves N joint points pi1, ...,piN and p ′j1, ...,p

′
jN .

To smoothly interpolate them, we synchronize these two motions by selecting the nearest frame for
each. We calculate L2 distance between pi and p ′j

d(pi ,p ′j ) =
1
N

N∑
k=1

∥pik − p ′jk ∥2 (1)

In this research, the number of joints N = 25. For each pi , we select the nearest frame p ′t=i in L2
distance. Given division resolution M and division ratio m, the internally divided frame pio between
pi and p ′t=i will be

pio = rpi + (1 − r )p ′t=i (2)

where the internal division ratio is r : 1− r and r ∈ [0, 1]. We calculate 100 interpolated poses for each
pi . Figure 3(a) illustrates an example of interpolated poses where r = 0.25, 0.5, 0.75.

Figure 3: (a) 2D pose images of the begin-
ner, the experienced climber and interpo-
lated
(b) Raw images of the two climbers and
synthesized images from interpolatedmo-
tion

Motion Transfer
To achieve more realistic images, we utilized Everybody Dance Now (EDN) [4] network. EDN is a “do
as I do” type of motion transfer method. Given two source videos of A and B dancing, EDN imposes
A’s motion onto B and generate a fake video of B dancing like A with Generative Adversarial Networks
(GANs). Then we applied the EDN method to synthesize a video with the beginner’s appearance and
with the expert’s motion. Figure 3(b) shows examples of conversion results from interpolated poses
described in the previous section. In “dance” cases, the target subject performs just standard moves,
that is, EDN trains generator network of GANs with the motion irrelevant to the target motion. In
contrast, our case has two videos of similar motions, and this makes training for generator network
easier.

Visualization Interface
Figure 4 shows the visualization software. The Main view simply visualizes climbing motion. User
controls the internal division ratio by slider interface and motion view smoothly changes the image
according to the ratio value. This interface was implemented with TouchDesigner.
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FUTURE WORK
We hypothesized that visualizing intermediate motion enhances video feedback training and the
concept of expert modeling. Therefore we plan to evaluate the effect of this system on actual climbing
training. Before evaluation, our system has some limitations to be solved.

Figure 4: The appearance of InterPoser vi-
sualizing software. Users control the inter-
nal division ratio with slider interface.

Figure 5: The concept image of the smart-
phone app version

Interpolation Method
InterPoser generates a pose with simple linear interpolation and synchronization with L2 distance.
This method is a simple and brief way to achieve an intermediate motion from two motions. However,
this method cannot reflect joint constraints such as inverse kinematics and position constraints of
holds on a bouldering wall. Then we focus on non-linear dimensional reduction method. Style-based
inverse kinematics [6] extracts a non-linear latent feature space for human motion which entails
kinematic constraints from motion data such as walking or baseball pitching. It also supports style
interpolation in the latent space and we consider this method will be suitable interpolation tool for
InterPoser.

User Interface
Our visualization system is now based on GUI software on a laptop. Boulders often take a video of
themselves climbing for practice. Currently, smartphones are the most popular device for recording
and there are a lot of bouldering videos on Instagram. Accordingly, our system should be a smartphone
app like Figure 5.

Other Types of Sports
Bouldering is a type of individual sports and its problem has a clear beginning and end. In sports
coaching field, bouldering skills are classified into Closed Skills [11], which take place in a stable
environment like swimming and serving in tennis. We plan to apply our method to analysis on these
closed skills of other types of sports beyond bouldering.

CONCLUSION
In this work, we proposed InterPoser: a simple method for synthesizing and visualizing interpolated
climbing motion. Our goal is to assist beginner climbers to understand the nuance of expert climber’s
movement without an instructor. To achieve this, InterPoser synthesizes an intermediate movement
between the beginner and the expert. Users can view images which smoothly changes to a skillful
movement. In addition, InterPoser renders realistic images with beginner’s appearance by motion
transfer technology. The proposed InterPoser method can create novel learning sources for beginner
climbers, therefore, it is expected to contribute to video feedback training of bouldering.
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