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Abstract

We implement and train a neural network to generate new problem setups
in the sport of bouldering, considering several generative models. We limit
ourselves to generating new problems for the Moonboard commercial training
board. Though our number of test subjects is too small for a significant result,
routes generated by our network seem to approach the quality level of user-
generated routes with which we trained the network.
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1 Introduction

The introduction and subsequent success of deep neural networks in the last
decade, and the simultaneous, steady increase in digitization of data, have dras-
tically increased the scope of elds available for intelligent algorithms. One of
these domains is Arti cial (or computational) Creativity. Arti cial Creativity

as a eld can provide a number of useful insights into the nature of creativity, as
well as practical applications that can create novel works of art (e.g., Google's
DeepDream[1] What we will try to do is to employ arti cial creativity in the
sport of bouldering.

2 Related Research

This project was partially inspired by the work of Dobles et al.[2], who at-
tempted to classify Moonboard routes according to their di culty level. They
implemented several classi er models, among which a convolutional neural net-
work that inspired the initial architecture of the GAN implementation for our
project.

3 Bouldering

Bouldering is a climbing sport that focuses on short routes, or "problems”, at a
lower altitude (generally) than traditional climbing sports. This eliminates the
need for harnesses or ropes. Indoor bouldering gyms host a number of problems
by xing specialized holds to a wall. One completes a problem by holding the
designated starting hold(s) with their hands and then reaching the designated
ending hold(s) using only the holds designated for that problem and without
touching the ground.

To keep a bouldering gym "fresh”, the proprietor has to replace old problems
with new ones regularly. Designing said problems is a creatively complex task,
as factors such as human posture, hold form, hold size, hold placement, and
problem di culty need to be kept in mind. By training an algorithm to generate
new boulder problems, we hope to gain new insights into this creative process
and to provide a working proof of concept.

3.1 Grading

Each bouldering route has its own diculty grading. The gradings are not
objective and are ordinally scaled. Each route is judged by one or more climbers
and then assigned a grade, placing it above some and below others in di culty.
One of the most used grading systems is th€ontainebleau grade [3], which the
Moonboard also uses. This grade consists of a numerical value and, for the more
di cult routes, a single letter and optionally a '+'-sign. An excerpt from this
range would be:



111, 7C; 7C+;8A; 8A+;8B; 8B +;:::
The Moonboard allows for routes of di culty 6 B+ through 8 B+, allowing for
13 di erent grades.

Di culty is assessed subjectively, most often by the setter of the route. As a
consequence, ratings are not completely consistent and can vary slightly between
bouldering areas or gyms. Ratings can also vary interpersonally, as the di culty
of a route is dependent on human body size and exibility. E.g., one person can
have di culty stretching his or her body to reach a certain hold, while another,
larger person can easily reach it.

3.2 Moonboard

Figure 1: Left: typical usage of the Moonboard. Right: typical view of the
Moonboard mobile app

As the problem space for generating new boulder routes on typical gym walls
is complex and non discrete, we will use an approximation. A popular training
tool for bouldering gyms is the so-called "Moonboard". This is a board inclined
at a xed angle upon which exists a two-dimensional grid. At each point on this
grid a hold is xed. The arrangement of holds is the same for each Moonboard.
Users can use the Moonboard mobile app on their smartphone to connect with
the board and select one of the routes. The "legal" holds for this route then
light up on the actual Moonboard and the user can start their attempt.

Other training boards, such as the Tensionboard and Kilterboard, were con-
sidered. The main reason we chose the Moonboard as the object of our study,
is because it has the largest corpus of routes to be used for our learning dataset
as a consequence of being the rst board to come to the market.



For clari cation, a "route" in the context of the Moonboard consists of a
set of holds that are designated as legal for that particular route. There is no
speci ed order in which to use these holds. The term "route" may therefore be
inaccurate, but we will nonetheless use it in order to avoid confusion with the
ambiguous term "problem" used by the Moonboard website itself.

3.2.1 Legal Routes

There are a number of explicit rules and restrictions for what does and what
does not constitute a legal Moonboard route:

A route minimally has 1 starting hold, 1 intermediary hold, and 1 ending
hold.

A route has a maximum number of 14 holds.

A route has either 1 or 2 starting holds.

A route has either 1 or 2 ending holds.

A starting hold can be located on rows 1 through 6, no others.

An intermediary hold can be located on any row, except row 18, which is
the last row.

An ending hold can only be located on row 18, which is the last row.

A hold cannot be located on a location on which no actual, physical hold
is placed (e.g., F18, H6, the entirety of row 1)

4 Research Question

Having given a brief description of what bouldering is and how the Moonboard
works, we can now formulate our research question clearly:

Can we train a neural network to generate routes for the
Moonboard at (near-)human quality?

In order to nd an answer, we will obtain a dataset, train a generative
model using that dataset and then use generated examples from that dataset in
a survey to determine their quality.



Figure 2: Example image: A route called \MOOO2NN\ with di culty grade
\7A" made by user \Daniel Festa", sourced from the Moonboard website.



Figure 3: Distribution of humber of routes in dataset by di culty

5 Dataset

In order to obtain our dataset, we adopted a webscraper to gain user-generated
routes directly from the Moonboard website. This publicly available data was
then written to a machine-readable format. The basis for this webscraper was
obtained after correspondence with Sattertwhaite, who made it for their original
research which inspired this project [2]. The website had changed somewhat
since their publication, and the scraper needed some minor modi cations. The
script is written in Python 3 and uses both the Selenium library and Mozilla
Firefox. Using the scraper, we obtained a dataset 0f21247 user-generated
Moonboard routes.

The distribution of these routes over their di culty grade is heavily skewed
towards the routes of lower di culty, see gure 3. This will have an e ect on
our algorithm, as it will have more examples of easier routes to learn from than
more di cult ones. Especially the three highest di culties in our dataset (8A+,
8B, and 8B+) have a low number of examples (40, 23, and 23, respectively). It
is also worth noting that setters of routes cannot rate the di culty of routes
outside the range of [B+;:::;8B+]. E.g., if a setter would judge their new
route to be of di culty 6A+ (two grades below the minimum of 6 B+), they
could not indicate the di culty as being lower than 6 B+. This is a restriction
built into the Moonboard app and website. Considering the relatively large
number of routes of diculty 6 B+ in the dataset ( gure 3), it is plausible that
the prevalence of 6B+ routes is somewhat in ated by routes that would be
ranked lower if that were possible. Though various physical properties of the



Moonboard, such as a xed inclination of 40 from the vertical or small hold
sizes, limit the lower bound of di culty possible on a Moonboard.

These factors mean that, if not somehow compensated for, our generative
algorithm will tend to produce routes of lower di culty, as that is what it has
been presented with during training.

Each route consists of a list of board-coordinates that each specify one specic
hold included in the route. For example, the coordinates for the route in gure 2
would be: B3;D3;E6;B7;G9;D11;C14;A16;,C18. Each hold also has a tag
indicating whether it is a starting hold, an intermediary hold, or an ending
hold. Considering that the coordinate-lists are of variable length, we encoded
each route as a multiple-hot grid in order to create a generalized format.

20010000000:(%
0 00OO0OOOOOODO
1 00 0 0OOOOUODO
00 0OO0OOOOOTOTP O
0010O0O0O0OO0O0OTPO
00 0O O0OOOOTOTG OO
0 00OO0OOOOOO OO
0 0010O0OO0OO0OO0ODO
0 00OO0OOOOOODO
00 0O0OOOT1O0TO0TPO0
00 0O O0OOOOTOTOTP O
01 00O0O0OOOTO OO
0 00OO0O1O0O0OO0OO0OTO
0 00OO0OOOOOODO
00 0O0OOOOOTO OO
01 010O0O0O0O0OTPO
00 0O0OO0OOOOOTO OO
0 00OO0OOOOOODO

Figure 4: matrix representation of gure 2

We then split each route into three of these matrices. One for the starting holds,
one for the intermediary holds and one for the ending holds. Each route is now
a binary matrix of shape (3 18 11).

6 Implementation

We Implemented both a Generative Adversarial Network (GAN) and a Varia-
tional Autoencoder (VAE). As the project progressed, the performance of the
GAN did not improve as much as anticipated and we had trouble overcoming
the inherent instabilities in GANs, such as "Mode Collapse”. At the moment
of writing, our implementation of a VAE seems to produce the best results.



6.1 Code

Both models are written in Python and use Chainer. Chainer is a highly ab-
stracted, open source framework for developing and training neural networks
and can utilize GPU architectures. The framework is written in Python and is
based on a "de ne-by-run" scheme, which allows for great exibility in de ning
the network[4][5].

All code is executed in Google Colaboratory, a cloud-based virtual environ-
ment provided by Google for research and education purposes. Colaboratory
works with Jupyter Notebooks, an interactive interface for code execution and
visualization in a web browser. Colaboratory provides users with a GPU-enabled
virtual machine, allowing for a signi cant increase for in training speed for many
operations in comparison to CPU machines.

6.2 Variational Autoencoder

A Variational Autoencoder (VAE) is a neural network aimed at learning a lower-
dimensional representation of a data distribution rst proposed by Kingma et
al (2013) [6]. The network consists of two parts: the encoder and the decoder.
The encoder learns to map the input dataX to variables z from a probability
distribution, chosen to be a Gaussian distribution. The decoder then samples
from this distribution and learns to map this sample to an output X ° that is
similar to the input of the encoder (see gure 5). As the network learns, the
decoder's mapping produces output that is increasingly similar to the input.
After training, we can autonomously generate new data samples by sampling
from the distribution and running the decoder network.

6.2.1 Concept

Our core goal is to generate new data points that are similar to the data points
in our dataset. However, the probability space for Moonboard routes is large.
Therefore, we want to construct a probability distribution of that space where
those valuesX that are found in our dataset have a high probability and dis-
similar values don't.

The encoder takes in the dataset and, through one or more layers of fully-
connected perceptrons, outputs two values which are interpreted as a mean
and a logarithm of varianceIn( 2). These andIn( 2) are used as parameters
to a Gaussian distribution. From this distribution are drawn the z variables
that are fed to the encoder.

The purpose of drawing values from this distribution is to provide the decoder
network with a predetermined instruction of what properties the generated sam-
ple should have. When generating images, for example, we want the decoder

LFor illustration, in a simpli ed situation where we only want routes with 8 holds (the
rounded average number of holds per route in the dataset) and do not take into account the

legality of a route, the number of possible routes is ﬁ 2:99 10%2



Figure 5: Diagram of the basic structure of a variational autoencoder

to determine what kind of image to generatebefore starting generation. This
prevents the creation of images where, e.g., one half depicts a dog and the other
half depicts a table. In our case, the various features that make up each Moon-
board route could be items like "number of holds", "horizontal placement on the
board", and "distance between holds". We don't have to specify these features,
nor do we have to understand or know each one. Instead, we can assume that
the network will learn to utilize these features of the 'latent space' if they con-
tribute to reproducing samples that are like those in the dataset. The decoder
learns both the mapping from z-values to latent features and the mapping from
the latent features to output X °.

6.2.2 Mathematical Background

We want to maximize P (X), that is, the likelihood that the network generates
values (Moonboard routes, in our case) that are in the initial dataset. This will
also increase the chance of generating values that aemilar to dataset values,
which is our true objective. Speci cally, we want to optimize :

Z

P(X)= P(Xjz)P(z)dz (2)
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Z being the latent variable.

It is infeasible to directly optimize this equation, as the vast majority of values of

z won't produce an X © close to that speci ¢ X . Therefore, instead of randomly
sampling from P (z), we will sample from P (zjX), representing latent variables
generated from dataset examples by the encoder. Taking the log-likelihood and
applying Bayes' rule gives us

logP(X) = logP(Xjz)+ logP(z) logP(zjX) (2)

However, P(zjX) is also a computationally expensive term. We replace it with
another distribution Q(zjX), which is given by the encoder part of our network.
We do this by invoking the Kullback{Leibler divergence (KL), which is a measure
of di erence between two probability distributions.

ke [Q(ZIX)jiP(z]X)] = Ez qollog Q(zjX)  log P(zjX)] ®3)

Substitution of log P(zjX) from equation 2 gives us

logP(X) i [Q(zjX)jiP(zjX)]= E; q[logP(Xjz) + logP(z) logQ(zjX)]

4
Where log P(Xjz) + log P(z) now falls within expectation E, ¢ because thez
is now sampled fromQ. We again substitute using KL, now on the right-hand
side of the equation.

log P(X) L [Q(zjX)jjP(zjX)] = E; qllogP(Xj2)] kL [Q(zIX)iiP(2)] (5)

This equation is the heart of the VAE. We can now understand why we choose
the latent space to be Gaussian distributed; computing the KL-divergence be-
tween two Gaussian distributions is computationally feasible.

By sampling values X from the dataset, we can perform stochastic gradient
descent on the right-hand side of equation 5. The two terms on that r.h.s. we
respectively call the reconstruction loss and the latent loss The reconstruction
loss drives the network towards generatingX © that are like X, while the latent
loss drives the network towards having a continuous latent space for variables
z, i.e. any z sampled from that space has a meaningful mapping to the space of
X.

For a more in-depth look at the mathematical reasoning behind VAE's, we
refer to Doersch (2016) [7].

6.3 Architecture

Our nal implementation of the VAE consists of eight layers, four for the en-
coder and four for the decoder. The encoder and decoder parts have similar

11



Figure 6: Diagram of the architecture of the VAE network

structures, but their direction is reversed (see gure 6). The input and output
layers each consist of 594 nodes, corresponding to thrice the number of holds
in each route in the dataset. Both parts have two hidden layers consisting each
of 4000 nodes. Finally, the layers for the latent space each consist of 50 nodes,
which corresponds to the number of dimensions the latent space has.

As discussed in section 6.2.2, the loss function is the sum of two parts: the re-
construction loss and the latent loss. We use théernoulli negative log-likelihood
function for the reconstruction loss. The nature of our data (3 18 11 values
between zero and one) makes it interpretable as a Bernoulli distribution. The
latent loss is given by the Gaussian Kullback-Leibler divergence, which calcu-
lates the Kullback-Leibler divergence betweera) the and variables, andb)
the standard unit Gaussian distribution.

We use the hyperbolic tangent as the activation function on the input for
the hidden layers and the sigmoid function for the nal output layer of the
decoder. We use the Adam optimizer [8] with the default hyperparameter values
( =0:001, 1=0:9, 2=0:999, =10 8). We use a batchsize of 200.

Adjusting hyperparameters to minimize loss values during training is a non-
trivial task. These hyperparameters were initially set at values found in lit-
erature and working examples and adjusted during experimentation with the
network.

12



6.4 Thresholding

There is a discrepancy between routes in our dataset and routes generated by
our models that persists through different implementations. The matrices that
form our dataset all have values that are binary, either one or zero. Output from
our models, however closely they approach this pattern, never quite reach this
ideal representation. Generated output has continuous values in the range [0; 1].
Because routes do not have continuous values (i.e., a hold is either legal for a
route or it is not), we have to set an arbitrary threshold above which values are
interpreted to indicate a legal hold. All values under this threshold are ignored.
After some experimenting with this threshold value, we determined that a value
of 0:2 seems to produce reasonable enough routes when examining the overall
performance of the network.

When the network generates a route that is not satisfactory (as judged by
both personal observation of the image and the legality of the route as described
in section 3.2.1), we can fine-tune the threshold value in order to improve the
route. Adding or removing holds from a route in this manner changes the
difficulty of the route, as the difficulty of a route is tied to the number of holds
in a route (see appendix A). This could be a desirable feature for any user-facing
application of this project, as users can let the application generate routes or
variations on routes and then adjust the difficulty to their liking.

7 Validation

7.1 Obstacles

Testing and validating the output of our models has proven to be difficult, due
to a number of factors.

First, the lowest difficulty on the Moonboard system is 6B+. This is a diffi-
culty that requires a considerable amount of skill and bodily fitness to reliably
complete. This is something that the author lacks. We could therefore not
directly attempt the routes ourselves.

Secondly, even if we could climb our generated routes, the Moonboard instal-
lation is found in few local bouldering gyms. Logistics forced us to judge the
feasibility, difficulty and originality of generated routes exclusively by looking
at its corresponding picture. This withheld us from assessing generated routes
on several aspects during development of the models. For example, while check-
ing whether routes are strictly legal according to the rules described earlier is
straightforward to do visually, checking whether a specific hold provides the
necessary support for the position the user is currently in is nigh impossible.

13



This leaves us lacking a (relatively) objective metric by which to measure the
results. We will therefore try to obtain a subjective measure by way of a survey
among skilled boulderers.

7.2 Survey

In order to be able to gain at least some qualified insight into our output, we
have designed a survey in which participants will evaluate routes on several at-
tributes. This survey was aimed towards experienced boulderers and was posted
on "Reddit.com”, a popularﬂ website for creating online communities (called
"subreddits”). Specifically, it was posted on the ”/r/climbharder” subreddit,
which describes itself as ""Reddit’s rock climbing training community. Dedicated
to increasing all our knowledge about how to better improve at our sport.” and
which has twenty-eight thousan(ﬂ subscribers at the time of writing.

7.2.1 Survey Design

The survey was made using Google’s ’Google Forms’ application. The survey
contains ten routes, five of which are 'real’ and five of which are generated. The
participants have no knowledge of the ratio of generated routes, only that ”a
number of them” are generated. After an introductionary page, participants are
asked what route difficulty generally suits them best. Then they are sequentially
presented with ten routes which they are each asked to attempt as many times
as they want and rate on the following six items:

« Difficulty of the route? (19 options from ”5” through ”"8C”)
e Did the user complete the route? (Yes/No)

e If the user did complete the route, how many attempts did it take? (11
options from 1 through 10, plus a "more than 10” option)

e How enjoyable does the participant think the route was? (Likert scale
from 1 through 7)

e How original does the participant think the route was? (Likert scale from
1 through 7)

* Does the participant think this route was generated by a computer?
(Yes/No)

An example page of the survey, examining one route of the ten, is available in
appendix [C]

2Ranked 18th worldwide by Alexa Internet Inc, a web tra ¢ analysis company
32:83 104
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Figure 7: Left: original route Right: route adjusted for survey

All routes on the Moonboard mobile app and website are enforced to be

unique. I.e., each newly submitted route is checked against the entire database
and rejected if it is already present. In the error message users receive when
this occurs, the name of the route is displayed, which allows users to track down
other information of the route, such as the name of its setter. This would enable
participants to distinguish real routes from generated routes by trying to upload
each route in the survey.
In order to prevent this, we have adjusted each real route as slightly as possible.
This ensures their uniqueness in the database while largely retaining the shape
and attributes of the route. The adjustments we made all consisted of moving
or adding one end hold (see figure|7)).

8 Results

8.1 Network Results

We have developed a network that generates viable routes for the Moonboard.
As discussed in section [7} meaningful validation of output, and thus of the
quality of a trained network, is difficult to achieve. We can, however, discuss
the training process itself. As figure [8| shows, loss typically converges at twenty
epochs of training. Both reconstruction loss and latent loss converge at roughly
the same time. Training for twenty epochs using our network in the Google
Colaboratory environment typically takes no more than two minutes. We can
get a sense of the reconstruction loss by visually assessing the route that the
network generates when presented with a particular input route. The output
route tends to visually closely resemble the input route as reconstruction loss
drops. In the initial phases of training, i.e. the first five epochs, output routes
are of recognizably poor quality. In this phase, routes are often generated where
almost all holds are marked as legal, or none are (figure |§| in appendix .
As training progresses, the general quality of output routes improves to the
point where generated routes are difficult to visually distinguish from real routes
(figure in appendix . Seeing the effects of the model training to have a
lower latent loss, is somewhat less intuitive. By sampling generated routes
by providing the decoder part of the model with latent variables varying over
one or more dimensions, we can test whether the decoder has a well-defined
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Figure 8: Typical model loss per epoch

mapping for all dimensions of the latent space. As seen in figure[10|in appendix
unit-Gaussian randomly sampled latent variables are seemingly well enough
represented in the decoder’s mapping not to produce obviously faulty routes
(such as many of the all holds” routes in figure [9).

8.2 Survey Results

We managed to gather seven participants in our survey. This is grossly insuf-
ficient for obtaining a significant result, but it can provide us with at least a
small insight into the quality of our generated routes. In the table below the
average values of the six survey items are compared between the five real routes
and the five generated routes.

n=7

Difficulty [1, 19]

Completed? (Yes/No)

Number of tries

Enjoyability [1, 7]

Originality [1, 7]

Generated? (Yes/No)

Real routes

6.60

0.77

1.38

3.69

3.74

0.57

Generated routes

6.49

0.86

1.10

3.83

3.17

0.69

We can see some small differences that would indicate that the quality of gen-
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erated routes does not greatly differ from real routes. The most interesting
item might be the binary ”Generated?” item, which indicates whether or not
participants can tell the difference between real routes and generated ones.
Diving somewhat deeper into the ”Generated?” item, we measure its accuracy,
over all routes, at 0:56. Assuming the null hypothesis that the participants’ can-
not distinguish between generated and real routes, we can calculate the Bayes
factor in order to determine whether the alternative hypothesis, that partic-
ipants can make this distinction with a 56% accuracy, should be considered.
With a mean accuracy of = 0:56 and a standard deviation of = 0:10, we
can calculate the Bayes factor at 1:243911, which is small and, unsurprisingly,
insignificant.

9 Discussion

We have constructed and tested a model that generates routes for the Moon-
board training board. Though it seems to perform well at a layman’s glance,
we cannot meaningfully assess the model’s performance without the opinion of
skilled climbers. The survey which we designed in order to gather this expert
view has garnered too little response to provide significant results with which to
answer our research question. The results, though insignificant, would indicate
that our model performs within acceptable bounds to human-generated routes.
Interestingly, our model’s generated routes are rated somewhat higher in terms
of enjoyability than human-generated routes.

Though our test results remain inconclusive, we remain hopeful that our
model performs well and that this can be verified in the future with more re-
search. Subsequent inquiries could possibly benefit from contacting local boul-
dering gyms in order to recruit more participants. Otherwise a compensatory
reward for participation might be considered.

We briefly discussed the GAN that we had implemented and had subsequently
replaced with the VAE implementation. In developing a GAN, the possibility
of things like mode collapse force a very careful selection of hyperparameters
and network architecture, the process of which can slow down development
significantly. There are a number of techniques and modifications to the original
GAN structure that try reduce the inherent instability in training a GAN, such
as Wasserstein-GAN and unrolled GAN. These techniques are relatively new
and are at the moment of writing still being explored. So though we made
improvements on the GAN during this project, in the end we found the VAE
allowed us to make progress more quickly. For future work, a GAN remains a
viable possible model for route generation.

17



10 Future Work

Based on this research, there are multiple topics we would like to take more
time to consider. Some of them are minor improvements or issues which were
not addressed due to time constraints, others call for greater effort and would
be cause for new research projects.

10.1 Conditioning on Difficulty using Labels

From our dataset we retrieve and use the legal holds for every individual route.
However, there is more information available in this dataset. One of the features
is the difficulty label available for every route. By encoding the thirteen different
possible grades as one-hot vectors and appending them to the input (i.e., the
legal holds arrays) for the model, we can condition generation of routes on
difficulty and create a Conditional Variational AutoEncoder. The CVAE was
first proposed by Sohn et al. (2015) [9]. This design would grant us more
control over the difficulty of generated routes, something that is not accounted
for in the current implementation, except for the post-hoc adjustments to the
threshold value discussed in section [6.40 The effectiveness of this approach,
however, might be diminished by the skewed distribution of routes in terms of
their difficulty (see figure . The scarcity of high-difficulty routes will make it
difficult for the model to generate these routes, but this underrepresentation is
probably already an issue under the current model.

10.2 Exploring the Latent Space and Latent Arithmetic

One of the features of a VAE is the use of the latent space as an encoding. In
a trained model, different dimensions of the latent space encode for different
features of target data. Exploring this latent space and mapping it, would give
us more insight into the building blocks of a route and the features that can
be varied over. It would also allow us to customize generated routes in a more
controlled and meaningful manner. White (2016) [10] introduces some exciting
quantitative methods of exploring the latent space.

10.3 Explore Expanding to General Bouldering

We simplified our problem of boulder route generation to Moonboard route
generation because of feasibility concerns. Ideally, we would want to create a
model that can generate genuine bouldering routes on arbitrary indoor boul-
dering walls. The main obstacle to undertake such a project would seem to
be the lack of a comprehensible dataset, and the difficulty of creating one. A
useful dataset would, among other items, include specific spatial information on
each hold, as well as information about the shape of each hold, which can vary
greatly. The creation of such a dataset would therefore need rigorous and thus
time-consuming measuring.

18



11 Notes

All Moonboard routes shown, discussed, or generated are routes for the ”72016”
setup of the Moonboard with the ”A”, ”B” and ”Original School Holds” hold
sets installed, unless specified otherwise.

All final code for the VAE will be made available as an attachment to this
document.
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Appendices

A Dataset statistics

Mean number of holds in a route by difficulty grade

Difficulty Grade 6B+ | 6C |6C+| 7TA |TA+| 7B |7B+| 7C |7C+| 8A |8A+| 8B |8B+

Mean number of holds|8.443|7.610|7.661|7.319(7.232|7.032|7.048|6.734|6.813|6.471|6.645|6.556 |6.412

Spearman’s tho = 0:96703

B Sample Generated Routes
C Survey Sample
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Figure 9: Batch of ninety generated Moonboard routes, generated after the first
epoch of training the network by feeding unit-Gaussian sampled latent variables

to the decoder
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