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Abstract

Artificial intelligences are everywhere, they are immensely popular and often quickly
adopted by the society. At the same time, AI literacy remains low. Learning about AI
seems easy, machine learning is self-explanatory: the machine learns intelligent behaviour
from data. Unfortunately, this analogy does not go deep enough to describe challenges,
complexity, or resource intensity of the computational learning process – all of which are
central for a careful judgement of AI outputs and usage at large. The basic learning
analogy is rather oversimplifying, misleading, or even dangerous if the anthropomorphic
terminology gives the AI too much agency. We initialise a debate around better ways
to explain AI processes by proposing a more accurate analogy for machine learning –
especially the algorithmic optimisation at its foundation. The analogy is given through a
children’s game that can accurately describe the machine learning process, show challenges
arising within the process, and explain how these are approached or resolved within the
state of the art. The analogy is constructed by introducing machine learning challenges
and algorithms before carefully mapping those to aspects of the children’s party game.
This model still anthropomorphises but in a way that is more faithful to the computational
process.
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1 Introduction

The term Machine learning describes the automated process of constructing an artificial intel-
ligence (AI) from data. Machine learning is an anthropomorphic metaphor: intelligent beings
often become intelligent by learning from observational data, e.g., books, lectures, or videos.
Machine learning describes the related process in AIs. Similarly, artificial neural networks
have played a fundamental role in AI and are intuitively understood as related to the neural
networks in a brain. Analogies of this kind give an intuition behind a complicated process;
these analogies in particular may very well have supported the advent and popularisation of
AI. Simplified explanations through analogies are also a popular tool in the physical sciences,
say, the hydraulic analogy of electricity [13].

AI has a growing impact on the society. A recent survey in the UK found that 72% of
participants use AI one way or another [14]. Microsoft’s Global AI Diffusion measurements
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paint a similar picture [19]. However, AI literacy still remains low. AI literacy is defined as
“a set of competencies that enables individuals to critically evaluate AI technologies; com-
municate and collaborate effectively with AI; and use AI as a tool online, at home, and in
the workplace”[18]. In the aforementioned survey [14], 56% of participants felt that it is
important to be able to judge accuracy and reliability of AI outputs, but only 26% of those
feel confident in doing so. Thus, core competencies of AI literacy are recognised as important
by the society, but AI literacy is low.

Whilst the anthropomorphic metaphor machine learning helped popularising AI, it does
not go deep enough to help with AI literacy. The learning in machines is conceptually
different to the usual learning of intelligent beings: the analogy is inaccurate [17, 29, 33].
Educators are critical about teaching wrong analogies as they may lead to misconceptions
in learners and even “limit further knowledge acquisition” [40]. Indeed, knowing that an AI
has learned a certain task must not be the end of knowledge acquisition: Firstly, the term
learning oversimplifies the underlying computational problem that is resource-intensive and
so complex that existing algorithms are often not fully reliable. Effective collaboration with
and critical evaluation of AI technologies are only possible when knowing about resource cost
and reliability. Secondly, the anthropomorphic terminology may be dangerous if it leads to
too much agency for the resulting AI [38]. ‘The machine has learnt about causes for bridges
to collapse’ is not the same as ‘we have hired a civil engineer’ when it comes to infrastructural
decision making. This may sound obvious, but distinguishing learning in machines and in
intelligent beings may be the core behind the ability to critically evaluate AI technologies.

The goal of this article is to present a more accurate analogy for the algorithmic process
behind the learning in a modern AI. Indeed, we make an analogy between optimisation algo-
rithms that are the foundation for machine learning and the simple children’s game pot hitting.
Pot hitting will allow us to describe basic optimisation methods, central machine-learning-
specific challenges in optimisation, and how they are approached or resolved in modern AIs.
An appreciation of the challenges associated with machine learning is necessary to anticipate
shortcomings of AIs, interpret errors that AIs make, to understand the resource-intensity of
machine learning, and to distinguish machine learning from learning in intelligent beings.

We first give a brief theoretical background to supervised machine learning and the as-
sociated optimisation methods. We then introduce the pot hitting game and connect it to
the aforementioned optimisation methods, especially focussing on machine learning challenges
and solutions. We conclude by discussing advantages and limitations and give some pointers
towards the use of the pot hitting analogy in practice.

2 Supervised learning and optimisation

We focus on optimisation problems in supervised (machine) learning [3]. In supervised learn-
ing, we are given input-label data pairs (x1, ℓ1), . . . , (xN , ℓN ) ∈ X × L. Our goal is to use
the data pairs to construct a model h : X → L that is able to predict a label ℓ ∈ L from
its associated input x ∈ X, i.e. h(x) ≈ ℓ. The model is what we might call an artificial
intelligence. Typical supervised learning tasks may be to connect medical symptoms (input)
with a matching diagnosis (label) [25] or to detect and recognise pedestrians, road signs, and
else (labels) on a video stream (input) to ultimately control a self-driving car [30].

We assess a model h with respect to its ability to generalise from the data pairs to unseen
combinations of x and ℓ. To define generalisation, we assume that any input-label pair (x, ℓ) is

2



a sample from a probability distribution π. The model h shall then minimise the generalisation
error

G(h) := E[loss(h(x), ℓ)] :=
∫
X×L

loss(h(x), ℓ)π(dx,dℓ).

Here, loss : L×L→ [0,∞) denotes a loss function, which measures the distance between two
labels. G(h) is the expected loss between predicted label h(x) and actual label ℓ, assuming
that (x, ℓ) ∼ π. In practice, we cannot access G(h) since we have only access to the N data
pairs and, thus, need to work with the empirical error given by

E(h) :=
1

N

N∑
n=1

loss(h(xn), ℓn).

We usually consider models h that are given in a parametric form h =: H(·; θ). Here θ is the
parameter and identifies the model h; the parameter lives in a parameter space Θ := RK . We
can, for instance, describe the simple task of linear regression in this framework by setting
X := L := R, loss(ℓ, ℓ′) := (ℓ− ℓ′)2, H(x; θ) := θ1 + θ2x, and Θ := R2. In the context of deep
neural networks, H describes the chosen neural network architecture and θ is the collection
of weight matrices and bias vectors [1].

Optimisation The computational challenge underlying machine learning now consists in
finding the model parameter θ∗ that minimises the empirical error, i.e. E(H(·; θ∗)) ≤
E(H(·; θ)) for any θ ∈ Θ. We usually write this problem as

min
θ∈Θ

Φ̄(θ) (OP)

where

Φ̄ :=
1

N

N∑
n=1

Φn, Φn(θ) := loss(H(xn; θ), ℓn).

The process of solving the problem (OP) is often referred to as the training of the model
H. In the following, we will assume that Φ̄ is continuously differentiable and we discuss four
iterative optimisation algorithm for problems of the form (OP). Iterative means here that
the algorithm constructs a sequence (θt)

∞
t=0 that shall converge to the minimiser θ∗ of Φ̄.

Gradient descent The most basic algorithm for (OP) is gradient descent (GD). The
underlying idea is that the negative gradient −∇Φ̄(θ) points into the direction into which
the value of Φ̄ descents most as seen from θ. So we should intuitively find a new θ with a
smaller function value after every step when iteratively walking in negative gradient direction.
Indeed, gradient descent starts at some initial value θ0 and then proceeds by computing

θt+1 ← θt − ηt∇Φ̄(θt) (t = 0, 1, . . .). (GD)

Here, ηt > 0 denotes the learning rate at time t. GD converges to θ∗ if Φ̄ is convex and if the
learning rates are chosen sufficiently small. The function Φ̄ is convex, if for any θ, θ′ ∈ Θ, the
graph of Φ̄ never lies above the line connecting (θ, Φ̄(θ)) and (θ′, Φ̄(θ′)). We illustrate this
in Fig. 1. Convexity is a very powerful property to have in optimisation: Note that gradient
descent terminates once it finds a θ† for which ∇Φ̄(θ†) = 0. Such a θ† is called stationary.
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Figure 1: A convex (left) and non-convex (right) function. Both functions have their min-
imisers at the red mark. Only for the convex function (left) this minimiser can be determined
by finding the stationary point. The non-convex function has several other stationary points.
The teal dashed line illustrates the definition of convexity.

For a convex function, we have that θ† = θ∗, i.e., any stationary point minimises Φ̄. For
non-convex functions, this is not true, as Fig. 1 also illustrates. We refer to [11] for details
on gradient descent and its convergence.

We now discuss specific issues when using gradient descent in supervised learning and how
they are typically approached or resolved.

Big data The efficient computation of gradients through backpropagation (on GPUs) en-
ables the use of gradient-based optimisation in the training of large-scale deep neural networks.
However, gradient descent may become too computationally intensive in case the number of
data pairs N is large. When computing the gradient of Φ̄, we actually compute

∇Φ̄ =
1

N

N∑
n=1

∇Φn,

which means that we actually need to compute N gradients per iteration of gradient descent.
This can be resolved with stochastic gradient descent (SGD), a method first proposed by
Robbins and Monro [26]. The idea is here to not step into the direction of the negative gradient
of Φ̄, but to replace it by a randomly chosen Φn. Thus, we train the model with respect to
one randomly chosen data pair at a time instead of all of the data pairs simultaneously. We
obtain the following algorithm

θt+1 ← θt − ηt∇Φn(t)(θt), (t = 0, 1, . . .), (SGD)

where n(0), n(1), . . . are independent and identically distributed (i.i.d.) uniform random vari-
ables drawn from [N ] := {1, . . . , N}. Instead of just one data pair, we can also choose a batch
of M of the Φn’s and obtain batch gradient descent (BGD)

θt+1 ← θt −
ηt
M

∑
n∈At

∇Φn(θt), (t = 0, 1, . . .), (BGD)

where A0, A1, . . . ⊆ [N ] are independent sets of M samples drawn uniformly without replace-
ment from [N ]. SGD and BGD can be shown to converge to a minimiser of Φ̄ if the sequence
of learning rates ηt are reduced to 0 over time and if the Φ1, . . . ,ΦN are strongly convex. We
refer to [11] for the definition of strong convexity and convergence results. If ηt is chosen to be
constant, the algorithms SGD and BGD can still reach a stationary regime in a probabilistic
sense, see [9, 16]. Since both, SGD and BGD work with data subsets, we refer to them as
subsampling methods.
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Non-convex In the context of deep neural networks, the losses Φ1, . . . ,ΦN are usually non-
convex [7]. As discussed previously, GD does not necessarily find the minimiser in this case.
Indeed, it will find a stationary point of Φ̄ and then terminate, but this stationary point does
not need to be the minimiser of Φ̄. SGD and BGD do not necessarily terminate at a stationary
point of Φ̄, but will be very slow to escape [8]. Global optimisation methods that can deal
naturally with non-convexity, such as simulated annealing, are likely computationally too
expensive in machine learning. Momentum methods are popular alternatives to the methods
mentioned above: Where GD can be understood as a system describing the motion of a
massless particle, momentum methods model this particle as massive. Thus, if the particle
retains kinetic energy, it can escape stationary points of Φ̄. The most basic of these momentum
methods is Polyak’s Heavy Ball method (HBM) [22, 23] given by

θt+1 ← θt − αt∇Φ̄(θt) + βt(θt − θt−1) (t = 0, 1, . . .), (HBM)

where αt, βt > 0 appear to be similar to learning rates, but also control particle mass and
friction in the system and, e.g., θ−1 = θ0. Momentum methods are usually not guaranteed
to minimise non-convex functions, but they can search the parameter space more efficiently.
Combinations of momentum and subsampling are possible and popular, see, e.g. [28, 37]. The
Adam method [15] is a particularly popular combination of momentum, stochastic gradient
descent, and adaptive learning rates.

High-dimensional The parameter space Θ = RK in modern deep neural networks is very
high dimensional, i.e., K is very large. Artificial neural networks used in image classification
may have K ≈ 108 [32]. The Large Language Model ChatGPT has a parameter spaces
with at least K ≈ 1011 [5]. Higher dimensional parameter spaces have an increased memory
requirement and an increased cost when computing gradients. If the computational burden of
computing and storing full gradients is too large, coordinate descent methods can be employed.
Coordinate descent (CD) [39] proceeds in the following way

θt+1 ← θt, θ
(k(t))
t+1 ← θ

(k(t))
t − ηt∇Φ̄(k(t))(θt) (t = 0, 1, . . .), (CD)

where (k(t))∞t=0 is a sequence of randomly or deterministically chosen parameter indices in
[K], θ(k) denotes the kth component of θ ∈ Θ, and, accordingly, ∇Φ̄(k) is the partial derivative
of Φ̄ in the k-th direction. Hence, we update component after component, following the parts
of the gradient responsible for those components. Blocked subsets of components, similar to
batch gradient descent, can also be used.

Overfitting Overfitting is a common issue in supervised learning. It describes the situation
in which we find a parameter θ∗ that minimises the empirical error E(H(·; θ∗)), but for which
the generalisation error G(H(·; θ∗)) is not small. This means that the hypothesis represents
the observational data (x1, ℓ1), . . . , (xN , ℓN ) well, but does not generalise well to unseen data
(x, ℓ) ∼ π. This usually happens in situations in which the model H is highly flexible. Then,
the chosen model is prone to fitting aspects of the labels that are not actually explainable
by the inputs, such as measurement noise or mislabelled data. We give an example for
overfitting in polynomial regression in Fig. 2. Overfitting can be prevented by choosing less
flexible models H or, e.g., regularisation [20]. In the context of deep neural networks, we often
rely on implicit regularisation. We reach implicit regularisation, for instance, by employing a
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stochastic optimisation method, but keeping the learning rate constant [4, 35]. As mentioned
previously, SGD or BGD may not converge to the minimiser of Φ̄, but find a stationary regime
in a probabilistic sense. This probabilistic state appears to be better at preventing overfitting.
We illustrate these different ways to resolve overfitting also in Fig. 2.
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Figure 2: The solution to a linear regression problem using (from left to right) a hypothesis
space containing degree 12 polynomials, a hypothesis space containing linear functions, degree
12 polynomials Tikhonov regularised, and degree 12 polynomials implicitly regularised using
SGD. The polynomials on their own overfit the data and do not approximate the true linear
function well; using a simpler model or regularisation helps to prevent overfitting.

3 Pot hitting – a children’s game

Pot hitting is a simple children’s game that requires two participants, which we refer to as
the player and the director. The game is usually played inside in a room but at least in an
enclosed area: the pitch. A pot is placed upside down onto the pitch, covering a treasure (e.g.
sweets). Player and director act as a team, trying to recover the treasure that they share
in the end of the game. During this recovery process, the player is blindfolded and given a
wooden stick or maybe a wooden spoon. The stick shall help the player to identify the pot.
Indeed, the game ends once the player hears the clunk sound of the wooden stick hitting
the pot. The director is not blindfolded, but may only support the player with verbal cues.
What these verbal cues can be is subject to the rule set that the participants agree upon.
The director may only give feedback to steps (say, ‘hot’ or ‘cold’ depending on whether the
player gets closer to or farther away from the pot) or even only enter the game to prevent the
blindfolded player from injury. For the purpose of the following discussion, we assume that
precise directions are communicated as well a sense of distance, such as ‘a small step straight
ahead’, ‘a bit to the left’, or ‘a large step towards 2 o’clock’. We summarise the game in a
flow chart in Fig. 3.

Pot hitting is particularly popular in German-speaking countries, where it is known as
Topfschlagen [36]. Similar games exist in various other countries: pin the tail on the donkey
[6] is a popular game in the English-speaking world; Bhattacharjee and Boro [2] report a
related ethnic game played by the Bodos.

4 The pot hitting perspective in optimisation

Pot hitting is closely related to GD with convex Φ̄. The imaginary pot that shall be identified
when solving the problem (OP) is a minimiser θ∗ of Φ̄. GD acts as the player, the data
informs the director: θt describes the position of the player on the pitch Θ at time t, the
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player steps in
direction and tries to hit pot

Figure 3: Flow chart for the game of pot hitting

negative gradient −∇Φ̄(θt) is the verbal cue that the director gives to the player at time t. As
in pot hitting, the iterate θt itself cannot determine where it lies in space relative to θ∗: it is
blind and can only access an oracle, the negative gradient −∇Φ̄, that points into the direction
of smaller function values. Having understood this connection, we now take the challenges
from Section 2 and translate them into the game of pot hitting. We then give strategies
to overcome these challenges that are motivated by the strategies used in machine learning.
Thus, we do not only understand GD within pot hitting, but also the more advanced methods
SGD/BGD, HBM, and CD.

Learning rates Even in convex problems, GD converges only if the learning rate ηt is
chosen to be sufficiently small. If ηt is chosen too large, we usually see oscillations around
the minimiser in the algorithm in which case the algorithm can diverge. The gradient may
suggest a long step as the target is relatively far from the minimiser and the large learning
rate catapults the iterate far beyond the minimiser. Small learning rates will lead to a larger
number of steps being necessary to get close to the minimiser. We illustrate this in Fig. 4.

In pot hitting, this problem occurs when player and director have a misaligned under-
standing of step sizes. A ‘small step’ might be anywhere below 1 foot (∼ 30cm), a ‘large step’
could be somewhere between 1 and 3 feet (∼ 30−90cm). If step lengths are interpreted as too
long, the player may overstep the pot time and time again and never hit it. If step sizes are
interpreted too short on the other hand, the player will find the pot, but it may take a very
long time. In this case, the director could readjust the step sizes to account for the players
misinterpretation. This is not contained in the basic version of GD. We would assume that
the director determines the verbal cue only based on the current position of the player and
independently of the past.

Learning rates that depend on the past are popular in practice, see, e.g., [15]. They would
allow the director to adjust their statements and, thus, guide the player to the pot even if
there is a wrong step length adjustment in the beginning. So the director could, for instance,
suggest a ‘very small step’ at a point at which the player has overestimated a ‘small step’
previously.
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Figure 4: 15 GD steps minimising Φ̄(θ) = 0.5θ21 + 0.1θ22 with different learning rates η. A
learning rate that is too small will lead to slow convergence; a learning rates that is too large
will prevent convergence.

Big data If the function Φ̄ is given as the mean of many functions Φ1, . . . ,ΦN as in (OP),
we should interpret this within pot hitting as an alternative set of rules: there is a total
number of N directors that give verbal cues to the player. Each of the directors represents
one data set (xn, ℓn) or, equivalently, one of the Φn. Thus, each of the directors only sees
part of the pitch and the correct direction is the mean of the cues given by the N directors.
Asking the N directors for the direction is rather simple, listening to all N directions and
computing their mean will be very difficult for the player – especially if N is in the thousands
or millions. SGD and BGD solve this issue by listening to only one or few directors at a time,
respectively. The directors that the player listens to are picked randomly prior to every step
they do.

We have to amend the game in the big data setting even more. Since the player has
no access to ∇Φ̄, they never hear the clunk, that would usually be signified by seeing that
∇Φ̄ = 0. However, in SGD/BGD the player would in any case need to employ decreasing step
sizes to converge. So rather than searching until they hear a clunk, the player would search
the space until they have (essentially) stopped moving and should then be right above the
pot. Thus, in the big data setting, the player does not actually hit the pot with a stick but
walks, say, until the steps become very small. We illustrate this behaviour in Fig. 5: when the
learning rate is constant, the player keeps on wandering around the pitch. With a decreasing
learning rate, the player eventually stays very close to the minimiser. At this point, they may
just remove their blindfold and pick up the pot.
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Figure 5: 30 SGD steps minimising Φ̄(θ) =
∑10

n1,n2=−10 0.5(θ1 − n1/20)
2 + 0.1(θ2 − n2/20)

2

with different constant and decreasing learning rates ηt. When reducing the learning rate, we
appear to converge to the minimiser, a constant learning rate leads to a circling around the
minimiser.
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Non-convex In convex problems, there is only one pot placed onto the pitch: if a convex
function has multiple minimisers, those minimisers are right next to each other. So those
could be represented by a larger pot. Thus, as soon as the player hears the clunk sound,
they know that they have reached the pot and the game ends. In non-convex problems, the
situation is different: the room is full of pots in different places with a variety of bigger and
smaller treasures. Each of the pots representing one stationary point. So when the player
hears the clunk, it is not clear whether they have reached the pot with the treasure of highest
value – the highest value represents the minimiser θ∗. Since they do not know what treasure
to expect they will just stop after hearing the first clunk and have to be happy with that
treasure.

In the pot hitting setting, the use of a momentum method would mean that the pitch has
a low friction: say the game is played on a soapy or frozen surface or the player is wearing
roller skates. The player can still move on the pitch (without falling), but cannot slow down
immediately when hearing a clunk from a pot and, thus, may overshoot the pot after hearing
the clunk. If still close enough to that pot, the director would then point the player back
toward that pot. The player will then overshoot again and finally only get to stop after
overshooting several more times. However, it is also possible that the velocity of the player is
so large when coming across that pot, that they overshoot considerably and that a different
pot becomes more convenient to reach. In this case, the director would then guide the player
to that more convenient pot. In any case, the player is not stuck with the first pot they
hit, but may be able to move toward a pot containing a larger treasure. Of course, there
is no guarantee that the method eventually recovers the largest treasure, it will just be able
to escape pots in general. We illustrate the momentum-based method in a convex setting
in Fig. 6 and in a non-convex setting in Fig. 7. In the convex setting, we can see how the
player overshoots, but eventually finds the pot. In the non-convex problem, we can see how
a stationary point can be overcome and the minimiser be found.
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Figure 6: 15 HBM steps minimising Φ̄(θ) = 0.5θ21 + 0.1θ22 with αt = 1, and various βt. A
larger βt leads to a higher mass or a lower frictions implying that the momentum from past
movement is kept longer.

High-dimensional Pot hitting is usually played in two dimensions: the pot is placed on
the ground: only a two-dimensional surface needs to be searched. Intuitively, it feels easier
to find a pot in one dimension, i.e., the director only needs to tell the player to go left or
right, and more difficult to find a pot in three dimensions, where not only a flat angle needs
to be specified but also a direction in which to move vertically to hit the pot in the air. When
searching a space of millions or billions of dimensions, even communicating all the components
of the direction would be challenging. CD refers to the idea of asking for each axis-direction
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Figure 7: A plot of the non-convex function Φ̄(θ) = θ2(θ−1)2+0.1θ (left) and 40 HBM steps
minimising Φ̄ with αt = 0.2, and various βt (right three plots). βt = 0 is equivalent to GD
and neither this method nor (HBM) with βt = 0.75 can escape the stationary point at ≈ 0.9.
With the larger βt = 0.8, the method escapes and finds the global minimiser at ≈ 0.

separately: ‘how far left or right do I need to go?’ or ‘do I need to go forwards or backwards’
and then only walking in axis-directions, i.e., like a rook on a chess board. We illustrate this
behaviour in Fig. 8. Each step is then much easier to make, but the total number of steps
needed may be considerably larger.
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Figure 8: 15 CD steps minimising Φ̄(θ) = 0.5θ21+0.1θ22 with various learning rates. The plots
illustrate the rook-like movements only in axis-directions. Again, learning rates that are too
short may lead to a slow convergence behaviour, while learning rates that are too long may
prevent convergence all along.

Overfitting Implicit regularisation appears in stochastic optimisation, for instance, when
the learning rate ηt is not reduced to 0 over time. In that case, we are likely not to converge
to the minimiser of Φ̄, but may find a more robust solution that may not overfit the data in
the supervised learning problem. This solution may be in the area surrounding the pot (at
least in a convex setting). In pot hitting this means that we purposefully walk towards the
pot, but implicitly try to avoid actually hitting it by consistently stepping over it instead of
reducing the stepsize and stopping right in front of it. This behaviour is illustrated in the left
two parts of Fig. 5.

The reasoning could be the following: Maybe the player heard someone walking across the
pitch, tripping over the pot, and distributing the treasure around it. So now the player knows
that there may be little of the treasure left under the pot, so they need to search the area
around the pot and pick up the sweets one by one. One way to find the area surrounding the
pot could be to let the many directors guide the player towards the pot in an SGD/BGD-sense,
but not to reduce the stepsize. Then, they will cover the area around the pot well without
actually stopping. Similarly, when avoiding overfitting, we walk toward the minimiser of Φ̄,

10



but actually need to find a regularised solution close-by.

5 Discussion and conclusions

We have described the pot hitting game as an analogy for the optimisation process underlying
machine learning – presenting it as a more elaborate alternative to the metaphorical analogy
contained in the term ‘machine learning’ itself. We have explained a number of challenges
underlying machine learning optimisation and illustrated them in hard mode versions of pot
hitting: big data, non-convexity, high-dimensionality, as well as a version that may prevent
overfitting. Each of them portraying the difficulty in machine learning optimisation, but also
showing how these challenges are approached in practice.

The analogy is surprisingly deep and accurate. It implicitly conveys the difficulty and
resource intensity of the machine learning process, especially when realising that the training
of modern AIs encounters a combination of big data, non-convexity, and high-dimensionality.
Importantly, it does so by putting the player into the sometimes easy, sometimes almost
helpless position of the iterate in the optimisation method. In this way, the algorithm is
anthropomorphised, but, firstly, as a struggling player in a close-to-impossible game, rather
than with idealising terminology, such as ‘learning’ or ‘intelligence’. Secondly, the player can
as well be seen as the machine learning engineer that is employing an optimisation method to
train an AI. Hence, pot hitting may be a faithful model, rather than an anthropomorphism.

Pot hitting is simple enough to be understood by anyone within a few minutes. The pot
hitting perspective may work well as a thought experiment to explain machine learning to
curious people with a missing background in the computer or mathematical sciences or to give
an intuition whilst teaching machine learning to a STEM audience. However, it is also a game
that can for a large part be played and experienced in practice. Playful learning of this type
is effective in both children and adults [24] – especially to improve motivation, engagement,
and creativity. Caveats are the high-dimensional and the momentum setting: Even three
dimensions might be difficult to realise in practice: the increment in complexity when going
from K = 1 to K = 2 can be motivated and observed though; having a blindfolded player
walking on a low friction surface implies a high risk of injury – so the momentum setting is
not advisable. Hence, even if played, a part of the pot hitting experiments discussed here
need to end in thought experiments [10, 31].

The pot hitting analogy can be extended to other modalities of machine learning, such
as unsupervised learning [3] or generative machine learning [12]. These modalities also rely
on non-convex, high-dimensional optimisation with respect to big data and are approached
with similar algorithms. It is more difficult to represent other central challenges in AI within
the analogy that go beyond the computational learning process, such as alignment [21], in-
terpretability [27], and ethical questions [34].
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