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Abstract
Genetic programming (GP) produces solutions that, while often less
performant than neural networks, are uniquely amenable to analy-
sis. In domains like game-playing, this explainability could reveal
why certain policies succeed or fail—but such insights are rarely
leveraged to improve the algorithms themselves. Here, we analyze
a GP algorithm for 2048, testing whether structural, behavioral, or
semantic metrics of evolved policies correlate with performance.
While structural metrics showed no predictive power and behav-
ioral features yielded ambiguous results, we identified a semantic
feature that correlated with policy quality. Using this insight, we
designed a mutation operator that improved performance. Though
modest, this improvement suggests that explainability metrics can
guide operator design, even when broader explanatory goals remain
unmet. More broadly, our work highlights a potential advantage of
GP: its solutions may be analyzable in ways that opaque methods
like neural networks are not.
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1 Introduction
The explainability and interpretability of AI systems have become
critical areas of research in recent years. As AI becomes more
integral to daily life and the global economy—with projections
estimating that AI could increase global GDP by 7% over the next
decade [16]—the need to understand how these systems operate has
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grown correspondingly. Despite significant advancements, many AI
systems remain opaque: while their components and construction
are well understood, the mechanisms underlying their decision-
making processes are often unclear. This lack of transparency is
particularly problematic in high-stakes domains such as medicine,
law, and education, where trust in AI is essential for its adoption
and effective use. Explainability and interpretability are necessary
not only to evaluate prediction quality and uncover biases but
also to justify and improve decisions made with the support of AI
models [9, 10, 14].

The growing recognition of these challenges has driven sub-
stantial research in explainable AI (xAI). A key objective in xAI
is to distinguish between—and improve—interpretability (the abil-
ity to understand input-output relationships) and explainability
(a broader understanding of a model’s internal logic and decision-
making process) [7, 9]. Additionally, most xAI research focuses on
post-hoc explanations of trained models, rather than leveraging
explainability to enhance the models themselves.

In this work, we investigate whether explainability metrics can
inform the design of improved algorithms. We focus on genetic pro-
gramming (GP) for the game 2048, a domain where GP’s inherent
interpretability enables detailed analysis of evolved policies. Unlike
neural networks, which usually achieve higher performance but re-
sist explanation, GP allows us to examine both the final policies and
the optimization process that produces them. Specifically, we build
on EvoAl2048 [2], a winning entry from the 2024 Interpretable Con-
trol Policies competition at GECCO1, which provides a transparent
structure for analyzing policy evolution.

Our primary objective is to understand the relationship between
policy characteristics and performance during optimization. To this
end, we:

(1) develop and analyze structural, semantic, and behavioral
metrics of policies, evaluating their predictive power with
respect to policy performance; and

(2) design a novel mutation operator based on the insights
gained from this analysis, demonstrating how explainability
can directly inform algorithmic improvement.

While our results are specific to 2048 and GP, they suggest that
explainability metrics may offer a viable path to algorithmic en-
hancement in domains where solutions are otherwise opaque. The
remainder of this paper is structured as follows: Section 2 provides
the necessary background, Section 3 describes our approach, Sec-
tion 4 presents our results, and Section 5 concludes with a discussion
of our findings and future work.

1Description at https://gecco-2024.sigevo.org/Competitions.html#id_Interpretable%
20Control%20Competition
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2 Background
To ensure self-containment, we briefly revisit the work of Berger
et al. [2]. First, we outline the rules of the game 2048; then, we
describe Berger et al.’s [2] policy design and structure. Finally, we
summarize their optimization process.

2.1 The rules of 2048
The game 2048 was developed by Gabriele Cirulli2 in 2014. The
game board is a 4 × 4-grid and the game pieces are tiles which
populate the cells of the grid. Tiles have a value 2𝑘 for some 𝑘 ∈
N, 1 ≤ 𝑘 ≤ 11, i.e., powers of two ranging from 2 to 2048. When the
game begins, the board is empty except for two randomly placed
tiles of value two. In each step of the game, the player chooses
between one of four directions in which to rotate the board — up,
down, left or right. Rotating the board causes the tiles to move
across the board in the direction of rotation, as if by gravity. If
two tiles with the same value are sliding in the same direction and
collide, they merge into a single tile whose value is the sum of the
original tiles’ values. Note that if three tiles of the same value slide
in the same direction and collide, only the bottom two (with respect
to direction of rotation) will merge. If four tiles slide in the same
direction and collide, the result will be two merged tiles of equal
value (twice the value of the original tiles). After the rotation, a new
tile with a value of either two or four appears in an empty grid cell.
The value of this randomly generated tile is chosen from a default-
probability distribution of P{T = 2} = 0.8 and P{T = 4} = 0.8.
The goal of the game is to merge tiles until a tile with value 2048 is
created. If the grid fills and no moves remain that alter the board,
the game ends.

Although the primary objective of the game is to reach a tile
with the value 2048, the game also tracks a running score. This
score is calculated by summing the values of tiles merged at each
step, as shown in Figure 1. Since the tile values upon which the
score is based grow exponentially, the total score tends to grow
exponentially as well; i.e., the longer one plays, the faster the score
increases.

With the game rules established, we now describe the policy
structure used by Berger et al. [2] to model decision-making in
2048.

2.2 The structure of a policy
Berger et al. [2] use a predefined policy structure to find an optimal
and interpretable policy for the game 2048. To that end, they con-
sider the board and the move action space. They use Boolean (and
Integer) properties to describe the board’s current state. Cascading
conditions built with Boolean expressions containing Boolean prop-
erties or arithmetic comparisons (=, <, >) of Integer properties as
literals then suggest the next move. Thus, they consider the Markov
probability of the game and reduce the board state space from all
board states to a property space. The following definitions yield
the necessary information to understand the policy structure.

Definition 2.1 (State Space). The state space S is the set of all
possible 4 × 4 board configurations in the game 2048. Each board is

2https://github.com/gabrielecirulli/2048

a matrix whose entries are elements of the tile value set

T = { 𝑥 ∈ N0 | 𝑥 = 0 or 𝑥 = 2𝑘 for some 𝑘 ∈ N, 1 ≤ 𝑘 ≤ 11 },
where the value 𝑥 = 0 represents an empty tile.

Definition 2.2 (Property Space and Conditions). The property space
P contains descriptions of the board state and is Boolean-based and
Integer-based. Formally, P = PB ∪PZ contains functions mapping
the state to either a Boolean value (PB ∋ 𝑃B : S → B) or an
Integer value PZ ∋ 𝑃Z : S → Z. The set of atomic propositions
then consists of Boolean properties 𝑃B and arithmetic comparisons
(<, >, =) of Integer properties 𝑃Z. Based on these Boolean atomic
propositions, Boolean expressions 𝜑 : S → B define conditions on
the current board state, which can either be fulfilled or not.

Please note that the property space can be chosen freely. The
original work uses a defined set of properties, however, they can be
extended or delimited at liberty (by an adaption of the configured
property model).

Definition 2.3 (Action Space). The action space A is the set of all
possible actions which an agent or policy has to choose from.

A = {up, right, down, left}.

Definition 2.4 (Move). Amove applies an action 𝑎 ∈ A to a board
state 𝑠 ∈ S, resulting in a new board state. Formally, a move is a
function

𝑚 : S × A → S.

With these four definitions, we are ready to define policies.

Definition 2.5 (Policy). A policy is a piecewise function mapping
a board state to an action 𝜋 : S → A via properties of the board.
The function always has the form

𝜋 (𝑠) =



up if 𝜙𝑢𝑝 (𝑠) = ⊤
right if 𝜙𝑟𝑖𝑔ℎ𝑡 (𝑠) = ⊤
down if 𝜙𝑑𝑜𝑤𝑛 (𝑠) = ⊤
left if 𝜙𝑙𝑒 𝑓 𝑡 (𝑠) = ⊤
𝑎default if

∧
𝑎∈A ¬𝜑𝑎 (𝑠)

,

where 𝜙𝑎 (𝑠) = 𝜑𝑎 (𝑠) ∧
∧

𝑎′≺𝑎 ¬𝜑𝑎′ (𝑠), and 𝑎′ ≺ 𝑎 denotes actions
𝑎′ listed prior to 𝑎. This formal workaround is used to capture
the behavior of if-else-if-chains, where subsequent else-if
conditions are only evaluated when preceding ones have been
evaluated to ⊥.

In Figure 2, an example of a full policy and its structure is shown.
Several aspects should be noted here: First, the order of the en-
tries is neither fixed nor are entries disjunct or complete. There
may be several entries for one action (cf. entry 2 and default for
duplicate actions down, and left for missing actions). The deter-
minism of a policy in light of multiple entries for one action is
given through the order of the entries (if-else-if-chain). Prop-
erties of the board are presented with 𝑝𝑖 for 𝑖 ∈ 1, . . . , 6, where
𝑝3, 𝑝4 are Integer-based properties, hence, they need an arithmetic
comparison to be included in the final condition. 𝜑𝑟𝑖𝑔ℎ𝑡 (𝑠) = 𝑝6
denotes the general property for move right, but 𝜙𝑟𝑖𝑔ℎ𝑡 (𝑠) =

𝑝6 ∧ ¬𝜑𝑢𝑝 (𝑠) ∧ ¬𝜑𝑑𝑜𝑤𝑛 (𝑠) constitutes the actual condition to be
evaluated (taken the if-else-if-chain into account).

https://github.com/gabrielecirulli/2048
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(a) An arbitrary state of the 2048 board. (b) The subsequent state of the board after a move in direction down.

Figure 1: Exemplified application of a move in direction down. This move would add a score of 32 + 4 = 36 to the total score.

Figure 2: Example of 2048 Policy Structure

en t ry 1 :
a c t i o n : up
c ond i t i o n : (𝑝1 ∧ 𝑝2) ∨ (𝑝3 > 𝑝4)

en t ry 2 :
a c t i o n : down
c ond i t i o n : 𝑝1 ∨ (𝑝5 ∧ 𝑝2) ∨ 𝑝5

en t ry 3 :
a c t i o n : r i g h t
c o n d i t i o n : 𝑝6

d e f a u l t : down

Berger et al. [2] introduce several sets of properties that can be
changed at will. The following list shows the three main types of
properties used in this analysis.

• scoreGain(𝑎1): outputs the difference in score resulting
from move𝑚(𝑠, 𝑎1).

• scoreGains(𝑎1, 𝑎2): outputs the difference in score result-
ing from moves𝑚(𝑚(𝑠, 𝑎1), 𝑎2).

• canMoveInDirection(𝑎1): outputs true if 𝑠 ≠𝑚(𝑠, 𝑎1), oth-
erwise false.

It is important to note that these properties do not include any
specific knowledge about the game besides the minimal rule set.
Berger et al. state this to be due to making the approach more gen-
eral and exploiting the GP structure rather than expert knowledge
on the game. If the focus were, however, more on optimality for
the specific use case than on generalisability, specialised properties
like (highestTileInCorner) can easily be introduced.

2.3 Optimizing a policy
Berger et al. [2] use a genetic programming approach to optimize
the policy. The policymodel introduced above provides the program
structure. Mutation operators modify literals (e.g., adjusting values)
and structural components (e.g., adding, removing, or reordering
entries or conditions), while recombination exchanges compatible
subexpressions or policy elements between individuals. Selection is
based on a performance-evaluation priority list. For each candidate,

several test runs of the policy are performed, yielding statistical
measures for the highest tile per run: mean, median, max, min, and
sd of the highest tile, resp., and the score per run (max(score),
mean(score), sd(score)). Developers can select an ordering of
these measures to compare them and obtain a fitness value. In this
work, we used the final configuration of Berger et al., as shown in
Figure 3.

Figure 3: Comparison of perfomance measures

compara tor : = ' h i e r a r c h i c a l − compara tor ' {
o rde r : = [

da t a ' median ( h i ghe s t − t i l e ) ' ,
d a t a ' ave rage ( h i ghe s t − t i l e ) ' ,
d a t a 'max ( h i ghe s t − t i l e ) ' ,
d a t a ' min ( h i ghe s t − t i l e ) ' ,
d a t a ' ave rage ( t o t a l − s c o r e ) '

] ;
} ;

While Berger et al. [2] demonstrate the interpretability of their
approach, key questions remain unanswered: (1) What structural,
semantic, or behavioral features correlate with policy performance?
(2) Can these insights improve the genetic operators? In this work,
we address these questions.

3 Methodology
Our primary objective is to analyze the optimization process of
genetic programming (GP) for 2048 policies, with the goal of un-
derstanding how policy similarity relates to performance and lever-
aging these insights to design improved operators. To this end, we
address two research questions:

Research Question 1: What metrics can describe similarities
between policies, and do these similarities correlate with similar
policy performance?

Research Question 2: Can explanations of policy behavior
inform the design of operators that enhance the algorithm’s perfor-
mance?

The following subsections address these questions in turn.
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3.1 Similarity measures for policies
To address Research Question 1, we define three categories of sim-
ilarity metrics for policies: structural, semantic, and behavioral.
Structural metrics analyze the syntax of policies with modest se-
mantic information on literals, semantic metrics evaluate structural
dependencies with dynamic information of game evaluations, and
behavioral metrics analyze fully evaluated runtime decisions during
game-play.

3.1.1 Structural Similarity. Structural similarity metrics quantify
differences in the syntax trees of policies. We consider structure
to include information about the specific literals and conditions a
policy contains, as well as their sequential arrangement into en-
tries with associated actions. We investigate whether similar policy
structure incurs similar policy performance. Establishing such a
relationship would be particularly advantageous, as it would allow
us to leverage a suite of well-established tree similarity metrics for
policy analysis. In turn, this would lead to an improvable operator
structure: The structural elements of a good policy should barely be
changed, while poorly performing policies should undergo larger
structural changes.

In the following, we chose to focus on two well-known tree sim-
ilarity metrics, Tree Edit Distance (TED) and Maximum Common
Subgraph (MCSG).

Tree Edit Distance. Computation of TED-values between pairs
of policies was performed with a slightly modified version of the
APTED implementation from Pawlik and Augusten [11, 12]. The
pre-packagedAPTED implementation uses a unit cost function (cost
1 for insert, delete and relabel operations). We implemented a
custom cost function for the relabel operation.

In the unit cost TED implementation, relabeling is all-or-nothing
— identical labels need not be relabeled, and non-identical labels
incur a relabeling cost of 1, regardless of how similar the label
strings themselves may be. However, in the tree-representation of
a policy, labels of leaf nodes correspond to properties, which are
composed of literals, Boolean constants, and comparison operators.
Because the labels contain important information about a policy’s
decision-making, we attempt to reflect a more nuanced notion of
label similarity in the relabeling cost function. To this end, we im-
plement a custom cost function based on the Levenshtein distance
[8] between two labels.

𝑙𝑒𝑣 (𝐿1, 𝐿2) =
{
max( |𝐿1 |, |𝐿2 |) if min( |𝐿1 |, |𝐿2 |) = 0,
1 + 𝛾 (𝐿1, 𝐿2) otherwise

𝛾 (𝐿1, 𝐿2) =

𝑙𝑒𝑣 (𝑡𝑎𝑖𝑙 (𝐿1), 𝐿2)
𝑙𝑒𝑣 (𝐿1, 𝑡𝑎𝑖𝑙 (𝐿2))
𝑙𝑒𝑣 (𝑡𝑎𝑖𝑙 (𝐿1), 𝑡𝑎𝑖𝑙 (𝐿2))

The intuition is that two comparisonswhich differ in, say, a single
action parameter (small Levenshtein distance), are more similar
than two comparisons containing completely different literals (large
Levenshtein distance).

Because TED is sensitive to the size of the two trees being com-
pared, we normalize it to obtain a more comparable metric. Follow-
ing [13], we use the normalized tree edit distance, NTED:

NTED(𝑇,𝑇 ′) = TED(𝑇,𝑇 ′)
|𝑇 | + |𝑇 ′ |

Maximum Common Subgraph. Another common metric for tree
similarity is the Maximum Common Subgraph [1].

The ISMAGS (Index-Based Subgraph Matching Algorithm) [6]
implementation included in the Python network analysis library
NetworkX [5] was used to calculate the size of the maximum com-
mon induced subgraph between two policy trees.

To calculate the metric proposed by [3], we used the formula:

mcsg𝑛 (𝑇,𝑇 ′) = 1 − |mcsg(𝑇,𝑇 ′) |
|max( |𝑇 |, |𝑇 ′ |) |

this is referred to as the normalized mcsg in the remainder of this
work. A higher value indicates greater similarity, a smaller value
the opposite.

3.1.2 Semantic similarity. While structural metrics only regard the
structure of a policy and the semantic distance of its literals, seman-
tic similarity also investigates semantic congruence of conditions
and actions, as well as dynamic information which can be obtained
during the optimization process while a policy is being evaluated.
We therefore analyzed the variance of present moves, as well as the
variance of evaluation of literals (to determine their importance
when playing the game).

Move Entropy. We defined a semantic feature we refer to as
move entropy, which aims to measure the distribution of moves
(up, right, down, left) a policy makes while playing 2048. The
move sequence of policy 𝜋 in game 𝑖 ∈ 1, . . . , 50 is denoted by the
tuple 𝐴𝑖

𝜋 = (𝑎1, . . . , 𝑎𝑘 ). These sequences were then concatenated
across all games to form a single aggregated sequence per policy:
𝐴𝜋 = 𝐴1

𝜋 ++𝐴2
𝜋 ++ . . . ++𝐴50

𝜋 .
The distribution of moves in 𝐴𝜋 was analyzed using Shannon-

Entropy [15] with the following definitions:

count𝐴𝜋
(𝑎) :=

��{ 𝑗 ∈ {1, . . . , |𝐴𝜋 |} : 𝐴𝜋 [ 𝑗] = 𝑎 }
��

𝑝 (𝑎) =
count𝐴𝜋

(𝑎)
|𝐴𝜋 |

𝐻 (𝐴𝜋 ) := −
∑︁
𝑎∈A

𝑝 (𝑎) log2 𝑝 (𝑎).

As there are four possible outcomes, 0 ≤ 𝐻 (𝐴𝜋 ) ≤ 2, with
𝐻 (𝐴𝜋 ) = 2 implying a perfectly uniform distribution over the four
move directions and 𝐻 (𝐴𝜋 ) = 0 implying that a policy moves in a
single direction 100% of the time.

We investigate whether similarity in this metric corresponds to
similar performance as well as whether move entropy correlates
with performance in general.

The rationale behind this metric is the intuition that more than
one direction should be necessary for playing a good game (other-
wise, it was fairly simple). However, whether a maximum entropy
actually correlates to good performance is not clear in advance.
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Game experience teaches for 2048 that three directions are suffi-
cient, however, we do not want to include this specific knowledge
in our methodological development.

Literal Frequency Evaluation. A literal ℓ is said to positively con-
tribute to the policy decision 𝜋 (𝑠) = 𝑎 on board state 𝑠 if the follow-
ing conditions hold:

• ℓ appears in the condition of an entry 𝑒 in 𝜋 such that the
action 𝑎𝑒 = 𝑎 (i.e., the entry prescribes the action that was
taken).

• ℓ occurs within a comparison 𝑐𝑖 𝑗 such that 𝑐𝑖 𝑗 (𝑠) = ⊤ (i.e.,
it evaluates to true for state 𝑠), and all comparisons in the
same conjunctive clause containing 𝑐𝑖 𝑗 also evaluate to ⊤ on
𝑠 .

Given a policy 𝜋 , we record information about which literals
positively contributed to its decisions across 50 evaluation games.

If a literal positively contributes to at least one policy decision
in any of the 50 evaluation games, it is active. For any active literal
ℓ , the following data was recorded:

• Average number of calls per game: total number of moves to
which ℓ contributed divided by total number of games (50).

• Average score delta: the score delta for a single move is differ-
ence between the score before and after the move is taken.
The score deltas for all moves to which ℓ contributed was
summed and divided by the total number of moves to which
ℓ contributed.

• Proportion calls: total number of moves to which ℓ con-
tributed divided by total number of moves made by 𝜋 .

• Proportion score: The score deltas for all moves to which ℓ

contributed was summed and divided by the sum of total
scores reached by 𝜋 .

We chose to record average number of calls per game and propor-
tion calls under the assumption that an important literal would
contribute to more decisions than less important ones. However, it
could also be the case that a certain direction is chosen only rarely,
yet still plays an important role in the policy’s performance. This in-
fluenced us to additionally record the share of the score attributable
to each literal.

Again, we want to investigate whether similarity in this metric
corresponds to similar performance and whether literal frequency
correlates with performance.

An assumption may be that literals that prevent losing the game
may have more importance for policy performance than literals
that make winning more likely.

First Action Agreement. While the last two measures mainly re-
garded frequency distributions, first action agreement tackles the
intuition of semantic consistency. It considers the fact that one
would expect policy properties to actually consider the move direc-
tion that they guard. Therefore, we define the relationship between
a policy’s chosen move and the directional input encoded in the
literals that positively contributed to that decision as action agree-
ment. In this work, we focus specifically on first action agreement,
which refers to the alignment between the direction of the executed
move and the first input action encoded in each contributing literal.
If this first input action is the same as the move direction, the literal
is said to be in agreement.

To quantify this, we counted the number of positively contribut-
ing literals whose first input action matched the move direction
for each policy. This yielded an unweighted first action agreement
count per policy.

Figure 4: Example Policy for computingweightedfirst
action agreement

en t ry 1 :
a c t i o n : up
c ond i t i o n : scoreGains(up, down) >

scoreGains(down, right)

en t ry 2 :
a c t i o n : r i g h t
c o n d i t i o n : canMoveInDirection(down)

en t ry 3 :
a c t i o n : r i g h t
c o n d i t i o n : scoreGain(right)>scoreGain(left)

d e f a u l t : down

In addition to this count-based metric, we computed a weighted
first action agreement score, which accounts for the frequency with
which contributing literals were involved in decisions. Specifically,
the score sums the proportion of calls for literals exhibiting first
action agreement. Importantly, if a literal was negated, its contri-
bution was subtracted rather than added, reflecting its logically
inverse role in the decision. We use a small example to illustrate the
computation: Assume a policy as given in Figure 4. Additionally,
assume that dynamic analysis yielded a relative frequency of calls
for the first literals in each entry as shown in Table 1. The first entry
in Table 1 agrees with its move direction, i.e., the action is up, and
the literal asks for a positive influence of up. The relative frequency
now contributes positively to the metric. The contrary holds for
the second entry: Action and first literal do not correspond to one
another. It is therefore ignored for the metric. The third entry again
holds a correspondence, and is therefore added to the metric value,
yielding a final value of 0.4 + 0.3 = 0.7.

Table 1: Example weighted first action agreement score for a
single policy consisting of 3 active literals.

Literal Call
Proportion

Move
Direction

scoreGains(up, down) 0.4 up
canMoveInDirection(down) 0.3 right
scoreGain(right) 0.3 right

Weighted First Action Agreement: 0.7

For this metric, we again seek to investigate whether similarity
in this metric corresponds to similar performance and whether the
weighted first direction agreement correlates with performance.
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3.1.3 Behavioral Similarity. As mentioned above, policy perfor-
mance is a fairly intuitive way of thinking about policy similarity,
but it suffers from the fact that a huge variety of dissimilar policies
might perform poorly — and in fact multiple dissimilar policies
might perform well. To address this, we conceptualized a second
candidate definition for policy similarity involving actual policy
behavior.

The idea behind “behavioral similarity” is that similar policies
are more likely to make the same decision when presented with
identical inputs. Recall that the input for a 2048 policy is a board
state, which is mapped to an action. Recall also that after each move,
a randomly placed tile is generated. By fixing the random seed in the
simulation environment, we ensure that, given an identical initial
board state and identical sequences of actions, the resulting game
trajectories are identical. For two policies, we therefore compare
the length of their action sequences from a shared initial state and
measure agreement up to the point where their decisions diverge.
Move agreement was analyzed using many different initial boards
(from early game, mid-game and end game states), which yields a
measure of how similarly two policies behave. This metric, however,
cannot be soundly evaluated during an optimization run, in contrast
to the semantic metrics. It may therefore be helpful for general
analysis, but not for online improvement during optimization.

3.2 Improved Operators for Optimization
Algorithm

Research Question 2 involves a practical application of the insights
gained by answering RQ1. We want to find out whether explainabil-
ity can be used to enhance optimization algorithms — specifically
the GP algorithm used to optimize our 2048 policies.

The first direction mutator was developed and implemented to
investigate whether insights from explainability can be leveraged
to improve the optimization process itself — a practical application
of our analysis of structural and semantic features in 2048 policies.
Specifically, we sought to operationalize the findings on first di-
rection agreement (see Section 3.1.2) by introducing a mutation
operator that modifies the first direction in a comparison to match
the action associated with its corresponding entry.

Themutator works by identifying a random entry in the policy to
be altered. Recall that every entry has an associated action 𝑎𝑒 which
determines the move which will be output if the entry’s condition
is fulfilled. Then, a comparison from the entry’s condition is chosen
at random.

Figure 5 shows an exemplary (albeit very simple) application of
this mutator. The original policy contains an entry with a mismatch
between action and first literal direction (right vs. left). The
mutation operator now adjusts the first literal direction to match
the corresponding action (changing left to right).

3.3 Realization
We used the optimization research tool suite EvoAl [4] to implement
our analyses and the new operator. To this end, we implemented a
plugin that adds the first-direction agreement mutator to the set of
possible operators used by the genetic algorithm initially employed

scoreGain(left) > scoreGain(down)

action: right

scoreGain(right) > scoreGain(down)

action: right

mutation

Figure 5: An example of the first direction mutator changing
the first direction to match the entry action.

by Berger et al. in [2]. We analyzed the results using Python scripts
and the EvoAl release.3

4 Evaluation
In the following, we detail our results on the respective similarity
measures and their relation to policy performance. Additionally,
we show the results attained by including the First Direction Agree-
ment Mutator in the optimization process. Before presenting these
results, we briefly describe the preprocessing steps applied to the
policies, which ensure comparable results.

4.1 Setup - Normalising Policies
Before comparing policies, several preprocessing steps were un-
dertaken to bring policies into a comparable form. These steps are
outlined in Figure 6. There are two fundamental issues which have
to be addressed in order to compare 2048 policies.

(1) Rotational Symmetry: Since the game 2048 is rotationally
symmetric, there are essentially 4 versions of any policy
which differ only in literal and entry directions. In fact, these
versions can be generated by rotating all entry and literal
directions by 90◦.
This makes comparing two arbitrary policies difficult, since
they may appear to be quite different — for example, con-
taining many differences with respect to literal and action
directions — while actually behaving quite similarly. There-
fore, Normalization of policies was performed in an attempt
to bring policies into similar rotations before comparing
them.

(2) Boolean Comparisons: During optimization, mutation op-
erators alter various components of the Boolean conditions
contained in a policy. Boolean comparators can be flipped (>
becomes <), and literals may be negated. As a result, separate
policies might contain Boolean conditions which are seman-
tically identical but syntactically different (see equations 3.1
and 3.2 in Section 4.1.3). In order to effectively compare mul-
tiple policies, Literalisation was performed to bring Boolean
conditions into a standard form.

4.1.1 Normalization. Normalization was applied to 2048 policies in
an attempt to bring them into comparable rotations. While rotating
the policies is a simple matter of changing each direction by 90◦,
180◦, or 270◦, choosing a pivot point, or how much and in which
direction to rotate each policy, is not quite as simple. One could

3We make all artifacts available at acceptance of the paper for reproducibility.
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Figure 6: Policy-processing pipeline implemented to facili-
tate comparison of 2048 policies generated during optimiza-
tion.

assign a fixed direction to an arbitrary entry (e.g., the first or default
entries) for each policy; however, there is neither guarantee nor
particular reason to believe that an arbitrary entry plays the same
role in various policies. For this reason, the method applied in this
pipeline selects its pivot point based on a policy’s most-frequently-
moved-direction, i.e., the direction chosen most frequently by the
policy over the course of 50 games. This direction is rotated to down
and all other directions are updated accordingly.

4.1.2 Pruning. Many generated policies contain “inactive entries”
whose conditions are never fulfilled during simulated game-play.
We chose to remove these portions of the policy, reducing it to its
relevant entries with the goal of reducing the influence of these
inactive and therefore unimportant portions of the policy when
comparing it to other policies.

4.1.3 Literalization. When a policy is represented as a tree, the
boolean expressions contained in the entries correspond to node
labels in the tree representation. Comparing tree structure usually
involves comparing node labels. Therefore, the way these Boolean
expressions are represented can have a big effect on the output of
similarity metrics which compare trees, subtrees, and nodes.

Because of this, it is necessary to perform a second kind of nor-
malization, called literalization, on the policy entries. The basic
problem is summarized in equations 4.1.3: equivalent Boolean ex-
pressions have multiple equivalent representations. The solution
is simple. All Boolean expressions are transformed into a standard
form, which is limited to the comparison operators >, = and ≠.

¬(A > B) ≡ (A < B) ∨ (A = B) ≡ (B > A) ∨ (B = A) ≡ ¬(B < A)
(1)

¬(A = B) ≡ A ≠ B ≡ B ≠ A ≡ ¬(B = A) (2)

Even with this transformation, ambiguous representations are
still possible for Boolean expressions involving equality and in-
equality due to reflexivity. In practice, however, this problem does
not exist. All expressions involving equality and inequality are
composed of a literal and a boolean constant ⊤ or ⊥. An unambigu-
ous representation is achieved by always assigning the boolean
constant to the right operand. This preprocessing step additionally
excludes ambiguities from our proposed mutation operator.

4.2 Results of Similarity Measures
We ran extensive evaluations on all defined metrics. Due to page
restrictions, we only show a minor portion of the results here. Fig-
ure 7a shows the results of comparing the NTED structural metric
with the performance difference in the given policies. Although
some structure may be discernible, we disregard this metric as in-
sufficient to describe policy behavior. Results were unfortunately

similar for all studied structural metrics. However, this is somewhat
understandable, since a simple change to one literal might have a
dramatic effect on the policy’s performance while having only a
small effect on the structural metric.

Turning to the evaluation of semantic metrics: Figure 7b shows
an exemplary result from these measures mapping the Weighted
First Direction Agreement to the overall performance of the policy.
Here, we can actually see a correlation in the data. This correlation
is also present for comparing move-entropy to policy performance.
Using statistical analyses, it could additionally be shown that both
features together account for more than 80% of the variation in the
data.

For behavioral similarity measures, only the slightest correlation
was found between move agreement and performance difference.
However, we see potential for further analysis, especially with
different distributions of the analyzed board states.

All in all, we can cautiously answer our first research questions
as follows: Structural similarity measures as such are not sufficient
to give a good explanation on the performance of control policies.
Behavioral similarity as such also seems to be insufficient in this
regard. However, semantic measures are capable of explaining at
least some of a policy’s performance.

4.3 Results of first agreement mutation
operator

In this section, we compared the results of optimization runs with
the newly developed first direction agreement mutator as well as
without it. Figure 8 shows the results of running Berger et al.’s [2]
genetic programming algorithm with the proposed mutator, moti-
vated by the strong results of the semantic analysis.

To account for stochastic behavior, we ran each setup 50 times
and report the mean performance of the maximum average high-
est tile achieved per run across generations as a proxy for policy
performance. To determine whether the observed improvement
in performance is statistically significant, we compared the final-
generation performance per run, defined as the maximum average
highest tile achieved at the last generation of each run. The con-
figuration with the first direction mutator achieves a higher final
performance (1021.3±123.3) compared to the baseline (927.1±112.0),
with the difference being statistically significant (Mann–Whitney
U test, 𝑝 = 2.89 × 10−4).

The results show that the new mutator improves both speed and
solution quality of the genetic programming approach, confirming
the usefulness of incorporating explanation-based knowledge into
the optimization algorithm and answering RQ2.

5 Discussion and Conclusion
Applicability to different domains Naturally, the importance of
our results, while interesting for the original approach, suffers from
the evaluation on a single domain. Nevertheless, most steps of our
approach are transferrable to applications with comparable prop-
erties. Three main properties have to be fulfilled for our approach
two be transferrable: First, the control problem needs to fulfill the
Markov property, i.e., the next action should only be based on the
current state of the system. Second, we assume a discrete action
space. Number of actions and form, however, influence neither the
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(a) Results from comparing the NTED similarity measure to perfor-
mance values

(b) Results from comparing the weighted first direction match to per-
formance values.

Figure 7: Results from comparing similarity measures to performance

Figure 8: Results from comparing behavioral metrics against
performance measures. Results have been averaged over 50
runs per setup.

concept introduced by Berger et al. nor the analyzed metrics in this
work. Third, the reduction of the state space to the property space
should (a) be possible and (b) lead to decreased computational com-
plexity. Nevertheless, this third property is not strictly necessary, it
simply improves the optimization approach. Rotational symmetry
is not a direct requirement, it rather necessitates preprocessing of
policies, i.e., our approach can deal with rotational symmetry but
does not require it. So, in theory, our approach should be applicable
to any discrete control problem that fulfills the Markov property.

FutureWork The most obvious direction for future work would
involve confirming the applicability to different discrete control
problems in practice and not only by qualitative assessment. Ad-
ditionally, the move entropy metric could serve as the basis for
another improved mutator. Furthermore, online adaption of mu-
tators could be investigated from collected runtime information
during optimization. Finally, some metrics (especially the behav-
ioral metrics) could be improved by investigating different designs
for their computation.

Conclusion The importance of explainability has gained trac-
tion in optimization in recent years. While much previous research

has focused mainly on the interpretability of machine learning
systems, explaining the results of optimization algorithms is be-
coming increasingly important. In this work, we analyze the work
of Berger et al., who developed a genetic programming algorithm
to optimize interpretable policies for the game 2048. We analyze
the structure of the policies and their behavior during the game.
This provides insight into why the algorithm chose the resulting
policy and also allows us to design an additional mutation oper-
ator for Berger et al.’s algorithm. When compared against their
original optimization process, the addition of this new mutation
operator actually improves solution quality. These results validate
the assumption that a good understanding of an algorithm’s inner
workings can enable improvement of the algorithm. The results of
this research are therefore relevant not only in terms of increasing
users’ trust in optimization results, but also for helping researchers
gain a deeper understanding of the inner workings of metaheuris-
tics and potentially adapt them to improve optimization results. We
are interested in extending this work to different policy settings,
thereby increasing its relevance to real-world use cases.
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