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ABSTRACT
Logic grid puzzles are a popular variety of pen-and-paper puz-
zles. In logic grid puzzles, players are given natural language hints
that they use to mark relationships between entities on a grid. We
demonstrate the ability of a Feasible-Infeasible Two-Population
(FI-2Pop) genetic algorithm to produce high-quality logic grid puz-
zles. Hints are constructed using a hand-authored grammar that
represents typical types of hints. Infeasible individuals are evolved
to approach becoming solvable. Feasible individuals are optimized
based on estimated difficulty and hint count. The final evolved puz-
zles require deductive reasoning skills of the player and were found
challenging by the authors of this paper.

CCS CONCEPTS
• Computingmethodologies→Genetic algorithms; •Applied
computing → Computer games.
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1 INTRODUCTION
Logic grid puzzles (also called Einstein puzzles, zebra puzzles, or
cross logic puzzles) are a popular variety of pen-and-paper constraint-
based logic puzzles. Two example puzzles (generated by our system)
are shown in Figures 1 and 3. In logic grid puzzles, natural language
hints are given to help players complete a grid of relationships
between entities.

In this paper, we use a Feasible-Infeasible Two-Population (FI-
2Pop) genetic algorithm to generate new logic grid puzzles that are
solvable and challenging. We constructed a grammar to represent
the hint space that can be used for puzzles of any size. We then use
a custom solver to determine if the hint list produces a solvable
puzzle. For solvable hint lists, we can evaluate their difficulty based
on how many loops the solver takes to solve the puzzle.
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Figure 1: Puzzle A (solved). The “O”s represent links between
entities and the “X”s represent entities that are not linked.

This paper contributes an evolutionary approach to generating
logic grid puzzles; the first, to our knowledge, academic contribution
to generating this type of puzzle. Additionally, we contribute a
grammar that can be used to produce hints for a given puzzle.

2 RELATEDWORK
2.1 Constrained Evolutionary Algorithms
There are several problem spaces where the search space is divided
into feasible and infeasible individuals, based on a constraint. While
strategies like the death penalty [12] lead to loss of valuable infor-
mation [17], a fitness function that incorporates feasibility can be
difficult to construct [6]. Feasible-Infeasible Two-Population (FI-
2Pop) [11] genetic algorithms utilize the fact that optimal solutions
often are found on the border of feasibility [23] and have greater
genetic variety [10]. In FI-2Pop, two populations are maintained.
One population contains only infeasible individuals, which are se-
lected to approach feasibility, and the other contains only feasible
individuals, which are selected based on an optimization function.
There is no cross-breeding, so genetic information is only shared
between the populations when individuals move between them.

FI-2Pop has been used to generate a variety of game content,
including video game levels [1, 27], game sprites [13], and dungeons
[14, 26]. Scirea [24] use a variant of the FI-2Pop algorithm to gen-
erate puzzles for a game about getting a car to its destination while
collecting flags. However, this is the first work to apply FI-2Pop to
generating a logic grid puzzle.

2.2 Logic Grid Puzzle Solving
This work looks at logic grid puzzles, in which players are given
a series of natural language clues and must find links between
different entities. The representation of clues has made logic grid
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Type Description Production Rules with examples
is The two entities are linked The [cat1] [ent] is the [cat2] [ent]

The suspect Ms. Scarlet is the weapon Knife
not The two entities are not linked The [cat1] [ent] is not the [cat2] [ent]

The suspect Ms. Scarlet is not the weapon Knife
before The first entity is𝑚 < 𝑛 − 2 units smaller

than the second entity in the numerical
category

The [alph] [ent1] is at least 1 [num] before the [alph] [ent2]
The [alph] [ent1] is [int] [num]s before the [alph] [ent2]
The suspect Ms. Scarlet is 2 hours before the weapon Knife

or Either the first or the second entity is
linked to the third entity, but not both

Either the [cat1] [ent] or [cat2] [ent] is the [cat3] [ent]
Either [cat1] [ent1] or [cat1] [ent2] is the [cat2] [ent]
Either the suspect Ms. Scarlet or the suspect Col. Mustard is the weapon Knife

complex or Either the first is statement or the second
is statement is true, but not both.∗

Either [is] or [is]
Either the suspect Ms. Scarlet is the weapon Knife or the suspect Col. Mustard
is the room Living Room

Table 1: The production rules for producing hints as discussed in subsection 3.2. Each line represents a different production
rule. ∗Is statements were chosen to avoid confusion, even though any statement could be used.

puzzles of particular interest to NLP research. Several works have
translated the natural language clues into computer logic using
PairwiseMarkov Networks [18], Blackburn and Bos frameworks [2],
and DistilBERT models [9]. Most recently Large Language Models
have been used [8]. Often these techniques transform the natural
language clues into a discrete set of pre-defined clue types [4, 9].
The puzzles can then be represented with Answer Set Programming
[8, 18], IDP knowledge systems [2], or prolog logic [9].

2.3 Pen and Paper Puzzle Generation
A wide variety of techniques have been used to generate new puz-
zles [3]. Sudoku [5, 15, 16, 21], Nonograms [20], and Shinro [19] are
the most common types of pen-and-paper logic puzzles that have
been generated in academic works. Techniques for generation are
often search-based strategies such as genetic algorithms [15, 19],
hill-climbing [5], or depth-first search [21]. Other techniques such
as grammars [25], rule-based algorithms [16], or image process-
ing [20] have also been used. Difficulty is often determined by an
automatic solver either through total processing time [5, 15] or
by the types of moves solvers make [19]. Difficulty has also been
determined by the properties of the puzzles themselves [16, 20].

3 SYSTEM OVERVIEW
Our system produces new logic puzzles, given a set of entities to
be linked. Each category has an equal number of entities made up
of either categorical (e.g. names) or numerical (e.g. times) values.
The source code, along with all generated puzzles are available on
GitHub 1.

3.1 Logic Puzzles
Logic grid puzzles rely on players deducingwhich entities are linked
by marking them on a grid (see Figures 1 and 3). In these puzzles
players are given a list of natural language hints that describe
relationships between entities across different categories. Players

1https://github.com/flaneuseh/logic_puzzles/releases/tag/v1.0.0

must use these hints, along with logical reasoning, to determine
which entities are linked to each other in each category.

3.2 Hint Grammar
There are several types of hints provided by grid logic puzzles.
We represent these hints with a grammar, shown in Table 1, that
describes which types of entities and categories can be used to
construct each hint type. Each hint type also has a distinct logical
interpretation. While this is not necessarily all-encompassing of
possible hints, they represent the most commonly occurring types
of hints. The grammar is written such that it can be used for any
puzzle.

There is a two-step process for randomly generating a hint given
a set of categories and entities. First, production rules are randomly
selected until only terminals are present. Then the terminals are
replaced with random values based on the type of terminal that is
present. “Before” hints require a numerical category, so for puzzles
with only categorical categories these hints have to be regenerated.
The resulting hints are human-readable but not necessarily gram-
matically correct and may require minor editing before publication.
However, the hint examples in this paper are not edited.

3.3 Solver
Given a hint in this grammar, our system can return an updated grid
where the logic of the hints, along with any deductive reasoning, is
applied. The puzzle solver (algorithm 1) is a hand-coded function
designed to mimic the way a human might solve a logic grid puzzle.
Prior work has shown that players often believe these types of
puzzles should not require making guesses and backtracking [7];
therefore our solver only makes moves it is confident in.

A list of hints is considered solvable if 1) the resulting grid has
no empty spaces, and 2) the resulting grid is a valid solution (there
are no logical contradictions). Solvability is determined only by the
resulting puzzle grid, which means a hint may have a contradiction
that is found after the puzzle is solved. In practice this is rare.
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Algorithm 1: Solve Puzzle
Input :A list of hints 𝐻 , and a puzzle 𝑃

1 create list 𝑙 containing all hints in 𝐻

2 while 𝑙 is not empty, 𝑃 was modified last loop, and no
contradictions have been found do

3 create an empty list 𝑙𝑡𝑒𝑚𝑝

4 for ℎ in 𝑙 do
5 attempt to update 𝑃 using the logic of ℎ
6 if ℎ created a contradiction then
7 set 𝑃 to be invalid
8 break
9 else
10 if 𝑃 was changed then
11 update 𝑃 based on deductive reasoning
12 end if
13 if ℎ is not completely satisfied by 𝑃 then
14 add ℎ to 𝑙𝑡𝑒𝑚𝑝

15 end if
16 end for
17 set 𝑙 to 𝑙𝑡𝑒𝑚𝑝

18 end while
19 return 𝑃

Figure 2: Fitness by generation (left) and the average size of
the feasible population out of 50 (right), over 300 generations.
The solid line represents the average across 30 trials, whereas
the shaded area shows the minimum and maximum values
across trials.

3.4 Generating Hint Lists
Individuals in our population are represented as a list of hints as
described in subsection 3.2.

We use a Feasible-Infeasible Two-Population (FI-2Pop) genetic
algorithm to produce solvable and difficult hint lists. In this kind of
genetic algorithm, two populations are maintained, an infeasible
population where individuals are selected to approach feasibility
(solvable puzzles), and a feasible population where individuals are
selected for optimization (difficulty and hint count).
Initial Population The initial individuals are made up of hint
lists with between 1 and 5 hints randomly generated using the
hint grammar described by subsection 3.2. Each individual is then
evaluated for feasibility and sorted into the appropriate population.

MutationThere are twomutation operations, addition and deletion.
If the addition mutation is selected, a new random hint is added to
the hint list. If the deletion mutation is selected, a random hint is
removed from the hint list. If the hint list has fewer than 20 hints,
the addition and deletion mutations are equally likely. However,
for hint lists of 20 or larger, only the deletion mutation is applied.
Cross Over During cross-over, the hint lists from the two parents
are combined and shuffled. The combined hints are then equally
distributed between children.
Infeasible Fitness For infeasible individuals, fitness is determined
by how close it is to becoming solvable. Two factors contribute
to a puzzle being solvable: completion, whether all grid cells can
be filled; and validity, whether the solution conforms to the rules
of the puzzle. For logic grid puzzles, validity means that there is
exactly one “O” per row and column per subgrid and that there are
no violations (ex: 𝐴 is linked to 𝐵 and 𝐶 , but 𝐵 is not linked to 𝐶).

The fitness function is represented with the following equation:

0.33( 𝑓

𝑒 + 𝑓
) + 0.33( 𝑐

𝑟
) + 0.33(

{
0 if 𝑣 ≥ 10
1 − (𝑣/10) otherwise

)

Where
• 𝑓 is the number of filled (“X” or “O”) cells
• 𝑒 is the number of empty cells
• 𝑐 is the number of rows in a subgrid with exactly one “O”
• 𝑟 is the total number of rows in all subgrids
• 𝑣 is the number of logical violations

Feasible Fitness Feasible individuals are optimized for high diffi-
culty (more solver loops) and low hint count as represented by the
following equation:

0.5(1 − ℎ

10
) + 0.5(

{
1 if 𝑙 ≥ 7
𝑙/7 otherwise

)

where
• ℎ is the hint count
• 𝑙 is the solver’s number of outer loops through the hint list

4 GENERATING PUZZLES
Logic puzzles are generated with 4 categories (suspects, rooms,
weapons, times), each containing 4 entities based on the board
game Clue [22]. The genetic algorithm was run for 30 trials of 300
generations each, to produce 30 puzzles. We used a population size
of 50, a mutation rate of 0.8, a cross-over rate of 0.3, and 2 elites
being saved in each population.

The average fitness and size of the feasible population are shown
in Figure 2. The first feasible individual was found on average
by Generation 11, with the fastest being found in Generation 6
and the slowest being found in Generation 21. Once found, the
number of feasible individuals averaged around 10% of the total
population. Infeasible individuals had an average top fitness of 0.97
by Generation 300, while feasible individuals had an average top
fitness of 0.67 (note that 1 is impossible for the feasible fitness). The
hint lists have an average of 7.0 hints, with the largest having 9
hints and the smallest having 6 hints. The difficulty is an average
of 4.87 solver loops, with a minimum of 4 and a maximum of 6. The
most common kind of hint generated was “before” (average of 2.7
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Figure 3: Puzzle B (blank).

per puzzle), followed by “compound or” (1.7), “simple or” (1.47), “is”
(0.87), and “not” (0.27).

4.1 Qualitative Analysis
The two first authors solved two generated puzzles, reffered to as
A (Figure 1) and B (Figure 3).

The authors considered Puzzle A to have moderate difficulty
and be more challenging than the average puzzle commercially
available. Some of the deductions required were not intuitive, re-
quiring careful evaluation. However, we considered the process fair,
and no guesswork or backtracking were used to solve it. Puzzle
B was found to be easier than Puzzle A, but did not include any
redundancies and all deductions were fair.

5 CONCLUSION
This paper presents the first, to our knowledge, academic work
in algorithmically generating logic grid puzzles via genetic algo-
rithms. Further, we have demonstrated that a relatively simple
two-population genetic algorithm was able to find solvable puzzles
quickly. Even in the slowest trial, the first feasible solution was
found by the 21st generation. The generated puzzles, when tested
by the authors of this paper, were sufficiently difficult to be engag-
ing. Further, selecting individuals with small hint counts seems to
be sufficient to remove redundancies in hints.

However, high puzzle difficulty should not necessarily be the goal.
It may be of interest to explore generating puzzles with a variety
of difficulties, such as with MAP-Elites or other quality diversity
algorithms. The notion of difficulty could also be extended beyond
the number of deductions needed and could explore the types of
deductions instead, or be based on other types of solvers. A user
study should also be done to further evaluate puzzle quality.
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