
A Language Model of Problem Solving in Humans1

and Macaque Monkeys2

Qianli Yang1*†, Zhihua Zhu1†, Ruoguang Si1,2, Yunwei Li1,3, Jiaxiang Zhang4,2,3

Tianming Yang ‡1*4

1 Institute of Neuroscience, Key Laboratory of Brain Cognition and Brain-inspired5

Intelligence Technology, Center for Excellence in Brain Science and Intelligence Technology,6

Chinese Academy of Sciences, Shanghai, China.7

2 Cardiff University Brain Research Imaging Centre, School of Psychology, Cardiff8

University, Maindy Road, Cardiff, CF24 4HQ, UK.9

3 University of Chinese Academy of Sciences, Beijing, China.10

4 School of Mathematics and Computer Science, Swansea University, Swansea, SA1 8DD,11

UK.12

*Corresponding author(s). E-mail(s): qlyang@ion.ac.cn; tyang@ion.ac.cn;13

†Co-first author(s).14

‡Lead Contact15

1 Summary16

Human intelligence is characterized by the remarkable ability to solve complex problems by planning a17

sequence of actions that take us from an initial state to a desired goal state. Quantifying and comparing18

problem-solving capabilities across species and finding their evolutionary roots are critical for understanding19

how the brain carries out this intricate process. We introduce the Language of Problem-Solving (LoPS)20

model as a novel quantitative framework that investigates the structure of problem-solving behavior through21

a language model. We applied the model to an adapted classic Pac-Man game as a cross-species behavioral22

paradigm to test both humans and macaque monkeys. The LoPS model extracted the latent structure, or23

grammar, embedded in the agents’ gameplay, revealing the non-Markovian temporal dependency structure24

of their problem-solving behavior and the hierarchical structures of problem-solving in both species. The25

complexity of LoPS grammar correlated with individuals’ game performance and reflected the difference in26

problem-solving capacity between humans and monkeys. Both species evolved their LoPS grammars during27

learning, progressing from simpler to more complex ones, suggesting that the structure of problem-solving28

is not fixed but evolves to support more sophisticated and efficient problem-solving. Our study provides29

insights into how humans and monkeys break down problem-solving into compositional units and navigate30

complex tasks, deepening our understanding of human intelligence and its evolution, and establishing a31

foundation for future investigations of the neural mechanisms of problem-solving.32

2 Introduction33

Advanced problem-solving is a hallmark of human intelligence, enabling us to navigate complex tasks to34

reap greater rewards and avoid risks more effectively1. It has its roots in our primate ancestry and is likely35

shared by living nonhuman primates to varying degrees. Although many studies have investigated problem-36

solving capabilities in humans2–5, quantifying and comparing these capabilities and their learning process37

across species remain a significant challenge. This is critical for us to understand the evolution of human38

intelligence and the underlying neural circuitry.39

Problem-solving can be conceptualized as the process of establishing a sequence of operators or actions40

that link an initial state to a desired goal state. We hypothesize that this process, at its core, involves41
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a systematic and structured process akin to a language. This language encapsulates the rules and prin-42

ciples governing the composition and abstraction laws that construct the solution sequence6–8 and guide43

our problem-solving efforts. The language may evolve to be more complex to support more sophisticated44

and more efficient problem-solving, both during evolution at the species level and during learning at the45

individual level.46

To study this language of problem-solving quantitatively, we face two challenges. First, we need appro-47

priate cross-species behavioral paradigms that can elicit problem-solving behavior with rich structures9–11.48

Second, we must develop methods to extract the structure of problem-solving from agents’ behavior with-49

out relying on self-reports. This is critical, as subjective reports are impossible in animals and may be50

inconsistent with actual problem-solving processes in human subjects12,13.51

To address these challenges, we adapted the classic Pac-Man game as a cross-species behavior paradigm52

to test both humans and macaque monkeys. We developed a framework named the Language of Problem53

Solving (LoPS), using a grammar induction algorithm to extract the underlying grammars — the non-54

Markovian temporal dependency structure14 — from the agents’ gameplay. The complexity of the resultant55

structures offers a quantifiable and interpretable metric of players’ problem-solving capacity15.56

Our results reveal notable differences in the complexity and hierarchical organization of problem-solving57

behavior between humans and monkeys, as well as among individuals. Grammar complexity positively58

correlated with players’ performance. Human players, especially the expert players, exhibited more complex59

LoPS grammars with deeper hierarchies, reflected in a larger and more interconnected game state space.60

Furthermore, both humans and monkeys demonstrated an evolution in problem-solving capabilities during61

learning, as their grammars progressed from simpler to more complex structures.62

Through the lens of a language model, our study offers a structured and systematic framework for63

understanding the complex cognitive process underlying problem-solving. It reveals how both humans and64

monkeys break down complex decision-making into compositional units, providing insights into how they65

navigate problem-solving16–18. This deepens our understanding of human intelligence and its evolution.66

Moreover, the quantitative nature of our study lays the foundation for future investigations of the neural67

mechanism of problem-solving.68

3 Results69

3.1 Pac-Man task70

We adapted the classic Pac-Man game for a cross-species study involving humans and monkeys. The game is71

sufficiently complex to elicit rich and varied strategies, yet its core concepts – foraging, hunting, and escape72

– are intuitive even for monkeys to grasp.73

In this game, players guide Pac-Man in a maze to eat pellets while avoiding and, at times, hunting74

ghosts. Two ghosts are programmed into the game. If caught by a ghost, players receive a time-out penalty,75

after which all characters are reset to their starting locations. However, Pac-Man may eat a special pellet,76

called an energizer, to temporarily turn the ghosts into a scared mode, allowing Pac-Man to eat them for77

extra rewards. Each game begins with randomly placed pellets and energizers. Players complete a game by78

clearing all the pellets in the maze.79

We tested humans and monkeys using comparable game settings (See Methods 5.4.1), but with two80

notable differences. First, monkeys received real-time juice rewards corresponding to their in-game points,81

while humans were only shown a real-time cumulative tally of their current game points on the screen. Sec-82

ond, the game speed for the human version was set to be twice as fast as that for monkeys. These differences83

did not change the basic game mechanism but were necessary to maintain motivation and engagement for84

each species.85

Throughout the game, we recorded all the game states and players’ actions. Further details are available86

in Methods and our previous work19. In total, we collected behavioral data from a total of 34 humans and87

2 monkeys.88

3.2 Language of Problem-Solving89

The Pac-Man game can be played at different levels. A player can react to immediate game states with-90

out doing any advanced planning. This requires either sufficient computational power to process all game91

information rapidly for a good performance or a compromise in decision quality due to limited process-92

ing capacity. Alternatively, with plenty of experience and a good understanding of the game, the player93

can plan their moves in advance. In this scenario, the player lays out a sequence of actions based on the94

anticipated game developments, thereby reducing the cognitive load of real-time decision-making. This sce-95

nario implies dependencies among the elements in the behavior sequence to play the game. Drawing on96

dependency grammar theory from linguistics20, we employed a language model to investigate whether such97
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Figure 1 : Language of Problem-Solving model.(a) The LoPS model conceptualizes problem-solving as
a hierarchical structure of sequences that transform an initial state into a desired goal state. At the top
of this hierarchy is a sequence of grammar rules, which describes game plans and governs how words
(strategies) are concatenated. At the bottom level, these strategies are implemented by actual actions of
joystick movements. Strategy abbreviations are lo:local, gl: global, ev: evade, st: stay, ap: approach, en:
energizer. Detailed de�nitions of strategies can be found in Supplementary Table S4 and in our previous
work19. (b) The LoPS is described by a probabilistic graphical model, where nodes represent variables and
edges denote temporal dependencies between them. Upstream game states evolve according to the game
mechanics and the strategies applied (grey arrows). Strong dependencies exist between strategies and game
states (dotted arrows), whereas LoPS grammar rules describe temporal dependencies between strategies
(dashed arrows) in addition to the upstream game states.

dependency structures were present in the player's problem-solving behavior and analyzed them for insights98

into the problem-solving process.99

To achieve this goal, we �rst need to determine at which level we should build the language model.100

Although the Pac-Man game is eventually solved by a sequence of actions (e.g., `" #! ' clears a square maze101

counterclockwise), the basic components of the language model should be at a higher level of abstraction.102

Motor actions depend too much on speci�c game details, such as maze types and Pac-Man's exact location.103

Cognitively similar solutions may be associated with a wide variety of action sequences. Building the mode at104

the level of motor actions prevents us from understanding the cognitive principles of players' problem-solving.105

Our previous work19 o�ers a better alternative. In that study, we demonstrate that a set of heuristic106

strategies may explain monkeys' behavior in the Pac-Man game. Each strategy focuses on a subset of107

the game elements and a corresponding sub-goal, and the monkeys employed Take-The-Best heuristics,108

dynamically choosing a dominant strategy at any moment. We repeated the same analyses for human109

players and found that their gameplay can be captured similarly (Supplementary Figure S1). In addition,110

we identi�ed two new strategies unique to human gameplay:stay (keeping Pac-Man near a speci�c location)111

and save (keeping Pac-Man away from the energizer). These two strategies allowed the human players to112

better exploit energizers and hunt ghosts more e�ciently. With these seven strategies (Supplementary Table113

S4), we were able to accurately predict joystick actions for both the human and monkey players, achieving an114

average prediction accuracy of 90:6� 3:0% for human players and 93:9� 2:2% for monkey players. Thereby,115

we converted both humans' and monkeys' gameplay into sequences of dominant strategies.116

3.3 Grammar Induction117

At the level strategies, we developed the Language of Problem-Solving (LoPS) framework. In LoPS, the118

`words' are strategies, while the `grammar' consists of a set of dependency rules dictating how strategies are119

concatenated into problem-solving sequences (Figure 1a). A key aspect of LoPS is that its words, i.e., the120

strategies, depend on an upstream variable, the game states, which themselves have a temporal structure121
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(Figure 1b). The null hypothesis is that the strategy sequences exhibit no additional structures beyond what122

can be expected from game states alone, implying no higher-level planning beyond individual strategies.123

At the core of the LoPS framework is a grammar induction algorithm that extracts the set of dependency124

grammar rules from an agent's behavior sequences. The algorithm begins with a set of basis strategies and125

computes all concatenations of the strategies that show signi�cant dependency in the agent's gameplay,126

which measures whether the co-occurrence of two strategies can be attributed solely to the game states.127

Each valid concatenation forms a dependency rule. A 1st-order rule indicates that the strategy depends128

only on the current game states, whereas a 2nd-order rule signi�es that the strategy depends not only on129

the game states but also on the previous strategy. This process continues recursively for higher-order rules.130

We also allow for the possibility of "skip-order" dependencies, where one or more strategies may intervene131

between two linked strategies. The procedure ends when no further signi�cant dependencies are found. The132

result is a set of dependency rules of varying orders, which together constitute the agent's LoPS grammar.133

When applied to synthetic data, our grammar induction algorithm successfully recovers the grammar used134

to generate the data (See Methods 5.4.3 and Algorithm 1).135

3.4 Players exhibit di�erent levels of grammar complexity136

The induced LoPS grammar provides insights into individual players' problem-solving structures. Both mon-137

keys developed several 2nd-order rules, such aslocal-global and global-local, suggesting a divide-and-conquer138

scheme, andenergizer-approach, indicating planning ahead for ghost-hunting. Evadewas not combined with139

any other strategies, suggesting its impromptu nature. Other thanevade, the monkeys' grammar rules can140

be divided into two categories: pellet-collection rules and ghost-hunting rules, connected by a sole 3rd-order141

rule, local-energizer-approach, signifying the emergence of higher-order hierarchical structures (Figure 2a).142

Human players exhibited more sophisticated hierarchical structures (Figure 2). Example player 1 added143

a savestrategy, leading to the skip-order rulesave...energizer-approach, a more strategic approach. However,144

the grammar remained relatively modest (Figure 2b, left). In contrast, example player 2 developed a signi�-145

cantly more sophisticated grammar with many 3rd and 4th-order rules, many speci�cally for ghost-hunting,146

such asstay-energizer-approach. In addition, a large number of high-order rules, such asenergizer-approach-147

local-global, string together pellet-collection and ghost-hunting rules, demonstrating a high level of planning148

that combines the two most important aspects of the game(Figure 2b, right).149

The two example human players illustrate the marked diversity in LoPS grammar among human play-150

ers, ranging from relatively simple, monkey-like grammars to highly sophisticated ones. In Figure 2c, we151

plotted the usage ratios of rules of di�erent orders for all human players in a 3D space. Agglomerative clus-152

tering reveals two distinct clusters. Example human player 1 belongs to the �rst cluster, characterized by a153

preference for simpler 1st-order and 2nd-order rules (1st-order: 55:0 � 3:8%, 2nd-order: 41:5 � 4:5%, order154

> 2: 3:5 � 1:9%), while the second cluster, including example human player 2, demonstrated a much higher155

usage ratio for higher-order rules (1st-order: 53:7 � 5:5%, 2nd-order: 26:2 � 5:2%, order > 2: 20:1 � 4:0%).156

We refer to the players in the two clusters as novice and expert players, respectively (see also Figure S2).157

Interestingly, the two monkeys, when plotted in the same 3-D space (monkey O, 1st-order: 50:7 � 3:7%,158

2nd-order: 44:1 � 3:5%, order > 2: 5:2 � 1:1%; monkey P, 1st-order: 50:6 � 6:5%, 2nd-order: 44:4 � 6:1%,159

order > 2: 5:0 � 1:5%), fall into the cluster of novice human players, suggesting that they share similar160

problem-solving structures. Notably, however, both monkeys had been playing the game for three years,161

while some novice human players were experiencing the game for the �rst time. Exemplar gameplay videos162

from di�erent groups of humans and monkeys can be found in Supplementary Videos 1-3.163

To further quantify the players' grammar complexity, we developed a summary statistic termed LoPS164

complexity, de�ned as the average rule order. The expert human players exhibited higher LoPS complexity165

compared to the novices (Figure 2d) and the monkeys (p < 0.001, Mann-Whitney U test). No signi�cant166

di�erences were observed between the novice human players and the monkeys in terms of LoPS complexity167

(all p > 0.05, Mann-Whitney U tests).168

3.5 Complex grammar, good performance169

Complex grammars come at a computational cost, and their existence can only be justi�ed if they provide170

tangible behavioral advantages. Indeed, we found a strong positive correlation between LoPS grammar171

complexity and problem-solving performance at the individual level among human subjects (Figure 3a).172

Leveraging more complex rules, the expert human players signi�cantly outperformed the novice players173

(U = 0 :00, p < 0:001, Mann-Whitney U test). When plotted on the same graph, the two monkeys were174

positioned at the lower end of both grammar complexity and performance, suggesting a continuum between175

humans' and monkeys' problem-solving capacities. Regression analysis revealed that LoPS complexity alone176

provides su�cient predictive power for game performance (Method 5.4.4).177
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Figure 2 : Participants' LoPS grammars. (a) LoPS grammars of the two monkeys. Left: monkey O; right:
monkey P. Each block represents a basis strategy (lo:local, gl: global, ev: evade, ap: approach, en: energizer).
High-order dependency rules are constructed by concatenating two sub-units. For clarity, only a single
connection line is shown for each rule, linking either to the longer sub-unit or, in the case of equal-length
sub-units, the �rst sub-unit. Green and blue shadings indicate pellet-collecting and ghost-hunting rules,
respectively, and the overlapping region re
ects rules that combine both objectives.(b) LoPS grammars
of two example human players. Left: example player 1 (novice); right: example player 2 (expert). Same
convention as(a) . Two additional basis strategies were used by the human players (sv:save, st: stay). (c)
Rule usage ratio. Each subject's usage ratio of rules of order 1, 2, and higher (n > 2) is plotted in 3-D space.
Using agglomerative clustering, we identi�ed two distinct clusters among the human subjects: experts (red,
N = 27) and novices (green,N = 7). The monkeys are also plotted in the same space: yellow (monkey O)
and purple (monkey P). Example gameplay videos can be found in Supplementary Videos 1-3.(d) LoPS
complexity for experts, novices, and monkeys. Each data point represents the average LoPS complexity in
a completed Pac-Man game. *** p < 0:001, NSp > 0:05 (Mann-Whitney U tests). Analyses were based on
the monkeys' behavior in the �nal year of the three-year study and the human participants' behavior in the
second session. We did not report the statistical comparison on experts and novices, because their LoPS
complexities are expected to be di�erent from the clustering analysis.

In addition to game scores, we examined how fast an agent responded to strategy switches. Our hypothe-178

sis was that agents with more complex LoPS grammars could o�oad real-time decision making by planning179

strategy switches in advance, leading to faster reaction times. While it is di�cult to measure the reaction180

times for strategy switches in general, we observed that the agents often changed Pac-Man's direction shortly181

after eating an energizer or a ghost due to a strategy switch. We measured the onset of these direction changes182

as reaction times, quanti�ed as the number of tiles that Pac-Man travels, and examined whether they were183

correlated with grammar complexity. Consistent with this hypothesis, we found a signi�cant negative corre-184

lation between LoPS complexity and reaction time (Figure 3b). A Kruskal-Wallis test comparing two human185

groups and two monkeys indicated a signi�cant di�erence among the four (H (3; 6212) = 517:62, p < 0:001,186

Kruskal-Wallis test). Additional comparisons showed that expert humans exhibited shorter reaction times187

than novice humans and both monkeys (allps < 0:001, Mann-Whitney U test, Bonferroni corrected).188

These results suggest that complex LoPS grammars provide both performance and e�ciency bene�ts in189

problem-solving.190
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