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Abstract 

This paper reviews research on problem solving from infancy through childhood, with 
particular attention to tool use, means–end behavior, planning, and action selection. 
Across classic and recent studies, we show that developmental progress is not captured 
fully by whether children succeed on a task, but also by how they solve it in real time. 
Findings from behavioral, kinematic, eye-tracking, neural, and computational work 
suggest that successful problem solving depends on the timing and coordination of 
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multiple processes, including information gathering, motor preparation, and online 
adjustment. The chapter also examines how exploration, variability, and low-cost error 
support learning and generalization across contexts. We conclude by arguing for a 
more integrated developmental science of problem solving that combines structured 
experiments, naturalistic observation, and embodied computational models to explain 
how flexible problem-solving skills emerge over development and in everyday settings.

1. Introduction

Problem solving is a hallmark of human intelligence, emerging early 
in development and reaching remarkable sophistication in adulthood. From 
infants’ first attempts to retrieve an out-of-reach toy to scientists’ resolution 
of a complex theoretical puzzle, problem solving involves forming goals, 
generating strategies, overcoming obstacles, and learning from successes 
and failures (Newell & Simon, 1972). Understanding how problem-solving 
abilities develop is crucial not only for developmental science, but also for 
supporting proper daily function, designing educational practices, and 
building artificial-intelligence systems inspired by and complementary to 
human learning. Research demonstrates that problem solving encompasses 
nearly all major cognitive phenomena, including memory search, analo
gical mapping, reasoning, and association (Shapiro & Spaulding, 2014).

Traditional work by developmental psychologists (Gopnik et al., 
1999; Piaget, 1952) viewed infants as “little scientists” actively con
structing knowledge through sensorimotor exploration, laying the 
foundation for later logical problem solving. Other researchers expanded 
this cognitive work, examining how children plan multistep actions, use 
tools, and develop strategies for novel challenges (Chen & Siegler, 2000; 
Keen, 2011). In parallel, the field of artificial intelligence and cognitive 
science produced formal models of problem solving (Newell et al., 1959), 
inspiring developmentalists to consider computational and modeling 
approaches to children’s cognition (Mareschal & Thomas, 2007).

Today, a growing interdisciplinary perspective emphasizes the impor
tance of computational modeling, embodied experience, and real-time processes to 
understand the development of problem solving (Ossmy et al., 2026). This 
chapter discusses advances in developmental research on how children 
develop the skill to solve problems, with focus on the integration between 
perception, action, and cognition in real time and over development. We 
will explore ideas about how infants and children gradually build flexible 
problem-solving skills through their day-to-day exploratory behaviors, 
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how variability and real-time feedback drive their learning, and how recent 
computational models and robotics research shed light on developmental 
mechanisms.

Throughout, we feature empirical findings from both classic studies and 
cutting-edge research that illustrate key principles in the ontogeny of 
problem solving. We also make recommendations for future research, 
advocating for a more integrated approach that bridges development, com
putation, and neuroscience to fully elucidate how problem-solving com
petencies emerge.

1.1 Early foundations: Problem solving in infancy and 
toddlerhood

In the context of child development, problem solving broadly refers to 
goal-directed behavior that involves overcoming obstacles or challenges 
to attain a desired outcome. Even very young children exhibit simple 
forms of problem solving in their everyday actions. For example, when 
an 8-month-old pulls a blanket to bring a toy within reach (Willatts, 
1999) or a 12-month-old uses a spoon to eat (Connolly & Dalgleish, 
1989), they are engaging in elementary problem-solving acts that require 
coordinating means and ends (Sommerville et al., 2005). Traditionally, 
developmental scientists focused on identifying the ages at which chil
dren succeed or fail on particular problem-solving tasks, starting with 
Piaget (1952) who observed that around 8–9 months, infants begin 
coordinating actions to retrieve objects. However, a modern perspective 
asks not just when children can solve a problem, but how they do so: What 
cognitive, perceptual, and motor processes enable a child to succeed 
(Adolph & Franchak, 2016; Lockman et al., 2018), and how do those 
processes change with development (DeMasi & Berger, 2021). This shift 
in focus encourages researchers to consider the real-time unfolding of 
problem-solving behavior and the underlying mechanisms.

2. Tool use as a window into early problem solving

Tool use is often viewed as an ideal paradigm to study problem solving 
in infancy and early childhood (Keen, 2011; Lockman, 2000). Using a 
tool—whether it be a simple spoon, a rake to retrieve an out-of-reach 
object, or any object employed as a means to an end—inherently requires 
the child to solve the problem of achieving a future goal. Importantly, tool 
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use tasks make the problem-solving process observable: the child’s overt 
manual actions (and their motor errors) provide insight into their thought 
process (Keen, 2011). For instance, researchers have observed infants and 
toddlers in tasks like pulling a string to get a toy, choosing between different 
tools to obtain a reward, or fitting objects into openings, to gauge their 
emerging problem-solving skills (Adolph & Hoch, 2019).

These studies reveal that infants do not initially understand how to use 
tools effectively, but through exploration and feedback, they improve 
their strategies. In one longitudinal study, Connolly and Dalgleish (1989)
followed infants (10–58 months) learning to self-feed with a spoon—one 
of the first tool-using skills most children acquire. Early in training, 
infants often grasped the spoon awkwardly or spilled the food, but over 
time they discovered more efficient grips and motions. Mastery of the 
spoon was not sudden; rather, it emerged from gradual adjustments, 
suggesting a continuity from simple object manipulation to skilled tool 
use. These findings were supported by a more recent longitudinal study 
that showed infants first gradually master the planning of the most 
experienced action—spoon towards their mouth—and later generalize the 
plan to other tools and targets (Ghilardi et al., 2026). All infants displayed 
the same pattern of adapting their grip to the spoon before other tools, 
although the age at which the pattern appeared differed greatly. These 
findings aligned with the perception-action perspective (Lockman, 2000; 
Lockman et al., 1984), which posits that infants begin by exploring 
objects and their affordances, and gradually refine their actions to meet 
task demands.

3. Perception-action coupling and affordances

A key concept in understanding early problem solving is affordance 
detection. That is, perceiving the opportunities for action that the body- 
environment relations allow (Gibson, 1979). Infants engage in extensive 
sensorimotor exploration of objects (grasping, mouthing, banging) and 
surfaces, through which they learn what actions are possible or effective in a 
given context (Adolph et al., 2020; Bourgeois et al., 2005). This exploration 
is not random play; it forms the substrate for later problem-solving abilities. 
For example, banging objects on surfaces is a common behavior in 
late infancy. While it might appear aimless, research shows that infant 
banging becomes increasingly systematic and can be considered “practice” 
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for tool use. Lockman and colleagues found that as infants (around 7–13 
months) repeatedly bang objects, their hand trajectories evolve from variable, 
curved strikes to more controlled, straight up-and-down strikes (Kahrs et al., 
2012, 2013; Lockman & Kahrs, 2017). This developmental change reflects 
the infant tuning their action to the affordances of a percussive tool-use task 
(in essence, discovering how to hit effectively). By the time toddlers are old 
enough to use a hammer-like tool, they already possess a motor foundation 
for delivering a straight, forceful hit, thanks to months of exploratory 
banging (Kahrs et al., 2013). Thus, a developmental synergy between affordance 
detection and motor learning is at work: as infants continually explore object 
properties and their own action capabilities in real time, they “tune” the 
component actions that will later be assembled into purposeful tool use 
(Lockman & Kahrs, 2017).

This view helps resolve a classic paradox: How can tool use develop 
without advanced cognition, given that even some non-human animals 
(birds, primates) use rudimentary tools? The answer is that basic forms of tool 
use may arise from general sensorimotor learning and exploration rather than abstract 
reasoning. In both young children and tool-using animals, repeated 
exploration of object-surface interactions leads to the discovery of useful 
action patterns, without requiring an explicit “aha!” insight at the outset.

4. Emergence of planning in simple problems

Infants’ earliest problem-solving successes are often underpinned 
by rudimentary planning abilities. By the end of their first year, infants 
show evidence of planning in means–end tasks. A famous example 
involves the means-end cloth pulling task: an infant is placed on a mat, a 
desirable toy is out of reach on the far end of a cloth, and the infant must 
pull the cloth to bring the toy closer (Bates et al., 1980; Willats, 1999). At 
around 8 months old (with some variability), many infants can perform 
this coordinated action sequence, implying they can select the inter
mediary action (pull cloth) to achieve the goal (obtain toy; Willats, 
1999). Such studies demonstrated that infants are capable of goal-directed 
sequential actions earlier than older research originally proposed. How
ever, infants’ planning in these tasks tends to be tightly bound to the 
perceptual context—if any element of the setup is slightly changed, their 
success often falters (Chen & Siegler, 2000). This highlights that early 
problem solving is highly context-specific and dependent on immediate 
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perceptual feedback, rather than reflecting a generalized cognitive ability. 
For instance, if the cloth is not directly touching the toy or if distractors 
are present, younger infants struggle, indicating they have not yet formed 
an abstract concept of using a tool as a means to an end (Brown, 1990).

As infants transition into toddlerhood (12– to 24-months of age), 
researchers see rapid advances in problem-solving skills and planning 
scope. Toddlers become adept at everyday problem-solving feats like 
opening containers, stacking blocks to reach something, or choosing the 
right key for a lock (Adolph & Franchak, 2016; Lockman et al., 2018; 
Rachwani et al., 2020). One noteworthy line of research examined how 
toddlers plan their actions when using tools of varying complexity (Keen 
et al., 2003; Keen et al., 2014; McCarty et al., 2001; McCarty & Keen, 
2005). In a seminal study, McCarty, Clifton, and Collard (1999) gave 
infants spoons that were oriented either handle-forward or handle- 
backward relative to the child. To successfully self-feed, the child would 
need to adjust their grasp – for a handle-backwards spoon, they’d ideally 
rotate it or use an unconventional grip to get the food to their mouth. 
The results were striking: younger toddlers (around 14 months) often 
grabbed the spoon in a habitual manner (e.g. always with their dominant 
hand in a standard grip) even if that resulted in spilling the food, whereas 
by 19 months many children adjusted their grip to accommodate the 
spoon’s orientation (McCarty et al., 1999). Those findings suggest that in 
the latter half of the second year, children begin to exhibit the hallmark 
of adult tool use known as the end-state comfort effect, in which the 
tendency to tolerate an initially awkward grasp if it leads to a comfortable 
and effective final position (Rosenbaum et al., 1990). Indeed, research 
confirms that the end-state comfort effect, while present in rudimentary 
form in toddlers, becomes more reliable in the preschool years (Comalli 
et al., 2016; Ossmy et al., 2022; Wunsch et al., 2013). The develop
mental progression here indicates that toddlers are learning to plan their 
actions with the goal in mind, rather than simply reacting to the immediate 
affordances. Initially, they reach out in a prepotent way, but with 
experience they learn to inhibit that impulse and adjust their action for a 
better outcome—an early sign of planning for a desired end state 
(Claxton et al., 2003).

4.1 Real-time cascade of problem solving
Outcome-oriented accounts of problem solving and planning often 
invoke a top-down framework: the problem solver is said to create an 
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internal mental representation of the problem, formulate a plan of action 
entirely “in their head,” and then execute that plan. In developmental 
research, this perspective led to attempts to pinpoint ages at which 
children could mentally plan several steps ahead (Comalli et al., 2016; 
Keen, 2011; Shutts et al., 2009).

However, as mentioned previously, a sole focus on end-state outcomes 
or whether a child can explicitly articulate a plan leaves out the process by 
which children actually arrive at solutions. Recent research emphasizes a 
complementary bottom-up perspective, examining the moment-to-moment 
dynamics of how perception and action interweave during problem solving 
(Golmakani et al., 2025; Krishna et al., 2024; Ossmy, Han, et al., 2020; 
Ossmy et al., 2022; Ossmy et al., 2026), and recognizes problem solving as 
an ongoing cascade of processes unfolding in real time.

5. The perceptual component

A critical component of the real-time nature of problem solving 
comes from the need to gather information about the environment before 
solving the problem. An example of this comes from a study testing how 
children fit objects into openings—a classic “shape sorter” problem 
(Ossmy, Han, et al., 2020). In this problem, preschool-age children and 
adults were asked to insert various 3D shapes into their corresponding 
holes in a box. Successfully solving this problem requires aligning each 
shape with its matching opening, a task that can be achieved either by 
planning ahead (looking at the shape and rotating it appropriately before 
insertion) or by trial-and-error (fumbling at the opening until it fits). By 
equipping participants with eye-tracking glasses and coding their hand 
movements frame-by-frame, researchers could see precisely when they 
gathered visual information and when they adjusted the object’s orien
tation. The results showed a developmental difference in real-time 
strategy: adults tended to look at the target opening and begin rotating the 
shape during reaching and transport (en route to the box), whereas 
children often did not orient the shape until after they had arrived and 
failed to insert it (Ossmy, Han, et al., 2020). In other words, adults 
integrated visual perception and manual action in a tightly coupled 
way—initiating corrections on-the-fly—whereas children’s planning was 
delayed and segmented (they reacted after receiving tactile information 
from the box and then adjusting the shape). The consequence was that 
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children took significantly longer to complete the insertions, not because 
they lacked the ability to solve the problem, but because their real-time 
coordination of perception and action was inefficient.

The authors describe planning here as a “real-time cascade”: first one must 
attend (look) to the relevant spatial features, then initiate an appropriate 
adjustment of the hand or object, and these events need to be properly 
timed and ordered for smooth performance. Importantly, developmental 
improvements in problem solving were attributed to changes in when 
children trigger this cascade. With age and experience, children become 
better at instigating the planning cascade earlier—for example, by looking 
at the goal and adjusting their hand orientation before contact—thus 
streamlining the entire sequence (Ossmy, Han, et al., 2020). Converging 
evidence comes from a recent study showing that children who displayed 
adaptive visually guided planning in a structured hammering task also 
looked more at the relevant object and construction during reach and 
transport in free play, indicating that prospective planning is not confined to 
tightly controlled tasks but generalizes to spontaneous, naturalistic action 
contexts (Golmakani et al., 2025).

6. The neural component

Another evidence extends the real-time cascade framework by 
incorporating neural dynamics alongside behavioral and kinematic measures 
(Ossmy et al., 2022). Three- to five-year-olds and adults picked up a 
hammer and used it to pound a peg. On some trials, the hammer’s handle 
was oriented such that an unusual underhand grip was required to achieve an 
effective final posture. The key question, based on the previous work on the 
real-time cascade (Ossmy, Han, et al., 2020), was whether children would 
use visual information about the handle and the target to specify an adaptive 
grasp before acting, or whether they would default to a habitual response. By 
combining eye tracking, motion tracking, and EEG at the same time, the 
researchers could trace the perceptual, motor, and neural events that 
unfolded before and during each reach. Two groups of children emerged. 
“Adaptive planners,” like adults, used the underhand grip when task 
demands required it. “Nonadaptive planners,” who were generally younger, 
tended to persist with the habitual overhand grip, even when it made the 
subsequent hammering action awkward and inefficient. The process-level 
measures clarified why these groups differed. Adaptive children were more 
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likely to inspect the hammer orientation and the target peg before initiating 
the reach, indicating that they gathered task-relevant information before 
committing to action. Critically, they also showed clearer preparatory neural 
activity before movement onset—a readiness potential, that is, a gradual build-up 
in EEG preceding voluntary movement and commonly interpreted as an 
index of motor planning—consistent with advance specification of the 
forthcoming grip. By contrast, nonadaptive children often launched the 
reach almost immediately, with less prior visual inspection and weaker 
evidence of preparatory motor activity. Their reach paths were also less 
direct, suggesting that planning was delayed until movement was already 
underway, or even until after contact with the hammer (Ossmy et al., 2022).

These findings led to the notion of a real-time “tug-of-war” between habits 
and information processing during problem solving (DeMasi & Berger, 2021; 
Ossmy et al., 2022). For younger children, the balance is tipped toward 
habitual action: as soon as they see the object, a well-practised response 
(performing an overhand grasp) is triggered, effectively short-circuiting the 
problem-solving process. Older children and adults, however, can hold that 
habitual response in check just long enough to gather additional perceptual 
information and select a more effective grip. This is especially important 
because these tasks unfold extremely quickly; in that sense, developmental 
change is written in milliseconds. The relevant advances are therefore 
expressed not only at the broad level of whether a child ultimately succeeds 
or fails, but at the fine temporal scale of micro-interactions between pro
cesses: when the eyes move, how long information is sampled, when the 
motor system begins to prepare, and whether action is initiated before or 
after relevant information has been incorporated. What appears, at the macro 
level, to be a broad developmental improvement in problem solving may thus arise 
from subtle changes in the timing, sequencing, and coordination of these component 
processes. Across development, such moment-to-moment adjustments 
accumulate into more efficient, flexible, and prospective problem solving. 
From a computational standpoint, one might liken this to improvements in 
the control of execution: the developing brain is getting better at inhibiting 
a prepotent response and allocating time to planning. Indeed, such ability 
relies on the maturation of executive functions like impulse control and 
working memory (Zelazo et al., 2003), supported by the developing 
prefrontal cortex. Neurodevelopmental evidence indicates that the neural 
circuitry for inhibiting responses and considering alternatives strengthens 
through the preschool and early school years, aligning with these beha
vioral changes (Best & Miller, 2010; Bunge & Wright, 2007).
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7. The motor component

Kinematic research also adds critical insights to the understanding of 
early problem solving as a real-time cascade by showing that problem solving 
is reflected in the microstructure of the movement itself. Even in infancy, 
reaches are shaped by what the child is about to do next: infants move more 
slowly and carefully when an object will be used for a future goal, and more 
skilled toddlers show longer, more controlled deceleration as they place a 
block onto a tower (Chen et al., 2010; Claxton et al., 2003). Across early 
childhood, fine-grained measures of gaze, grip selection, reach trajectories, 
and online correction reveal a striking developmental shift: younger children 
often act first and adjust later, whereas older children increasingly organize 
movement prospectively around the demands of the task. In object-fitting 
tasks, for example, younger children transport first and rotate later, correcting 
movement only after the object reaches the target, while older children 
integrate kinematic translation and rotation during transport itself (Jung et al., 
2015, 2018; Ossmy, Han, et al., 2020). Recent tower-building work extends 
this picture further: older children and adults do not simply perform better 
overall; they continuously update the kinematics of the acting and supporting 
hands as tower height and instability change, revealing continuous motor 
planning across a linked chain of perception–action cycles (Ossmy et al., 
2026). Taken together, these findings suggest that early problem solving is 
not simply trial and error, nor the output of an isolated cognitive module. It 
is an embodied, real-time achievement in which perception, action, and cognition are 
tightly coordinated.

7.1 Exploration, variability, penalty for error, and “Learning to 
Learn”

To understand how these micro, real-time interactions between processes 
drive the development of problem solving, we must understand how 
children’s experiences shape them. In the context of problem solving, 
children’s experience is often characterized as exploratory and variable. 
They are curious, playful, and sometimes seemingly random in their 
actions. Far from being noise or immaturity, this variability is increasingly 
recognized as a feature of the developmental process that contributes to 
problem-solving prowess (Gliga, 2018; Siegler, 2007). In solving any new 
problem, children generate a wide range of attempts, many of which fail, 
but this broad exploration enables them to discover strategies that adults 
might overlook (Liquin & Gopnik, 2022; Sumnera et al., 2019).
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An underlying reason children exhibit such wide-ranging exploration 
is that, in most everyday contexts, the costs of error are low enough to 
keep the learner in motion. If problem solving is an embodied, real-time 
cascade, then development is not merely the accumulation of “strate
gies,” but the progressive tuning of micro-interactions among perceptual 
sampling, neural preparation, cognitive control, and motor execution. 
Each attempt—whether orienting a shape to an aperture, stepping across 
a gap, or discovering a tool’s affordance—unfolds as a closed-loop epi
sode: the child selects where and how to gather information (often via 
gaze shifts, postural changes, or exploratory touches), commits to an 
action, experiences sensory consequences, and updates future actions 
based on resulting prediction errors and rewards (Shadmehr et al., 2010; 
Wolpert et al., 2011). From this perspective, children’s problem solving 
is built out of microcycles of seeing–acting–feeling–updating, repeated 
across days, months, and years.

The developmental question, then, is not why children make errors, 
but why they can afford to keep making them long enough for those microcycles to 
reshape the system. Two properties of early experience are especially 
consequential: the variability of encounters and the “penalty function” 
attached to mistakes. Humans—and many other species—invest in an 
extended juvenile period in which exploration is buffered by caregivers 
and by relatively forgiving ecologies (Gopnik, 2020). Evolutionary 
modeling makes the logic explicit: learning in protected environments 
can yield policies that generalize later to higher-risk contexts, provided 
there is structural similarity between early and later problems (Rajendra 
& Gokhale, 2026). At the level of learning mechanisms, errorful practice 
can be beneficial when paired with informative feedback, precisely 
because errors reveal the learner’s current model and create high-value 
opportunities for correction (Metcalfe, 2017). In developmental terms, a 
low penalty for mistakes is not permissiveness; it is an enabling condition 
for sustained sampling and recalibration.

Falling while learning to walk is a paradigmatic instance of low- 
penalty, high-information learning. In natural free play, novice walkers 
take immense numbers of steps and fall frequently, yet falls are typically 
brief, low-impact events embedded within continued movement and 
exploration (Adolph et al., 2012). Because the cost of falls is often minor 
(Han & Adolph, 2021), infants can continue to sample the boundaries of 
their action capabilities rather than retreating from the task. Work on 
“learning from falling” shows that even when toddlers must learn to solve 
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the problem of avoiding a novel hazard (a foam pit), they do not simply 
become fearful; instead, they increase exploration and flexible strategy use 
around the point of learning, and negative affect is limited (Joh & Adolph, 
2006). Low-cost failure thus preserves engagement long enough for 
prospective control to improve, turning small errors into training signals 
rather than stop signals.

Critically, this recalibration is not generalized “bravery” or a broad 
cognitive rule; it is problem solving through a fine-grained, action-specific 
mapping between perception and possibility. Longitudinal work on slopes 
shows that what infants learn for solving the problem of crawling does not 
automatically transfer to solving the problem of walking, and infants must 
“learn again” when body geometry and control constraints the new pro
blem space (Adolph, 1997). Variability in posture, surface, and task framing 
is therefore the mechanism by which the system learns which perceptual 
cues matter for which problem, and when. In this view, developmental 
progress is not measured only by reduced error rates, but by improved error 
specificity: children learn which errors are informative for which action 
system, and they learn to use those errors to guide future choices.

At the level of mechanism, variability is not merely “noise” to be 
eliminated; it can be an ingredient actively regulated to improve problem 
solving. In motor neuroscience, task-relevant variability predicts faster 
learning across both reward-based and error-based paradigms, and 
training can reshape the temporal structure of variability to align it with 
task demands (Wu et al., 2014). A contemporaneous commentary cap
tured the core insight: motor variability is not simply unwanted fluc
tuation but “grist for the learning mill,” supporting the exploration 
needed to discover better policies (Dhawale et al., 2017). Bringing this 
logic back to development suggests a powerful reinterpretation of chil
dren’s diverse tries: when children vary where they look, how they grip, 
or when they stop and restart, they are sampling the policy space under a 
forgiving cost structure. What looks like inconsistency at the behavioral 
scale can be the necessary substrate for consistency at the algorithmic 
scale: stable, generalizable mappings between perception and action.

This principle becomes especially vivid when infant data are used to 
train embodied computational agents. An interdisciplinary study that 
bridged infant development research and robotics (Ossmy et al., 2018), 
testing whether a robot learning to walk can be more effective if it was 
trained on the highly variable walking trajectories produced by infants, as 
opposed to more stereotyped, repetitive trajectories. Infants, once they start 
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walking, do not walk in straight lines or perfect patterns—their paths are 
meandering, with frequent stops, turns, and detours (Hoch et al., 2020). To 
test the value of this natural variability, data were collected from infants’ 
free play walking paths and were used to program a set of simulated soccer- 
playing robots’ training regimen. Another set of robots was trained on 
more uniform paths (like walking only in a straight line, or only in a fixed 
circle). Findings showed that robots trained on the infant-like, variable 
paths outperformed all other robots when it came to solving problems such 
as playing soccer in a simulated competition (Ossmy et al., 2018). They 
were more stable, could handle obstacles like shifts in direction better, and 
crucially, they generalized better to novel problem spaces during the test 
(the soccer game requires constant adaptation to a moving ball and 
opponents). In essence, the “infant-trained” robots had developed a more 
flexible problem-solving skill—one that could cope with a range of 
situations—whereas the robots trained on rigid patterns were brittle, 
excelling only in conditions similar to their training. In short: Variety wins. 
Varied experiences during learning yielded more robust problem-solving 
skills. This maps closely to the infant learning process: infants who have lots 
of variable practice across different problem contexts (e.g., different sur
faces, inclines, obstacles) become more adept at navigating new problems 
than those with limited or uniform practice.

More recently, the same computational framework was used to test 
something developmental studies cannot ethically and systematically 
manipulate: the penalty assigned to infants’ errors. When trained with 
lower penalties for falling, robots learned better to solve the walking 
problem and, critically, generalized better to novel, untrained problem 
spaces; indeed, zero penalty was most beneficial, with the strongest gains 
appearing in generalization (Ossmy et al., 2024). Together, these robotics 
findings translate a developmental intuition into an explicit computa
tional claim: discounting manageable errors can be a design principle for 
building flexible problem solvers. The implication for developmental 
science is that “error tolerance” is not merely descriptive; it may be causal 
in producing generalizing systems.

The culminating developmental achievement is therefore not exploration 
per se, but “learning to learn”: the capacity to regulate exploration strate
gically as the learner’s knowledge state and environmental demands change. 
Computational perspectives on intrinsic motivation formalize how agents 
can self-generate rewards for novelty, learning progress, or competence 
improvement, producing structured developmental trajectories without 
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external instruction (Gottlieb et al., 2013; Oudeyer & Kaplan, 2007). 
Empirical work on curiosity emphasizes that these drives are central reg
ulators of attention and choice, shaping what evidence a problem solver 
generates for themselves (Kidd & Hayden, 2015). Developmental reinfor
cement-learning research suggests that exploration and exploitation shift with 
age, reflecting both changes in value-based decision making and the growing 
ability to adapt learning to environmental statistics (Nussenbaum & Hartley, 
2019; Nussenbaum et al., 2023). Finally, recent evidence suggests that 
reward structures can shift children’s trial-and-error behavior toward more 
exploitative patterns, potentially trading off short-term success against 
exploratory breadth (Grandchamp des Raux et al., 2025), and pedagogical 
contexts can likewise narrow exploratory search (Bonawitz et al., 2011). 
These findings sharpen the applied claim: if flexible problem solving emerges 
from micro real-time interactions trained over variable experiences, then the 
developmental “curriculum” is not just what problems children face, but 
how safe it is to be wrong while facing them.

7.2 Computational approaches to understanding problem- 
solving development

The theme of this volume emphasizes computational and modeling 
approaches to development, and the development of problem solving is 
a domain richly informed by such approaches. Computational mod
els—from neural networks to Bayesian models to robotic simula
tions—serve as “theories made explicit,” allowing us to test whether 
hypothesized mechanisms can indeed give rise to the behaviors observed 
in children. In recent years, researchers have increasingly turned to 
modeling as a tool to understand how problem-solving skills might 
emerge from low-level processes, how exploration can be algor
ithmically characterized, and even how artificial embodied agents as 
robots can be designed to learn in child-like ways. In this section, we 
highlight key computational approaches that have been applied to 
problem solving and planning in development, complementing the 
empirical findings we have discussed.

8. Dynamic field and neural network models

One influential computational perspective comes from Dynamic 
Systems Theory, which has been operationalized in models such as 
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Dynamic Field Theory (DFT) to explain cognitive development phe
nomena (Schoner, 2008; Schöner et al., 2015; Spencer et al., 2009). DFT 
uses attractor dynamics in neural fields to model how decisions or stra
tegies emerge over time. For example, Thelen and colleagues applied a 
dynamic field model to the classic A-not-B error (a simple search task 
where infants repeatedly search for an object in one location and then fail 
to switch to a new location even after seeing it moved). The model 
demonstrated that infants’ errors could be explained by the memory 
dynamics and ongoing motor planning in real time, without needing to 
posit an immature concept of object permanence per se (Smith & 
Thelen, 2003). Similarly, one could model a means-end problem or a 
planning task by having coupled perception-action fields that settle into a 
solution through interactions. The key insight from such models is that 
time and history matter: a child’s next action is always influenced by the 
current dynamic state (which is a product of past actions, feedback, and 
memory traces). This resonates with the “real-time cascade” idea dis
cussed earlier (Ossmy, Han, et al., 2020; Ossmy et al., 2022)—one can 
imagine modeling that cascade as a series of coupled dynamic fields (one 
for looking, one for manual adjustment, etc.) that need to align in time 
for successful insertion.

Connectionist models have also been informative. For example, 
Munakata et al. (1997) created a connectionist model to simulate infants’ 
means-end problem solving and object permanence, capturing devel
opmental changes as shifts in network activation patterns with experi
ence. Although early connectionist models did not incorporate a lot of 
motor embodiment, newer models often include perception-action 
loops. A model by Schoner and Spencer (2006) used dynamic neural 
networks to simulate how infants might coordinate reaching movements 
in changing contexts, providing insight into how such coordination (an 
aspect of planning) might self-organize. These computational approaches 
underscore the idea that complex problem-solving behavior need not be 
hardwired; it can emerge from simpler units (neurons or fields) learning 
and interacting over time. They also allow researchers to experiment 
with parameters analogous to developmental factors—for example, 
increasing the “memory trace” to simulate older infants, or increasing 
neural connectivity to simulate brain maturation—to see if the model’s 
behavior changes in ways that mirror actual development (Mareschal & 
Thomas, 2007).
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9. Reinforcement learning and intrinsically motivated 
models

Another domain of computational modeling relevant to problem- 
solving development is reinforcement learning (RL). RL algorithms learn 
by trial and error, updating their strategies based on rewards received, 
which is conceptually similar to how children might adjust behavior 
based on success or failure. While standard RL aims at maximizing 
external reward, developmental scenarios often lack a clear reward signal 
(except task success). This has led to interest in intrinsically motivated 
RL, where the agent is driven by internal rewards such as curiosity, 
novelty, or learning progress (Oudeyer & Kaplan, 2007). Such models 
have been used to explain how children self-direct their learning towards 
not too easy, not too hard tasks—by giving the agent a boost when it 
improves its prediction error, for example, it will choose experiences at 
the right level of challenge (Schmidhuber, 2005). This aligns with 
observations of children’s play preferences (they often choose activities at 
intermediate difficulty, as discussed earlier).

One could model a child’s exploration in a puzzle box scenario with an 
intrinsic motivation RL agent that rewards itself for discovering new 
functions of the box. Indeed, some robotic implementations have achieved 
child-like exploration patterns using intrinsic rewards. For instance, a 
curious robot might spend time pushing every button on a toy without 
prompt, similar to how a toddler would (Forestier et al., 2022; Oudeyer & 
Smith, 2016). These models reinforce the insight that the structure of 
exploration can be driven by internal value assignments –-a computational 
validation of some of the conceptual ideas mentioned above.

10. Developmental robotics

The burgeoning field of developmental robotics aims to build 
robots that learn to solve problem like human children (Cangelosi & 
Schlesinger, 2015). We saw an example with the “variety wins” study 
(Ossmy et al., 2018) where robots took inspiration from infant data. 
There are numerous other examples: robots that learn to reach or 
locomote through babbling and reinforcement (Asada et al., 2009), 
robots that use neural network controllers to emulate infant learning 
trajectories (Kouvoutsakis et al., 2022), and robots that simulate cognitive 
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tasks like the A-not-B error (Wood & Di Paolo, 2007). The goal of 
developmental robotics is twofold: to improve robotic learning by bor
rowing principles from child development (e.g., curiosity-driven 
exploration, stage-like skill progression, multimodal integration) and to 
provide concrete models that can be tested against developmental data. 
For instance, if a robot with child-like constraints (in sensorimotor 
abilities and learning algorithms) such as “Mimo”—a recently developed 
multimodal infant model for studying cognitive development (López 
et al., 2025; Mattern et al., 2022; Mattern et al., 2024)—can eventually 
solve a tool-use task in a similar timeframe and manner as a human child, 
we gain confidence that the underlying principles in the model are 
relevant to biological development.

11. Data-driven modeling and pattern recognition

With the advent of big data and machine learning, researchers have 
begun to collect extensive, fine-grained recordings of children’s behavior 
(e.g., hours of play video, motion tracking data, eye-tracking data; Gilmore 
& Adolph, 2019; Soska et al., 2021) and apply pattern recognition and 
modeling techniques to find structure within. For example, hidden Markov 
models (HMMs) were used to identify distinct states in infant free play 
behavior (Le et al., 2021). HMMs and related time-series models can detect 
sequences that recur, which might correspond to “subroutines” of problem 
solving a child employs even without explicit instruction. An HMM 
analysis of children solving a 3-step puzzle might reveal that they often 
follow a pattern like explore, attempt solution, and adjust, which might not 
be evident from average success rates alone (Anderson, 2012; Shih et al., 
2010). By quantitatively modeling sequences, one can also identify indi
vidual differences: perhaps some children’s state sequence is more stochastic 
(less predictable) while others become more deterministic (habitual) as they 
learn a task, reflecting differences in exploration/exploitation tendencies 
(Abbaszadeh et al., 2025; Colantonio et al., 2025; Frank et al., 2009).

Another data-driven approach is to use clustering algorithms on 
behavior to identify strategy clusters. For example, using k-means clus
tering on the paths infants take when learning to walk, researchers 
identified clusters corresponding to different levels of path variety 
(Ossmy et al., 2018)—effectively grouping children by their exploratory 
style. Similarly, clustering or principal component analysis on children’s 
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tool-use actions might reveal a low-dimensional space of strategies (e.g., 
most variance explained by whether they grasp tool at proximal vs distal 
end, etc.), informing theories about what key choices define the strategy 
landscape of a task (Hayashi & Takeshita, 2022; Loula et al., 2020; 
Reindl et al., 2022).

In summary, computational and modeling approaches provide a pow
erful complementary lens to empirical research. They force precise speci
fication of theories, allow simulation of “what if” scenarios (e.g., what if a 
child explored less, or had a different reward sensitivity), and can integrate 
knowledge across levels (neurons to behavior). The advances in this area 
point toward an exciting future where models not only explain existing 
data but predict new phenomena—for example, predicting that if we alter a 
certain aspect of a task, children’s strategy distribution will shift in a par
ticular way, or predicting how early experiences (modeled as training data) 
will influence later problem-solving transfer. The interplay of computa
tional modeling and developmental experiments will likely deepen our 
understanding of problem solving as an emergent property of complex 
developmental systems.

11.1 Future directions: Towards embodied theory of problem- 
solving development

Throughout this chapter, we have seen recurring evidence that effective 
problem solving in children arises from the integration of perceptual 
information, motor action, and cognitive processes as memory, attention, 
and planning. Rather than treating problem solving as a purely “mental” 
skill that sits atop an otherwise separate motor domain, contemporary 
research encourages an embodied view: cognitive problem-solving skills 
are grounded in and inseparable from the perception-action loops that 
children engage in from infancy (Adolph & Hoch, 2019). This per
spective aligns with James Gibson’s ecological psychology and has been 
echoed by developmental scientists bridging motor and cognitive 
development (Bertenthal & Clifton, 1998; Gibson & Pick, 2000).

Future work on the development of problem solving should move 
beyond the question of whether children can eventually find a correct 
solution, toward identifying the control architecture that makes pro
spective, flexible solutions reliably emerge under time pressure. The central 
proposition is that developmental change is often expressed not as the appearance of 
a wholly new capacity, but as a reconfiguration of when and how the system allocates 
time: when perceptual information is sampled, how long habitual impulses 
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are held “in check,” and whether motor plans are specified before contact 
or patched together after errors. In this view, problem solving is not a 
discrete event but a temporally structured regulation challenge—an embodied 
competition between prepotent routines and context-sensitive information 
processing, unfolding on the scale of hundreds of milliseconds but shaped 
by months and years of experience.

A particularly important direction is to characterize a developmental 
chronometry of problem solving: a principled set of time-resolved markers 
that quantify where, within the perception–action loop, developmental 
“bottlenecks” arise. Rather than treating planning as an all-or-none 
internal state, chronometric approaches would parameterize planning as 
measurable temporal relations—for example, the onset of goal-oriented 
gaze relative to reach initiation, the interval between first task-relevant 
inspection and movement launch, and the degree to which transport and 
rotation are integrated rather than serialized (Ossmy et al., 2022). The 
payoff is theoretical: once planning is defined in a temporally explicit 
manner, it becomes possible to explain why children can succeed yet 
remain inefficient, why small contextual perturbations disproportionately 
impair performance early in development, and why individual differences 
can be stable even when overt accuracy converges.

Progress here depends on complementing classic, structured paradigms 
with naturalistic measurement (Serino & Ossmy, 2025)—because the 
hallmark of mature problem solving is not merely success in a task, but 
generalization across tasks and contexts. Recent advances in large-scale 
behavioral video collection, active curation practices, and the ethical 
infrastructure for sharing richly annotated video create a pathway to study 
spontaneous, everyday problem solving at scale, while preserving the fine 
temporal structure that laboratory studies reveal (Gilmore & Adolph, 2019; 
Soska et al., 2021). At the same time, computer-vision methods now 
enable marker- and sensor-free quantification of movement organization 
and object manipulation, allowing researchers to ask whether the same 
prospective signatures seen in constrained tasks reliably appear in free play, 
and how children’s planning dynamics reorganize with practice and con
text (Krishna et al., 2024; Lupolt et al., 2025; Ossmy et al., 2025; Ossmy, 
Gilmore, et al., 2020).

A second important direction is to treat children’s learning environ
ments as shaping a penalty landscape—the implicit cost function that 
determines whether children explore broadly or exploit narrowly. The 
developing system does not merely learn “which actions work”; it also 
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learns how risky it is to try what might not work, and therefore how 
much variability it can afford to generate. Empirical and computational 
work on infant locomotion and error experience suggests that frequent, 
low-cost errors can coexist with rapid learning and robust generalization, 
supporting the idea that protected developmental periods may function as 
an exploration-favoring regimen rather than a deficit state. Translating 
this insight into problem-solving research invites precise experimental 
manipulations: varying social costs (e.g., evaluative feedback), physical 
costs (e.g., effort, time pressure), and informational costs (e.g., ambiguous 
versus diagnostic feedback) to test how exploration policies are tuned 
across development—and how such tuning shapes later flexibility.

A third, essential direction is to make theories of developing problem 
solving computationally explicit—treating models not as after-the-fact 
curve fits, but as mechanistic commitments about how perception, 
memory, and action couple over time. Dynamic-systems and dynamic- 
field approaches demonstrate how experience-dependent behavior and 
moment-to-moment competition can yield developmental transitions 
without positing abrupt conceptual discontinuities, while hierarchical 
reinforcement-learning and active-inference frameworks offer formal 
accounts of how agents arbitrate between habitual and goal-directed 
control, discover subgoals, and balance epistemic exploration with 
instrumental success (Blumberg et al., 2016; McCraw et al., 2024; 
Schöner et al., 2015). Importantly, these frameworks are most powerful 
when anchored to embodiment: models should inherit children’s sen
sorimotor constraints and be evaluated not only on final accuracy, but on 
the same micro-signatures developmental experiments reveal (gaze 
timing, movement kinematics, correction patterns, and variability). 
With such models, the field can ask sharper questions—for example, 
what parameter changes would make a planner “older”: longer inhibi
tory holding periods, improved state estimation, richer internal action 
hierarchies, or different intrinsic reward landscapes.

Fourth, from a practical standpoint, an embodied integrated view calls 
for education and intervention approaches that engage multiple systems. For 
young children especially, learning is most effective when it is active, 
hands-on, and meaningful in context (Hirsh-Pasek et al., 2009). To teach 
problem-solving skills, one might embed cognitive challenges in physical 
activities – for instance, treasure hunts that require following spatial clues 
(perception-cognition) and moving through obstacles (action), or con
struction projects that involve planning and building with actual materials 
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(as opposed to only on paper). There is growing interest in “maker” 
activities and STEM learning through building and playing, which is a 
modern instantiation of integrating thinking with doing.

Fifth, an embodied theory of problem-solving development must 
become genuinely ecological and comparative, rather than implicitly 
calibrated to a narrow range of Western, highly schooled contexts 
(Rawlings, 2022). The field’s reliance on convenience samples is well 
documented, and it limits what we can claim about universals versus 
experience-shaped pathways. A next-generation research program 
should treat cultural practices not as background “moderators,” but as 
transformations of the child’s affordance space—what tools are present, 
what actions are permitted, how much autonomy children have to 
explore, and what forms of help are normative. This entails deeper, 
long-term partnerships and stronger attention to construct validity: 
ensuring that tasks measure the intended capacities within local contexts, 
rather than measuring familiarity with a particular cultural ecology of 
objects and instruction. Cross-cultural work is therefore not merely an 
equity imperative; it is a theoretical lever for identifying which com
ponents of the perception–cognition–action loop are developmentally 
canalized and which are exquisitely plastic to experience.

Finally, as computational approaches become more popular, we must 
recognize a methodological shift underway. There may be concerns 
among non-computationally oriented developmental researchers about 
the field’s direction. Some are worried that the human, qualitative 
aspects of problem-solving development could be overshadowed by 
numbers and code, or that resources will funnel disproportionately to 
high-tech projects. It is important to communicate that computational 
methods to problem solving are means to an end, not ends in themselves. 
They serve to deepen our understanding of children, not to reduce 
children to data points. We foresee a pluralistic developmental science 
where rich qualitative insights (for example, detailed observations of a 
single child’s problem-solving strategies or phenomenological perspec
tives on development) coexist and interplay with quantitative compu
tational analysis. Each can inform the other: qualitative observations can 
suggest what variables matter, which can then be quantified and mod
eled; conversely, if a computational analysis flags an odd pattern, quali
tative follow-up might explain it. We encourage an inclusive atmosphere 
where developmental scientists of all methodological persuasions see the 
value in each other’s approaches and perhaps adopt a hybrid approach. 
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In an ideal future, a single research project on the development of problem 
solving will involve ethnographic observation, experimental manipulation, 
high-tech recording, and computational modeling all together.

12. Conclusions

Problem solving develops not simply through the accumulation of 
representations or strategies, but through the progressive reorganization of a 
real-time system that binds perception, cognition, and action into coherent, 
goal-directed episodes. Across infancy and childhood, what changes is often 
when processes occur and how tightly they are coupled: whether children 
gather the right information before they commit to an action, whether 
habitual plans can be momentarily suspended in favor of context-sensitive 
control, and whether movement is structured prospectively rather than 
corrected retroactively after error. These temporal reorganizations—visible 
in gaze, kinematics, and neural activity—help explain why developmental 
advances can look sudden at the level of outcomes while being built from 
gradual, experience-driven changes at the level of milliseconds.

A second core insight is that variability and error are not developmental 
noise to be averaged away; they are part of learning. Children’s protected, 
low-penalty regimens enable broad exploration, and broad exploration can 
yield solutions that are flexible rather than brittle. That is, solutions that 
transfer when tasks, tools, and constraints change. Understanding devel
opment therefore requires studying not only what children do when they 
succeed, but what they do when they nearly succeed, fail informatively, or invent 
unstable intermediates on the way to robust skill.

The field is now poised to unite these insights into a stronger, explicitly 
integrative science: one that measures real-time cascades in ecologically 
meaningful contexts, formalizes mechanisms in embodied computational 
models, and treats cultural ecologies and everyday environments as con
stitutive parts of the problem-solving system. The resulting account is not 
merely descriptive; it can become predictive—specifying which changes in 
information sampling, cost structure, or control dynamics should yield 
measurable gains in flexibility, generalization, and creative recombination. 
In doing so, developmental science can offer something rare and powerful: 
a mechanistic explanation of how humans become capable of solving 
problems they have never encountered—by learning, over development, 
how to coordinate perception, cognition, and action in real time.
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