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Abstract

Understanding how humans acquire novel motor skills is a central topic in motor learning

research. However, much of the work in this field has focused on adaptation experiments,

leaving other key aspects of de novo skill acquisition less explored. For many de novo skills,

individuals must learn new associations between discrete actions and arbitrary outcomes. This

is evident in digital devices like video games, where pressing buttons on a controller can make a

character jump or run. These action-outcome mappings are fundamental to the formation of the

new skill. Therefore, understanding how they are learned and consolidated is essential for

advancing our knowledge of motor skill acquisition and its application to various domains, from

gaming to real-world tool use.

In Chapter 2, using a task of grid navigation, I study how these action-outcome

mappings are acquired and examine the role of training variability in the formation of

generalizable mappings. Crucially, when a novel mapping is being learned, it often occurs within

the context of sequential decision-making, allowing the interaction of motor learning and

planning. In Chapter 3, I investigate this interaction with the aim of bridging the gap between

motor sequence learning and planning research. Finally, in Chapter 4, I study the effectiveness

of external contextual cues in the learning of multiple mappings, which have proven

unsuccessful in standard motor adaptation experiments. The behavioral results from each

chapter of this dissertation are complemented by computational models that integrate

algorithms from reinforcement learning, tree search, and Bayesian learning. These models aim

to provide insights into the cognitive processes underlying participants’ performance.
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Chapter 1

Introduction

During their lifetime, humans can develop a wide and complex repertoire of motor skills

such as dancing, swimming, riding a bicycle, playing musical instruments, or playing video

games. The intricate nature of these activities has made their scientific study equally complex.

First, humans must figure out the motor commands that lead to the desired outcomes. For

example, which configuration of the hand produces a given chord on the guitar or what button

presses make a character jump or walk in a video game? The learning of these mappings poses

the first challenge when attempting to acquire a novel motor skill (Fitts & Posner, 1967; Adams,

1971; Ackerman, 1988; Newell, 1985, 1991). A second challenge arises as the majority of

complex skills are extended in time, involving sequencing together a set of actions with the

mapping to accomplish goals. For example, a given combination of chords is necessary to

generate a song, and sequences of button presses make players navigate through different

levels of a video game. The dependence of goals on the concatenation of actions gives rise to

one of the key processes of human cognition: planning (Hunt et al., 2021; Mattar and Lengyel,

2022). In this dissertation, I aim to further understand how complex motor skills—requiring both

sequential decision-making and the learning of a novel mapping—are acquired. Additionally, I

aim to shed light into how the vast repertoire of such skills is represented while avoiding

catastrophic interference.

Traditionally, the formation of motor mappings has been studied in the context of motor

adaptation, where humans adjust their performance in response to environmental perturbations.

For example, a professional golfer may need to re-aim their shot to compensate for wind

direction. Similarly, in heavy snow, an individual may learn to adjust their leg movements by

lifting them higher and moving more slowly to avoid falling. While new mappings resulting from

adaptation are crucial for maintaining motor skill performance, many of the skills that humans
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acquire require the formation of motor mappings de novo. For example, when learning to play

the guitar, particularly if no other instrument has been played before, the link between hand

movements and the desired outcomes (e.g., notes or chords) must be learned presumably from

scratch. Although both adapted and de novo mappings are important for successful motor

performance, throughout this dissertation I focus exclusively on the latter.

To do so, the experiments presented in the forthcoming chapters leverage a grid

navigation task originally developed by Fermin et al., (2010), which has recently been adapted

in other studies (Franklin and Frank, 2020; Bera et al., 2021; McDougle et al., 2022). Here,

participants are tasked to move a cursor from start to target locations in a grid world using their

keyboard keys. Each key moves the cursor in arbitrary directions which participants need to

learn in order to navigate the cursor to the goal location using a trajectory (sequence) that

minimizes the number of key presses. A key distinction of this task compared to previous

sequence learning experiments is that participants are free to choose the sequences to reach

the targets, rather than being prespecified by the experimenter. These, internally generated

sequences (Bera et al., 2021), are likely to underlie improvisation in activities such as sports or

playing musical instruments, where individuals need to choose the best course of action, without

instruction, to achieve a goal.

In Chapter 2, I hypothesize that the quality of the learned representation (i.e., mapping)

can be distinguished by their generalization power. For example, mappings based on local

state-action associations can be learned in situations where task variability is low, allowing the

formation of habits at a low computational cost. However, they can result in poor generalization.

On the other hand, function-based mappings, which link responses to global state transitions,

can be trained in situations with higher variability. This approach allows for generalization and

planning to novel goals but requires a higher computational cost. In order to manipulate the

training variability, participants are exposed to different numbers of start-target locations in the
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grid navigation task. Then, they are tested on generalization to novel targets, aiming to reveal

the acquired mapping. Additionally, to gain insight into the cognitive mechanisms underlying

these distinct mappings, I evaluate computational models that formalize them and compare the

models' performance with empirical data from four experiments.

In Chapter 3, I investigate how more complex mappings, involving multiple actions with

non-trivial transitions, are learned and used for planning. The goal is to better understand real

life motor skills which can take hours or even days to be fully acquired. In order to do so,

participants perform the grid navigation task using a mapping based on the piece of chess

known as the Knight. The Knight has eight possible moving directions which follow L-shape

transitions. In two experimental studies, I address how separating the “mapping learning”

component from the “planning” component of this task, can enhance performance. In addition, I

assess participants' performance for different horizons (i.e., target distances) seeking key

signatures of planning such as the increase in reaction time with the planning depth. The results

of these experiments are interpreted using computational models that incorporate both motor

learning and a planning process with a limited depth, which aims to capture humans’ limited

cognitive resources.

Lastly, it is well-known that humans can learn multiple motor mappings, for example,

when playing different video-games or musical instruments, raising the question of how we

separate the representations and avoid catastrophic interference? To answer this question, in

Chapter 4, I developed a variation of the grid navigation task where subjects have to learn two

mappings which are randomly interleaved over trials. Particularly, I ask whether contextual cues

implemented as different “grid worlds”, allow participants to learn both mappings successfully.

While similar contextual cues are not effective in preventing interference in standard motor

adaptation tasks (Howard et al., 2013), I ask whether they can prove successful in de novo skill

learning, as it is known to involve different brain mechanisms (McDougle, 2022). When a skill is
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acquired de novo, new control policies are created, rather than recalibrating existing ones

(Krakauer et al., 2019.). In addition, I evaluated the performance of two meta-reinforcement

learning agents in the same task and analyzed their internal representations to understand how

humans could be representing the task as well.

Together, the studies in this dissertation aim to explore how humans acquire motor skills

involving discrete and internally generated sequences. Given the prevalence of these skills in

various activities involving digital devices, the insights gained from these studies can enhance

our understanding of such skills and inform better strategies for their acquisition. Additionally,

this research can lay the groundwork for studying skills that develop in continuous domains,

such as tool manipulation or learning to play some musical instruments.
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Chapter 2

Introduction

The first problem to be overcome in learning any novel motor skill is to associate

particular actions with desired outcomes. This problem has become increasingly complex in the

digital age, where the mapping between actions and outcomes can be as diverse as the

imagination allows – just consider the variety of action-outcome associations underlying digital

applications and video games. For example, using two thumbs to type a text message, using a

pinch motion to zoom in and out of content on a smartphone, or steering a car in a video game.

At first, learning these novel mappings is cumbersome and effortful but as learning progresses a

mapping between actions and outcomes is eventually formed, allowing the individual to use the

device successfully with ease. The formation of this mapping is arguably one of the most

important steps for learning any new motor skill (Fitts & Posner, 1967; Adams, 1971; Ackerman,

1988; Newell, 1985, 1991). Surprisingly, however, we know very little, with a few exceptions

(Mosier et al., 2005; Liu et al., 2011), about how novel motor mappings are initially formed.

Traditionally, the question of how motor mappings are learned has been the focus of

sensorimotor adaptation tasks (e.g., prisms, visuomotor rotations, and force fields), which

impose a perturbation on the sensory outcome of a movement (Shadmehr and Mussa-Ivaldi,

1994; Martin et al., 1996; Krakauer et al., 2000). While adaptation tasks were originally thought

to serve as a model paradigm to study this question (Jordan et al., 1992; Miall and Wolpert,

1996; Shadmehr et al., 2010), in recent years, it has become clear that these tasks may only

pressure the recalibration of an existing motor mapping when faced with an externally imposed

perturbation – not the establishment of the mapping in the first place (Krakauer et al., 2019;

Hadjiosif et al., 2021). Only when these recalibration mechanisms fail to fully counteract these

perturbations in adaptation paradigms (Hadjiosif et al., 2021), may more de novo learning

engage to develop a new controller for the task (Yang et al., 2021).
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While there have been numerous studies of operant conditioning and associative

learning, linking actions to outcomes, it is unclear the degree to which learning in these studies

reflects the formation of a motor mapping per se (Thorndike, 1927; Petrides, 1997; Elsner and

Hommel, 2004). It can be helpful, at least conceptually, to distinguish two levels of choice: a

more abstract, internal level of reasoning about goals and state changes, and a more external,

response-focused level about how to use movements to bring these plans to fruition. In many

studies, such as in spatial or maze navigation, the agent already knows the control policy of how

to move (i.e., how an action leads to a state change) and instead the focus is on reasoning or

learning at a more abstract level how the state change leads to a desired outcome in terms of

reward (Sutton and Barto, 1998; Simon and Daw, 2011). Conversely a different set of paradigms

focus entirely on externally-cued responses, without any internal plan. Such tasks include motor

sequence learning (Nissen and Bullemer, 1987; Willingham et al., 1989; Curran and Keele,

1993), discrete sequence production (Verwey, 2001; Abrahamse et al., 2013), and m x n tasks

(Hikosaka et al., 1995; Bapi et al., 2000), all of which can be viewed as a form of de novo motor

learning, establishing a relationship between arbitrary actions and outcomes. However in these

studies, there is no underlying mapping from internal goals, from which a generalizable, motor

map may form. Generalization to new situations or contexts is considered a hallmark feature of

a motor mapping, as opposed to rote memorization of stimulus-response associations

(Shadmehr and Mussa-Ivaldi, 1994; Mussa-Ivaldi, 1999; Shadmehr, 2004).

Furthermore, the different variants of these sequence learning tasks are externally

generated, such that the appropriate sequence of responses is fully specified by the

experimental stimuli (Bera et al., 2021). The participant must precisely follow the set of

stimulus-response pairs to be successful in the task. As such, they may only reflect a subset of

the kinds of motor skills that we perform in everyday life that are internally generated. Thus,

while there has been tremendous progress in understanding how externally-generated,
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stimulus-response mappings are learned, there has been comparatively less progress in

understanding how internally-generated, response-outcome mappings are formed.

The increased complexity and degrees of freedom available when learning an

internally-generated, response-mapping may be one potential reason why progress has been

slow. The difficulty is in designing and studying a task that is in the “Goldilocks zone” between

sufficient experimental complexity and analytical tractability (Opheusden and Ma, 2019). Fermin

and colleagues developed the grid navigation task to fit within this zone to study the core

problem of learning an internally-generated mapping: The formation of a novel and arbitrary

motor mapping (Fermin et al., 2010, 2016). Here, participants learn to navigate a cursor from

various starting locations to various target locations on a grid through a series of keypresses.

The goal is to navigate to the target location in the minimum number of moves as quickly as

possible. Importantly, there is an unintuitive and arbitrary mapping between the keys and cursor

movement that must be learned.

While in simple versions of this task participants can learn within a relatively short period,

it remains an open question as to how this is accomplished (Fermin et al., 2010; Bera et al.,

2021; Dundon, 2021). The formation of a new mapping is not always guaranteed. If the task

only demands the repetition of a limited set of actions, then only local state-action associations

may be learned – a form of rote memorization, which is likely what occurs in studies of

sequence learning. However, if there is a greater degree of variability in training, then a richer

representation of skill may be learned, such as the formation of an internal model between the

action-outcome space. This would afford the ability to generalize outside the range of training

(Schmidt 1975; Newell and Shaprio, 1976; McCracken and Stelmach, 1977; Kerr and Booth,

1978; Catalano and Kleiner, 1984; Berniker et al., 2014) – an idea that echoes classic theories

of stimulus variability in learning (Estes and Burke, 1953; Raviv et al., 2022). These two forms of

learning mirror the instance-based and algorithmic processes of a classic theory for

automatization (Logan, 1988), as well as the more modern notions of model-free and
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model-based reinforcement learning (Sutton and Barto, 1998; Daw et al., 2005, 2011; Haith and

Krakauer, 2013; Raviv et al., 2023). In particular, the latter formalism seems well suited to

capturing the candidate mechanisms. Model-based reinforcement learning is well suited to

capture the covert formation of an abstract, internal plan that can then be generalizably realized

through a separately learned motor mapping. This leads to the hypothesis that, much as in other

circumstances such as operant leverpressing (Daw et al., 2005), simpler model-free

(stimulus-response) learning will instead dominate when a narrow range of actions is

overtrained.

Here, through a series of experiments, we seek to build on this work by leveraging the

grid navigation task as a model paradigm to study how novel and arbitrary motor mappings are

initially formed and seek to characterize how they may be learned through the model-free and

model-based reinforcement learning framework. We hypothesize that the formation and

representation of a novel motor mapping depends on the particular conditions of training.

Specifically, the degree of exploration between the number of potential action goals and

possible solutions to achieve that goal may pressure formation of a generalizable motor

mapping over local state-action associations (e.g., rote memorization of specific sequences of

actions). Generalization to untrained conditions will provide a key test for the existence of a

motor mapping.

Materials and Methods

Participants: 112 undergraduate students (49 males, 58 females, 4 non-binary and 1

preferred not to say; mean age = 19.9, sd = 1.4) from Princeton University were recruited

through the Psychology Subject Pool. Sample sizes were based on prior studies of the grid

navigation task (Fermin et al, 2010, 2016; Bera et al., 2021). The experiments were approved

by the Institutional Review Board (IRB) and all participants provided informed consent before

performing the experiment.
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Apparatus and task design: All experiments were performed in person using the same

computer equipment. Stimuli were displayed on a 60 Hz Dell monitor and computed by a Dell

OptiPlex 7050'a machine (Dell, Round Rock, Texas) running Windows 10 (Microsoft Co.,

Redmond, Washington). Participants made their responses using a standard desktop keyboard.

All experiments were programmed in CSS, Javascript and HTML, and run on a web browser

and hosted on Google Firebase. Subjects were seated in front of the computer and were asked

to follow the instructions to begin the task.

We employed a variant of the grid navigation task based on Fermin et al. (2010) in which

participants were required to navigate a cursor from a starting position to a target location on a

9x9 grid using the J, K and L keys of their keyboard. On Experiment 1-3, each key moved the

ship deterministically to one of three possible directions: right, down-left or up-left. On

Experiment 4, the keys’ directions followed a stochastic rule (see below). At the onset of the

experiment, participants were provided with the following instructions “In this game, you will use

the letters J, K and L of your keyboard to move a vehicle through a grid to a target location. Your

goal is to arrive using the shortest route. If you arrive with the shortest route, you will see a

happy face. If you arrive using a different route, you will see a neutral face. If you do not arrive

after a certain time, you will see a sad face.” After participants confirmed they understood the

instructions, the task began. The cursor was displayed as a ship and the targets as anchors.

Additionally, to make the task more engaging, it was performed with a background of the ocean

with quiet wave sounds and ‘bubble’ sounds every time the cursor moved.

On a given trial, the cursor and a target appeared in locations that varied across

experiments (see Figure 2.1). Depending on the performance of the trial, subjects could receive

three types of feedback. If they did not arrive at the target in less than 10s, a sad face appeared

in place of the target, along with a “wrong sound” indicating they had failed. If participants

arrived at the target but not in the minimum number of key presses, a neutral face and sound

were presented. If they arrived using the minimum number of key presses, a happy face with a
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“correct sound” was presented. The visual feedback remained on the screen for 1s after which

an inter trial interval of 500 ms occurred. Then, the next trial began. The experiment was divided

into a training and a generalization phase, which will be described in detail for each experiment

below. During the training phase of all experiments, the targets were placed seven moves away

from the start location.

Figure 2.1: Experimental task. (A) Participants moved a cursor (ship) from start to target (anchor)

locations in a grid environment. For Experiments 1-3, participants used a deterministic visuomotor

mapping of three keys with moving directions: bottom-left, right and top-left. In Experiment 4, the mapping

randomly changed after each keypress with a probability of 0.2 to any of the remaining directions. (B) In
the four experiments, participants were trained with a single or multiple start-target pairs (see Materials

and Methods for details). A generalization phase was presented after training where the target locations

were either seven (Experiment 1) or one move away (Experiments 2-4) from the starting point. Blue and

red grid states represent the potential start and target locations where the numbers indicate a specific

pair. Only one pair was presented per trial.
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Experiment 1 Procedure: The goal of this experiment was to determine whether

specific training regimes with different levels of variability promote the formation of local

state-action associations or flexible and generalizable visuomotor mappings. For all participants,

the J, K and L keys moved the ship to the down-left, right and up-left, respectively (Figure 2.1A).

The training phase consisted of 260 trials which were followed by 20 generalization trials

interleaved with 20 training trials, giving a total of 300 trials. Subjects were randomly assigned to

one of two groups that differed in the number of start-target pair locations presented during

training (Figure 2.1). In the Single group (n=16), a unique start-target pair was presented for all

training trials. In this case, the target could be reached using a unique sequence of key presses

(e.g., J-L-J-L-J-L-K), however, participants were not constrained or encouraged to do so.

For the Multiple group (n=16), four start-target pairs were presented throughout training,

where each of them appeared 65 times. We randomized the pairs such that the same pair did

not show up more than twice in a row and all four pairs appeared once before observing them

again. Additionally, the target for each pair could not be reached using the same sequence of

key presses that arrived at other targets. In the generalization trials, four novel start-target pairs

were presented for both groups. The target was placed seven moves away from the starting

point just as in the training trials. Each of the generalization pairs was repeated five times but no

pair appeared more than twice in a row, and all four pairs were observed before showing them

again. No performance feedback (emoji faces and sounds) was provided in generalization trials,

but movement feedback after each move was available. However, movement feedback was

provided in both the interleaved training trials and the generalization trials.

Experiment 2 Procedure: In Experiment 2, we tested whether differences in

generalization performance between the Single and Multiple groups in Experiment 1 would

remain when movement-related feedback was withheld and no sequential planning was

required. To achieve this, we modified the experimental setup by situating the target locations
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during generalization trials only one step away from the starting point (as opposed to seven in

Experiment 1). Moreover, we removed the training trials interleaved in the generalization phase.

The novel start-target pairs for generalization were created by linking four start locations

with three possible target locations (Figure 2.1B). All pairs were presented at least once, and

the remaining generalization trials were randomly chosen without replacement from the

available twelve. Finally, In order to control for mapping-specific effects, we randomized the

directions each key was assigned to across subjects. The training phase was the same as in

Experiment 1 for the Single (n=16) and Multiple (n=16) groups. The total number of trials was

280.

Experiment 3 Procedure: In Experiment 3, we tested whether a short exposure to the

training variability followed by a long exposure to no variability would be sufficient to learn the

mapping as well as to maintain a memory of the mapping, thus affording good performance in

the generalization phase at the end of the experiment. Participants (n=16) first trained during 80

trials with four start-target pairs (Multiple trials), then experienced a first generalization phase of

20 trials with target locations being one move away as in Experiment 2. We chose 80 training

trials of training given that in Experiment 1 and 2, asymptotic performance was reached in this

time frame by the Multiple group. In addition, in online pilot study, we found that successful

generalization was possible with this number of trials in the Multiple group. Following the first

generalization phase, participants were exposed to 1000 trials with a single start-target pair (i.e.,

Single trials), which was the same as in the Single group of Experiment 1 and Experiment 2.

The number of trials in this stage was decided based on a pilot study where we first tested 400

Single trials and found no decline in performance in generalization. Therefore, we aimed to

extend this phase further to more robustly test the effect of early training with variability. Finally,

participants were exposed to a second generalization phase of 20 trials. Importantly, the order of

the start-target pairs in the two generalization phases was randomized.
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Experiment 4 Procedure: The goal of Experiment 4 was to twofold. First, we sought to

test whether the visuomotor mapping was represented explicitly or implicitly. Second, we tested

whether training variability induced by stochasticity in the key-to-direction mapping during

training would prevent explicit memorization of the sequence and pressure learning of the

mapping, which would afford generalization. To accomplish this, we imposed a probabilistic rule

over the movement of the cursor. Specifically, during the training phase of both the Single

(n=16) and Multiple (n=16) groups, there was a 0.2 probability that, on every move, the key

moved the cursor to any of the other seven directions different from the original mapping

(left-down, right and left-up). We use this probability based on previous studies on sequence

learning that have found that adding this level of stochasticity prevents participants from

learning sequences explicitly (Jiménez et al., 2006; Schvaneveldt and Gomez, 1998). In order to

evaluate subjects’ awareness of the visuomotor mapping of the task, we asked them at the end

of the experiment to indicate the direction each key moved the cursor to. Specifically, pictures of

the keyboard keys were displayed on the screen (J, K and L), each of them followed by eight

moving options indicated with arrows (top, top-right, right, down-right, down, down-left, left and

up-left). Participants had to select among the options the one they believed was the true moving

direction of the key. Generalization trials were the same as in Experiment 2, with targets being

one step away from the start locations and no feedback was provided.

Behavioral data analysis: All analyses were performed using the R statistical software

(R Core team, 2023) or Matlab version 2022a (Natick, MA: The Math Works, Inc., 2022). Our

main behavioral measure was optimal arrivals and reaction times to the target in Experiments

1-3, which was defined as the minimum number of key presses to move the cursor to the target

(7 moves or 1 move, depending on the experiment and phase). In Experiment 4, due to

stochasticity, our primary measure was simply arrival to the target even if it was not in the

minimum number of key presses. We also examined both reaction time, defined as the time

between target presentation and the first key press, and inter-keypress interval, defined as the
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time between each successive key press. These behavioral metrics were binned every ten

trials. When relevant comparisons were done between our Single and Multiple groups, we used

Welch’s t tests for unequal variances (Welch, 1947). Paired t tests were used for comparisons in

Experiment 3, as samples were dependent. When comparing the learning curves between the

Single and Multiple groups in Experiments 1, 2 and 4, we performed a mixed effect model with

time and experimental group as fixed effects, and with subjects as random effects.

Computational modeling: In order to gain mechanistic insight into the learning

processes that could have given rise to the results of our experiments, we evaluated five

computational models in all our experiments. At one end of the modeling spectrum, we

implemented a prediction error RL model to characterize inflexible, habitual behavior, which we

believe could be induced in our Single group (model-free). Although this model works in a

relatively straightforward manner, it predicts poor generalization as it can only know what to do

in situations it has experienced in the past (Figure 2.4). At the other end of the modeling

spectrum, we used a Bayesian model along with a tree-search planning process, to represent a

learner that acquires the true key-to-direction mapping and leverages it to decide the best

course of action (model-based). This mapping can also be thought to capture the function of the

keys, and therefore, I also refer to it as function-based mapping. As we will describe below, this

model would be able to generalize well in our task and we believe a similar mechanism could be

drawn on in our Multiple group. Finally we considered three hybrid models that differ in the

specification of the mixing weight between the model-free and model-based algorithms. In

particular, we considered a hybrid model with a single weight, with two weights (one for the

training phase and one for the generalization phase) and with a time varying weight where the

arbitration between the systems is based on the familiarity of the current state.

Model-free (MF): This model uses prediction errors to update the value of the keys at

each grid cell for every target location using absolute coordinates. Model-free algorithms have

received considerable attention in the past years due to its simple trial-and-error mechanism,

20



which can capture a wide variety of behavioral and neural data (Schultz et al., 1997; Sutton &

Barto, 1998; Miller et al. , 1995). In our task, it updates the value v for pressing key k after a

prediction error δ is observed. More explicitly, for every time step t :

𝑣
𝑡
𝑘 = 𝑣

𝑡−1
𝑘 + αδ

𝑡−1
𝑘

= ,δ
𝑡−1
𝑘 𝑟

𝑡−1
𝑘 − 𝑣

𝑡−1
𝑘

where r is the reward obtained and ⍺ is a free parameter that modulates the speed of learning.

We define reward r in terms of the reduction of the chessboard distance d to the target.

Specifically:

or𝑟 =  1     𝑖𝑓  𝑑
𝑡

< 𝑑
𝑡−1

    𝑟 =    0     𝑖𝑓  𝑑
𝑡

≥ 𝑑
𝑡−1

 

, 𝑑 = 𝑚𝑎𝑥( 𝑥
𝑡𝑎𝑟𝑔𝑒𝑡

−  𝑥
𝑐𝑢𝑟𝑠𝑜𝑟

,  𝑦
𝑡𝑎𝑟𝑔𝑒𝑡

−  𝑦
𝑐𝑢𝑟𝑠𝑜𝑟

 )

x and y are the grid coordinates of the target and cursor. Then, the probability for pressing key k

at time step t is generated using a Softmax function:

ϕ
𝑡
𝑘 = 𝑒

β𝑣
𝑡
𝑘

𝑘=1

3

∑ 𝑒
β𝑣

𝑡
𝑘

,𝑅
𝑡
~𝐶𝑎𝑡(ϕ

𝑡
1, ϕ

𝑡
2, ϕ

𝑡
3)

where is the inverse temperature parameter and Rt is the key press at time step t. This model β

has two free parameters: ⍺ and . Note that whereas many model-free approachesβ

(temporal-difference methods, etc.) to multi-step decision tasks of this sort recursively learn a

multi-step value function measuring distance to goal, here we streamline this approach slightly

by defining the target value at each step non-recursively, in terms of the simple chessboard

heuristic at each step. This is similar to advantage learning (itself a variant of the actor-critic),

but with the value function component fixed as the chessboard distance. In a supplementary

analysis (Figure S2.10), we show that this model-free algorithm performs better or at the same

level than SARSA, a commonly used temporal-difference algorithm (Sutton and Barto, 1998).
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We believe that the reduction in the chessboard distance is an intuitive measure of reward in

this model, as it is equivalent to visually getting closer to the target. In addition, given the

relatively few explicit rewards in our task (emoji faces at the end of the trial) compared to the

number of moves, incorporating the distance reduction as a reward signal aimed to aid learning

in the model to more closely resemble the fast learning curve observed in the data. However,

this form of distance assumes the cursor can move to any of the adjacent locations, which is not

true in our experiments, but is reasonable in an agent that has no knowledge of the

key-outcome mapping. As we will see in our next model, the distance to the target can instead

be measured as the number of key presses away from it. When the available moves of the

cursor are constrained, the key-press distance can differ from the chessboard distance. More

importantly, knowing the key-press distance implies knowledge of the true key-outcome

mapping, a fundamental property of our next model.

Model-based (MB): In this model, a probability distribution over the key-outcome

mapping is updated using Bayes rule and subsequently used to reduce the number of key

presses away from the target. In particular, for every key k, the cursor movement direction x is

assumed to be generated by a Categorical distribution:

𝑥
𝑘
~𝐶𝑎𝑡(θ

1
, …, θ

8
)

where ( ) are the true probabilities that a given key moves the cursor to each of the eightθ
1
, …, θ

8

adjacent locations. These probabilities are unknown but can be inferred using Bayes rule. In

order to do that, a prior distribution over ( ) has to be specified which represents the initialθ
1
, …, θ

8

knowledge of the key-outcome mapping. For reasons of conjugacy, it is convenient to choose a

Dirichlet distribution:

.(θ
1
, …, θ

8
)~𝐷𝑖𝑟 1, …, 1( )

Making the initial parameters equal to 1 gives no preference for any direction a priori.

While we believe this is a reasonable starting point, the specification of the initial values of the
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parameters can affect the sensitivity of the model to the data. For example, larger values can

make the model less sensitive to data. Then, the posterior belief about the mapping is described

by another Dirichlet distribution:

(θ
1
* , …, θ

8
*)~𝐷𝑖𝑟 α

1
 , …, α

8( )

,α
𝑛

= 1 +
𝑗

∑ 𝟙(𝑗 = 𝑖)

where (j = i) is the number of times the key was observed to go in the ith direction. The
𝑗

∑ 𝟙

expected value of the parameters can be computed to have a vector of probabilities(θ
1
* , …, θ

8
*) π

instead of a vector of random variables:

,π
𝑖

=  
α

𝑖

𝑖=1

8

∑ α
𝑖

is the probability that the cursor goes to the ith direction. That is, if a key is pressed, theπ
𝑖 

cursor can end up in the eight adjacent locations with probabilities . In model-basedπ

reinforcement learning corresponds to the transition probabilities for a given state and action.π

Our model is a special case of these algorithms for which the transition probabilities are the

same for all states. These probabilities are then used to compute the expected distance to the

target in the next time step if that key was pressed:

,𝐸 𝑑( ) =
𝑖=1

8

∑ 𝑑
𝑖
π

𝑖

where d is the actual distance to the target, that is, the number of key presses away from it. In

order to compute d, we used Breadth First Search (BFS; Moore, 1959). BFS transforms our grid

environment into a graph where each node represents a grid state and nodes are connected

among themselves according to the possible transitions in the grid given the visuomotor

mapping. BFS is thought to represent the planning process in the model-based algorithm which
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is known to work well in deterministic environments like ours (Mattar and Lengyel, 2022). What

BFS does is to search on the graph created with the grid environment by first visiting the nodes

that are one move away from the current location, then it checks if the target is there; if it isn't,

then it continues searching in the nodes that are two moves away and so on. It continues this

process until it reaches the target. We can use to represent the value of pressing a− 𝐸 𝑑( )

given key. Changing the sign to negative makes lower distances more valuable, then these

quantities can be plugged into a Softmax function:

ϕ
𝑡
𝑘 = 𝑒

−β𝐸 𝑑( )
𝑘

𝑘=1

3

∑ 𝑒
−β𝐸 𝑑( )

𝑘

.𝑅
𝑡
~𝐶𝑎𝑡(ϕ

𝑡
1, ϕ

𝑡
2, ϕ

𝑡
3)

This model has one free parameter: . Importantly, this algorithm has a different rewardβ

signal (the actual distance to the target) compared to the model-free algorithm (chessboard

distance). While this is not a common assumption in model-free and model-based models, we

reasoned that it could capture the idea that the model-free algorithm does not have access to

values resulting from using a model of the world (transition probabilities), whereas the

model-based algorithm does.

Hybrid models: As noted previously (Daw et al., 2011; Gläscher et al., 2010; Kool, 2017;

Lee et al., 2014) we considered the possibility that participants implemented both model-free

and model-based computations. We represented this possibility as weighted sums between the

outputs of the model-free and model-based algorithms.

Single-weight model (1W): In this hybrid model, there is a single weight across the entire

experiment. In particular:

ϕ
𝑡
𝐻𝑦𝑏𝑟𝑖𝑑 = ωϕ

𝑡
𝑀𝐵 + (1 − ω)ϕ

𝑡
𝑀𝐹

,𝑅
𝑡
~𝐶𝑎𝑡(ϕ

𝑡
𝐻𝑦𝑏𝑟𝑖𝑑 1[ ], ϕ

𝑡
𝐻𝑦𝑏𝑟𝑖𝑑 [2], ϕ

𝑡
𝐻𝑦𝑏𝑟𝑖𝑑 [3])
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where is the weight for the model-based component. Single-weight hybrid models provide aω

simple way to specify the interaction between the learning systems (Daw et al., 2011; Gläscher

et al., 2010), although they could miss important information about the dynamics – if existent at

all. This model has four free parameters: ⍺, , and one weight parameter .β
𝑀𝐹

β
𝑀𝐵

ω

Two and four-weight models (2W and 4W): These hybrid models consider the possibility

that the model-based weight, , is different during the learning and generalization phases. Suchω

variation can incorporate scenarios where the model-based influence increases when the novel

targets are experienced. The 2W hybrid model has five free parameters: ⍺, , , andβ
𝑀𝐹

β
𝑀𝐵

ω
𝑡𝑟𝑎𝑖𝑛

. For Experiment 3, we considered a four-weight hybrid model which has one weight for theω
𝑔𝑒𝑛

Multiple trials, one weight for the Single trials, one weight for the first generalization phase and

one weight for the second generalization phase, giving a total of seven free parameters.

Arbitration model (AR): Based on preliminary modeling results, where we fitted an

unconstrained model using a time series of weights as free parameters (Figure S2.7), we

considered that the mixing weight, , could change over time. This observation aligns withω

previous research suggesting a transition from model-based to model-free control, which

underlies the formation of habits (Gläscher et al., 2010). Accordingly, we propose an arbitration

mechanism where the weight of the model-based component varies as a function of the history

with familiar and novel states. In particular, we use a Bayesian updating approach, where the

model-based weight on every time step is given by a Beta distribution:ω
𝑡
𝑀𝐵

),ω
𝑡
𝑀𝐵~ 𝐵𝑒𝑡𝑎 (𝛼

𝑡
,  𝛽

𝑡

where

= + [ for𝛼
𝑡

𝛼
𝑡−1

𝑆
𝑡−𝑖

≠  𝑆
𝑡

𝑖 ϵ {1, 2,  ...,  𝜏} ]

= + [ for𝛽
𝑡

𝛽
𝑡−1

𝑆
𝑡−𝑖

= 𝑆
𝑡

𝑖 ϵ {1, 2,  ...,  𝜏} ]
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is the state, encoded as the current location and the target location. In this update 𝑆

rule, the parameter 𝛼 of the Beta distribution increases by one unit if the current state has not

been experienced in the past, with the memory window parameter controlling how far into the𝜏

past to consider. If novel states are continuously being experienced, the distribution of willω𝑀𝐵

shift towards 1, increasing the control of the model-base system. On the other hand, if the

current state has been experienced in the past, the parameter of the Beta distribution𝛽

increases by one unit. Therefore, If familiar states are continuously being experienced, the

distribution of will shift toward 0, increasing the control of the model-free system. In order toω𝑀𝐵

to mix the output of the model-based and the model-free system at every time step we use the

mean of the Beta distribution :ω
𝑡

=  
𝛼

𝑡

𝛼
𝑡
 + 𝛽

𝑡

ϕ
𝑡
𝐻𝑦𝑏𝑟𝑖𝑑 = ω

𝑡
ϕ

𝑡
𝑀𝐵 + (1 − ω

𝑡
)ϕ

𝑡

𝑀𝐹

.𝑅
𝑡
~𝐶𝑎𝑡(ϕ

𝑡−1
𝐻𝑦𝑏𝑟𝑖𝑑 1[ ], ϕ

𝑡−1
𝐻𝑦𝑏𝑟𝑖𝑑 [2], ϕ

𝑡−1
𝐻𝑦𝑏𝑟𝑖𝑑 [3])

This arbitration model provides a simple mechanism of how the weight of the

model-based system could differ between the Single and Multiple group across the experiment

(Figure S2.8). In particular, the frequent changes in the start-target pairs for the Multiple group

makes it more likely that previously visited states are more distant in the past, potentially being

subject to forgetting (as modulated by the parameter). Therefore, resulting in greater𝜏

model-based weights during training and at the beginning of the generalization phase. In

contrast, for the Single group, familiar states are more likely to be found in the recent past due

to the lack of changes in the start-target pair. This results in lower model-based weights during

the training phase and at the beginning of the generalization phase.

This model has four free parameters: ⍺, , andβ
𝑀𝐹

β
𝑀𝐵

𝜏.
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Model fitting and evaluation: We used Bayesian Adaptive Direct search (Acerbi, 2017)

implemented in Matlab code to obtain point estimates of the parameters of our models. For

each participant and model, we computed the Akaike information Criterion (AIC; Akaike, 1947)

and the Bayesian Information Criterion (BIC; Schwarz, 1978).

Absolute goodness of fit: In addition to computing the AIC and BIC, which allows us to

compare models among themselves, we wanted to see how well they described the data in the

absolute sense, that is, compared to a theoretical (near) upper boundary for any probabilistic

model, at least given particular assumptions about exchangeability. This approximate upper limit

is represented by the negative entropy (Shen and Ma, 2016; Grassberger, 1988, 2003) and is

given by:

,− 𝐻 𝑝(𝐷|𝑀
𝑡𝑟𝑢𝑒

)( ) =
𝐷
∑ 𝑝 𝑀

𝑡𝑟𝑢𝑒( )𝑙𝑜𝑔 𝑝 𝑀
𝑡𝑟𝑢𝑒( ) 

where represents the probability distribution of the data given the true model.𝑝 𝐷|𝑀
𝑡𝑟𝑢𝑒( ) 

The negative entropy is a non-positive quantity and intuitively represents how much we can

know about the data from the true generative model. An estimator of the negative entropy that

has small error even with few data points is given by Grassberger (2003). For our experiments,

this estimator is given by:

− 𝐻
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where , and ≈ 0.577215 is Euler’s constant.𝐺
0

= 0 ,  𝐺
1

=  − γ − 𝑙𝑜𝑔 2 𝐺
2

=  2 − γ − 𝑙𝑜𝑔 2 . γ
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For :(𝑛≥1)

,𝐺
2𝑛+1

=  𝐺
2𝑛

,𝐺
2𝑛+2

=  𝐺
2𝑛

+ 2
2𝑛+1

Thus,

𝑛 = 2

𝐺
2𝑛

=− γ − 𝑙𝑜𝑔 2 + 2
1  + 3

2 +... 2
2𝑛+1

         𝑛 = 1

represents partitions of the data, e.g., experimental conditions, which in our case𝐶

equals the number of unique pairs of start and target locations times the number of states in the

grid. Therefore, was not the same in all the experimental groups. In Experiment 1, the number𝐶

of states in the grid was 81. The number of start and target pairs was five for the Single group

and eight for the Multiple group. Therefore, = 405 and = 648 for the Single and Multiple𝐶 𝐶

groups, respectively. In Experiment 2 and Experiment 4, the number of grid states was 81 for

both groups. The number of unique pairs of start and target locations was thirteen for the Single

group and sixteen for the Multiple group. Therefore, = 1053 in the Single group and = 1296𝐶 𝐶

in the Multiple group. Lastly, for Experiment 3 there were seventeen unique pairs of start and

target locations across the experiment, therefore = 1377. Ni is the total number of responses 𝐶

in the partition i of the data. Ki
[1] is the number of responses to key 1 in the i partition of the data,

Ki
[2] the number of responses to key 2 in the i partition of the data and Ki

[3] the number of

responses to key 3 in the i partition of the data. Importantly, this estimator assumes that the

distribution of the data given the true model is stationary, which is not necessarily the case of

our task as participants' responses can change due to learning. However, given that subjects’
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performance stabilized relatively quickly as we can see in Figure 2.2 and 2.5, we considered it

would be a reasonable approximation to an upper boundary of the models’ performance.

The negative entropy can be compared with the negative cross-entropy, which intuitively

represents how much we can know about the data from an imperfect model (our models). The

negative cross entropy is given by:

,− 𝐻(𝑝(𝐷|𝑀
𝑡𝑟𝑢𝑒

), 𝑝(𝐷|𝑀
𝑖
)) =

𝐷
∑ 𝑝(𝐷|𝑀

𝑡𝑟𝑢𝑒
)𝑙𝑜𝑔 𝑝 𝑀

𝑖( ) 

where represents the probability distribution of the data given the proposed model .𝑝(𝐷|𝑀
𝑖
) 𝑀

𝑖

The negative cross-entropy is also a non-positive value. An estimator of the negative cross

entropy is the logarithm of the likelihood function evaluated at the maximum likelihood estimates

of the parameters (Shen and Ma, 2016), which is returned by our parameter estimation method

(Acerbi and Ma, 2017). In order to provide a simple visualization of the absolute goodness of fit,

we computed the proportion of the explainable variability in the data that was explained by the

models:

,𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 =  
𝐻(𝑝(𝐷|𝑀

𝑡𝑟𝑢𝑒
),𝑝(𝐷|𝑀

𝑖
)) + 𝑙𝑜𝑔 𝑝 𝐷|𝑀

𝑟𝑎𝑛𝑑( )  

𝐻 𝑝(𝐷|𝑀
𝑡𝑟𝑢𝑒

)( ) + 𝑙𝑜𝑔 𝑝 𝐷|𝑀
𝑟𝑎𝑛𝑑( )  

is the logarithm of the likelihood of the data given a model that assumes all𝑙𝑜𝑔 𝑝 𝐷|𝑀
𝑟𝑎𝑛𝑑( ) 

responses are equally likely and represents a lower boundary for all models. In the numerator,

we have what is explained by a proposed model (as compared to the lower boundary), relative

to what can be explained (difference between the upper and lower boundary), which is in the

denominator.

Group model comparison: In addition to comparing the models among themselves at the

individual level, we performed group model comparison following Stephan et al. (2009). Based

on their work, the probabilities (q1, q2, q3) of our models in the population follow a Dirichlet

distribution:

,(𝑞
1
, 𝑞

2
, 𝑞

3
)~𝐷𝑖𝑟([α

1
, α

2
, α

3
])
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the parameters can be estimated by iterating the following algorithm provided byα = [α
1
, α

2
, α

3
]

the authors and that we implemented in R code:

α = [1, 1, 1]

𝑈𝑛𝑡𝑖𝑙 𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒:

𝑢
𝑛𝑘

= 𝑒𝑥𝑝 (𝑙𝑜𝑔 𝑝 𝑦|𝑀
𝑛𝑘( ) +  ψ α

𝑘( ) +   ψ
𝑘
∑ α

𝑘( )  )

β
𝑘

=
𝑛
∑

𝑢
𝑛𝑘

𝑘
∑𝑢

𝑛𝑘

α = α
0

+ β

,𝑒𝑛𝑑

where k is the number of tested models, n the number of subjects and the digammaψ

function. Importantly, this algorithm only requires that we provide the log marginal likelihood

which can be approximated as -BIC/2. In order to avoid extremely big numbers from , which𝑢
𝑛𝑘

returned in R, we used the logarithm of the marginal likelihood with base 100. We iterated the∞

algorithm 103 times to provide reliable estimates of . The new parameters of the Dirichletα

distribution can be used to compute the probabilities [r1, r3, r3] that a randomly selected subject

follows any of the tested models:

, with𝑟
1
, 𝑟

2
, 𝑟

3[ ] =
α

1

τ ,
α

2

τ ,
α

2

τ
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⎤⎥⎦
τ =

𝑖=1

3

∑ α
𝑖

Finally, we computed the probability that a given model k is more likely than the others in

the population, i.e., the exceedance probability :φ
𝑘

,∀𝑗∈{1, 2, 3 | 𝑗≠𝑘)
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,φ
𝑗

= 𝑝(𝑞
𝑗
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𝑘
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by the Law of Total Probability:
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∞

∫ 𝑝 𝑞
𝑗
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𝑘
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𝑗
|α( ) 𝑑𝑞

𝑗

This integral can be approximated numerically by the method provided in Soch and

Allefeld (2016) implemented in Matlab code.

Parameter recovery: In order to verify that the parameters from the tested models were

identifiable, we generated data from each of the models using 100 random samples of their

parameter space; then, we performed maximum likelihood estimation using Bayesian Adaptive

Direct Search (Acerbi and Ma, 2017) to attempt to recover the parameters generating the data.

Finally, we plotted the simulated versus the fitted parameters and computed the Pearson

correlation between them. As can be observed in Figure S2.11, we were able to recover the

simulated parameters reasonably well in all cases.

Model recovery: We simulated 100 data sets from each of the models using random

samples of the parameter space. Then fitted those data sets with all the models. In Figure S2.12

we showed the confusion matrix with the proportion of times that each model was able to

recover the data generated by the other models the best according to the Bayesian Information

Criterion. In general, all the models were able to recover their own data better than the other

models above 85% of the times.

Results

Experiment 1

How does training variability constrain learning and generalization of a visuomotor

mapping? Two groups of participants performed a grid navigation task (Figure 2.1A) where they
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moved a cursor from various start to target locations using the J, K and L keys of a standard

keyboard (see Materials and Methods for details). In the Single group (n=16), participants

trained to move between a single start-target pair, while in the Multiple group (n=16) participants

trained to move between four start-target pairs (Figure 2.1B). We predicted that performance

improvements for the Multiple group would be slower during training, but they would be able to

generalize their performance to novel start-target pairs, reflecting the formation of a

key-to-direction mapping rather than local state-action associations. In contrast, the Single

group would show faster performance improvements during training, but be unable to generalize

to new start-target pairs. Participants performed 260 training trials followed by 20 trials of

generalization interleaved with 20 training trials.

Behavioral Results

Figure 2.2A shows the proportion of optimal arrivals over trial bins (1 bin = 10 trials) for

both groups, where an optimal arrival is a trial where subjects arrive at the target using the

minimum number of key presses (7 moves). As expected, the Multiple group had a slower

learning curve as revealed by a mixed-effects model analysis. Specifically, the Single group

demonstrated significantly higher performance compared to the Multiple group up to the bin

corresponding to trial 60 (p < 0.05). However, both the Single and Multiple groups reached the

same level of performance by the end of the training phase (comparison of the last bin of

training trials between groups; t(29.06) = -0.5, p = 0.61; Figure 2.2B). In addition, in the Multiple

group, there were no substantial differences in performance among the different start-target

pairs, with optimal arrivals generally increasing over time (Figure S2.1). Of more importance is

how well the groups perform when new start-target pairs are introduced in the generalization

phase. This was determined by quantifying any potential change in performance between the

end of the training phase and beginning of the generalization phase. For the Single group, we

found that performance was significantly worse at the onset of the generalization phase
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compared to the end of the training phase (t(15) = -5.67, p < 0.001; Figure 2.2D). In contrast,

the Multiple group’s performance during generalization was similar to the end of the training

phase (t(15) = -1.21, p = 0.242). When comparing between the groups, it was clear that the

Multiple group performed significantly better than the Single group early in generalization (first

bin; t(29.99) = -5.1, p < 0.001; Figure 2.2C) and still marginally better at the end of the

generalization (second bin; t(29.27) = -1.64, p = 0.05). The change in performance between the

groups was significantly different (t(29.34) = -3.5, p = 0.001; Figure 2.2D).

Figure 2.2: Behavioral results of Experiment 1. (A) Proportion of optimal arrivals over trial bins for
the Single (green) and Multiple (gold) groups. The black dashed line indicates the beginning of the

generalization phase. The solid dotted line represents the median and the shading region the interquartile

range. (B) Proportion of optimal arrivals in the last bin of the training phase. (C) Proportion of optimal

arrivals in the first bin of generalization (novel pairs). Red marks indicate performance in the very first trial

of generalization for all subjects. (D) Difference in the proportion of optimal arrivals between the first bin of
generalization and the last one of training. The dashed line here indicates no performance change from

training to generalization (E) RTs over trial bins. (F) RTs in the last bin of training trials. (G) RTs in the first
bin of generalization (H) Difference in RTs between the first bin of generalization and the last one of

training.

We also examined how planning (reaction time, RT) evolved over training. RTs were

overall higher in the Multiple group group throughout training (t(29.99) = -4.82, p < 0.001; Figure
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2.2E) and higher at the last bin of training trials (t(21.21) = -2.85, p = 0.009; Figure 2.2F) but not

during the first bin of generalization trials (t(19.36) = -0.17, p = 0.86; Figure 2.2G). There was an

increase in RTs from the last training bin to the first generalization bin in the Single (t(15) = 9.54,

p < 0.001; Figure 2.2H) and Multiple groups (t(15) = 2.34, p = 0.03), however, this increase was

significantly greater in the Single group ( t(21.96) = 2.14, p = 0.043). In addition, the groups only

differ in RTs over training, but not in any of the inter-key-intervals (i.e., the time in between key

presses; Figure S2.2). Crucially, however, we found that during the generalization phase, the

Single group had significantly higher inter-key-intervals than the Multiple group (Figure S2.3),

suggesting that they had to replan at intermediate steps of the trajectory unlike the Multiple

group. For the Multiple group, we did not find substantial differences in terms of RTs among the

different start-target pairs in terms of RTs. In general, RTs decreased over time in all pairs

(Figure S2.1).

Differences in generalization performance provide preliminary evidence that the Multiple

group could have used a more flexible representation of the mapping compared to the Single

group to arrive at the novel targets. In the following analysis we asked whether a similar

distinction could have arisen during the training phase. To investigate this, we hypothesized that

participants who rely on the visuomotor mapping would make more frequent choices that

require planning, compared to participants relying primarily on state-action values. In particular,

the former would be more inclined to choose options where the cursor counterintuitively moves

away from the target while actually reducing the true, model-based distance (Figure 2.3A).

While choices that move the cursor visually closer to the target can result from heuristics that

minimize unconstrained distance metrics (e.g., the chessboard distance), choices that minimize

only the model-based distance (“MB move”) require considering the long-term outcomes of

using the constrained mapping.

Indeed, we found that participants in the Multiple group made more MB moves in the

training phase compared to the Single group (t(29) = -4.34, p < 0.001; Figure 2.3A left), and also
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relative to the total number of moves (t(28.17) = -5.26, p < 0.001; Figure 2.3A middle), which

controls that participants in the Multiple group made on average more key presses in the

experiment. Most notably, we showed that this pattern remained when considering the

opportunities that participants had to minimize the model-based distance over the chessboard

distance (t(23.46) = -2.34, p = 0.02; Figure 2.3A right). The latter analysis excludes situations

where minimizing the chessboard distance or the model-based distance are confounded. For

example, when the target is only one move away from the cursor, the winning move minimizes

both distances while the other two moves increase them; similarly, when the target is to the right

of the cursor and on the same row, pressing the key that moves the cursor to the right is the

only move that minimizes both distances while the other two moves increase them. Such

situations do not represent a choice opportunity in our analysis. When participants in the

Multiple group had the opportunity to minimize either the model-based distance or the

chessboard distance, they chose to minimize the former more often than chance (i.e, more than

50% of the times; t(15) = 3.09, p = 0.007), while in the Single group they did not (t(15) = -0.95, p

= 0.35).
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Figure 2.3: Behavioral evidence of model-based computations during training of Experiment 1

and Experiment 2. (A) Examples in the Single (top) and Multiple (bottom) groups where the cursor can

move to two states that minimize the distance to the target. While moving to the purple state minimizes

both the chessboard distance (getting visually closer to the target) and the model-based distance (getting

closer to the target in mapping space), moving to the yellow state (MB move) minimizes only the true,

model-based distance, i.e., the cursor moves visually away from the target but closer in mapping space.

(B) Left: Total number of MB moves during training for each group. Middle: Number of MB moves relative

the total number of moves in the experiment. Right: Proportion of MB moves relative to the number of

opportunities to make that choice, i.e., choosing to minimize the model-based distance over the

chessboard distance as in (A). (C) The same as in (B) but for Experiment 2. The red dashed lines indicate

chance level when choosing to minimize the chessboard distance or the model-based distance.

In addition, we also examined the most frequently used trajectories across participants

during the training phase (Figure S2.4). We found that the preferred trajectories were less likely

to be shared by other participants in the Single group compared to the Multiple group. In

particular, between 3-5 participants (18-31%) in the Single group shared the same preferred

trajectory. In contrast, between 7-11 participants (43-68%) in the Multiple group converged to

the same solution for the majority of the trials. The greater heterogeneity in the trajectories used

by the Single group likely resulted from the requirement to utilize all three keys to arrive at the

target. On the other hand, the Multiple group only required the use of two keys, although all

keys were needed across the experiment. In fact, using a dynamic programming approach, we

determined that there were a total of 140 trajectories that optimally reached the target in the

Single group, whereas in the Multiple group, there were only between 21 and 35 optimal

trajectories depending on the start-target pair. The larger number of successful trajectories in

the Single group likely contributed to fewer participants finding the same solutions.

In a related analysis, we found that, within participants, both the Single and Multiple

groups showed highly homogeneous trajectories during the training phase. In particular,

participants in the Single group reliably chose two trajectories more than 50% of the time ( t(15)

= 2.86, p = 0.005; Figure S2.5), whereas the Multiple group exclusively selected a single
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trajectory more than 50% of the time for each of the four start-target pairs (t(15) = [3.28, 2.56,

2.54, 2.05], p = [0.002, 0.01, 0.01, 0.02]). While both groups displayed highly repetitive

behavior relative to their target, the absolute frequency of repetitions of the preferred trajectories

was much smaller in the Multiple group given that, by design, each target appeared for fewer

trials. Indeed, the most frequently used trajectory in the Single group was used significantly

more times than the maximum number of times the trajectory in the Multiple group could have

been used (i.e., 25% of the time; t(15) = 4.36, p < 0.001).

The differences in generalization performance between the Single and Multiple groups,

which remained marginally significant even by the end of the generalization phase, suggest that

the training regimes might have led to different learning representations in the task. While both

groups chose highly repetitive trajectories during training, which aligns with the memorization of

few solutions, the variability experienced by the Multiple group could have simultaneously

allowed the better learning of the visuomotor mapping. Evidence supporting this comes from the

more frequent selection of moves that exclusively reduce the model-based distance by the

Multiple group. In addition, the greater repetition of the preferred trajectories in the Single group

given its unique target, could have facilitated the formation of habitual responses which

interfered in the generalization phase. Indeed, supplementary analysis revealed that errors in

the generalization phase of the Single group more often began with the same key as the one

most frequently used trajectory during the training phase, compared to the Multiple group

(Figure S2.6). While these differences are numerical due to the limited power resulting from the

low error rate in the Multiple group, they suggest that beside a greater representation of the

mapping, training variability could have also prevented the interference from habitual responses.

Modeling Results

In order to explore the cognitive processes that gave rise to the differences in

performance between the groups, we evaluated five computational models from the
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reinforcement learning literature (see Materials and Methods for details). On one end of the

spectrum, we tested a model-free reinforcement learning algorithm (Sutton and Barto, 1998)

which learns state-action values using prediction errors based on the chessboard distance to

the target. On the other end of the spectrum, we implemented a model-based algorithm that

learns the visuomotor mapping of the task and uses it to find the shortest route to the target

using tree search. We selected these models as they make contrasting predictions about

generalization performance in the task (Figure 2.4). A fully trained model-free reinforcement

learning algorithm would have good performance for familiar target locations, but generate

chance-level responses for targets that have not been experienced in the past, thus predicting

poor generalization. A model-based algorithm would similarly perform well for familiar targets

but would instead be able to generalize to novel targets once the visuomotor mapping has been

learned. Finally, we tested hybrid models between the model-free and model-based algorithms,

which are weighted sums of the two components. Hybrid models would perform well in familiar

targets as the model-free and model-based algorithms, but would be able to capture different

degrees of generalization (Figure 2.4).

Figure 2.4: Models simulation. Probability of choosing the optimal move for the fully trained

models on a familiar and novel target. All models are capable of achieving ceiling performance for familiar

targets after sufficient training similar to human subjects. Responses were generated using an inverse

temperature parameter for all models. For the hybrid model 100 Uniform(0,1) samples of theβ = 4

model-based weight were used to simulate its performance. The height of the bars represents the median

and the error bars the interquartile range.
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Based on previous work (Daw et al., 2011; Gläscher et al., 2010; Kool, 2017; Lee et al.,

2014), we considered that the mixing weight between the model-free and model-based

components in the hybrid model could take the following forms: a single weight across the entire

experiment (1W), one weight for the training phase and one for the generalization phase (2W),

and a time varying weight. For the latter model, we developed a Bayesian arbitration

mechanism based on the history of familiar or novel states (AR model; see Materials and

Methods for details) which assigns a greater weight to the model-based component if novel

states are frequently encountered. On the other hand, if familiar scenarios are experienced, the

model-based weight decreases, giving way to the more habitual, model-free system. This

transition from model-based to model-free control has been reported previously (Gläscher et al.,

2010), and a preliminary modeling analysis revealed that this was a plausible scenario in our

experiment given the task statistics of the Single and Multiple groups (Figure S2.7 and Figure

S2.8). In order to compare the models, we used the Akaike Information Criterion (AIC) and the

Bayesian Information Criterion (BIC). The results of the model comparison are shown in Table

2.1.

For the Single group, the 2W hybrid model best described the majority of participants

according to both the AIC (14 out of 16) and the BIC (10 out of 16) metrics. In contrast, the

Multiple group showed mixed results depending on the metric used. While the 2W hybrid model

best described the majority of participants according to the AIC (11 out of 16), the BIC indicated

that the arbitration hybrid model was the best for 7 out of 16 participants, followed by the 1W

hybrid model (5 out of 16) and the 2W hybrid model (4 out of 16). To provide a global metric of

model performance across subjects, we performed a model comparison at the group level

(Stephan et al., 2009) see Materials and Methods for details; Figure 2.5A). This analysis

indicated that the 2W hybrid model provided the best overall description for both groups.

Specifically, a subject taken at random from the Single group had a 98% probability of being

best described by the 2W hybrid model, followed by 2% from the arbitration model. For the
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Multiple group, this probability was 57% for the 2W hybrid model, followed by 31% for the

arbitration hybrid model, and 12% for the 1W hybrid model.

Groups Models AIC AIC
wins

BIC BIC
wins

Single

MF

MB

1W

2W

AR

2637 [2037, 3563]

3968 [3339, 4555]

2589 [1980, 3382]

2556 [1968, 3359]

2585 [1965, 3381]

0/16

0/16

1/16

14/16

1/16

2649 [2048, 3922]

3973 [3345, 4056]

2612 [2003, 3665]

2584 [1996, 3668]

2608 [1988, 3677]

0/16

0/16

1/16

10/16

5/16

Multiple

MF

MB

1W

2W

AR

3079 [2508, 3910]

3109 [2631, 4050]

2766 [2272, 3641]

2753 [2263, 3639]

2761 [2273, 3653]

0/16

0/16

1/16

11/16

4/16

3090 [2519,3922]

3115 [2637, 4056]

2790 [2294, 3665]

2782 [2291, 3668]

2784 [2296, 3677]

0/16

0/16

5/16

4/16

7/16

Table 2.1: Individual model comparison for Experiment 1. The AIC and BIC columns show the

median across subjects and the interquartile range inside the square brackets. AIC wins and BIC wins

columns indicate the number of participants where the given model was the best one according to each

metric.
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Figure 2.5: Modeling results of Experiment 1. (A): Probability that a random subject taken from

the Single and Multiple groups is best described by the tested models (MF: model-free, MB: model-based,

1W: Single-seight hybrid, 2W: Two-weight hybrid, AR: arbitration model). Black dots indicate the

exceedance probability. (B) Proportion of the variability in the data explained by the models. Colored dots

represent this value for the best model according to the BIC and gray lines represent the other models.

Red and blue dashed lines represent the negative entropy (upper boundary) and the performance of a

random model (lower boundary), respectively. (C) Model-based weight in the hybrid model during training
and (D) generalization.

In addition, we computed the probability that a given model was more likely than the

others in the population, i.e. the exceedance probability (Stephan, 2009). According to this

metric, there was a high probability (>99%) that the 2W hybrid model was better than the rest of

the models in both groups. In addition, in order to evaluate how good the models were in the

absolute sense, we computed the proportion of the variability in our data that was explained by

our models as compared to the negative entropy, which is a near upper bound for our

probabilistic models (Shen and Ma, 2016; Grassberger, 1988, 2003; see Materials and Methods

for details). The median proportion of the variability explained by the best model according to

the BIC in the Single group was 76%, whereas in the Multiple group it was 68% (Figure 2.5B).
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Given that the 2W hybrid model provided the best description of the data in the

aggregate, we show the weights toward the model-based component during training and

generalization for both the Single and Multiple groups (Figure 2.5C and 5D). Differences in the

weights can indicate whether participants relied more on the model-free system during training

due to repetitions but switched to the model-based system when the task demands changed.

We performed a 2-Way ANOVA with the experimental phase (training or generalization) and the

group (Single or Multiple) as factors, and found a significant main effect of the experimental

phase (F(1,60) = 124.56, p < 0.001, = 0.56), indicating that overall participants during theη2

generalization phase had higher weights for the model-based component compared to the

training phase. Similarly, we found a significant main effect of the group (F(1,60) = 31.9, p <

0.001, = 0.43), where the Multiple group had higher model-based weights overall. A post hocη2

pairwise analysis using the Tukey's Honest Significant Difference (HSD) found that the Multiple

group had significantly higher model-based weights during training (adjusted p < 0.001) and

generalization (adjusted p = 0.02) compared to the Single group. These results corroborate our

behavioral findings, where participants in the Multiple group tended to reduce the model-based

distance to the target more often than the Single group during training (Figure 2.3B), and also

that they had better generalization performance (Figure 2.2D).

Overall, the behavioral and modeling results from Experiment 1 suggest that greater

variability during training enhances the use of the visuomotor mapping in novel scenarios, and

potentially reduces the interference from habitual responses. These behavioral findings are

supported by our computational modeling results, where we found greater model-based weights

in the Multiple group. Nevertheless, it is relevant to note that other factors could have

contributed to such results. In particular, the Multiple group could have shown better

generalization performance if the trajectories used during training were more similar to the ones

required to arrive at the targets during generalization as compared to the Single group. Second,
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while the start-target pairs in generalization trials were novel, providing feedback about the

cursor movement in such trials could generate learning about the mapping, which creates a

confound between new learning and generalization. Lastly, it is unclear whether differences in

generalization performance between the groups occurred because of a distinct representation at

the level of the visuomotor mapping or because the groups differed in their ability to use the

mapping sequentially (planning), with the Single group being unable to generate appropriate

sequences with an otherwise known mapping. We address these concerns in Experiment 2.

Experiment 2

In Experiment 1, we found that the Multiple group readily generalized their performance

to new start-target pairs during the generalization phase, while the Single group struggled to

generalize to novel pairs. However, feedback was available during the generalization phase,

allowing the Single group to potentially relearn the mapping to recover performance, which is

suggested by the elevated RTs during this phase. Here, we sought to control for this possibility

by not providing feedback during the generalization phase and placing the target only one move

away from the starting location (Figure 2.1B). In addition, to prevent further learning during the

generalization phase, we also removed the interleaved training trials.

Removing the sequential component from the generalization phase can also rule out the

potential confound that differences in performance arose due to distinct capabilities to plan new

movement sequences resulting from the training regime. Finally, placing the target one step

away, removes the possibility that better generalization performance occurs due to greater

similarity between the sequences generated during training and the ones required in

generalization.

If participants in the Single group still underperform the Multiple group in this simple

situation, it would provide further evidence that they did not know or could not use the mapping

to the extent that the Multiple group could by the end of the training phase. Apart from these
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changes, everything else remained as in Experiment 1. There were a total of 260 trials of

training for both the Single (n=16) and Multiple (n=16) groups and 20 trials of generalization.

Behavioral Results

Similar to Experiment 1, we found that the Multiple group had a slower learning curve

(Figure 2.6A) as revealed by a mixed-effects model where the Single group had significantly

higher performance up until the bin corresponding to trial 50 (p < 0.05). However, both groups

reached the same level of performance by the end of the training phase (t(29.99) = -0.19, p =

0.84; Figure 2.6B). In addition, no apparent difference in performance was noticed among the

different start-target pairs of the Multiple group, with optimal arrivals generally improving with

time (Figure S2.9). Of primary interest is how each group performed during the generalization

phase where only one move was required and no feedback was provided. Notably, the Multiple

group still outperformed the Single group early (first bin; t(22.68) = -4.81, p < 0.001; Figure

2.6C) but also late in the generalization phase (second bin; t(19.41) = -3.1, p = 0.005). However,

the performance of the Single group remained greater than chance (t(15) = 5.88, p < 0.001),

which suggests that even though they performed worse than the Multiple group, they could have

recalled some knowledge about the mapping. In addition, the Single group’s performance was

significantly worse at the onset of generalization (first bin; t(15) = -5.03, p < 0.001; Figure 2.6D)

compared to late in training, but the Multiple group’s performance did not significantly decrease

between the training and generalization phases (t(15) = -1.24, p = 0.23). The continued worse

performance by the Single group in the generalization phase suggests that they struggled to

effectively switch to model-based control and that variability in training may be necessary for a

model-based algorithm to be efficiently used.

Similar to Experiment 1, RTs in the Multiple group were overall higher during training

(Figure 2.6E; t(16.06) = -8.31, p < 0.001) and higher at the last bin of training trials (Figure 2.6F;

t(28.13) = -4.22, p < 0.001) but not in the first bin of generalization trials (Figure 2.6G; t(26.48) =
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-1.08, p = 0.28). RTs significantly increased from the last training bin to the first generalization

bin in the Single (t(15) = 6.55, p < 0.001) but not in the Multiple group (t(15) = 0.41, p = 0.68). In

addition, this change in RTs was significantly greater in the Single group (t(26.43) = 3.34, p =

0.002; Figure 2.6H).The differences in RTs increase suggest that the Multiple group did not

experience a switch in the algorithm used to solve the task, whereas the Single group likely

transitioned to a more computationally demanding algorithm. As in Experiment 1, we did not find

noticeable differences in RTs among the different start-target pairs of the Multiple group, with

RTs generally decreasing over time (Figure S2.9).

Figure 2.6: Behavioral results of Experiment 2. (A) Proportion of optimal arrivals over trial bins for
the Single (green) and Multiple (gold) groups. The black dashed line indicates the beginning of the

generalization phase. The solid dotted line represents the median and the shading region the interquartile

range. The red dashed line indicates chance level of performance. (B) Proportion of optimal arrivals in the
last bin of training trials. (C) Proportion of optimal arrivals in the first bin of generalization (novel pairs).

Red marks indicate performance in the very first trial of generalization for all subjects. (D) Difference in

the proportion of optimal arrivals between the first bin of generalization and the last one of training. The

dashed line here indicates no performance change from training to generalization (E) RTs over trial bins.
(F) RTs in the last bin of training trials. (G) RTs in the first bin of generalization (H) Difference in RTs

between the first bin of generalization and the last one of training.
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Subsequently, we performed the same analysis as in Experiment 1 looking for behavioral

signals of the use of the visuomotor mapping over state-action associations during training.

Corroborating our previous results, we found that participants in the Multiple group generated

more moves that minimized exclusively the model-based distance to the target in the absolute

sense (t(26.29) = -5.02, p < 0.001; Figure 2.3C left), relative to the total number of moves in the

experiment (t(27.71) = -5.45, p < 0.001; Figure 2.3C middle) and relative to the opportunities

they had to make this choice (t(25.66) = -3.55, p = 0.001; Figure 2.3C right). Likewise, we found

that in situations where participants could minimize either the model-based distance or the

chessboard distance, they chose to minimize the former significantly more than chance (50% of

the times) in the Multiple group (t(15) = 5.12, p < 0.001; Figure 2.3C right) but not the Single

group (t(15) = -0.92, p = 0.37).

In subsequent analyses, aiming to compare the generalization performance of

participants in Experiment 1 (targets seven moves away) and Experiment 2 (targets one move

away), we found converging evidence that participants in the Multiple group performed overall

better. Specifically, we carried out a 2-Way ANOVA over the proportion of optimal arrivals across

all generalization trials, with experiment number (Experiment 1 and Experiment 2) and group

(Multiple and Single) as factors, which revealed a significant main effect of group (F(1,60) =

31.07, p < 0.001, = 0.29; Figure 2.7A). Similarly, we found a significant main effect ofη2

experiment number (F(1,60) = 13.28, p < 0.001, = 0.12), where participants in Experiment 2η2

performed overall better. Post hoc pairwise comparisons revealed that while there were

significant differences in generalization between Experiment 1 and Experiment 2 in the Single

group (adjusted p <0.001), this difference did not reach significant levels for the Multiple group

(adjusted p = 0.09), suggesting that planning primarily affected the optimal arrivals in the Single

group.
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We performed the same analysis overt the RTs of Experiment 1 and Experiment 2, and

found a significant main effect of experiment number (F(1,60) = 27.61, p < 0.001, = 0.31;η2

Figure 2.7B) but not of group (F(1,60) = 0.15, p = 0.69, = 0.04). The post hoc pairwiseη2

comparisons revealed that participants in both the Single (adjusted p = 0.004) and Multiple

(adjusted p = 0.001) groups had lower RTs in the generalization trials of Experiment 2, indicative

of a lower computational demand compared to Experiment 1 where more planning was

necessary.

Figure 2.7: Comparison of generalization performance between Experiment 1 (smooth bars;

target seven moves away) and Experiment 2 (striped bars; target one step away) for the Single and

Multiple groups. (A) Proportion of optimal arrivals and (B) reaction times for all trials in the generalization

phase. The height of the bars represents the median and the error bars the interquartile range.

Regarding the trajectories that participants used during the training phase, we found

similar results as in Experiment 1. In particular, participants in the Single group converged to

different trajectories with only 2-3 participants (12-18%) sharing their most frequently used

trajectory. In contrast, 7-8 participants (44-50%) in the Multiple group shared the most frequent

trajectory (Figure S2.4). As in Experiment 1, we observed repetitive behavior in both the Single

and Multiple groups. Particularly, participants in the Single group chose a single trajectory more

than 50% of the time (t(15) = 2.06, p = 0.02; Figure S2.5). Similarly, the Multiple group selected
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a single trajectory more than 50% of the time (t(15) = [6.21, 6.23, 5.63, 3.91], p < 0.001).

However, as in Experiment 1, the absolute frequency of repetitions for preferred trajectories was

much smaller in the Multiple group given that each target appeared for fewer trials. The most

frequently used trajectory in the Single group was used significantly more times than the

maximum number of times the trajectory in the Multiple group could have been used (i.e., 25%

of the time; t(15) = 5.88, p < 0.001).

Modeling Results

As in Experiment 1, we evaluated five models: the model-free, model-based and three

hybrid models. The results of the model comparison are presented in Table 2.2.

Groups Models AIC AIC
wins

BIC BIC
wins

Single

MF

MB

1W

2W

AR

2090 [1526, 2603]

3204 [2775, 3526]

2074 [1498, 2482]

2069 [1470, 2465]

2072 [1484, 2479]

1/16

0/16

1/16

9/16

5/16

2101 [1537, 2614]

3209 [2780, 3532]

2096 [1520, 2505]

2097 [1497, 2493]

2094 [1507, 2502]

3/16

0/16

2/16

5/16

6/16

Multiple

MF

MB

1W

2W

AR

2468 [2063, 2854]

2436 [2164, 2780]

2157 [1845, 2551]

2132 [1838, 2543]

2156 [1860, 2580]

0/16

0/16

1/16

14/16

1/16

2497 [2074, 2865]

2441 [2169, 2785]

2197 [1868, 2573]

2160 [1865, 2571]

2178 [1882, 2602]

0/16

0/16

3/16

8/16

5/16

Table 2.2: Individual model comparison for Experiment 2. The AIC and BIC columns show the

median across subjects and the interquartile range inside the square brackets. AIC wins and BIC wins

columns indicate the number of participants where the given model was the best one according to each

metric.
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According to the AIC, we found that the majority of participants were best described by

the 2W hybrid model in the Single (9 out of 16) and Multiple groups (14 out of 16). However,

some participants were best described by the rest of the models as well. In contrast, according

to the BIC metric, there was less evidence for a dominant model at the individual level. In the

Single group, the arbitration model best described the largest number of participants (6 out of

16), followed by the 2W hybrid model (5 out of 16), the model-free model (3 out of 16), and the

1W hybrid model (2 out of 16). For the Multiple group, the 2W hybrid model best described half

of the participants (8 out of 16), followed by the 1W hybrid model (5 out of 16) and the

arbitration model (3 out of 16).

When we considered the aggregate evidence for each model across participants, we

found that a random subject taken from the Single group would have a 66% probability of being

best described by the 2W hybrid, 27% by the arbitration model, 5% by the 1W hybrid model and

2% by the model-free model. For the Multiple group, there was a 92% probability that a random

subject would be best described by the 2W hybrid model, followed by 6% from the 1W hybrid

model and 2% from the arbitration model. According to the exceedance probability, there was a

high probability (>99%) that the 2W hybrid model was better than the rest of the models in both

the Single and Multiple groups. Thus, at the population level, the 2W hybrid was the

predominant model overall (Figure 2.8A). For the best performing models at the individual level

according to the BIC, we found that, when compared with the theoretical near upper bound, they

captured 73% and 68% of the explainable variability in the data in the Single group and Multiple

group, respectively (Figure 2.8B).

Similar to Experiment 1, we analyzed the weights of the 2W hybrid model during training

and generalization. A 2-Way ANOVA with experimental phase (training or generalization) and

group (Single or Multiple), showed a significant main effect of the experimental phase (F(1,60) =

111.8, p < 0.001, = 0.48) and the group (F(1,60) = 60, p < 0.001, = 0.26), indicating thatη2 η2
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overall participants had higher model-based weights during generalization and in the Multiple

group. Post hoc pairwise comparisons revealed that the model-based weight was significantly

higher in the Multiple group during training (adjusted p < 0.001; Figure 2.8C) and generalization

(adjusted p < 0.001; Figure 2.8D). These results provide further evidence that the observed

behavioral differences between the groups during training (Figure 2.3C) and generalization

(Figure 2.6C) can be described by the components of our model.

Figure 2.8: Modeling results of Experiment 2. (A) Probability that a random subject taken from the

Single and Multiple groups is best described by the tested models (MF: model-free, MB: model-based,

1W: Single-seight hybrid, 2W: Two-weight hybrid, AR: Arbitration model). Black dots indicate the

exceedance probability. (B) Proportion of the variability in the data explained by the models. Colored dots

represent this value for the best model according to the BIC and gray lines represent the other models.

Red and blue dashed lines represent the negative entropy (upper boundary) and the performance of a

random model (lower boundary), respectively. (C) Model-based weight in the hybrid model during training

and (D) generalization.

When taken together, the behavioral and modeling results from Experiments 1 and 2

indicate that training variability encouraged a robust learning of the visuomotor mapping, which

manifested in successful generalization. While the Single group still shows evidence of having
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learned the mapping, they struggle to generalize even in simple situations that do not require

sequential planning. In contrast, the Multiple group maintained ceiling performance regardless

of whether planning was necessary (Figure 2.7). In contrast to Experiment 2, differences in

generalization held true when withholding feedback and removing the sequential component in

the generalization trials – therefore ruling out the confound of relearning and planning. In

addition, those differences remained significant until the end of the generalization phase.

Further supplementary analysis also revealed numerical differences indicating that errors

during generalization were more likely to be the result of interference from habitual responses in

the Single group than in the Multiple group (Figure S2.6). Our behavioral results were supported

by our modeling analysis, where a hybrid model with separate weights for the training and

generalization phases provided the best description of the data, and significant differences in its

weights mirrored the behavioral differences during training and generalization between the

Single and Multiple groups (Figure 2.3C and Figure 2.6C).

In the following experiment, we inquire whether the benefits in generalization

performance due to training variability can be retained over time, even when followed by a long

exposure of repetitive practice with no variability. If this were the case, this would provide

evidence that early formation of the visuomotor mapping can reduce the interference of habitual

responses in the future and allow for flexible behavior.

Experiment 3

In the previous experiments, we demonstrated that the Single group's performance

consistently decreased during the generalization phase. In this study, we investigated whether a

short exposure to training variability could prevent this decline, even when followed by a

prolonged period with no variability. To test this idea, 16 participants were briefly trained with

four start-target pairs (80 trials; now Multiple trials), followed by a first generalization phase (20

trials; Figure 2.1B). Subsequently, they were exposed to a single start-target pair for a prolonged
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period of time (1000 trials; now Single trials), followed by a second generalization phase (20

trials). As in Experiment 2, the target locations were placed one move away from the starting

point and no feedback was provided. If a visuomotor mapping is trained early on and maintained

in memory – even if not being used – then participants would show good performance both in

the first and second generalization phase. Alternatively, the prolonged period with no variability

in the Single trials, most likely dominated by model-free processes, could impair the previously

learned mapping resulting in good performance in the first but not in the second generalization

phase.

Behavioral results

We found that prior to starting each generalization phase, the performance of

participants was not statistically different between the Single trials and Multiple trials (t(15) =

1.58, p = 0.13; Figure 2.9B). Most notably, generalization performance was not significantly

different after the Single and Multiple trials (t(15) = 1.05, p = 0.3; Figure 2.9C). Similarly, there

was no significant change in performance from the end of the Multiple trials to the beginning of

the first generalization phase (t(15) = 1.05, p = 0.3), nor from the end of the Single trials to the

beginning of second generalization phase (t(15) = -1.43, p = 0.17). Furthermore, we did not find

a significant difference among the change in performance in the two trial phases (t(29.52) =

-1.88, p = 0.07; Figure 2.9D).
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Figure 2.9: Behavioral performance in Experiment 3. (A) Proportion of optimal arrivals over trial

bins. Participants were exposed to the Multiple trials (gold) followed by the Single group (green). The solid

dotted line represents the median and the shading the interquartile range. The first (trials 81-100) and

second (trial 1100-1020) generalization phases are demarcated with the dashed vertical lines. The red

dashed line indicates chance level of performance. (B) Proportion of optimal arrivals in the last bin of

training trials. (C) Proportion of optimal arrivals in the first bin of generalization (novel pairs). Red marks

indicate performance in the very first trial of generalization for all subjects. (D) Difference in the proportion
of optimal arrivals between the first bin of generalization and the last one of training.

In contrast with the comparable performance of participants in terms of optimal arrivals,

their RTs differed considerably among the different stages of the experiment. In particular, RTs

were significantly higher at the end of the Multiple trials compared to the end of the Single trials

(t(15) = -3.28, p = 0.003; Figure 2.10B), suggesting that, as in our previous experiments, during

the Multiple trials participants were relying more heavily on knowledge about the mapping (i.e.,

model-based computations). Crucially, we still found an increase in RTs from the end of Single

trials to the beginning of the second generalization phase (t(15) = 5.18, p < 0.001; Figure

2.10D), suggesting a switch from state-action associations to model-based computations.

However, in contrast to Experiment 1 and Experiment 2, such increase in RTs was accompanied

by good generalization performance.
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As in our previous experiments, we did not observe a change in RTs from the end of the

Multiple trials to the beginning of the first generalization phase (t(15) = -1.52, p = 0.14; Figure

2.10D), which suggest that participants did not have to switch to a different algorithm during this

transition. Notably, given the extended practice in the Single trials, all the inter-key-intervals

were significantly lower (p < 0.01) than in the Multiple trials (Figure S2.2), which was not

observed in the previous experiments.

Figure 2.10: RTs in Experiment 3. (A) Per-subject medians of RTs across trial bins (1 bin = 10

trials). Gold data points indicate the Multiple trials and the green data points the Single trials. The first

(trials 81-100) and second (trial 1100-1020) generalization phases are demarcated with the dashed

vertical lines. The solid dotted line represents the median and the shading the interquartile range. (B) RTs
in the last bin of training trials. (C) RTs in the first bin of generalization (novel pairs). (D) Difference in RTs
between the first bin of generalization and the last one of training.

Modeling results

We evaluated our previous models with the only change that, instead of the 2W hybrid

model, we incorporated a hybrid model with four weights (4W hybrid model), one for every stage
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of the experiment (Multiple trials, first generalization phase, Single trials and second

generalization phase). Table 3 shows the results of the individual model comparison. We found

that for both the AIC and BIC, the 4W hybrid model proved to be the best model for all

participants. This finding was corroborated by our group model comparison, where there was a

high probability (>99%) that a random subject taken from our population was best described by

the 4W hybrid model (Figure 2.11A). Similarly, the exceedance probability indicated that the 4W

hybrid model was better than the other models with high probability (>99%). Among all

participants, this model was able to capture a median of 75% of the explainable variability in the

data (Figure 2.11 B).

Models AIC AIC
wins

BIC BIC
wins

MF

MB

1W

4W

AR

8910 [6991, 10941]

14562 [12110, 15820]

8788 [6980, 10882]

8595 [6838, 10750]

8750 [7159, 10978]

0/16

0/16

0/16

16/16

0/16

8924 [7005, 10955]

14569 [12117, 15827]

8816 [7007, 10911]

8644 [6887, 10799]

8778 [7187, 11006]

0/16

0/16

0/16

16/16

0/16

Table 2.3: Individual model comparison for Experiment 3. The AIC and BIC columns show the

median across subjects and the interquartile range inside the square brackets. AIC wins and BIC wins

columns indicate the number of participants where the given model was the best one according to each

metric.

We compared the model-based weights of the hybrid model across the different

experimental stages using a 2-Way ANOVA with experimental phase (training or generalization)

and trial type (Single or Multiple) as factors, which revealed a significant main effect of the

experimental phase (F(1,60) = 48.96, p < 0.001, = 0.31) and trial type (F(1,60) = 23.36, p <η2

0.001, = 0.15), indicating that the model-based weights were in general higher duringη2
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generalization and for the Multiple trials. However, post hoc pairwise comparisons revealed that

there was no difference between the model-based weights between the generalization phases

(adjusted p = 0.99), but there was a significant difference during the Single and Multiple trials

(adjusted p < 0.001), with the model-based weights reaching near zero values for the prolonged

Single trials (Figure 2.11C).

Figure 2.11: Modeling results of Experiment 3. (A) Probability that a random subject is best

described by the tested models (MF: model-free, MB: model-based, 1W: Single-seight hybrid, 4W:

Four-weight hybrid, AR: Arbitration model). Black dots indicate the exceedance probability. (B) Proportion
of the variability in the data explained by the models. Gray dots represent this value for the best model

according to the BIC and black lines represent the other models. Red and blue dashed lines represent the

negative entropy (upper boundary) and the performance of a random model (lower boundary),

respectively. (C) Model-based weight in the hybrid model during training and generalization in the Single

and Multiple trials.

The results from Experiment 3 indicate that, even though participants were most likely

relying on state-action associations during the prolonged period with no variability as reflected in

low RTs, they were able to flexibly switch to model-based computations when presented with

novel start-target pairs, as revealed by increased RTs and successful generalization. Such

findings, which were supported by differences in the weights of the 4W hybrid model, show that

a brief exposure to high variability can allow the formation of robust knowledge about the

visuomotor mapping which can lead to successful generalization in the future.
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Experiment 4

It is well-established that skill learning can involve both explicit and implicit processes to

varying degrees depending on the training conditions (Jiménez et al., 2006; McDougle et al.,

2015; Taylor et al., 2014). In our prior experiments, the visuomotor mapping was relatively

simple and deterministic (i.e., three keys map to three cursor directions) and, as a result, it is

possible that participants may have developed explicit knowledge about it and/or the sequence

of key responses. If successful generalization was dependent on an explicit representation of

the mapping, one potential scenario is that generalization performance will be impaired,

particularly in the Multiple group, when learning occurs implicitly. To address this possibility, we

introduce a stochastic grid navigation task for the Single (n=16) and Multiple (n = 16) groups,

where on every move there was a probability of 0.2 that the key press could move the cursor to

any of the adjacent locations different from the original mapping (see Materials and Methods for

details). Introducing stochasticity between stimulus-response mappings is a common method to

blunt awareness and explicit learning in studies of motor sequence learning (Jiménez et al.,

2006; Schvaneveldt and Gomez, 1998). In addition, we evaluated the level of explicit knowledge

of the visuomotor mapping at the end of the task by asking participants where they thought the

keys move the cursor to.

While adding stochasticity could impair the generalization performance in the Multiple

group if the mapping was learned explicitly in our previous experiments, it is unclear the extent

to which such variability in the key-outcome relationship would affect the performance in the

Single group. One possible scenario is that, as in the Multiple group, any benefit from the

explicit use of the mapping would go away, therefore making their generalization performance

even worse. Alternatively, introducing key-outcome variability would, by default, prevent the

repetitive sequence generation behavior that a deterministic mapping would induce, which could

result in an enhanced use of the mapping.
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Therefore, by leveraging this method, we ask two main questions: 1) Is better

generalization performance observed in the Multiple condition, the result of an explicit

representation of the visuomotor mapping? 2) Will the training variability induced by a stochastic

mapping lead to better generalization in the Single group?

Behavioral Results

As a result of the stochasticity in the task, optimal arrivals were rare, therefore as a

behavioral measure of performance we considered only arrivals to the target, regardless of the

number of key presses. As in Experiments 1 and 2, the Multiple group learned more slowly than

the Single group as revealed by a mixed effect analysis and where the Single group was

significantly better than the Multiple group in 20 out of the 26 trial bins of training (p < 0.05;

Figure 2.12A). However, asymptotic performance was similar between the groups by the end of

the training phase (t(26.73) = 1.31, p = 0.19; Figure 2.12B). More importantly, there were no

differences in generalization performance (t( 27.74) = -1.3351, p = 0.1927; Figure 2.12C) or in

the change of performance from training to generalization (t (28.32) = -1.88, p = 0.07; Figure

2.12D). However, the Single group did significantly decrease its performance from training to

generalization phases (t(15) = -2.65, p = 0.01) whereas the Multiple group did not (t(15) = -0.34,

p = 0.73).
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Figure 2.12: Behavioral results of Experiment 4. (A) Proportion of optimal arrivals over trial bins

for the Single (green) and Multiple (gold) groups. The black dashed line indicates the beginning of the

generalization phase. The solid dotted line represents the median and the shading region the interquartile

range. The red dashed line indicates chance level of performance. (B) Proportion of optimal arrivals in the
last bin of training trials. (C) Proportion of optimal arrivals in the first bin of generalization (novel pairs).

Red marks indicate performance in the very first trial of generalization for all subjects. (D) Difference in

the proportion of optimal arrivals between the first bin of generalization and the last one of training. The

dashed line here indicates no performance change from training to generalization (E) RTs over trial bins.
(F) RTs in the last bin of training trials. (G) RTs in the first bin of generalization (H) Difference in RTs

between the first bin of generalization and the last one of training.

In contrast with the comparable performance in terms of target arrivals, we found that

RTs at the end of the training phase remained significantly higher in the Multiple group (t(28.65)

= -2.28, p = 0.02; Figure 2.12F). However, no difference in RTs was found between the groups

at the beginning of the generalization phase (t(26.6) = 1.28, p = 0.21; Figure 2.12G) as the

Single group significantly increased their RTs (t(15) = 11.05, p < 0.001; Figure 2.12H) to the

level of the Multiple group. In contrast, no increase in RTs was found in the Multiple group (t(15)

= 0.16, p = 0.87). Similarly, the increase in RTs was significantly greater in the Single group

(t(29.36) = 2.74, p = 0.009; Figure 2.12H).

At the end of the experiment, participants performed an explicit test where they were

asked to report the direction the key moved the cursor to. Both groups showed similar degrees
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of explicit knowledge of the key-to-direction mapping (Figure 2.13A). For the Single group 68%

(11 out of 16) knew all the keys correctly whereas 32% knew two, one or zero key directions.

For the Multiple group 62% (10 out of 16) knew all the keys correctly while 38% (6 out of 16)

knew two, one or zero key directions. We further explored whether participants that correctly

knew the mapping (scoring 3 in the explicit test) in either group had better generalization

performance than people that did not know it, or partially knew it (scoring lower than 3). While

participants who had full knowledge of the mapping optimally arrived at the target more often on

average than participants who had less knowledge, this difference was not significant (t(18.34) =

-1.84, p = 0.08; Figure 2.13B). This suggests that explicit knowledge may not be a strong

determinant of how people perform in the task.

Figure 2.13: Results of the explicit test in Experiment 4. (A) Number of participants that correctly
knew zero, one, two or three moving directions of the keys. (B) Proportion of optimal arrivals in the

generalization phase for participants that score 3 or less than 3 in the explicit test of Experiment 4.

Modeling Results

Table 4 shows the results of the model comparison at the individual level. We found that

the 2W hybrid model best described the majority of the participants in both groups according to

the AIC (12 out of 16 participants in the Single group and 13 out of 16 participants in the

Multiple group) and BIC (9 out of 16 participants in the Single group and 8 out of 16 participants

in the Multiple group) metrics. In addition, we found that there was a 94 % and 76% probability
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that a random subject taken from the Single and Multiple groups, respectively, was best

described by the 2W hybrid model (Figure 2.14A), and a > 99% probability that such model was

better than the others overall according to the exceedance probability. Furthermore, we found

that across participants the best performing model captured a median of 81% and 69% of the

explainable variability in the data for the Single and Multiple groups, respectively (Figure 2.14B).

Groups Models AIC AIC
wins

BIC BIC
wins

Single

MF

MB

1W

2W

AR

4096 [4297, 6157]

6066 [5458, 7233]

4627 [4289, 6144]

4620 [4276, 6137]

4631 [4310, 6144]

0/16

0/16

3/16

12/16

1/16

4702 [4309, 6170]

6072 [5464, 7239]

4651 [4313, 6168]

4650 [4306, 6168]

4655 [4334, 6169]

5/16

0/16

1/16

9/16

1/16

Multiple

MF

MB

1W

2W

AR

7957 [5235, 10349]

8386 [5609, 10658]

7752 [5032, 10133]

7736 [5020, 10129]

7786 [5034, 10133]

0/16

0/16

1/16

13/16

2/16

7970 [5247, 10362]

8392 [5615, 10665]

7778 [5056, 10159]

7768 [5050, 10162]

7812 [5058, 10159]

0/16

0/16

3/16

8/16

5/16

Table 2.4: Individual model comparison for Experiment 4. The AIC and BIC columns show the

median across subjects and the interquartile range inside the square brackets. AIC wins and BIC wins

columns indicate the number of participants where the given model was the best one according to each

metric.
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We performed a 2-Way ANOVA over the model-based weights of the 2W hybrid model

and found a significant main effect of the experimental phase (F(1,60) = 64.43, p < 0.001, =η2

0.47) and the group (F(1,60) = 10.54, p = 0.001, = 0.07), indicating that overall the weightsη2

were higher during generalization and for the Multiple group. Nevertheless, when performing

post hoc pairwise comparisons, we found that, although there were clear numerical differences

between the weights of the groups during training (Figure 2.14C), this difference did not reach

significance levels (adjusted p = 0.07). Similarly, there was no significant difference between the

weights of the groups during generalization (adjusted p = 0.15; Figure 2.14D).

Figure 2.14: Modeling results of Experiment 4. A: Probability that a random subject taken from

the Single and Multiple groups is best described by the tested models (MF: model-free, MB: model-based,

1W: Single-seight hybrid, 2W: Two-weight hybrid, AR: Arbitration model). Black dots indicate the

exceedance probability. B: Proportion of the variability in the data explained by the models. Colored dots

represent this value for the best model according to the BIC and gray lines represent the other models.

Red and blue dashed lines represent the negative entropy (upper boundary) and the performance of a

random model (lower boundary), respectively. (C) Model-based weight in the hybrid model during training
and (D) generalization.
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Overall, the results of Experiment 4 show that both groups had similar explicit knowledge

about the mapping and that this knowledge was not related to participants’ generalization

performance. In addition, we found that adding stochasticity to the task improves generalization

performance in the Single group to the level of the Multiple 2), as reflected in significantly lower

RTs. Therefore, these results suggest that a group, suggesting that the former learned the

mapping, potentially by preventing them from memorizing the sequence solution to the goal.

While the Single group was able to generalize to levels comparable to the Multiple group, they

did not show the computational demands of the latter during training (also observed in

Experiment 1 and stochastic training with no variability in the start-target pairs, could bring the

generalization benefits of training with multiple start-target pairs, while at the same time

reducing its computational cost. Our modeling analyses indicate that such results could arise

with stochastic training allowing to appropriately increase the weight of model-based

computations during the generalization phase.

Discussion

A vast number of skills require the formation of novel visuomotor mappings. Sometimes

these mappings can be completely arbitrary like in video games, where an “up” press on a video

game controller can lead a virtual character to move or jump. The advantage of learning and

using these mappings, as opposed to simple state-action associations, is that the mappings can

be used for planning and generalization to novel contexts (Tolman, 1948; Behrens, 2018; Kahn

et al., 2018).

Across four experiments in a grid navigation task, we found that increasing the variability

in the number of start-target pairs enables participants to more effectively use the visuomotor

mapping and generalize to novel pairs. In particular, the Multiple group showed significantly

better generalization performance than the Single group to pairs that required planning

(Experiment 1), but also for the ones requiring no planning (Experiment 2). These results

suggest that the lack of variability during training can impair the use of the visuomotor mapping
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even for simple decisions. While the effects of training variability were clear during the

generalization phase, we also found evidence that participants in the Multiple group made

choices that reflected a greater use of the visuomotor mapping during training (Figure 2.3). In

Experiments 3 and 4, we found that the limited generalization observed in the Single group can

be enhanced by a short period of variability introduced early in learning or by incorporating

stochasticity into the visuomotor mapping. In addition, our modeling results, along with

differences in reaction times, indicate that the Multiple group assigned greater model-based

control during the task, while the Single group struggled to switch from a model-free system to

model-based computations when encountering novel pairs.

It is well known that training variability leads to better generalization performance in a

variety of cognitive domains (Raviv et al., 2022). However, the evidence for such effects in

motor learning tasks, particularly for motor adaptation, is mixed (Berniker et al., 2014; Braun et

al., 2010). For example, in a visuomotor adaptation task, Berniker et al (2014) found that two

groups of participants trained in workspaces of different sizes, which induced low or high

variability in the reaching movements, had no differences in generalization performance on a

novel workspace. In line with these results, several studies in motor adaptation suggest that

learning proceeds rather locally (Mattar and Ostry, 2016; Berniker et al., 2013), with a very

limited capacity to generalize beyond the trained range. In addition, Thoroughman and Taylor

(2005) found that when the spatial complexity of a force field was increased, which necessarily

increases variability, generalization actually narrowed rather than broadened.

On the other hand, Braun et al.c found that participants trained with random rotations,

which would average out generating no learning but induce movement variability, were able to

adapt faster to subsequent rotations compared to a control group. Their results suggest that

training variability can lead to structural learning, i.e., visuomotor rotations, with subsequent

learning primarily recalibrating the parameters of the rotation, i.e., the angle. It is important to

note, however, that in subsequent work we found that the variability-induced benefit to
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generalization was the result of explicit strategies and not implicit adaptation (Bond and Taylor,

2017).

Motor adaptation studies reporting limited generalization would suggest that learning in

our task proceeds in a different manner (McDougle et al., 2022). In fact, McDougle et al. (2022)

found that LSJ, a patient with severe bilateral hippocampal damage, was able to improve her

performance in visuomotor adaptation tasks but was unable to learn a novel key mapping for

grid navigation. Such results suggest that successful performance in the grid navigation task

depends on brain regions known to be crucial for spatial navigation and planning (Mattar and

Lengyel, 2022), in contrast to the cerebellar-dependant mechanisms involved in motor

adaptation (Shadmehr et al., 2010; Cullen and Brooks, 2015; Sokolov et al., 2017).

It is possible, however, that some form of structural learning about the key sequences

could have occurred during the training phase of Experiment 1, similar to the results of Braun et

al. (2010), which could have resulted in better generalization for the Multiple group. Specifically,

in Experiment 1, both the training and generalization phases had start-target pairs that were

seven moves apart. However, by design, the Multiple group sampled a larger number of

sequences during training, which may have inadvertently exposed them to elements of the

trajectories needed to reach the targets in generalization. Although no start-target pair in

generalization required the exact key press sequence as those in training, some prototypical

movement patterns might have been reused to reach the novel targets. However, this scenario

was ruled out in Experiment 2, where targets were only one move away during generalization,

yet the Single group still showed significantly lower performance throughout the generalization

phase. Therefore, we believe that differences in generalization performance observed between

the Single and Multiple group were less likely to occur due to differences in structural learning,

but instead due to differences in their ability to flexibly use their internal model (visuomotor

mapping).
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Notably, in spite of the differences in generalization performance observed in Experiment

1 and 2, the Single group did show evidence of using the visuomotor mapping, albeit not as

effectively as the Multiple group. For example, they performed greater than chance when the

novel targets were one move away. In addition, when contrasting the generalization

performance in Experiments 1 and 2, their RTs increased more for distant targets than for

proximal targets, indicating that they were planning (Redish, 2016; Jensen and Mattar, 2024).

This result rules out the possibility that the observed change in RTs occurred solely due to the

novelty of the targets, or that participants were just responding randomly. In addition, we also

found that the inter-key-intervals during the generalization phase of Experiment 1, were

significantly higher in the Single group, strongly suggesting that they had to revisit the

visuomotor mapping to plan at intermediate steps of the trajectory. In terms of the modeling

results, the Single group also showed model-based weights greater than zero during the training

and generalization phases of Experiment 1 and 2, suggesting some influence of model-based

computations. Lastly, even in the stochastic version of the task of Experiment 4, most

participants in the Single group explicitly knew the moving directions of the keys to some extent,

which makes it unlikely that they did not know them in the deterministic, and arguably simpler

version of the task from Experiment 1 and 2.

We believe the inability of the Single group to use the visuomotor mapping as flexibly as

the Multiple group was, in part, the result of the increased competition from habitual responses

developed during the training phase. Indeed, a supplementary analysis from Experiment 1 and

2 revealed that, in the Single group more often than in the Multiple group, the errors during the

generalization phase started with the same key as the one of the most frequently used

sequence during training (Figure S2.6) – which suggest a persistence pattern characteristic of a

habit. Our computational modeling analyses support these results as the model-based weights

in the 2W hybrid model remained consistently lower overall in the Single group, but most

importantly, following the transition from training to generalization, reflecting a greater influence
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of model-free processes. Relatedly, when presented with stochasticity in the visuomotor

mapping (Experiment 4), which in principle prevented participants from repeating the same

sequence of key presses during training, the Single group matched the performance of the

Multiple group in generalization. This type of training could have disrupted the formation of

habitual responses and allow the flexible use of the learned mapping.

Previous research has demonstrated that a key characteristic of habitual responses is

their persistence after reward devaluation (Adams, 1982; Dickinson, 1985). However, a history

of reward might not be necessary for the formation of habits as they can emerge simply through

the repetition of actions (Thorndike, 1911; Miller et al., 2019; Du et al., 2022). While our models

implement reward as visually minimizing the (chessboard) distance to the target, it is unclear the

extent to which this is actually rewarding for participants. In addition, the explicit presentation of

rewards in our task (emoji faces at the end of the training trials) was relatively sparse.

Therefore, it seems more plausible that any habitual response emerging during generalization,

resulted from its frequent repetition during the training phase (Figure S2.6), rather than due to

its strengthening from reward. One major limitation of our work is that the current version of our

models do not explicitly account for such autocorrelation of responses. Instead, our

implementation of the model-free system only predicts chance-level responses in the face of

novel start-target pairs. This assumption is not accurate and would likely benefit from the

incorporation of a persistence component of previously taken actions (Daw, 2011; Miller et al.,

2018). The exact level at which persistence can occur in our task is an empirical question. For

example, it can manifest at the global level if a subject has a tendency to press one key more

often than the others throughout the task, regardless of the start-target pair or the current

location of the cursor. Alternatively, persistence can occur at a more local level, where

responses would be more likely to be repeated on a given grid state, or for a given start-target

pair. Allowing the models to capture habitual responses during generalization could improve the
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model fits and lead to a more pronounced difference in the model-based weights between the

Single and Multiple groups.

In addition to the potential interference of habitual responses during generalization, the

lower performance in the Single group could also be attributed to the abrupt transition from the

training to the generalization phase, which the Multiple group experienced to a lesser extent

given the trial-to-trial variability. While this is a plausible scenario in the very first generalization

trial —where participants in the Single group did perform at chance level (Figure 2.6C) — it is

unlikely to account for their consistently lower performance throughout the generalization phase.

Although we did observe some recovery, the Single group continued to exhibit significantly lower

performance than the Multiple group by the end of the generalization phase when we controlled

for new learning (Figure 2.6A). In contrast, studies on change-point detection find that

performance typically recovers immediately after an abrupt transition when a controller is well

known, at least in simple scenarios (Nassar et al., 2010; Wilson et al., 2013).

Finally, a potential reason as to why the Single group could have exhibited worse

generalization performance is because trajectory solutions for the unique start-target pair

required the predominant use of the left-up and left-down keys, as compared to the right key.

This asymmetry in responses could have led to greater errors associated with the latter key. We

addressed this potential confound by analyzing if errors during generalization in the Single

group were more frequently associated with the key moving the cursor to the right. We

attempted to address this question by examining the generalization trials of Experiment 2 as

they require a single move. We found that only 17% of the errors in generalization across all

participants were related to this key. Therefore, lower generalization performance could not be

attributed to the fewer training samples with the right key in the Single group.

In terms of our computational models, we leveraged a well known distinction in

reinforcement learning between model-free and model-based algorithms (Daw et al., 2005;

Botvinick et al., 2019). Although there is evidence that humans may use both systems (Gläscher
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et al., 2010; Schultz et al., 1997), it is less clear the way in which they interact with one another.

Similar to previous research (Daw et al., 2011; Gläscher et al., 2010), we assumed this

interaction could occur as a simple weighted sum of the output of the systems with fixed

weights. However, we also proposed a novel arbitration mechanism based on the encounters

with familiar states. While this model did not provide the best fit at the population level, it

provided the best fit for several participants at the individual level for Experiments 1, 2 and 4. It

remains to be tested whether other arbitration models (Lee et al., 2014; Kim et al., 2019) can

provide a better fit than our arbitration model or than the fixed weight hybrid models.

Similarly, further variations of the planning algorithm can be incorporated into the

models. For example, even though Breadth First Search is suitable to solve deterministic tasks

like ours, algorithms that incorporate heuristics, uncertainty or resource rational computations

like pruning or truncation, seem more likely to be implemented by the brain (Mattar and Lengyel,

2022; van Opheusden et al., 2023). We decided to implement Breadth First Search (BFS) given

its uniform structure which allows it to explore all paths that lead to the target (even if not

immediately obvious). This was particularly important because participants often chose moves

that deviated from the target but were optimal, which would have been harder to detect using

search algorithms that typically favor moves toward the target (e.g., based on chessboard

distance or Euclidean distance heuristics). While our model-free algorithm does tend to prefer

such moves, the model-based algorithm aimed to capture the less intuitive moves that likely

reflected planning. However, our implementation of BFS assumes that participants can plan

with infinite depth, which is an unrealistic assumption. Future variations of this model can

include limits in the planning depth known as “lookahead” which can be more biologically

plausible (Mattar and Lengyel, 2022). Alternatively, learning algorithms that do not incorporate

model-based computations have also been shown to generalize by transferring value across

states and actions (Colas et al., 2022). However, the fact that reaction times were significantly

higher in the Single and Multiple group for distant targets (Experiment 1) compared to proximal
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targets (Experiment 2) strongly suggests that participants were engaged in planning in our task.

Additionally, RTs in all our experiments were consistently higher than the inter-key intervals

(Figure S2.2), which likely indicates the time participants spent preparing the sequence of key

presses to reach the target—i.e., planning.

For Experiment 3, we found that the benefit of having variable training over

generalization remained even after a long exposure to no variability. We believe this is a result

of the formation of the novel visuomotor mapping at an early stage of learning (Fitts and Posner,

1967), and the abrupt change in variability could have separated the mapping memory from

future updates (Gershman et al., 2010; Heald et al., 2021), preventing it from being forgotten.

Subsequently, during the period of no variability, novel state-action associations could have

been formed. If separate memories for the visuomotor mapping and the state-action

associations were formed, the latter could have potentially been evoked by reducing the

preparation time during generalization (Hardwick et al., 2019). Crucially, unlike in Experiments 1

and 2, the increase in reaction times from the end of the Single trials to the beginning of the

second generalization phase was also accompanied by successful generalization. This

suggests that participants were able to effectively switch to model-based computations.

The results of Experiment 3 corroborate previous findings outside visuomotor adaptation

that indicate that the benefits of variable training occur when variability is introduced early in

learning as opposed to later (Raviv et al., 2023), but only when variability is not too high. In our

experiments, variable training implied being exposed to four pairs of start-target locations, which

were repeated at least 20 times each (early in learning Experiment 3) and up to 70 times

(Multiple conditions in Experiments 1, 2 and 4), which we believe provided participants enough

familiarization with each of them. Had they experienced more variability, for example by

changing the start-target pairs every trial, performance could have been slower and the benefits

in generalization could have arrived later.
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In Experiment 4, we showed that variability in the form of a stochastic mapping can lead

to comparable generalization performance between the Single and Multiple groups. However,

the significantly lower RTs during the training phase by the Single group, indicate that the

improvements in generalization do not come at the expense of higher RTs during training.

Therefore, a stochastic training with a single goal, can prove to be an effective regime that

maintains the benefits of both model-free and model-based computations. In addition, while we

were not able to fully remove the awareness of the mapping in the task, we did not find

evidence that differences in awareness between participants were related to generalization

performance. We believe further investigation is necessary to test the role of explicit processes

in the learning of visuomotor mappings as previous research suggests they might be crucial in

tasks similar to ours (McDougle et al., 2022; Wise and Murray, 2000).

Whereas most of previous studies in sequence learning like SRT, m x n tasks or discrete

sequence production have allowed the study of externally generated sequences specified by the

experimenter, there has been a recent interest in sequences that humans generate internally

(Bera et al., 2021), which, by not being constrained, allow us to explore the planning processes

that make humans arrive at given solutions to achieve goals. A model task in this direction has

been grid navigation. Our work provides a step in this direction by further providing cognitive

models of the processes that might generate these sequences: model-based mapping learning

and state-action associations. We believe these types of tasks are good models of a variety of

the activities that humans perform in their lives such as playing video-games, musical

instruments or sports, where improvisation and self selection of actions is a common feature.

However, it is important to note that in contrast to the complexity of the mappings that humans

learn in their lives, the mapping that we tested in our studies was relatively simple. Therefore,

there is a need to study mappings with greater complexity. In a recent work (Velazquez-Vargas

and Taylor, 2023), we address this point by asking participants to navigate in the grid using a

mapping based on the less intuitive rule of the ‘Knight’ from chess. This and similar settings can
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allow the study of the processes, such as learning and planning, involved in the acquisition of

complex skills

Finally, grid navigation as in the current experiments sits at the intersection of motor

learning and spatial navigation where the interaction of procedural and declarative processes

likely occurs. For example, previous studies have highlighted that participants with some

impairment in declarative knowledge do not perform as well as controls in similar tasks

(McDougle et al., 2022). Therefore, grid navigation could be used as a testbed for how

declarative knowledge contributes to the acquisition of a motor skill. At the same time, it rests at

the level of complexity where it is still tractable to build relatively simple cognitive models to

explain human performance.

Supplementary material

Figure S1: Target specific performance for the Multiple group in Experiment 1. No apparent
differences were found in the performance between the different start-target pairs.
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Figure S2.2: Reaction times and interkey intervals in the training phase of Experiments
1-4 (from left to right).

Figure S2.3: Reaction times and interkey intervals in the generalization phase of
Experiments 1.
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Figure S2.4: Most frequently used trajectories across participants in Experiment 1 and Experiment

2. Above each grid, we show the percentage of participants for which the depicted trajectory was the most

frequently used during training. We show trajectories that were preferred by at least two subjects.

Figure S2.5: Cumulative use of the most frequent trajectories during the training phase in

Experiment 1 and Experiment 2. The red line indicates the maximum value for the start-target pairs in the

Multiple group (proportion = 0.25), given that each pair only appeared in one quarter of the trials. The

different types of gold lines indicate each of the four start-target pairs in the Multiple group.

Figure S2.6: Evidence for the interference of habitual responses during the generalization phase in

Experiment 1 and 2. For a given subject, we computed the number of errors during the generalization

phase where the first move (the only move in Experiment 2) matched the first move of the most frequently

used sequence during their training phase. Given that participants in the Multiple group did not make

many errors, we aggregated these values across subjects and divided them by the total number of

generalization errors across all participants. We report this value in the Y axis of the plot and the dashed

redline denotes chance level.
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Figure S2.7: Model-based weight over trials for the unconstrained model in the Multiple (gold) and

Single (green) groups of Experiment 1 and Experiment 2. The weights represent a time series of free

parameters. A value of 1 reflects fully model-based, while a value of 0 reflects fully model-free. The

dashed line demarcates the start of the generalization phase.

Figure S2.8: Simulations of the model-based weight over time in the arbitration model for different

values of in the Single and Multiple groups.τ
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Figure S2.9: Target specific performance for the Multiple group in Experiment 2. No apparent

differences were found in the performance between the different start-target pairs.

Figure S2.10: Model comparison between our model-free algorithm (here MF*) and SARSA (20).

SARSA provides a temporal difference update to state-action values for every start-target pair:

Q(s,a)←Q(s,a)+α[r+γQ(s′,a′)−Q(s,a)]. We evaluated the models in the data of Experiment 1 and

Experiment 2 using AIC and BIC differences and testing if they were different from zero using the

Wilcoxon signed-rank test. We found that our model performed the same or better than SARSA

depending on the metric. In particular, the AIC difference was significantly in favor of our model for the

Single group (V = 34, p = 0.04), although there was no difference between the models in the Multiple
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group (V = 77, p = 0.33). According to BIC, which penalizes more strongly the extra parameter γ in

SARSA, our model-free algorithm was significantly better for the Single (V = 0, p < 0.001) and the Multiple

group (V = 26, p = 0.01). We found similar results for the data on Experiment 2, with no significant

difference in performance between the models for the Single (V = 46, p = 0.13) or the Multiple group (V =

67, p = 0.97) according to AIC, but our model outperformed SARSA for both the Single (V = 31, p = 0.02)

and the Multiple group (V = 26, p = 0.01) according to BIC.

Figure S2.11: Results of parameter recovery. On the x axis is the simulated parameter and on the

y axis the recovered parameter. The parameters for each model are indicated with different colors (MF =

green, MB = orange, 1W = purple, 2W = blue, AR = gold): = learning rate, = inverse temperature, =α β τ

memory window, = model-based weight, = model-based weight in training, = model-based weightω ω
1

ω
2

in generalization. Red lines represent the linear fit to the data and the gray shading the 95% confidence
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interval. On the top of each plot we show the Pearson correlation between the simulated and recovered

parameters as well as its associated p value.

Figure S2.12: Confusion matrix with model recovery results. Numbers inside the cells represent

the proportion of times that the model in the Y axis best recovered the data generated by the model on

the X axis according to BIC.
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Chapter 3

Introduction

In Chapter 2, I studied two different types of mappings that humans can learn when

acquiring new motor skills. While the mapping participants learned provided valuable insights

about its nature, it was relatively simple to acquire. Indeed, participants took around 80 trials

(5-10 minutes) to reach asymptotic performance. This can contrast with more complex skills

where people can take hours or even days to be learned. In this chapter, I address this point by

making participants learn a more complex mapping, which also allows the study of the

relationship between motor learning and planning more in detail.

Many of the skills that humans acquire in their lives require some extent of motor

learning and planning. For example, when learning to play the guitar, one should learn which

configuration of the hand generates a chord or a note. Subsequently, in order to generate a

desired song, one must concatenate those configurations into sequences, a process which

requires planning. The goal of this chapter is to study how skills requiring motor learning and

planning are acquired.

Developments on motor learning and planning research currently provide no clear

answers to this problem. On the one hand, the acquisition of a novel mapping has been studied

in sequence learning tasks where people have to learn what action to take, normally key

presses, when arbitrary visual stimuli are presented on a computer screen (Balsters & Ramnani,

2011). However, there is generally no overarching goal towards which people can freely use the

mapping, i.e., choosing their own sequence of actions, such as in video games. Additionally, in

most sequence learning tasks, the sequence to be learned is fully specified by the experimenter

(Korman et al., 2003; Kami et al., 1995). This limits considerably the planning aspect of the

tasks, especially for internally-generated skills such as in musical improvisation or playing video

games (Bera et al., 2021)
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One exception is the work on grid-world navigation (Fermin, et al., 2010, 2016; Bera et

al., 2021a, 2021b; Franklin and Frank, 2018, 2022; Velázquez-Vargas et al., 2024), where

participants have to move a cursor from start to target locations using keys with an arbitrary

movement-mapping. In these tasks, the learned mapping can be freely manipulated to generate

sequences of actions to arrive at the targets, closely resembling video game playing. However,

an important limitation of these studies is the small set of stimuli (start and target locations) that

is commonly used, which makes it likely that participants readily use memorized solutions rather

than performing planning (Velázquez-Vargas et al., 2024). Additionally, given that the mappings

are typically simple, learning proceeds rather quickly, reaching ceiling performance within a few

trials (Fermin et al., 2010, Bera et al., 2021a; Velázquez-Vargas et al., 2024). This contrasts with

the complexity of the motor skills that humans can acquire, where the mapping can take hours

or years to be fully learned and where planning processes are constantly being deployed due to

the changing goals.

On the other hand, planning research, which focuses on how biological and artificial

agents maximize their future rewards, has progressed significantly through the study of

multi-step tasks (Solway and Botvinick, 2015; Gläscher et al., 2010; Daw et al., 2011) and

navigation tasks (Tolman, 1948; Redish, 2016; Mattar and Daw, 2018; Johnson and Redish,

2007). In humans, various algorithms inspired by artificial intelligence (AI) have been proposed

as hypotheses for how planning occurs (van Opheusden et al., 2017, 2023; Élteto et al., 2023;

Krusche et al., 2018). While the specific algorithms humans use remain unknown, it is likely that

the brain, given its limited resources, implements heuristics to reduce computational costs of

planning, such as pruning or truncating the search of future scenarios (for a review, see Mattar

and Lengyel, 2022).

A key component of most planning algorithms is the existence of an internal model of

the world, which evaluates candidate actions based on knowledge about the rewards and state

transitions. This model can be known beforehand such as in board games (van Opheusden et
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al., 2021) or learned through experience as in instrumental learning experiments (Glächer et al.,

2010; Daw et al., 2011). In most planning tasks, however, the internal model is assumed to

require minimal or no motor learning at all. For instance, participants in multi-step choice tasks

may only need to click on the intended choice to transition to a different state. Similarly, animals

tested in mazes rely on a well-calibrated mapping of their body movements to navigate and

reach rewards. While this assumption is reasonable for various cognitive tasks such as playing

board games or performing spatial navigation, it contrasts with how motor skills are developed,

where a mapping between state transitions and motor commands must also be learned.

In the present work, we developed a grid navigation task to study planning when state

transitions require motor learning, while addressing the aforementioned limitations. In our

experiments, participants moved a cursor from start to target locations using eight keyboard

keys. Each key moved the cursor in L-shaped directions, following the movement of the chess

piece known as the “Knight” (Velázquez-Vargas and Taylor, 2023). This mapping could be more

closely comparable to the complexity of mappings humans acquire in real world scenarios,

involving multiple actions with a non-trivial rule.

In Experiment 1, we show that learning the motor mapping in the absence of planning

leads to performance benefits on subsequent stages of the task, where sequential decision

making is needed. In addition, in Experiment 2, we show that incorporating mapping-learning

into the planning process allows us to explain differences in performance for distinct planning

horizons.

Materials and Methods

Participants: Seventy five undergraduate students (34 males, 39 females and 2

non-binary; mean age = 19.6, sd = 1.5) from Princeton University were recruited through the

Psychology Subject Pool. The experiments were approved by the Institutional Review Board

(IRB). All participants provided written informed consent before performing the experiment.
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Apparatus and task design: The experiments were carried out in person using the same

computer equipment for all participants. Stimuli were displayed on a 60 Hz Dell monitor and

computed by a Dell OptiPlex 7050'a machine (Dell, Round Rock, Texas) running Windows 10

(Microsoft Co., Redmond, Washington). Participants made their responses using a standard

desktop keyboard. All experiments were run on the browser and hosted on Google Firebase.

Subjects were seated in front of the computer and were asked to follow the instructions to begin

the task.

In a 15x15 grid, participants were asked to move a cursor in the form of a frog from start

to target locations represented by clovers (Figure 3.1A). The cursor moved deterministically

based on the movement rule of the piece of chess known as the Knight. The Knight moves in

L-shape directions: either two squares in one direction (up, down, right, left) followed by one

square perpendicular to that direction, or one square in one direction followed by two squares

perpendicular to that direction. Participants were not informed about which key moved the

cursor in a particular direction. On a given position of the grid, the locations where the cursor

could move to were highlighted in color in order aid learning. From a pilot study we found out

that without this shading participants' performance was significantly worse, although they could

learn eventually. Subjects moved the cursor using eight keys of their keyboard

(A,S,D,F,H,J,K,L), which were randomly associated with a unique Knight move at the beginning

of the experiment.
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Figure 3.1. Grid navigation with the Knight mapping. (A) Participants were instructed to move a
frog from start to target locations using eight keys, each corresponding to one of the Knight's possible
moves in chess. The Knight moves in an L-shape directions: either two squares in one direction (up,
down, right, left) followed by one square perpendicular to that direction, or one square in one direction
followed by two squares perpendicular to that direction. To facilitate learning, the possible states the frog
could move to at any given time were highlighted throughout the experiment. A single target location, out
of 20 possible, was presented on every trial in the form of a clover (B) In Experiment 1, participants were
grouped in two groups. In the Full group, they performed 500 trials with the targets being three moves
away. Participants did not see the number indicating the distance to the target. In the Mapping group,
participants experienced 200 trials with target locations being one move away in order to encourage the
learning of the mapping. Subsequently, they performed 300 trials with the targets placed three moves
away as in the Full group. (C) In Experiment 2, target locations were placed either one, two, three or four
moves away from the start location. Every 20 trials, participants experienced a “planning block” consisting
of four trials (one for each target distance) where no movement feedback was provided. During these
trials, the frog turned blue, and participants were informed that it had frozen and it would not be able to
move, but that they should still attempt to arrive at the target.

On every trial, the cursor appeared at the center of the grid and a target location was

indicated with a clover. The distance to the target varied by experiment (see below). Importantly,

only one pair of start-target locations appeared on a given trial. If participants arrived at the

target using the minimum number of moves, they received one hundred points. Then, they

would lose five points for every extra move. If they did not arrive at the target location in ten

seconds, it was considered a miss, they received zero points and moved on to the next trial.

This points system has been used in previous grid navigation studies (Bera et al., 2021a). At the

83



end of each trial participants observed the points obtained as well as the cumulative points

since the beginning of the experiment.

Experiment 1: The goal of this experiment was to test whether the acquisition of complex

motor skills, involving sequential decision making, can be benefited from learning of the motor

mapping first, followed by the incorporation of planning at a later stage. In order to tackle this

question, participants performed the grid navigation experiment previously described in two

groups. In the Full group (n = 25), participants performed 500 trials and the target locations

appeared always three steps away from the starting point (Figure 3.1B). We hypothesized that

participants in this group face a double challenge: they need to arrive at target locations that

require planning, and they need to do so while learning a non-trivial mapping. In order to reduce

the likelihood that participants memorized the sequences to the targets and encourage

planning, we used twenty different targets. They were presented in a random order, and each of

them had to appear before showing them up again. The latter manipulation prevented the same

target from being repeated multiple times. In the Mapping group (n = 25), participants first

experienced 200 trials with target locations being one move away in order to encourage the

learning of the mapping. Participants were not informed that the first 200 trials had this purpose.

Crucially, for this initial period, the trial was always terminated after the first move, such that

participants could not generate further key presses to attempt to arrive at the target. Therefore,

they could generate a maximum of 200 moves in the first 200 trials. Subsequently, they

performed 300 trials with the targets placed three moves away as in the Full group.

Experiment 2: The goal of this experiment (n = 25) was to directly assess planning

processes throughout the course of learning a complex motor skill. In particular, we asked

whether key signatures of planning such as differences in performance with varying distance to

the targets (Jensen et al., 2024), would manifest in our task. In order to do so, we incorporated

two main modifications. First, we manipulated the planning horizon by presenting targets that

were either one to four steps away from the starting point. Participants experienced one trial
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from each horizon at randomized order before experiencing a target with the same horizon

again. The target locations were randomly chosen out of 32 unique locations (eight for each

horizon; Figure 3.1C). In addition, every 20 trials we incorporated a “planning block” where no

movement (state transitions) or performance (points) feedback was provided. In particular,

participants were instructed that in some trials the frog would turn blue, indicating that it froze

and would be unable to move. However, they should still make the responses attempting to

reach the target location. These blocks consisted of four trials, one for each planning horizon,

and were presented at a random order. The goal of the planning blocks was to encourage

planning prior to generating the sequence as online corrections were not possible or

significantly harder to make, i.e., based on the believed location of the frog. We hypothesized

that this manipulation would maximize the effects generated by the different planning horizons.

Importantly, unlike in the first 200 trials in the Mapping group of Experiment 1, the trials in

Experiment 2 could only be terminated by arriving at the target or by exceeding the time limit

(ten seconds). This was also true for targets that were one step from the starting point, which

allowed participants to continue attempting to arrive at the target even if they missed in the first

move.

Computational models: To provide further insight into the cognitive processes involved

in acquiring complex motor skills requiring sequential decision making, we evaluated a set of

computational models based on three components which have provided convincing evidence

about their influence on behavior: planning (Hunt et al., 2021; Mattar and Lengyel, 2022;

Tolman, 1948), reward learning (Sutton and Barto, 1998; Schultz et al., 1997), and action

perseveration (Miller et al., 2019, 2021; Daw et al., 2011; Thorndike, 1911).

Model-based planning (MB): Due to the sequential nature of our task, we hypothesized

that participants could estimate the value of their actions based on simulations about their future

outcomes. In order to do so, we implemented a constrained version of A* (“A-star”; Hart et al.,

1968) as a planning model. A* is a widely used search algorithm with various applications such
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as in GPS navigation and in video-games (Rios and Chaimowicz, 2010). It is particularly

well-suited for deterministic tasks like ours, offering significant computational advantages over

uninformed algorithms such as Breadth-First Search (BFS; Moore, 1959) and Depth-First

Search (DFS; Nilsson, 2014). These advantages come from A*'s ability to efficiently balance

path cost and heuristic information, leading to faster and more optimal solutions. Specifically, in

A* the cost f of a state s is defined by:

,𝑓(𝑠) =  𝑔(𝑠) +  ℎ(𝑠)

where is the cost (number of steps) from the start state to the s state. is a𝑔(𝑠) ℎ(𝑠)

heuristic function, which provides an estimate of the cost from state s to the target. In A* search,

paths are explored based on a priority queue where states with lower cost are prioritized.

As a heuristic function , we used the chessboard distance:ℎ(𝑠)

, ℎ(𝑠) = 𝑚𝑎𝑥(| 𝑥
𝑠

−  𝑥
𝑡𝑎𝑟𝑔𝑒𝑡

|, | 𝑦
𝑠

−  𝑦
𝑡𝑎𝑟𝑔𝑒𝑡

 |)

where and represent the coordinates of the state s and the target. The chessboard𝑥 𝑦

distance provides an intuitive variable to guide planning in our task, as it simply involves

counting the number of grid cells away from the target. Subsequently, we can calculate the cost

of transitioning to state (where represents any of the neighboring states to which the𝐶 𝑠
𝑖

𝑠
𝑖

cursor can move to in the next step, following the Knight rule):

+ .𝐶(𝑠
𝑖
) =  𝑓(𝑠

𝑖
)

𝑗=1

𝐷−1

∑ 𝑓(𝑠
𝑗
)        𝑓𝑜𝑟      𝐷 > 1

Here, the first term represents the immediate cost of moving to , while the second term𝑠
𝑖

represents the cumulative cost of the path starting from as determined by A* search. is the𝑠
𝑖

𝐷

depth of search, and is meant to capture the finite number of steps that humans plan into the

future. In a model that considers only the next step . For Experiment 1, we set𝐶(𝑠
𝑖
) =  𝑓(𝑠

𝑖
)

, which corresponds to the initial distance to the target, as in this experiment we were𝐷 = 3
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mostly interested in the learning of the transition probabilities and previous work has shown that

this value falls within the range of the number of steps humans plan into the future (Huys et al.,

2015; van Opheusden, 2023; Arad and Rubinstein, 2012; Snider et al., 2015). However, in

Experiment 2, where we evaluated planning directly by manipulating the planning horizon, we

compared models with different values of D.

Notably only provides the cost of moving to the available states, but not how to do𝐶(𝑠
𝑖
)

it. The mapping between the keys and the state transitions still needs to be learned. In previous

work (Velázquez-Vargas et al., 2024), we proposed that this learning process can be modeled

using Bayes' rule. In this approach, each state transition is treated as a category, with new

observations updating the beliefs about the true transitions through a Dirichlet-categorical

model. However, an important limitation of this approach is that it does not account for

differences in the learning rates of the state transitions, whether by individuals or due to

experimental conditions. To address this, we adopted an alternative update rule based on prior

work on reinforcement learning (Lee et al., 2014). Here, the transition probability from state to𝑠

state after taking action is given by:𝑠
𝑖

𝑎
𝑘

, , ) = , , ),𝑇(𝑠 𝑎
𝑘

𝑠
𝑖

𝑇(𝑠 𝑎
𝑘

𝑠
𝑖
) + 𝛼

𝑠𝑡𝑎𝑡𝑒
(𝐴 − 𝑇(𝑠, 𝑎

𝑘
 ,𝑠

𝑖
)

where is the learning rate for the state transitions. A = 1 if action is chosen and𝛼
𝑠𝑡𝑎𝑡𝑒

𝑎
𝑘

A = 0, otherwise. Importantly, in our task , , ) is the same for all , as the mapping does not𝑇(𝑠 𝑎
𝑘

𝑠
𝑖

𝑠

change depending on the location on the grid. , , ) was initialized as , indicating that the𝑇(𝑠 𝑎
𝑘

𝑠
𝑖

1
8

eight transitions from the Knight rule were equally likely for all keys at the beginning of the

experiment. Subsequently, the cost of acton is computed as:𝑎
𝑘

= , , ) .𝐶(𝑎
𝑘
)

𝑖=1

8

∑ 𝑇(𝑠 𝑎
𝑘

𝑠
𝑖

𝐶(𝑠
𝑖
)
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Finally, the probability of selecting action is generated using a Softmax function andϕ 𝑎
𝑘

, so actions with less cost are more valuable:− 𝐶(𝑎
𝑘
)

,ϕ
𝑘

= 𝑒
−β𝐶(𝑎

𝑘
)

𝑖=1

8

∑ 𝑒
−β𝐶(𝑎

𝑖
)

where is the inverse temperature parameter. This model has two free parameters: β

and . 𝛼
𝑠𝑡𝑎𝑡𝑒

 β

Model-free learning (MF): This model assumes that participants update the value of their

actions using reward prediction errors (Sutton and Barto, 1998; Schultz et al., 1997; Rescorla

and Wagner, 1972; Niv and Schoenbaum, 2008). In particular, we implemented SARSA (Sutton

and Barto, 1998), a common temporal difference model:

,𝑄(𝑠, 𝑎) =  𝑄(𝑠, 𝑎) + 𝛼
𝑟𝑒𝑤𝑎𝑟𝑑

( 𝑟 + γ𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎) )

where is the current value of the state-action pair, is the learning rate and𝑄(𝑠, 𝑎) 𝛼
𝑟𝑒𝑤𝑎𝑟𝑑

the rewards, which corresponded to the actual points at the end of the experiment. is a𝑟 γ

discount factor and the estimated value of the next state-action pair. Importantly, in𝑄(𝑠′, 𝑎′)

order to reduce the computational demand of storing state-action pairs for each target location,

we used a state representation based on relative coordinates with respect to the target. This

way, the state-action values can be reused across different targets. Lastly, the probability ofϕ

selecting an action is generated using a Softmax function:

.ϕ
𝑘

= 𝑒
β𝑄(𝑠,𝑎

𝑘
)

𝑖=1

8

∑ 𝑒
β𝑄(𝑠,𝑎

𝑖
)

This model has three free parameters: , and . 𝛼
𝑟𝑒𝑤𝑎𝑟𝑑

γ  β

Action perseveration (Persev): Previous studies have shown that actions can be

strengthened merely through repetition, independent of the reward obtained (Miller et al., 2019,
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2021; Daw et al., 2011; Thorndike, 1911), leading to the formation of habits. Given the relatively

infrequent rewards compared to the number of key presses in our task, we hypothesized that

the perseveration on previous actions could be a contributing factor on participants' choices. In

particular, we implemented an update rule based on Miller et al., (2021):

,𝐻(𝑠, 𝑎) =  𝐻(𝑠, 𝑎) + 𝛼
𝑝𝑒𝑟𝑠𝑒𝑣

(𝑟 − 𝐻(𝑠, 𝑎) )

where is the perseveration value of the state-action pair, has a similar𝐻(𝑠, 𝑎) 𝛼
𝑝𝑒𝑟𝑠𝑒𝑣

function of a learning rate, and determines the influence of past choices, with values closer to 1

indicating a greater weight of the most recent choices. Here, r = 1 if the action for the given

state-action pair is selected, and r = 0, otherwise. Similar to the MF algorithm, we adopted a

state representation based on relative coordinates. The probability of selecting an action isϕ

then generated using a Softmax function:

.ϕ
𝑘

= 𝑒
β𝐻(𝑠,𝑎

𝑘
)

𝑖=1

8

∑ 𝑒
β𝐻(𝑠,𝑎

𝑖
)

This model has two free parameters: and . 𝛼
𝑝𝑒𝑟𝑠𝑒𝑣

 β

Hybrid models: We considered the possibility that each of the above-mentioned

components could influence participants’ behavior. Specifically, we propose that responses

could be the result of a linear combination of the MB, MF and perseverative components. We

evaluated three hybrid models with two components and the full model with the three

components. In the three-component hybrid, the value of actions on a given state is given by:𝑈 

𝑈 =  ω
𝑀𝐵

𝐶 + ω
𝑀𝐹

𝑄 + ω
𝑝𝑒𝑟𝑠𝑒𝑣

 𝐻

where , are free parameters with values between [-1,1]. In order to haveω
𝑀𝐵

ω
𝑀𝐹

ω
𝑝𝑒𝑟𝑠𝑒𝑣

values of C, Q and H that were within the same range, we normalized them to be between [0,1].

For the two-component hybrid models, one of the three terms was omitted. The probability ofϕ

selecting an action is generated using a Softmax function:
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.ϕ
𝑘

= 𝑒
β𝑈

𝑘

𝑖=1

8

∑ 𝑒
β𝑈

𝑖

The number of free parameters in the hybrid models ranges between 5-8 depending on

the components incorporated.

Behavior analyses: In Experiment 1 and 2, we used the points obtained in the task over

trials as a measure of performance. In addition, in Experiment 1, in order to control for the

difference in the number of key presses between the groups, we also computed the points by

key presses. To do so, we grouped the key presses in bins of 40, and for each subject we

obtained the averaged points they obtained in that period. Importantly, only the last responses in

a trial can earn points. For example, if in 40 key presses a subject arrived at the target 10 times,

the score for the bin corresponded to the average of the points obtained in those 10 times.

Model analyses: The parameters from our models were estimated at the individual level

using Bayesian Adaptive Search (Acerbi and Ma, 2017) implemented in Matlab code. We

verified that the model parameters of the best fitting model (MB-Persev) were recovered reliably

(Figure S3.1), and that the tested models with different depths were identifiable among each

other (Figure S3.2). For Experiment 2, model fitting was based on the trials with feedback as in

the planning blocks the states were no longer observable, and it is unknown where the updates

from learning would be attributed to. Simulations on Figure 3.6 were performed by randomly

sampling 100 target locations from the ones that participants could encounter. In addition, we

used the mean of the best fitting parameters from the Full group in Experiment 1, with the

exception of the inverse temperature parameter which we set to = 15, to reduce exploration.β

The values estimated for from the Full group were near 1, however, the model was fit onβ

responses while we were trying to predict the outcome of the entire sequence (trial points).

Simulations on Figure 3.7 were generated in the same way but using the best fitting parameters

in Experiment 2.
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Results

Experiment 1

Acquiring new motor skills can be challenging since they often require simultaneous

learning of the motor mapping and planning. In this experiment, we asked whether separating

the processes of learning and planning can speed skill acquisition. To do so, two groups

participants performed a grid navigation task where the goal was to move a cursor from start to

target locations using eight keyboard keys, which were mapped to one of eight directions

according to the Knight rule in chess (Figure 3.1A). If participants arrived at the target using the

minimum number of key presses, they received 100 points and lost 5 points for every extra

move. In the Full group (n = 25), participants performed the experiment while attempting to

arrive at target locations that were always three steps away. We hypothesized that in this group,

participants faced a double challenge: learning a complex mapping and performing sequential

decision making. In contrast, the Mapping group (n = 25), first experienced 200 trials with target

locations placed one step away to encourage the learning of the mapping before having to plan.

Importantly, during this period the trials were terminated after the first move such that

participants could generate a maximum of 200 moves. Subsequently, participants performed

300 trials with the target locations being three steps away as in the Full group.

Behavioral results: To contrast the performance between the experimental groups, we

first computed the points they obtained over trials (Figure 3.2A). During the first 200 trials, the

Mapping group performed overall better (t(47.98) = 8.06, p < 0.001). This result is expected as

the target locations for the Mapping group were only one step away. However, we did not find

any significant differences in the overall performance between the groups after trial 200 (t(41.56)

= 0.37, p = 0.71). These results could suggest that learning the mapping first did not provide any

advantage in the task when the targets were three steps away compared to the Full group. It is

important to note, however, that the comparison is not balanced. During the first 200 trials, the

91



Mapping group could generate a maximum of 200 key presses as the trials were terminated

with the first key press. In contrast, participants in the Full group did not have this constraint.

Indeed, they had a median of 7 key presses per trial during the first 200 trials, and therefore

built considerably more experience than the Mapping group. In order to account for this, we

grouped the points by key presses rather than by trial (see Materials and Methods for details;

Figure 3.2B).

Similar to the comparison across trials, we found that the Mapping group performed

better than the Full group for the first 200 key presses (t(35.42) = -14.75, p < 0.001). After key

press 200, the performance of the Mapping group significantly dropped (t(39.57) = 11.57, p <

0.001) to the level of the Full group (first bin after key press 200; t(41.87) = -1.39, p = 0.16)).

However participants quickly began to recover their performance, and were significantly better

than the Full group in all the following bins (p < 0.001) as revealed by a mixed-effects model

analysis. Therefore, when accounting for the number of key presses made in the task, the

Mapping group performed remarkably better than the Full group with targets three steps away,

suggesting an advantage from learning the mapping first.

Figure 3.2: Behavioral results of Experiment 1. (A) Points over trials for both experimental groups.

The shaded area indicates the first 200 trials (or key presses) where the targets were one step away for

the Mapping group. (B) Points grouped by key presses. (C) RTs and IKIs across all trials. (D) Same as in

(C) but for optimal trials.
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To gain insights about the planning processes in our task, we analyzed the reaction time

(RT) and inter-key intervals (IKI) when both experimental groups performed the task with the

same complexity, i.e., when target locations were three steps away. For the Full group we

analyzed the first 300 trials of the task, and for the Mapping group the 300 trials following the

exposure to the targets one step away. We performed a 2X3 mixed-design ANOVA with the

experimental group as between-subjects factor (Full and Mapping) and time interval as

within-subjects factor (RT, first IKI 1 and second IKI). We found that the Mapping group took, in

general, took longer to generate their responses as revealed by a significant main effect of the

experimental group (F(1,48) = 9.75, p = 0.003, = 0.17; Figure 3.2B). Pairwise comparison withη
𝑝
2

Bonferroni correction revealed that RTs were significantly higher in the Mapping group (p = 0.03)

but we found no differences between the groups in the first (p = 0.09) or second (p = 0.5) IKI.

We conducted the same analysis for both RT and IKI, focusing exclusively on trials

where participants reached the target optimally, i.e., using three moves. These trials were most

representative of planning given that the probability of arriving at the target this way without

already knowing the mapping is considerably low (see Table 3.1). Similar to the results for all

trials, we found a significant main effect of the experimental group (F(1,48) = 7.85, p = 0.007, η
𝑝
2

= 0.14; Figure 3.2C), where the Mapping group generally had higher RTs. Following the same

pairwise comparison method, we found that RTs were significantly higher in the Mapping group

(p = 0.02) but there were no differences in the first (p = 0.08) or second IKI (p = 0.99). In

addition, this time we found that the second IKI in the Full group — which corresponds to the

response prior to reaching the target — was significantly higher than the first IKI (p = 0.03). We

did not find this difference for the Mapping group (p = 0.99). The latter result indicates that

participants in the Full group potentially paused to re-plan the last move before reaching the

target.
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Table 3.1. Probability of randomly reaching the target with the optimal number of moves (second

column) and within eight moves (third column). These probabilities were computed using Breadth First

Search (BFS). A maximum of eight moves was considered based on the observation that participants on

average made 7.43 moves across both experiments

In summary, our behavioral results show that learning the mapping of the task first, can

bring significant performance benefits in subsequent decisions involving planning. In addition,

the response time analyses showed that participants in the Mapping group took significantly

longer to initiate their responses, while the Full group paused before generating the last

response for the trials most representative of planning. This last finding suggests that, while the

Mapping group may have planned the whole action sequence beforehand, the Full group most

likely relied more on intermediate feedback and replanned before the last move.

Modeling results: We evaluated seven computational models with the goal of explaining

the differences in performance between the experimental groups (See Materials and Methods

for details). These models were inspired by previous research demonstrating the influence of

three main variables on decision making: planning (Hunt et al., 2021; Mattar and Lengyel, 2022;

Tolman, 1948), reward learning (Sutton and Barto, 1998; Schultz et al., 1997), and action

perseveration (Miller et al., 2019, 2021; Daw et al., 2011; Thorndike, 1911). We represented

planning using a model-based (MB) algorithm which implements A* search (Hart et al., 1968),

and learns the motor mapping between the keys and the state transitions using state prediction
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1 move 0.125 0.2

2 moves 0.031 0.07

3 moves 0.011 0.03

4 moves [0.002, 0.005] [0.011, 0.019]



errors (Lee et al., 2014). For reward learning (MF), we implemented SARSA (Sutton and Barto,

1998), a widely used temporal difference model which updates state-action values based on the

points obtained in the task. For action perseveration, we implemented a model based on Miller

et al. (2021) where the value of actions depends on how frequent they have been repeated in

the past. In addition, we consider four hybrid models represented as linear combinations of the

aforementioned models.

Given that the MB algorithm captures our main variables of interest (the mapping

learning and planning), we predicted that the differences in performance could manifest in

elements of this model. In particular, we hypothesized that, given the faster improvement in the

task by the Mapping group, they would show higher learning rates about the state transitions

compared to the Full group.

We followed the method from Stephan et. al (2009) to obtain the probability that a

subject selected at random from our experimental groups, was best described by the proposed

models. This probability was 99% and 85% in the Full and Mapping groups, respectively, for a

two-component hybrid model incorporating model-based planning and action perseveration

(MB-Persev; Figure 3.3A). This model was able to capture on average 47% (Full group) and

57% (Mapping group) of the explainable variability in our data as compared to an

information-theoretic near upper bound (Shen and Ma, 2016; Grassberger, 1988, 2003), where

0% represents chance level.
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Figure 3.3: Model results of Experiment 1. (A) Probability of obtaining each of the models for a

randomly selected participant in the Full and Mapping groups. (B) Proportion of the variability in the data

explained by the best-fitting model (MB-Persev). (C-F) Individual parameter values in the MB-Persev for

each of the experimental groups ( = learning rate for the state transitions; = learning rate for𝛼
𝑠𝑡𝑎𝑡𝑒

𝛼
𝑝𝑒𝑟𝑠𝑒𝑣

previous responses; = weight of the perseveration component; = weight of the model-basedω
𝑃𝑒𝑟𝑠𝑒𝑣

ω
𝑀𝐵

component).

As predicted, we found that the Mapping group had significantly higher learning rates for

the state transitions, i.e. the motor mapping ( parameter; t(46.2) = -2.94, p = 0.005). In𝛼
𝑠𝑡𝑎𝑡𝑒

addition, we found that responses that were more distant in the past, had a greater influence for

the Full group as indicated by significantly lower values of the parameter (t(36.36) =𝛼
𝑝𝑒𝑟𝑠𝑒𝑣

-3.02, p = 0.004). Similarly, we found that the weight of the perseveration component in the

hybrid model, ,was significantly higher for the Full group (t(46.37) = -2.35, p = 0.02). Weω
𝑃𝑒𝑟𝑠𝑒𝑣

did not find any significant differences in weight for the model-based component, , where itsω
𝑀𝐵

negative values indicate preference for options that incur overall less cost (see Materials and

Methods for details). Briefly, the cost of an action is determined by the A* search algorithm,
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which estimates the cost of reaching the target if that action is taken, and this cost is adjusted

based on the uncertainty of the mapping.

Overall, our modeling results indicate that better performance of the Mapping group

when encountering targets that required sequential decisions, could be attributed to multiple

factors. First, as shown by differences in the learning rates for state transitions, the initial

training without planning in the Mapping group, could have allowed them to learn the mapping

between the keys and the state transitions faster. This, in turn, would have facilitated planning in

subsequent stages of the task. Furthermore, the Mapping group had a weaker influence from

past responses (Figure 3.3D) and were less perseverative (Figure 3.3F) compared to the Full

group. Therefore, it is likely that the Mapping group relied more heavily on planning processes

rather than habitual responses, which is as also suggested by their higher RT (Figure 3.2C).

While the sequential nature of our task suggests that planning plays an important role

for successful performance, Experiment 1 does not directly manipulate task variables to

measure planning. In Experiment 2, we sought to investigate this more directly by varying the

distance to the target (i.e., the planning horizon), which previous work has shown to affect the

response time associated with the increased demands of planning (Jensen et al., 2024).

Experiment 2

In this experiment, we directly assessed planning in our grid navigation task by

manipulating the target distance from the cursor. We hypothesized that key signatures of

planning, such as increased RT with the target distance (Jensen et al., 2024) would manifest,

and that participants’ performance would decrease for targets further apart due limitations in

planning depth.

As in Experiment 1, participants performed 500 trials of the task. However, this time the

target could appear from one to four steps away from the start location (Figure 3.1B). In

addition, we incorporated “planning blocks” every twenty trials, where movement and
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performance feedback was omitted (see Materials and Methods for details). The aim of these

blocks was to prevent participants from relying on online path corrections, encouraging planning

of the whole sequence prior to initiating responses. We hypothesized that this manipulation

would maximize the effects generated by the different planning horizons. We refer to the trials in

the planning block as “no-feedback trials” and to the trials with feedback as “feedback trials”.

Behavioral results: In order to assess participants’ performance in the task, we used a

4X2 repeated measures ANOVA, where we found a significant main effect of target distance

(one to four steps away; F(3,72) = 60.28, p < 0.001, = 0.71) and trial type (feedback andη
𝑝
2

no-feedback; F(1,24) = 61.75, p < 0.001, = 0.72) in the points obtained, which indicated thatη
𝑝
2

participants performed overall better in the feedback trials and at shorter target distances

(Figure 3.4A). Post hoc pairwise comparisons (Bonferroni corrected), revealed that

performance was better in the feedback than in the no-feedback trials for targets at two (p =

0.002), three (p < 0.001) and four (p < 0.001) steps away, but not for targets at one step away (p

= 0.85). In addition, we found that, for both types of trials, performance decreased significantly

from a given target distance to the subsequent target distance but only up to three steps away

(feedback trials: p1-2 < 0.001, p2-3 = 0.02; no-feedback trials: p1-2 < 0.001, p2-3 < 0.001). No

significant difference in performance was found between targets that were three and four steps

away (feedback trials: p3-4 = 0.99; no-feedback trials: p3-4 = 0.99).

We also assessed whether performance improved across the experiment for the

different planning horizons. To do so, we implemented a linear mixed-effects model which

included a fixed effect for trial number and a random intercept for subjects. The results revealed

a significant effect of trial number on the points obtained for both the feedback (p < 0.001, for all

horizons; Figure 3.4B) and no-feedback trials (pone = 0.009; ptwo = 0.01; pthree = 0.04; pfour = 0.01;

Figure 3.4C) which indicates that the performance improved over the course of the experiment
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for all planning horizons. While performances improved with training, it continued to be better for

lower planning horizons.

Figure 3.4: Participants performance in Experiment 2 for the different planning horizons. (A)

Points across the experiment in the feedback and no-feedback trials. (B) Points over trials for the

feedback trials. (C) Points over trials for the no-feedback trials.

Importantly for this experiment, we also examined response times (RT and IKI) for the

different planning horizons (Figure 3.5). First, we compared RT for the feedback and

no-feedback trials. We carried out a 4X2 repeated measures ANOVA where we found a

significant main effect of target distance (F(3,72) = 8.35, p < 0.001, = 0.25) and trial typeη
𝑝
2

(F(1,24) = 15.16, p < 0.001, = 0.38) indicating that RTs were overall higher for theη
𝑝
2

no-feedback trials (Figure 3.5B) and differed by target distance. Post hoc pairwise comparisons

revealed that RTs were significantly higher in the no-feedback trials for targets at two (p = 0.04),

three (p = 0.003) and four steps away (p = 0.004), but not for targets one step away (p = 0.99),

which corroborates the increased complexity of multi-step planning without online information.
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Figure 3.5: Response times in Experiment 2 for the distinct planning horizons. (A) RTs and

inter-key intervals for all feedback trials. (B) Same as in (A) but for no-feedback trials. (C) RTs and

inter-key intervals for optimal arrivals in feedback trials. (D) Same as in (C) but for no-feedback trials.

Additionally, in the trials with no-feedback, where we expected planning to manifest more

strongly, we found a significant positive correlation between RT and target distance up to targets

three steps away (t(73) = 3.2, r = 0.35, p = 0.001) but not up to targets four steps away (t(98) =

1.89, r = 0.18, p = 0.06). This difference may indicate a potential planning limit in our task, which

we investigate further in our modeling analysis (see below). For the feedback trials, we found no

significant correlation between RT and target distance, whether up to three steps away (t(73) =

1.03, r = 0.12, p = 0.3) or four steps away (t(98) = -0.59, r = -0.06, p = 0.55), suggesting that

they may have been re-planning later on in the sequence and may be the explanation for the

lack of difference in performance between distances 3 and 4 steps away.

We also examined response times for optimal trials, where we assumed participants

already knew the mapping and mostly relied on planning (Figure 3.5C and 3.5D). Importantly,
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our sample size was smaller given that not all subjects managed to arrive at the target optimally,

particularly for no-feedback trials. Similar to the analysis for all trials, we found a significant main

effect of target distance (F(3,59) = 10.49, p < 0.001, = 0.34) and trial type (F(1,18) = 8.36, p =η
𝑝
2

0.009, = 0.31). Notably, post hoc pairwise comparisons revealed that RTs were onlyη
𝑝
2

marginally higher in the no-feedback trials for the targets at three steps away (p = 0.52), but not

for the rest of the distances. This suggests that planning was similar between feedback and

no-feedback trials when considering optimal performance. We also found that, for the optimal

feedback trials, RT increased significantly up to targets three steps away (t(73) = 2.52, r = 0.29,

p = 0.01; Figure 3.5C), but not up to targets four steps away (t(98) = 0.92, r = 0.09, p = 0.35).

For the optimal no-feedback trials, RT significantly increased up to three (t(73) = 4.74, r = 0.54,

p < 0.001) and four steps away (t(98) = 3.67, r = 0.42, p < 0.001; Figure 3.5D).

We did not find any significant difference in the IKI between the trial types or target

distances. However, we did find that overall, RTs were higher than the IKI for both feedback

(t(38.44) = 4.06, p < 0.001) and no-feedback trials (t(32.28) = 5.42, p < 0.001). In addition, the

difference between RT and IKI was significantly larger for the no-feedback trials (t(33.74) =

-4.12, p < 0.001), which likely reflected their greater involvement in planning prior to generating

the action sequence.

In summary, our behavioral results showed that participants improved performance over

the course of the experiment for all planning horizons in both feedback and no-feedback trials.

However, their performance decreased for more distant targets and plateaued at targets three

steps away. In addition, the fewer points and higher RT in the no-feedback trials for target

distances greater than one, highlighted the increased complexity of performing multi-step

planning prior to action execution, compared to using online feedback. Lastly, the increase of RT

up to targets three steps away in the no-feedback trials, suggested that participants might plan

up to this limit. We explore this idea further in our computational modeling analysis.
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Modeling results: Based on the modeling results of Experiment 1, where the MB-Persev

model best described the data, we considered variations of that model which differed in their

planning depth (See Materials and Methods for details). Specifically, we evaluated models that

estimate the value of actions based on simulations ranging from one to four steps ahead. Figure

3.6A shows an example of how the performance of the model can differ depending on the

planning depth. If the model considers only one step ahead, it may select suboptimal actions

that appear to reduce the distance to the target (green node) based on its heuristic search.

However, it can overlook actions that initially seem to move away from the target but ultimately

reach it in subsequent steps (gold trajectory). Such options will only be preferred if a deeper

search is performed. This model is able to predict the decrease in performance for the distinct

planning horizons similar to what we observed in participants (Figure 3.5B). While performance

generally decreases with the distance to the target, this effect is attenuated as the depth of the

algorithm increases. These simulations were generated using the mean of the best fitting

parameters from the Full group in Experiment 1.

Figure 3.6: Simulations of the MB-Persev model with different depths of search. (A) Example of

the preferred moves from an algorithm with depth 1 (green trajectory) or depth 2 (gold trajectory). While

an algorithm with depth 1 prefers the option that minimizes the immediate chessboard distance to the

target, an algorithm with depth 2 prefers an option which is not as close to the target immediately, but

leads to it in the next move. (B) Simulated points for the different target distances for different depths of

search. Overall, performance decreases for more distant targets, but this effect is attenuated as the depth

of search increases.
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As in Experiment 1, we computed the probability that a random participant from the

population was best described by each of our models (Stephan et al., 2009). We found that this

probability is 60% for the MB-Persev model with depth 3, followed by 20% with depth 2, and

18% with depth 4. In addition, we found that the fest fitting model (MB-Persev depth 3) was able

to capture a mean of 40% of the explainable variability in the feedback trials (Shen and Ma,

2016; Grassberger, 2003; Figure 3.7B).

Figure 3.7: Model results of Experiment 2. (A) Probability of obtaining each of the MB-Persev

models with different depths for a randomly selected subject. (B) Proportion of the variability explained by

the MB-Persev model with depth 3. (C) Simulated points over trials for the Planning-only model (MB) with

depth 3 (green = horizon 1; gold = horizon 2; blue = horizon 3; orange = horizon 4). (D) Simulated points

for the Learning + planning (MB-Persev) with depth 3.

In order to test the importance of mapping-learning in our task, we also considered four

“planning-only” models which do not incorporate any learning about state transitions or previous

responses into their computations. In such models, the value of actions is entirely the result of

the tree search from the planning algorithm with varying depths.

We fitted all models using the responses from the feedback trials and used the

parameter estimates to describe the performance in the no-feedback trials. While these

planning-only models are able to capture differences in performance for the distinct planning

horizon, it assumes that performance remains stable across the experiment (Figure 3.7C) and
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does not reflect the learning time course of performance of the participants (Figure 3.4B and

3.4C). In contrast, the MB-Persev depth 3 model, which incorporates learning about the state

transitions and about previous actions, is able to qualitatively capture the improvement in

performance across the experiment (Figure 3.7D).

We further assessed the performance of the MB-Persev depth 3 model in the

no-feedback trials by simulating response probabilities using the observations that participants

had in those trials and best-fitting parameters from the feedback trials (Figure 3.8). We only

considered responses up to the planning depth for the given trial. For example, if the target was

two steps away, we only considered the likelihood of the first two responses. With this, we

aimed to exclude responses resulting from guessing, which were likely to happen as the number

of responses increased due to the uncertainty about the cursor location. Overall, we found that

the model was reasonably accurate at describing responses for targets one step away.

However, its accuracy decreases for longer distances, although it performed greater than

chance in all cases (p < 0.001; Figure 3.8)

Figure 3.8: Model predictions for the no-feedback trials in Experiment 2. The mean likelihood for

the no-feedback trials was obtained using the best-fitting parameters of the model and as many

responses as the target distance for the given trial.

In summary, the modeling results of Experiment 2 support our findings in performance

and RT, suggesting that participants may plan between 2 to 4 steps ahead in our task, with the
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majority of participants performing 3-step planning. In addition, we found that a model that

incorporates learning and planning into its computations, best captures the performance

improvement over trials as well as the decrease in performance for longer planning horizons.

Discussion

When acquiring novel motor skills, humans face the double challenge of learning what

the outcomes of their actions are and how to use them sequentially to achieve future goals. The

study of this matter lies at the heart of motor learning and planning research. However, both

fields have addressed the topic mostly from separate fronts. Much of motor learning research

has focused on sequence learning tasks where the planning component is constrained or

limited by the experimenter. On the other hand, planning studies rarely focus on situations

where the state transitions require motor learning. In two experimental studies, we aimed to

bridge this gap by using a grid navigation task where participants have to learn a novel motor

mapping based on the Knight piece from chess, and use it sequentially to arrive at target

locations.

In Experiment 1, we showed that performance in this task can benefit from learning the

motor mapping first, in the absence of planning. As revealed by our best-fitting model, this

training regime can lead to increased learning rates about the state transitions, as well as to a

lower influence from habitual responses. The increased performance in a task by breaking it

down into its components has been reported previously in the so-called part-whole training

(Mané and Donchin, 1989; Park et al., 2010). Practicing a complex component of a

perceptual-motor task, such as learning the motor mapping, can yield benefits when the task is

later performed as a whole, which can be a useful strategy for acquiring complex motor skills,

like in sports. Crucially, our findings suggest that this improvement is partly due to increased

learning rates in the state transitions associated with the motor mapping. While we explicitly

designed the task so the Mapping group learned the motor mapping first, it raises the interesting
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question of how humans break a task into subcomponents on their own (Correa et al., 2023).

Our results suggest, however, that without an explicit design, it may be considerably harder to

break down a task as indicated by the significantly lower performance of the Full group.

Additionally, in Experiment 2 we showed that participants' performance decreased for

longer planning horizons; however, performance significantly improved over the course of the

experiment in all of them. This pattern was best explained by a model that incorporates both

learning the motor mapping and planning with a depth of three steps ahead. Additional support

for this planning depth was found in the significant increase in RT for targets up to three steps

away in the no-feedback trials, where planning was expected to manifest more strongly.

Although similar results have been reported in “planning-only” tasks (Jensen and Mattar, 2024),

our results highlight the critical role of motor learning to capture the improvement of participants

across the experiment. In a previous study we have addressed whether prior experience in a

planning-only version of our task could benefit the performance when participants learned the

mapping and planned, for example, by reducing the cost of planning. However, it did not confer

any benefit (Velazquez-Vargas and Taylor, 2023).

Based on previous work on decision-making, we believe the main results from

Experiment 1 and 2 could be in part attributed to the distinct working memory loads in the task

(Collins and Frank, 2012; Yoo and Collins, 2022). Indeed, in the seminal work from Collins and

Frank (2012), the authors show that in an instrumental learning task humans improved their

performance at slower rates for larger set sizes of the learned stimuli. A similar effect can be

thought to occur in Experiment 1, where the Full group needs to learn an eight-key mapping

while potentially attempting to build a decision tree for planning (Huys, 2012). In contrast, the

Mapping group only needs to learn the mapping during the first 200 trials, after which they can

focus exclusively on planning. Evidence that the Mapping group had a greater involvement in

planning when the targets were three steps away, comes from their higher RT compared to the

Full group (Figure 3.2B and 3.2C).
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In addition, the differences in performance for the distinct planning horizons in

Experiment 2 (Figure 3.4B) are remarkably similar to the patterns found by Collins and Frank

(2012) for the different set sizes of stimuli. These results suggest that working memory and

planning are closely related processes, an idea that has been addressed in recent work

(Bottcher et al., 2021; Zhuojun et al. 2023). Indeed, It is conceivable that planning, which is

typically thought of as building a decision tree (van Opheusden, 2023; Mattar and Lengyel,

2022) is constrained by working memory capacity. For example, it can limit the size or depth of

the tree, or the precision of the reward stored at different levels (Zhuojun et al. 2024). Such

constraints can underlie the use of heuristics to reduce the computational demands of planning

such as pruning (Huys et al., 2012, 2015) or truncation (Keramati et al, 2016; Krusche et al.,

2018) of the decision tree. In our task, our planning model (A*) was constrained in two ways that

may reflect the limited cognitive resources in humans. First, we incorporated a limited planning

depth. Second, through the incorporation of the chessboard distance as a heuristic function in

A*, we specified that planning is more likely to occur in the direction of the goal, rather than in

any direction such as in uninformed algorithms like Breadth-First Search. These modifications

can considerably reduce the working memory load.

While planning depth varies by task, our estimate of three steps ahead lies at the lower

end of previously reported planning depths (Huys et al., 2015; van Opheusden, 2023; Arad and

Rubinstein, 2012; Snider et al., 2015; Ariani et al., 2021). This can reflect the complexity of

planning using the Knight rule, which incorporates non-linear transitions between states and

may increase working memory load. Future work can explore how planning differs for mappings

with distinct geometries in the state-transitions. For example, by comparing the planning depth

while using the Knight mapping and the King mapping. Although both mappings have the same

number of actions (eight moves), the latter moves to the adjacent states, which can reduce the

complexity of planning and increase the planning depth.
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It is important to note that while our best-fitting model qualitatively captures the

behavioral patterns in our task, it still falls short in describing the full extent of our data (Figure

3.3B and Figure 3.7B). This could be in part due to cognitive processes that were not specified

in our models. However, it could also be attributed to guessing responses, for example, due to

attentional lapses. While we did not explore the extent to which participants guessed in our

tasks, it could be addressed by extending the model to incorporate a contaminant process,

which is common in working memory experiments (Adam et al., 2017; Velàzquez-Vargas and

Taylor, 2024). Additionally, other planning algorithms could be considered such as Monte Carlo

Tree Search, a common planning algorithm in board games (Silver et al., 2016, 2017), which

has also been implemented to model how humans plan (Élteto et al., 2023; Krusche et al.,

2018).

Finally, while our results provide insights into how motor skills are acquired in discrete

state spaces, such as in video games, little is known about how this process occurs in

continuous domains. Crucially, a great variety of sequential motor skills, such as playing a

musical instrument or sports, involve the control of continuous actions in continuous spaces.

These scenarios likely involve the use of internal forward models to simulate the outcomes of

candidate actions in combination with internal models about how the world works (McNamee

and Wolpert, 2019). Similar to non-motor planning tasks, the dimensionality of the problem

suggests the use of constrained algorithms which, in combination with the use of stereotypical

or cached solutions (Jax and Rosenbaum, 2007), can make planning tractable.

Overall, the present studies show the critical role of integrating motor learning into

planning tasks, which is a crucial step to understanding how humans acquire a wide and

complex set of motor skills throughout life.
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Supplementary Information

Figure S3.1: Parameter recovery of the best fitting model (MB-Persev) using a depth of three steps

ahead.

Figure S3.2: Confusion matrix with model recovery results. Each row and column shows the

MB-Persev model with different depths of search. Numbers inside the cells represent the proportion of

times that the model in the Y axis best recovered the data generated by the model on the X axis

according to BIC.
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Chapter 4

Introduction

Chapters 2 and 3 provided insights into key processes involved in acquiring a new motor

skill: learning a novel mapping and planning with it. In this chapter, I address a third challenge,

commonly encountered in various learning scenarios: how to prevent interference when multiple

tasks (i.e., mappings) are being learned simultaneously? Furthermore, how do contextual cues

help in preventing such interference?

There has been considerable interest in determining how contextual cues allow the

consolidation and retrieval of multiple visuomotor memories (Howard et al., 2013; Heald et al.,

2018; 2023a). While it has been shown that arbitrary external contextual-cues – such as colors,

sounds or shapes – are effective in separating the task contingencies in a variety of domains

such as in classical conditioning (Gershman, 2017), episodic memory (Pu et al., 2022) and

value-based decision making (Bornstein & Norman, 2017), the same cues cannot prevent

catastrophic interference in visuomotor adaptation tasks (Howard et al., 2013) unless they are

presented in close temporal proximity (Avraham et al., 2022).

In contrast with these laboratory-based findings, we appear capable of storing multiple

mappings when using a variety of digital devices despite having similar movements (e.g., video

games use the same controller to play a racing game and a first-person shooter). One

interpretation of the above, is that a great proportion of these mappings may not be the result of

visuomotor adaptation but instead of de novo skill learning. When a skill is acquired de novo,

new control policies are created, rather than recalibrating existing ones (Krakauer et al., 2019).

In a typical de novo task, participants are required to learn arbitrary, and usually

non-intuitive associations between their movements and the outcomes to achieve the task goals

(Wilterson & Taylor, 2021; Mosier et al., 2005; Velazquez-Vargas & Taylor, 2023). The

grid-navigation task developed in chapter 2 presents a model paradigm to study how multiple
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mappings learned de novo can be consolidated while preventing interference. Crucially, de novo

tasks are known to involve brain regions associated with declarative processes such as the

hippocampus (Wise & Murray, 2000) and the prefrontal cortex (Fermin et al., 2016), also crucial

for context-dependent learning (Heald et al., 2023b). This important distinction could allow de

novo skill learning to be sensitive to contextual cues that are efficient in domains such as

episodic memory, unlike visuomotor adaptation tasks which are known to involve a significant

cerebellar-dependent component (Taylor et al., 2010).

Meta-learning (Wang et al., 2018) can be a unifying computational framework that

formalizes de novo skill learning. In meta-learning, an agent (human or artificial) has to learn a

distribution of different but related tasks. For de novo skill learning, the different tasks can use

the same motor repertoire but may map each motor movement to a different outcome. Within

this framework, a meta-learning agent can either learn a single abstract representation across

all tasks that accommodates all motor mappings or learn separate representations for all the

unique motor mappings seen across tasks, where each representation can be bound to a

particular external contextual cue (Musslick & Cohen, 2021). Meta-learning models are

becoming increasingly more relevant in cognitive modeling of behavioral phenomena due to

their ability to implement Bayes-optimal learning algorithms on tasks for which Bayesian

inference is intractable (Binz et al., 2023).

In the present study, we designed a grid navigation task to dissociate these two

hypotheses. One group of participants (the context group) performed a grid navigation task

(Fermin et al., 2010; 2016; Velazquez-Vargas et al., 2023) where they moved a cursor from start

to target locations in two “worlds” randomly interleaved over trials (Figure 1). Each grid-world

was associated with a unique key-mapping and had distinctive contextual cues. We compared

performance on this group with another group of participants (no-context group) that

experienced the trial-changes in key-mappings but not in the external contextual cues –i.e., grid

worlds.

111



To implement cognitive models for learning to navigate with different visuomotor

mappings, we trained two recurrent-based meta-learning agents using the architecture from

Wang et al. 2018, which is an LSTM agent trained with reinforcement learning using an

Actor-Critic framework (Mnih et al., 2016). The first model (context LSTM) incorporated external

contextual information into its input while the second one did not (no-context LSTM). We tested

their performance in the task and how well they predicted human participants’ data. In addition,

we examined how their internal representations gave rise to different strategies to learn multiple

key-mappings, giving us potential insights and hypotheses for the neural representations of the

participants.

We found that humans and the meta-learners performed better in the task when

provided with contextual information. We also found that, in both conditions, there is individual

variability as to whether an individual acts more like the context LSTM or the no context LSTM.

Additionally, we found that when no contextual information is provided, the internal

representations of the LSTM agent are highly correlated in space and time while using the

different key-mappings. However, these representations are less correlated when the LSTM

agent has the external context input. This suggests that the former is learning separate

representations for different motor mappings whereas the latter is binding different motor

mappings to the same representation. Finally, we showed that the capacity to learn multiple

key-mappings is dependent not only on the presence of contextual cues, but also on the

complexity (number of hidden LSTM units) of the internal representations of the model. Our

model-based neural analyses and human behavior results give us potential insight on how the

brain can effortlessly learn multiple visuomotor mappings.

Materials and Methods

Participants: Thirty two participants from Princeton University (13 males and 19 females,

mean age = 21.7, sd = 3.8) were recruited through the psychology subject pool. The study was
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approved by the Institutional Review Board and all subjects provided informed consent prior to

doing the experiment.

Task: The experimental task was programmed using HTML/CSS/Javascript and hosted

on Google Fire- base. Visual stimuli were displayed on a 60 Hz Dell monitor using a Dell

OptiPlex 7050’a machine (Dell, Round Rock, Texas) running Windows 10 (Microsoft Co.,

Redmond, Washington). Participants’ responses were recorded using a standard desktop

keyboard. Before the start of the experi- ment, the instructions were displayed on the screen.

The goal of the task was to move a cursor from start to target locations in a 9X9 grid

environment using the least possible number of moves (Fermin et al., 2010; 2016;

Velazquez-Vargas et al., 2023; Bera et al., 2021). To do so, participants used three keyboard

keys (J, F and K) that moved the cursor to arbitrary and unknown adjacent locations

(key-mapping): left-up, left-down and right (Figure 4.1). The task consisted of 360 trials where

the start-target locations were randomly sampled out of eight possible pairs. For each pair, the

target was placed seven moves away from the starting location of the cursor. If participants

arrived at the target using the minimum number of moves (optimal arrival), they would observe a

happy emoji face at the target location and hear a pleasant sound. If they arrived at the target

but not using the minimum number of moves (arrival), they would observe a neutral face and

hear a neutral sound. If they did not arrive at the target in less than 10 s, the trial was terminated

and participants would observe a sad face and hear an unpleasant sound.

Importantly for this study, participants performed the tasks using two key-mappings,

which corresponded to different arrangements of the same moving directions (see Figure 4.1),

and which were randomly interleaved across trials. Participants were not informed that there

would be more than one key-mapping to perform the task. In order to test the effectiveness of

external contextual cues in separating the learning of the visuomotor mappings, we split

participants into two experimental groups.
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Figure 4.1: Experimental task Subject performs a grid navigation using different key mappings

randomly interleaved over trials. In the context group, the key-mappings were deterministically signaled

by a unique grid world, whereas in the no-context group, participants used both mappings in the same

world.

Context Group: In this group (n =16) participants performed the grid navigation task in

two different “worlds”, either in the ocean or in a farm. Each world consisted of unique visual

(background, cursor shape) and auditory (ambience song and cursor sound when moving)

information. Most importantly, each world was deterministically associated with one of the

key-mappings.

No-context Group: Participants in this group (n=16) performed the grid navigation task in

a single world while still experiencing the changes in the key-mappings. At the beginning of the

experiment, one of the worlds would be selected and remained throughout the whole task.

Models: Following previous work on meta reinforcement learning (Wang et al., 2018;

Kumar et al., 2020), we used a Long short-term memory (LSTM) network trained using

Advantage Actor Critic (A2C; Mnih et al. 2016. The recurrent structure of this agent, joint with a

model-free learning mechanism, makes it suitable for sequential tasks like ours, where

trial-and-error, reward-based processes are crucial to achieve the goals. The agents were

implemented using Stable baselines 3 package (Raffin et al., 2019) with the Proximal Policy

Optimization algorithm (PPO). We set constraints of the hyperparameters of PPO so that the
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algorithm becomes equivalent to A2C. We used Optuna (Akiba et al., 2019) to tune the following

hyperparameters: learning rate, discount factor gamma, GAE lambda, number of steps, batch

size, entropy coefficient, the value function coefficient and the number of LSTM hidden units.

After optimization, we trained the agents for 2x105 time steps, where they reached asymptotic

performance. The reward structure was defined as follows: every move that did not lead to a

terminal state (arrival to the goal) received +1, except when colliding with the grid walls, in which

case the agent received a penalty of -100. If the agent reached the goal, it received a reward of

+10.

We trained two types of agents that differ chiefly in the input provided to the LSTM

network. The first one (context LSTM) received its current location and target locations on the

grid as well as a context vector indicating which of the worlds was currently being observed.

This agent faced the same situation as participants in the context group where the key-mapping

changes were linked to changes in the contextual cues. On the other hand, the second agent

(no context LSTM) only received its current location and the target location as input, mirroring

the design of the no-context group.

Results

Humans and models’ behavior: As a metric of human performance in the context and

no-context groups, we provide the proportion of times they arrive at the target optimally – i.e.,

using the minimum number of key presses– across trials and in the entire task. Based on the

optimal arrivals to the target, we observed that participants in both the context and no-context

groups improved their performance over trials (Figure 4.2). However, the context group

performed significantly better overall (p = 0.03). For the context LSTM and no-context LSTM

agents, we provide the average reward per episode at different evaluation points across

training, as well as at the end of training. The context LSTM and the no-context LSTM agents
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showed the same pattern as participants, where both models improved over the timesteps but

the former performing overall better in the task (p < 0.05).

Figure 4.2: Performance of Humans and Meta-RL Agents (A). Mean performance of humans

over the episodes they completed, measured by proportion of optimal arrivals. Shading represents 95%

confidence intervals. Humans that were given context cues learned the task better. (B). Overall

performance differences across different experimental groups in humans. Those in the context group did

significantly better. (C). Mean reward over time during agent learning for both context and no- context

agents. (D). Median reward after training. Agents that were given an external contextual cue for the

mapping as additional input did significantly better.

To identify the similarity between subjects’ behavior and the context LSTM and

no-context LSTM agents, we calculated the likelihood of subjects’ responses according to the

fully trained agents. That is, we performed a forward pass on the agents and obtained the

likelihood that they would take the same action as the human. The likelihood for each action

was averaged across all timesteps for each subject to produce one value indicating the average

likelihood of a subject’s response under the model. This analysis was done for both the context
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and the no-context LSTM agents.

Figure 4.3: In both experimental groups, humans are split between behaving like the context vs

no context LSTM (A). Joint scatterplot and histograms for likelihood of subjects’ actions under the context

LSTM model vs. performance of subjects on the task. In both experimental groups (whether participants

received external context input or not), there are two clusters of participants — those whose actions are

explained well by the context LSTM model and those whose actions are not. (B). If we examine the mean

likelihood under both types of models (context vs no context LSTMs), we see that participants whose

actions aren’t as well explained by the context LSTM model have significantly higher likelihood under the

no context LSTM model.

Figure 4.3A shows the average response likelihood for both experimental conditions

under the context LSTM agent, where two clear clusters were formed. In Cluster 1, the

context-LSTM agent was considerably better in predicting participants’ responses than in

Cluster 2, where it performed around chance level. Following this analysis, we found that

participants that were poorly predicted by the context LSTM (Cluster 2) agent were instead

significantly better predicted by the no-context LSTM (p < 0.05; Figure 4.3B). Likewise, for

participants in Cluster 1, the context LSTM agent better predicted participants’ responses
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compared to the no-context LSTM agent.

These results indicate that regardless of the experimental group, some participants were

better predicted by the context model, suggesting that even in the absence of contextual cues

from the experiment, participants could have relied on alternative cues to separate the

representation under the different key-mappings. A point we will address in the Discussion

section.

Model representation similarity analysis: We employed multiple analyses (Figure 4.4) to

examine differences in representations between the cue and no-cue agent. Specifically, we first

investigated how each network represents the same trial and environment under different motor

contexts. To do this, we performed a Representational Similarity Analysis (RSA; Kriegeskorte et

al. 2008 on both a spatial and temporal scale. For the spatial RSA (Figure 4.4A), we evaluated

the agents in 104 episodes and computed the average hidden state (LSTM units) at each

location in the 9x9 grid, separating the hidden states according to the key-mapping being used.

For every grid state, we obtained the correlation coefficient between the averaged hidden states

when using key-mapping A and the averaged hidden states when using key-mapping B. Lower

correlations would indicate that agents represent the grid space between different action

mappings more distinctively. In the context LSTM agent, the correlations were low across most

grid states, with many locations on the grid showing no correlation, suggesting that spatial

location is represented differently when using mapping A and mapping B. In contrast, for the

no-context LSTM agent, the RSA generally depicts grid states with correlations that are

significantly higher (p < 0.001), when the different key-mappings are being used compared to

the context LSTM agent. The difference between the two suggests that the context LSTM agent

has a distinct representation for grid states that depends on its current context, while the

no-context LSTM model does not.
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Figure 4.4: Context agents have lower representational similarity under the different key- mappings over

space and time (A). Spatial RSA analysis. We correlated LSTM hidden state representations of the same

episodes under the different key-mappings and showed the mean corre- lation across different spatial

locations in the 9 9 grid. For context agents, this correlation is much lower, presumably because the

representations of different key-mappings are more separated. (B). Temporal RSA analysis. We show

how the correlation changes over time by plotting, for each time- point, the mean correlation of LSTM

hidden state representations under the different key-mappings. For context agents, this correlation goes

down over time whereas for no-context agents, there is less change overtime. This suggests context

agents exhibit more dissimilar representational similarity under different key-mappings overtime.

The temporal RSA (Figure 4.4B) provides complementary results showing that context is

represented differently between models not just in space, but also in time. Specifically, we

explored the similarity of hidden states of the agents as they progressed towards the target. To

do so, we evaluated the agents in 104 episodes and for every timestep we correlated the

averaged hidden states when using key-mapping A with the averaged hidden states when using

key-mapping B. In the no context LSTM agent, the representations on the initial timestep are
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highly correlated. As the agent steps towards the goal, representations become slightly less

correlated, but for the most part remain highly correlated across the episode. In the context

LSTM agent, however, representations under the different key- mappings drastically change

with each step in the episode. Representations begin similarly on the first time step (although

less so compared to the no-context LSTM agent), but quickly drop to no correlation at around

the 6th step in the episode. This suggests that the agent representing context increasingly

leverages its context representation as it nears the goal state. Taken together, these results

show two different representational strategies, one where the agent attempts to learn distinct

representations for each context, and another where the agent learns the task without an

explicit representation of context.

Model representation capacity analysis: Given the capacity limitations in memory,

computational resources and time, we would expect that humans exhibit constraints in the

number of visuomotor mappings they can learn. To explore this idea, we investigated the

agents’ capacity to learn multiple key-mappings by varying the complexity of their internal

structure, i.e. number of hidden units in the LSTM. In order to do so we exposed both the

context LSTM and no-context LSTM agents to up to ten different key-mappings and used the

following number of hidden units: 2, 5, 10, 20, 40, 80, 100, 120, 256 or 512. Each agent was

trained for 200k timesteps followed by 100 evaluation episodes from which we report the

averaged (normalized) reward.

Figure 4.5 displays performance of both models as the number of contexts and

representational capacity increases. Across both models, we see better performance with more

representational capacity. Between models, the model that explicitly receives contextual cues

performs better as contexts in- crease than does the model that does not receive a cue. This is

perhaps due to the way in which context is represented between both models. In the context

model, each context is distinctly represented within the hidden layer, allowing for a unique task
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representation for each context. In contrast, the no context model does not distinctly represent

each context. This supports work show- ing that unique task representations are necessary as

the environment becomes more complex (i.e., when the number of contexts increase) and adds

that explicit cues aid in both the speed at which the task is learned and how it is represented.

Figure 4.5: For context agents, scaling the LSTM capacity enables learning more mappings For

both context and non-context agents, we varied the number of hidden units and exposed them to different

numbers of mappings during training. For context agents, increasing the number of LSTM units allows for

learning of more mappings until about 5. For no-context agents, varying the number of LSTM units does

not have as strong an effect.

Discussion

Humans possess a remarkable capacity to learn complex, and often arbitrary,

visuomotor mappings. For example, when learning to play video games humans are able link

the button presses from the controller with arbitrary actions in the game. What is more, not only

are they capable of learning such arbitrary mappings and use them to achieve goals, but they

can build an entire repertoire of them. It is not uncommon to witness players seamlessly

transitioning between mappings for distinct gaming genres, be it from a first-person shooter to a
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racing or football game.

In this chapter, we have shown that the acquisition of distinct visuomotor associations

can be aided by external contextual cues. In particular, participants’ that are provided with

contextual information that differentially cues the key-mappings, performed significantly better

than partici- pants without it. These results are supported by previous findings outside the motor

domain where external contextual cues allow subjects to discriminate between different

contingencies of the task (Gershman, 2017; Bornstein & Norman, 2017). Similar cues, however,

do not prevent catastrophic interference in visuomotor adaptation (Howard et al., 2013), except

under specific circumstances (Avraham et al., 2022). We believe this effect arises due to the

fundamental distinction between adaptation and de novo learning, where the former recalibrates

an existing control policy and the second one builds one from scratch. This can generate

qualitative differences between the contextual cues the systems supporting each process are

sensitive to. On the one hand, cerebellar dependent recalibration processes could be more

easily influenced by contexts related to the body states or the world kinematics Howard et al.

(2013). However, de novo learning, particularly in the domain of spatial navigation likely

involving the hippocampus and the prefrontal cortex (Fermin et al., 2016), could be more

sensitive to visuospatial contextual cues.

It is important to emphasize that while the context group outperformed the no-context

group, the latter still improved its performance over trials, arriving optimally a greater proportion

of times to- ward the end of the experiment (p < 0.05). This improvement occurred in the

absence of external contextual cues, which could aid in differentiating the key-mappings. We

believe this result could be attributed to participants relying on a different set of cues:

movement-related ones. In particular, given the specific movement directions that we used for

the key-mappings (left-up, left-down and back), it is possible to arrive at the target locations with

multiple and equivalently optimal trajec- tories which begin with a different action. For example,
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for a target that is right above the cursor, pressing the key that moves right, or left-up, would

leave the cursor one move away from the tar- get. Although this move makes no difference in

terms of performance, it does provide information about the ongoing mapping, given that no key

moves the cursor to the same direction. Therefore, participants could have used the first move

of the cursor to sample the ongoing key-mapping and adapt the subsequent moves accordingly.

In effect, this strategy would have provided participants with contextual information similar to the

context group and would have been able to learn the two mappings separately. This is

consistent with the fact that some participants in the no-context group had a higher likelihood

under the context LSTM than the no context LSTM (Figure 4.3A). Alternatively, participants

could have learned a single of the two key-mappings, or an averaged version of them, which

over time would have allowed them to improve in the task, although not to the same extent as

the context group. Participants relying on the latter strategies would be learning, in effect, a

single key-mapping. Further analysis would be needed to test these hypotheses.

In order to have a behavioral model for the presence or absence of contextual cues

while acquiring multiple mappings, while also providing insight into the neural representations,

we leveraged re- cent developments on meta-reinforcement learning (Wang et al., 2018; Huang

et al., 2022; Kumar et al., 2020). Mirroring human performance, we found that an LSTM agent

that explicitly receives information about its context outperforms an LSTM agent that does not.

Moreover, we found that participants that were poorly described by the context LSTM, either in

the context or no-context groups, were instead best described by an LSTM model with no

contextual information. Through implementing these models, we were able to find that within

both experimental groups, people vary in either producing behavior consistent with a model

learning separate vs shared representations across different mappings (Figure 4.3).

Based on the spatial and temporal RSA, we would expect to see differences within

neural represen- tations of participants relying on contextual information (either from the
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experiment or potentially from their own actions) vs. individuals that don’t. However, due to the

fact that the no context LSTM explained some participants’ behavior better than the context

LSTM (Figure 4.3), it is conceivable that some participants held a single representation in the

presence of contextual cues, while others held different representations in the absence of them.

This may beg the question — why would a participant choose to hold a single representation

even when given contextual cues? The fact that the number of mappings learned scales with

the capacity of the model (Figure 4.5) suggests that learning these separate representations

uses more cognitive resources. Subjects choosing to not learn separate representations may be

behaving rationally according to their cognitive resources (Lieder & Griffiths, 2020). From our

capacity analysis of the networks in Figure 4.5, we predict that participants who don’t learn

separate representations may take longer to learn the same number of mappings than

participants who take advantage of the contextual cues to learn separate representations.

Confirming these predictions with brain imaging, and generally studying how participants share

vs. separate neural representations of visuomotor mappings to manage time and computational

resources, will be a rich line of future work.
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Chapter 5

General discussion

When acquiring a novel motor skill we often face several challenges. For example,

imagine that you are learning to use your first video game console. In order to become skillful in

the games you will play, you will first need to figure out what the outcomes of pressing the

buttons are, which are likely to be highly arbitrary in some games. The association between

pressing the buttons and their outcomes constitutes a visuomotor mapping which will set the

basis of your future skill. Throughout your learning process, you can first familiarize yourself with

the functions of the buttons. Eventually, you may begin to memorize the sequences of button

presses that were successful in previous game states, and form cost-efficient stimulus-response

associations (Logan, 1988).

In Chapter 2, I examined these two types of mappings—function-based and

stimulus-response associations—using a grid navigation task originally developed by Fermin et

al. (2010). Unlike typical sequence learning experiments, Fermin et al. (2010) task allows the

study of internally-generated sequences (Bera et al., 2021) with a novel mapping, serving as a

model for investigating visuomotor skills in discrete action spaces, such as those found in

various digital devices, including video games. The general finding from this chapter was that

training variability induced either by the number of start-target pairs or the stochasticity of the

mapping, led to successful generalization and likely reflected the use of function-based

mappings over stimulus-response associations. I formalized these results into reinforcement

learning models which shed light into the mechanistic nature of the mappings. In particular, a

trial and error process that constructs state-action values (Sutton and Barto, 1998; Niv and

Schoenbaum, 2008; Miller et al., 2019; Schultz et al., 1997) was used to represent mappings as

in stimulus-response associations, whereas a processes entailing simulation from a model of
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the environment (Glächer et al., 2010; Daw et al., 2011; Tolman, 1948; Behrens, 2018)

represented the mappings based on the function of actions.

While training variability usually leads to better generalization in several domains (Raviv

et al., 2022), this outcome is not consistently observed in standard motor learning experiments

(Berniker et al., 2014). This is likely because a great number of studies in motor learning focus

on the implicit component of it, which is known to proceed rather locally (Mattar and Ostry, 2010;

Berniker et al., 2013) and through cerebellar-dependent mechanisms (Taylor et al., 2010). In

contrast, the grid-navigation task involves processes, such as spatial navigation and planning,

which rely on brain structures typically regarded as declarative or deliberative, such as the

hippocampus (O'Keefe and Nadel, 1978) and the prefrontal cortex (Unterrainer and Owen,

2006). This distinction may have provided participants with the mechanisms to develop

successful generalization when exposed to training variability, and placing them in the terrain of

more cognitive tasks (Raviv et al., 2022). The grid navigation task, therefore, serves as a

promising testbed for exploring the relationship between motor learning and non-motor

processes.

Internally-generated motor sequences, i.e. when no instruction is provided about the

sequence to use to reach a goal, seem intuitively common in many human activities. However,

they have remained widely understudied. A key component of these sequences is that they

require planning. Common planning tasks in humans include board games (van Opheusden et

al., 2021), graph navigation (Callaway et al., 2022), grid navigation (non-motor; Jensen and

Mattar, 2024) or instrumental multi-step tasks (Daw et al., 2011). Importantly, to my knowledge

none of these existing tasks involves motor-learning even if some of them like the two-step task

by Daw et al.(2011) do require learning about the state transitions. This contrasts with how

motor skills are acquired, which require sequential decision making but also the learning of a

novel motor mapping. For example, in a fighting video-game, a player not only needs to figure

out what the buttons do (e.g., kick, jump, grab, duck, etc), but also how to concatenate them to
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generate better attacks or “combos”. Chapter 3 focuses on this question: how does motor

learning interact with planning?

My findings from this chapter indicated that starting with the motor learning component of

the task, specifically learning a mapping based on the Knight chess piece, followed by its use in

sequential decisions leads to better performance in the task. This training regime outperformed

an alternative approach where participants learned the motor mapping while simultaneously

attempting to reach targets requiring sequential decisions. These results are likely to occur

because the working memory load is lower when focusing only on learning the mapping, rather

than when simultaneously attempting to arrive at the distant target, which presumably involves

building a decision tree (Huys, 2012). Indeed, previous work has shown that learning proceeds

more slowly for greater working memory loads (Collins and Frank, 2012; Oberauer et al., 2018).

The cognitive constraints from participants in my task were also observed in their decreased

performance for more distant targets and the increased RTs. I found that a model with a

depth-limited planning component was able to capture the decline in performance. However, it

also required a motor learning component to capture the general improvement in the task for all

planning horizons. These results, therefore, highlight the importance of both motor learning and

planning for a sequential decision making task.

The capacity constraints found in the studies from Chapter 3 have an interesting

similarity to the ones I found in a visuomotor adaptation task where instead of planning,

participants recalled visuomotor solutions (Velázquez-Vargas and Taylor, 2024). In particular, I

found that humans can store between 2-5 items to solve an adaptation task, similar to other

working memory studies (Oberauer et al., 2018). While standard working memory tasks differ

from the studies reported in this dissertation, the capacity limitations have a strong similarity with

the limited depth of search in planning found here and in previous studies (Huys et al., 2015;

van Opheusden, 2023; Arad and Rubinstein, 2012; Snider et al., 2015; Ariani et al., 2021). This

suggests that planning and working memory are closely related. It is conceivable that working
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memory can constrain planning in multiple ways, for example by limiting the depth, truncating

unpromising branches or limiting the precision of the reward information at each state (Zhuojun

et al. 2023). I believe the study of how working memory limits planning processes is a fruitful line

of future research.

In addition, as addressed in Chapter 3, it remains an open question how planning in

discrete spaces like the one in my task —and the one in most non-motor planning tasks—

relates to planning in continuous domains such as in reaching movements. While tree search

algorithms are central for discrete states, Optimal Feedback Control algorithms have been

dominant in describing movement planning and execution (McNamee and Wolpert, 2019).

However, most complex motor skills are likely a mixture of planning in abstract (discrete) spaces

with the planning of continuous movements. It remains an open question how these two types of

planning relate to each other and whether they interact.

In the final project of this dissertation (Chapter 4), I explored the challenge of learning

multiple mappings simultaneously and examined whether external contextual cues can prevent

interference between these mappings. For instance, when learning to play two different

open-world games using the same controller, humans might use sensory cues—such as

characters, backgrounds, or auditory information— to separate the internal representations of

the mappings. In particular, I proposed that this process can occur using meta reinforcement

learning. In meta reinforcement learning, humans and artificial agents learn to abstract common

features from separate but related tasks, and transfer them to novel tasks (Wang et al., 2018;

Kumar et al., 2020). I tested this framework in a dual-learning task of grid navigation where I

found that both humans and meta reinforcement learning agents performed better with

contextual cues. In addition, through model-based simulations of the artificial agent, I found that

contextual cues allows the separation of the internal representation of the mappings in space

and time, and enable the learning of significantly more mappings (around five) than in the

absence of these cues, where presumably the contexts need to be inferred.
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While it can seem intuitive that contextual cues can be used to separate the

representations of different mappings, this is not alway the case in motor learning experiments

— particularly in tasks dominated by implicit adaptation processes (Howard et al., 2013).

Indeed, when external contextual cues such as colors are used to adapt to opposing force

fields, participants often exhibit catastrophic interference (Howard et al., 2013). Similar to the

findings on generalization in Chapter 2, the contrast between the limited effectiveness of

external contextual cues in implicit adaptation tasks and their advantage in the grid navigation

experiment, may arise because the latter engages mechanisms typically associated with

declarative tasks.

Meta reinforcement learning can provide valuable insights into how knowledge across

multiple motor skills is transferred to novel ones. For example, a player that is good at shooting

games may be more likely to be good at a new one, even if the mapping of the controller

changes, compared to a player that mostly plays open-world games. While I did not test a

similar scenario of transfer in my tasks, future work can explore whether participants trained with

a particular set of mappings have a learning advantage in learning a new one from the same set

compared to participants trained in a different set or with no prior practice at all.

Further assessment of these meta reinforcement learning models is necessary to see if

they provide an accurate account of how humans learn their repertoire of motor skills. For

example, it remains to be evaluated how they complement previous models of contextual

inference that rely on generative models and Bayesian inference (Heald et al., 2021).

Lastly, it has been debated whether sequence learning tasks, including grid navigation,

truly measure motor learning or if they are primarily visuospatial learning tasks (Krakauer et al.,

2019). While the visuospatial and motor components of the grid navigation task by Fermin et al.

(2010) have not been dissociated, this question has been addressed in simpler sequence

learning experiments. In particular, Verwey and Wright (2004) asked participants to learn

sequences of key presses with one hand and then tested them with novel or the familiar
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sequences either with the same or the other hand. The authors found that familiar sequences

were performed faster with the hand they had used during practice than with the new hand,

suggesting an effector-dependent effect. If learning had been purely visuospatial, the familiar

sequences would have been executed equally good with both hands. Additionally, an

effect-independent effect was observed, where participants performed familiar sequences faster

than unfamiliar ones when using the unpracticed hand, indicating the presence of visuospatial

learning. Therefore, it is likely that for the grid navigation task there exists a contribution of both

visuospatial and motor components.

A similar point can be raised about whether the mappings learned in the task are truly de

novo for the participants. While it is likely that participants first experience the association

between the particular keys and their outcomes during the experiment, they could have had

preexisting knowledge that facilitated the learning process. For example, participants can have

inductive biases to assume that the cursor will move to contiguous locations rather than distant

ones when a key is pressed, or that different keys do not move the cursor to the same location.

In Chapter 3, some participants reported being familiar with the mapping of the Knight, which

could have facilitated the planning process even if they had never associated it with the keys of

their keyboard. Future work can study these biases or preexisting knowledge and whether it

makes some mappings easier to be learned than others. For example, mappings that are

symmetric (e.g., the Knight mapping) may be learned faster than asymmetric ones (e.g., a

mapping that moves the cursor to eight random locations).

Overall, the studies presented in this dissertation aimed to improve our understanding

about how humans acquire new motor skills, with an emphasis on discrete action spaces and

three key processes involved in their development: mapping-learning, planning and context

learning. While these processes have been studied separately across different domains, my

approach was to explore them within a single model paradigm—grid navigation. This framework
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revealed intriguing findings that contrast with established results from motor adaptation

experiments.
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