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Abstract

Humans are autotelic agents who learn by setting and pursuing their own goals.
However, the precise mechanisms guiding human goal selection remain unclear.
Learning progress, typically measured as the observed change in performance, can
provide a valuable signal for goal selection in both humans and artificial agents.
We hypothesize that human choices of goals may also be driven by latent learning
progress, which humans can estimate through knowledge of their actions and the
environment — even without experiencing immediate changes in performance. To
test this hypothesis, we designed a hierarchical reinforcement learning task in
which human participants (N = 175) repeatedly chose their own goals and learned
goal-conditioned policies. Our behavioral and computational modeling results
confirm the influence of latent learning progress on goal selection and uncover
inter-individual differences, partially mediated by recognition of the environment’s
hierarchical structure. By investigating the role of latent learning progress in
human goal selection, we pave the way for more effective and personalized learning
experiences as well as the advancement of more human-like autotelic machines.

1 Introduction

Animals often spontaneously explore their environment in the absence of immediate extrinsic payoffs
[1H8]. While seemingly wasteful, such intrinsically motivated behavior is argued to adaptively
guide learning and exploration, paying off across developmental and evolutionary timescales [9-
11]]. As a result, researchers and engineers started endowing artificial systems with intrinsic reward
signals that aim to reproduce aspects of human curiosity-driven learning [11H17]. A striking aspect
of human intrinsic motivation is autotelic exploration, wherein people self-generate goals, and
reward themselves for achieving them [18H20]]. How people decide which goals to pursue is thus an
outstanding issue in the cognitive sciences [21]. Identifying the key variables affecting goal selection
may in turn enable the development of artificial agents that intelligently set their own objectives,
rather than being optimized for predefined ones [22].

Alongside factors such as performance and novelty, learning progress (LP) — the derivative of
performance with respect to time — has proven a useful signal for goal selection, steering both humans
[23L 24] and artificial agents [25H28]] away from tasks that are either too simple or too hard. Most
existing approaches approximate LP using past observations (e.g., differences in recent and earlier
performance [23]]), such that LP is greatest when performance changes rapidly ([29], but see [130]).
However, there are often situations where no external change is visible, yet some other form of
progress toward the desired outcome is made. Imagine being tasked with identifying the correct
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sequence of numbers to open a combination lock, which you might attempt through trial and error.
Throughout most of this scenario, repeated failures would yield no difference in performance, hence
no empirical learning progress (as typically de ned). Nonetheless, provided that the lock has a limited
number of slots and numbers and that you can avoid repeating incorrect combinations, every attempt
is a step toward the solution. Based on this observation, we propose extending the de nition of LP to
include alatentvariant, distinct from its manifest counterpart in that it relies on an internal model of
the environment and one's behavior in addition to performance. Following this example, we formulate
latent learning progress (LLP) as a measure of progress an agent infers by leveraging knowledge
about the environment and its interactions with it, e.g., through reasoning. For example, LLP could be
tracking the proportion of hypotheses tested over the entire solution space, thus changing with every
new set of actions taken and dropping upon identifying the correct one. Unlike LP, LLP does not
require observing performance improvements to provide informative signals about progress. At least
in certain settings, LLP could be a more valuable signal for goal selection than the classically de ned
LP, as it proactively estimates future progress without waiting for performance improvements.

Here, we hypothesize that LLP is a signal humans use for goal selection, and that it can be considered
separately from LP. Speci cally, we test the role of LLP in human goal selection by introducing a
novel learning paradigm with goal choices as the key dependent variable. Several features of this
environment (detailed in Sectipn B.1) make it possible to distinguish between LP and LLP and test
the latter's contributions to autotelic exploration in a sample of human participants. Among these,
a hierarchical component is introduced in the learning environment to further target LLP, which
might be sensitive to hierarchy-based inferences leading to sharp changes in the agents' knowledge
of the environment. These features make our environment suited for probing LLP and testing its
contributions to autotelic exploration in a sample of human participants. By combining behavioral
ndings and computational modeling of human decisions in the experiment, we nd support for
our hypothesis that LLP captures human goal choices better than standard LP in this hierarchical
reinforcement learning task. We also nd inter-individual differences in goal selection strategies,
warranting further studies on the factors underlying such idiosyncrasies. In our discussion of the
results, we argue that adopting the notion of LLP may foster the development of autotelic machines.

2 Related work

Intrinsic motivation  The various forms of intrinsic motivation can broadly be classi ed as either
knowledge-based (KB) or competence-based (AR)28, 29, 131,132]. KB intrinsic motivations de-

rive from comparisons between pre-existing and newly acquired information and are well-documented
in the animal world (e.g.l1},3,5,16, 8, [33-37]). In arti cial agents, KB signals of novelty, diversity,

or prediction error broaden exploration when provided alongside extrinsic rewla;,ds5[[16, 138,39

or even on their own |1, [14], see [AQ] for review). However, human curiosity is often driven towards
stimuli of intermediate complexity7] 41, [42], rather than extremes. Accordingly, some arti cial
models aim to maximize an “intermediate” difference between predictions and observatip#3]|
Intrinsic motivations based on learning progress (LP) can avoid arbitrary cutoffs for what signi es
intermediate complexity. LP is particularly useful as a CB motivation, prompting agents to improve
their performance on self-determined god$,[32, 44]. Indeed, humans often nd pleasure in
activities whose dif culty matches their abilitied, 46]. CB intrinsic motivations highlight the
autotelic property of human learning, which is often driven by self-de ned objectives. Two concurrent
challenges in cognitive science and arti cial intelligence involve identifying the signals people use to
develop their learning curricula [19, 21] and adapting those principles to machines [22].

Goal selection in humans Goals, de ned as “a cognitive representation of a future object that the
organism is committed to approacht{], have long been a key concept in psychology (e48;51]),

with a rich literature on how various types of goals interact with performance and motivagosd.

In cognitive neuroscience, goals are typically imparted by the experimenter and are not the main focus
of the analysesi4] — though recent work illustrated the impact of goals on core aspects of neural,
cognitive, and behavioral responses ([18, 20, 21, 55-59]; see [19] for review). Nevertheless, among
the principles thought to guide human goal selection is the tendency to choose activities that balance
the expected outcome's desirability and the probability of attainingOit When free to allocate their

time to various tasks or choosing activities for pure enjoyment, people naturally tend to match the
activity's level of challenge to their current abilitie4d, 46, 61], which might be optimal for learning

[62, 63]. However, most studies fail to provide precise computational details on the mechanisms of



goal selection. Although not explicitly addressing goals, two recent experiments attempted to |l this
gap. In particular,23] tasked participants with repeatedly choosing which of four learning activities
(each with a different dif culty level) to engage with, and found that performance and LP jointly
contribute to activity selection. Similarly2f]] found that people use novelty and LP when exploring
various activities based on their own curiosity. Here, we propose that in deciding which goals to set,
humans may rely not only on manifest signals of performance but also on an internally tracked, latent
form of learning progress.

Goal selection in arti cial agents Enabling agents to learn autonomously has been a longstanding
challenge in arti cial intelligence and a central tenet of many successes in the48|&4-68].
However, most existing models are optimized for a predetermined objective. Overcoming this
limitation, autotelic agents are designed to autonomously select goals and learn to achieve them
[22, 25, 69], begging the question of how to optimally set goals for ef cient learning. Even random
goal sampling T0-72] or entropy-maximization objective§ 8, 74] present some advantag&§],

but agents can be programmed to adjust their goal selection to currently owned skills and further
bene t from autotelic properties. One such approach involves a two-part adversarial system, wherein
a “teacher” proposes challenging tasks and a “student” learns to maximize performance over them
[44, 76-78]. Algorithmic implementations of LP also help agents avoid wasting time and resources
on objectives that are too far-reaching or even impossible (e.g., due to inherent noise in the system;
[26-28, 79-85]). These approaches calculate LP relative to performance, not considering changes
in the agent's goal-conditioned competence that might occur latently. Thus, to our knowledge,
LLP-mediated goal selection in arti cial agents is an unexplored avenue.

3 Experiment design and modeling approach

3.1 Experimental setup

Most reinforcement learning problems consider a single task to master. Similarly, experimental
psychologists usually instruct participants to pursue a speci ¢ objective. By contrast, we developed
an environment in which goal selection was the main dependent variable, enabling us to study key
determinants of goal setting in humans. The experiment was implemented in the Unity game engine
and presented as an interactive online game, in which healthy human participants (N = 175; see
Appendix A for details) played the role of alchemists and could learn to make different potions from
sets of ingredients. Below we refer to potions as “goals” and ingredients as “actions”.

Figure 1: Structure of learning trials and summary of the goal spébep) An example trial.
(Bottom) Schematic representation of goals and their characteristics.

The paradigm included training, learning, and testing phases. Learning phase trials (144) were
composed of a goal selection stage, an action selection stage, and a feedback stage (Figure 1, top;
Appendix B). In the goal selection stage, participants viewed colored potions available for selection,
with icons indicating the number of ingredients required and the four different ingredients available to
make them. In the action selection stage, participants chose which ingredients to add to the cauldron.
In the feedback stage, participants received binary feedback as a result of their actions (the empty
ask in the foreground either lled up or remained empty based on whether participants chose the
correct ingredients in order). In the 12 training trials preceding the learning phase, goal selection



was forced to ensure participants experienced each goal at least twice. In the nal testing trials,
participants were prompted to try and make each potion 4 times without feedback.

Potions could either be made of basic ingredients (“simple” and “complex” goals G1-G4) or potions
of different colors (“compound” goals G5-G6) and required either two (simple and compound goals
G1-G2, G5-G6) or four actions to complete (complex goals G3-G4; Figure 1, bottom). Two potions
could be made from either basic ingredients or other potions (potions for G3-G6). One complex goal
(“hierarchical”, G3) was made by combining the ingredients of the two simple potions (G1, G2),
whereas the other complex goal was not (“non-hierarchical”, G4). One complex goal (“hierarchical”,
G5) was made by asks of the two simple potions (G1, G2), whereas the other complex goal was
not (“non-hierarchical”, G6). Thus, G3 and G4, and G5 and G6, were matched in terms of actions
required to create the corresponding potions but differed in whether knowledge from other potions
could be used to nd the corresponding solutions faster. Two additional, simple goals made of the
rst two and last two ingredients of G4 were presented to participants in the testing phase (G7 and G8;
Appendix B). Unless otherwise speci ed, we focus on goals G1-G6, which participants engaged with
in the training and learning phases. Further details about the goal space are provided in Appendix B.
The information displayed in Figure 1 was never shown to participants. The correspondence between
goal identity, color, position on the screen, and solution was pseudo-randomized across participants.

Various features make the experimental design well-suited to study the contributions of LLP to goal
selection by helping decorrelate LP from LLP. First, the correct response was static and signaled
throughdeterministic feedbackVhile the standard LP measure only attens upon repeated subse-
guent attempts, deterministic feedback enables LLP to reach its limit after a single correct response.
Second, thaction space is limitedndsolutions are uniqueso negative feedback can be used to
exclude the attempted action sequence from the set of possible solutions. This feature was especially
meaningful for studying LLP, which can be immediately updated following failed attempts with

a novel action sequence. Third, the choice space is vast enougklzats are sparsearly on

in learning, which further decorrelates LP and LLP since LP is 0 until the rst successful attempt,
while LLP is updated at the rst trial no matter the outcome. Founibrarchical relationshipexist

among some, but not all goals. Upon becoming aware of hierarchical relationships, participants could
take shortcuts to identify the correct recipe for the goals involved, leading to sharp changes in LLP
even with small differences in performance. This feature additionally enables us to test for hierarchy
effects on goal selection beyond the indirect effects of hierarchy on learning through LLP.

3.2 Computational modeling

On each trial, participants rst selected a goal and then a sequence of actions. Unless otherwise
speci ed, we only modeled goal selection, conditioning on true participants' actions within each trial
after goal selection. However, action selection in uences performance, LP, and LLP. As in existing
studies 23], we model human goal selection as a multi-arm bandit problem, where the probability of
selecting a goal depends on its subjective value relative to other goals. Multiple factarg jointly
contribute to the overall subjective value of a gd28,[24], which is thus calculated as a weighted

sum of the goal's value relative to each factgrtimes its weight s . The probabilityP!(g ) of
choosing goafj among possible goals on trialt is obtained through a softmax function over the

goal values (as is standard in the decision-mgking literature [86]):

ex V!
Pi(g)= P p(  pf f(gt))
g2G exp( f o f Vf (g))
Subjective goal values are updated as a function of experience through the delta rule [87]:
Vit(g)=Vi@)+  {(9)
where is a learning rate for value updates ands factor-dependent. Models differed in which

factor, or combination of factors, composed the overall goal value. Below we detail the individual
factors we considered.

Performance On each trial, the utility of the selected goal with respect to performance is updated
based on the goal-contingent feedback received on that tr{alfor positive feedback, 0 for negative
feedback):

t — t t
performanc&g )_ r Vperformancég )

Performance estimates were initializedVef§omancé9 ) = % where 6 is the number of goals.
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Learning progress Learning progress (LP) was updated through the change in reward prediction
error for the current goal after initializing%(g ) = 0 (see p4] for a similar approach) . “Reward”,

here refers to the feedbackparticipants received on each trial. However, note that no external
rewards were delivered for successfully obtaining the desired potion (Appendix C). On each trial,
the reward prediction error was calculated as the difference between the current performance value
estimate and the feedback obtained. The reward prediction error onw@al compared to the reward
prediction error on the previous trial 1:

tLP(g ): [( rt therformancég )) (rt ! Vr}erfj(-)rmancgg ))] VLtP(g )

Latent learning progress Goal utilities with respect to latent learning progress (LLP) were updated
based on the difference between the estimate atttaat the current trial's LLP:

Lp(9) = LLPé Viip(9)

with V%p(g ) = 1. Until the goal was learned (when LLP immediately became 0) subjective
(unobservable) estimates of LLP were approximateHL&é =1  Nadonsequencestesed Tha nymper

N possible action sequences

of possible action sequences is 12 for 2-action goals and 24 for 4-action goals. The number of action
sequences tested is the sum of unique action sequences the agent has tried up tnt ¢yiell

is considered learned when the subject has obtained positive feedback for the current goal at least
once (but see Appendix D for alternative heuristics and approximations). Therefore, this formulation
of LLP captures the size of the space left to explore to nd the correct sequence of actions for the
current goal, i.e. the “distance” from the solution. As a result, negatie values indicate a high
willingness to pursue activities one is close to solving. This choice of formulation — rather than its
opposite, i.e. one where high values indicate high levels of progress toward perfect performance —
was made to maintain continuity in the LLP function, which is O after a solution is found.

Hierarchy Hierarchical relationships between goals could impact goal selection in at least two
ways. First, indirectly, by enabling inferences about the solution for goals involved in the hierarchy,
thus speeding up exploration and changes in LLP. Second, directly, by acting on biases people might
have for selecting goals that share common structures. To account for the latter, we also included a
hierarchy factor, whose estimates were updated via:

;nerarch)(g ): Hg Vhtierarcm(g )

with Vh?eramm(g ) =0 andH equal to 1 for hierarchical (G3, G5), -1 for non-hierarchical (G4, G6),
and 0 for simple goals (G1, G2; but see Appendix D for an alternative scheme and update rule).

Model space Because performance is a powerful motivator in people's decisions about time
allocation P3, 45], we include it in all our models. In addition to a performance-only model, we t
and compared models with additional factors for LP, LLP, hierarchy, and both LLP and hierarchy.
Thus, t parameters included a sharedcross factors and weighting parametardor each factor

in the model. Adding a control variable for choice perseveration improved the likelihood of goal
choices but did not affect modeling results (Appendix D), so we removed it to facilitate interpretation.

Model tting and comparison Models were t and compared through hierarchical Bayesian
inference (HBI; B8]) based on the likelihood of participants' goal selection choid@&s%8]. We
compare models through protected exceedance probability (PXP), i.e., the probability that each
model is the most frequently expressed in the studied population after accounting for @tnce [
and average responsibility (R), which captures how well each model explains participants behavior.
Models and parameters for the winning model were recover@ie(Appendix E). Simulating
participants' behaviord1] also required modeling the learning process, which we assumed followed

a reinforcement learning architecture with options [92] (Appendix F).

4 Behavioral results

Given the novelty of our experimental paradigm, it was crucial to validate the environment and gather
intuitions about participants' behavior. Furthermore, both LP and LLP are in uenced by how well
participants learn to achieve each goal. We thus rst analyze group-level learning and goal selection
as a function of goals' dif culty levels and hierarchical structures. We then test the speci c role of
LLP in goal selection through computational modeling (Section 5).



Participants learn successful goal-conditioned policies Learning phase performance was above
chance for each goal (Wilcoxon tests were used in place of parametric t-tests since the data was
not normally distributed according to Shapiro-Wilk tests of normality; chance levels were 0.083 for
2-action and 0.042 for 4-action goals; all average performand@®9, all W(174) 160, all p

0.004; Figure 2A). As expected, performance was higher for 2-action (M = 0&.02) than 4-action

goals (M =0.33 0.02, W(174) =1207, g 0.001, r = 0.51). Similar patterns for goals G1-G6 were
observed in the testing phase, where performance was not contingent on goal selection (Figure 2B).

Hierarchical inference supports learning If individuals recognized hierarchical relationships
during learning, they could use them to draw inferences about the correct recipes for the potions
involved. For instance, upon discovering that G5 could be made from the potions created in G1 and
G2, participants may correctly infer that G3 is achieved by chaining the recipes for G1 and G2 (Figure
1, bottom). Consistent with the hypothesis that at least some participants exploited the environment's
hierarchical structure, learning performance was higher for hierarchical goals compared to their
non-hierarchical counterparts (complex: hierarchical (G3) M = 0.3%02, non-hierarchical (G4)
M=0.29 0.02, W(174)=4168.5, p =0.004, r = 0.16; compound: hierarchical (G5) M = 0.53
0.02, non-hierarchical (G6) M = 0.49 0.02, W(174) = 6036.5, p = 0.032, r = 0.11; Figure 2A).
Similarly, participants took fewer attempts to learn solutions to hierarchical than non-hierarchical
goals (complex: hierarchical (G3) M = 16.661.19, non-hierarchical (G4) M =22.1 1.23, W(120)
=1884.5, p =0.009, r =0.17; compound: hierarchical (G5): M = 11.6558, non-hierarchical (G6)
M=13.21 0.53, W(155) = 3889.5, p =0.03, r = 0.12; Figure 2C). However, hierarchy effects were
not present in the testing phase, likely due to ceiling effects (complex: hierarchical (G3) M = 0.56

0.03, non-hierarchical (G4) M =0.52 0.03, W(174) = 1592.5, p = 0.223, r = 0.07; compound:
hierarchical (G5) M =0.73 0.03, non-hierarchical (G6) M =0.730.03, W(174) = 1158.5, p =
0.765, r = 0.02; Figure 2B).

Goal selection is sensitive to performance and hierarchy In assessing whether dif culty levels

and hierarchy affected participants' goal selection, we found it displayed opposite patterns to learning
performance (Figure 2D). The average probability of selecting a goal was lower for 2-action (M =
0.15 0.00) than 4-action goals (M =0.190.01; W(174) = 4214, g 0.001, r = 0.27). Overall,
participants chose the hierarchical (G3; M = 0.18.01) less than the non-hierarchical complex
goal (G4; M=0.21 0.01, W(174) =5231.5, p =0.002, r = 0.17). Differences between hierarchical
(G5; M =0.15 0.01) and non-hierarchical compound goal selection were not signi cant (G6;
M =0.16 0.00, W(174) = 6444, p = 0.128, r = 0.08). At the individual level, the greater the

Figure 2: Behavioral and modeling resulfd) Learning performance was above chance and showed
hierarchy effects(B) Test performance was better than chance, but no signi cant hierarchy effects
were detectedC) On average, fewer attempts were needed to learn hierarchical (G3) compared to
non-hierarchical (G4) 4-action goal®) Partial hierarchy effects are present in goal selection. The
winning model (triangle markers) reproduces this pattéeh Model responsibilities for individual
participants and the overall studied populati¢f) Best- tting parameters (HBI) for the winning
model. Bars and shading indicate the SEM, dots individual participants. €p001, ** p< 0.01



difference in performance between 2-action and 4-action goals, the lower the probability of selecting
a 2-action goal (Spearman's=-0.35, p< 0.001), and the greater the performance difference between
hierarchical and non-hierarchical goals, the lower the probability of selecting a hierarchical goal
(complex: =-0.68, p< 0.001; compound: =-0.51,< 0.001). These results indicate that goal
selection depends on performance and hierarchical relationships between goals. We next turn to
computational modeling to detail the contributions of performance, hierarchy, LP, and LLP to goal
selection.

5 Modeling results

We that predicted LLP supports human goal selection, thus expecting models relying on this signal to
t participants' goal selection data better than models that do not.

Latent learning progress guides goal selection The model with performance and LLP utility
factors was the most strongly represented across participants (PXP = 1; R = 0.63) and replicated
the main goal selection patterns seen in participants’ data (Figure 2E). Some participants were also
well-captured by a model that additionally integrated hierarchy into goal values (R = 0.22). We
note that hierarchy likely plays a more direct role in learning (thereby impacting LLP) than in goal
selection, given that hierarchy effects in goal selection and performance could be recovered after
eliminating hierarchical components from goal selection, but not learning (Appendix G). The model
selecting goals based on performance and LP did not account well for participants' behavior (R =
0.12). Models with just performance (R = 0.00) or performance and hierarchy factors (R = 0.04)
were marginally represented. The winning model's best- ttiRgiormancedNd LLp Were on average
negative, suggesting most individuals focused on activities where performance was low — indicating
the solution had yet to be found — and where LLP was low (Figure 2F) — indicating learning potential
was high (Section 5). However, more nuanced patterns and temporal dynamics may exist at the
individual level.

6 Inter-individual differences in learning and goal selection

Several interesting strategies emerged upon inspecting individual behaviors (Figure 3). We rst
exemplify them before using a data-driven approach to classify participants according to their
approach to the game, revealing differences in how hierarchy impacts learning and thus goal selection.
Finally, we assess whether LLP supports goal selection across groups.

People express a variety of goal and action selection strategiedany participants repeatedly
selected the same goal — often testing possible solutions in a systematic order (Figure 3A) — only
switching to a new goal after learning the current one (Figure 3A,B). After learning to make all
potions, some participants began alternating goals, as if testing or training their ability to retain
multiple solutions (Figure 3A,B). Although most participants showed interest in learning all goals
(Figure 3A,B), a small subset of individuals preferred setting few objectives, or even a single goal, in
which they excelled (Figure 3C), while disregarding others. Lastly, some participants moved across
goals and ingredients in a seemingly unprincipled manner, presumably because they were confused or
unmotivated (Figure 3D). A subset of the participants seemed to be aware of adopted strategies (see
Appendix H for example verbal reports). We next clustered participants to explore how idiosyncrasies
in learning related to goal selection. Note that participants in Figure 3 were chosen as examples and
do not directly relate to the clustering analyses presented below.

Figure 3: Example behaviors from four participan(s-D) Chosen action sequence as a function of
trial number (training and learning phases), color-coded by goal and feedback.



Clustering of individual strategies reveals differences in hierarchical learning We used K-
means clusteringdd] to identify 4 groups of participants, where K was determined through the elbow
method (Appendix I). The behavioral metrics used to identify the clusters (e.g., performance and
goal selection entropy and distributions) can be found in Appendix I. To avoid statistical double-
dipping [94], we limit ourselves to qualitative observations on cluster-based behavior. To better
illustrate salient characteristics of each cluster, we also identi ed “archetypal” participants through
archetypal analysis — a method, often used to pro le video game pla§8rsihich detects data
points that can reproduce the original population when linearly recomb@@&adW/e then matched

each archetypal feature with the best-aligned cluster (Appendix 1) and identi ed the participant closest
to the corresponding archetype as an extreme example of the cluster it belonged to (Figure 4M-P).

Participants in cluster 1 (N = 39) had below-average performance at learning (M = @IB) and

testing (M =0.27 0.06) and favored 2-action goal. They often failed to learn or retain solutions and
switched goals frequently (Figure 4M). In the largest cluster 2 (N = 75; Figure 4B), performance was
excellent at learning (M 0.59 0.0) and testing (M = 0.86 0.03). This group leveraged hierarchical
structures to speed up learning (Figure 4B,F) — which also impacted goal selection. Non-hierarchical
goals were favored (Figure 4J) and often learned later than hierarchical ones (Figure 4N). Cluster 3
participants (N = 53) showed relatively high performance at learning (M = 0.284) and testing
(M=0.62 0.06; (Figure 4C), but seemed to struggle with all 4-action goals — performing worse in
them but choosing them more — and took less advantage of hierarchical relationships across goals
(Figure 4G,K,0). Given its small size (N = 8), we invite caution in interpreting the results for cluster

4. However, this group showed an interesting, strong tendency to repeatedly select the same, small
set of goals at which they succeeded (often preferring 2-action goals; Figure 4L,P). As a result, their
performance was excellent in the learning phase, where goals were freely chosen (M =016

Figure 4D,L) but dropped in the test phase, where goals were imposed (M = M4).

Despite such distinct patterns of behaviors, LLP was a central component of goal selection in all
clusters (Figure 4Q-T), suggesting LLP is a exible signal that adapts to idiosyncrasies in people's
learning while similarly guiding goal selection (but see Appendix G for further discussion of how
learning interacts with goal selection). At the same time, the best- t parameters of each cluster
captured speci c properties of the different groups (Figure 4Q-T insets). The ef cient learners of
cluster 2 relied more strongly on LLP (cluster 2 M =-3.17 0.18, other clusters M, -2.46

0.16, Mann-Whitney U(173) = 2696, p = 0.001, r = 0.24) and updated both performance- and
LLP-based goal values faster than other groups (cluster ®.73 0.03, cluster2 =0.6 0.03,
U(173) =4979, p< 0.001, r = 0.28). Cluster 3, which seemed less likely to rely on hierarchy, was
more attuned to performance when selecting goals (cluster, 3 M,...= -4.63  0.22, other clusters

nce

M omance = ~3:67  0.16, U(173) = 2274, p = 0.002, r = 0.24)). Cluster 1, which lacked precise
strategies, was less sensitive to both performance (cluster 1 M,..=-2.93 0.26, other clusters
M | iomance-4-25  0.14, U(173) = 3778, g 0.001, r = 0.31) and LLP (cluster 1 M,,......= -1.74

0.16, other clusters M -3.06 0.14, U(173) =3980, g 0.001, r =0.36).

erformance

7 Discussion

Human behavior is often motivated by self-de ned challenges. Despite the centrality of goals in
human learning19], how people select their own objectives without external guidance or incentives
remains to be speci ed. Following advances in arti cial open-ended skill learri6gd8], learning
progress (LP) has emerged as a useful signal for human goal sel&3j@4]. Here, we introduced

a “latent” form of LP (LLP), which is informed by an agent's model of the environment and memory
of the actions pursued in it, in addition to the manifest changes in performance tracked by standard
LP. In a purposefully developed hierarchical reinforcement learning task, we nd that people's goal
selection is driven by LLP, calling for an extension of the LP notion to include its latent variants.

Inter-goal relationships in our test environment enabled us to check whether hierarchy additionally
drives goal selection, as intuition suggests (e.g., one might decide to become competent in baking by
rst relying on ready-made dough and only later setting the lower-level goal of making dough from
scratch). We nd that hierarchy impacts goal selection indirectly by enabling inferences and thus
affecting LLP. That is, participants' learning is sensitive to hierarchical structures, leading to changes
in LLP which, in turn, affect goal selection. We also gathered partial evidence for a standalone role
of hierarchy in curriculum development, which further studies may address.
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