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ABSTRACT

Previous work demonstrates that people arbitrate between control algorithms — e.g. model-based or
model-free — according to their relative certainty at the given moment. Here, we examined whether
a similar uncertainty-based arbitration could explain the relative pattern of reliance on distinct
representations. We employ a novel variant of a standard, two-stage decision task. This task allows us
to behaviorally capture the within- and across-trial dynamics of model-based planning. We jointly fit
choices and response times with a new computational model that revealed how people select among
multiple task representations during planning in environments of differing state-space complexity.
In particular, we examined how the reliance on task representations changed both as a function of
experience, within-subject, and task complexity, across-subjects (total n = 426). We show that both
the complexity of the environment and experience with a given contingency structure inform the
kinds of representations we use to make decisions: at the early stages of the task, people start with
“conjunctive” representations (combining co-occurring first-stage states) in simpler environments, but
a “separated” representation (splitting states according to their second-step outcomes) is preferred
in more complex environments. With experience, this pattern is reversed. We show that this shift is
likely to be governed by a change in objectives: initially, people focus on minimizing uncertainty, and
once this is achieved, they transition to prioritizing efficiency. Taken together, we show that people
not only arbitrate between different modes of control, but also between types of representations for
efficient planning.
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1 Introduction

Planning, the process of using an internal representation of task contingencies to select actions on the basis of their
anticipated outcomes, is essential for complex organisms to survive in complex environments. The complexity of an
environment imposes various challenging conditions for an organism to plan effectively. Namely, they must choose
between representing the environment in its full complexity, or choosing a simpler representation that may impose
lower computational costs (Yoo, Chrastil, and Bornstein, |2024)) — potentially at the expense of less flexibility in the
face of change. In most real-world situations, an organism must perform this selection on the fly, and adjust as new
information becomes available. How do organisms navigate these trade-offs? Previous work suggests that multiple
kinds of representations are learned in parallel, and uncertainty guides the selection in a way that the representation
with the least uncertainty is chosen at a given moment (Wang, Feng, and Bornstein, 2022; Lengyel and Dayan,
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2007). For example, when individuals are navigating through a city that they have just moved to, they may rely
on a more map-like representation (“allocentric” representation) rather than a series of paths they have previously
taken (“egocentric” representation), because the latter carries high uncertainty due to lack of experience. However, as
experience accumulates and certainty increases, there is a shift towards prioritizing efficiency (Lengyel and Dayan,
2007) — for example, once individuals become confident in a series of paths through repeated encounters, they may
favor the more efficient representations (series of paths) over the more precise but resource-intensive representations
(looking up a map).

A division of task representations that has been studied in reinforcement learning (RL) is separated vs. conjunctive
(Niv et al.,|2015). Learning based on separated representations involves assigning values to compound features via
the sum of separated features, while the compositional features are treated as single units in conjunctive learning
(Ballard, Wagner, and McClure, 2019). Humans learn both conjunctive and separated representations in reinforcement
learning, in a manner such that values assigned to conjunctive representations (i.e., AB) are “spread” to individual
elements (i.e., B; Ballard, Wagner, and McClure, |2019). An important question can be raised by this finding, which is
whether the parallel acquisition of conjunctive and separated representations during model-free reinforcement learning
could be generalized to multi-step planning or model-based control, considering that planning involves a sophisticated
representation selection process (Ho et al., 2022)).

A key tool for studying model-based control in humans is the two-stage task (Daw et al.,[2011; Decker et al.,[2016). In
this task, participants are faced with two consecutive decisions, where first-stage decisions stochastically lead to distinct
second-stages. Since reward is given following the second-stage decision, the best decision to take in the first stage
involves using information about the contingency structure that leads to a given second stage — in other words, the model.
Analysis of this task tends to focus on the relative reliance on model-based versus model-free algorithms. Theory
and empirical findings support the idea that this reliance is informed by the relative uncertainty of each system (Daw,
Niv, and Dayan, 2005; Lee, Shimojo, and O’Doherty, 2014; Kim et al.,2019), as well as the relative computational
costs (Keramati, Dezfouli, and Piray, [2011; Kool, Cushman, and Gershman, 2016}, Milli, Lieder, and Griffiths, 2021).
Empirically, the dynamic of arbitration between model-based vs. model-free control takes the form of people first
relying on goal-directed control but later using a more cost-efficient model-free control after extensive experience,
and the switch of the dominant mode of control happens as a function of the trade-off between the uncertainty and
cost-efficiency of each control mechanism (Daw, Niv, and Dayan, |2005; Lengyel and Dayan, 2007; Keramati, Dezfouli,
and Piray, 2011; Wang, Feng, and Bornstein, [2022). In summary, our control systems are dependent on the trade-off
between uncertainty and efficiency at the given moment.

However, an aspect that has been uninterrogated by previous studies is how people construct and select representations
for model-based control. Although extensive studies have established relations between model-based control and other
cognitive functions (Hunter, Bornstein, and Hartley, 2018}, Gillan et al., [2016; Vikbladh et al., [2019)), as well as its
sensitivity to stress (Wyckmans et al., 2022 Park, Lee, and Chey, 2017)), and dependence on working memory capacity
(Otto et al.,|2013ab) and episodic memory manipulations (Vikbladh, Shohamy, and Daw, 2017), how people decide
to represent this structure remains unexplored. There are several reasons that could contribute to this gap. First, the
standard task and analysis approach obscure representation selection — specifically, work in process-tracing suggests
that subjects begin selecting actions before the trial onset (Konovalov and Krajbich, 2016/ 2020), making it difficult to
identify when this process begins and how long it takes — and, critically, how this time adjusts to the environment and
experience. Another drawback is that the standard task has a fixed, minimal state-space complexity. Varying this aspect
of the task is crucial to understanding how control dynamics change when task models grow exponentially larger. This
is important because state-space complexity has been identified as a factor that interacts with state-space uncertainty to
determine the arbitration between model-based vs. model-free control (Kim et al.,[2019)). We go one step further by
examining how this interaction affects arbitration of representations within model-based control.

We posit that in model-based control, people mediate the arbitration of conjunctive and separated representations
on the basis of their relative uncertainty and efficiency, which is a function of their variable experiences. Initially,
individuals are likely to rely on representations that minimize uncertainty. In environments with fewer states, there are
fewer conjunctive vs. separated states — and thus the former would accelerate the uncertainty minimization process.
However, the opposite would hold true in environments with more states, where a separated representation would be
more parsimonious. In all environments, as experience allows individuals to establish more precise representations, they
should shift towards the representation that offer greater efficiency. To validate this idea, we investigate how behavioral
signatures of model-based control develop over time under varying levels of environmental complexity.



In summary, the unexplored questions in the previous literature could be characterized as 1) whether people employ
both conjunctive and separated representations in model-based control as they do in model-free reinforcement learning
(Ballard, Wagner, and McCluré, 2019), and 2) how people construct and select representations as a function of
uncertainty and cost-ef ciency, as in arbitration of control (Lengyel and Dayan, 2007). To address these unanswered
guestions, we propose a novel variant of the two-stage taskptftehomialtwo-stage task (MTST), that manipulates

the level of state-space complexity. This is achieved by increasing the number of possible rst-stage options and
presenting randomized combinations of the options at each rst-stage choice (Fontanesi et al., 2019). Like the original
version, two options are presented on rst- and second-stage decisions, where the rst-stage option stochastically
leads to the second-stage. The increased number of possible states at the rst stage renders it dif cult for people to
predict and plan the rst-stage decisions beforehand, thereby aligning representation selection to the start of the trial.
Time-locking the availability of decision-relevant information to the rst-stage stimulus onset allows us to investigate

the unexplored subprocesses of decisions such as representation selection. Critically, varying the number of possible
rst-stage optionsK 2 f 2; 3; 4; 59) also introduced a differential numerical balance between conjundfive ('; )

and separated\( = k) states. For example, in the canonical two-stage task, there are two separated states and one
conjoined state (Figl_1d). Increasing the number of rst-stage options to three results in an equal number of conjoined
and separated states (three), and beyond that, the number of potential conjoined representations outnumbers the number
of separated states. We expect that people's reliance on conjunctive vs. separated state-space representations in varying
state-space complexity will change at this “crossover point” —i.e., learning conjunctive representations would be faster

in less complex environments. To capture the relative dependence on conjunctive vs. separated representations and how
that selection changes as a function of learning, we examine the within- and across-trial temporal dynamics by a set of
analyses that jointly takes into account people's choice and response time.

Using this novel task and analyses, we found that state-state complexity selectively increases partisipsiatge

response time, where representation selection is assumed to take place. If representation selection were to take place
during rst-stage decisions, it is reasonable to assume that it happens before the valuation process. In other words, the
action selection process could only happen after the representation of the two options have been loaded into working
memory (Nunez et all, 2019; Kraemer and Gllith, 2023). Consistent with recent work showing that a portion of
response time (i.enon-decision timgis crucial for memory retrieval in advance of value-guided decisions (Kraemer

and Gluth, 2023), results from our analyses showed that variability in the rst-stage non-decision time can be explained
by representational uncertainty, which suggests that rst-stage non-decision time could encompass the representation
selection process. Furthermore, we examined the relative use of conjunctive vs. separated representations across
complexity (between-subjects) and experience (within-subject) by analyzing their relative contribution to explaining
representational uncertainty. We found that people in complex environments (i.e., conditions where the number of
conjoined states surpasses the separated states) rst rely on separated representations but gradually switch to using
conjunctive representations. The reverse pattern is observed for less complex environments where the number of
separated states are equal to or greater than the number of conjunctive states. The results from our simulation and
analyses explains this transition as a change in objectives: regardless of state-space complexity, subjects initially rely on
representations that minimize uncertainty, but with repeated experience, they switch to representations that enhance
retrieval ef ciency de ned as the degree to which pre-accumulated evidence towards one option in the rst-stage
reduces second-stage non-decision time.

Taken together, our results suggest that individuals use representational uncertainty and ef ciency to mediate the use of
conjunctive versus separated representations, resulting in differential temporal dynamics as a function of environmental
complexity. This nding establishes a new dimension of individual and environmental variation in model-based
planning, which could be fruitful for the analysis of computations thought to be critical indicators of healthy cognitive
function (Gillan et al., 2016).



(a) Canonical two-stage task (SSC=2). (b) Our proposed multinomial two-stage task (SSC>2).

(c) Time course of one trial.

(d) Possible options in each condition.

Figure 1: Experimental taska{b) Each experiment (SS&-where SSC refers to state-space complexitylarefers

to possible rst-stage optiong, 2 f 2; 3; 4; 5g) consists of 300 trials, with 5 "catch" trials randomly interspersay. (
Experimental design of the canonical two-stage task (TST; equivalent to SSC-2). Note that the same rst-stage state
appeared on every trial, which allows for precomputation of plans in the intertrial interval ¢} BExperimental design

of our proposed multinomial TST (MTST). SSC corresponds to the number of spaceships in the rst stage, where each
spaceship mainly leads to its associated second stage (planet). Therefore, each rst-stage state varies according to the
combination of the spaceships) Temporal order of (M)TST. Both the rst and second stage decisions have a 2-second
response window, followed by feedback. ITI lasted for 1 second with a xation crd$3he 1st-stage options and

their possible combinations are shown for each condition. Note that the “crossover point” occurs at SSC-3, after which
the number of separated states (upper row) is fewer than the number of conjunctive states (bottom row).
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