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The problem of temporal credit assignment has long been posed as a nontrivial obstacle to
identifying signal from data. However, human solutions in complex environments, involving
repeated and intervening decisions, as well as uncertainty in reward timing, remain elusive. To
this end, our task manipulated uncertainty via the amount of information given in their feedback
stage. Using computational modeling, two learning strategies were developed that differentiated
participants’ updates of sequentially delayed rewards: eligibility trace whereby previously
selected actions are updated as a function of the temporal sequence - and tabular update -
whereby additional feedback information is used to only update systematically-related rather
than randomly related past actions. In both models, values were discounted over time with an
exponential decay. We hypothesized that higher uncertainty would be associated with (i) a
switch from tabular to eligibility strategy and (ii) higher rates of discounting. Participants’ data
(N = 142) confirmed our first hypothesis, additionally revealing an effect of the starting
condition. However, our discounting hypothesis had only weak evidence of an effect and
remains an open question for future studies. We explore potential explanations for these effects

and possibilities of future directions, models, and designs.
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Introduction

The credit assignment (CA) problem poses an obstacle for various computational systems,
wherein its solution allows the system to learn from environmental states. CA involves
determining the causal contributions from various states to an outcome. Potential contributing
states can be thought of as any assortment of variables, from microbiological enzymes to
ingredients for a dinner. For instance, let's consider the scenario of receiving a compliment at
dinner. To attribute credit accurately, one must recall past behaviors that contributed to the
overall pleasantness of the meal. While a pinpointing comment about the specific ingredients that
enhanced the dining experience can offer valuable insights, a general compliment on the entire
dinner introduces additional uncertainty. Questions may arise, such as "Was the entire dinner
enjoyable, or just certain parts of it?" or "Which actions should be replicated in future meals?"
To mitigate the challenges of CA, some individuals may opt for prepackaged dinners, which
provide a predetermined recipe minimizing the need for complex evaluation of uncertain
prospects. However, this approach comes at the cost of reduced flexibility and the potential loss
of pleasantness from a unique and personalized recipe. Ultimately, people credit based on
various state features, including time constraints, available resources, information given, task
uncertainty, and culinary expertise. Examining certain experimental solutions offers simplifying
assumptions at the expense of real-world validity. In this study, our experimental design taps into
real-world decision-making processes that revolve around reward uncertainty, emphasizing a
temporal credit assignment problem. This approach provides insights into participants' strategies
for overcoming such obstacles in real-world environments.

In Reinforcement Learning (RL), agents need to evaluate the state features responsible

for producing specific outcomes, as they seek to approach better-than-expected outcomes and



LEARNING AND INFORMATION UNCERTAINY

avoid outcomes that were less-than-expected (Sutton & Barto, 2018). Over time, an agent can
learn the associations between different state features, but the environmental contingencies will
significantly influence the efficiency of learning relevant state features. Outcome values help us
derive which features one should weigh when maximizing reward from their environment.
Therefore, an agent seeking reward from a changing environment may be able to modulate the
efficiency of the system to adapt to various environmental obstacles. The parameters that make
up the system also provide a concise manner of explanation and can be used in comparison
between similar computational systems in different degrees of information uncertainty. Various
methods in RL have been proposed to handle delayed sequential rewards, leading to a diverse set
of predictions, that depend on the free parameters employed (Singh & Sutton, 1996; Watkins &
Dayan, 1992). Due to the variety of potential predictions, matching model and environment
remains a common theme in overcoming learning problems. These different algorithms are seen
as internal computational systems that take in external information as input and transform this
into a policy-based action for the agent. To handle changes in uncertainty, agents must make
computational adjustments to their model, such as through modulating free parameters or in
different attempts to assign credit.

In terms of environmental complexity, agents frequently encounter real world events that
happen over multiple stages and consist of chaining stages and their outcomes that occur over
long-time horizons. CA becomes more challenging in situations with longer time lags, as the
distance of the time horizon increases, thereby increasing the noise and effort to identify the
precise source of outcomes. Furthermore, in situations with long time lags, the presence of
intervening stages can introduce additional uncertainty and disrupt learning (Kearns & Singh,

2000). Amidst the competing state features, the process of dispersing a single credit signal to
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multiple stages can lead to spreading credit too thin, or the inverse, updating multiple signals to a
single stage could lead to overweighting (Minsky, 1961). Depending on the RL method
employed, one can decrease the number of sampled trials needed to discriminate between
randomly- and systematically-related stages. However, human implementations in such real-
world contexts remain elusive when considering the degree of model efficiency.

Human Solutions to CA

The relationship between machines and human computational solutions can be described
as symbiotic, with each side offering unique contributions. Human solutions can serve as
valuable directives for machine implementations, pushing the boundaries of efficiency and
generalizability. However, deviations from normative algorithms can also shed light on the
nuances and limitations of human cognition (Kahneman & Tversky, 1979; Niv, 2009). In
complex environments, humans possess the ability to navigate obstacles with limited data,
surpassing the capabilities of machines. Human cognition can handle challenges such as sparse
rewards, partially observable states, and long-term consequences, even with limited experience
(Daw et al., 2011; Gershman & Daw, 2017). On the other hand, machines possess resource
advantages that are beyond human capacity, particularly in handling large amounts of
information and making predictions in areas like forecasting, classification, or regression (Alzubi
et al., 2018).

While machine models can effectively handle variance when given large degrees of
information, humans must assess the veracity of information before dedicating cognitive
resources to overcoming uncertainty. Striking the right balance between incorporating
information and cost-efficiency is a shared challenge for both humans and machines. Similar to

machines, managing cognitive resources becomes more challenging when faced with increased
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environmental uncertainty. Humans possess an innate drive for rewards, and thus, learning to
navigate complex sequential environments becomes crucial. However, as the complexity of these
environments increases, our understanding of effective strategies to navigate uncertainty remains
limited (Gershman & Daw, 2017). RL has offered a normative framework for addressing the
intricacies of gaining reward in sequential environments, presenting an avenue for comparison
with human behavior in overcoming long-time horizon contingencies (Daw et al., 2011;
Gershman et al., 2014; Moran et al., 2019; Walsh & Anderson, 2011). RL computational systems
entail mechanisms that were taken from animal and human research. These systems combine
mechanisms of earlier work in psychology theory pertaining to conditioning, learning, and action
selection.
Early Work and RL

One of the earliest and most robust psychological findings revolved around learning the
relationship between events. Pavlovian conditioning is the process by which an agent pairs a
neutral stimulus with an unconditioned stimulus to produce a conditioned response. Furthermore,
the agent can learn the contingencies of the fixed environment, but cannot exert influence over
this relationship. Rescorla and Wagner (1972) famously produced a learning rule that was able to
quantify the mechanisms involved, thereby explaining a qualitative theory through a quantitative
system. The key feature of the learning model involves elements of surprise and expectation,
where a neutral and unconditioned pairing provokes surprise if there is a deviation from the
agent’s expectation. This discovery, now termed a prediction error, has been a key mechanism
for RL models as learning can only occur under elements of surprise (Schultz et al., 1997).
However, the original model could not account for a sequential order of events, thus limiting the

model to only immediate pairings.
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The temporal difference (TD) learning model was able to overcome such limitations,
which extends the Rescorla-Wagner rule with the expected future reward of each state (Sutton &
Barto, 2018). Thus, an agent would simulate the value of the current state and the values of
potential future transitions. Both models can be adjusted to incorporate a bidirectional effect
between the agent’s actions and the environment’s feedback. Such a cohesion is known as
operant conditioning, the process that shapes an agent’s behavior through accruing feedback by
interacting with the environment. The feedback provides necessary information so that actions
can be optimized over time and facilitate the process of maximizing reward from the
environment. One modification to these RL models allow us to glimpse into the valuation of
state-action pairs, such as in Q-learning or the SARSA algorithm (Sutton & Barto, 2018; C. J.
Watkins & Dayan, 1992). Thus, actions could be tracked based on the agent’s current state and
the chaining of these states would allow flexible adaptation to changing rewards. Learning would
occur in separate systems, one that tracked the chaining between states and another that recorded
valuation of state-action pairs. Tolman (1948) famously coined the term cognitive map, which
described the internal model that animals would use to learn the spatial relationships in the
environment regardless of reinforcement. Although more computationally extensive, the animals
could efficiently shift navigation to new reward placements if they expended the resources
necessary to learn the environmental contingencies.

The Features of an Environment

Such is the case in any environment, one can create abstractions of the state features like
representing distance in terms of feet or miles or represent time delay in seconds or days.
Abstractions simplify the environment so that the agent is not overloaded with an abundance of

features to consider. Relationships between states can be represented in RL as a transition matrix,
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a probabilistic matrix for transitioning to new states, creating abstractions of the environment
based on the attributed features of the state space. Research to date has shown how learning the
contingencies in a transition matrix, then leads to delayed feedback being properly credited to the
necessary state (Glascher et al., 2010; Lehmann et al., 2019; Moran et al., 2019; Walsh &
Anderson, 2011). However, a multistep environment with fixed transitions where the uncertainty
is represented in a partially observable reward function has been rarely investigated. Solutions
that consider delayed feedback often entail embedding a TD algorithm with an exponentially
decaying eligibility trace but can either make use of an explicit transition matrix or not. If the
temporal sequence of events contains intervening events that can disrupt the temporal continuity,
then an agent may erroneously credit feedback if they do not know the structure of transitions.

Abstracting the environment involves considering various features. Both Pavlovian and
operant conditioning can be seen as CA problems, which often yield immediate solutions, where
the abstraction of feature space is related to the stimuli that occur alongside feedback. However,
ambiguity in causal attribution or association learning arises under longer temporal windows,
conditional probability, type of response, proximity distance, and when intervening events come
into play (Shanks et al., 1989; Wasserman et al., 1983). To simplify these complex environments,
experimental methodologies can be employed, reducing the possibilities for abstracting feature
space. Nevertheless, examining the interplay between multiple features, such as those of
temporal continuity and disruption, can uncover intriguing findings. For instance, a delayed
Pavlovian conditioning task may yield clearer causality attribution when intervening intervals are
absent.

The unpredictable nature of intervening intervals and their outcomes can lead to

confusion when attempting to both retain and inhibit updates for the stimuli along similar
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abstractions. Surprisingly, little attention has been given in the human literature to the impact of
intervening events on retention, such as in the N-back task (Kane et al., 2007). Separate tasks
that consider the interaction between delayed reward and cognitive mechanisms have shown how
excessive cognitive demand can increase preference for immediacy of reward (Aranovich et al.,
2016; Szuhany et al., 2018). If participants over deploy cognitive resources, they may be
incentivized to favor immediate reward, but individual differences in computational capacity
appear to influence these effects. However, a unified task that gives the participants the agency
to use additional information at cost of more cognitive resources could provide further insights
into the tradeoff between value and time in a realistic decision environment (Solway et al., 2017).
Temporal Paradigms

The relationship between computational modeling and delayed reward has a rich
literature and starts with one of the most influential constructs, temporal discounting. Temporal
discounting describes value as a decreasing hyperbolic function of time (Bickel et al., 2011;
Kirby, 1997; McKerchar et al., 2009). A single free parameter governs the rate of discounting,
which increases under excessive cognitive stress (Aranovich et al., 2016), higher ratings of
addiction (MacKillop et al., 2011), decreased working memory (Bickel et al., 2011), inability to
simulation future states (Ballance et al., 2022; Daniel et al., 2016), and has been proposed as a
transdiagnostic marker for impulsivity (Bickel et al., 2012). While most tasks of this nature focus
on description, experiential tasks have been found to influence temporal discounting estimates,
as the additional complexity introduces unique variance to the supposed concept of impulsivity
(Horan et al., 2017; Kvam et al., 2021; Reynolds et al., 2006; Solway et al., 2017). The
description-experience gap describes the differing effects of constructs when participants are

forced to sample information rather than given explicit information. Furthermore, experiential
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measures of temporal discounting appear to happen within short time horizons (McClure et al.,
2007; Seinstra et al., 2018) and have neural representations in different substrates compared to
immediate reward (Kable & Glimcher, 2007, 2010; McClure et al., 2004).

One experimental paradigm, intertemporal choice, has positioned individuals to tradeoff
between value and time through the medium of an explicit reward and an experiential delay
(McClure et al., 2004, 2007; McKerchar et al., 2009). Experiencing delay can create concrete
costs, such as boredom or discomfort; and opportunity costs, such as losing other sources of
reinforcements (Paglieri, 2013). For example, an individual waiting for cooking time might feel
boredom or lose other opportunities that could occur outside of the cooking time. However,
individuals often engage in independent opportunities of reinforcement, which might represent a
more realistic paradigm of trading off between value and time. It is not clear how individuals
handle waiting times when other independent intervening events are inserted between an event
and the reinforcer. Forgoing value may lead to a more cognitive-efficient strategy; and inversely,
eschewing cognitive efficiencies may lead to better long run payoffs. In other words, balancing
opportunity costs requires an algorithmic tradeoff between resources and optimality, where
prioritizing resources may lead to biased predictions about future rewards in an effort to
minimize cognitive effort (Kim et al., 2021; C. J. C. H. Watkins, 1989). How individuals
differently adapt their learning strategy may lead to accepting inefficiencies to maximize value.
In line with this reasoning, complexity is not always a merited strategy and could lead to a
reduction in accuracy when additional information is irrelevant (Glaze et al., 2018). Thus,
information is vital for appropriating the correct amount of complexity to an environmental
problem.

Experimental Task
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Tanaka et al. (2009) presented a task that incorporates temporal CA and the inherent
dilemma of the dinner example. In a repeat decision task, immediate and delayed feedback was
conjoined, that is, feedback was the summed reward from the current and three-trials back choice.
This might be thought of as akin to receiving an entire dinner compliment, which provokes a
partially observable reward function, rather than one for each separate course. Their analysis
showed that participants eschewed any type of structural approach and favored a simple learning
solution of augmenting a TD model with an eligibility trace. The eligibility trace assigns credit
based on the temporal sequence of previously experienced states to both systematically and
randomly related signals. Over time, randomly-related signals will become more infrequent to
systematic signals and result in eventually identifying the true relationship. Against this model,
here, we developed a tabulation method that is designed to partition the task based on the time-
horizon. This tabulation model only credits systematically-related states, uses a value function
that augments time as a dimension, and utilizes this new value function to generate separate
prediction errors. The eligibility trace has shown promise in a variety of tasks, but can become a
suboptimal approach when considering an experimental task that contains randomly related
events in the time horizon (Daw et al., 2011; Gldscher et al., 2010; Lehmann et al., 2019; Walsh
& Anderson, 2011). Furthermore, the eligibility trace solution might have been warranted due to
Tanaka et al. (2009)’s partially observable feedback presentation and constant stimulus-outcome
association. Indeed, the agent would have to learn to dissociate, but over time would fully
observe the reward function. Often the case, cues help participants maximize reward over long
time horizons rather than only focusing on options that are immediately reinforcing (Gureckis &
Love, 2009; Walsh & Anderson, 2014). However, in the absence of cues, participants need to

rely on other avenues of information. One such possibility is the reward signal itself (Dayan,



LEARNING AND INFORMATION UNCERTAINY

2009).

RPEs appears to have neural signatures in phasic dopamine spikes in the basal ganglia
(Kobayashi & Schultz, 2008). Furthermore, immediate and delayed reward signals appear to be
dissociated in the striatum and orbitofrontal cortex (OFC), respectfully (Ballard & Knutson, 2009;
McClure et al., 2004). While neural signatures regarding immediate reward are only represented
in the striatum, immediate and delayed signals are both represented in the OFC. These findings
seem to indicate that delayed reward signals are separable from those of immediate and could in
theory lead to opposing valuations based on an environment’s contingencies. Information can
help an agent decipher value in a temporal CA task, but participants must have a willingness to
employ greater cognitive resources to reduce the uncertainty of estimates.

The different solutions might be seen under the typical dichotomy between RL
algorithms, Model-Free (MF) versus Model-Based (MB) RL. While MF RL is about direct
learning from sampling the environment without building a cognitive map, MB RL on the other
hand, is about building a cognitive map that will aid in flexibly adapting to the dynamics of the
environment. We refrain from utilizing these terms, as our task does not allow a clean distinction
between models but does have some relevant features (Daw et al., 2011; Moran et al., 2019).
First, MF RL can be advantageous when the underlying state space and structural model is not
immediately observable. Second, MB RL is more taxing to implement due to the additional layer
of the structure. Third, MF and MB RL will often arrive at similar decisions, such as in spatial
navigation, but the flexibility in switching on the fly to new reward states is only afforded to MB
RL. The individual dilemma of determining the correct weight mixture of these two strategies
can be difficult; indeed, incorporating additional information can afford larger rewards at the cost

of computation and efficiency (Hastie et al., 2009; Niv et al., 2015; C. J. C. H. Watkins, 1989).
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This work aims to address the problem of CA in sequentially delayed rewards and to
characterize the strategies that an agent might implement under different degrees of uncertainty.
Environmental obstacles, such as through intervening events, can have direct costs on temporal
contiguity and lead to inefficiencies of the proposed computational solution. Many
computational models have mechanisms in place for handling uncertainty, such as through
modulating free parameters or implementing stochastic policies. One proposed solution is to use
an undirected and automated process, such as that of a prepackaged dinner, complimented with
one that uses a directed and systematic solution, which could be thought of as a home recipe.
Determining the correct mixture weight is difficult and environmental information, such as in
available information and degree of uncertainty, could dictate to an agent when to weigh one
solution over another. We employ a competing computational model, that combines two
strategies that implement CA under different degrees of efficiency. We experimentally
manipulate the degree of information uncertainty through giving participants two forms of
reward feedback.

Predictions

With a few key modifications, our study has adapted Tanaka’s task to incorporate a
conjoined, like in their original study, and disjointed feedback, which separates the influence of
immediate and delayed reward. We also aim to build a hybrid model that captures both an
eligibility trace and tabulation-based solution. This proposal’s questions are as follows:

“Will Participants Increase Computational Resources When Presented with Additional
Information That Reduces Uncertainty?”
Due to the dominance of the eligibility trace in past research, we seek to understand if

additional information will change the agent’s CA strategy to a solution that can partition the
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environment into task-relevant time horizon. Previously, the task’s structure may have prompted
the usage of an eligibility trace due to the uncertainty in disjointing the feedback. We
hypothesize that the weight for tabular model will be higher than the eligibility model for the
disjoint condition but decreased for the joint condition.

“Is Temporal Discounting Different in a Repeat Learning Task with Intervening Events?”

We seek to understand how temporal discounting rates modulate during learning.
However, due to not having a reliable measure of discounting, we will have to look at rates of
choosing stimuli with immediate versus delayed rewards for the two experimental conditions.
We hypothesize that the disjoint condition will contain a greater frequency for choosing delayed
than in the conjoined condition.

“Can CA Strategy Use Predict Self-Reported Alcohol Use and Impulsivity?”

Ultimately, we hope to use our computational findings to gain a more sophisticated
understanding of transdiagnostic measures in real-world experiments. Many experiments have
separated mechanisms, such as inhibition, working memory capacity, or decision-making quality,
but a unified task oftentimes is unfeasible due to limitations on interpretability. We predict that
our parameters of interest will be able to predict scores on self-reported measurements of mental
health outcomes.

Methods
Participants

163 participants were recruited from Prolific (an online database service) for an hour and
a half long study over two sessions. Prolific inclusion criteria included: fluency in English, ages
over 18, and no color blindness. Sessions were broken apart by two days to one week, but

participants were allowed to complete the second session within that flexible interval. They were
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compensated a total of $30 for participating with a bonus dependent on their proportion of
selecting the higher valued stimuli. Due to the possibility of external aid, participants were given
instructions to not use any additional help and given an end-questionnaire asking if they had used
external aid. Although all participants were paid, 13 participants were dropped for not
completing the second stage, six were removed for admitting to using external aids, and two
were dropped for duplicate stages. The resulting sample contains 142 total subjects (81 males, 60
females, 1 prefer not to say). Ages ranged from 18 to 63 (Mage = 26, SDage = 6.57) with
employment statuses (50 full-time, 34 unemployed, 23 other, 22 part-time, 6 full-time nonpaid
workers, and 7 missing). Most participants (n = 90) were from Europe (33 Portugal, 30 Poland, 6
Italy, 5 Hungary, 5 United Kingdom, 4 Greece, 4 Spain, and 3 other). The other subjects were
predominately spread across North America (n = 22) and South Africa (n = 22); and lastly, a
total of eight other subjects in the Middle East and Asia. Although all participants were fluent in
English, first languages were predominately Portuguese (n = 34), Polish (n = 31), Spanish (n =
25), English (n = 10), Other (n = 22), and missing (n = 20).
Materials

The CA task was adapted from (Tanaka et al., 2009), and built with PsychoPy3 (Pierce et
al., 2022). Two questionnaires were also given, the Alcohol Use Disorder Identification Test
(AUDIT) and Barratt Impulsivity Scale (BIS-11) (Barratt, 1983; Bohn et al., 1995). The AUDIT
contains 10-items about the consumption of alcohol, such as “How often do you have a drink
containing alcohol?”. The BIS-11 is a 4-point Likert scale with subcategories for attention,
cognitive instability, motor, perseverance, self-control, and cognitive complexity. At the end of
all materials, an exit survey was administered with questions assessing if they used external aids,

the difficulty of the task (Muaifficuity = 60.56, SDuifficulty = 25.64), and two open-questions on
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noticing anything particular or the way they had learned the values.
CA Task.

Subjects were given explicit instructions, leading questions, and diagrams of the task
structure. The leading questions were aimed at helping the participants understand and therefore
were intentionally thought-provoking. In sum, participants answered four instruction questions to
help solidify their understanding (Mcorrect = 56% SDcorrect = 19%). Upon answering one of the
four instruction questions incorrectly, further instruction was provided. No subjects were
excluded based on instruction questions. At the end of the instructions, the final question asked if
they felt they understood the task. Among the subjects, 87% reported feeling comfortable and 13%
feeling slight to moderate confusion. The specific object reward and whether they had a delay
had to be learned throughout the task. Participants were told in the instructions that delayed
objects always had a fixed delay of two trials ahead.

On each trial, participants were instructed to use the mouse to click one of the two objects
displayed. They had a total of 15 seconds to make a choice, otherwise no selection was made.
There was a total of 8 objects (4 associated with immediate and 4 with delayed feedback) with
336 trials presenting every unique pair of the 8 objects 12 repeated times. Sixteen images were
randomly assigned to one of the unique objects across the two sessions, resulting in sixteen
different object stimuli. Upon selection, a green box surrounded the selected object, and the
participant went to the feedback stage. The feedback was dependent on both the reward (starting
rewards: -4, -1, 1, 4) and a fixed delay (0, 2). The reward changed over time with three fixed
gaussian random walks, N(0, .25), which was then later rounded to a nearest integer (see Figure
1). The random walk conditions were chosen due to the limitations of the online software and an

error on the deployment of those conditions (originally 4 conditions). Depending on choice from
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previous trials, participants could receive none, immediate, delayed, or a conjoined immediate
and delayed reward.

Figure 1. Three example fixed random walk reward value patterns for 8 stimuli (color)
(color) across trial time. Each stimulus was associated with either an immediate (solid lines) or a
delayed (dashed lines) reward, and with one of the following starting reward value: 4, 1, -1, -4,
then slowly drifted throughout the task based on the random walks. Note that the participant

would get a random sequence of unique pairs (28 total) in one of the random walk conditions.

Random Reward Walks with 8 Options

Feedback — Delayed --' Immediate ; 1 3 5 —7
Option
— K 4 —6—28

Reward
=]

Trial Trial
Conditions

Subjects started in either the disjoint (n = 74) or conjoined (n = 70) condition, which
modulated the feedback on the conjoined rewards. The conjoined condition gave participants
both rewards conjoined together, such as receiving a delayed ‘2’ reward from two trials and an
immediate ‘5’ reward from the current trial, which would then be displayed as 7. On the other
hand, the disjoint condition gave participants a dissociable reward. The feedback displayed two
boxes titled ‘immediate reward’ and ‘delayed reward’; and consequently, did not sum the reward
together (see Figure 2).
Procedure

Each participant filled out a consent form that described the type of task they would

receive compensation for. After each participant completed the CA task, they took the AUDIT,
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BIS-11, and exit survey. Time taken, in minutes, for the CA task (Disjoint: Mend= 25.27, SDend =
8.77, Conjoined: Mend= 25.32, SDend = 10.07) and surveys (Mend= 7.25, SDend = 3.85) were
reasonable. Response rate for the CA task was very high (Mresponse = 99.5%). Per trial time was
calculated after removing non-answered trials, for an average trial time of 1.59 seconds
(SDrrialtime = 1.37). After completing both sessions, participants were given their bonus. Those
who did not complete the second session were paid for the first session but did not receive the
bonus payment.
Analysis

Additional variables were produced from the experimental properties imbued in the 8
options. Reward difference calculated the difference in total reward between two options at the
current trial. Current valence type was a categorical variable that depicted the valence between
both options with “positive”, “mixed”, and “negative” conditions; for example, if one option had
a gain and the other a loss then it would be branded as “mixed” regardless of immediate or
delayed contingencies. Similarly, current choice type, another categorical variable, reflected if
both, neither, or a blended delayed contingency was given on the current trial with “immediate”,
“delayed”, and “mixed”, respectfully. Finally, two variables were created for the chosen reward
one and two trials back for delayed rewards only. This was to help determine if the delayed
option influenced current choice. All continuous variables were standardized (un =0, 6 = 1), and
categorical predictors were set to dummy codes.
Logistic Regressions

Analysis will start with a more agnostic approach, using a cross-classified logistic
regression to characterize the drivers of behavior, such as random walk reward, temporal delay,

and condition. All trial data is used on a cross-classified logistic regression with an intercept
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variance for both subjects and unique combination pair, along with a slope variance for trial
number. To achieve convergence, a derivative-free optimizer that allows bounding through
quadratic approximation (bobyqa) will be employed. The data will be subset to reflect only
unequal reward options, so that our predicted variable, optimality, can be computed on trial level
data. Optimality is defined as trial-level choice of the greater cumulative reward. Our predictors
will include condition, stage, reward difference, log-transformed trial time, chosen reward one
and two trials back, current valence type, current choice type, and trial number. For interpretation,
coefficients will be exponentiated to produce odds ratios, and can be used as a means of
quantifying effects sizes, given that the variables are on similar scales.

Next, we will be looking into the signals of delay learning through simulating choice
rules from mapping our different reinforcement learning models to behavioral signals in the
estimates of our regression output. The Time-Forward Logistic Regression considers:

Data € choice type ="mixed’ (IvD | DvI)
Chosen_Delay ~ Condition*(It + It+1+ It+2+Det D1+ D) (D
+ (It + Itr1+ L2+ Dt Der1+ Dri2|sub)
Delayed (D) reward trials (t+2) would be related to choosing the delayed option when against an
immediate in a mixed choice type, which would then correspond to a coefficient in each of the
models, eligibility and tabular. We fit the models to account for the full structure of the task in
terms of time-led reward but removed the condition interaction for minimal variance contribution.
The R packages ‘lme4’ and ‘nlme’ package will be used to model all fixed and random effects.
The package ‘afex’ allows for parameterized bootstrapping estimates, resulting in more stable
significance tests. Afterwards, we will consider this in relation to different reinforcement

learning strategies.
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Model-Based

After, we will test a set of multilevel models to dissociate the comparison effects of the
two competing RL strategies, explained below, one with less complexity (eligibility trace) and
the other with more (tabular). Optimizing these parameters on participant data produces five
fitted parameters, weighted model strategy at decision time (B-eligibility and -tabular), model
decay of credit trace for past actions (A-eligibility and -tabular), and a shared learning rate for
immediate actions (o). Analysis will be two-fold, in one we will aggregate the effects of the
parameters across the two stages and the other using the individual-level decision trials to
decipher participants approach to the task. A multilevel regression with a random intercept for
each subject level parameter will be modeled with the fixed effects of condition and stage for
each parameter. Covariates of age, sex, random walk condition, and employment status will be
used as fixed effects in all mixed models (see equation 7). Each parameter will test a full model
with an interaction, between condition and stage, against a partial model without an interaction.
A Chi-Square (%*) will determine if the interaction fit better explains the data and determines if
the effects should be investigated further. If the interaction model is significant, then conditional
effects will be probed across condition and stage. Interclass correlations (ICC) were calculated
on each parameter to quantify the dissociation of variance, whether between- or within-subjects.
Furthermore, due to the paired nature of the data, compound symmetry will be used to identify
negative correlations between the participant pairs and can be interpreted as a standardized ICC.

Parameter condition * stage + covariates + (1|combination) + (1 + trials|sub) (2)

Reinforcement Learning Models
Eligibility Trace

The eligibility trace model use the Rescorla-Wagner learning rule () to calculate the
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difference between reward and expected value (Rescorla & Wagner, 1972).

6; = 1(a) —v(a) 3)
At the current time point (t), this calculates the difference between the actual reward (r) and
estimated value (v). Actions (a) are then updated with a replacing eligibility trace, such that the
unchosen actions are discounted.

1 ifa; = a;

) 4
Aerete_1(ay)ifa; # a; @

eti(a;) = {

The replacing eligibility trace (et) updates all options (i) using a free decay rate (Aet), bounded
between 0 and 1, for each action. The current selection is updated with a replacing eligibility
trace (1), so that the current selection has no decay (Singh & Sutton, 1996). The value function is
then updated for each action.
ver1(a) < ve(ay) + adet(a;) (5)
The learning rate (o) is a free parameter that determines the magnitude of the update from the
RPE and eligibility trace. Thus, the temporal sequence is highly meaningful for the valuation of
past actions.
Tabular
The tabular based method has an explicit representation of the temporal sequence (Sutton &
Barto, 2018).
6¢(d) = re(a) — Q(d, a) (6)
Two RPEs are calculated, one for the immediate reward and the other for two-trials previous
choice based on the represented delay (d). The Q-learning function considers both the delay and
the action chosen.
Qt+1(d,a) « Q(d, a) + adiqp(d = 2)6.(d) (7)

Both RPEs are used to update the immediate choice and the choice two trials ago. The learning
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rate (o) is shared between both models, as differences were minimal, and interpretation would be
reflected in the other parameters. However, two-different free decay rates (lambdas) A;,;, and 4.,
were used in the two separate models. Note that only A;,;, is used when we consider the delayed
feedback (d = 2), whereas, immediate is not discounted at all. Because the instructions were
explicit about not crediting the action chosen one trial ago, the tabular model skips updates for
the one trial delay. On the other hand, the eligibility trace will bleed credit into the randomly
related objects dependent on the temporal sequence in which they were experienced.

Both models, eligibility (et) and tabular (tab), are placed into a SoftMax function. The
hybrid model infuses these two strategies at decision time through two free parameters which
reflect a hybrid model that weighs the strategy contribution at decision time, referred to as
strategy weight (). These betas are used to weigh the value function calculated for each of the

separate models.

exp [Betvt(a)"'ﬁtabZQt(d;a)] (8)
Yizoexp [Betve(ap)+BrapXQe(d,a]

m.(a) =
When considered alone, the hybrid model can be reduced to either the eligibility or tabular
through a strategy weight of zero.

Figure 2. Top-left, shows the difference in feedback presentation depending on the
condition the participant is in, and the outcome used to generate the prediction error for
immediate feedback. The triple period indicates that credit can trace farther than the three states.
Top-middle, shows two-alternative forced choice trials and the participants selection (darker
arrow) in current trial (red), previous, and trial-minus-two. Colors correspond to the tabular
model updating the immediate choice (+1) and trial-minus-two (+4), as each generates a

prediction error to update the value function. Top-right, shows the temporal sequence of

assigning credit (blue heatmap) based on the free parameters of lambda, such that tabular skips
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assigning credit to the previous state (S2). Bottom-left, shows the value function for the tabular
model, which contains a matrix of objects as columns and delay as rows. Bottom-right, shows
the value function of the eligibility trace, which uses a single prediction error to update.

Additionally, the initial outcome of the 8 options is given in the bottom rows.

Joint Disjoint Choice Eligibility Tabular
Reward A
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o 2
() () i
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Delayed Curront Trial oo
Tabular Eligibility
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Hybrid Parameter Recovery

The model fitting used the ‘deoptim’ package in R, which reflects a differential
evolutionary algorithm for global optimization (Mullen et al., 2011). Global optimization is used
to avoid parameters being trapped in local minimums. Random numbers were chosen using
different parameters in a beta and gamma distribution and then used to make choices on our task.
Choice data from the simulation was then used to recover the input parameters. The simulation
and recovered parameters were reasonable. Correlations between real and recovered parameters
for disjoint: learning rate (r = .9), decision weight-tabular (» = .91), decision weight-eligibility (»

=.93), decay rate-tabular (» = .79), decay rate-eligibility (» = .86). Conjoined: learning rate (r
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=.96), decision weight-tabular (» = .83), decision weight-eligibility ( = .76), decay rate-tabular
(r = .68), decay rate-eligibility (» =.75). Figure 3 depicts the real and recovered parameter values
collapsing across the two conditions.

Figure 3. Parameter recovery (N = 300) for the five parameters collapsed across the two

experimental conditions. Elig = Eligibility Model, Tab = Tabular Model.
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Real
Models Choice Predictions

We sought to understand how the models might differ regarding the current experimental
task. To achieve this, a simulation was set up so that model generations would experience the
same type of random trial sequences a human participant would experience. Both eligibility and
tabular were built to exhibit behavior only for that model along with a hybrid model that
implemented both. The shared learning rate used a randomly generated beta distribution,
rbeta(1.5, 1.5). Two different decision weights were generated from the same gamma distribution,
rgamma(1, 1). Finally, a set of five fixed decay rates, .3, .5, .75, .85, .9, were used in generation
of the simulated choice data. In summary, tabular appears to be more efficient in updating

delayed options and does not have a much noise in the valuation of all options.
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Figure 4. Value Comparisons. Tracks the value calculations for the models, eligibility
and tabular, along with the actual objective rewards for the 8 options. Titles display the value as
a function of decay rate (lambda) for each style. Subtitles indicate if the option was immediate
(DelayO0) or delayed (Delay2) and contained the initial starting value. Eligibility appears to
fluctuate more in the disjoint condition, where the tabular model dissociates signal into two
values. Models appear to differ most on those of small sample size, such as in delayed rewards as
compared immediate gains. Initially values appear to have a heavy bias in favoring whatever the
starting value was. However, all two-forced trial pairs (28 total) were of random sequence, but
their reward magnitude followed one of three predetermined reward walk sequences. Models
appear to make similar predictions on value, but delayed values have more divergence between

models.
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Figure 5. Comparing Model Differences in Optimal Choice. Subsets the dataset (N =
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4500 simulated agents) for trials that involve a value difference and a dichotomous predicted

optimality which indicates when the agent selects the higher valued object. Data trends show the

model accuracy over time with ascending accuracy of eligibility, hybrid, and tabular, where

largest differences appear in trials involving less sampling, such as those with delay or negative

valence.
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Finally, we will employ the use of exploratory statistics to inform interpretation and
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guide our later predictions about the phenomenon at hand. Such is the case in our study, which
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will aggregate trials across subject-level data. T-tests and correlations will be used to see if there
is still an effect of condition and stage without the dissociation of variance. Regressions will be
used on test trial time, self-reports (AUDIT and BIS-11), and these will not dissociate variance
based on subject. Note that we hypothesized that the tabular weight would be higher in disjoint
than the eligibility weight and that the decay parameter would be increased in the conjoined
condition.

Results
Descriptive

CA task: Proportion of selecting optimality when the reward difference is not equal to 0,
Disjoint (M = .68, SD = .11) and Conjoined (M = .64, SD = .09). Proportion of selecting delay
when between immediate and delay option, Disjoint (M = .58, SD = .1) and Conjoined (M = .55,
SD = .09). Proportion of selecting optimal delay when between immediate and delay option,
Disjoint (M = .43, SD = .11) and Conjoined (M = .4, SD =.09).

Self-reports: AUDIT scores (M = 4.3, SD = 3.96), BIS scores (M =91.33, SD = 14.23)
with subscales, attention (M =9.91, SD = 2.47), cognitive stability (M = 6.29, SD = 1.67), motor
(M =31.58, SD =5), perseverance (M = 7.08, SD = 1.49), self-control (M = 25.72, SD = 5.22),
and cognitive complexity (M = 10.75, SD = 2.37). Correlation between AUDIT and BIS was not
significant r = .07, p = 4.

Reinforcement learning parameters for disjoint condition: alpha (M = .32, SD = .28),
beta-eligibility (M = .46, SD = .38), beta-tabular (M = .72, SD = .67), lambda-eligibility (M
=.62, SD = .29), and lambda-tabular (M = .54, SD = .26). Reinforcement learning parameters for
conjoined condition: alpha (M = .24, SD = .28), beta-eligibility (M = .53, SD = .46), beta-tabular

(M =.52, SD = .47), lambda-eligibility (M = .61, SD = .32), and lambda-tabular (M = .46, SD
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=.27).
Model-Agnostic
The cross-classified logistic regression considers trial-by-trial data optimal reward

differences (see Table 1). Wu et al. (2012) outlines variance components of dichotomous models

which calculate the ICC by

0.2
p= 62+(m2/3) ©)

where the residual variance is fixed at 7%/3 and 42 is the estimated intercept variance.
Furthermore, the fixed effects account for 28.5% of the total variance of both fixed and random
effects. The intercept represents participants average odds of picking optimality in the first stage
of the disjoint condition, along with positive valence and immediate choice types. Participants on
average had the highest odds to select optimality in the disjoint condition of the first stage for
mixed valence immediate choice types. The interaction was significant, indicating different
levels of optimality pertaining to the different combinations of condition and stage. Specifically,
moving from disjoint-to-conjoined in the first stage was associated with a significant decrease in
odds, OR =.65,z=-6.4, p <.001, 95% CI [.57, .74]. Moving from conjoined-to-disjoint in the
second stage was associated with a non-significant effect, p = .56. Moving from the first-to-
second stage in the disjoint condition was associated with a significant decrease in odds, OR
=.74,z=-4.46,p <.001, 95% CI [.65, .85]. Moving from the second-to-first stage in the
conjoined condition was associated with a significant decrease in odds, OR = .84, z=-2.51, p
=.01, 95% CI [.74, .96]. The results dictate that trial types of higher reward differences were
associated with greater chance to choose the optimal option. Longer choice times were indicative
of less likelihood in choosing an optimal option. Additionally, choice types that were delayed

seemed more difficult to choose optimally as compared to mixed and then immediate. Valence
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was also illustrative of optimal choice in descending order of mixed, negative, and positive.

Finally, the reward received one and two trials ago appeared to have a slight effect on current

choice.

Table 1

Cross-Classified Logistic Mixed Effects Regression Predicting Optimal Choice

Chosen Optimal

Predictors Odds Ratios Cl p
(Intercept) 2.78 2.29-3.37 <0.001
RewardStyle [conjoined] 0.65 0.57-0.74 <0.001
Experiment Stage [2] 0.74 0.65—-0.85 <0.001
Rewards Difference 1.27 1.24-1.30 <0.001
Log(Trial Time) 0.89 0.88-0.91 <0.001
Current ValenceType [mixed] 1.31 1.25-1.36 <0.001
Current ValenceType [negative] 1.12 1.06 - 1.19 <0.001
Current ChoiceType [mixed] 0.79 0.65-0.96 0.016
Current ChoiceType [delayed] 0.63 0.50-0.79 <0.001
Trial 1.03 1.00-1.06 0.091
RewardStyle [conjoined] * Experiment Stage [2] 1.60 1.24 -2.07 <0.001

Random Effects
& 3.29
T00 ProlificID 0.18
T00 Current.Combination 0.04
T11 ProlificID.Trial s 0.03
Poi ProlificID 0.48
icc 0.07
N Current.Combination 28
N prolifietp 142
Observations 85978
Marginal R? / Conditional R* 0.045/0.113

Time-Forward Logistic Regression

Condition had weak effect sizes, but each model appears to be predicted by the correct

reward trial type index. Eligibility 95% CI OR (I = [.96,.99] L= [.95, .98] Tea = [.97, 1] Dc =
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[.98, 1] Der1 =[.99, 1.01] D2 =[1.22, 1.25]), Tabular 95% CI OR (It =[1,1.09] Itn1=[.97, 1] It+2
=1[.96, .99] Dt =[.98, 1] Di+1 =[.98, 1.01] Dw+2 = [1.35, 1.39]), and participant’s data 95% CI OR
(It=11.29,1.33] It11=[.93, .97] It+2 =[.95, .98] Dt =[.99, 1] Dt+1 =[.99, 1.01] D2 =[1.17, 1.2]).
To note, effect sizes show that participants appear to be using information about the immediate
reward to select the delay option, along with some weak effects in immediate one trial back.
Reinforcement Learning Model Parameters

Figure 5. RL parameters means and 95% confidence intervals partitioned across
condition and stage. Stage represents if the participant started in the disjoint condition

(Start.Disjoint) or ended in the disjoint condition (Start.Conjoined).
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Each RL parameter is fit into a mixed effects model with a random intercept for each subject to
control for within-subject effects. For B-tabular, an unconditional model allowed an estimate of
the ICC, accounting for 27.08% of the total variation between subjects. The best fitting model

consisted of an interaction with covariates, showing a significant change in deviance for the
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interaction, y°(1) = 8.15, p = .004. The addition of the covariates also showed a significant
change in deviance compared to a non-covariate interaction model, y’(11) = 29.86, p = .002.
Collapsing across the covariate variables’ groups showed that each covariate added a significant
amount of variance, except random walk, p = .43 and sex, p = .055. Analysis continued using all
covariates regardless of significant effects. Furthermore, both conditional and interaction effects
of condition and stage were significant across all competing models. The interaction was
significant, f = .41, (130.7) = 2.77, p = .006, 95% CI [.13, .7]. The conditional effect of
condition from disjoint -to-sum in the first stage was significant, § = -.39, #(250.78) = -4.05, p
<.001, 95% CI [-.57, -.2]. The effect of condition from sum-to- disjoint in the second stage was
not significant, f = -.03, #249.82) =-.31, p = .76, 95% CI [-.21, .15]. The effect of stage from 1-
to-2 in the disjoint condition was significant, f = -.32, #(250.06) = -3.35, p <.001, 95% CI [-.5, -
.14]. Finally, the effect of stage from 2-to-1 in the conjoined condition was not significant, f = -
.1,14249.93) = -1.03, p = .3, 95% CI [-.28, .08]. Collapsing the groups in condition, F(139.23) =
9.31, p = .003 produced a significant effect, but the collapsed stage, F(138.35) =3.57, p = .06,
did not reach a significant finding.

For B-eligibility, an unconditional model allowed an estimate of the ICC, accounting for
16.36% of the total variation between subjects. The best fitting model consisted of no-interaction
with a single covariate, showing no significant change in deviance for the interaction, y’(1) =
1.51, p = .22. The addition of the covariates also showed a significant change in deviance
compared to a non-covariate model, y’(10) = 26.95, p = .005. Aggregating the covariate variables
showed that only the covariate of random walk added a significant amount of variance, p <.001.
Furthermore, condition and stage effects were not significant across the competing models. The

effect of condition was not significant, p = .29, nor was stage, p = .33.
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For A-tabular, the fit was based on a generalized least squares model with compound
symmetry, as the within-subject correlation was negative, p = -.04. The best fitting model
consisted of an interaction with no covariates, showing a significant change in likelihoods for the
interaction, Az = 5.58, p = .02. The addition of the covariates showed no significant change in
likelihoods compared to a non-covariate model, A2z = 6.36, p = .85. Aggregating the covariate
variables showed that none of the covariates added a significant amount of variance, all p > .35.
Both conditional and interactional effects were significant across all competing models. The
interaction was significant, f = .15, t=2.37, p =.02, 95% CI [.025, .27]. The conditional effect
of condition from disjoint -to-sum in the first stage was significant, f =-.16, t =-3.69, p <.001,
95% CI [-.25, -.077]. The effect of condition from sum-to- disjoint in the second stage was not
significant, f=.02, t= .4, p = .69, 95% CI [-.07, .1]. The effect of stage from 1-to-2 in the
disjoint condition was significant, f =-.1, t =-2.27, p = .024, 95% CI [-.19, -.01]. Finally, the

effect of stage from 2-to-1 in the conjoined condition was not significant, f =-.05,r=-1.01, p

31, 95% CI [-.13, .04]. Collapsing across both condition, (1) = 8.29, p = .004 and stage, F(1)
= .76, p = .38, shows only the effect of condition on A-tabular.

For A-eligibility, an unconditional model allowed an estimate of the ICC, accounting for
10.96% of the total variation between subjects. The best fitting model consisted of a non-
interaction with no covariates, showing no significant change in deviance for the interaction, y’(1)
= .04, p = .85. The addition of the covariates also showed no significant change in deviance
compared to a non-covariate model, y>(11) = 9.91, p = .54. Aggregating the covariate variables
showed that none of the covariates added a significant amount of variance, all p > .3. The main
effect of condition was not significant, p = .7. The main effect of stage was also not significant, p

=.69.
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For a, an unconditional model allowed an estimate of the ICC, accounting for 6.03% of
the total variation between subjects. The best fitting model consisted of a non-interaction with a
single covariate of random walk, showing no significant change in deviance for the interaction,
x’(1)= .47, p = .49. The addition of random walk showed a significant change in deviance
compared to the non-covariate model, y’(1) = 8.85, p = .002. The main effect of condition was
significant, f =-.07, #(140.22) =-2.28, p =.03, 95% CI [-.13, -.008]. The main effect of stage
was not significant, p = .68.
Exploratory Analysis

Correlations between variables were inspected as well. Table 1 depicts the Pearson
correlation coefficients and their associated p-values among the model parameters. Noteworthy,
the two lambda values appear to have a very weak association, which gives further justification
against a single lambda parameter. BIS and AUDIT did not have evidence of an association,
r(140) = .07, p > .05. Higher values of optimality were positively associated with model specific
parameters, where beta-tabular (» = .69), lambda-tabular ( = .36), beta-eligibility (» = .18),
lambda-eligibility (» =.16), and alpha (» = -.07, p > .05). Higher averages of time taken between
trials appeared to be correlated with higher levels of optimality, #(282) = .23, p < .01, higher
rates of beta-tabular, 7(282) = .27, p < .01, higher rates of lambda-eligibility, #(282) = .14, p
= .02, and lower rates of BIS, »(282) =-.12, p <.05.

Paired t-tests for condition regarding reinforcement learning parameters were as follows.
Alpha, #(141) =2.41, p = .02, 95% CI [.01, .14], d = .2. beta-eligibility, #(141) =-1.42, p = .16,
95% CI [-.16, .03], d = -.11. beta-tabular, #(141) = 3.21, p = .002, 95% CI [.07, .3], d = .27.
lambda-eligibility, #(141) = .37, p=.71, 95% CI [-.05, .08], d = .03, and lambda-tabular, #141)

=.09, p =.005, 95% CI [.03, .15], d = .24. These t-tests indicate an increase in tabular
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parameters when moving from conjoined to disjoint condition.

Paired t-tests for experiment stage regarding reinforcement learning parameters were as
follows. Alpha, #(141) =-.26, p = .8, 95% CI [-.07, .06], d = -.02, beta-eligibility, #(141) = -1.06,
p=.29,95% CI [-.14, .04], d = -.09, beta-tabular, #(141) = 1.97, p = .05, 95% CI [0, .24],d = .17,
lambda-eligibility, #141) =-.38, p =.7, 95% CI [-.08, .05], d = -.03, and lambda-tabular #141)
=.97,p=.33,95% CI [-.03, .1], d = .08. Beta-tabular appears to be the only parameter effected
from the stage, but each parameter might contain an interaction with the first stage displaying
higher effect sizes.

Exploratory linear regressions were also run on optimal chosen, time taken, AUDIT, and
BIS as predicted variables. Data was subset to only consist of trials where there was a reward
difference between the two options. Overall model with all reinforcement learning parameters,
interaction between style and stage, and the random walk conditions as a covariates showed a
significant model fit, R> = .75, F(9, 274) = 91.52, p < .001. Significant model predictors were
beta-tabular, b = .13, SE = .005, #(274) = 22.64, p < .001, 95% CI [.12, .14], wp*= .69. Beta-
eligibility, b = .09, SE = .008, #(274) = 10.35, p <.001, 95% CI [.07, .12], wp’= .29. Lambda-
tabular, b = .09, SE = .01, #(274) = 7.53, 95% CI [.07, .12], wp’= .18. The model shows a quick
sanity check for the two separate models’ ability to select the higher valued option.

Log-transformed time taken was also used in all reinforcement learning parameters,
interaction between style and stage, and random walk conditions as a covariate. The overall
model was significant, R> = .12, F(9, 274) = 4.23, p <.001. The only significant predictor was
beta-tabular, b = .22, SE = .05, t(274) = 4.71, p < .001, 95% CI [.13, .31], wy* = .07. Along with
one marginal predictor alpha, b = -.18, SE = .1, #(274) = -1.88, p = .06, 95% CI [-.38, .008], w,’

=.008. However, due to the mouse-click nature of the experiment, trial-time taken should be
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interpreted with caution. Overall AUDIT model was not significant, (9, 274) = .38, p = .94.
Along with BIS model showing no overall significant effect, (9, 264) =.7, p=.71.
Discussion

The classic dichotomy between automaticity or undirected and systematic or directed
modes of processing poses certain boundaries when considering available information (Wason &
Evans, 1974). The task from Tanaka et al. (2009) allowed us to pose a form of this dichotomy in
a repeated decisions task with intervening events that would stress a temporal CA problem. To
this, our competing RL framework combined two CA strategies, eligibility trace and tabulation
into a single model. The eligibility trace model which was held to be a less efficient version was
the dominant model in the original task. However, in our new task design, tabulation was able to
transform temporal information into less uncertainty and participants appeared to only increase
their decision weight when starting in the disjoint condition. This might be due to the daunting
nature of the task in the conjoint condition, which typically has more computational demand and
difficulty. The disjoint condition on the other hand had more individuals using a higher
tabulation weight at decision time. Behavioral data appears to map correspondingly with our
models, but participants appear to be using additional information from the yoked immediate
choice to select the delayed choice. Additionally, it isn’t exactly clear where the model
differences would be most overt, as our value and pair comparisons generally show different
degrees of efficiency rather than fundamentally different modalities of behavior.

With different modalities of behavior, Moran et al. (2019) was able to design a CA task
that leveraged a sequential design with structural ambiguity to provide clean dissociations
between model-free and model-based CA. Their design incorporates the structural CA problem,

as their source of uncertainty arises from the influence of previously learned paired relationships.
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Some pairs share a common object, and only upon revealing the unique object can the state
uncertainty regarding the structural assignment be resolved. In contrast, Tanaka et al.’s (2009)
design incorporates the temporal CA problem, as their source of uncertainty is found in the
timing of rewards. Determining whether a reward might be immediate or delayed challenges the
participant to track temporal information to reduce uncertainty. Certainty, there is a large degree
of overlap between temporal and structural CA, but we view this distinction as meaningful
(Agogino & Tumer, 2004). Another point of difference regarding uncertainty is when the
ambiguity is presented, as for Moran the ambiguity is presented at the start of each trial. With the
Tanaka design, the ambiguity is presented in the temporal contiguity of choice pairs, as the
difficulty of learning is a joint relationship between the random sequence and participant choice.
Thus, Tanaka’s design cannot make clean distinctions between a model-based and model-free
system, as multiple MF and MB processes could be involved during task. One could solve the
problem with MB prospection on predicting the reward two-trials ahead or engage MF
retrospection to bleed credit to past state-action pairs. Regarding this, Tanaka’s task is difficult to
solve prospectively as intervening test items continue to disrupt working memory and displace
the temporal contiguity between feedback and choice. Uncertainty is also represented in the
reward function regarding the separation of feedback, where both sources of reward would be
summed together. To note, we informed our participants of a fixed delay timing, but not the
specific objects that carried the informed fixed contingency. How participants are solving this
task remains a conundrum, where our two-condition system - one with disjoint reward and one
conjoined - was developed under the idea that one might increase propensity to engage a
prospective system given disjoint feedback.

Additional reward information led participants to weigh up a model that incorporated
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temporal information to reduce uncertainty despite increased computational demands. The
implementation of the eligibility trace model seems to exhibit little dependence on specific
experimental contingencies, indicating its potential as a strong baseline across diverse
environments, and highlighting its suitability for generalization (Lehmann et al., 2019; Moran et
al., 2019; Tanaka et al., 2009; Walsh & Anderson, 2011). The eligibility trace model assigns
credit based on the temporal sequence of events; and thereby eschewing the need to build a
structural model of the temporal sequence. The current experimental design, with dissociated
reward, should allow participants to have full knowledge of the current contingencies and
maximize the rate of making optimal decisions. Due to the challenging nature of the task,
participants were only able to leverage this additional information when starting in a disjoint
condition but in either condition when starting in conjoint. Humans have an ability to engage
resources to overcome obstacles in a learning problem, given they have necessary information.
However, people can forgo effortful processes and fall victim to the bias of the random sequence
in front of them or just choose to not even engage. Immediacy of update might appear as a
nontaxing mechanism, but the inhibitory response to withhold credit for other states, such as
those of delay, may be more taxing as to having to account for other factors.

The last generation of RL research has focused on differences between model-based and
model-free learners (Daw et al., 2011). Recent research has made significant progress in
distinguishing between model-free and model-based approaches to CA, revealing a dynamic
interplay between retrospective and prospective processes (Deserno et al., 2021; Moran et al.,
2019, 2021; Shahar et al., 2019, 2021). This emerging body of work highlights how information
updating the current model can lead to retrospectively reassigning credit based on revealed

structural information. Thus, the cognitive map that is stored in long-term memory can be
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leveraged to correctly update previous cached action values of the model-free system. In the
current task, working memory will be the expended resource to learn the relationship pairs as
distractor items as distractor items are also test items that must be further incorporated to update
relationships. Thus, our task is not purely encode-and-recall, but participants must strategically
incorporate reward feedback in the manner they see fit.

The current strategies are restricted to mechanisms involved in RL, such as those of
eligibility traces, which trace credit to distant actions. However, taking models from other
paradigms, such as those of memory and temporal contiguity might shed light into the diversity
of strategies involved (Shanks et al., 1989). These models rely on episodic memory which is
often encoded into a buffer system that can incorporate several chunks based on individual
differences. Another common model type involves temporal discounting which is used to value
different stimuli dependent on everyone’s rate of discounting. However, these model types have
predominantly been applied to hypothetical future rewards rather than learning value in an
experiential format (Bickel et al., 2011; Horan et al., 2017). Collins and Frank (2012) hybrid
working memory and RL model, value modifications involving n-back models (Harbison et al.,
2011), or a novel implementation of the successor representation (Gershman et al., 2012) could
be potential avenues for further discovery of the involved processes.

Extensively, the backpropagating eligibility trace is a solution to solving learning
problems of long time horizons (Sutton & Barto, 2018). Stemming from the discounting
parameter, the less discounting the more complexity a person is using, as backpropagation of
credit is tied to the policy that was instated (Chelu et al., 2020; Kearns & Singh, 2000). The trace
of eligibility exponentially decays relative to the distance from experience, but future

hypothetical rewards are often hyperbolically discounting (Mazur, 2013). Such a question might

36



LEARNING AND INFORMATION UNCERTAINY

be posed in the descriptive-experiential gap or between the way that retrospective-prospective
rewards are handled.

In summary, credit assignment is a nontrivial problem for both humans and machines.
The mechanisms implemented in human solutions might provide clarity in novel machine
approaches and machine solutions might provide boundaries for human investigation. Despite
the complex and demanding nature of the task, participants were able to overcome shifting
rewards in a delayed repeated decision task with intervening events. As such, we manipulated the
manner of feedback to incentivize participants to increase effortful processes in hope that our
strategies might have differential effects. To this, we found evidence of increased weight of a
decision strategy that was more efficient conditional on the randomized order participants
experienced the task. Thus, evidence would suggest that participants may choose to utilize this
information or forgo it dependent on unknown circumstances. We hope that further
investigations might look towards new avenues in this experimental design to further understand

how credit assignment might be implemented.
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