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It has recently become widely appreciated that value-based decision making is supported by multiple
computational strategies. In particular, animal and human behavior in learning tasks appears to include
habitual responses described by prominent model-free reinforcement learning (RL) theories, but also
more deliberative or goal-directed actions that can be characterized by a different class of theories,
model-based RL. The latter theories evaluate actions by using a representation of the contingencies of
the task (as with a learned map of a spatial maze), called an “internal model.” Given the evidence of
behavioral and neural dissociations between these approaches, they are often characterized as dissocia-
ble learning systems, though they likely interact and share common mechanisms.

In many respects, this division parallels a longstanding dissociation in cognitive neuroscience between
multiple memory systems, describing, at the broadest level, separate systems for declarative and proce-
dural learning. Procedural learning has notable parallels with model-free RL: both involve learning of
habits and both are known to depend on parts of the striatum. Declarative memory, by contrast, supports
memory for single events or episodes and depends on the hippocampus. The hippocampus is thought to
support declarative memory by encoding temporal and spatial relations among stimuli and thus is often
referred to as a relational memory system. Such relational encoding is likely to play an important role in
learning an internal model, the representation that is central to model-based RL. Thus, insofar as the
memory systems represent more general-purpose cognitive mechanisms that might subserve perfor-
mance on many sorts of tasks including decision making, these parallels raise the question whether
the multiple decision systems are served by multiple memory systems, such that one dissociation is
grounded in the other.

Here we investigated the relationship between model-based RL and relational memory by comparing
individual differences across behavioral tasks designed to measure either capacity. Human subjects per-
formed two tasks, a learning and generalization task (acquired equivalence) which involves relational
encoding and depends on the hippocampus; and a sequential RL task that could be solved by either a
model-based or model-free strategy. We assessed the correlation between subjects’ use of flexible, rela-
tional memory, as measured by generalization in the acquired equivalence task, and their differential reli-
ance on either RL strategy in the decision task. We observed a significant positive relationship between
generalization and model-based, but not model-free, choice strategies. These results are consistent with
the hypothesis that model-based RL, like acquired equivalence, relies on a more general-purpose rela-
tional memory system.

Keywords:
Reinforcement learning
Relational memory

© 2014 Elsevier Inc. All rights reserved.

1. Introduction in the moment by taking into account their particular expected

consequences and the current value of those consequences. The

There can be multiple paths to a decision. For example, as we
learn by trial and error about the value of different options, we
can select among them based simply on how much reward has pre-
viously followed each of them, or instead flexibly reevaluate them
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latter strategy allows us to choose flexibly if our current needs or
tastes have changed: for instance, if we progress from thirst to
hunger. Two distinct classes of control systems developed in the
engineering literature, called model-free and model-based
reinforcement learning (RL), describe these computationally and
representationally different approaches to value-based decision
making (Sutton & Barto, 1998).

ory (2014), http://dx.doi.org/10.1016/j.nlm.2014.04.014
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Much evidence in both humans and animals supports the idea
that the brain implements both of these approaches (Doll, Simon,
& Daw, 2012). In particular, model-free RL theories (Montague,
Dayan, & Sejnowski, 1996) maintain an estimate of the net reward
previously received following each action, updating it in light of
each experience using a reward prediction error signal. These the-
ories explain the behavioral phenomena of habits (Daw, Niv, &
Dayan, 2005)—inflexible response tendencies that often arise after
overtraining (Adams, 1982)—and, neurally, offer the predominant
computational account of the reward prediction error-like phasic
responses of dopamine neurons and of similar signals in human
fMRI at striatal dopamine targets (Glimcher, 2011). The reward
prediction error signal, the difference in reward received and
reward expected, is the computational core of model-free RL that
drives increases in action values following rewards and decreases
following punishments. The phasic bursts and dips of midbrain
dopamine neurons following rewards and punishments mirror this
teaching signal (Montague et al., 1996). Dopaminergic projections
to striatum modulate activation and plasticity (Reynolds &
Wickens, 2002) of corticostriatal synapses, driving reward and
punishment learning (Hikida, Kimura, Wada, Funabiki, &
Nakanishi, 2010). Optogenetic work indicates a causal role for this
signaling pathway in reward learning, consistent with the predic-
tions of model-free RL (Steinberg et al., 2013; Tsai et al., 2009).
Despite the success of this theory, model-free RL cannot explain
more flexible, goal-directed actions that have been demonstrated
experimentally using tasks such as latent learning or reward deval-
uation (Adams, 1982; Tolman & Honzik, 1930), nor the neural cor-
relates of these behavioral effects (Daw, Gershman, Seymour,
Dayan, & Dolan, 2011; Glascher, Daw, Dayan, & O’Doherty, 2010;
Tricomi, Balleine, & O’Doherty, 2009), nor the correlates of in-
the-moment evaluation of candidate actions (Pfeiffer & Foster,
2013; van der Meer, Johnson, Schmitzer-Torbert, & Redish, 2010).
These latter phenomena, instead, are well explained by model-
based RL. Instead of net action values, model-based algorithms
learn an “internal model” of the task—how different actions lead
to resulting situations or outcomes, and how those outcomes
map onto value—which then can be used to evaluate candidate
actions’ values through a sort of mental simulation or search at
decision time.

Many experiments suggest that these two learning approaches
trade off differentially, depending on task features such as the
amount of training (Adams, 1982; Tricomi et al., 2009), dual-task
interference (Otto, Gershman, Markman, & Daw, 2013, perhaps by
promoting an advantage to striatal over hippocampal function,
Foerde, Knowlton, & Poldrack, 2006), pharmacological interventions
(Dickinson, Smith, & Mirenowicz, 2000; Wunderlich, Smittenaar, &
Dolan, 2012) or brain lesions affecting areas associated with either
system (Yin, Knowlton, & Balleine, 2004; Yin, Ostlund, Knowlton,
& Balleine, 2005). Further, these learning approaches also differ
spontaneously across individuals (Skatova, Chan, & Daw, 2013). All
these results suggest that these two sorts of learning rely on neurally
and cognitively dissociable systems (though interacting and sharing
some common mechanisms, e.g. Daw et al. (2011)). However,
although the cognitive and neural mechanisms supporting model-
free RL are reasonably well understood, those supporting model-
based RL are currently much less clear.

This profile of relatively better and worse understanding about
the two systems is complementary to that for a similar dichotomy
in another area of research, memory. Decades of work in cognitive
neuroscience concerns the brain’s multiple systems for memory.
Traditionally, the study of memory systems has focused on a dis-
tinction between procedural and declarative memory, which are
thought to differ in the kinds of representations they form, the
contexts in which they are elicited, and the neural systems that sup-
port them (e.g. Squire, 1992; Gabrieli, 1998; Knowlton, Mangels, &

Squire, 1996). The distinction between memory systems was ini-
tially dramatically supported by observations that declarative
memory was impaired in patients with amnesia due to hippocam-
pal damage, while procedural memory was relatively spared in
the same patients (Corkin, 1968). This effect has subsequently been
demonstrated in amnestics with varying etiologies in numerous
incrementally acquired, feedback-driven procedural learning tasks,
such as mirror-reading (Cohen & Squire, 1980; Gabrieli, Corkin,
Mickel, & Growdon, 1993), the pursuit-rotor (Heindel, Salmon,
Shults, Walicke, & Butters, 1989), and weather prediction tasks
(Knowlton et al., 1996). In contrast, degeneration of the nigrostriatal
dopamine system in Parkinson’s disease and loss of striatal integrity
in Huntington’s disease impairs procedural memory, but leaves
declarative memory relatively intact (Heindel et al., 1989;
Knowlton et al, 1996; Martone, Butters, Payne, Becker, & Sax,
1984). The dissociable behavioral and neural characteristics of these
memory systems are now well-described—procedural memory is
thought to be inflexible, implicit, incremental, and reliant on stria-
tum, whereas declarative memories are more flexible, relational,
possibly subject to conscious access, and reliant on hippocampus.

Thus, in many ways, this distinction appears to be closely
related to that between model-free and model-based RL, with
model-free RL corresponding to procedural memory (Knowlton
et al., 1996), and model-based corresponding to declarative mem-
ory (Daw & Shohamy, 2008; Dickinson, 1980). The computational
and neural mechanisms formalized by model-free theories and
tasks also explain classic procedural learning tasks, which feature
incremental learning from trial-to-trial feedback, and implicate
the striatum and its dopaminergic inputs (Knowlton et al., 1996;
Shohamy et al., 2004). Evidence that distraction by cognitive load
disrupts model-based, but not model-free RL (Otto, Gershman,
et al., 2013) is mirrored by evidence that such interference disrupts
declarative, but not procedural task learning (Foerde et al., 2006).
Better understanding of the relationship between decision making
and memory systems has the potential to shed light on both areas,
in particular because in memory, much is known about the brain’s
systems for declarative memory, which might provide a crucial
relational encoding mechanism underlying model-based RL. (Con-
versely, our relatively strong knowledge of the brain’s mechanisms
for model-free RL may fill in many gaps in our understanding of
procedural memory.) Thus, in the present study we aimed to
examine evidence for these correspondences by studying the rela-
tionship between tasks from the memory and decision literature.

A key feature of the hippocampal memory system, which is par-
ticularly relevant to model-based RL is the encoding of relations—
associations between multiple stimuli or events (Cohen &
Eichenbaum, 1993). A hallmark of relational memories that sug-
gests a parallel to model-based RL is that multiple, previously
learned associations can be combined in novel ways. A family of
classic memory tasks including acquired equivalence (Honey &
Hall, 1989), associative inference (Bunsey & Eichenbaum, 1996),
and transitive inference (Davis, 1992) assess this feature of rela-
tional memory. In these tasks, subjects first learn sets of overlap-
ping stimulus relationships and then generalize to or infer the
relationships between never-before-seen stimulus combinations
in a test phase. Neurally, successful performance of these relational
memory tasks is associated with the hippocampus (Greene, Gross,
Elsinger, & Rao, 2006; Myers et al, 2003; Preston, Shrager,
Dudukovic, & Gabrieli, 2004; Shohamy & Wagner, 2008).

These features of relational memory suggest a correspondence
to model-based RL. Unlike the response- or reward-related associ-
ations underlying model-free learning—which are clearly in the
domain of procedural memory (Knowlton, Squire, & Gluck, 1994;
Nissen & Bullemer, 1987)—model-based RL relies on learning a
world model, that is, an arbitrary set of associations between
stimuli or situations (as with a map of a spatial task), which can

ory (2014), http://dx.doi.org/10.1016/j.nlm.2014.04.014
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be flexibly used to plan actions. Not only is such learning
essentially relational, but such a decision making strategy and
the laboratory tasks used to probe it bear a striking similarity to
generalization or inference in the relational memory tasks
described above. This parallel is further supported by suggestive,
though mixed, evidence for hippocampal involvement in model-
based RL (Corbit & Balleine, 2000; Corbit, Ostlund, & Balleine,
2002; Johnson & Redish, 2007; Simon & Daw, 2011).

Accordingly, in this study, we consider the extent to which mul-
tiple decision systems make differential use of multiple memory
systems. In particular, we assess the possibility that model-based
RL relies on relational memory. If the one distinction arises from
the other, this would help to situate model-based learning on a
more general foundation of mnemonic mechanisms that have been
well-characterized both cognitively and neurally.

To examine whether relational memory might serve as a sub-
strate for model-based RL we compare individual differences
across tasks that separately measure these cognitive faculties. In
particular, we use an acquired equivalence task, a well-character-
ized measure of memory generalization that is known to recruit
the hippocampus (Myers et al., 2003; Shohamy & Wagner, 2008),
to train equivalencies between stimuli, then test whether subjects
rely on these equivalences to generalize flexibly to novel probes.
We then use the same stimuli as the basis of the world model in
a subsequent RL task. Leveraging the substantial between subject
variability in both generalization and in model-based RL, we ask
whether performance on each of the tasks is related by a common
computation or capacity. Our results indeed demonstrate a posi-
tive relationship between generalization performance in acquired
equivalence and the use of model-based RL, consistent with a role
for the relational memory system (and, more speculatively, the
hippocampus) in model-based RL.

2. Materials and methods
2.1. Experimental tasks
29 Columbia University students completed two behavioral

tasks, and were paid $10 for participation. The study was approved
by the local review board. Subjects first completed an acquired

equivalence task (a variant of that presented in Myers et al.
(2003) and Meeter, Shohamy, & Myers (2009), Fig. 1A, Table 1).
This task measures learning of familiar trained associations and
generalization to novel ones composed of trained components.
Subjects next completed a sequential reinforcement learning task
(a variant of the task introduced in Daw et al. (2011), Fig. 1B),
which measures the degree to which subjects choices are consis-
tent with model-based or model-free strategy. We investigated
the relationship of generalization in the relational memory task
to use of model-based and model-free strategies in the RL task
across subjects.

In the training phase of the acquired equivalence task, subjects
saw three pictures on each trial: a person’s face and two outdoor
scenes, and were given the goal of learning which of the two scenes
was preferred by each person. Subjects were told that each trial
type had a single consistent answer. Correct choices were followed
by positive feedback (a picture of a dollar coin), while incorrect
ones were followed by negative feedback (the dollar coin with an
X through it).

Equivalence training proceeded in three parts (Table 1). First
(shaping phase), subjects completed trials featuring faces A and
X, and scenes S1 and S3 (A preferred S1, X preferred S3; 8 randomly
ordered trials total). Equivalence training followed, in which A" and
X' were presented with scenes S1 and S3 (A’ preferred S1, X' pre-
ferred S3; 8 trials, intermingled with a repetition of the first 8 tri-
als). Finally (new consequents), new scenes were introduced. A and
X were presented with scenes S2 and S4 (A preferred S2, X pre-
ferred S4; 8 trials interleaved with a repetition of the first 16 trials).

Following the training phase, subjects completed a test phase in
which familiar training stimulus pairs as well as novel combina-
tions of stimuli were presented. Participants were instructed again
to select the scene preferred by each person, and were told that
they would not receive feedback during this portion of the exper-
iment. The novel trials (A" and X’ with scenes S2 and S4, 16 trials, 8
each) which measure acquired equivalence (A" preferring S2, X'
preferring S4), were intermingled with familiar training trials (8
repetitions of each of the 6 trial types). In training and test, sub-
jects had 5 s to respond.

Next, subjects completed 200 trials of a two-step sequential
reinforcement learning task, designed to distinguish between
reliance on model-based and model-free strategies. In this task
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Fig. 1. Task structure. (A) Acquired equivalence. Subjects learned face-scene associations by trial and error and received corrective feedback. Example training trials shown
for the A face stimulus (upper row), and the A’ face stimulus (lower left). Note that faces A and A’ are both associated with the same scene (left column; in the task, left/right
scene presentation was counterbalanced across trials). In the test phase, participants reported these associations again without feedback. Interleaved with familiar training
trials were novel test trials (lower right). Subjects who learned the equivalency of A and A’ generalize the association for A (upper right) to this novel test trial. Subjects were
also trained on the equivalence relation between X and X' faces (stimuli not shown; see discussion). (B) Reinforcement learning task. Subjects started each trial on either the
stage one states with actions A, B (left) or the state with actions A’, B’ (right) at random (left/right face presentation was randomized on each trial). Selection of A or A’
transitioned to the stage two state with actions C, D, while selection of B or B’ transitioned to the stage two state with actions E, F. Each action in the stage two states produced
reward with a continually drifting probability. Note that acquired equivalence of A and A’ is advantageous in the reinforcement learning task, as these actions are functionally
equivalent.
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Table 1

Acquired equivalence trial structure. Corrective feedback followed choice in acqui-
sition phase. No feedback was given in transfer phase. The transfer phase featured
novel probes interleaved with familiar probes from previous acquisition phases. A, A’,
X, X' denote face stimuli used in subsequent sequential reinforcement learning task.
S1, S2, S3, S4 denote scene stimuli.

Acquisition  Acquisition Acquisition Transfer
phase:
Stage 1: Stage 2: Equivalence  Stage 3: New Equivalence
Shaping training consequents testing
A— S1
A— S1 A—S1 A —S1 A —S2
A —S1 A—S2
X—S3
X—S3 X —S3 X —S3 X — S4
X —S3 X —S4

subjects were given the task of winning as many virtual coins as
possible. Each trial consisted of two stages. The first stage began
with the presentation of one of two initial start “states” (choice
sets). In each state, subjects chose between one of two face stimuli
(state 1: actions A, B; state 2: actions A, B', where A and A’ but not B
and B’ were previously used in the acquired equivalence task, see
discussion). Whether a trial started with state 1 or 2 was alternated
randomly over trials. Selection of one of the two stimuli in the start
state transitioned subjects to a second stage consisting of one or
the other of two possible states, 3 and 4. The relationship between
the first-stage choices and the second-stage states was determinis-
tic, with the selection of stimulus A or A" always producing state 3,
and selection of B or B' always producing state 4.

At the second stage, subjects chose between another two face
stimuli (state 3: C,D; state 4: E,F; 2.5 s response window at all
stages) in an attempt to receive reward (either one coin or nothing,
as in acquired equivalence, displayed for 1.5 s). The probability of
winning a coin for the choice of each second-stage stimulus dif-
fused randomly and independently over the course of the experi-
ment between 0.25 and 0.75 according to a Gaussian random
walk with reflecting boundary conditions. Thus participants were
incentivized to learn constantly in order to select the first- and sec-
ond-stage actions most likely to produce reward.

The main differences between this task and the one used by
Daw et al. (2011) is the addition of the second start state, state 2,
and the elimination of any stochasticity in the transition to
second-stage state conditional on the first-stage choice. In this
design, as detailed below, the pattern by which learning about
choices generalizes across the two first-stage states (like the pat-
tern of response to rare transitions in the task of Daw et al.
(2011)) differentiates model-based from model-free strategies to
the RL problem. The utilization of functionally equivalent start
states, and the pattern of generalization across them, parallels gen-
eralization to equivalent associations in the acquired equivalence
task.

2.2. Statistical analysis

For parameter estimation in our models of each task (and their
relationship) we utilized Markov Chain Monte Carlo (MCMC)
methods as implemented in the Stan modeling language (Stan
Development Team); this software uses a variant of Hamiltonian
Monte Carlo called the No-U-Turn sampler. Given an arbitrary
generative model for data (here, a computational model of task
performance) dependent on free parameters, together with the
data themselves, this method permits samples to be drawn from
the posterior probability distribution of parameter values,
conditional on the observed data. Using these samples—and nota-
bly, the range over which they are distributed, which reflects

uncertainty about their estimated values—we can construct
confidence intervals (sometimes called “credible intervals” in this
setting) over the likely values of the free parameters (Kruschke,
2010).

Because MCMC methods can be applied to arbitrary generative
models, they are particularly suitable to analyses, like ours, of data
with complex, hierarchical structure (here, the nesting structure
implied by the inclusion of two tasks for each participant, each
with its own free parameters and each with multiple trials) that
are not readily treated by traditional estimation methods
(Gelman & Hill, 2007). In particular, the ultimate analysis in the
current study involves correlating parameter estimates across both
tasks; using MCMC to compute the correlation within a larger,
hierarchical model of the full dataset correctly takes account of
the uncertainty in each estimate in a way that estimating both
tasks separately and then correlating the point estimates would
not.

For each model, we produced three chains of 50,000 samples
each, retaining only every 10th sample to reduce autocorrelation.
The first 1000 samples from each chain were discarded for burn-
in, leaving 4900 samples per chain. We verified the convergence
of the chains by visual inspection, and additionally by computing
for each parameter the “potential scale reduction factor” R of
(Gelman & Rubin, 1992). For all parameters, we verified that
R<11, a range consistent with convergence (Gelman, Carlin,
Stern, & Rubin, 2003).

We computed confidence intervals on the parameter estimates
of interest using the quantiles of the samples, and in particular,
identifying the region from the 2.5th to the 97.5th percentile as
the 95% interval. Because this interval contains 95% of the mass
of the posterior distribution, it indicates a 5% likelihood that the
true value of the parameter lies outside the region, and is in this
sense comparable to a traditional confidence interval.

2.3. Acquired equivalence model

We analyzed the acquired equivalence test data in a hierarchi-
cal logistic regression predicting task accuracy for novel trials
(where generalization is counted as an accurate choice), and on
familiar trials, using a binary indicator (0, 1: novel, familiar) to
characterize the increment or decrement on these trials relative
to the novel baseline. This model predicts the probability of accu-
rate choice on each test trial t as
P(acc, = 1) = logit ™' (ﬁ?lj’b” + plom *familiart> (1)

For each subject sub, this model has two free parameters, an
intercept (novel trials, $"°?) and slope (familiar trials, #™), which
estimate, respectively, the average performance on novel trials
and the increment or decrement in performance on familiar trials
relative to novel ones.

2.4. Reinforcement learning model

As is standard in such tasks (Daw, 2011), we characterized each
subject’s trial-by-trial choices in the RL task by fitting them with an
RL model that learns values for actions from the sequence of
rewards received by the subject, and chooses probabilistically
according to these values. The model we used is based on the
hybrid model of Glascher et al. (2010) and Daw et al. (2011)
specialized to the design of the task at hand. The model differs
from that of Daw et al. (2011) in several ways. First, we do not
model learning of the transition structure in the current task as
it is deterministic, fixed, instructed, and practiced before subjects
begin. Second, update terms in the equations are rescaled by
learning rates to facilitate parameter estimation (see below). Third,

ory (2014), http://dx.doi.org/10.1016/j.nlm.2014.04.014
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the mixture of model-based and model-free is here implemented
as an algebraic equivalent of that used previously in order to inde-
pendently model the relationship of each strategy to acquired
equivalence (see also Otto, Raio, Chiang, Phelps, & Daw, 2013).

The hybrid RL model assumes that subjects’ choices are drawn
from a weighted combination of both model-based and model-free
approaches, with the relative weighting (and other free parameters
governing learning) estimated separately for each subject. These
approaches make different predictions about behavior in the
sequential learning task. The model-based learner treats the
stage-one stimuli in terms of the transitions they produce. As a
result, learning is effectively generalized across the two different
(but functionally equivalent) start states, A,B and A’,B. The
model-free learner, in contrast, learns action values on the basis
of their outcomes, and thus cannot generalize between the start
states. We describe our modeling of each approach for the current
task in turn.

2.4.1. Model-free component

The model-free system, SARSA (/) (State-Action-Reward-State-
Action temporal difference learning with eligibility trace parame-
ter 4; Rummery & Niranjan, 1994), learns a value Q" for each of
the two actions a in each of the four states s (each at one of the
two stages i) by incrementally updating each action value in accor-
dance with the outcomes received. Under this updating scheme,
the model will not generalize across equivalent actions in the
two start states, as the value of each is determined by the different
history of rewards received from selecting the different actions. In
particular, for each subject, the chosen action value in each state is
updated at each stage i of each trial ¢t as

MF MF
Qsigaie) = Qsigaig T LsubJi (2)
where

MF MF
dip = (ri-t + Q(s[i+1,:].a[i+1.t])>/‘Xsub = Qsji.aie) 3)

Parameter o (O > o > 1) is the learning rate that controls how
rapidly action values, Q"", are updated. The quantity ¢ is the pre-
diction error—the discrepancy between received and estimated
reward. Note that Eq. (3) rescales the reward and next-state Q-
value by the subject’s learning rate, oy, (Camerer, 1998; Den
Ouden et al., 2013). This does not change the data likelihood, but
has the effect of rescaling the inverse temperature parameters
B.up 10 the choice rule, Eq. (6) below. This reduces their correlation
with o, and facilitates group-level modeling. The prediction error
equation specializes differently to the first and second stages of the
trial. As no rewards are delivered on arrival at the second stage, the
first-stage reward r; = 0, and the first-stage prediction error d;,
consists only of the Q" terms. In contrast, following the second
stage, the r, is the reward actually delivered (1 or 0), but the term
Q1041414 = 0, as there are no further stages in the trial.

We additionally employed an eligibility trace parameter A for
each subject permitting the update of the action selected in the
first stage via second stage ¢ values:

MF MF )
Qs = Qspran.g T Asubdae 4)

A rescaling of this update by 1/0y,, is again required to match
the rescaling of the reward terms mentioned above; this results
in the omission of the learning rate oy, which would otherwise
appear here. Altogether, this portion of the model has two free
parameters, o, and /g, with separate values for each subject.

2.4.2. Model-based component
In contrast to the incremental updating undertaken by a model-
free system, a model-based system prospectively computes the

values of actions from a “world model” detailing which states are
likely to follow each candidate action, and what rewards are likely
to be received there. In the current task, this corresponds to
computing the value for actions at the first stage by retrieving
the (model-free) estimates of the immediate rewards at the corre-
sponding second-stage states. Thus, for each stage-one state s and
action a, the model-based Q value is:

Qs = Max Qg (5)
where S(s,a) is the stage-two state that would be produced by
choosing action a in the stage-one state s. Because the model-based
system utilizes the task transition structure to evaluate start state
actions in terms of the end states they produce, it effectively gener-
alizes across the equivalent start states in the task. In contrast to
previous work utilizing this model (Daw et al., 2011; Glascher
et al., 2010), here we do not model learning of the transition struc-
ture, as subjects are instructed that the transitions are fixed and
deterministic and additionally complete practice trials navigating
through the stages before beginning the task.

2.4.3. Choice rule

The value estimates of the model-based and model-free sys-
tems were combined in the choice rule, each weighted by free
parameters M and pMF. These characterize the extent to which
each strategy influenced choices, and allow the use of either strat-
egy to vary across subjects. (Note that this formulation is algebra-
ically equivalent to the one used in Glascher et al. (2010) and Daw
et al. (2011), under the change of variables p“® =wpg and
B = (1 - w)p.)

The probability of selecting action a in the first stage of a trial
was given by a softmax (logistic) rule:

exp (ﬁsub o+ B, )

P(are = alsie) =
2y exp (ﬁsub s[1.t].a' + ﬁsub s[1,t] a’)

(6)

At the second stage, model-based and model-free learning
coincide, and the choice rule is in terms of the model-free value
estimates weighted by a single parameter g%¢:

sub
o (10 o
S exp (K2 )

Altogether the choice rule has three free parameters per
subject, pMF - gME and pilese2,

sub

P(ay: = alsy¢) =

sub?
2.5. Group-level modeling and estimation

We have so far described single-subject models of the two tasks,
each with a number of free parameters that are instantiated
individually for each subject. To estimate their parameters, we
specified a hierarchical (“random effects”) model, in which each
subject-specific parameter (e.g., M) was assumed to be drawn
from a population-level distribution. For each parameter with
infinite support (the ps), this was a Gaussian distribution
characterized by two group-level free parameters, a mean and a
standard deviation. For the parameters that ranged between 0
and 1 (o and /), the group-level distributions were beta distribu-
tions, Beta(a, b).

We jointly estimated the posterior distribution over the individ-
ual and group-level parameters using MCMC as described above;
this requires further specifying prior distributions (“hyperpriors”)
on the parameters of the group level distributions. We took these
to be uninformative. Specifically the priors for the mean and stan-
dard deviation on normal distributions were normal (mean =0,
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standard deviation=100) and a half-cauchy (location=0,
scale = 2.5), respectively. For o and Z, we estimated the group-level
parameters a and b using a change of variables that characterizes
the distribution’s mean P; =% and spread P, :Lb, the latter
approximating its standard deviation. This allowed us to take as
uninformative hyperpriors the uniform distributions P; ~ U(0, 1)
and P, ~ U(0, co) (the latter improper) (Gelman et al., 2003).

2.6. Cross-task modeling

We combined the hierarchical models of group level behavior in
both tasks to investigate the correlation between generalization in
the acquired equivalence task and both model-based and model-
free choice in the RL task. Parameters were estimated within and
across each task in a single statistical model, which incorporates
the models described above together with terms modeling their
relationship.

To characterize cross-task correlation, the generative model
allowed for the possibility that the parameter controlling novel
generalization performance in the acquired equivalence task might
also affect performance in the reinforcement learning task, with
the extent of this cross-task interaction governed by a free param-
eter. Specifically, acquired equivalence generalization estimate,
Buy (having first been mean-subtracted across subjects) was taken
as a covariate in modeling the reinforcement learning data. This
measure of acquired equivalence entered into the choice rule (Eq.
(6)) for the RL task by adding weight to the 8,,, terms,

P(air=alsiy)
exp | (B + 67 B ) QU o (B + 57" By ) QP
Zoexp [ (B + B QU o+ (B -+ BT B ) QU
(®)

These added terms, M and pesME characterize the cross-
task correlation between generalization in the acquired equiva-
lence task and the tendency for subjects to make model-free or
model-based choices, respectively. We estimated them each with

uninformative Gaussian priors, 8 ~ N(0, 100).

3. Results

29 Healthy volunteers performed a memory task and an RL task.
The memory task (Fig. 1A, Table 1), involved paired-associate
learning between faces and locations, with an acquired equiva-
lence structure, such that the faces were implicitly grouped in
two pairs with equivalent scene associations. This allowed us to
test, in novel probe trials, to what extent subjects generalized
associations that had been learned about one member of each pair
to its partner.

The RL task (Fig. 1B) was a two-stage Markov decision task. On
each trial subjects made an initial choice between two options,
which determined which of two additional choices they would face
next. These second stage choices were rewarded stochastically
(with virtual coins), and subjects learned by trial and error how
to make the sequences of choices most likely to be rewarded.
The structure of the task allows characterization of decision strat-
egy as model-free (e.g. temporal difference learning), in which the
long-run values of the first stage options are learned directly, or
model-based, in which the values of the first stage options are
computed prospectively in terms of the value of the second-stage
choices they lead to.

Having characterized individual differences in generalization
and in model-based learning, we tested the extent to which these
two behavioral tendencies were correlated across subjects.

3.1. Acquired equivalence

First, we assessed performance in the acquired equivalence test
phase. In this phase, subjects are shown familiar and novel combi-
nations of stimuli, and asked to indicate the correct face-scene
associations without feedback. Familiar trials are repetitions of
trials seen during training and serve as a measure of learning.
Novel trials are new combinations of previously seen stimuli, the
overlapping relationships of which permit measurement of the
extent to which subjects generalize according to the equivalence
structure implicit in the training stimuli.

We used logistic regression to measure the frequency of correct
responses on familiar and novel trials (where the “correct”
response in the novel trials is the one consistent with the acquired
equivalence structure). The parameters were taken as random
effects, instantiated once per subject, and we report the group-
level means. The group level mean of the regression coefficient
for novel trials, "°” was positive (mean: 1.15, 95% CI on the mean:
0.42, 1.9), where 0 would indicate chance performance, indicating
an overall tendency toward above-chance performance on novel
acquired equivalence transfer trials. The coefficient ", which
estimates the performance on familiar associations as an incre-
ment (or decrement) over that for novel probes, was also positive
and nonzero (mean: 1.3, Cl: 0.84, 1.79), indicating better test phase
performance on training trials than transfer trials. Thus, at the
group level, both retention of familiar training trials and general-
ization on novel trials was greater than chance, though consider-
able variability between individuals was observed (Fig. 2),
consistent with prior reports (Shohamy & Wagner, 2008).

3.2. Sequential RL task

The RL task was designed to dissociate model-based from
model-free learning strategies. Previous studies using a similar
task have demonstrated evidence that behavior is governed by a
combination of both approaches.

Acquired equivalence test performance
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Fig. 2. Variability in acquired equivalence test phase performance summarized as
subject and group means for visualization. In the test phase, subjects indicated face-
scene associations for familiar and novel stimulus pairings in the absence of
feedback. Novel trials measure generalization to new associations on the basis of
overlapping learned associations. Filled circles indicate sample mean, and error bars
reflect standard error. Individual subjects illustrated by unfilled circles.
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In this task, model-based and model-free strategies are disso-
ciable by their predictions as to how choice preferences at the first
stage should be learned from feedback. The key difference is that
the a model-based learner will generalize feedback across the
two first-stage states, where a model-free learner will not. Specif-
ically, the model-based approach evaluates first-stage actions in
terms of the value of the second-stage choices to which they lead.
Effectively, this approach does not distinguish between the corre-
sponding actions at the two different stage-one start states, as they
are identical in terms of the transitions they afford (A and A’ tran-
sition to one of the stage-two states; B and B’ transition to the
other). Because the start states are functionally equivalent, they
should not affect choice behavior in any way. If a subject using this
strategy obtains reward after initially selecting action A on an A, B
trial, this will increase the probability of choosing A again, and also
of choosing A’, since the probability of selecting A" on an A’, B’ trial
that follows should be identical to selecting A if another A, B trial
followed instead.

The model-free approach, in contrast, learns unique value esti-
mates for each of the actions in each of the states. By separately
estimating the values of the equivalent stage one actions, A will
differ from A’ and B from B’ as their values are updated at different
times, from different stochastic sequences of outcomes. A subject
utilizing this strategy in the circumstance described above would
have an increased chance of choosing A if A was ultimately
rewarded, but this tendency would not carry over to A',B’ trials.
Instead, choice in that start state would be based on the value esti-
mates made from the unique history of A’, B’ trials.

We fit subjects’ trial-by-trial choices to an RL model that
allowed for the possibility that choices could be influenced by
either model-based or model-free values learned from previous
outcomes (Daw et al., 2011; Glascher et al., 2010). Both approaches
significantly affected choices at the group level (8" mean: 0.49, CI:
0.24, 0.75; ™8 mean: 0.96, CI: 0.61, 1.33). Fig. 3 illustrates the
effects of reward and change of start state on stage-one choice. A
higher probability of repeating the stage-one choice made in the
previous trial is observed following rewards than punishments.
Both the model-based and model-free strategies predict this effect
when the same start state repeats from one trial to the next (e.g.
A, B followed by A, B). However an increase is also observed when
the start states change from one trial to the next (e.g. A, B followed
by A, B'), as uniquely predicted by the model-based strategy.

3.3. Cross-task correlation

Our main aim was to assess the relationship between acquired
equivalence and model-based choice in the multi-stage RL task. To
investigate this relationship we fit data from both tasks simulta-
neously (see Table 2 for summary statistics), and estimated
whether the degree of generalization in the acquired equivalence
task predicted the degree of use of the model-based strategy in
the RL task.

In accordance with our hypothesis, there was a positive rela-
tionship between generalization and model-based learning
(B7ME ‘mean: 0.22, CI: 0.03, 0.43; Fig. 4B), indicating that acquired
equivalence was positively predictive of model-based choice. Also
in accord with our hypothesis, no significantly nonzero relation-
ship was observed between acquired equivalence and model-free
choice (M mean: 0.1, CI: —0.05, 0.26; Fig. 4C). However, the
comparison of these effects to each other, while producing a posi-
tively skewed difference between the model-based and model-free
effects, included zero in its confidence interval (mean: 0.12, CI:
—0.14, 0.39).

Fig. 4A illustrates this effect in the raw choices; plotted is the
degree to which reward (vs nonreward) predicts sticking with a
choice either within the same start state (as predicted by both

Reward effects by start state

o]

a 0.7 Previous
<) reward
a
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same different
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Fig. 3. Signatures of model-based and model-free strategy in the sequential
reinforcement learning task summarized as probability of persisting with previous
stage-one choice. Subjects tended to stay with their prior first stage choice when it
led to a rewarded second stage choice (Rew; light gray) relative to a punished one
(Pun; dark gray). This effect is observed when the trial start state was the same as
on the previous trial (left bars), a tendency attributable to both model-free and
model-based accounts. The effect was also observed when the trial start state was
different than that on the previous trial (right bars). Only the model-based strategy
explains this latter effect. Error bars reflect within-subject standard error of the
mean.

Table 2
Group level parameter estimates for cross-task model. Medians, and 95% confidence
intervals indicated.

Parameter 2.5% 50% 97.5%
pVE 0.64 0.95 1.28
pMF 0.26 0.5 0.75
poLage2 0.49 0.8 1.11
o 0.69 0.81 0.89
2 0.33 0.44 0.54
prov 0.41 1.14 2.0
perossMB 0.03 0.22 0.43
perossMF -0.05 0.1 0.26

model-based and model-free RL) or across different states (a mea-
sure specific to model-based RL). Subjects with high acquired
equivalence scores show about equal effects in either case,
whereas subjects poorer at acquired equivalence show a reduced
learning effect mainly when the start state is different, indicating
a lesser proportion of model-based RL. Together, these results are
consistent with the hypothesis that model-based learning and
acquired equivalence share a common cognitive basis.

One possibility is that this relationship is driven by some rela-
tively generic source of variation, such as a hypothetical group of
poorly performing or undermotivated subjects who were deficient
at both tasks. We addressed this possibility by repeating the anal-
ysis on a subset of high-performing subjects. Specifically, we
included only subjects who exceeded median performance on the
familiar test trials of the acquired equivalence task. This criterion
allows for the assessment of correlation between generalization
and reinforcement learning strategy exclusive of subjects who
performed poorly in simple stimulus-response learning. Despite
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Fig. 4. Generalization in acquired equivalence predicts model-based choice in the sequential reinforcement learning task. (A) Effects summarized as difference scores
(previous reward-previous punishment) in probabilities of staying with the first stage choice made on the previous trial. Subjects divided by median split on generalization
scores (novel trials in acquired equivalence test phase. High generalization: dark bars, Low generalization: light bars). Left bars: Reward affected stay probability similarly for
subjects with high and low generalization when the start state matched that on the previous trial (predicted by both model-free and model-based strategies). Right bars:
Reward effects were larger for subjects with high relative to low generalization scores on trials where the start state differed from that on the previous trial (predicted
exclusively by the model-based strategy). Error bars reflect within-subject standard error of the mean. (B) and (C) Correlation between model-based (B) and model-free (C)
coefficient estimates in RL model and acquired equivalence generalization score. Solid lines indicate group level linear effects, with 95% confidence curves illustrated in

dashed lines. Dots represent individual subject estimated effects.

the loss of power inherent in eliminating half of the group, the
same relationship between acquired equivalence and model-based
(but not model-free) choice was observed even in these high-
performing subjects (“°*8 mean: 0.26, CI: 0.076, 0.49; possMF
mean: 0.09, CI: —0.18, 0.38; difference CI: —0.15, 0.53).

4. Discussion

Although it has repeatedly been demonstrated that humans and
animals can make decisions guided by a world model—that is,
information about the contingency structure of the environment,
as with a map of a spatial task or the abstract state transition graph
in our task here—the cognitive and neural systems supporting this
behavior are not well understood. Motivated by the observation
that a world model consists of a set of relations between stimuli,
we tested the hypothesis that model-based RL would be supported
by more general cognitive mechanisms for relational memory.
Consistent with this hypothesis, we found that generalization abil-
ity in a relational memory task—a hallmark of flexible, hippocam-
pally dependent relational learning—correlated with the use of a
model-based choice strategy in a separate RL task.

Although the present experiment was motivated by the appro-
priateness of relational memory for storing the world model, the
two tasks studied here may be related not just by the sorts of
memories on which they draw, but also the sorts of computations
they perform on them. Indeed, evaluating actions in model-based
RL and generating the response to novel probes in acquired equiv-
alence or similar generalization tasks both require a similar pro-
cess of combining information from multiple learned associations
to arrive at an answer. The mechanisms by which both processes
occur are under active investigation, with parallels between the
two sets of hypotheses.

For acquired equivalence (and related relational memory tasks),
there are two major classes of models that differ in their claims
about when the generalization takes place. Some researchers have
suggested that generalization depends on active generalization at
the time of probe (Greene et al., 2006), e.g., in the current task,
when probed about the associations of face A’, subjects actively
interrogate the associations learned about the related face, A. Oth-
ers have asserted that generalization is instead a by-product of
reactivating overlapping episodes during encoding (Shohamy &
Wagner, 2008). By this “integrative’ encoding” account, acquired
equivalence training results in representations of related stimuli

(here, equivalent faces A and A’) that are coactivated by a process
of pattern completion or associative spreading during initial train-
ing. In this way, both stimuli come to be, in effect, represented by a
common code and any learning about one (that A is associated
with some particular scene) is also encoded for its equivalent part-
ner (A"). Generalization for the novel probes then simply consists of
retrieving these pre-generalized associations at test time, without
the need for active generalization.

Although an RL task does not generally block training vs probes
separately, decisions and feedback about them are separate in
time, and influences of world model information on decision
behavior might be supported by computations at either timepoint,
analogous to the two accounts of acquired equivalence. The stan-
dard form of model-based RL evaluates actions at decision time
by an iterative search of the world model; this parallels the view
of acquired equivalence in which active generalization occurs
when novel pairings are presented. In contrast, a number of variant
algorithms pre-compute this search; for example, DYNA and prior-
itized sweeping (Moore & Atkeson, 1993; Sutton, 1990), though
these have received less attention in psychology and neuroscience
(Gershman, Markman, & Otto, 2012). Given evidence of neural
overlap between the approaches in human behavior (Daw et al.,
2011), strategies in which model-based and model-free methods
interact (e.g. DYNA) are of particular interest. Future work should
further explore these hybrid methods. One alternative to prospec-
tive model-based RL is the “successor representation” (Dayan,
1993), which codes options in terms of their consequences, pro-
ducing overlapping representations between different states and
actions with common consequences (e.g., here, A and A’) and
allowing feedback to generalize from one to the other without
explicit search at decision time, analogous to the integrative
encoding view of acquired equivalence. This scheme would pro-
duce behavior similar or identical to traditional model-based pro-
spective computation on the current task and many others.

The current experiment contained one feature that might have
detected such a representational effect on model-based planning.
Of the equivalent top state actions in the RL task, only one set
(A,A’) was learned about in the acquired equivalence task. This
design feature permitted us to investigate whether the correlation
between generalization and model-based RL was larger on the
trained (A, A") than untrained (B, B’) stimuli. Such a result would
have indicated that rather than simply exercising a common
system or cognitive capacity as model-based learning, the
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equivalence training itself specifically promoted model-based
choice, e.g. by promoting representational overlap between A and
A'. No significant difference was found (analyses not reported).
However, this null finding cannot rule out the possibility that
model-based RL was supported by representational overlap; for
instance B and B' may have themselves rapidly developed repre-
sentational similarity during the early trials of the sequential task.
Clarification of the specific computational mechanism underlying
the cross-task relationship observed here awaits further research.

Although the present study collected no neural measurements,
the results are nevertheless suggestive about the underlying neural
substrate. In particular, the hippocampus has been implicated
widely in relational memory (Cohen & Eichenbaum, 1993;
Eichenbaum, Yonelinas, & Ranganath, 2007), and specifically in
supporting flexible generalization in acquired equivalence (Myers
et al., 2003; Shohamy & Wagner, 2008) and similar tasks, such as
associative inference and sensory preconditioning (Preston et al.,
2004; Wimmer & Shohamy, 2012; Zeithamova, Schlichting, &
Preston, 2012). Thus, the finding that generalization in acquired
equivalence predicts model-based learning suggests hippocampal
involvement also in the latter function. Although the hippocampus
surfaces relatively rarely in the literature on RL and decision mak-
ing (compared to striatal and ventromedial prefrontal areas), it has
been implicated in several studies with elaborated task prepara-
tions (Lee, Ghim, Kim, Lee, & Jung, 2012; Tanaka et al., 2004;
Wimmer, Daw, & Shohamy, 2012; Wimmer & Shohamy, 2012),
including those formally examining model-based decisions
(Bornstein & Daw, 2013; Simon & Daw, 2011). Moreover, hippo-
campal involvement is plausible in light of the broader pattern of
previous results, which implicate it both in representing models
and utilizing those representations for planning. The concept that
hippocampus supports a cognitive map for spatial navigation
(Burgess, Maguire, & O’Keefe, 2002; O’Keefe & Nadel, 1979) links
the structure to some of the earliest demonstrations of model-
based behavior, which involved planning routes in spatial mazes
(Tolman, 1948). Hippocampal representations have been shown
to run ahead of animals’ locations in spatial mazes, which has been
interpreted as a direct neural correlate of model-based evaluation
of candidate trajectories. (Johnson & Redish, 2007; Pfeiffer & Foster,
2013). Notably, this region does not merely represent space, but
also appears to be involved in learning statistical relationships
between stochastic events in general (Bornstein & Daw, 2012;
Schapiro, Kustner, & Turk-Browne, 2012; Staresina & Davachi,
2009; Turk-Browne, Scholl, Chun, & Johnson, 2009; Wimmer &
Shohamy, 2012) and with drawing on memory for imagining
future events (Addis, Wong, & Schacter, 2007; Hassabis,
Kumaran, Vann, & Maguire, 2007). Such knowledge of the transi-
tion structure that unites parts of the world—both spatial and
non-spatial—is integral in model-based RL.

In summary, the current data add to a growing body of work
indicating that multiple memory systems underlie value-based
decision making. Our results suggest that a common computation
supports both generalization in acquired equivalence and model-
based RL. We surmise that the hippocampus may be a common
link supporting these heterogeneous behavioral phenomena. The
emerging correspondence between memory and decision systems
has important consequences for our understanding of the latter in
particular, since the hippocampal relational memory system pro-
vides a concrete and relatively well characterized foundation for
understanding the otherwise rather mysterious mechanisms for
model-based decision making.
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