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Building RL models that learn the latent policy37

of humans38

(related to Section 2 of the main text)39

We used the following three types of reinforcement learning (RL) models for40

the simulations: DDQN [2], meta RL [3, 4], and prefrontal RL [1, 5]. The first41

two models were trained using two different training methods, goal matching42

(GM) and policy matching (PM). The prefrontal RL models were trained using43

the PM method only. In total, six RL models were trained to conduct the44

large-scale simulations for both the recoverability test and the generalizability45

test (also see Figure 2 in the main text). For the initial training, we used the46

two-stage Markov-decision task (MDT) [1] as an environment.47

The environment48

The two-stage MDT was used as an environment [1] for each RL model to train.49

It was originally designed for human subject experiments with regard to choice50

behavior. The structure of the task was designed to optimally favor behav-51

ioral control by either the model-based or model-free learning strategy. On52

each trial, it requires sequential binary choices through a two-layered Markov-53

decision problem (MDP) in order to obtain tokens that are redeemable for a54

monetary reward (Supplementary Figure 1). Each trial in the task requires55

two sequential actions.56

The task has mainly two types of trials – specific and flexible goal. In57

specific goal trials, an agent can obtain a monetary reward when the agent58

chooses only one color of tokens. The color of the tokens allowing the monetary59

reward is changed on a trial-by-trial basis. For example, if a blue color was60

given with the specific goal condition, an agent should collect the blue-colored61

token to obtain a monetary reward. In contrast, in flexible goal trials, an agent62

can obtain a monetary reward when the agent collects any color of tokens. In63

the specific goal condition, a model-based strategy is favored since the reward64

prediction error (PE) will be high on average due to constant changes in goal65

state-values, whereas a model-free strategy is more encouraged in flexible goal66

trials.67

In addition to this manipulation of goal conditions, the task also manip-68

ulated state-action-state transition probabilities within the MDP. Therefore,69

uncertainty in state-action-state transitions is high (0.5 vs. 0.5) on some occa-70

sions and becomes low (0.9 vs. 0.1) on other occasions. This manipulation71

of state-action-state transition probabilities across the trials intends to elicit72

either high or low state- PEs on average that should favor either a model-free73

or a model-based strategy, respectively.74

A Markov-decision process subject to the training method75

With the aforementioned two-stage MDT, we formalize the choice behavior of76

agents as an MDP, which is a 5-tuple (S,A, T,R, γ), where S is the state space,77
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Fig. 1 Two-stage Markov-decision task (MDT) [1].

(A) Sequential two-choice Markov decision task ([4], redrawn). An agent
moves from one state (St) to the other state (St+1) with a certain
state-transition probability p following a binary choice, either left or right.
(B) Illustration of the task.

A is the action space, T is the transition function, R is the reward function,78

and γ ∈ [0, 1) is the discount factor. Since the GM and the PM have different79

objectives (and associated goal conditions), the specific definition of the MDP80

varies depending on the training method.81

Goal matching (GM). In this training method, the RL model interacts82

with the two-stage MDT to simply maximize the expected amount of reward.83

We applied this GM method to two RL models, DDQN [2] and meta RL [3, 4],84

which we called GM-DDQN and GM-metaRL hereinafter, respectively. The85

MDP is specifically as follows:86

• State: The state S is defined as the combination of the current state in the87

task and the current goal condition. The current state in the task is defined88

as S1, S2 . . . S9, as shown in Supplementary Figure 1. The goal condition89

includes flexible and specific goal types.90

• Action: The action space at ∈ A of state st ∈ S is defined as two actions,91

moving either to Left or to Right at state st. This action space allows the92

agent to move to the next state to get a token redeemable for the monetary93

reward subject to the goal condition.94

• Transition: T : S ×A× S → [0, 1] is a transition function driven by the envi-95

ronment E. Given the state st and an action at, the transition to the next96

state st+1 is determined by the state-transition probability in each trial,97

either (0.9 vs. 0.1) for the low-uncertainty condition or (0.5 vs. 0.5) for the98

high-uncertainty condition.99

• Reward: R : S ×A×R → R is the reward function, where R is a discrete100

set of possible rewards in a range of {0, 10, 20, 40}. The reward that the101

RL agent actually receives varies depending on the goal condition given on102

a trial-by-trial basis. As described, an agent receives a (monetary) reward103

when the agent satisfies the goal condition in each trial. For example, on104

specific goal trials, the agent receives the reward if the agent successfully105

collected the token whose color is the same as the color that the specific goal106

condition indicated. On flexible goal trials, the agent receives the reward107

regardless of the color of tokens.108
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Policy matching (PM). In this training method, an RL agent was trained109

in such a way that it mimics the way the human performs reward maximization110

while performing a two-stage MDT. Thus, this method enables the achieve-111

ment of both goal matching and behavior matching through combining the112

GM and behavior cloning (also see Figure 1 in the main text). In each training113

epoch, the RL model completes one episode consisting of 200–400 games of114

the two-stage MDT to maximize the reward (GM), and then the discrepancy115

between the model’s behavior and human subject’s behavior is translated into116

the loss function (behavior cloning). Here, the actual training of the RL model117

is guided by the loss function constructed by the difference between the agent’s118

and the human subject’s behavior, not by the reward acquired while perform-119

ing each game of the two-stage MDT. Therefore, we present the new reward120

of the MDP in PM, a fundamental difference between GM’s and PM’s MDP.121

• Reward: R : S ×A×R → R is the reward function, where R is a discrete
set of possible rewards in a range of {k − n, k, k + n}, k > 0, n ≥ 0. The
terminal reward RΩ is defined as

RΩ =


k − n, if a1ag ̸= a1H and a2ag ̸= a2H
k + n, if a1ag = a1H and a2ag = a2H
k, otherwise

, (1)

where k, n is a pre-defined constant value, aiag is an action that the agent122

performed at stage i in the two-stage MDT, and aiH is an action that a123

human subject originally performed at the same stage i.124

The practical meaning of RΩ is that an RL model is able to receive the125

maximum reward (e.g., k + n) when the RL model can duplicate the choice126

behavior of the human subject in one game. If the RL model completely fails127

to the duplication of the human subject’s behavior in one game, the RL model128

receives the minimum reward (e.g., k − n). The RL model receives a neutral129

reward (e.g., k) otherwise. Here, the amount of n determines the impact of the130

terminal reward RΩ on the reinforcement of the RL model’s policy.131

We note that to determine the terminal condition, we compared only two132

actions of the RL model and the human subject’s actions since the two-stage133

MDT environment requires sequential two choices. For the entire training using134

PM, we ran 1,000 epochs and 8,000 epochs for the training of PM-DDQN and135

PM-metaRL, respectively.136

Training137

Given the two training methods, we trained the following six RL models:138

DDQN and meta RL using GM (GM-DDQN, GM-metaRL), DDQN and139

meta RL using PM (PM-DDQN, PM-metaRL), and prefrontal RL using PM140

(PM-pfcRL1, PM-pfcRL2).141
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DDQN is a deep reinforcement learning algorithm designed to effectively142

maintain a thematic consistency between value and policy.143

Y DDQN
t ≡ Rt+1 + γQ(st+1, argmax Q(st+1, a; θk), θ

−
k ). (2)

We implemented the DDQN using the following network architecture: one144

input layer; two hidden layers, which were composed of 64 nodes each; and145

one output layer. All layers are fully connected. A set of hyper-parameters is146

as follows: the discount factor γ is 0.99, the learning rate α is 0.001, the target147

update frequency to the primary network τ is 0.001, and the batch size is 32.148

For meta RL, we used the A3C-LSTM model implemented by A. Juliani149

( https://github.com/awjuliani/Meta-RL). The size of the LSTM is 256. The150

state, previous reward, and previous actions were encoded in the form of151

one-hot vectors. The LSTM receives an input as the concatenated form of152

these vectors. The policy and value networks are fully connected feedforward153

networks without hidden layers. These two networks receive LSTM outputs.154

For prefrontal RL, we used the computational model adaptively combining155

model-based and model-free control, inspired from the findings on the neural156

activity of the lateral prefrontal cortex and ventral striatum [1, 5]. Two versions157

were selected: a baseline model for PM-pfcRL1 [1] and an adaptive model for158

PM-pfcRL2 [5]. Both models successfully implement arbitration control based159

on the Bayesian reliability estimation over model-based RL (FORWARD learn-160

ing [6]) and model-free RL (SARSA learning [7]). PM-pfcRL2 [5] is slightly161

different from the original one (PM-pfcRL1). PM-pfcRL2 computes Bayesian162

reliability based on the clusters of PE distribution estimated by the Dirichlet163

process Gaussian mixture model, while PM-pfcRL1 simply divides PEs with164

the pre-defined threshold. By considering the PE distribution to be a Gaus-165

sian mixture model, PM-pfcRL2 is able to incorporate dynamic changes of166

task variables in the environment.167

In addition, we used a random agent as an agent for the control group.168

The random agent chose the action randomly while performing the two-stage169

MDP. Supplementary Figure 2 shows the training results of all the RL models.170

In the GM training, we used a fixed number of episodes for all RL models,171

GM-DDQN and GM-metaRL to train. In the PM training, we used the early-172

stopping condition for PM-DDQN, and maximum number of episodes for both173

PM-DDQN and PM-metaRL. For the computational efficiency, we stopped174

the training of PM-DDQN earlier when its likelihood summation in a single175

episode was greater than the likelihood summation of PM-pfcRL. Here, the176

likelihood stands for the probability showing the extent to which the choice of177

the agent at state st is similar to the actual choice of the human subject at178

the same state st. We followed equation 3 to compute the likelihood,179

Likelihood L = p(as i), (3)

where a is the human subject’s choice at the ith trial in state s.180

Supplementary Figure 2 presents the training results of all the RL models.181

In Supplementary Figure 2A, a family of prefrontal RL models (PM-pfcRL1,182

https://github.com/awjuliani/Meta-RL
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Fig. 2 Training results of all RL models.

(A) Training result of RL models trained using PM. The X-axis represents
the number of epochs, and the Y-axis represents the expected likelihood,
meaning the extent to which the RL model accurately predicts the action at
the state compared to that of the human subject at the same state. (B)
Training result of RL models trained using GM. The X-axis represents the
number of epochs, and the Y-axis represents the normalized reward that each
RL model trained using the GM method received.

PM-pfcRL2) shows the best performance in the aspect of rapid learning. It183

shows the consistent performance from the beginning stage of training to the184

end at a relatively higher level. The deep RL model, PM-DDQN, shows the185

worst performance. Rapidly decreased at the beginning, it shows a consistently186

low-level performance. Perhaps this gives us an intuition that a purely model-187

free RL agent may not be able to learn the optimal policy via the PM method.188

In the case of meta RL, PM-metaRL presents an interesting pattern – it learns189

slowly but can achieve the best performance in the end out of four RL models.190

Supplementary Figure 2B shows the training results of the RL models in which191

GM was used: GM-DDQN and GM-metaRL.192
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1 Latent behavior profile recovery test193

(related to Section 3 of the main text)194

General linear model (GLM) for the latent behavior195

profile recovery test196

We used the GLM to conduct the parameter recovery analysis on choice197

behavior. Here, the choice optimality, which is the behavioral measurement of198

model-based control [5], was chosen for a dependent variable, and uncertainty,199

complexity, previous reward, previous action, and max goal value were chosen200

for independent variables. Thus, the model was,201

y = β1x1 + β2x2 + β3x3 + β4x4, (4)

where y is a choice optimality, and202

x = {x1 : Uncertainty, x2 : Goal, x3 : Action (Prev.), x4 : State (Prev.)}.203

2 Testing empirical generalizability of the RL204

models205

(related to Section 4 of the main text)206

In order to test the capacity of the three types of RL models (see also207

Figure 2 in the main text) to generalize what they learned from a single task,208

we situated those RL models already trained in the two-stage MDT in the new209

volatile environments that the RL models never experienced. We created ten210

different MDTs for the environments, where the following two task parameters211

can be manipulated: task structure (ladder and tree) and task uncertainty212

(fixed, drift, switch, and drift + switch).213

Testing the generalizability of the RL models trained214

using PM215

We used the following four RL models for this scenario: PM-DDQN, PM-216

metaRL, PM-pfcRL1, and PM-pftRL2. First, we trained these four RL models217

in the two-stage MDT using the PM training method, which resulted in a total218

of 328 RL models (82 human subjects’ data × 4 RL models). We saved the219

entirety of the parameters and weights of each RL model once all the RL models220

had been trained. To measure the empirical generalizability of the RL models,221

we situated the restored RL models in the ten tasks. The order of tasks that the222

RL agent experiences was pseudo-randomly determined. Once one RL model223

was loaded, the RL model performed the task assigned under the condition224

that both the parameters and weights of the model were frozen. The sequence225

on the manipulation of task variables (e.g., state-transition uncertainty and226

goal condition) were fixed across the entirety of the RL models involving the227

simulations.228
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Fig. 3 Ten MDTs used for the empirical generalizability test (see also Figure 4 in the main
text).

Testing the generalizability of the RL models trained229

using GM230

We used the following two RL models for this scenario: GM-DDQN and GM-231

metaRL. Here, the two RL agents were allowed to perform all tasks pseudo-232

randomly, given without any constraints. Once the two RL models had been233

successfully trained in all ten tasks, the RL models followed the same steps as234

in the case of PM. After restoring all parameters and weights of each model,235

the RL model performed the task assigned under the condition that both the236

parameters and weights of the model were frozen.237
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Fig. 4 Behavior profile – Choice consistency.

The X-axis represents the RL model, and the Y-axis represents choice
consistency while each RL model performs the task. The label on the left
side of the Y-axis represents the index of the task, e.g., T1 refers to Task 1 as
presented in Supplementary Figure 3.

Fig. 5 Behavior profile – Normalized reward.

The normalized reward when model changed an action (i.e., at−1! = at). The
X-axis represents the RL model, and the Y-axis represents a normalized
reward while each RL model performs the task. The label on the left side of
the Y-axis represents the index of the task, e.g., T1 refers to Task 1 as
presented in Supplementary Figure 3.
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3 Episodic encoding efficacy test via238

information theoretic analysis239

(related to Section 4 of the main text)240

The information theoretic analysis is designed to measure the mutual infor-241

mation between two measures collected while the human subjects participated242

in the task on choice behavior [8]. Here we used episode F , defined as,243

Ft = {a2t−1, S
3
t−1, a

2,∗
t−1, Rt−1}, (5)

where a2t−1 is an action that was taken by an agent at stage 2 in the244

previous trial, S3
t−1 is a rewarding state at stage 3 in the previous trial, a2,∗t−1245

is an optimal action at stage 2 in the previous trial, and Rt−1 is a reward in246

the previous trial.247

In this analysis, we computed I(Ft, at), which stands for the level of com-248

pression. It measures the amount of mutual information between the current249

action and the history of the previous trial. In addition, we computed I(at, a
∗
t ),250

which measures the optimality of the choice behavior [8].251

We call I(Ft, at) the episodic encoding efficacy. We assume that this quan-252

tifies the amount of information required to achieve the optimal choices by253

the agent. It is direct measure of the agent’s capacity to mimic human-like254

behavior in relation to the governing of the trade-off between performance and255

efficiency under the limited cognitive resources.256
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Fig. 6 Episodic encoding efficacy for six RL models across ten tasks.

Each plot shows an episodic encoding efficiency-optimality information plane.
It represents the agent’s ability to transfer information from past episodes to
the agent’s action and task performance. The X-axis shows the mutual
information of the episodic events and the agent’s action (“episodic encoding
efficiency”). The Y-axis is the mutual information of the agent’s action and
the optimal action (“choice optimality”). In the table, the higher the position
in the row, the worse capacity to generalize what the agent learned from a
single task. For example, PM-DDQN is the worst, and PM-pfcRL2 is the best.
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