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The task
Fig S1-1 illustrates the Markov Decision Process (MDP) model for Daw task.  In all non-terminate states, two different actions are available. Each action is predominantly associated (with a 70% probability) with one of the second level states in the first state. The transitions with 70% probability were forenamed Common, and those with a 30% probability were named Rare. Any action in second-level states is associated with different reward probabilities that fluctuate independently across the session by a random walk (with the standard deviation of step size: 0.1) limited between 0.25 and 0.75. In any trial, the subject has to decide about two actions. The first action has no reward, and the second one results in the rewarded or unrewarded trial. Thus, subjects have to make trial-by-trial adjustments in their choice to maximize the probability of achieving a reward.
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[bookmark: _Ref116929926]Fig S1-1. Daw Task MDP model: In all non-terminal states, two different actions (labeled as aL and aR) are available. Each action is predominantly associated with one of the second level states in the first state. Any action in second-level states is associated with different reward probabilities.
Computational Model
In computational model subjects run both MB and MF learning styles and make choices according to the linear weighted combination of the action values from MB and MF systems. Fig S1-2 shows the flowchart of this model, the parameters of the model, and available observations from the human task for each section. In this model, the decisions are made probabilistically based on the values assigned to available actions in the specific state (Q (S, a)). These values are updated at each trial.
In any trial (t), the value of each action (a) of the first state calculates by the weighted sum of MB () and MF () system value (weight: w) according to the equation (S1-1): 
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[bookmark: _Ref116930061]Fig S1-2. The hybrid model for reinforcement learning: The flowchart presents the model for the reinforcement learning process by combining MB and MF styles. The parameter box specifies the parameters used in each part of the model. Also, the observation box specifies the available observation from the behavior for each part of the model.
The stickiness increases the value of the previous action for the current trial by adding P to its value (equation S1-2).
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The soft-max or Boltzmann machine is a stochastic, biologically-plausible approximation of the maximum operation, which is widely used to extract the probability of choosing each action based on their values(equation S1-3). 
	(S1- 3)
β is the inverse temperature that controls the trade-off between exploitation and exploration. Due to the non-deterministic environment and its probabilistic nature for rewards, it is usually assumed as a fixed parameter over trials but differs across subjects.
In the second stage of the task, corresponding Q values in each state determine the probability of chosen action by the same stickiness and soft-max equation. 
In the beginning, the Q values of all state-actions initialized to zero, and the update rules (equation S1-4) change the value of state-actions at the end of each trial. In the second stage of the task, the update rule is the same for both MB and MF approaches. In the first stage, however, action values are updated by State–Action–Reward–State–Action (SARSA)-λ for the MF method, while the environment model is used to update the QMB based on Bellman’s equation. Note that update rules for QMF are applied only to the performed action, while QMB updates all action-values of the first stage.
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where PT(1,a,S) is the probability of transition from state 1 towards the second stage state S acting a and may be assumed as the real value (i.e., 0.3 and 0.7) or calculated by the Beta-Binomial Bayesian updating rule according to equation S1-5.
 	(S1- 5)
where N(1, a, S) is the number of transitions from start-state to state S by acting the a. In this study, we calculate the transition probability according to equation S1-5.
The stop criterion is the fixed number of trials, T, set to 201 for all analysis.
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