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The objectives of this lecture is to:
• Understand how simulating experience from the model differs from 

interacting with the environment

• Describe how Tabular Dyna-Q works

• Identify the direct-RL and planning updates in Tabular Dyna-Q

• Explain how having an accurate model allows the agent to learn with fewer 

environment interactions

• Explain the effects of planning with an inaccurate model

• Explain Monte Carlo Tree Search
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Dyna Architecture
• Q-learning performs updates using environment experience. 

• Q-planning on the other hand performs updates using simulated experience 
from the model.

• We can combine these two ideas through the Dyna architecture. 

www.midocean.ae



Dyna Architecture
• We have the usual environment and policy. They generate a stream of 

experience. 

• We use this experience to perform direct RL updates. 

• To do planning, we need a model. The environment experience can be used to 
learn the model. 

• This model will be used to generate model experience. 

• In addition, we want to control how the model generates this simulated 
experience, what states the agent will plan from. We call this process search 
control. 

• Planning updates are performed using the experience generated by the model
www.midocean.ae



Dyna Architecture
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Example: Dyna Architecture

• Dyna makes use of all the experience 
generated during the first episode to learn a 
model the environment.

• The yellow states correspond to states visited 
during the first episode.

• Dyna performs planning on every time step. 
However, planning has no impact on the 
policy during 1st episode even though the 
model became more accurate on each time 
step.

After 1st episode

+1
The agent 
receives 0 
reward in all 
transitions 
except for the 
final state, it 
receives +1
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Example: Dyna Architecture

• The model knows about all the states the robot visited during the 1st episode. 

• If we run the planning loop at the beginning of the 2nd episode, Dyna can simulate 
transitions from any of the state action pairs the agent visited during the first episode.

• Planning replays the simulated transitions as if they happened in the real world.

• Each step of planning simply applies the Q-learning update to a simulated transition 
and updates the value function. www.midocean.ae



Example: Dyna Architecture

• With enough planning steps, the agent can approve the policy in all the states visited 
during the 1st episode. 

• Here, planning produce a pretty good policy. 

• The policy is not perfect since it is still random in states that were not visited before.www.midocean.ae



Example: Dyna Architecture

• The robot now knows how to get to the goal quickly after just one episode. 

• In comparison, Q-learning require many episodes to achieve similar performance.

• Dyna does more computation per step, but uses limited experience more efficiently. 

• The robot would continue exploring and planning on each step of the second episode. 
So the policy would take random actions once in a while and the policy would 
continue to change, and improve due to planning. www.midocean.ae



Tabular Dyna-Q Algorithm
• Tabular Dyna-Q is a specific instance of the Dyna Architecture that assumes deterministic 

transitions. 

• For example, when this rabbit chooses to move right in state A, there's only one outcome. 
The rabbit transitions to state B with a reward of zero. 

• Likewise, if the rabbit moves right in state B, it stays in state B with a reward of one. 

• The left action in B always takes the rabbit to state A with a reward of zero. 

• After the rabbit has experienced these transitions, the model knows what happens in 
these state action pairs. If a transition occurred once, it will always unfold that way in the 
future. The model can be certain about this. www.midocean.ae



Tabular Dyna-Q Algorithm

• It performs a Q-learning update with this transition, direct-RL. 

• If we were to stop here, we would get exactly the Q-learning algorithm.www.midocean.ae



Tabular Dyna-Q Algorithm

• Dyna-Q will take this transition and perform a model learning step with it. 

• The algorithm memorizes the next state and reward for the given state action pair. 

• This works because we assume the environment is deterministic
www.midocean.ae



Tabular Dyna-Q Algorithm

• Dyna-Q then performs several steps of planning. Each planning step consists of three 
steps: search control, model query, and value update. 

• The search control selects a previously visited state action pair at random. It must be a 
state action pair the agent has seen before, otherwise, the model would not know what 
happens next.
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Tabular Dyna-Q Algorithm

• Finally, Dyna-Q performs a Q-learning update with the simulated transition. 

• The planning step is repeated many times. 

• The most important thing to remember is that Dyna-Q performs many planning updates 
for each environment transition

www.midocean.ae



Example: Dyna-Q

• The first episode takes a 184 steps. In that time, the agent only change the value of 
the state action pair beside the goal. 

• Without planning, the next few episodes would probably be just as long.

• Let's look at the next episode and study the impact of doing 100 steps of planning on 
every time step. 

During the 2nd 
episode
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Example: Dyna-Q

• After just one step, planning updated the values of two more states. 

• Now, the agent knows the correct actions in the final corridor. 

• Let's run Dyna-Q a bit longer. 

During the 2nd 
episode
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Example: Dyna-Q

• The impact of planning is quite dramatic. Dyna-Q propagates the reward information 
across the entire state space. 

During the 2nd 
episode
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Example: Dyna-Q

• Eventually, the agent knows an effective policy for navigating to the goal from most 
states.

• The policy computed by planning only requires 18 steps to reach the goal. After just 
two episodes, that's more than ten times shorter than the first episode. 

During the 2nd 
episode
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Tabular Dyna-Q

• Tabular Dyna-Q performed many more updates to the value function than it 
would have without planning. 

• Dyna-Q makes better use of its limited interaction with the environment. 

• Tabular Dyna-Q mixes planning, learning, and acting through the value 
function. 
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Dyna vs Q-learning

• Run some experiments on this small maze environment. 

• Like before, the agent has four actions. Transitioning into the goal state generates a 
reward of +1. All other transitions generate a reward of 0.

• To compare Dyna-Q with different amounts of planning, three agents are compared.

• Each one will use alpha equal to 0.1 and epsilon equal to 0.1. We initialize the action 
value estimates to 0 for all three agents. We run the experiment for 50 episodes 30 
times and then average the results. www.midocean.ae



Dyna vs Q-learning
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Q-learning (Simulation example)
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Dyna-Q (Simulation example)
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Dealing with inaccurate models
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Dealing with inaccurate models

Incomplete Model
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Dealing with inaccurate models
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Dealing with inaccurate models
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Dealing with inaccurate models

Environment Changes www.midocean.ae



Dealing with inaccurate models

The Model becomes outdated when the 
Environment Changes
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Exploration and exploitation for model accuracy
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Exploration and exploitation for model accuracy
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Dyna-Q+

• By artificially increasing the rewards used in planning, we increase the value of state 
action pairs it haven't been visited recently. 

• Imagine a state action pair essay that has not been visited in a long time. That means the  
will be large. As  grows, the bonus becomes bigger and bigger.

• Eventually, planning will change the policy to go directly to S due to the large bonus. 
• When the agent finally visit state S, it might see a big reward, or it might be 

disappointed. Either way, the model will be updated to reflect the dynamics of the 
environment www.midocean.ae



Dyna-Q vs Dyna-Q+
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Dyna-Q vs Dyna-Q+
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Dyna-Q vs Dyna-Q+
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Summary:
• Understand how simulating experience from the model differs from 

interacting with the environment

• Describe how Tabular Dyna-Q works

• Identify the direct-RL and planning updates in Tabular Dyna-Q

• Explain how having an accurate model allows the agent to learn with fewer 

environment interactions

• Explain the effects of planning with an inaccurate model

• Explain Monte Carlo Tree Search



Thank You
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