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Question 1: Formulate this problem as a Markov Decision Process. Specifically, provide 
the states, actions, rewards, and transition model. 

State: 

- The location of the rover within the world (x,y) 
- The danger of the cells, as stored within the grid. 

Actions: 

- Move Up, (x,y) -> (x, y + 1) 
- Move Right, (x,y) -> (x + 1, y) 
- Move Down, (x,y) -> (x, y - 1) 
- Move Left, (x,y) -> (x - 1, y) 

Rewards:  

- Move cost: -0.05 (included on unsuccessful moves) 
- Goal reward: +1.00 
- Crater cost: -1.00 

Transition Model (for all actions): 

- Move successfully -> 80% 
- Stay in current cell -> 10% 
- Slide towards center of grid -> 10% 

 

 

 

 

 

 

 



Question 2: Write code in Python that implements the environment. This should include: 

 A function to create a fixed test world (e.g., start cell in (1,1), goal in (5,5), danger cells 
in (1,4), (2,4), (2,2), (3,4), crater in (4,3)). 

 

 A function to create a random world of this type  

 
 



 Functions implementing the transition model and the reward function. Given a current 
state and action, they should return the next state and the reward respectively (or you 
can do this in the same function).  

 
 

 

 

 

 

 

 

 

 

 

 



Question 3: Write code for an agent that follows a given policy, specified as a look up table 
(state, action). Run an agent using a random policy (i.e., that moves randomly in this 
environment until reaching a terminal state) in the test problem 1000 times. Make a boxplot 
of the total undiscounted rewards collected by the agent. 

 

 
Random policy method represents that a policy was randomly generated then applied, if an 
infinite loop occurred then a penalty of -100 was applied and the episode terminated. The 
high cost in the random policy was often a result of the repeated high failure penalty. The 
random policy method has a cluster just below -100, because its failure is often due to the -
100 failure penalty due to looping. 

Random path indicates that a random move was applied at each possible situation, where 
the agent was allowed to cross back over the same location multiple times. The high cost in 
the random path was often due to the accumulation of the movement cost for 100+ moves 
to solve the problem. The random path is dispersed much more broadly as it has the 
chance to converge sooner, and a much lower spread as it allows for repeat cell visits. 

The optimal policy agent only has a single value because there is no random element to the 
design process.  

 



Question 4: Write an algorithm that implements value iteration. Compute the optimal 
value function and the optimal policy for the test problem using your algorithm (show the 
outputs visually). Evaluate an agent following the optimal policy and compare the total 
rewards obtained with those of the agent following a random policy 

     

    

The optimal policy unsurprisingly performs much better than the other two random-based 
models at solving the problem and avoiding error. It is worth noting that there is an error in 
the policy generated in the top middle where the policy directs the agent to move left, when 
it should move right. This error might be caused by a discrepancy between the values being 
displayed and the combination of (reward + discount_factor * value[next_state]) which 
could be caused by the presence of a crater. This type of local maximum would result in an 
infinite loop in the policy as it would converge on a non-goal value.  

 


