


mechanism that determines what events are significant for 
task completion and when to remember them. 

In recent years some research has been performed to 
develop algorithms to learn tasks in partially observable 
environments. Some of them simply ignore the memory 
issues by focusing on suboptimal, memory-free solutions 
to partially observable problems [6]. Others use fixed size 
window approaches [7] to try and resolve the hidden state 
problem by choosing actions that depend not only on the 
current observations but also on a fixed number of the 
most recent observations and actions. These approaches 
fail to learn a policy when the relevant information falls 
outside the history window. Other approaches find 
optimal solutions in partially observable environments [8] 
[9] but are limited to very small problems and do not 
perform well in continuous state spaces [10] [11].  

This paper presents an approach that is aimed at 
enhancing a task-specific focus of attention mechanism 
[1] by adding limited short term memory and learning a 
memory policy. The learned memory policy tells the 
robot what past events are significant for task completion 
and when to remember them in order to successfully 
complete a task. 
  
2.  Control Architecture 
 
The control architecture used here is based on hybrid 
discrete event dynamic systems [12] [13] [14]. Figure 1 
shows a diagram of the control architecture used. 

The controller/feature pair component of this 
architecture directly deals with the environment. This 
component uses physical sensors to interpret the state of 
the world and physical actuators to modify it. The 
activation signal given by the supervisor to the physical 
sensors and actuators is determined by the learning 
component. Each action executed in the real world is 
associated with a set of features that define the functional 
objective of the action. For example, action "Reach" 
"Blue", uses the feature "Blue" to form the functional 
objective of the action reach. This allows the robot to try 
and reach for a blue coloured object. The convergence of 
controllers results in the completion of a control 
objective. This completion, in turn, generates a discrete 
symbolic event. The supervisor uses this discrete event 
along with the information in the event memory to 
generate an abstract state.  
 
2.1 Action Representations 
 
The robot interacts with the world through its control 
actions. Each control action is associated with a set of 
features that the robot has to process in order to derive the 
functional objective of the action. At each point in time 
the robot has to decide the relevant features to process in 
the context of the chosen action. This limits the amount of 
raw data to be analyzed to the data required for the 
selected features. The convergence of controllers 
represents the completion of a control objective and 
results in the generation of a discrete symbolic event. 

 
Figure 1: Control Architecture 

 
In the blocks world domain examples used 

throughout this paper the robot configuration consists of a 
stereo vision system, an arm, short term memory cells (to 
remember past events), and a feature extraction algorithm 
to identify the visual features of the blocks in the world. 
The robot arm can execute following actions: 
1. "Reach": This action is used by the robot arm to 

reach for an object at any given location within the 
boundaries of the blocks world. 

2. "Pick": This action is used to pick or drop an object 
at the current location. 

3. "Top":  This action is used to find out if the block 
with feature "y" is on top of the block with feature 
"x" when the robot is focusing on block with feature 
"x". For example, if the robot takes action "Top" 
"Blue" "Yellow", this action is successful if the robot 
is focusing on a blue block and there is a yellow 
block on top of the blue block. 

4. "Bottom": This action is used to find out if the block 
with feature "y" is at the bottom of the block with 
feature "x" when the robot is focusing on block with 
feature "x".  

5. "Stop": This action permits the robot to stop its 
interaction with the blocks world. This action is 
necessary because : 
1. The robot does not know what task it is learning 
and uses the reinforcements given by the world to 
learn a policy. 
2. There are no absorbing states in the real world. So, 
the robot has to learn when to stop performing a task 
in order to maximize expected reward. 

Each of the actions "Reach", "Pick", "Top", and “Bottom" 
can be associated with multiple features that form its 
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convergence of the algorithm the optimal action from any 
state is the one with the highest Q value. In order for the 
agent to learn an optimal policy it should follow an 
exploration-exploitation strategy. This strategy allows the 
agent to explore when it has no knowledge of the 
environment and exploit when it gained knowledge of the 
correct actions. In this paper Q-learning uses the 
Boltzmann “softmax” [17] strategy since it ensures 
sufficient exploration while still favouring actions with 
higher value estimates. Though Q-learning allows 
learning accurate value functions, it does generally not 
perform well on complex tasks and continuous state 
spaces because the size of the state space grows 
exponentially with the number of state variables making 
learning of a complete value function unwieldy.  This 
problem is addressed in this paper at the supervisor level 
of the control architecture. The supervisor uses an abstract 
state space and closed loop actions, resulting in a reduced 
search space. Each time a new state is reached, the 
feedback in the form of reinforcements is used to update 
the state-action pair in the abstract state space. 
 
3.  Experiments and Results 
 
To illustrate the approach proposed in this paper, two 
tasks in the blocks world domain are considered: 

1. Block Copying Task 
2. Block Stacking Task 

The main objective of the robot in these experiments is to 
learn the task-specific control, sensing, and memory 
policies in order to optimize the system performance for 
the given task.  

In all experiments the robot has no prior knowledge 
of the environment or the task it has to learn. Further it is 
assumed that all blocks are uniquely identifiable by their 
colour in this blocks world domain. 
 
3.1 Block Copying Task 
 

In this experiment, two tables with similar set of 
blocks are present. Table1 has an already built stack 
(using the blocks on table1). The task of the robot is to 
learn to copy any stack presented on table1 onto table2. 
Two scenarios of the block copying task are considered: 
1. Block Copying Task with Two Blocks 
2. Block Copying Task with Three Blocks 
In both tasks, the robot has a cost -1 associated with each 
action and receives a reward of +10 each time two blocks 
are stacked correctly.  
 
Block Copying Task with Two Blocks 
 
Figure 2 shows the initial and final situations of a 
successful strategy for an instance of the block copying 
task with two blocks and Table 1 shows the two different 
configurations possible with the two blocks used. In this 
task, the robot has to learn a policy that will allow it to 
copy any of the two possible stacks using the two blocks 
present on the table top. While learning a policy for the 

task, the robot also has to learn when to stop since there is 
no explicit information as to when the task is completed.  

The robot starts out by exploring the world and uses 
the feedback to learn a policy for the copying task. 

 
Figure 2: Block Copying Task with Two Blocks 

 
World No. Top Block Bottom Block 

1 "Red" "Pink" 
2 "Pink" "Red" 

Table 1: Different world configurations using "Red" 
and "Pink" blocks 

Figure 3 shows the learning curve for the block 
copying task with two blocks. The graph shows that the 
system learns a policy that is general enough to copy each 
of stacks when it is presented. 

 
Figure 3: Learning Curve for Block Copying Task  

with Two Blocks 
Figure 4 shows a policy learned by the robot for the 

block copying task with two blocks. Table 2 shows the 
different symbolic events and memory events in this 
learned policy. Each arrow in Figure 4 represents a 
possible result of the related action in terms of a transition 
from the old state to the new state of the world. The robot 
starts in state {E0,M0,M0} and learns to copy any stack 
presented on table1 by reaching for the "Pink" block with 
"White" background, finding out if it is the bottommost 
block on table1 and remembering the outcome of this 
action in  memory. The memory event enables the robot 
to identify which stack it has to build on table2. For 
example, if the memory event is M1 then it knows that 
pink is the bottommost block in the stack on table1 and 
thus the robot reaches for the red block on table2, picks it 
up and drops it on top of the pink block. Once the blocks 
are stacked, any further exploration of the environment by 
the robot does not earn it any rewards, enabling it to 
“Stop” for maximizing the reward. 

Table 2 Table 1 
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