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The Surprise-Based Learning Algorithm

Nadeesha Ranasinghe, Wei-Min Shen

Abstract— This paper presents a learning algorithm known as
surprise-based learning (SBL) capable of providing a physical
robot the ability to autonomously learn and plan in an unknown
environment without any prior knowledge of its actions or their
impact on the environment. This is achieved by creating a model
of the environment using prediction rules. A prediction rule
describes the observations of the environment prior to the
execution of an action and the forecasted or predicted observation
of the environment after the action. The algorithm learns by
investigating “surprises”, which are inconsistencies between the
predictions and observed outcome. SBL has been successfully
demonstrated on a modular robot learning and navigating in a
small static environment.

Index Terms— Autonomous robot, surprise-based learning,
world model, plan, navigation, features, predict, complementary
discrimination, reinforcement learning, developmental robotics.

1. INTRODUCTION

THIS paper addresses the problem of a robot having to learn
and navigate in an unknown environment with no prior
knowledge about its actions or their impact on that
environment so as to accomplish the task of reaching a
particular scene. In particular, a modular mobile robot is
tasked to navigate within a confined space consisting of
several discernable features.

How should the world be modeled within the robot? What
actions and sensors should a robot have to solve this problem?
What action should the robot select when its goal is to reach a
blue wall, but it currently sees a red wall? Should every feature
be recorded before and after performing an action, or is it
sufficient to record the most significant change? How can the
robot identify the most significant change? Can the robot cope
with sensing or actuation errors? These are a few important
questions that identify some of the challenges of this task.

Since the robot has no prior knowledge it must gradually
acquire some knowledge through a structured learning process
in order to make any progress, as random motion combined
with luck is unsatisfactory. This problem is interesting as it is
motivated by human learning, which is a critical step in
developmental learning. When placed in an unknown
environment, a human child is able to interact with the
environment and learn how to accomplish the task [1]. The
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bold ambition of most Artificial Intelligence and Robotics
research is to achieve or exceed the intelligence demonstrated
by a human, on a robot. A quick reflection makes it
immediately visible that this is a very ambitious task as there
are many unknowns in human learning, and straightforward
replication of the technique simply does not exist.

We envision a scenario of learning as follows. First the
robot will autonomously perform learning and problem solving
inside a small static environment with a limited number of
sensors. Then, as rigorous testing continues, constraints on the
task, such as the number of sensors and actions will be varied
to determine the competence of the approach. Hence, the
problem addressed here is designed to be a building block on
which an algorithmic solution will be devised and tested that
could potentially be expandable to larger more complex
environments or to other autonomous learning tasks.

The goal of learning is to create a world model as set of
prediction rules, which provides both a model of the features
in the environment as well as knowledge about the robot’s
actions that could be used to affect this environment. The
proposed solution is an algorithm called “Surprise-based
Learning” (SBL), which builds upon a learning paradigm
called Complementary Discrimination Learning (CDL) [2-4]
that uses discrimination as a means to accomplish both
generalization and specialization. SBL extends CDL by
overcoming many of its weaknesses to learn a world model
based on a given set of percepts and internal motor commands.
In this paper, the algorithm assumes the ability to (1) recognize
and label colors which are features that are not predefined
(dynamic labeling), (2) compare changes in features, and (3)
perform a predefined set of “internal motor command
sequences”. In SBL such a sequence is referred to as an
“action” even though the robot does not know what its
consequences are. For example, an action called “actionl” is
given to robot as a sequence of motor commands, but the robot
does not know if “actionl” will cause itself to move or turn.
The outcome of each action must be learned, just as a human
learns to swim by “waving arms” and observing whether it
caused the body to move forward or backward.

The proposed world model is a set of rules that predict the
relationship between the observed features in the environment
and the noticeable changes that occur when an action is
performed by the robot. Typically a prediction rule consists of
conditions, an action and predictions, in which conditions
correspond to the observed state of the environment before an
action is taken and the predictions forecast the observed state
of the environment as a result of taking the action. A new rule
is created by performing an “unknown” action and recording
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the most noticeable change as its prediction. This rule is then
maintained by repeating the associated action and recording
new information when an unexpected outcome or “surprise”
occurs. While learning, the world model can be queried to
form a plan, which is a sequence of actions executed by the
robot to accomplish a given task.

The rest of this paper is organized as follows. Section II
discusses related work and the motivation for selecting this
approach. Section III describes the proposed framework, while
section IV describes the logic used to create and maintain the
world model. Section V describes the experimental setup to
test and demonstrate learning, while section VI explains
implementation of the surprised-based learning algorithm in
detail. Section VII discusses some of the experimental results.
Finally, section VIII summarizes the contribution of this
research and outline directions of future research.

II. RELATED WORK

Driven by the desire to achieve complete autonomy several
decades of artificial intelligence and robotics research has
produced many learning techniques, but the problem of
autonomous learning still remains largely unsolved. At present
most learning algorithms can be classified as supervised,
unsupervised or reinforcement learning [5]. Supervised
learning (SL) requires the use of an external supervisor that
may not present here. In contrast, unsupervised learning (UL)
opts to learn without any feedback from the environment by
attempting to remap its inputs to outputs, using techniques
such as clustering. Hence, it may overlook the fact that
feedback from the environment may provide critical
information for learning.

Reinforcement learning (RL) receives feedback from the
environment. Some of the more successful RL algorithms used
in related robotic problems include Evolutionary Robotics [6]
and Intrinsically Motivated Reinforcement Learning [7].
However, most RL algorithms focus on learning a policy from
a given discrete state model (or a world model) and the reward
is typically associated with a single goal. This makes
transferring the learned knowledge to other problems more
difficult.

Complementary Discrimination Learning (CDL) [8]
attempts to learn a world model from a continuous state space
and is capable of predicting future states based on the current
states and actions. This facilitates knowledge transfer between
goals and discovering new terms [9]. However, CDL is more
logical-based learning and has not been applied to physical
robots to learn directly from the physical world. In addition,
CDL only performs generalization and specialization on a
complementary rule, while other activities, such as abstraction,
surprise analysis with noisy sensors, dynamic goal assignment,
prediction creation and continuous maintenance, are necessary
for robotic learning.

Evolutionary Robotics (ER) is a powerful learning
framework which facilitates the generation of robot controllers
automatically using neural networks and genetic programming.

The emphasis in ER is to learn a controller given some model
or detailed information about the environment, which may not
be readily available. However, advances in ER such as the
Exploration-Estimation Algorithm [10] proved that an internal
model such as an action or sensor model of a robot can be
learned without prior knowledge given that the environment
and the robot can be reset to its initial configuration prior to
each experiment, which is not supported in this problem.

Another promising approach is Intrinsically Motivated
Reinforcement Learning (IMRL) where the robot uses a self-
generated reward to learn a useful set of skills. IMRL has
successfully demonstrated learning useful behaviors [11], and
a merger with ER as in [12] was able to demonstrate
navigation in a simulated environment. The authors have
mentioned that IMRL can cope with situated learning, but the
high dimensional continuous space problem that embodiment
produces, is beyond its current capability.

There has been a large amount of research in model learning
as in [13] and [14], yet the majority focus on action, sensor or
internal models of the robot and not the external world. In the
autonomous robotic learning problem we are interested in, the
learner must accommodate limited processing, noisy actuation
and limited or noisy sensing available on a physical robot.
Furthermore, the ability to predict and be “surprised” by any ill
effects is also critical. This powerful learning paradigm has
been analyzed, theorized, explored and used in a few other
learning applications such as traffic control [15] and computer
vision [16].

Alternatively, learning a world model could be
accomplished to some extent by simply recording the
environment using conventional map building such as
Simultaneous Localization and Mapping (SLAM) [17].
However, accurate-enough models for the robot’s actions and
sensors must be given to facilitate this type of learning. These
models are not available for developmental learning, which is
motivated by previous researches presented in [18-21].

III. THE SURPRISE-BASED LEARNING FRAMEWORK

The dictionary defines “surprise” as “a sudden or the
unexpected encounter”. In SBL there is a surprise if the latest
prediction is noticeably different from the latest observation.
The algorithm must not only detect a surprise, it must also
distinguish a possible cause for the surprise by investigating
the change in features. Section VI discusses how a surprise is
encountered and handled by SBL. The algorithm follows the
framework visualized in Fig. 1.

This framework can be abstractly described as follows:
After performing an action, the world is sensed via the
perceptor module which extracts feature information from one
or more sensors. If the algorithm had made a prediction, the
surprise analyzer will validate it. If the prediction was
incorrect, the model modifier will adjust the world model
accordingly. Based on the updated model the action selector
will perform the next action so as to repeat the learning cycle.



Technical Report for University Of Southern California, Information Sciences Institute — 11™ April 2008 3

~

Predictor 3

:\h

observation

output l prcdiV
Surprise

Analyzer ¢ |
Model Modifier

actions Action /
Selector /

Surprise-based Learner

Fig. 1: Surprise-based Learning Framework

Physical World

input

IV. PREDICTION MODEL

In surprised-based learning, knowledge concerning the
relationship between the robot’s action and its impact on the
environment is captured within a prediction rule. Therefore,
the model of the physical environment is represented as a set
of rules, where each rule is a triple comprised of conditions, an
action and corresponding predictions as in (1).

Rule = Conditions — Action — Predictions (1)
Condition = (Feature — Operator — Value)  (2)
Prediction = (Feature — Operator) 3)

Conditions are comprised of one or more logical statements,
each describing the state of a perceived feature in the
environment prior to the execution of an action. A condition
can be represented as a triple containing a feature identifier, a
comparison operator and a comparison value as in (2). In a
condition when an operator is applied to a feature, it provides
a comparison against a value which qualifies the applicability
of the associated rule. i.e. Conditionl = (featurel, >, valuel)
means that Condition1 is true if featurel is greater than valuel.
In this model several logically related conditions can be
grouped together to form a clause using ‘And’ and ‘Not’
logical operators. Predictions are logical clauses that describe
the expected change in features as a result of performing an
action. As seen in (3) a prediction can be represented using a
tuple containing a feature and a comparison operator which
indicates the change. i.e. Predictionl = (featurel, >) means
that if the rule is successful the value of featurel will increase.
In order to minimize the number of experiments required to
update rules appropriately, all sensor data related to the last (or
past) successful instance or invocation of a rule is recorded
against the rule. This includes storing the observed state of the
environment prior to performing the action hereby referred to
as the “before past” (i.e. “the conditions before a past
application of the action”) as well as storing the resulting state

of environment known as “after past” (i.e. “the observation
after a past application of the action”). The use of this
additional information will be discussed in section VI. D.

The basic model used for the experiments presented here
does not yet accommodate probability, as it assumes that any
major changes in the environment are detectable via the
sensors without any probabilistic branching effects caused by
ambiguity. This is ensured by adding more sensors and
comparison operators to the surprise analysis process, should
ambiguity arise. The model also assumes that a set of discrete
actions are provided to the learner such that low level motor
commands need not be learned, but the meaning or outcome of
each action is unknown. In other words the robot does not
have a comprehensive action model which states that a
particular action would result in displacement by a certain
distance in a certain direction. The final assumption made by
the model is that comparison operators are provided to the
surprise analysis process with a predefined priority so as to
distinguish the most significant change.

To make a learning algorithm feasible for a real robot, the
knowledge representation must be extremely compact and
efficient. Thus, it is not only important that the rules should be
easy to parse; the number of rules should not increase
infinitely over a period of time. This means that the model
should be rich enough to capture sufficient information to
accomplish any given task, yet abstract enough to record and
query the entire physical environment, while being compact
enough for accomplishing the learning within a feasible
amount of time.

V. EXPERIMENTAL SETUP

The current implementation consists of, a single SuperBot [22]
modular robot with bi-directional WiFi communication, a
camera, a short distance range sensor and an external PC
capable of wirelessly interfacing with the robot and its sensors.
The robot is placed inside a large box which has 4 uniquely
colored walls and a discernable floor, as seen in Fig. 2a),
which serves as a good structured environment for testing
SBL. The forward facing camera is mounted in a way that the
robot loses sight of the ground plane when it is approximately
6” from the wall it’s facing. The range sensor has also been
adjusted so that it’s facing the same direction as the camera
and its maximum range response is approximately 10”.

1afx|

Red Wall

Power & Video
sent to PC

Camera

SuperBot

White Floor

Fig. 2: a) Experimental setup

b) View from robot

The robot is preloaded with 4 actions corresponding to
consistent movement in 4 directions, namely forward,
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backward, turn left and right. Note that the names for the
actions have been chosen to reflect human understanding, yet
they are merely labels which are meaningless to SBL and can
very well be relabeled as “actionl”, “action2” etc. The vision
and range sensor data are relayed to the PC where the learning
algorithm is invoked and a suitable action is radioed back to
the robot. The external PC is required due to the limited
processing power and memory onboard a single modular
robot, but in future SBL will be entirely on the robot, possibly
by distributing it amongst several modules. Vision processing
using mean shift segmentation [23] and hue, saturation, value
color matching enables the robot to uniquely identify features,
label and match them without any a priori knowledge of the
environment.

A set of comparison operators are provided for surprise
analysis, in particular operators are required to detect the
presence (%) or absence (~) of a feature, the change in the size
of a feature (<, <=, =, >=, > representing less than, less than or
equal, equal, greater than or equal, and greater than
respectively), the difference in the distance reading and the
displacement of the center of each feature with respect to the
frame of reference (horizontal displacement is indicated by the
‘x” prefix and vertical displacement by ‘y’).

With this environment, we plan to demonstrate SBL in a
sequence of experiments as follows:

1) The robot is arbitrarily placed into the environment without
any prior knowledge about its position and orientation;

2) The robot is given a “goal scene” to seek. The position and
orientation of the goal scene is not known to the robot, and
the scene may be completely unfamiliar to the robot;

3) The robot learns a set of prediction rules from the
environment by exploration and experiencing surprises;

4) When sufficient rules are learned, the robot plans its
actions to navigate itself to the goal scene. For example, if
the goal scene is "a corner of red and blue walls", then the
robot will move itself in the environment so that it will end
at the position where its camera will see the goal scene.

As is visible, the above tasks will require the robot to have
abilities for (1) problem solving, (2) learning based on
surprises, (3) exploration based on current prediction rules, (4)
dynamically accepting new goals on the fly, and (5) continuous
learning based on surprises if the environment changes.

VI. THE SURPRISE-BASED LEARNING ALGORITHM

The SBL algorithm follows a cycle which includes rule
creation, selection, validation, maintenance via rule splitting &
rule refinement, rule abstraction and planning. The general
procedure is outlined as follows:

The cycle starts by selecting an action either randomly or
via a plan. Then, rule selection returns all prediction rules
whose conditions match the current state of the environment,
should one or more exist. The action is executed. If a matching
prediction rule did not exist, a new rule is created through rule
creation by comparing the current state of the environment

against its previous state. However, if there were matching
prediction rules, then each rule is assessed individually as
described below. First, rule validation ascertains that the
current state of the environment matches its predictions. If all
predictions are true, then the last successful instance of the rule
is updated, and the cycle continues. Else, there is a surprise,
thus rule maintenance is invoked to perform rule splitting or
rule refinement depending on whether the selected rule already
belongs to a pair of complementary rules that have been split
previously. If rule splitting is performed, then a new
complementary rule is generated with new predictions and the
selected rule is updated with new conditions and possibly new
predictions. However, if refinement is performed, then both
complementary rules are updated with new conditions but the
predictions remain unaltered. Once rule maintenance is
complete the cycle restarts such that an action can be selected
via planning. Optionally, rule abstraction can be performed
during rule splitting and refinement so as to aid planning.

Pseudo code for SBL is presented in Algorithm 1.
Subsection A discusses surprise analysis, while subsection B
describes the logic used to create split and refine rules.
Subsections C through F delves into the intricacies of rule
creation, selection & validation, splitting and refinement
respectively. Finally, subsection F describes the planner
together with rule abstraction.

Algorithm 1: Surprise-based Learning

1: Observe the environment via sensors

2:

3: while (ALIVE) do

4. if (a goal scene is given) then

5: if (plan is NULL) then

6: Find a plan as a sequence of rules that will lead to
the goal { see subsection F }

7: end if

8:

9: Action = Next action from current plan

10: else

11: Action = Choose a random action

12: endif

13:

14: predictionRules = Match the current observations and
select the matching prediction rules which forecast the
outcome of this action { see subsection C }

15:

16: Perform(Action)

17: Observe the environment via sensors

18: if (predictionRules is NULL) then

19: CreateNewRule() { see subsection B }
20: else

21: for (each Rule in predictionRules) do
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22: if (The outcome matches the prediction) then
23: Update the last success of the predicted rule
24 else // this is a “surprise”

25: if (the rule has never been split before) then
26: SplitRule(prediction) { see subsection D }
27: else

28: RefineRule(prediction) { see subsection E }
29: end if

30: end for

31: endif

32:

33: end while

A. Surprise Analysis

Humans are able to gather data from multiple sensors and
determine which sensor or combination of sensors is required
to easily perform certain tasks. Similarly, a robot with many
sensors must determine the stimulus or stimuli that are most
strongly associated with change, given two or more
observations ~ where  multiple stimuli are present
simultaneously. This is known as surprise analysis, which
attempts to identify the most likely reason for a surprise. In
other words it is the most noticeable or most significant
change.

This is a difficult process as a prediction could contain one
or more features and these features could have complex
relations to other features. It works by taking each feature
observed in a particular instance and comparing it to all the
features observed in another instance using comparison
operators. The comparison would yield existential and
quantitative differences in the features. Note that SBL does not
record every feature change, instead surprise analysis
terminates as soon as one difference is encountered, because it
prefers to create more general rules that can be applied,
surprised, and refined in the future. Therefore, the order or
priority in which comparison operators are applied on the
features and their attributes determines the generality of a
prediction rule. In turn, surprise analysis impacts the quality of
the world model, as the total number of rules required to
model the physical environment is directly coupled to the
algorithm’s ability to identify the exact cause of a surprise, as
is visible in the results presented in section VII.

B. SBL Logic

Rule Creation:
Rulel = C;— Action — P, “)

Rule Splitting with Prediction Modification:
(C, being the reason for the surprise, and P, a second
prediction which may or may not exist — see subsection E)
Rule 1.1 =C; A C, — Action > P;v—P, %)
Rule 1.2 =C; A~ C, — Action > " P; A P, (6)
After splitting, the 2 rules are marked as “complementary”.

Rule Refinement, given Rule 1.1 failed:
(Cs being the reason for surprise)
Rule 1.3 =C; A (Cy A C3) > Action —» Pyv— P, (7
Rule 1.4 =C; A~ (Cy; A C3) > Action > —~P; AP,  (8)

Rule Refinement, given Rule 1.2 failed:
(C; being the reason for surprise)
Rule 1.3 =C; A (mCy AC3) — Action > P;v—P, (9)
Rule 1.4 =C; A~ (= Cy A C;3) = Action — —~ Py A P, (10)

C. Rule Creation

A rule is created as in (4) by performing an action and
recording a significant change in the environment as the
prediction (P;) and its prerequisites as the condition (C,).
Sensor data is processed to extract feature information.
Surprise analysis is performed by applying predefined
comparison operators to compare feature information available
prior to taking an action hereby referred to as the “before
current” and feature information present after its execution
known as “after current”. If no changes exist, then a new rule
cannot be generated. However, if more than one change exists,
then only one change must be selected and recorded in the rule
using surprise analysis. The current instance is recorded
against the rule as the last successful instance for future
reference.

For example consider executing the forward action when the
robot is located as in Fig. 2a), which results in Fig. 3b). Rule
creation or CreateNewRule() compares “before current” sensor
data seen in Fig. 2b) and the “after current” sensor data seen in
Fig. 3a) resulting in Rule 1. The backward action from Fig. 3a)
to Fig. 2b) results in Rule 2.

5l

Fig. 3: a) White Reducing b) Forward Location  c¢) ~ WhiteFloor

Rule 1: (RedWall, %, 0) — FORWARD — (RedWall, >)
Rule 2: (RedWall, %, 0) — BACKWARD — (RedWall, <)

D. Rule Selection & Rule Validation

When the robot decides on an action either randomly or
with the aid of the planner, the rule selection process filters the
stored prediction rules by this action. It then matches the
current state of the environment against the conditions of each
of these rules so as to return only the applicable prediction
rules. For example rule selection returns Rule 1, if the forward
action is selected in Fig. 3b). Should no matching rule exist, a
new rule will be generated after the execution of the action. If
a match is found, the action will be performed and the validity
of predictions of the selected rule will be ascertained by
considering the new state of the environment. This is known as
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rule validation. Rule validation returns true if all predictions
are satisfied, meaning there is “no surprise”, otherwise there is
a “surprise” and rule maintenance is invoked.

E. Rule Splitting

Rule splitting is performed when a surprise occurs and the
surprise is caused by a rule that has never been split before.
Rule splitting works by comparing the last successful instance
of the rule against the currently unsuccessful instance. A new
set of conditions (C,) that were present prior to the failure can
be extracted by comparing “before past” and “before current.”
In SBL when splitting it is important to generate a prediction
for each feature stated in the conditions. Hence, if the new
conditions refer to a new set of features, then a new set of
predictions (P,) will be generated by comparing “after current”
and “before current”, while preserving the original set if
predictions (P;). However, if the new conditions refer to
features already included in the original set of predictions then
a new set of predictions will not be created. The original failed
rule is altered as in (5) and a new complementary rule is
created as in (6) using negation on the newly identified set of
conditions (— C,), while ensuring that the predictions remain
complementary, i.e. = (P; v = Py) = (— Py A Py). The
complementary rules are flagged such that if either of them
fails in future they are both altered together by rule
maintenance using the rule refinement process. After splitting
the last successful instance of the newly created rule is
updated, while leaving the original rules’ history unaffected.

To better understand the generation of the new set of
predictions (P,), consider the following scenarios. Executing
forward from the location in Fig. 3b) where the view is Fig.
3a) results in Fig. 3c), where Rule 1 is valid. A subsequent
forward action produces a surprise as the floor has disappeared
and the wall remains constant. This splits the original Rule 1
and creates the complement Rule 3 as follows:

Rule 1: (RedWall, %, 0) AND (WhiteFloor, %, 0) — FORWARD —
(RedWall, >) OR NOT (WhiteFloor, ~)

Rule 3: (RedWall, %, 0) AND NOT (WhiteFloor, %, 0) — FORWARD —
(RedWall, <=) AND (WhiteFloor, ~)

In contrast, executing backward from Fig. 2a) several times
results in the floor and wall remaining constant after the robot
hits the rear wall. This splits the original Rule 2 and creates the
complement Rule 4 without a new prediction as follows:

Rule 2: (RedWall, %, 0) AND (RedWall, >, Value2) - BACKWARD —
(RedWall, <)

Rule 4: (RedWall, %, 0) AND NOT (RedWall, >, Value2) —
BACKWARD — (RedWall, >=)

F. Rule Refinement

As learning continues if one rule belonging to a
complementary pair such as (5) failed, rule refinement

performs an update to the original rule by extracting a new
conditions (Cs) through same comparison process as described
in rule splitting. Yet, new predictions are not generated as the
predictions will no longer be altered. The addition of new
conditions to the original rule results in specialization as in (7).
The complementary rule is recreated as in (8) by negating the
second clause — (C, A C3) of the updated failed rule,
affectively generalizing the rule to maintain its complementary
relationship. To elaborate this further, the results of refining
the complement of a split rule as in (6) are shown in (9) and
(10). Once again only the last successful instance of the
complementary rule is updated. Subsequent refinements will
be subjected to the same process outlined above.

For example consider executing the backward action from
Fig. 3c), which results in Fig. 3c) again, instead of Fig. 3a)
when the robot is close to the red wall and given that Rule 2
has been split. Comparing “before past” and “before current”,
indicates that the floor remains missing and there is no change
in the wall. Therefore, Rule 2 and its complement Rule 4 will
be refined as follows:

Rule 2: (RedWall, %, 0) AND (RedWall, >, Value2) AND (WhiteFloor, %,
0) - BACKWARD — (RedWall, <)

Rule 4: (RedWall, %, 0) AND NOT ((RedWall, >, Value2) AND
(WhiteFloor, %, 0)) - BACKWARD — (RedWall, >=)

G. Planning & Rule Abstraction

SBL is not complete without a planner. The planner’s
implementation is independent of rest of the algorithm,
meaning that it could be designed using a greedy search. In
essence the planner must simply return a sequence of rules that
are to be executed to reach a goal scene comprised of features,
from the current state. This can be achieved as the predictions
of one rule could satisfy the conditions of the next rule,
forming the desired sequence of actions.

One difficulty of this planning is that the information
relating the transition from one feature to the other could be
buried complexly within the pair of complementary rules. To
overcome this problem, information abstraction or inference is
applied to complementary rules so that we can extract the
required feature transition information into a new abstract rule
for planning purposes. For example consider the
complementary Rule 1 and Rule 3. By taking the logical
intersection of the conditions and the logical difference of the
predictions, it is possible to infer Rule 5 that states a
relationship between two features, and in particular identifies
the action required to transition from one feature to the other.
Hence, rule abstraction is a powerful tool to infer feature
relations such as corner transitions.

Rule 5: (RedWall, %, 0) - FORWARD — (WhiteFloor, ~)

To minimize the execution time of the planner, rule
abstraction is performed immediately after rule splitting.
Abstract rules are marked such that rule selection will not use
them as predictions, as they are only required for planning.
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The robot can be given a target or goal scene either prior to,
or during, or after the learning process. Runtime goal
assignment permits SBL to change goals dynamically. In fact,
a plan can be considered a set of sub goals that leads to the
goal scene. When planning is invoked, the next action from the
plan subsumes any random action that the robot had previously
decided to explore.

VII. EXPERIMENT RESULTS & ANALYSIS

Eight sets of experiments were conducted to establish the
feasibility of SBL in solving this problem, to demonstrate that
the environment was sufficiently complicated to rigorously test
most aspects of SBL, and to determine the parameters that
affect the performance of SBL. Each subsequent set of
experiments was conducted by adjusting some of the
constraints such as the number of actions, the order of surprise
analysis, the number of comparison operators, the amount of
bias from human influence and the number of sensors.

Table 1 displays the name of the set, the number of actions
available to the robot, the list of sensors on the robot, a set of
comparison operators used for feature comparison listed
according to their priority or order, and the action selection
criteria. The action selection criteria, indicates whether any
randomly generated actions were biased, completely random
or overridden by a human operator. Note that the listed
comparison operators are applied during rule creation, yet
during rule splitting and refinement the remaining
complementary operators are used to maintain complementary
rules. Table 2 displays the results for each set of experiments
highlighted in Table 1. The total number of experiments,
actions, surprises, rules and the percentage of experiments that
accomplished the goal are marked here. Within a set, multiple
experiments were conducted by varying the starting location
and orientation of the robot, along with performing runtime
goal assignment to a random scene, prior to commencing
learning, after a short period of learning or after the entire
environment was traversed. Videos for some of the
experiments are available at:

http://www.isi.edu/robots/media-surprise.html

Table 1: Components of each set of SBL experiments

Table 2: Results for each set of SBL experiments

Set/ Actions Surprises Rules | Preds | Goal
No Min Avg Max Min Avg Max Min | Avg Max Avg %
A/6 46 85 110 4 37 50 22 39 44 215 84
B/6 70 92 120 16 42 72 15 28 47 248 50
C2 62 74 85 37 48 59 28 35 41 115 0
D/6 54 88 134 28 51 62 23 44 56 168 33
E/4 46 64 102 14 27 31 14 32 42 146 50
F/6 64 90 150 44 67 89 28 42 52 212 17
G/3 80 90 100 52 60 72 16 20 24 172 0
H/1 20 20 20 16 16 16 4 4 4 4 0

Set | Actions | Sensors Operators Selection
A 6 Vision, Range | %, ~, x>, x<,>, <,= | Biased
B 4 Vision, Range | %, ~, x>, x<,>, <,= | Biased
C 4 Vision, Range | %, ~, >, <,= x>, x< | Biased
D 4 Vision, Range %, ~, >, <, = Biased
E 4 Vision, Range %, ~, >, <, = Human
F 4 Vision, Range %, ~, >, <,= Random
G 4 Vision %, ~,>, <, = Random
H 4 Vision %, ~ Random

A. Experiment Set A — Most successful parameters

These experiments test the most successful implementation.
The 6 actions were forward, backward, small left (turn angle
close to -30°), large left (turn angle close to -45°), small right
(turn angle close to 30°) and large right (turn angle close to
45°). Regardless of when the goal was assigned, the robot
always managed to reach it, either by following a plan or by
randomly encountering the goal. Hence, the following criteria
were highlighted for successful learning.

e  The total number of surprises should reach a constant
after the robot has traversed the environment several
times, which means that actions produce little or no
surprises as learning progresses.

e The planner is able to generate a feasible plan from
the current state to the goal state without any random
actions, indicating that the necessary feature relations
have been learned.

Given the criteria above, any experiments that reached the
goal without a plan were discarded from the results and
repeated as this would introduce false positives. Hence, the
actual number of experiments is larger than the amount
recorded in the tables. Also, assigning the goal prior to
commencing learning would almost always lead to this result,
thus it was not considered in subsequent experiments.

The results indicated that SBL was able to learn accurate
prediction rules over a period of time, resulting in surprises
receding and prediction successes continuously increasing. A
successful trace of SBL is in Fig. 4. A few experiments were
carried out by toggling the actions (such as switching forward
and backward) and inverting the sensors (such as a horizontal
flip of the image, which is similar to switching left and right).
Given a sufficient amount of time SBL was able to
successfully learn this environment even under these
conditions. In Table 2, the 84% goal rate indicates that SBL
did not reach the goal once during experiment set A. The
reason for this was because the planner was invoked before the
learner was able to capture all the necessary relations.
However, even this experiment was able to seek the goal
eventually.
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Fig. 4 SBL trace containing 22 prediction rules

B. Experiment Set B — Changing the number of actions

The number of actions was reduced to 4, namely forward,
backward, left and right. At times, when the planner was
invoked after traversing the environment thoroughly SBL was
able to generate a successful plan. However, even without any
surprises, there were times where SBL was unable to generate
a successful plan. The root cause was the size of motion for
each action affecting rule splitting.

Fig. 5: Scenarios that could be encountered when performing a turn action

Rule 6: (RedWall, %, 0) — RIGHT — (RedWall, x<)

Rule 7: (RedWall, %, 0) AND NOT (RedWall, x>, Value3) — RIGHT —
(RedWall, x>=)

Rule 8: (RedWall, %, 0) AND NOT (GreenWall, ~, 0) — RIGHT —
(RedWall, x>=) AND (GreenWall, x<, 0)

Rule 9: (RedWall, %, 0) — RIGHT — (GreenWall, x<, 0)

Consider rule splitting using “before past” and “before
current” instances encountered while performing the right
action in Fig. 5. Given Rule 6, note that the there are three
possible scenarios which could split the rule and result in Rule
7 (a—d or a—b—c—d) or Rule 8 (a—c—d) depending on the
magnitude of the turn. Rule abstraction using Rule 8 generates
Rule 9, which is an important feature transition that is missing
in the complementary pair containing Rule 7. The planner
needs to capture feature relations such as this corner transition
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in order to generate a valid plan. Therefore, the number of
discrete actions is an important parameter in SBL. Increasing
the number of actions resulted in an increase in the number of
prediction rules as well as an increase in the time taken for
surprises to recede. However, the quality of the world model
improved sufficiently well enough to generate valid plans as
seen in experiment set A.

C. Experiment Set C — Changing the operator priority

In this set of experiments the displacement of the center of
mass of each feature was considered only if there was no
noticeable change in the size of the feature. The objective was
to determine the impact of changing the order or priority of
surprise analysis. Consider the rules created when turning right
in Fig. 6. As was expected the >, <, = took precedence over
x>, x< resulting in these operators becoming redundant. These
experiments produced Rule 10 and Rule 11 that resulted in
many surprises in contrast to the experiments in set B, where
the operator priority was toggled to create the rule 12. The
surprises were due to the ambiguity caused by considering
visual qualitative information during turning instead of the
displacement of the center of mass. Testing indicated that the
use of the horizontal axis with the proper priority was
sufficient to satisfy the success criteria SBL, as the vertical
axis (y>, y<) was redundant when the feature size was
considered. This concludes that the operator priority is an
important parameter in SBL.

Fig. 6: Feature size comparison when performing a turn action

Rule 10: (RedWall, %, 0) AND (RedWall, <, Value4) — RIGHT —
(RedWall, >)

Rule 11: (RedWall, %, 0) AND NOT (RedWall, <, Value4) — RIGHT —
(RedWall, >=)

Rule 12: (RedWall, %, 0) — RIGHT — (RedWall, x<)

D. Experiment Set D — Changing the number of operators

The vision sensor data stream contains a large amount of
potentially useful information. If the number of comparison
operators is changed surprise analysis is affected, meaning that
SBL’s ability to identify the exact cause of a surprise is
altered. This could result in the same inaccurate predictions as
seen in experiment set C, and just as before SBL may not be
able to find or follow a plan to the goal without a surprise
interrupting the execution.
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E. Experiment Set E — Learning from human influence

The idea was to apply a developmental robotic technique
such as running SBL with the guidance of a human operator, in
an attempt to identify how a human would solve this problem.
For this purpose, the robot’s motion was disabled, allowing a
human operator to move the robot manually, and the next
action would be confirmed or overridden by this user. Two
human operators with no prior experience or knowledge of the
algorithm conducted two experiments each. There were some
similarities and differences in the way both users conducted
the experiments.

An important similarity was that both users chose to ignore
random actions and proceeded to perform a particular action
two or three times, allowing them to validate the SBL
prediction rules. This bias towards repeatedly selecting the
same action until the surprises subside helps construct more
general rules than rules generated by purely random actions
which tend to be more specific. In all previous experiments
random actions were biased to increase the probability of
learning a prediction rule and immediately testing it, hence this
set of experiments validated this bias.

A major difference between the two humans was their choice
in manual motion, namely the distance traveled forward &
backward, and the angle turned left & right. One user used
relatively larger motions than the other, leading to two
qualitatively different models of the environment. The
differences confirmed the root cause identified in experiment
set B.

F. Experiment Set F — Removing human influence

When the bias was removed from the action selection
criteria, SBL chose completely random actions to execute.
SBL had to perform a large number of actions for a plan to be
generated, as the number of surprises was much larger than
with the biased action. Even with a plan the system
encountered many surprises prior to reaching the goal as the
rules reflected the erratic motion encountered during learning.

G. Experiment Set G — Changing the number of sensors

The range sensor was removed to determine the impact
caused by changing the number of sensors. As long as the
sensor provides data that could potentially disambiguate the
cause for a surprise its availability impacts the quality of the
world model. Consider performing the backward action in Fig.
3¢) given in section VI. E, which could result in either Fig. 3¢)
again or Fig. 3a) depending on the robot’s proximity to the
wall as stated before. Unfortunately, without the range sensor
SBL loses its ability to predict which scenario would occur
next. Therefore, the number of sensors is a vital parameter.

H. Experiment Set H— Minimal amount of parameters

This is possibly the most minimal configuration of SBL. As
previous sets of experiments suggest the lack of sensors and

features comparison operators completely hinders its ability to
learn and plan in this environment, resulting in the goal being
unattainable based on the success criteria.

1. General observations from the experiments

In addition to the results discussed earlier, another important
observation worth noting is how SBL deals with fluctuations in
the image recognition under different lighting conditions.
Since, features are identified, labeled and matched
dynamically there are occasions where bad lighting such as
shadows cause a feature to be classified incorrectly.
Regardless of misclassification, as long as the classification
remained consistent throughout the course of the experiment,
SBL would learn to overcome the surprises by generating
accurate prediction rules.

Note that due to the complementary nature of rule splitting,
a specialized rule has very precise predictions, while its
complementary generalized rule could have some potential to
be explored further. If the predictions of a rule contained only
~, %, =, >= or <= there is potential to explore further. During
rule selection such prediction rules are flagged, for the purpose
of forcing rule creation after rule validation is performed. In
addition, all newly created rules are compared against the
stored prediction rules so as to avoid adding multiple
occurrences of the same rule into the world model.

From the results, it is evident that the amount of information
presented to SBL defines the quality of the world model and
consequently the plan. Changing the number of actions,
surprise priority, the number of comparison operators, biased
actions, and the number of sensors directly affects the learning
time and the quality of the world model.

VIII. CONCLUSION & FUTURE WORK

This paper presents a new learning algorithm called
surprise-based learning that enables a robot to reach a goal by
navigating an unknown environment with no prior knowledge
about its actions or their impact on that environment. The SBL
algorithm models the world as a collection of prediction rules,
which forecast the outcome of performing an action. At
present SBL has successfully demonstrated that a mobile robot
placed in a static environment can learn through exploration to
navigate to a particular scene, which can be assigned or
changed during runtime. The algorithm does not discretize the
environment and is grounded in a physical environment where
elements such as the robot’s position cannot be reset. SBL
does not yield a perfect map of the environment; instead the
model is abstract but accurate enough for a robot to
accomplishing its task. Learning and planning occurs in a
feasible amount of time making SBL suitable for a mobile
robot.

In future SBL will be tested on a robot placed in a large
static environment such as an office room. Probabilistic
branching will be added to prediction rules or the selection
process, so as to accommodate dynamic environments and the
ability to deal with ambiguity given that sufficient information
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is unavailable via the sensors. Rules will also be assigned a
success rate such that rule rejection or “forgetting” could be
incorporated to facilitate relearning. Rule abstraction can be
improved to recognize similarities in rules that would mark the
similarities in features, which in turn replaces the common
rules with an abstract representation (i.e. recognizing that there
are four identical features such as the four colored walls and
creating abstract rules that replace these common rules). The
current implementation focuses on learning features, but this
must be expanded to identify objects (ball, box etc.) and
possibly concepts (corner, wall etc.) in order to enrich its
interactions in real world situations. Finally, the possibility of
learning the surprise analysis priority and application of SBL
to other domains will also be investigated.
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