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Abstract— Traditional approaches to integrating knowledge learning approaches, these works assume the rules that are
into neural network are concerned mainly about supervised ysed to initialize the neural networks to be quite complete.
learning. This paper presents how a family of self-organizig 5o the symbolic rules may lose their original meanings

neural models known as Fusion Architecture for Learning, . . .
COgnition and Navigation(FALCON) can incorporate a priori after being put through the weight tuning process of the back

knowledge and perform knowledge refinement and expansion Propagation algorithm. . _
through reinforcement learning. Symbolic rules are formulated Such issues are addressed by Tan with a hybrid system

based on pre-existing know-how and inserted into FALCON known as Cascade ARTMAP [7] that incorporates sym-
as a priori knowledge. The availability of knowledge enables bolic knowledge into ART-based neural models. Cascade

FALCON to start performing earlier in the initial learning . . . .
trials. Through a temporal-difference (TD) learning method, ARTMAP is further designed to perform multi-step infer-

the inserted rules can be refined and expanded according to €ncing and pruning of the learnt rules. However, the work is
the evaluative feedback signals received from the environent.  still based on supervised learning and therefore it lacks th

Our experimental results based on a minefield navigation tds  exploratory capability of the solution space adopted in the
have shown that FALCON is able to learn much faster and |ainforcement learning approach.
attain a higher level of performance earlier when inserted vith Effort that combinesa priori knowledge and reinforce-
the appropriate a priori knowledge. . . .
ment learning can be found in Kary's bi-memory model
(BIMM) [8] that makes use of pre-existing knowledge to aid
. INTRODUCTION in the exploration of state space. The short-term memory of
Exciting and highly encouraging observations have beeBIMM guides exploration through an action probability that
made from reinforcement learning systems which start off iis determined through the SLAP principle while the long-
a problem domain in complete oblivion and yet achieve imterm memory is used for action-value learning. As all pre-
pressive performance after repetitive trials and errofg2].  existing knowledge is still learned by the neural modelre¢he
However, it is always a zero-sum game in the sense that no indication that it is able to build on exterralpriori
sufficient learning cycles are needed for a system to achiekaowledge.
the desired level of performance through repetitive trials The CLARION cognitive architecture [9] represents ex-
Learning efficiency, besides performance accuracy, is éne plicit knowledge as a rule network at the top level and
the other performance metrics that any sound solution showcquires implicit knowledge using back-propagation neura
aim to optimize. A self-organizing neural model that savesetwork through reinforcement learning at the bottom level
precious time spent in learning from the ground up is neededhile bottom-up transfer of implicit knowledge to the top
A principled way to improve learning efficiency is by level is achieved through the Rule-Extraction-Refinement
insertinga priori knowledge into a learning system duringalgorithm [10], top-down learning guides the bottom level
initialization. These are prerequisite knowledge abow thin the learning of explicit knowledge [11]. The two-level
constraints, limitations and operational charactesstitthe design, motivated by the study of implicit and explicit
problem domain. The field of computational intelligencerocesses, nevertheless introduces the issues of effiaeic
offers a wide myriad of techniques for the discovery otonsistency.
knowledge from any conceivable perspective of the problem This paper presents a family of self-organizing models
domain. Neural networks, decision trees, and statistiaal mknown as FALCON that integrates symbolic rules and re-
chine learning methods are the major approaches to learniimjorcement learning. As a multi-channel ART-based neural
logical rules for knowledge discovery and data understandetwork [12], FALCON is designed to perform online and
ing [3]. A learning system that is able to leverage on thesacremental learning across multi-modal input patterns, i
a priori knowledge will be a great asset. volving state, action and reward. As FALCON’s network
Previous approaches to integrating knowledge into neursiructure is compatible with the symbolic rule-based rep-
network are mainly achieved through the supervised legrninresentation, a class of reactive action rules can be imkerte
Rules are used to initialize the structure of the neural neteadily into FALCON at any point of the learning process.
work and refinement is achieved using the back-propagatitmore importantly, the refinement of such rules and the
algorithm [4], [5] or its variant [6]. Typical of most such discovery of new rules can be guided directly through a
) ) ) temporal difference (TD) reinforcement learning method,
The authors are with the Nanyang Technological UniverSighool of
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Singapore 639798 level architecture, FALCON presents an integrated sahutio



for representing both symbolic and learned knowledge. Categary Field
Specifically in this paper, we present a rule translation O QO O 0

and insertion algorithm for incorporatirgpriori knowledge i OO I'O O F i
into FALCON networks. Such knowledge is represented as v | - | % !
symbolic IF-THEN rules, each of which is associated with 7 7k %
a reward factor. Rules with greater reward factors lead to E F? F
more favorable outcomes while those with negative rewards

resultin Igss de_sirable situations._lnserting rules intearal Sorsay Fiskd. MoBrField  Feedback Fisld
model relieves its burden of having to discover these rules (State) (Action) (Reward)

on its own. It is also an avenue to include rules that are not
captured in the training cases but may yet be useful in thég. 1. The FALCON architecture.

real situation. Rule structures that are not easily leanzd

also be included. o

In most cases, the inserted rules may not be complete ¥lue andr (the complement of) is given byr = 1 — 7.
optimal. They have to be constantly evaluated for their vidcomplement coding serves to normalize the magnitude of
bility. Through a temporal difference reinforcement léagn the input vectors and has been found to be effective in ART
method, the reward factor of each rule is constantly modefyStems in preventing the code proliferation problem. As al
ated by FALCON using the feedback from the environmeripPut values of FALCON are assumed to be bounded between
on the action that the rule recommends. In addition, nefy@ndl, normalization is necessary if the original values are
rules are generated from the explored actions that result f¢t in the range of0, 1].
favorable outcomes. FALCON thus constantly maintains arfictivity vectors: Let x“* denotes theé'f* activity vector for
expand its knowledge using the feedback signals from tfe=1..--,3. Lety® denotes the? activity vector.
environment to achieve optimal performance. Weight vectors: Let wj’“ denotes the weight vector as-

We have conducted extensive experiments using a mingciated with the;j*" node in F5 for learning the input
field navigation domain, wherein a variety of rules are inPatterns inFf* for k = 1,...,3. Initially, F5 contains
serted into FALCON before learning. The experiment resul@nly oneuncommittednode and its weight vectors contain
show that pre-loading FALCON witka priori knowledge all 1's. When anuncommittedhode is selected to learn an
leads to significantly better performance and learning eff@ssociation, it becomemmmitted
ciency. In addition, it is found that the quality of the rutn Parameters: FALCON's dynamics is influenced by choice
also influence the outcome of the experiments. Specificalljarameters” > 0 for k = 1,2, 3; learning rate parameters
FALCON is able to perform better when it is pre-loaded witi?*" € [0,1] for k = 1,2,3; contribution parameters™* €
positive rules recommending do’s than when it is pre-loadel: 1] for & = 1,2,3 where 7, +* = 1; and vigilance
with the negative ones recommending don't’s. parameterg™* € [0,1] for k =1,2,3.

The rest of the paper is organized as follows. The FALCOde activation: A bottom-up propagation process first
CON architecture with its algorithm is summarized in Sectakes place in which the activities (known as choice fumctio
tion 1. The rule representation schemes, the rule ingertio/alues) of the cognitive nodes in ti¢ field are computed.
algorithm as well as the inferencing framework are pregentéSPecifically, given the activity vectors™!, x> andx** (in
in Section I1I. Section IV presents the reinforcement léggn  the input fieldsF!, F and F{? respectively), for eacliy
algorithm that guides the FALCON's learning activity. Thenodej, the choice functiof’; is computed as follows:
experiments and results are presented in Section V. The final 3
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section concludes and provides a brief discussion of future T¢ — Z o] il

¢ - J 1
work. ! k:17 ack + |wek| M
where the fuzzy AND operation is defined by(p A
II. FALCON DYNAMICS q)i = min(p;,q), and the norm|.| is defined by|p| =
FALCON employs a 3-channel architecture (see Figure 1}.., p: for vectorsp andq. In essence, the choice function
comprising a cognitive field’s and three input fields, namely 7; computes the similarity of the activity vectors with their
a sensory fieldc! for representing current states, an actiofiespective weight vectors of thes node j with respect to
field F¢? for representing actions, and a reward fighg®>  the norm of individual weight vectors.
for representing reinforcement values. The generic ndtwolcode competition: The Fy node with the highest choice
dynamics of FALCON, based on fuzzy ART operations [15]function is identified in a code competition process. The

is described below. winner is indexed at/ where

Input vectors: Let S = .(51.’ 89y, 8n) denote§ the state T — max{T® : for all F§ node;} )
vector, wheres; € [0, 1] indicates the sensory input Let ' J

A = (a1, aq,...,a,) denotes the action vector, wherge When a category choice is made at nadey; = 1;

[0,1] indicates a possible actioh Let R = (r,7) denotes andy; = 0 for all j # J. This indicates a winner-take-all
the reward vector, where € [0,1] is the reward signal strategy.



Template matching: Before code/ can be used for learning, A. Rule Representation
the template matching process checks the proximity of the
weight template of code J to the corresponding activit
pattern z°*. Resonance occurs if for each chanielthe
match functionn<* of the chosen codé meets its vigilance

Each symbolic rule is associated with a reward factor
%n the consequent in response to an antecedent.XlLet
denotes the set of attribute-value paXs» denotes the set of
attribute-value painv; for the antecedents ard™ denotes

criterion: : .
L |xR AW i the set of attribute-value pairv; for the consequents of a
7 Py > p° (3)  symbolic ruler;. Each symbolic ruler;, has the following
format:

The match functionn$® computes the similarity of the
activity vectorz°* and weight vector$* with respect to the IF /\ av; THEN Y"* (REWARD p) (5)
norm of the activity vector. Together, the choice and match i

functions work co-operatively to achieve stable coding andh - d th q . d th
maximize code compression, where av; € ; and the antecedentX"= and the

When resonance occurs, learning ensues. If any of i hsequenty™ are subsets oK with the constraint of
! ) T Tk — 1
vigilance constraints is violated, mismatch reset occurs i FNY"™ 1* _?_'hEaCh_LUIe hals a re\_/vard factprdtlaﬂned
which the value of the choice functidfi; is set to O for the afsgc < [O’b]‘ q f.e Ztt” ute-value palm‘)}-was an ;e'.“e”t
duration of the input presentation. With raatch tracking °f X ¢an be defined ag(x;, vin)|vin € V', z; € X,i €

process, at the beginning of each input presentation, the "> X, h € 1""’|Vw7'|} Wher'eVl‘% is the .domam of
vigilance parametep! equals a baseline vigilange. If possible values for attribute;. Fori > 2, the attribute-value

a mismatch reset occurg$! is increased until it is slightly pair_s av; are conjoined. Disjunctive_rel_ation_ship among the
larger than the match functiom¢'. The search process attributes exists among the rules with identical consetyuen

then selects anothdry node.J under the revised vigilance
criterion until a resonance is achieved. This search ard tes | lati
process is guaranteed to end as FALCON will either fin§- Rulée Translation

a committednode that satisfies the Vigilance criterion or For insertion into the FALCON modeL each Symbo”c rule
activate aruncommittechode which would definitely satisfy has to be translated into an equivalent vector format. $ipeci

the criterion due to its initial weight values as. cally, each attribute-value pair; in a rule is converted into
Template learning: Once a node/ is selected, for each a complement-coded vecton;, v¢) such that
channelk, the weight vectow<* is modified by the follow-

ing learning rule: (1,0) if a; = v,
ck(new) ckn .. ck(old) ck (. ck ck(old) (’Ui, ’Uf) = (07 1) if €T 7& Vih (6)
w; = (1= BT)w,; 7 4+ fT T AW, (4) (0,0) if x; is not considered

The learning rule adjusts the weight values towards the

fuzzy AND of their original values and the respective Weighfatggczsd:igﬁg@#in?fg;t:jugg_\\l,aelg(zﬁpigg (\:/a:]e?: Utcrais—

values. The rationale is to learn by encoding the commoln i . .
. ; . — v;. Each attributer; is expressed as a concatenation of
attribute values of the input vectors and the weight vectors

For an uncommitted nodd, the learning ratesj* are ggnmcg'?enrqlzggjcsgggrv ?gt(;{;(géhzg)t!éneislkhddry aS}th;- r;tltftribu
typically set to 1. For committed nodegc* can remain vector P

as 1 for fast learning or belowl for slow learning in a ) ) ) )
noisy environment. When an uncommitted node is selectedT,he d|me_n5|on of Fhe attribute vector for d|screte-\{alue
for learning, it becomesommittedand a new uncommitted attribute z; IS (2 x |VM|)_‘ The translated antecede_nt 'S a
node is added to thé field. FALCON thus expands its concatenation oLthe attribute vecto_rs. It has the dimensio
network architecture dynamically in response to the inpfif (2 [X > [V**]). All the key attributes are represented
patterns. in the translqted antecedent regardless of whether they are
represented in the relevant rule. In the context of FALCON,
the translated antecedent is known as the state vetor
the translated consequent is known as the action vektor
As the knowledge structure of FALCON is compatibleand both of them are associated to reward ved®orThe
with the generalized modus ponens format, knowledge abotensequent vectoA has the dimension af x [Y*| x [V #3 ],
the desirable and non-desirable actions for a given sitnati There is provision for multiple consequents in this solatio
can be formulated as symbolic rules and inserted into Bhe reward vectoR = (r,r¢) is comprised of the reward
FALCON network. Initializing FALCON with pre-existing factorp and its complement — p, i.e., (r,7°) = (p,1 — p).
rules before learning serves to set up the global solution The state-action-rewar@®, A, R) triad tuple of the sym-
structure. This helps to improve learning efficiency and prebolic rule is learnt by FALCON asa priori knowledge.
diction accuracy. The subsequent sections contain thdsletalComplement coding is employed for the antecedent and
of the symbolic rule handling mechanism of FALCON. consequent as well as the reward factor.

IIl. RULES REPRESENTATION ANDINSERTION



C. Rule Insertion the action selection mechanism, also known aspibiecy, to
After translation. the stat®. action A and rewardR,  decide on the method in which an action shall be selected.

vectors are inserted into FALCON through the iterative perl € Policy decides whether an action shall be identified
formance of the code activation, code competition, tereplafhrough exploration of the solution space or exploitatién o
matching and template learning procedure. The algorithfi® knowledge base.

that is presented in Table | outlines the rule insertion proc ~ Given the current state, it first decides between ex-
ploration and exploitation by following an action seleatio

dure. policy. For exploration, a random action is picked. For
TABLE | exploitation, it searches for optimal action through a dire
RULE INSERTIONALGORITHM code access procedure. Upon receiving a feedback from
the environment after performing the action, a temporal
1) Initialize the FALCON network difference formula is used to compute a new estimate of
2) Setp* to 1 the Q value of performing the chosen action in the current
3) For each rule-, state. The new Q value is then used as the teaching signal
a) Translate antecedeM"" into state vectosS; for TD-FALCON to learn the association of the current state

consequenlY"* into action vectorA and
rewardp into reward vectoRR,
b) PresensS, A andR to input fields of FALCON

and the chosen action to the estimated Q value.

c¢) Invoke FALCON dynamic (describe in Section II) A. Action Selection Policy
to insert the translated rule. '
4) Repeat from Step 2 to Step 6 for all the rules. The simplest action selection policy is to pick the action

with the highest value predicted by the TD-FALCON net-
During rule insertion, the vigilance parameteré are work. However, a key requirement of autonomous agents is to

each set to 1 to ensure that only identical attribute veetors €XPlore the environment. This is especially important for a
grouped into one recognition category. Contradictory synf9ent to function in situations Wlthput |mmed|.ate evamtl
bolic rules are detected during rule insertion when identic feédback. If an agent keeps selecting the optimal action tha
input attribute vectors are associated with distinct outpdf Pelieves, it will not be able to explore and discover bette
attribute vectors. The detection is achieved througledect alternative actions. There is thus a fundamental tradesff b
mismatchphenomenon, in which the system tries to raiséVeenexploitation i.e., sticking to the best actions believed,
sensory field vigilance®! above 1 in response to a mismatchandexplqratlon i.e., trying out other seemingly inferior and
in the motor field. less familiar actions.

In essence, FALCON is taught that by applying acti&n The e_—greedy poIi_c_y selects the action with the hig_hest
to stateS will provide it with rewardR. This accomplishes Valué with a probability ofl — ¢ and takes a random action
the basis of a rule. A cognitive node with tH&, A, R) w!th probability e [16]. With a constant value_, the agent
triad tuple establishes such a correlation. Hence, thexe a¥ill always explore the environment with a fixed level of
as many cognitive nodes as the number of inserted ruld@ndomness. In practice, it may be _benef|C|aI to have ahlg_her
The inserted rules are temporarily assumed to be distirtt ah Valueé to encourage the exploration of paths in the initial
viable. Refinement of thesa priori knowledge is achieved St2ge and a lowee value to optimize the performance by
under the guidance of the temporal difference reinforcamefXPloiting familiar paths in the later stage. A decagreedy

learning method which is detailed in the subsequent sectioRC!icY iS thus adopted to gradually reduce the value aver
time. The rate of decay is typically inversely proportional

to the complexity of the environment as a more complex

environment with larger state and action spaces will take a
Though the rules may be based on sound observationgnger time to explore.

the heuristic nature of these rules is an indication of their

inherent inaccuracies and inconsistencies. Various raingt ,

as well as the vast complexity of the problem domain demarft Direct Code Access

further augmentations of the knowledge base of FALCON. It During the inference process, FALCON attempts to seek

is a non-trivial task to ensure completeness of a knowledgeit a reasonable response to the current situation. The situ

base for complex problem domains. Autonomous learnintpn is encoded in the same format as the antecedent vector.

capability such as reinforcement learning presents itself It is presented as the state vec®ito FALCON. Through

a viable approach in providing an adequate coverage of tlaedirect code access procedure [17], FALCON searches for

solution space. the cognitive node which matches with the current state and
TD-FALCON is an extension of FALCON to incorporate has the maximal reward value. The TD-FALCON algorithm

Temporal Difference (TD) methods to estimate and learwith direct code access is as shown in Table II.

value functions of action-state paifg(s,a) that indicates For direct code access, the activity vectard, x2, and

the goodness for a learning system to take a certain actia® are initialized byx“! = S, x*?2 = (1,...,1), and

a in a given states. Such value functions are then used inx®®> = (1,0). FALCON then performs code activation and

IV. REINFORCEMENTLEARNING



TABLE Il £ pivefold Navigation Simulator
Minefield {\iew from the Top) Sonar Signal Input (Agent 0
TD-FALCONWITH DIRECT CODE ACCESSALGORITHM =)

1) Initialize the TD-FALCON network witha priori
knowledge.

2) Sense the environment and formulate a state
representatiors.

3) Follow an action selection policy to make a choice ® / =

RV Sonar Signal (Agent 0)

between exploration and exploitation. N
a) If exploration, take a random action. i 4

b) If exploitation, identify the encoded actienwith the \ |
maximal Q(s,a) value by presenting the state veStor s —
the action vectorA = (1,...,1), and the reward vector e
R = (1,0) to TD-FALCON. o e [

Trials 3000 | Target Movin 1
"7" il o O Mannual Control

4) Perform the actiom, observe the next stagand Vew Bounged @Learning. — —
: receive a reward (if any) from the environment. o A [ JCom [ Yo ] » |
5) Estimate the revised value function Q(s,a) following a
Temporal Difference formula such d@§)(s,a) = aT De;r. Fig. 2. The minefield navigation simulator.
6) Present the corresponding st&eaction A and
reward(Q-value)R vectors ti TD-FALCON for learning.
7) Update the current state Isy=s'.
8) Repeat from Step 2 untdl is a terminal state.

Current Bearing of Agent 0 Target Bearing of Agent 0

AQ(s,a) = AT Derr (1 — Q (s,a)) (10)

whereT D.,, = r +ymax, Q(s',a’) — Q(s, a), of which

code competition according to equations (1) and (2) to seleg is the immediate reward value, € [0,1] is the discount
a cognitive node. parameter, and maxQ(s’,a’) denotes the maximum esti-

Upon selecting a winningy node J, the chosen nodé  mated value of the next staté. It is important to note
performs a readout of its weight vector to the action fieldhat the Q values involved in estimating mag(s’,a’) are
F{? such that computed by the same TD-FALCON network itself and not

c2(new) _ _ c2(old) 2 7 by a separate reinforcement learning system. The Q-legrnin
x =X AWJ (7)) Update rule is applied to all states that the agent traverses

An actiona; is then chosen, which has the highest activatioVith value iteration, the value functidf(s, a) is expected to
value converge ta-+~ymax, Q(s’, a’) over time. By incorporating

, . ) the scaling terml — Q (s, a), the adjustment of Q values will
o = maX{ﬂfiQ(neW)3 for all F* nodei} (8)  be self-scaling so th;t th)ey will not be increased beybnd

The state vectorS; is the only input to FALCON. In The learning rule thus provides a smooth_ normalization of
exploitation mode, it seeks out a cognitive noglavhose the Q values. If the reward valueis constrameq betwe_en 0
state vectoiS; has the best match with state vecgrshall and 1, we can guarantee that the Q values will remain to be
provide its action vectoA; as the output. A best match is Pounded betweef and 1.
determined through the vigilance criterion duritegmplate
matching This requires the vigilance paramejéf to have V. EXPERIMENTS

a value betwee and1, i.e, /?pk €(0,1) The closerpf”k IS In the minefield navigation domain, an autonomous vehicle
tol, the_ stronger the match is required tq be an_d vice Versgyy) is tasked to navigate a minefield (see Fig. 2) to a
The action vector of the chosen codewhich satisfies the anqomly placed target destination within a specified time
vigilance criterion is decoded to obtain the symbol eq@imél fame The mines are randomly distributed throughout the
to be acted upon by the agent on the environment. minefield. The task fails when the AV hits a mine or when it
is unable to reach the target destination using the alldcate
C. Value Function Learning number of steps. The task is successful when the AV reaches
the target destination within the allocated number of steps
A typical Temporal Difference equation for iterative esti-and without moving into any mine along the way. The AV
mation of value functions Q(s,a) is given by starts to move from a random vacate location in the minefield.
o It acts out its existence through a repetitive cycle of sense
AQ(s,a) = aTDerr ©) act and learn. All the experiments are based on a 16 by
wherea € [0,1] is the learning parameter afdD.,. is 16 minefield consisting of ten mines. In addition, the target
a function of the current Q-value predicted by TD-FALCONdestination and the mines remain stationary during thé tria
and the Q-value newly computed by the temporal difference The sonar readings and the relative target bearings are
formula. taken into consideration in the symbolic rules. Sonar mregsli
TD-FALCON employs a Bounded Q-learning rule,of the mines are available from five positions - left, left
wherein the temporal error term is computed by diagonal, front, right diagonal and right. For each direati



1, the sonar signal is measured by= di whered; is the
distance to an obstacle (that can be a mine or the boundary
of the minefield) in the direction. When the sonar reading

of a particular direction is 1, this indicates that the mige i

adjacent to the AV. The other input attribute is the relative &

bearing of the target from the current position. There are é °

eight target bearings - front, diagonal right, right, diagb & sof

back right, back, diagonal back left, left and diagonal.left & .|

Table IV containsP1 rules that recommend the best pos- 3 " AV
sible actions. Table V contains th@2 rules which are the ——N-AV
supplementary rules that recommend the second best actions ~ *| ——Pl-AV
Table Il contains theV rules which are the negative rules. o :__iiz:@v

Whereas a positive rule recommends action(s) leading to a
positive outcome, a negative rule highlights actions legdi
to undesirable situations.

0

L L L L L
- 1000 1400 1800 2200 2600
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TB-PACEON trained with delaysetiback.
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Fig. 3. The success rates of

TABLE Il
N RULES propriately to same task configuration under five different
initialization schemes. TD-FALCON that is trained up to

3000 iterations using Q-Learning with delayed feedback is

NRL ITZEN ,I\‘Ae(:\io[]:fi_(RlEWARD = 0) used for all the schemes. Each of these initialization sefsem

NR2: IF DiagonalLeftSonar 1 differs in the rule set used to initialize TD-FALCON for the
THEN Move DiagonalLeft (REWARD = 0) navigation task in the Minefield Simulation Platform. From

NR3: IF FrontSonae= 1 the legend of the plots, AV is a TD-FALCON that has not
THEN Move Front (REWARD = 0) been initialized with anya priori knowledge. This forms

NR4: IF DiagonalRightSona# 1 the baseline for the performance compariséii-AV is a
THEN  Move DiagonalRight (REWARD = 0) TD-FALCON that is pre-loaded with a set @1 rules (see

NR5: IF RightSonar= 1 Table 1V); P1P2-AV is a TD-FALCON that is pre-loaded
THEN Move Right (REWARD = 0)

with the combination of1 rules andP2 rules, i.e.,P1+ P2
rules (see Table V foP2 rules); N-AV is a TD-FALCON

Each symbolic rule leads to a decision on the movemetfiat is pre-loaded with a set oWV rules (see Table Ill)
direction. The AV can choose from one out of the fiveand P1N-AV is a TD-FALCON that is pre-loaded with the
possible actions, namely move left, move diagonally lefgombination ofP1 rule andN rules.
move straight ahead, move diagonally right, and move right. The success rates of the AVs using various rule initializa-
At the end of a trial, a reward of 1 is given when the Avtion schemes are shown in Figure 3. We can see that AV
reaches the target. A reward of 0 is given when the AV faileas a much more modest level of success rates over the
to reach the target destination or when it moves into a min&creasing number of training iterations as compared to the
For the delayed feedback scheme, no immediate feedbacloibier AVs. It only achieve a success ratel6f3% after 200
given at each step of the trial. iterations. The success rates begins to plateau nea7tlie

A TD-FALCON network containingl8 nodes in the mark after aroun®200 iterations. Its success rates peak at
sensory field (representing x 2 complement-coded sonar arounds8.7% after2600 iterations before retreating &7.3%
signals and 8 target bearing values), five nodes in the actitgevel at3000 iterations. All these observations indicate that
field, and two nodes in the reward field (representing th€D-FALCON has reached a local saturation point. It is not
complement-coded function value) is included as the bra@mble to improve its performance beyond W#% level. P1-
of the AV. TD-FALCON employed a set of parameter value#\V, on the other hand, exhibits a marked improvement in
obtained through empirical experiments: choice pararaetgperformance. The success ratesRaf-AV shoots right up to
at = 0.1,a%? = 0.001,a°® = 0.001; learning rates* = the 82.1% level only after200 iteration. After some minor
1.0 for k = 1,2, 3 for fast learning; contribution parameterscorrections, the success rates begin to stabilize aftey onl
7t = 42 = 4% = L baseline vigilance parameters1000 iterations at a higher level of arou9d%. Notably, its
p°t = 0.25 and p°2 = 0.2 for a marginal level of match peak success rates performancé% more than that of the
requirement in the state and action spaces, giiid= 0.5 AV without rule insertion. This clearly shows that insegin
for a stricter match criterion on reward values. For Temporaules into TD-FALCON has lifted its performance.

Difference learning, the learning ratewas fixed at).5 and
the discount factory was set td).9. The initial Q value was
set t00.5. For action selection policy, was initialized to0.5

and decayed at a rate 6f0005 until it dropped t00.005.

With the insertion of the rule sets P1 and B2, P2-AV
shows an even higher level of performance. Specifically, the
success rates achie¥d.1% only after 200 iterations. Its
performance which stabilizes after juso0 iterations has

TD-FALCON is evaluated for its ability to response ap-the highest success rate 87% among all the AVs. This



TABLE IV

P1RULES
P1R1: IF FrontSonag 1 AND TargetBearing= front
THEN Move Front (REWARD = 1)
P1R2: IF DiagonalRightSona# 1 AND TargetBearing= DiagonalRight
THEN Move DiagonalRight (REWARD = 1)
P1R3: IF RightSonag 1 AND TargetBearing= Right
THEN Move Right (REWARD = 1)
P1R4: IF RightSonag: 1 AND TargetBearing= DiagonalBackRight
THEN Move Right (REWARD = 1)
P1R5: IF LeftSonats 1 AND TargetBearing= Back
THEN Move Left (REWARD = 1)
P1R6: IF LeftSonatz 1 AND TargetBearing= DiagonalBackLeft
THEN Move Left(REWARD = 1)
P1R7: IF LeftSonatz 1 AND TargetBearing= Left
THEN Move Left (REWARD = 1)
P1R8: IF DiagonalLeftSonag 1 AND TargetBearing= DiagonalLeft

THEN Move DiagonalLeft (REWARD = 1)

TABLE V
P2 RULES
P2R1: IF DiagonalLeftSonag 1 AND FrontSonar= 1 AND TargetBearing= front
THEN Move DiagonalRight (REWARD = 1)
P2R2: IF DiagonalRightSonae 1 AND RightSonars# 1 AND TargetBearing= back
THEN Move Right (REWARD = 1)
P2R3: IF DiagonalRightSong# 1 AND RightSonar= 1 AND TargetBearing= Right
THEN Move DiagonalRight (REWARD = 1)
P2R4: IF DiagonalRightSong# 1 AND RightSonar= 1 AND TargetBearing= DiagonalBackRight
THEN Move DiagonalRight(REWARD = 1)
P2R5: IF RightSonag: 1 AND TargetBearing= Back
THEN Move Right (REWARD = 1)
P2R6: IF LeftSonar= 1 AND DiagonalLeftSonatz 1 AND TargetBearing= DiagonalBackLeft
THEN Move DiagonalLeft (REWARD = 1)
P2R7: IF LeftSonar= 1 AND DiagonalLeftSonat4 1 AND TargetBearing= Left
THEN Move DiagonalLeft (REWARD = 1)
P2R8: IF LeftSonaez 1 AND DiagonalLeftSonae= 1 AND TargetBearing= DiagonalLeft
THEN Move Left (REWARD = 1)
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Fig. 4. The average normalized steps taken by TD-FALCOM@&@Fig. 5. The average number of cognitive nodes created by TD-

with delayed feedback. FALCON trained with delayed feedback.



has clearly highlighted the merit of inserting positiveesl tion task towards the target destination in the minefield- sim
into TD-FALCON. With the negative rules inserted into TD-ulation platform. FALCON is known to be able to perform
FALCON, N-AV reveals a rather modest improvement inwell with zero knowledge. Witla priori knowledge, it is able
performance. Its performance stabilizes earlier than AV d@b perform even better. Thus, it is concluded that it is alvay
aroundl1800 iterations and its improvementis marginal and idetter to bootstrap FALCON with souradpriori knowledge
only observable in the initial learning trials. Its succest®s about the problem domain. In the experiments, FALCON
peak at88% after 2400 iterations.P1N-AV has a slightly has also been inserted with different types of knowledge. It
lackluster performance than that &fl P2-AV but it is still  is shown that positive knowledge is able to provide much
better thanP1-AV. Though the insertion of negative rulesgreater improvement to the performance of FALCON while
may be beneficial, its benefits is diminished in TD-FALCONnhegative knowledge is able to lift the performance of FAL-
that has been inserted with positive rules. CON slightly. It is also observed that the quality rathemtha
From the above observations, it can be concluded that TERe quantity of the inserted rules has a greater influence on
FALCON that is not initialized with any prior knowledge the performance of FALCON. Subsequent extension to this
is not able to achieve the same level of success over tefort may include further investigation on various leai
same learning trials as those that have been pre-loaded withradigms, the use of novel techniques for obtaining better
some form ofa priori knowledge. The merits of having pre- quality rules as well as to expand on the capability of
existing knowledge is immediately apparent from the comFALCON to handle more expressive rules.
parison among the success rates plots against the baseline.
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