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Abstract This paper presents work on using hierarchical long term amgrto
reduce the memory requirements of nearest sequence meh®h)(learning, a
previously published, instance-based reinforcemenniegralgorithm. A hierar-
chical memory representation reduces the memory requiresnhbg allowing traces
to share common sub-sequences. We present moderated nsethéor estimat-
ing discounted future rewards and for dealing with hiddextestising hierarchical
memory. We also present an experimental analysis of howuixessquence length
affects the memory compression achieved and show that theeed memory re-
quirements do not effect the speed of learning. Finally, nedyse and discuss the
persistence of the sub-sequences independent of speadfiitrstances.

1 Introduction and Motivation

This paper presents a novel long term memory (LTM) structbeg reduces the
memory requirements of nearest sequence memory (NSM)hgaldSM is a sim-
ple instance-based reinforcement learning (RL) algorithriginally presented by
McCallum [14]. While instance-based algorithms learn faste of their disad-
vantages is their relatively large memory requirement® ifemory structure we
present reduces the NSM memory requirements by allowingy #oes [20] stored
in LTM to share common sub-sequences.

Our aim with this work is to develop efficient RL algorithmsatican scale up
to complex learning problems such as robot control. We belikis can only hap-
pen when a number of properties have been brought togetlaesingle algorithm.
In terms of capability such an algorithm must be able to esniuture rewards
accurately in the presence of hidden states. In terms ofcaggamust, like the
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human cortex, use bothierarchy andauto-associativity for efficient encoding [5].
In terms of structure and development they should, agagntlie human cortex, be
modular andconstructivist [17]. In terms of efficiency, they should, like humans and
animals, be able to done-shot learning, i.e., learning from from one or very few
instances. For efficiency purposes, the algorithm showsld ¢ parallelisable. The
work presented in this paper is a first step toward bringiegéhproperties together
in that it explores the principles of hidden state identtfmaand discounted future
reward estimation in a hierarchical, one-shot learningtigm with the view to
accommodating auto-associativity, modularity and camsivism in the future.

Section 2 of this paper places the work in the wider RL cont&ection 3
presents the new hierarchical memory structure in detilgalith the correspond-
ing mechanisms for discounted future reward estimationhadden state identifi-
cation. Section 4 presents an experimental analysis of hewength of the sub-
sequences affects the degree of re-use achieved as welhasuiaiive experimental
evidence indicating that the speed of the underlying NSivhieg algorithm is not
affected by the hierarchical memory representation. 8edipresents an experi-
mental analysis of the persistence of the shared sub-seegiefinally, Section 6
concludes and indicates how we aim to extend this work inuheé.

2 Related Work

Learning task hierarchies was identified by Dietterich [8pa important challenge
in RL and this was re-emphasised by Barto and Mahadevan [altiNe frame-
works for hierarchical RL have already been published, thstrmfluential being
the options formalism introduced by Suttoet al. [21]. Barto and Mahadevan [1]
have presented a review of these and related frameworkg.dk Weork has already
been done on developing algorithms for hierarchical RL&lnddmatically construct
the abstractions used for the hierarchical representatigney [4] has presented
the Nested Q-learning algorithm for this problem. Nested Q-learning uses envi-
ronmentalfeatures, distinct recognisable sensory conditions to partitioobpgm
spaces. McGovern [15] has presented multiple algorithmadtomated discovery
of sub-goals based on bottle-necks defined by observation density iresstu tra-
jectories andction sequences based on frequency in successful trajectories. Hengst
[6] has presented thlEXQ algorithm which uses the frequency of change in the
state variables to define levels in the hierarchy. Sun angi@es[19] have shown
that, based on reward only, it is possible to construct dyoaliy and without prior
knowledge of the problem domain, a hierarchy of individuggists who divide any
given problem space in to beneficial sub problems and leasoliee these more
efficiently than flat solutions. Common to these algorithsshieir reliance on a
statistical analysis of the input, something that requiréarge number of trials in
order to identify exploitable properties of the data. Aststiese algorithms are not
one-shot.
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Moore and Atkeson [16] have demonstrated that instanceebB& algorithms
can improve on the speed of traditional algorithms suchrapteal difference (TD)
learning [20]. Other work in this direction deals with orteeslearning in terms of
memory-based learning, e.g., locally weighted regredsiombot juggling [18] and
nonlinear oscillators for learning tennis strokes thropgbgramming by demon-
stration [8]. While these algorithms are one-shot, they atehrerarchical, and as
such are unlikely to scale up to more general, less consttginroblems.

Finally, at least two algorithms have integrated hierarghiepresentations with
one-shot learning. McCallum [13] encoded trace instanmaichically in the Utile
Suffix Memory and U-Tree algorithms. These algorithms penfa much more ef-
ficient compression of memory than our algorithm in that ik atistinguishes be-
tween states when there is a significant effect on the expeeteard. However,
there is no obvious way of implementing these algorithm gisinto-associative
structures and as such, these algorithms have little patdat further compres-
sion. Hernandez-Gardiol and Mahadevan [7] showed thattukical instance-
based frameworks can improve the speed of learning beyoatlis/burrently being
achieved with flat representations. Hernandez-GardioMaldadevan’s work how-
ever, looked in particular at representing problems aetkffit levels of granularity
in pre-structured hierarchies. As a result, the algoritlnesnot as generally appli-
cable as those that automatically construct hierarchégakisentations.

Our work approaches the problem of task hierarchies fromatigde of reuse
for compression and uses syntactically defined hierargiriesarily to reduce the
memory requirements of NSM. The reduction in memory requo@et is achieved
by constructing, dynamically and without prior domain knegge, a LTM where
finite sequences of transitions are shared between traedsicBd memory require-
ments is an important factor in scaling up RL algorithms tadia increasingly
complex problems. In Section 6 we discuss how this work isfitlsé step in our
work on developing RL algorithms that are both construstigind auto-associative.

3 NSM with Hierarchical Traces

Kaelblinget al. [9] have presented an RL formalism for problems with hidderes
i.e., partially observable Markov decision problems (PORA&R Basic Markov deci-
sion problems (MDPs) are described as a four-tuple’, o7, .7, % > where. is

a finite set of states of the worldy is a finite set of actions7 is the state transition
function andZ is the reward function. To describe POMDPs Kaelbknhgl. extend
the MDP framework to a six-tuple .&,¢7,7 %,Q,0 > whereQ is a finite set of
observations an agent can make of its world anid the state observation function
giving the probability of making a particular observatiomemn a specific state and
action. An OAROtransition is a quadruple< 0,a,r,0’ > whereo is a starting ob-
servationa is an actiony is the reward received ard is the observation made in
states' resulting from taking actiora in the initial states.
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The original NSM learning algorithm was developed by McGall[14] to be
the simplest conceivable instance based RL algorithm. N&hing is based on
the k-nearest neighbours principle. It keeps track ofrtHatest observed OARO
transitions in STM. In LTM it keeps then most recently observed traces, whare
andm are both fixed numbers. From the traces, NSM identifiektB&ARO tran-
sitions that match most closely the last transitions stane8TM. The proximity
measure used by NSM is the number of immediately precedamgitions in LTM
that exactly match the immediately preceding transitionSTM. To select an ac-
tion, NSM calculates the average discounted future rewaFdR] for each possible
action over thd nearest neighbours. The NSM algorithm, in spite of being san-
ple, has been shown to compare favourably with other RL #lguos for problems
with hidden state.

3.1 Hierarchical Traces

Figure 1 presents two different paths to a goal location imid\gorld originally
presented by Suttoet al. [21].

Fig. 1 Two different but overlapping paths to a goal location inghiel-world originally presented
by Suttonet al. [21].

The values of the OARO transitions corresponding to theesac Figure 1 are
given in Table 1. Each row in Table 1 presents the values oémsition record
as well as the corresponding DFR. We denote individual easiens using the
decimal representation of a four bits number where eacmditates whether it's
possible or not to enter the grid location to the north, esmith and west of the
agent, respectively, starting from the least significahtdog., a south-west corner
with walls to the south and west would be represented bu tredrbig 1100 and the
decimal value 12. The available actions are movements isahe four directions,
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iin the same order, represented as integers between 0 aggeXtizely. The reward
function used yields a value ef1.0 when an agent attempts to move into a location
which is occupied, a value 6f0.1 when moving to an adjacent unoccupied location
and a value of ® when reaching the goal state. The DFR is calculated using a
discount factory, of 0.9.

Trace O Trace 1

Recordo|a| r |o’'|DFR||Recordojal r [o'|DFR

0 [0[0|-0.1/0|0.88|f 12 |0|0|-0.1/0(1.87

1 |0/2(-0.1/0(1.09| 13 |0}2|-0.1/0(2.19

2 10|2]-0.1/0(1.32| 14 |0{2|-0.1/0|2.54

3 [0/1]-0.1{0|1.58|f 15 |0(1|-0.1/0(2.95

4 |0({1]-0.1/0(1.87|| 8 |0|1/-0.1/5|3.37

5 |0(2]-0.1/4|2.19|| 9 |5|1]-0.1/0|3.86

6 |4/1]-0.1/6|2.54|| 10 |0|1]|-0.1/0]| 4.4

7 |6/0[-0.1/0(2.95|| 11 |[0|0|5.0/0]| 5.0

8 ]0[{1]-0.1/5]|3.37

9 |5/1]-0.1/0(3.86

10 |0/1]-0.1{0]| 4.4

11 |0/0|5.0({0]| 5.0

Table 1 The transition records of the two traces presented in Figuiecliyding the discounted
future rewards.

Each level of our hierarchical trace representation castaiset of fixed length
sequences. The number of levels is only restricted by tleeo§i@ TM. On the lowest
level of the hierarchy, the elements in the sequences aeerefes to single OARO
transition records. On all the levels above, the sequeremesits are references
to sequences on the level below. For sequencersizesequence on level O will
contain references totransition records while a sequence on levalill contain
references to™*?! transition records. The hierarchical trace representatiakes it
possible for two traces with common sub-sequences to shangle record of that
sub-sequence. Individual OARO transition records arestiaoed by multiple traces
and common sub-sequences within a single trace can alse alsargle record.

The hierarchical trace representations are constructezheuer a goal loca-
tion is reached. The hierarchical NSM algorithm (HNSM) tlstmuctures the trace
recorded in STM into a hierarchy. Each of the sequences snhileirarchy is then
compared to the sequences recorded in LTM and, if two segsere identical, any
references to the new copy in STM is replaced by referenceeetexisting copy in
LTM. Any new transition records or sequences are added afbeopriate level.
Remaining transition records not included in the fixed sexguences are recorded
in shorter sequences. When removing a trace from LTM, the ool transition
records and sequences are only removed if they are not metddoy other traces.
The hierarchical representation of the traces represgtitetwo paths in Figure 1
are presented graphically in Figure 2. The boxed numbereeéegences to the se-
guences or transition records on the level below. On leve¢Q teference the OARO
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transition records presented in Table 1. Note that botleratake use of sequence
2 on level 0. This is reflected in Table 1 by both traces havirgdame four last
records.

Level 1:
0:| 0 1 2 1| 3 2

Level 0: D:‘0‘1‘2‘3‘ 1:‘4‘5‘6‘7‘ 2:‘8‘9‘10‘11‘ 3:‘12‘13‘14‘ 15‘

Fig. 2 A graphical representation of the traces representing thepatlos presented in Figure 1
with sequence 2 on level 0 being shared by both traces.

3.2 Estimating Discounted Rewards

Calculating the DFR for each transition in a given traceiisat with a linear rep-
resentation. Here we present a mechanism for calculating Zd#ues using our
hierarchical trace representation. In the hierarchigadegentation, a#lements of a
trace, i.e., both individual transition records and traosisequences, can be reused.
It follows that each element can have multiple DFR value®ctfig the different
contexts in which they occur. We define lacal context as a unique occurrence of
an element in a superseding sequence. Note that an elemewtcar in multi-
ple places in the same superseding sequence and also iredifiiperseding se-
quences. Local contexts are indicated graphically by tieslconnecting sequences
and records across layers Figure 2. We defiggobal context as a unique occur-
rence of an element within a given trace.

Recording discounted rewards in the transition recordswhdeat two transition
sequences are considered different if they occur at diffetfistances from the final
reward. This reduces the amount of calculation requiredeatost of a lower level
of memory reuse. We further reduced the memory requirenadnasir algorithm
by recalculating the discounted rewards every time anmadsichosen. We call this
procedurediscounting rewards dynamically (DRD). As DRD reliably reproduces
the discounted rewards for all transitions in all the traiodsTM, we don't need to
record rewards in the transition records. A given elementrzav be reused at any
point in any trace.

An element that is used in multiple contexts correspongihgls multiple DFR
values. Thdocal DFR of a transition record or a sequence is the discounted sum of
rewards recorded by that element. We denote the local DFReafiory elemenk
in local contextc, d(x,c). The global DFR of a memory elements is the discounted
sum of all the rewards recorded by preceding transitionrdscim the given trace.
In order to calculate the global DFR values of an elementgtbbal DFRs of its
superseding elements must be discounted over the numbmmneftion records re-
ferred to by the elements precedirgn the given local context. We denote this
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distancef (x,c). The discounted local DFRs for the preceding elements rhasttie
added to the discounted global DFR of the superseding elerarecursive DFR
definition is formalised in Equation 1. We uB¢x) to denote the set of global DFRs
of an element and’ to denote a single global DFR for a superseding element. An
element’s set of local contexts is deno@c). An element with no contexts has no
superceding elements and thus, representent a complete tra

P {{d(x, ¢)+y'*9d | ceC(x), d' €D(c)} otherwise @

Konidaris and Hayes [11] have provided evidence that DR mext be com-
putationally crippling. They have presented a mechanidhedasynchronous RL
within a greater behaviour-based RL framework. AsynchusnRL is a Q-learning
mechanism that dodall backups after each observed transition. A full backup im-
proves a policy by iteratively refining it using estimatedues to replace obser-
vations. This potentially requires revising the completégy many times. Unlike
asynchronous RL, DRD reproduces the same discounted reaahch step and
does not incrementally refine its estimates. What is impbahout Konidaris and
Hayes’ work in this context is their defence of the compuotaily expensive proce-
dures of full backups on the basis that ”...the time it takei$imted agent to move in
the real world is very much longer than required to perfornupdate...” This argu-
ment also applies to DRD and Kondaris and Hayes’ experirhewidence supports
the feasibility of such approaches in general.

3.3 Hidden State Identification

In the same way that we developed a new mechanism for calmRER values for
hierarchically represented traces, we have developedraspmnding mechanism
for calculating the proximity values used to identify tkeearest neighbours for
handling hidden states. Pocal proximity is the number of matches between the
transition records in STM and the transitions referred tahgypreceding elements
in a local context in LTM. Aglobal proximity is the number of matches between
STM and the transitions referred to by a global LTM contexawéver, only when
STM matches all the preceding elements of a local contektnscessary to check
for further matches in higher level contexts. If there anghfer matches, the local
proximity must be added to all of these to find the global pruties. A recursive
definition of global proximity is formalised in Equation 2h& local proximity of
an element given a contegtis denotedp(x, c) and the set of global proximities of
an elemen®P(x). We also usé>(c) to denote the global proximity of a context,
We usep’ to denote the global proximity for a superseding elementeNoat the
global proximities are only added when STM matches the looatext completely.
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{0} if C(x) =0
P(x) = < {p(x,c) | c€ C(x)} if c matches STM incompletely  (2)
{p(x,c)+p | ceC(x), P eP(c)} ifcmatches STM completely

We have used this definition of proximity to implement a fumctwhich calcu-
lates all possible proximities for each transition recénehm these global proximi-
ties we choose thiehighest and execute the action with the highest average DFR.

4 Re-use and Sub-Sequence Length

Our algorithm currently uses fixed-length sub-sequences,is syntactically de-
fines the hierarchical structure of the LTM. However, therdniehical hidden state
identification and DRD mechanisms also support variablgtleisub-sequences.
This makes it possible to vary the sub-sequence length imizgt memory com-
pression or to consider semantic rather than syntactier@itfor sub-sequence
lengths, e.g., the amount of re-use can be used to allow lgg@ferenced sub-
sequences to grow longer, or the strength of reward sigmabeausded to allow
sub-sequences with high DFR values to be longer than sukesegs with low DFR
values. Such mechanisms provide a rich area for exploriigogtimising mem-
ory usage. We discuss these opportunities further in Seéti¢-or fixed size sub-
sequences, the optimal sub-trace size is not obvious aikeig o be problem spe-
cific. However, a sub-trace size of 1 would not provide anypsdor compression,
so the smallest possible sub-trace size is 2. Increasingubdrace size reduces
the chance of matching sub-sequences. A sub-sequencaugjee than the size of
STM would mean that only complete traces would be shared.ade analysed the
memory requirements by counting the number of values amdaetes stored when
using sub-sequences of size 2, 4 and 8 on two different prabescribed below.
We have also analysed the memory usage for the original Ngbtighm.

For simplicity we use an abstract memory cost of 1 for obsems, actions,
resulting observations, rewards and DFR values as one gaddference from a
sequence to a sub-element or super-sequence also has & toBach transition
record in the original NSM algorithm thus has a memory rezgmignt of 5 and a
trace containingn transition records has a memory requirement of Gur algo-
rithm dynamically discounts the rewards, thus the memoaguirements of each
transition record is 4 as we do not store the DFR value. Howéavaddition to the
transition records, our algorithm needs two-way refererimetween elements on
different levels in the hierarchy in order to support hiehdcal hidden state identi-
fication and DRD. While each transition records has a memayyirement of 4,
there is also the overhead of hierarchical references. Apteten hierarchical trace
without reuse contains(@logn) references and has a total memory requirement of
4n+2(nlogn). The actual number of transition records and references lygeur
algorithm will be smaller than this as different traces whiare sub-sequences. We
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ran our algorithm in two different abstract mazesgdd worlds * , taken from the
RL literature. The first grid-world was originally publisthdy Sutton [21] and is
presented graphically in Figure 1. The second was originalblished by by Mc-
Callum [14] and is presented graphically in Figure 3.

| o |
HEBN

Fig. 3 The simplest of the two grid worlds used for the experiments, aaltyipresented by Mc-
Callum [14].

All the experiments used the reward function and discourtbfagiven in Sec-
tion 3.1. The number of nearest neighbolitsyas set to 7, and the exploration rate
was fixed at QL. The size of the STM, i.e., the maximum trace length, wasmD a
the size of the LTM, i.e., the maximum number of traces stonexs also 40. Each
experiment consisted of 40 trials and each trial consiste200 runs. The aver-
age memory usage for McCallum’s world is presented grapipicaFigure 4. The
usage for Sutton’s world is presented in Figure 5. The diffewersions of our algo-
rithm, using DRD and hierarchical traces is labeld NSVIn, wheren denotes the
sub-sequence length. The average memory usage for theai¢sM algorithm is
also given. The x-axis gives the number of runs the algosthawve gone through
while the y-axis gives the average memory usage.

The results presented in Figures 4 and 5 show that in bothvwgpittls, the low-
est memory requirements are achieved when using a subsizz®f 4. We also
performed experiments using sub-trace sizes of 3, 5, 6 an@ulé-sequences of
3 and 5 produce a memory usage that is not significantly eéiffieirom those pro-
duced by sub-sequences of size 4. Sub-sequences of sizel6 dile 8, produce
a memory usage that is significantly higher. For the expearimen learning speed
and sub-sequence persistence below, we only consideresuigisces of size 4.

4.1 Speed of Learning

The original NSM algorithm and our algorithm are effectivéhe same algorithm
with different memory requirements. As a point of interegten debugging our al-
gorithm, we ran the two in parallel and compared the proxésjtDFRs and actions
selected in order to ensure that they were exactly the sama.r8sult, the perfor-

1 All our experiments were conducted using the Rumpus open sostareg-alone grid world
server which supports easy development of new RL problems usingesragd XML as well
as multi-language support through TCP sockets. The Rumpus sdovey with all its imple-

mentations of RL problems and algorithms are available undeiGNU general licence from
http://rumpus.rubyforge.org.
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Fig. 4 The memory usage of our DHNSM algorithm using different sub-sezpitangths in Mc-
Callum’s grid world.
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Fig. 5 The memory usage of our DHNSM algorithm using different sub-secpitamgths in Sut-
ton’s world

mance is in time should be indistinguishable. In Figure 6 wasent graphically
the performance in time from the experiments in McCallunnig-gvorld described
above. In Figure 7 we present the same data for Sutton’s wAgdedin the x-axis
gives the number of runs the algorithms have gone througlewing y-axis gives
the average number of steps needed to reach the goal.
The data presented in Figures 7 and 6 indicate that theresgndicant differ-

ence in terms of the speed of learning, between the origigafiidigorithm and our
algorithm independent of sub-sequence length.



Hierarchical Traces for Reduced NSM Memory Requirements
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Fig. 6 The average number of steps needed to complete each run for tNSRH and NSM
algorithms in McCallum’s world
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Fig. 7 The average number of steps needed to complete each run for tNSH and NSM
algorithms in Sutton’s world

5 Memory Persistence

As hierarchical traces are made up of shareable sub-sesgjehere is a potential
for sub-sequences to out-live the traces that originalhatad them. Sub-sequences
that persist beyond the lifetime of any individual traceatid® commonly reccur-
ring agent-world interaction sequences. Sub-sequene¢pdnsist throughout the
learning process describe interactions that are both comand beneficial in that
they are part of the successful traces that are repeatedfraqtently as the agents
learns. In Figure 8 we present the maximum, average and mimiage of the sub-
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sequences from McCallum’s world. Figure 9 presents the s#atefrom Sutton’s
world.

200

T T T

Avg sub-trace age

Oldest sub-trace age ------ gl
Youngest sub-trace age

150 4

L L L L L L L L L
0 20 40 60 80 100 120 140 160 180 200

Fig. 8 The maximum, average and minimum age of the sub-sequences in LTREf@HNSM 4
algorithm in McCallum’s world

200

T T .
Avg sub-trace age
Oldest sub-trace age -------
Youngest sub-trace age --------

150 1

0 20 40 60 80 100 120 140 160 180 200

Fig. 9 The maximum, average and minimum age of the sub-sequences in LTREf@HNSM 4
algorithm in Sutton’s world

Figures 9 and 8 both show the presence of a persistent cotdbefesjuences.
If sub-sequences did not outlive their creators, the awesafp-trace length would
be 20. For both worlds, the average grows to over 25 with thémmam age grow-
ing to over 100. These persistent elements describe the-ageld interaction by
representing its most common transition sequences. Asthask elements form a
bridge between instance-based and model-based learigiogthims. The presence
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of persistent elements of sub-sequences is also a pronsgjndor our future de-
velopment of this algorithm in a more obviously model-badiedction as described
in Section 6.

6 Conclusionsand Future Work

The results presented in this paper show that is is possihleé hierarchical traces
for instance-based RL and that such traces can reduce themeaquirements of
instance-based RL algorithms. While variable sub-sequsizes are an interesting
direction in which to take this research, another directibenquiry provides a more
compelling memory compression mechanism. We plan to impigrsub-sequences
as self-organising maps (SOMs) [10] and by doing this, weehtopachieve three
things. First, we hope to provide further memory comprasbiprepresenting sim-
ilar traces through their principal components. Secondhae to provide RL al-
gorithms that are at once, sequential, hierarchical ano-asgociative. Third, by
implementing DFR and hidden state identification in termaabfvation spreading
[12] in a hierarchical SOM, we aim to produce RL algorithnjattare massively
parallelisable on a low, non-von Neumann architectureb asdield programmable
gate arrays. Chang al. have already demonstrated such paralellisation of tradi-
tional SOMs [2].

Such algorithms will have increased scalability in spaagtane. The work pre-
sented here gives us a formal yard-stick for evaluating #réopmance of such a
mechanism.
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