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Abstract

Reinforcement learning (RL) has been very successful when it has
been used to solve control and gaming problems. No application to
language processing has come to light which has the same fame as the
previous problems. A method is to be presented by which a machine
when trained with RL can create synonyms that exist in a regular
language. The regular expression are generated by an operator gram-
mar. The machine produces sentences which are evaluted for numer-
ical equivalence with an input expression. Q-learning[1, 2] is used to
modify an agent’s policy which is represented by a lookup table. A
range of training parameters are found which give perfect performance
and training times are compared between two Q-learning algorithms.
A lookup table implementation is too limited in terms of using it to
handle larger, and more complex grammars. The use of neural net-
works is discussed including a report on early results using a smaller
operator grammar.
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1 Introduction

Synonyms are two or more words or expressions of the same language that
have the same (or nearly the same) meaning in some or all senses. Here
we only consider a synonym to be an expression that has exactly the same
meaning or outcome as another expression within the same language. For
example, in integer arithmetic, a synonym for “3 4+ 3” is “3 x 2”7 as the two
expressions result in the same outcome, i.e. 6.

A conversation can contain a number of utterances that communicate a
series of intentions[3]. If our intentions are communicated successfully then
an interlocutor (someone who takes part in dialogue or conversation) could
paraphrase what we had just said, i.e. form a synonym. This is an ability
that humans take for granted, but can a machine be trained to discover
synonyms that exist in a language?

Lookup tables and neural networks (NNs) have been successfully trained
with reinforcement learning (RL) to find solutions to control and gaming
problems. Route finding has been a popular task: a goal finding navigation
task was solved using a lookup table representation for a simple environment
with a barrier[4]. While navigating an agent to a goal in environments with
randomly placed obstacles such as those presented in [5, 6] where shown to
be solvable. Sensors detect range to an obstacle and angle and distance to
the goal. The agent’s policy was good enough to navigate through larger,
unseen environments. A RL approach was used to solve a robot reaching
task[7]. The neural controller uses schemas which are descriptions of “func-
tion decompositions of sensory and motor processes”. And the lowest level
schemas can be implemented as pieces of computer program or NNs. An-
other application of RL is learning to survive within a hostile environment|[8].
The environment consisted of food, enemies and obstacles. The agent has to
learn to avoid its enemies and obstacles as well as obtaining food. A move
of the agent will cost energy, and loss of all energy or capture will result in
the end of a trial. The problem of routing packets around a communication
networks has been successfully implemented using a modified Q-learning al-
gorithm called Q-routing[9, 10]. Lookup tables at each node in a network are
trained to minimise the time it takes to deliver a packet to its destination.
The choice of neighbouring node to send the packet to is based upon local
estimates of the time remaining to its destination. Q-routing outperforms a
shortest path router at high network loads in an irregular network containing
36 nodes. Under low load Q-routing, after a brief period of training, performs
as well the shortest path method.

Only two of the gaming applications will be discussed here: Backgammon
and Go. Tesauro’s TDGammon[11] learnt to play Backgammon not only
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to expert level, but also changed the way human players open the game.
TD(A)[12] was employed to find an evaluation of the board state. It is also
interesting that Backgammon is a non-deterministic game as there are dice
involved. In contrast Go is a deterministic, strategy game for two players. It
also has a large branching factor (approximately 200) that make tree search
approaches, that are for instance used in chess, infeasible[13]. Here a network
with less than 500 weights learnt Go board evaluations within 3000 games,
and was able to beat a commerical Go program at low playing level.

RL is capable producing complex and robust behaviour even with par-
tially observeable, non-deterministic, control and game environments. How-
ever, no application to language processing has come to light which has the
same fame as the examples above (see Sutton and Barto’s recent introductory
book|[14]).

The aim of this report is to propose and test a method whereby RL can
be used to solve a language processing task: finding synonyms in a regular
language. As no previous work exists for this type of task using RL a simple
lookup table implementation is used to test the feasability of the method,
and to highlight any possible problems that may occur in future work.

The remainder of the report takes the following form: section 2 introduces
the grammar used and the motivation for using RL to try and solve the task
in hand. Section 2 also contains a brief introduction to RL. The agent type
used in this report is described in section 3 and how the simulations were
conducted in section 4. The results from the simulations carried out are
presented and discussed in section 5 and in section 6 conclusions are drawn.
Finally, early results from work carried after this implementation are reported
in section 7.

2 Reinforcement Learning for Synonym Find-
ing

The grammar used to generate regular expressions for which synonyms must
be found is shown in figure 1. This is a simple operator grammar that

SST+T|T—T|TxT|T=+T
T—0|1]2|3]|4]5|6]|7|8]9

Figure 1: The grammar used to generate the regular language.

creates 400 strings such as “3 x 2”7 and “9 -+ 6”. As will be shown later the
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expressions need to be evaluated so ten are omitted to overcome divide-by-
zero errors which would occur on expressions like “5+07. Integer arithmetic
with no remainder is used to evaluate these expressions, e.g. “2+6 = (0”7 and
“Br2=1".

Given the regular language (defined in figure 1) we wish a machine to learn
synonyms for expressions that the grammar generates. If we use a supervised
learning method, such as backpropagation[15] or a variant as used by Allen
and Seidenberg[16] to allow a connectionist network to make grammaticality
judgements, then we would require both the input sentence and the synonym.
Sentences can have many synonyms, e.g. in the regular language used here
the sentence “3 x 2” could be written as “3+ 3”7, “12+2" or “120+10—6".
Supervised learning requires one input to be associated with one output, so
which synonym should be chosen? If some criteria was to be used to choose
a synonym, e.g. length of synonym must be under 5 symbols long, then this
set maybe large.

Reinforcement learning (RL) relieves us of the problem of having to choose
a training pair for supervised learning. RL trains an agent through trial-and-
error, i.e. in this instance experimenting with candidate expressions (expres-
sions which may or may not be synonyms). Once a candidate expression has
been chosen and compared with an input expression a scalar reward can be
used to adapt the agent’s behaviour. Its behaviour could then, over time,
produce candidate expressions that become closer to a synonym. A short in-
troduction to reinforcement learning follows. Readers who are familar with
reinforcement learning may proceed to section 3.

2.1 Reinforcement Learning

Reinforcement learning is a class of problems where a learning agent must
act in situations to maximise a scalar reward signal[14]. The learner is not
told which actions to take by an external expert, as in supervised learning.
Instead the learner has to find actions which give the largest the reward
by trial-and-error. The agent acts within an environment to complete some
goal: this must have some relation to a state within the environment. For
the agent to act within the environment it has to be able to perceive the
state and execute actions which change the state.

The agent is to learn to make decisions in environmental states. Anything
outside of the agent is the environment. The agent acts on the environment
over a period of discrete time steps, t = 0,1,2,3,... . At each time step
the agent senses the environment state, s; € S, where S is the set of all
environmental states. From this sensation an action, a; € A(s;), has to be
decided upon. Where A(s;) is the set all possible actions that the agent can
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perform in the current state, s;. Irrespective of the agent’s past history it
makes a transition to a new state, sy, 1, and receives, from the environment,
an immediate reward, ;1 € R. This interaction is shown in figure 2.1.

Environment
action, a ¢
< I
Agent
St+1 sate, s |
r 141 reward, r ¢

One-step
time delay

Figure 2: Reinforcement learning’s agent/environment interaction.

The next state, say y, is only dependant upon the current state, say =z,
and current action, a. Or, the state transistion probability is,

Pst,st+1(at) = PTOb{ Sty1 =Y | St =T, Gy = G }
= PTOb{SH»l =Y | S0, Aoy 51, A1, 52, A2, -, St = T, 01 = a}

and the expected value of the reward is,
R(st,ar) = E{ rep | s, a0 }

Any environment which posses these dynamics is a finite Markov decision
process (MDP), as the state and action spaces are finite[14].

With each tick the agent carries out a mapping from environmental state
to action. This is the agent’s policy, m;, i.e. a method of acting in the light of
a stimulus. The reward, 7,1, informs the agent how good the state transition
sy to s;41 was; it also defines the goal in the problem. Example: Consider a
gridworld with a barrier shown in Figure 2.1 (as presented in [4]).
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Figure 3: Gridworld: intersections are possible locations or states. A goal
state and barrier are shown.

In the gridworld an environmental state is any intersection of grid lines,
the goal state is shown as a black spot, and the C-shaped barrier as a thicker
black line. The learning agent can only move between states if there is a
connecting line. The permissable actions are north (N), east (E), south (S)
and west (W), i.e. A(s) = {N, E,S,W}. The agent has to find its way to the
goal state, Sgoq. The reward for moving to the goal state is R(sz04,a) = 0,
and for moving into any other state R(xz,a) = —1. Trying to move through
the barrier will result in an immediate reward of —1 and no change of state.
The goal state has more of a reward than any other state transistion defining
this as a goal state.

For the agent to be able to find an acceptable goal finding policy it must
estimate a value function.

2.2 Value Functions

A value function is a prediction of how good it is to be in a particular state,
i.e. how good it is to take an action from a state. The goodness of a state
while following policy 7 is V7 (s), and can defined in terms of expected future
discounted rewards, or

Ve = B X o s s =s | (1)

k=0
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whilst the goodness of taking an action in a state following the policy 7 is,

Q" (s,a) = En{ i ’Yk Tirkil | St =S, = a } (2)

k=0

where 7 is the discount rate (0 < < 1). This weights rewards seen sooner in
time more than ones seen further ahead. It controls the influence of the long-
term consequences of actions in a problem and effects the rate of learning.
If v = 0 we have a myopic agent which only sees the immediate reward.
Whereas, if ¥ = 1 then all rewards are weighted equally and in general is not
finite. However, for a finite horizon problem and v = 1 the value of V(s) or
Q)(s,a) is finite as all rewards after a certain time are zero.

In the gridworld example from a starting state x, after n time steps, and
using a stationary policy m, then V™(z) = —1 — v — % — -« — "L If
v = 1 then the value of a given state becomes the negative number of time
steps that the agent will take to get to sgea, the goal state. And asy — 0
then V7(z) — —1 as the later terms in the series become more and more
negligable. A typical value function for this problem is shown in Figure 4.
Note that V™ (sgu) = 0 (the lowest point of the surface in figure 4) for
any policy as the goal state is absorbing; meaning that the state transistion
probability P (a;) =1V aye A(s;). This transistion yields a reward of
7€ero.

goalsSgoal

2.3 Policy Improvement

It is the job of the agent to find a policy which will maximise the value
function. If we have a value function, V™, for some policy 7 in which state,
s, should we change the policy? A way to do this is to, in state s, choose an
action a and then follow the original policy, 7, from then on. This behaviour
has a value of

Q" (s,a) = Ex {11 + YV (5441) | st = s, ap = a} . (3)

If the action a is a better action than the one perscribed by 7 then
Q" (s,7'(s)) > V™(s). The new policy is then better than the previous one,
this is called policy improvement. The policy 7’ must be as good, or better
than 7, i.e.

VT (s) > V7(s) . (4)
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"gw-vaue.dat" —

Figure 4: Value Function for Gridworld. This shows the negative of the value
function for a stationary policy, which is the number of time steps needed
to arrive at the goal state. An intersection on the surface is an enviromental

state.



2 REINFORCEMENT LEARNING FOR SYNONYM FINDING 9

2.4 Q-learning

With Q-learning[l, 2] an action value is learnt, Q™ (s,a). If it is learned
correctly then the value function is,

V(s) = max Q(s,a) o)
at €
The predicted action value can be updated with,

Q(s;a1) = Q(s, ar) + n[re + 7V (se41) — Qs, ar)] (6)

So, substituting Equation 5 we arrive at,
Q(s,a;) = Q(s,a;) +n|ry + 7 ax Q(541,a1) — Q(s, ) (7)

or the one-step Q-learning update function[1, 2].

For a lookup table implementation Q-learning will converge with proba-
bility 1 if the number of trials, &, is infinite, learning rate 0 < 7 < 1, and
the stochastic approximation convergence conditions are met[2]. These are,

Sogp =00, Y.mp < o0 (8)
k=1 k=1

Equation (8) ensures that we actually change the Q-values so to overcome
the initial values, and that the learning rate will decrease sufficiently so that
the Q-values can converge respectively.

2.5 Experience Replay

Using only the one-step Q-update function, equation (7), a delayed reward[12,
1, 17] (see section 3 for how the delayed reward occurs in this application)
may never propagate back through an action sequence which lead to that
reward, and Q-function value updates may not allow this action sequence to
occur again. This leads to earlier actions never “seeing” the reward given to
the whole sequence. A longer convergence time can result as a consequence.
To alleviate this potential problem ezperience replay[8] (ER) can be used. To
implement ER one must store the experiences of the agent. An ezperience
is a quadruple (s;, a;, 1441, S441) of current state s;, action a; chosen in the
current state, reward 7,1, and next state s;, respectively. The experiences
of the agent can be presented again and again but can be used more effectively
if they are presented temporally backwards; this allows the delayed reward
to propagate back through the action sequence in one presentation. This
method is used here and can lead to faster convergence of a policy. The
Q-function values are updated with equation (7).
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3 The Agent

The agent is implemented as a lookup table whose input is a 5-
tuple (g, ni1, iz, Go, Mo1). Where ¢; € {+, —, X, =} is the input operator,
ni € {0,1,2,...,9} is the first number at the input, ns € {0,1,2,...,9}
is the second number in the input expression, ¢, € {+,—, X, +} is the
output operator chosen, and n, € {0,1,2,...,9} is the first number cho-
sen by the agent. A starting state in the environment is any input
where the inputs ¢, and n, are Not-an-Operator (NaO) and Not-a-
Number (NaN) respectively. The state arrived at when the second number,
nez € {0,1,2,...,9}, is chosen denotes the end of a trial and the next starting
state ({q;, ni1, ni2, NaO, NaN)), or input expression, is presented. Therefore
no need for a sixth input field, n,, second number output.

The agent adapts its policy using Q-learning which was described in sec-
tion 2.4. At each location in the lookup table ten Q-function values are stored
which represent different actions at different times. The first action to be
decided upon is which operator to use: only four Q-function values are used
to identify these operators and the remaining six are labeled as NaO. The
following two time steps are interpreted as numbers. The agent must learn
to output a valid operator then two numbers.

At each time step an action is chosen, on the following time step this
action is fedback to its respective element at the input. Following the state
trajectories ABCD and AEFG in figure 5 the feedback can be seen; e.g.
the output of state B, x, is fedback to the ¢, elment of the input. This
feedback is necessary to allow the agent to perceive a change of position in
its environment. The suitability of the synonym can only be evaluated when
the complete string has been output. Therefore, the performance measure
can only be given on completion of a candidate expression: this is a delayed
reward.

3.1 Exploration Strategy

A simple, and random exploration technique is used by the agent and is
called e-greedy[14]. This is an exploration technique that selects random
actions with a probability, €, otherwise an action is chosen which maximises
Q(s¢,a;) = maXgea(s,) Q(st,a), where A(sy) is the set of available actions
in the current state, s;. The amount of exploration is diminished during
training so the agent policy becomes increasingly deterministic.
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0,6,3+NAN

Figure 5: Agent’s possible internal state transistion diagram for two input
strings.

4 Experimental Details

A range of training parameters which would produce a perfectly performing
agent was to be found. The discount factor, v, was set to 1.0 as we were as-
sured that the sum of the discounted rewards would be finite. This leaves the
learning rate, 7, the initial amount of exploration, ¢y, and the rate of decay
in the exploration to be altered. Contour and surface plots were constructed
which show how the final performance was effected with n =0.0, 0.1, 0.2, 0.3,
0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0 and ¢, =0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,
0.9, 1.0. e was linearly decreased to zero over 1, 50, 250, and 750 of the 2000
epochs, or presentations of all 390 training inputs, available for training.

Agents were trained using the standard one-step Q-learning update, and
the standard one-step Q-learning update with experience replay. All agents’
Q-function values were initially set to the same random values in the range
[—1, 1]. This effectively enforces a little exploration to take place in the early
stages of learning as some actions will have greater Q-function values than
others.
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When a goal state has been reached a reward signal can be formulated,
any other state transistion yields a reward of 0. The reward for a lookup
table agent, 7candidate, 15,

—100.0 if NaO, or candidate expression has the form x + 0,

/r . pu— 3
candidate { _ |Alu| otherwise.

Where Ay, is,

Alu - (nil q; N2 ) - (nol 4o no2)

Where ¢; € {4, —, x, =} and is the input operator, n;;, ns € {0,1,2,...,9},
G € {+,—, X, +}, and ny1, 10 € {0,1,2,...,9}. As the agent becomes better
at producing numerically equal expressions 7444 — 0.

5 Results and Discussion

Contour and surface plots show how the three variable training parameters
effect the mean final reward (MFR) presented to the agent. The mean reward
awarded to the agent in the last epoch or,

: 27]1\[:1 T?andidate

Mean Final Reward (MFR) = ==
where 77 .. .. is the delayed reward for an action sequence (candidate ex-
pression) starting from the n'* starting state, and NN is the number of starting
states or possible input expressions, in this case 390. Therefore, a perfectly
performing agent will yield M FR = 1 . Figures 6 and 7 show performance
for agents trained with the standard Q-update and with experience replay
respectively.



5 RESULTS AND DISCUSSION

“ne.contour.dat”
o -

-0.005
-0.01
-0.015
-0.02
-0.025
-0.03
-0.035
-0.04
-0.045
-0.05

Learning Rate, Eta

(a) € decay: 1 epoch.

“ne.contour.dat”
o

-0.005
-0.01
-0.015
-0.02
-0.025
-0.03
-0.035
-0.04
-0.045
-0.05

Epsilon

Learning Rate, Eta

(c) € decay: 250 epochs.

13

“ne.contour.dat”
o

-0.005
-0.01
-0.015
-0.02
-0.025
-0.03
-0.035
-0.04
-0.045
-0.05

(b) € decay: 50 epochs.

“ne.contour.dat”
o

-0.02
-0.025
-0.03
-0.035
-0.04
-0.045
-0.05

(d) € decay: 750 epochs.

Figure 6: One-step Q-update.
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Figure 7: One-step Q-update with Experience Replay.
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The plots demonstrate that it is possible for an agent trained with Q-
learning to successfully produce synonyms which exist in the regular language
used. With a learning rate of zero the QQ-function values are never updated
and therefore the agent’s performance is as if no training had taken place.
A learning rate of 1 contravenes the range of n that will ensure convergence
and as a result the agent’s performance is worse after training than if the
Q-function values had been randomised. The most notable of the training pa-
rameters to effect the final performance is the rate of decrease in exploration.
A decay within 250 epochs constricts the range of the initial exploration prob-
ability, €g, the most (see figures 6(c) and 7(c)). Longer exploration time can
increase this range (see figures 6(d) and 7(d)), but the little exploration en-
forced on the agent due to the randomisation of Q-function values is all that
is needed.

Table 1 shows the number of epochs needed to give perfect performance
while taking greedy actions during training.

Learning Rate, n || Standard Q-Update | Standard Q-Update
with Experience
Replay
0.2 1458 1409
0.4 823 760
0.6 617 570
0.8 506 460
0.999 448 400

Table 1: Training times for agents taking greedy actions during training.

Using a large learning rate yields quicker convergence and using experi-
ence replay gives approximately a 10% decrease overall on training time from
the one-step Q-update without experience replay.

The lookup table implementation is very limited as it cannot exhibit any
generalisation, and becomes large when large input spaces or long action
sequences are required. The restricted action sequence length will only allow
the agent to produce three actions. Therefore any deleterious actions early
in the sequence cannot be remedied. For example, we may wish to find
a synonym for the input expression “5 4 5”. The agent in the first three
time steps outputs “7 x 2”. This action sequence could be corrected by the
addition of two further actions, namely “—4”. To be able to find synonyms
in more complex languages we require the very attributes which limit this
model. The larger number of tokens in a language can mean a larger number
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of inputs, and complex languages can produce longer sentences.

6 Conclusion

We presented a method whereby a lookup table can be trained to find syn-
onyms that exist in a regular language using Q-learning. This method was
tested on an operator language. Candidate expressions are formed by a ma-
chine alleviating the need to produce a training pair needed by supervised
learning. The reinforcement signal, or reward, is a measure of how similar
the outcomes of the input and the candidate expressions are.

There exists a range of training parameters which gives perfect perfor-
mance for all the exploration decay rates used. Executing greedy actions dur-
ing training produces the widest range of training parameters. Both training
algorithms show that littleor no user enforced exploration is needed to solve
this synonym finding task.

Faster training can be achieved using a large learning rate, but less than
1, and experience replay but is only marginly better than the one-step Q-
update without experience replay for this short action sequence.

Finally, the limitations of the model were disussed with a view to its
application to more complex languages.

7 Future Work

The limitations of the lookup table are to be overcome with the use of
feedfoward neural networks which can approximate a Q-function. Neu-
ral networks are able to generalise and as such an exhaustive presenta-
tion of all sentences in a language is unnecessary. Using a smaller gram-
mar than the one shown in figure 1 (regular expressions generated are
“(0111213) (] — | x |+)(0]1]2|3)"), work is in progress to emulate the promis-
ing results presented here using agents built from four neural networks. Each
agent has its own area of expertise as they are only exposed to expressions
with one operator. This is an attempt to isolate an agent from any conflicting
rewards which may accure from processing expressions with differing oper-
ators. Early results using the e-greedy exploration strategy and an on-line
connectionist Q-learning algorithm, modified connectionist Q-learning[6, 5]
(as known as SARSA(A)[14]), show a reclutance to solve this task frequently
and reliably. These results are suprising since the lookup table agents can
solve this task quickly and with little exploration for a larger grammar.
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