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Abstract

Neural networks (NNs) trained with reinforcement learning (RL) have the ability to produce complex,
and robust behaviour which may be beneficial to language processing tasks. A method is proposed using
RL to train NNs so that they might find synonyms that exist within a regular language. The learning
algorithm and exploration strategy produces agents which yield consistently sub-optimal policies for
expressions containing one operator, and unreliable performance over all expressions. This is surprising
since previous work with lookup tables produced synonyms using a larger set of expressions for a wide
range of learning rates and very little exploration[2].

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. In this paper 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 + 3” is “3 x 2” 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[1]. If our
intentions are communicated successfully then an interlocutor (someone who takes part in dialogue or con-
versation) could paraphrase what we had just said, i.e. form a synonym. This is an ability that humans take
for granted, but can a neural network (NN) be trained to produce synonyms that exist in a language?

The aim of the paper is to attempt to emulate the success of lookup table agents to produce synonyms
in previous work[2]. These agents were successfully trained with Q-learning[3] to produce synonyms for an
operator grammar. Perfect behaviour was attained within 2000 presentations of all training data with little
exploration. Agents here use neural networks to attempt to find synonyms for simple regular expressions
using a connectionist reinforcement learning algorithm based on Q-learning[3]. The language used is an
operator language which produces a smaller number of regular expressions, “(0|1]2|3)(+] —| x |+)(0[1]2]3)”,
than in the previous work[2]. This new grammar produces 64 sentences such as “0 — 17, “2 x 3” and
“3 +1”. However, these sentences need to be evaluated so only 60 are used to prevent divide-by-zero errors
with sentences like “2 + 0”. The expressions are evaluated using integer operations with no remainder, e.g.
3+2=1and 2+3=0.



2 Reinforcement Learning for Synonym Finding

A sentence can have many synonyms, e.g. “3 x 2” could be written as “3+4 3”7, “12+2” or “120+10—-6". If
we are to use a supervised learning method, such as back-propagation[4] or a variant as used by Allen and
Seidenberg[5] to allow a connectionist network to make grammaticality judgements, then we would require
both the input sentence and the synonym. Which synonym should be chosen? If some criteria is used, e.g.
choose shortest synonym, then this set of synonyms maybe large. Reinforcement learning (RL) can be used
to find the synonyms by choosing actions, or operators and numbers, to form a candidate sentence that can
be compared easily with the input sentence. The comparison can only be made after the candidate sentence
has been formed and hence a delayed reward is formulated. This reward for the whole action sequence,
or candidate sentence, is used to adapt the policy of a learner to produce candidate sentences which could
become, over time, closer to a synonym. Using RL, therefore, negates the need for picking by hand a synonym
for each sentence in the language and allows a learner to discover synonyms.

The algorithm used in this paper is modified connectionist Q-learning (MCQ-L)[6, 7] (also known as
Sarsa(A)[8]). MCQ-L has been shown to outperform other connectionist Q-learning algorithms in terms of
updates needed, trial lengths and successful agents in a 2D environment where a robot must find a goal while
avoiding obstacles[6, 7].

A NN can be used to approximate the Q-values, Q(s¢, at), that represent a discounted sum of all future
rewards which are to be expected while taking an action, a;, from the current state[8], s;, or

Qst,ar) = E{Ii’ykrwkﬂ} ; (1)

where v is the discount factor (0 < v < 1) and weights rewards seen sooner in time more than ones further
in the future, and 7.1 11 is the immediate reward given to an agent at time k.

The MCQ-L update rule[6, 7] for a NN, that approximates the Q-values defined in equation (1), with a
changeable weight vector, wy, is

Aw; =1

ri41 + YQ(St41,0141) — Q(st,at)} et , (2)

where 7 is the learning rate, r;41 is the immediate reward given to an agent for the state transition s; to the
next state, s¢41, due to a chosen action, a;. Each weight in the NN maintains an eligibility trace,

9Q (s,
o = 0B0a)
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that determines how eligible a weight is for change. The eligibility trace can be updated on-line as it is
defined in terms of its previous value and the partial derivative %‘:’;a’) that can be evaluated using back-
propagation[9]. It is able to distribute the delayed reward quicker through an action sequence and can speed
up training. Both the discount factor, v, and A (0 < A < 1) have effects upon training time.

The MCQ-L update rule, equation (2), is classed as an on-policy update as the Q-value at time ¢ + 1,
Q(St+1, at+1), is determined by the policy[8]. This gets rid of the problem of overestimating max, ¢ 4 Q(S¢+1,a)
in conventional Q-learning using a function approximator[10]. However, equation (2) will convert to the con-
ventional Q-learning update[3] rule once the agent exploits its policy in the later stages of training, i.e.

taking greedy actions: Q(Sty1,a:t+1) = max, ¢ 4 Q(St+1,a).

3 Agent Architecture

The synonym finding system contains four agents that are responsible for sentences containing one of the
possible input operators. The input space partitioning prevents any conflicting rewards reaching an agent
that can increase training times. The input to an agent is then just the numbers either side of the operator
in the sentence. Once the input has been received the agent must then form a candidate sentence using the
following actions: operators, Ayops = {+, —, X, +}, and integer numbers, A,. = {0,1,2,3}. The agents are



built from 3-layer feedforward NNs (i.e. 2-layers of weights) with tanh(-) activation functions whose layer
sizes are 12 — 12 — 1 from input to output.

An agent contains four NNs, one network for each possible action or Q-value, whose input is a four-tuple
(ni1,m42, @0, Mo1); Where n;1 and n;o are the first and second numbers respectively and are both [log, |Ape|] =
2 units wide. g, is the operator output from the agent and is |Aypps| + 1 = 5 units wide: one extra unit is
needed for a not-an-operator (NaO) code. n,; is the first number output and is [log,(|Ane + 1)] = 3 units
wide to allow the representation of a not-a-number (NaN) code. All input layer banks take M-in-N binary
codings, so 0190 = 002 and 119 = 012 and so on (the NaN code in the case is 419 = 1005), apart from g, which
takes an 1-in-N binary coding, e.g. the ‘x’ operator is coded as 001005, and the NaO code takes 00001-.

From each starting state, any input where the elements g, and n,; are NaO and NaN respectively, the
agent has three time-steps in which to form a candidate sentence. The output of the agent is interpreted
differently depending upon the current time-step. In the first time-step, ¢ = 0, an operator is output, and
the following two, t = 1 and t = 2, liberate numbers. As the outputs are formed they are fed back to the
appropriate banks of input units. This enables the agent to perceive a change of state in its environment.

An agent’s exploration strategy is called e-greedy[8] and chooses random actions with a given probability,
p, otherwise the agent chooses an action which maximises Q(s¢,ay).

4 Experimental Details

All 60 input sentences from the regular language are used to train the agents and therefore the test set is
the training set, i.e. no generalisation. It will be shown that this is a difficult task to solve and as such we
are interested in whether the agents can solve the problem and not their generalisation performance.

Once all the neural network’s weights are randomly initialised so they fall in the range [—1, 1] they are
trained with MCQ-L for 15000 epochs' with a learning rate, 7 = 0.1, and the initial exploration measure,
po = 0.4 , that is linearly decayed to 0 over 14000 epochs. The values of discount, 7, and A are altered and
take the values 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0 . This creates 121 simulations for each agent
within the synonym finding system that returns the performance measure used to assess an agent: mean
final reward (MFR). The MFR is the mean reward given in the final epoch of training, or

N n
Mean Final Reward (M FR) = W

where 7 1iiate 18 the delayed reward for a candidate sentence from the n'" starting state in an operator
partition, and N is the number of starting states or possible input sentences with a partition. A perfectly
performing agent yields M FR =1 . The ‘4+’, ‘=" and ‘X’ partitions contain 16 starting states, and the ‘+’
partition contains 12. These simulations produce agents where perfect performance is rare: only 14, 0, 15,
and 57 successful agents out of 121 agents trained within the +, —, x and + partitions respectively. Using
less exploration, as is favoured by the lookup table agents[2], yields lower performance than the simulations
which generate the results here.

Smaller ranges of discount, 7, and A were chosen? to investigate the reliability of these results. Three
different sets of initial weight configurations are used to initialise each agent. The agents are then trained
noting the MFR for each simulation.

The reward for a candidate sentence is,

1.0 if App =0,

Tcandidate = § —1.0 if candidate sentence is of the form z + 0,
—|Apn| otherwise.

th

Where
(nil qi M2 ) - (nol Go No2 )

16 ’
q; € {+7 ] X,%} is the inpllt Operator; N1, N2 € {07 1) 273}7 qo € Aoops; No1 € Ane; and the second OUtPUt
number 1, € Ape. Ay, falls in the range (—1,0] and as the agent produces better candidate sentences
Apn — 0. Any other rewards given to an agent are 0.

A'nn =

LOne epoch is one presentation of all 60 training data.
2This is due to the CPU time needed to generate results using the initial range of v and .



5 Results

The graphs in figures 1, 2, 3 and 4 show the median MFR for the three neural network initial configurations
trained for each operator partition. Errorbars, in these figures, show the highest and lowest MFR attained.
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Figure 1: ‘4’ Partition.

The agents, within their partitions, produce unreliable policies for the training parameters chosen with
this synonym finding task using a regular language. Their performance, however, forms a hierarchy over the
partitions: ‘+’, ‘+’ and ‘x’, and ‘—’ partition agents from best to worst performance. The ‘—’ partition
agents cannot find synonyms for all their input sentences which was also the case when the larger range of
v and A were used. This is due, in part, to the exploration strategy used: this partition contains sentences
whose synonyms are in a minority of the possible output sentences that can be produced by an agent.
The random choice of actions makes the finding of a synonym less likely compared to an agent within the
‘+’ partition. In the ‘=’ partition 50% of all input sentences equate to 0 and 28% of all possible output
sentences also equate to 0. The agents in the ‘4’ and ‘X’ partitions process input sentences whose frequency
of synonyms lie in between those of the ‘=’ and ‘+’ partitions and fits very well with the hierarchy of agent
performance.

6 Conclusion

In this paper we have presented a method for learning synonyms for regular expressions using modified
connectionist Q-learning (MCQ-L). This was tested on a small arithmetic grammar. In some cases synonyms
were found for all input sentences but performance in general is unpredictable which is possibly due to the
exploration strategy.
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Figure 2: ‘-’ Partition.
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Figure 4: ‘+’ Partition.




