
A New Heuristic Global Algorithmfor Automatic Speech RecognitionUsing Recurrent Neural NetworksM. Bianchini?, S. Fanelli??, M. Gori?, M. Maggini?, and M. Protasi??? Dipartimento di Sistemi e Informatica, Universit�a di Firenze?? Dipartimento di Matematica, Universit�a di Roma \Tor Vergata"1 IntroductionRecurrent Neural Networks (RNN) are an e�cient tool for the solution of prob-lems of Automatic Speech Recognition. In [1] was described a new approachfor Isolated Word Recognition (IWR) problems founded on the application ofthe Reduced Gradient (RG) algorithm in a RNN using locally recurrent con-nections [2]. The preliminary investigation performed in [1] showed that RG isa highly convenient local optimisation algorithm in comparison with classicalBack Propagation Through Time (BPTT) methods [3]. The implementation ofRG guarantees the convergence to a Kuhn-Tucker (KT) point which, however,is in general neither the global minimumnor a satisfactory suboptimal solutionof the problem.Since a KT point is an attractor for any local optimisation algorithm, it isnecessary to implement periodically a procedure to jump out of the neighbour-hood of the undesirable solutions. In this paper we have experimented a newheuristic method based on a combined use of RG and a deterministic global al-gorithm for unconstrained optimisation, acronymed TRUST, recently proposedin [4, 5].The �rst numerical experiences of this method, named here RGTRUST1, haveevidenced promising performances. As a matter of fact, RGTRUST1 is ableboth to improve the computational e�ciency obtained by a standard BPTT al-gorithm, and to discover new better solutions, associated to di�erent KT points.More precisely, RGTRUST1 overcomes the typical disadvantages of the localoptimisation procedures, which are easily trapped into the basin of attractionof the nearest KT point, computed by the algorithm.2 Reduced Gradient Algorithm for IWRProblemsIn [6] was presented a new model for IWR by using a RNN with a K{L (a prioriKnowledge and Learning) architecture. This approach is based upon an explicitknowledge of the IW by a a Finite State Automaton (FSA); consequently, thelearning algorithm is performed with a direct translation of the FSA into the1



neural connections.Since it can be proved (see e.g. [6] and [1], sect. II) that the automaton rules arerealised in terms of linear inequalities on the weights, the learning process canbe modelised as a Non-Linear Programming Problem with Linear Constraints(NLPLC).Let N be the set of neurons of the RNN. Moreover, let U denote the setof external network inputs and let V denote the set of output neurons. Theactivation functions ai(t) and the corresponding output values xi(t) are de�nedfor each neuron i 2 N as follows:ai(t) = Xj2N wijxj(t� 1) +Xk2U wikuk(t);xi(t) = f [ai(t)] = tanh�ai(t)2 �where, 8 i; j 2 N; 8 k 2 U , wij indicates the weight on the connection (j; i) anduk(t) is the k-th external input.The weights' optimisation is performed by solving the following problem (see [1]for more details):� minEx̂bi;r(t)Ii;r(t)� �i;rI�i > 0; i = 1; : : : ; n; r 2 < (1)where, 8 i = 1; : : : ; n; 8 r 2 <E = 12 Xp2P Xi2V [di;p � xi(t)]2;Ii;r(t) = Xj2N wij(1� �i;j)xbj;r(t) +Xj2Uwijubj;r(t);I�i = pwii(wii � 2) + log�wii � 1�pwii(wii � 2)� ;x̂bi;r(t) = sign [x̂i;r(t)];x̂i;r(t) = the next state after xi;r(t);�i;r = � +1 if a boolean state switching is required�1 otherwisebeing P the set of patterns, di;p the desired target of output unit i for thepattern p, and R the set of rules associated to the FSA.By substituting to each variable wij the pairing (yij; zij) such that:wij = yij � zij;yij � 0;zij � 0; (2)the minimisation problem (1) becomes a NLPLC.Classical procedures to solve NLPLC in the convex case are the Reduced Gra-dient (RG) method, due to Wolfe, and the Projected Gradient algorithm, dueto Rosen [7]. RG is highly recommended for its major e�ciency from an oper-ational point of view.



In this work, we have experimented an extension to the non-convex case of theoriginal RG-algorithm, which is particularly suited for the IWR problem. Theclassical RG method is implemented to solve the problem8<: minF (x)Ax = bx � 0 : (3)The fundamental idea of the RG algorithm is based on the search of a pair(x�; ��), named KT point, that satis�es the following conditions:8>><>>: rF (x�) + A0�� � 0(rF (x�) + A0��; x�) = 0Ax� = bx� � 0 : (4)If F is convex, a point x� satisfying (4) is an optimal solution of (3). If F is notconvex, as in the case of the error function E, x� is in general only a suboptimalsolution. In the latter case, it is not known in the literature whether the KTpoint x� is a constrained local minimumor not (see [1] for a detailed descriptionof the RG algorithm).In order to obtain an e�ective implementation of the RG algorithm, the choiceof a good starting solution x(0) is a crucial point. For this purpose in [8] wassuggested an e�cient procedure to determine a feasible solution of (1), namedK-algorithm (see [8], sect. III).Let M and t denote respectively the matrix and the vector such that the linearconstraints of problem (1) can be written in the form Mw � t. By using (2)and suitable slack variables vij the optimisation problem can be written in thefollowing form: 8>><>>: min E(y; z; v)M̂ � 24 yzv 35 = t (5)where M̂ = [M;�M; I]. By applying the RG algorithm we are able to �nd aKT point for problem (5).Three di�erent situations may occur:� The KT point is either the optimal solution of the problem (5) or aconstrained local minimumaccomplishing a satisfactory value of the errorfunction.� The KT point is a constrained local minimum but the correspondingsolution is unsuitable from an operational point of view.� The KT point is not a constrained local minimum (f.i. a saddle point).In the former case we do not need further investigations, while in the latterones it is necessary to escape from the neighbourhood of the KT point beforecontinuing the optimisation process. For such purpose, in this work we haveimplemented a procedure directly derived by the theory of terminal repellers.



3 Terminal Repellers for ConstrainedOptimisation ProblemsA new deterministic algorithm for unconstrained global optimisation, namedTRUST, was introduced in [5]. This method formulates the problem of learn-ing as the solution of a dynamical system incorporating terminal repellers [5]together with a special sub-energy tunneling function.A terminal repeller is an unstable equilibrium point x violating the Lipschitzcondition such that any transient starting at x0 in�nitesimally close to x willescape x in a �nite time. The TRUST algorithm is based on the application ofgradient descent to a combined function of the form:C(W;W �) = Csub(W;W �) + Crep(W;W �):W � is a starting solution achieving a \subenergy limit", Csub(W;W �) is a nonlinear but monotonic transformation of the error function E(W ), preservingall properties relevant for optimisation, and Crep(W;W �) is a \repeller energyterm", containing a parameter � (the power of the repeller).The optimisation process switches between a \tunneling phase" and a gradientdescent phase, depending on the relative values of E(W �) and E(W ) in theneighbourhood of W �.Unfortunately, using this interesting and ingenious procedure, the convergenceto a global minimum is guaranteed only for functions of one variable and thee�ciency in the multi-dimensional case may be very low in general.However, in this paper we show that, for a suitable choice of the power ofthe repeller �, TRUST can be e�ciently used in conjunction with the RGmethod in order to escape from the basin of attraction of the KT point. Moreprecisely, during the learning process performed by RG, the implementationof TRUST takes place whenever a suitable set of \local stopping criteria" issatis�ed. The latter set of conditions has the aim of establishing the right pointof restarting the error dynamics, typically in a small neighbourhood of the KTpoint. TRUST is utilised just for a single iteration in order to investigate thepossibility of descending into a lower valley, by satisfying the linear constraints;RG is then implemented again for the next iterations, performing a new phase oflocal optimisation. For this reason the whole procedure is named RGTRUST1.4 Numerical ResultsIn [6, 8] was implemented a skilled BPTT algorithm, named TRENNS, forthe training of RNN with a K-L architecture. This justi�es the choice ofTRENNS as a comparison tool in IWR problems. General BPTT packages,like MUME [9], are not competitive since they are suitable only for fully con-nected RNN.Two examples are reported here in order to show the performances of the newproposed algorithm. We �rst notice that the e�ciency of RGTRUST1, for anylocal optimisation phase, is outstanding. Moreover, as clearly con�rmed by



Example 1 (see Tab. 1 and Fig. 1a), RGTRUST1 is able to escape from thelocal minimum found by TRENNS (error value E = 11:1) and to descend in alower valley in which the error is considerably smaller.Word \numa"Patterns 78Frame size 7Maximum pattern length 90 Algorithm Epochs ERGTRUST1 180 7.2TRENNS 180 11.1(a) (b)Table 1: Example 1. IWR problem for \numa". (a) De�nition of the problem. (b) RGTRUST1and TRENNS performances.Viceversa, Example 2 (see Tab. 2 and Fig. 1b) clari�es a slightly di�erent featureof RGTRUST1. In this case, in fact, RGTRUST1 approaches a minimum(errorvalue � 20:0), with a strong improving factor in comparison with TRENNS,con�rming its e�ciency in local optimisation. Searching for a better solution,RGTRUST1 jumps out of the neighbourhood of the KT point, maintainingan error value greater than that achieved by TRENNS. After 350 epochs, itstarts approaching again the initial solution. Such a behaviour suggests thatthe latter solution is probably the global minimum, even if no theoretical proofhas been found.Word \numa"Patterns 356Frame size 7Maximum pattern length 120 Algorithm Epochs ERGTRUST1 147 20.032TRENNS 245 20.0062(a) (b)Table 2: Example 2. IWR problem for \numa". (a) De�nition of the problem. (b) RGTRUST1and TRENNS performances.
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