ABSTRACTThe vector sum excited linear prediction coding(VSELP) can provide high quality of syntheticspeech at 4.8kbps. In this paper, we propose amethod to reduce computational complexity inVSELP coding. We use an overlapped sparsecodebook to generate a set of VSELP basis vectors.Using these basis vectors, we can reduce thenumber of multiply-add operations for filteringevery basis vector. We also describe anoptimization method for the proposed basis vectors.Finally, we develop a 4.8kbps coder using theproposed basis vectors and perform the quality test.It has been shown that the proposed coder retainsgood quality of synthetic speech.I. INTRODUCTIONThe vector sum excited linear prediction codingis one of the most efficient speech coding methods.It provides high quality of synthetic speech at4.8kbps. The major feature of VSELP coding is thatit constructs a stochastic codevector as a linearcombination of the given basis vectors. Because ofthis feature, the complexity of the codebook searchprocedure can be reduced significantly comparedwith the original CELP coding. Besides, thecodewords for the VSELP coder are more robust tochannel errors.VSELP coding is selected as the standard ofNorth American digital cellular telephone systems.It needs a certain 40mips DSP chip, which can dofloating-point multiply-add operation, to implementthe full 8kbps VSELP coder for the real-timeapplication[2]. Therefore, it is worth while reducingthe complexity of VSELP coding for the low costreal-time implementation.A lot of computational complexity in VSELPcoding comes from the stochastic codebook searchto decide the best excitation signal. It uses theanalysis-by-synthesis method. The search procedureincludes a step evaluating the zero state response ofthe weighted synthesis filter to every basis vector. Itis remarkable that this step takes about 38% of totaloperations for the stochastic codebook search.To reduce computational complexity of filteringevery codevector in the stochastic codebook, theoverlapped sparse codebook is used for CELPcoding[1]. In this paper, we propose the overlappedsparse basis vectors generated from an overlappedsparse codebook for VSELP coding. Then, the filterresponses to the proposed basis vectors can beevaluated recursively with reduced complexity. Tofind out the proper degree of overlapping andsparsity of proposed basis vectors, various sets ofthe basis vectors are tested.The basis vectors for a VSELP codebook can beoptimized over a training database[2]. Because ofthe overlapping property of the proposed basisvectors, we cannot train them using the algebraicmethods as described in [2]. However, usingsteepest descent method, we also can train theoverlapped sparse basis vectors and achieve theimprovement in weighted segmental SNR.II. STOCHASTIC CODEBOOK SEARCHVSELP coder uses the analysis-by-synthesismethod to select the excitation codevectors fromgiven codebooks. In this work, we use onestochastic codebook for the randomness of theexcitation signal and one adaptive codebook for theperiodicity of the excitation signal caused by thevibration of the vocal cord. As mentioned before, inVSELP coder, M basis vectors vm construct the stochastic codebook, so a stochastic codevector uimay be defined as (2.1).ui(n) = qimvm(n)�m=1M ,(2.1)for 0 £ i £ 2M-1 and 0 £ n < Nqim = {+1 if (bit m of codeword i) = 1-1 if (bit m of codeword i) = 0To shape the spectrum envelope of the excitationsignal, VSELP coder uses an LPC all-pole filter asthe synthesis filter. The filter coefficients areestimated in every frame and updated once asubframe through interpolation, where a frameconsists of four subframes. The codebook gains andindices are selected in every subframe to minimizethe perceptually weighted error[2].Because of the computational load, the VSELPcoder searches the codebooks sequentially. Itsearches the adaptive codebook first and thensearches the stochastic codebook. As a result, wemust be satisfied with the suboptimal excitationsignal, although the selected codevectors are jointlyoptimized through orthogonalization. After all thecodevectors are selected, the gains are evaluatedsimultaneously.Let p(n) be the target signal of codebook searchprocedure. We can produce p(n) by subtracting thezero input response of the bandwidth expandedsynthesis filter H(z) from the weighted inputspeech[2]. Then, the whole codebook searchprocedure selects the most similar synthesizedsignal p’(n) with respect to the optimal codewords.First, the adaptive codebook search procedureselects the codeword l, which minimizes the errorE’l of (2.2), assuming b’ is the optimal gain.E’l = p(n) - b’b’l(n)2�n=0N-1(2.2)where b’l is the zero state response of H(z) to anadaptive codevector bl. Because of the free gainterm b’, we can interpret the adaptive codebooksearch procedure as selecting the codevector blwhich minimizes cos2 wpb’l, where wpb’l is the anglebetween two vectors p and b’l.

synthesisfilterorthogonalizeminimizeanglecodeword iSpwbasis vectorsv1v2v3vMqMq3q2q1b’Lq’Mq’3q’2q’1qi1qi2qi3qiMf’iH(z)H(z)H(z)H(z)Figure 1. Stochastic codebook searchAfter finding the optimal adaptive codevector bL,every weighted stochastic codevector must beorthogonalized to b’L. Fortunately, for the VSELPcodebook, this task is reduced to orthogonalizingonly M weighted basis vectors qm to b’L. Let q’m beqm after orthogonalization to b’L. Then the weightedcodevector f i after orthogonalization, f ’i, can beexpressed as:f ’i(n) = qimq’m(n)�m=1M, (2.3)for 0 £ i £ 2M-1 and 0 £ n < NNow we can find the excitation codeword iwhich minimizes:E’i = p(n) - g’ f ’i(n)2�n=0N-1 (2.4)where g ’ is the optimal gain for each f ’i. As thecase of the adaptive codebook search, the optimalcodevector f ’I minimizes cos2 wpfi’, where wpfi’ isthe angle between two vectors p and f ’i. Figure 1depicts the stochastic codebook search procedureconceptually.III. OVERLAPPED SPARSE BASISVECTORSAnalyzing the amount of multiply-add operationsfor the stochastic codebook search, we have foundthat evaluating the filter responses to the basisvectors consume 38% of total operations.

It is well known that the overlapped sparsecodebook reduces computational complexity offiltering every codevector greatly. The filteringresults are very similar to those of the conventionalcodevectors if all the codevectors are randomsequences.In fact, the basis vectors of VSELP coder may bethe random sequences. So if the basis vectors are Ndimensions, we can generate M basis vectors vmfrom an overlapped codebook C as (3.1).vm(n) = C[Ma - ma + n],(3.1)where the codebook C is realized by a onedimensional array, containing N+a(M-1) samplesof random values. a is the number of shifts betweentwo adjacent basis vectors. Hence, a decides thedegree of overlapping.Now we can evaluate the filter response qm toevery basis vector vm recursively like (3.2).q1(n) = v1(k) h(n-k)�k=0n , if 0 £ n < N(3.2)qm(n)= vm(k) h(n-k)�k=0n, if 0 £ n < a qm-1(n-a)+vm(k)h(n-k)�k=0a-1, otherwisefor 1 < m £ Mwhere h(n) is the zero state impulse response ofH(z). If C contains zeros with probability s, thenumber of multiply-add operations for evaluatingall qm reduces to:(1-s)(N+1)N2+(M-1)(a+1)a2+(N-a)a.The basis vectors in VSELP coder can beoptimized over a training speech data. Theoptimization should minimize the total weightederror. We can express the total weighted error E foreach subframe as a function of the given basisvectors.E = e(n) 2�n = 0N-1(3.3)e(n) = [p(n) - bb’L(n) - g fI(n)](3.4)fI(n) = qIm[h(n)*vm(n)]�m = 1M(3.5)where b and g are the optimal gains, and indices Iand L are the optimal codewords of stochastic andadaptive codebook, respectively.Then, the partial derivative of E with respect toeach sample of the basis vectors is estimated as:dk(n) = ¶E¶vk(n) = -2g qIke(n)h(n-k)�n = 0N-1(3.6)To minimize E, we can compute the optimalbasis vectors by solving the simultaneous equationsthat result from setting all the partial derivativesequal to zero[2]. Alternatively, we also can updatevk like (3.7) iteratively according to the steepestdescent method[5].vkt+1(n) = vkt(n) - mdkt(n)(3.7)where the parameter with superscript t means thevalue at time t. The constant m is the learning rate,that are related to the stability and speed ofconvergence of the optimization.In the overlapped basis vectors, one sample ofthe overlapped codebook stands for several samplesof different basis vectors. Hence, the simultaneousequations are overdetermined and there may be nosolution. However, we can update the overlappedbasis vectors with d[l]. d[l] is the sum of all thepartial derivatives to the samples of the basisvectors which come from the same sample of theoverlapped codebook as (3.9).Ct+1[l] = Ct[l] - mdt[l](3.8)d[l] = dk(l+ka-Ma)�k = 1M(3.9)where dk(n) = 0 for n ‡ N or n < 0.After updating, the new basis vectors do notretain their sparsity. So we must center-clip thosevectors to have enough zeros. During theoptimization, we can get more improvement if weincrease the sparsity from zero to the target value, alittle at a time.

IV. EXPERIMENTS4.1 EnvironmentsAll the VSELP coders for our experiments areimplemented identically except the basis vectors.Table 1 shows the bit allocations, and updatetimings for our VSELP coder at the 8kHz samplingrate. LPC coefficients are converted to LSP’s andthen quantized in every frame. The adaptivecodebook search procedure follows the method forDoD 4.8kbps CELP coder: using noninteger pitchlags, delta searching, hierarchical searching andmodified minimization of the weighted error[3]. Asto the hierarchical searching, the optimal integerpitch lag is selected first and then nearby nonintegerpitches are tested. The adaptive codebook gain andthe stochastic codebook gain are quantizedindependently using nonuniform quantization levelsmade by LBG algorithm.For training the basis vectors and the gainquantizers, we use a training data, that is about 29seconds long. It contains the voices of two malespeakers and one female speaker. The test dataincluding the training data is about 52 seconds longand contains two more male and female speakers.4.2 ResultsFirst, we observe the degradation of speechquality caused by using the overlapped sparse basisvectors. We have tested 18 sets of the basis vectors,which have several levels of the sparsity andoverlapping. We generate all these sets from thewhite random sequence, and make them sparse bythe center-clipping. Figure 2 shows the changes inthe speech quality (curves) and the percentage ofthe reduced computations (bars) according to thedegree of overlapping. Note that the quality of thecoder is retained if the number of shifts a is largerthan 5. The sparsity s of the basis vectors does notaffect the quality seriously until we keep it smallerthan 0.9.Table 1. Bit allocation for 4.8kbps VSELP coderlinear predictoradaptive codebookstochastic codebookupdateparametersbits per frame30 ms7.5 ms7.5 ms10 LSPs256codewords2048codewords34(3,4,4,4,4,3,3,3,3,3)index: 8,6,8,6index: 11x4gain: 5x4gain: 4x4(Note : two bits per frame are unused.)0%10%20%30%40%11.011.411.812.212.6(a) s = 0.00%10%20%30%40%11.011.411.812.212.6(b) s = 0.80%10%20%30%40%11.011.411.812.212.6(c) s = 0.9Figure 2. Results of the quality tests ofoverlapped sparse basis vectors. (a) sparsity 0.0(b) sparsity 0.8 (c) sparsity 0.9For example, we can retain the quality ofsynthesized speech by using a set of basis vectorswith a = 5 and s = 0.8, while 36.1% of theoperations for the stochastic codebook search arereduced. By the way, we do not quantize the gainsduring this experiment for convenience.2 3 4 5 6 60 a number of shiftswsegsnr[dB]rate of reducedcomputations 2 3 4 5 6 60 a number of shiftswsegsnr[dB]rate of reducedcomputations 2 3 4 5 6 60 a number of shiftswsegsnr[dB]rate of reducedcomputations

When we select a set of the basis vectors withproper degree of overlapping and sparsity, we canoptimize them over a training data as mentioned insection 3. At this time, we optimize the basisvectors with a = 5 and s = 0.8 whose performancehas been shown in figure 2b. In figure 3, we plot theimprovement in weighted segmental SNR for eachiteration during the optimization. We update thebasis vectors once per 30 frames like the batchmode training of the neural network. The learningrate m, whose initial value is 0.1, decreasesexponentially for each iteration until it becomessmaller than 0.01.Initially, the basis vectors give 12.80 dB inweighted segmental SNR for the training data. Thisvalue increases to 13.57 dB after 6 iterations.We compare the performance of the proposedbasis vectors, which are trained previously, with theconventional basis vectors. Table 2 summarizes theresult of the comparison. As you can see in table 2c,the weighted segmental SNR of the proposed coderis smaller than that of the conventional coder onlyby 0.16 dB for the test data. During the informallistening test, we cannot discriminate thesynthesized speech of the proposed coder from thatof the conventional coder. It should be noticed thatthe quality improvements due to the optimizationare also shown for speech data outside the trainingdata.V. CONCLUSIONIn this paper, we have described a complexityreduction method for the VSELP coding. Using theoverlapped sparse basis vectors, the computationalload to calculate the weighted synthesis filterresponse to every basis vector is significantlyreduced. We have tested various sets of the basisvectors concerning the degree of overlapping andsparsity. As the result of the comparison, it has beenshown that the speech quality is retained if we shiftthe overlapped basis vector from its adjacent vectorby more than 5 samples and keep the sparsitysmaller than 0.9.We also have described the optimization methodfor the overlapped sparse basis vectors using thesteepest descent method. After the optimization, thesubjective and objective qualities have noticeableimprovements. These improvements are retained forthe speech data outside the training data.We implemented a VSELP coder with reducedcomplexity using the overlapped sparse basisvectors. This coder needs only 64% of multiply-addoperations for the original stochastic codebooksearch and the speech quality is scarcelydistinguishable from that of the conventional coder.REFERENCES[1] G. Davidson, M. Yong, A. Gersho, "Real-timevector excitation coding of speech at 4800 bps",Int. Conf. Acoust. Speech. Signal Processing,1987, pp.2189~2192[2] I. A. Gerson and M. A. Jasiuk, "Vector SumExcited Linear Prediction (VSELP) SpeechCoding at 8kbps", Int. Conf. Acoust. Speech.Signal Processing, 1990, pp.461~464[3] Federal Standard 1016, "Analog to DigitalConversion of Radio Voice by 4.8kbps CELP",Feb. 14, 1991[4] M.E. Ahmed, "Fast Methods for Code Search inCELP", IEEE trans. speech and audioprocessing, Vol. 1, No. 3, 1993, pp.315~325[5] J.A. Freeman, D.M. Skapura, Neural NetworksAlgorithms, Applications, and ProgrammingTechniques , Addison-Wesley, 1991, pp.57~6812.412.612.813.013.213.413.60123456Figure 3. Overlapped sparse basis vectoroptimizationTable 2. Coder performance measured byweighted segmental SNR. (a) initial coder (b)after optimization (c) after gain quantizationconventional basis vectorswith a = 60, s = 0proposed basis vectorswith a = 5, s = 0.8training datatest datatraining datatest data(a)(b)(c)12.67 dB12.30 dB12.80 dB12.41 dB13.77 dB13.15 dB13.57 dB12.95 dB13.38 dB12.77 dB13.21 dB12.61 dBwsegsnr[dB]number of iterrations