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A Class of Physical Modeling Recurrent Networks
for Analysis/Synthesis of Plucked String Instruments

Alvin W. Y. Su, Member, IEEEand Sheng-Fu Liang

Abstract—A new approach is proposed that closely synthesizes the excitation wavetable takes lots of memory space. Finally,

tones of plucked string instruments by using a class of physical the solution for special effects such as portamento usually seen
modeling recurrent networks. The strategies employed in this in plucked-string instruments is not addressed.

paper consist of a fast training algorithm and a multistage training
procedure that are able to obtain the synthesis parameters for In [14] and [15], a recurrent network based approach called

a specific instrument automatically. The training vector can be Scattering recurrent network (SRN) for simulating the vibration
recorded tones of most target plucked instruments with ordinary ~ of a plucked string succeeded in synthesizing plucked-string
microphones. The proposed approach delivers encouraging results tones. The structure of the SRN is similar to a lattice filter
when it is applied to different types of plucked string instruments o4 se this is the basic form that simulates one-dimensional
such as steel-string guitar, nylon-string guitar, harp, Chin, 1-D ) o f th . ibut f
Yueh-chin, and Pipa. The synthesized tones sound very close to( a ) wave prppagatlon. ne of the major contributions 9
the originals produced by their acoustic counterparts. In addition, ~this approach is that the system parameters can be determined
this paper presents an embedded technique that can produce automatically by using the backpropagation through time
special effects such as vibrato and portamento that are vital to the (BPTT) training algorithm [16]. However, there exist some
playing of plucked-string instruments. The computation required  yisiculties when this technology is applied to practical music
in the resynthesis processing is also reasonable. . . . .
_ _ - synthesis systems. First, structures of musical instruments are
Index Terms—Phy5|caI modellng, p|UCked string instruments, usua”y too Comp|icated to be modeled by such a Simp'e 1-D
portamento, recurrent networks. model. Even if a multidimensional architecture is used [17], the
computation for the re-synthesis processing will be enormous.
|. INTRODUCTION Second, it is usually difficult to measure the time domain
o responses of a pl instrument at variou sitions so that
RANSIENT responses of most acoustic instruments atr% P of a played ins € lous po 0 ha
verv difficult to reproduce. This is also the main reaso e measurement can be used as the training vector. Third, the
y ar P Lo . o EFTT method takes lots of iterations to converge. Finally, the
that synthetic sounds are not realistic enough with traditiona S .
simple waveforms used by SRN as the excitation signals can

approaches such as wavetable and FM methods. Model-base . ;
0 longer produce good synthesis results in any case.

approaches claim t_o be able t(.) reproduce SL.JCh dynamlcsq))(Nhat we want to achieve is to accurately synthesize the tones
modeling the sounding mechanism of a target instrument ph¥s-

ically. There are plenty of works focusing on analysis and mod 2" specific plucked-string instrument with reasonable

eling of piano soundboards, and top plates and air cavitiesC&St' Furthermore, it is desired that the synthesizer design

. L . - can be done automatically. Therefore, several modifications
guitars and violins [1}-{3]. Techniques such as finite eleme 0 the SRN method are proposed. First, the architectures of
based methods and ray-tracing methods are useful in analyzt i '

i o o .
musical instruments but none of them are practical enough.ﬁ)g networks are simplified so that the complexities required

i ) . . = in_the training stage and the synthesis stage can be reduced.
be used to synthesize musical tones in real-time applicatiops. L .
o .~ Second, the training vectors can be musical tones recorded by
The most successful applications of model-based techniques : . .
! . . . 'USIng ordinary microphones. This allows easy measurement for

are compression, synthesis, and recognition of speech signals

) . . - C_users without complicate measurement devices. Third, a new
by simulating human vocal tracts with a class of digital latticg™ ;. : : o . . S
. . . . faining algorithm modified from simulated annealing resilient
filters [4], [5]. Among several physical-modeling music syn;

thesis methods, the digital waveguide filters (DWFs) [6]_[8gackpropagatlon (SARPROP) is used to speed up the training

[11] and the wave digital filters (WDFs) [9], [10] are the mos nd obtain better system parameters [16], [18]. Fourth, the

ooular and practical ones. An efficient wav of applvin thexcitation wavetable should be kept small in its size and can
FI:))VSF methodpto Iucked—str'in instruments r}llas bezzy r(? osge obtained in the training process. It is noted that it is very
. P 9 : brop (ﬁﬁicult for the training to converge to a good solution without
in [12], [13]. There are some problems with these approachés

however. First, the synthesizer design is complicated. Secog(rlﬁb;%%dlzma”y' portamento and vibrato effects should be

In Section Il, a class of physical modeling recurrent networks
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Techniques to produce vibrato and portamento are described in ¥
Section V. In Section VI, analysis and synthesis works are per-
formed over several plucked-string instruments. Conclusion and

v

v

suggestions of future work are given in Section VII. 9 o}
zZ, | z,
Il. PHYSICAL MODELING RECURRENT NETWORK FOR
PLUCKED-STRING INSTRUMENTS o o
The basic idea of physical modeling synthesis techniques is S —

to simulate the dynamic behavior of a musical instrument. The ] o N )

major problem with this synthesis technique is the determin?r%' r:]L(.)t iger;](:irg::?lformjunctlon where the acoustic impedances on the two sides

tion of the synthesis model parameters. A recurrent network

synthesis model called SRN [14], [15] was proposed to solve the ) _

parameter determination problem when a simple musical strifjnéters with the BPTT method [16]. In the synthesis phase, the

is modeled. initial excitation is the waveform obtained with an interpolation
The structure of the SRN model is constructed based on fRgthod by using the magnitudes of the measurement-ad

physical model of an acoustic string and this network is suf the pickups. Fig. 3(a) shows such an initial excitation of SRN

cessfully used to synthesize some realistic tones for a pluckgthe modeling of a Chin E string. In our experiments, simple

musical string that was analyzed by SRN. Morse derived tiyéangular-like waveforms can be used as the initial excitation to

1-D wave equation for a vibrating string [1]. The wave equatioimulate the “plucks.” _ o
of a string with purely resistive loss is Although SRN succeeds in synthesizing the tones of plucked

strings, it fails to be the synthesis model of a musical instrument
1) because a tone produced by a plucked-string instrument is the
combined responses of strings, bridge, body, and air cavity with
whereK is the string tensiony is the resistive parameter and@Spect to a pluck. Several modifications to the SRN method
e is the string density. Here, the force is assumed to be lineaf{e Proposed for synthesizing string instrument tones. First, the
proportional to the transverse velocity [2], [15], [19]. The ger:omputation required for the SRN is too large in practice. A
eral solution to (1) can be obtained as simplified version of the physical modeling recurrent network is
proposed so that the computation required in the training stage
y(t,x) = e~ /2@y (¢ — g /) 4+ /2@y (t 4 x/c)  and the synthesis stage can be reduced. The new network struc-
(2) tureis shown in Fig. 2(b). This model consists of three basic
components: processing blocks (PBs), simple delay lines and
wherec = /K/e is the traveling wave speed(t, z) is used two reflective ends. Between two adjacent PBs, there is a pair
to represent the displacement of a vibrating string as the furigi-delay lines that make the connection. The PBs simulate the
tion of position and time. Let the sampling periodBethe dis-  energy loss as well as the scattering behavior [19]. The struc-
crete-time signal representation of (2) is shown as ture of a PB is shown in Fig. 4(a) and the computation is iden-
—(u/2¢)mT T tical with that of SRN. There are three types of neurons in a PB,
¢ yr((n —m)T) displacement neurons, arrival neurons and departure neurons.
+e29m Ty ((n+m)T). (3)  The output of a displacement neuron, denotedyby, repre-
Since a real string may not be uniform in its construction, scaﬁ?ntS the amplltude at thizh sampllngjposmonl in PB: The
utputs of arrival neurons, denoted by, and; ;, represent

tering junctions are applied to model a nonuniform string [2 he right-going traveling wave and the left-going traveling wave
[19]. If there is a nonuniform junction on a string, let the char; ght-going g going 9

e . flowing into displacement neurap ;, respectively. The outputs
acteristic impedances of the two sidesfeand 7., as shown g P N, P Y P

- 1 _
in Fig. 1. The right-going traveling wave flowing to this junc-glfingvsgyéz ?:;\:icr)]n§, qg:gt?angizndii Ztcj) ’ trﬁgrrfsﬁtrj;g]ne dt-rg\clje
tion from the left-hand side and the left-going traveling wavi 9 Yi.; ) 9 9

flowing to this junction from the right-hand side agé and?, gelay line and the left-hand-side delay line, respectively. A pair

respectively. The relation among the traveling waves can be (gé_delay lines that connect PE-— 1) and PBs is shown in
P Y- 9 9 ig. 4(b). Within each pair of delay lines, signals pass through

scnb_ed as fOIIOWS. (readers can refer to [15], [19] for thorouqlﬂem directly without any modification. Thus, the computation
physical explanation) . . d .
in the synthesis processing can be reduced. In our experiments,

v’ = (1= p)e:+ (14 p)? (4) seven PBs are used in the proposed model and egch PB con-
tains three displacement neurons. If the system requires 100 unit
delays from one fixed end to another, the computation cost is
about1/5 times of the original SRN model [15]. When a trav-
eling wave meets a fixed end, it will completely reflect back
According to (2)—(5), the SRN model is shown in Fig. 2(a)with opposite phase. The operation of two reflective ends in the
Electromagnetic pickups are used to measure the vibration giraposed model is shown in Fig. 4(c).
plucked musical string at various sampling positions. The mea-Second, electromagnetic pickups used in [15] can only mea-
surement is used as the training vector to obtain the system pare the string vibration and the result is not what people usually

2 2

7] 7]
K t,x) —U&y(@x)‘if@y(tvﬂ?)

@y(

y(tna xrn,) =

and
{w% =(=p)er + (L4 )¢} (5)
©F = (1— p)ol + pei.
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Fig. 2. The SRN model and the proposed synthesis model. (a) The SRN model for the modeling of musical strings. (b) The proposed new network structure for
synthesis of plucked-string instrument tones.

1

waveforms cannot be used when such complex waveforms are
0.9} 1 analyzed. Since the wavetable size is kept to a minimum in the
0.8} . SRN approach, itis desired to keep this property. The excitation
o7l 1 wavetable is also obtained in the training process and its size is
o6l | equal to the length from one reflective end to the other. Fig. 3(b)
o shows the excitation signal for synthesizing a Chin tone. It is
g 051 ] found that this excitation waveform is much more complicated
0.4} ] than the one used in modeling musical strings.
0.3¢
02l | [ll. SYNTHESIS PROCESSING
o1t 1 The synthesis processing of the proposed model contains two
0 . s . A s stages: thénitialization stageand thepropagation stageln the
0 50 100 150 200 250 300 T . e . .
input positions initialization stage, the excitation waveform is loaded into the
@ synthesis model with suitable system parameters obtained from

the training stage. Then, the excitation waveform as Fig. 3(b)
is distributed into the upper and lower tracks in the synthesis
model shown in Fig. 2(b), respectively. After the initialization,
the propagation operation starts to generate the desired synthe-
sized data without any additional information.
e Initialization stage

In this stage, an initial excitation waveform has to be pro-
vided. The size of the initial waveform equals to the total delay
length, L, in the upper track and lower track of the synthesis
model shown in Fig. 2(b). If the delay length in both track& is
unit delays, it is computed as

_os. -
b=fos L] 0

4] 20 40 60 80 100 120
input positions . . . .
®) where f, is the sampling rate of the synthesis system risl
the fundamental frequency of the desired tone. In our experi-
Fig. 3. The excitation waveforms for string modeling and tone synthesigyant. the size of. is only hundreds of samples. Therefore, the
(a) The excitation waveform of SRN for the modeling of a Chin E string, ! . '
(b) An excitation signal for the synthesis of Chin tone. memory cost is much less than that of a Wavetable method as
well as other traditional model-based synthesis techniques that

, i i require longer recorded tone as the excitation signal (thousands
hear. Actually, the sound plckeql up at some distance |s.clo%¢r5amp|eS with 44.1 kHz sampling rate) [12]. According to
to what we hear. Therefore, microphones instead of p'Ck“P§.4(a),Ifj is the initial magnitude of the displacement neuron
are used to obtain string instrument tones as training vecto&s., in the PB4. i.e

i ing i ; t,) » 1B
Third, the tone of a string instrument is much more complex

than that of a vibrating string. Simple triangular-like excitation ¥i.;(0) = Ij{j. (7
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Fig. 4. The three basic components in the synthesis model shown in Fig. 2(b). (a) The structure of a PB. (b) A pair of delay lines that conret} Bisd
PB-. (c) The operation of two reflective ends.

Then, it is equally distributed into the right-going departureshere the upper-track boundary delay buﬂi% receives the
neuronf;; and the left-going departure neurggh as follows: right-going output signal of PB4 — 1), w!_; Y RNy
and the lower-track boundary delay buﬂéyki_l receives the
P — Y — (O F left-goingoutput signal of PB; w! - fY,.
Ji5(0) = £i3(0) = 05,4 (0). ®) There are two basic operationé(Jin a F?euron. The first one sums
. _ . ) the signals flowing into this neuron as the net-input. The second
According to Fig. 4(b)? ; represents the initial magnitude ofyne s the so-called activation function that is a mapping be-
the jth delay unit of theith pair of the delay lines. Similar t0 y\een the net-input and the corresponding output. The arrival
(8), the initial values of delay buffers are also one halfof.  q10ns receive the weighted outputs from the departure neu-
rons or those from the delay buffers as

by (0) =0l ;(0) =051, 9)
@i ;(t+1) = a(net] ;(t+ 1))
After the initialization stage is finished, the propagation stage {a (w; yirs 1(t)) 1<j<M-1
starts. = ) .
e Propagation stage “ (wZ J bz ki —1(t)) > J=0
Let the number of PBs b in the physical modeling recur- (12)
rent network and the number of displacement neurons in ew:did
PB beM. According to Figs. 2(b) and 4, 1éf ; and® ; repre- L (t+1) = a (net. (p (t+1))
sent thejth delay buffers of théth delay segments in the upper ” ,
and lower tracks connecting PB— 1) and PBg, the traveling = {a( Lt fliﬂ”rl(t)) » 0=jsM=2,
waves in the upper and lower tracks can be represented as a (wi,j+1 ) bi+1,0(t)) ; J=M—1 13)
b (t J;,lj) (), 0<i<N, 1<j<k—1, wher_enet_<p;’7j_der_10tes the_ net-input of arriyal neurefi; and _
' ” ) . a( - ) is the activation function. These notations are also used in
=\ Wit flaa (), ?S s N’ =0 the following derivations. The displacement neurons receiving
b 0,0(t); =0, j=0 (10) the outputs from the adjacent arrival neurons is obtained by
and
bl,1+1() 0<i<N, 0<j<k—2 vi.glt +1)
b+ =S wly- flo), 0<i<N—1, j=k—1, = a(nety; (¢ +1))
i py—1(t); =N, j=ky-1 =a((L=pig)- ol ,(t+ 1)+ L +pi,) i (E+1)

(11) 0<ji<M-1. (14)
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Finally, the traveling waves departing from the displacemer

neurons to the nearby segments can be computed by Recorded musical tone
Tit+1) =a(net_fl(t+1)) P <
=a(y;(t+1) =it +1), o > -
Initial input ; Musical instrument >

0<j<M-1 (15

wavefo : synthesis jhodel

and

A 4

il’j(t +1)=a (net_filjj(t +1))
a (ym(t i 1) B (paj(t + 1)) Stage #1 Stage #iil,#Z, .
0<j<M-—1. (16) :

Y ;

Equations (10) through (16) represent a propagation cycle
produce a synthesized sample for one time step. The syntt
sized signal is the output of a chosen displacement neuron. /
though nonlinear activation functions with trainable paramete
could possibly be used for better performance, itincreasesco | 4,
putation complexity. Therefore, the activation function for eacl
neuron is an identity function in all of the experiments and ac
tivation functions are discarded in the later sections to simplif
our notation.

d
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IV. TRAINING

. . Fig. 5. The multistage training strategy for determination of model
There are some improvements with the model comparedd@ameters. 9 9 o

the one in [15]. First, a multistage training procedure is used

to obtain multiple sets of synthesis parameters for the varying

characteristics of an instrument. Second, a supervised trainthguick gradient descent algorithm, called resilient backpropa-
method is used to obtain the synthesis parameters and the gation (RPROP) [22], with a simulated annealing (SA)-based
tial excitation waveform automatically. Third, a hybrid-trainingylobal searching technique [23]. The RPROP takes into account
algorithm is used to speed up the training and obtain better syhe sign of the gradient as seen by a particular parameter instead

thesis parameters. of the magnitude of the gradient. The SA involves the addition of
random noise to the parameter updates as well as decreases the
A. Multistage Training Strategy magnitudes of the updates in the training process gradually. The

The multistage training strategy for the synthesis mod8ARPROP method can indeed converge much faster compared
is shown in F|g 5. The mean square difference between ﬂﬁbthe BPTT method. In our experimentS, it is found that the
recorded and the synthesized tones is used to adjust the inBARPROP method is very sensitive to the learning parameters
excitation waveform and synthesis parameters. In Stage #1, &gl the initial condition of the system parameters. The training
initial excitation waveform, denoted byyj and IZ%{]. in (7) and diverges or converges to a totally unacceptable solution for a re-
(9), as well as the first set of the synthesis parameters havecusrent network soemtimes.
be determined. This training stage employs the recorded tondn this paper, a hybrid-training algorithm consisting of BPTT
within the interval[¢1 0,%1 1] as the training vector and theand SARPROP as shown in Fig. 6 is used in the training pro-
resultant parameters are used for synthesizing a tonetfrgm cedure of the proposed physical modeling recurrent network.
to t2 ¢. Because the synthesis processing no longer requigisce this synthesis network is a recurrent neural network,
external signals after the initialization stage, it is not necesséB®TT is used to calculate the magnitude of the gradient
to have the initial input waveform updated after this stagér each parameter and the corresponding parameter update
Stage #2 begins @ o by using the recorded tone frofm, to  value is obtained by SARPROP. In Stage #1, both synthesis
t2,1 as the training vector and the second set of parameterpiameters and initial excitation waveform must be updated.
obtained when this training stage finishes. This procedure stapfly synthesis parameters are updated in the other stages.
when all the training vectors are finished. Particularly, the synthesis network is constructed based on a
simplified physical model of a musical instrument. Therefore,
each of the synthesis parameters has its physical meaning.

For a recurrent neural network (RNN), BPTT [16], [20] isThe p-type parameters simulate the nonuniform characteristics
a widely used training algorithm that is an extension of tha&t various physical positions and thetype ones simulate
standard backpropagation algorithm. This algorithm requiresthe energy decay factors. The initial values of the synthesis
least 10 000 epochs to converge when it is applied to the pparameters can be reasonable values derived from the physical
posed synthesis model. In [18], the SARPROP method is piaharacteristics of the target instrument instead of random
posed for feedforward type networks. This algorithm combineslues such that the training can be better. This is different

B. Training Algorithm
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I Initial match the desired output is called thisible neuronand the
o nitial input Recorded Data .. . .
waveform remaining neurons are called hidden neurons. In each training
stage, letd(¢) denote the recorded tone at timeand let the
. p ) output of the corresponding displacement neuron which is
" 5| Music Synthesis > B the sth displacement neuron in PB-be chosen as the synthetic
Model result of the synthesis model. The error signal at any tirise

defined as

e(t) = d(t) — yps(t) a7
No and the error function is defined as
1
BPTT E(t) = 5 e (1). (18)
T J— The total cost function to be minimized in the inter{t), ¢1] is
Hybrid training method—>! ~5 ™ 73 % I defined by

t1 1 t1
SARPROP E“%(to,t;) = > E(t) = 5 >, (19

t=tg t=to

The gradient values for thetype parameters corresponding to
time layert can be derived as

Fig. 6. The hybrid-training algorithm consisting of BPTT and SARPROP for total .
the training procedure of the proposed model. 6pi.j (t) = aaE . (to’(tt)l) . ane;_yw (t)
NeL_yi j Pij
l -
= 6yi (1) - (@5 ;(t) — @i ;(1)) (20)

from most other applications using neural networks as their

parameter-finding mechanisms. wheredy; ;(t) represents the local error of the neurgry at

The temporal operation of the proposed model can ligne layert. The gradient values of the-type parameters at
unfolded into a multilayer feedforward architecture withime layert can also be derived as shown in (21) and (22) at the
synchronous update. Those who are interested in this g#fttom of the page.
refer to references such as [15], [21]. A neural network layer The local error of a displacement neuron can be obtained by
representing one time instant is calledtime layer Since (23). If a displacement neuron is a hidden neuron, its gradient
the synthesized signal is the output of a chosen displacemealue can be computed based on the collection of the local errors
neuron, only this displacement neuron can have a teacléthe departure neurons connected with it. If this displacement
signal that is the recorded tone of the target instrument. Theuron is a visible neuron (denotediag), it means that it will
displacement neuron that generates the synthesized outputlitectly contribute the error signal, as shown in (17), to the total

Etotal Onet_o" (¢t
0 (fo’tl)- = i’“(), j=0,1,...,M—1
Sl (t) = dnet o7 (1) owy
" OE™@ (g, 1) O o(D) .
T : T ’ J = M
abi-i—l,o(t) awi,j
opy () by, _1(t=1), j=0
51’:—1—1,0@) ' f7:j—1(t - 1)7 j=M
and l
total Onet_t . t
oF l(to,tl) ~One %2]_1( )’ —1,....M
. anet_<pij71(t) owt ;
bw; ;(t) = total 7 ’
’ OBty t1) O 4, _1(t) i=0
‘%é,ki -1 (t) aw;’,j ’
690%,]'71@)' il,j(t_]-)v j:1727"'7M_1
= 05,1 Vio(t—1), j=M (22)
6bé,k;—1(t) fhit=1),  j=o0.
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cost function. Therefore, this error signal must be involved ifihe local errors of the delay buffers in the upper track and the
the computation of the local error corresponding to this neurdower track can be computed as shown in (28) and (29) at the
bottom of the page.

oy (1) Since the total gradient for each parameter is the sum of the
SEwt (1 4) gradient value corresponding to every time layer, the total gra-
= m dient for the synthesis parameters in one epoch can be computed
Yij
. ) , b
_ { (—e() +6£7;(0) +6f1 ;) , i=r. j=s Y
IRNCTAOER O R otherwise. OE* @ (¢, 1))
i, i =\ 5p; 30
(23) 9pi(epoch) 22; il (30)
. : nd
The local error of a departure neuron is obtained based on the DE (¢ )
local error of the arrival neuron or the delay buffer connected ¢ Z bw
with this departure neuron by dwj j(epoch) = =t (31)
aEtotal(tO tl
aEtOtal(tO tl) 7’ Z 6 l
SFr(p)y == VO o h) il
fz,]( ) anet_fi”j (t) w epOC t=tg
. - . In addition, if the training is in Stage #1, the excitation signal
St (t+1)-wh ., §=0,1,...,M—2. : TN
{ 65?71+1((t :1)). It j —M—1 usedin (7) and (9) should be obtained in a similar way. When the
i+1,0 P41 = :

backpropagation computation is performed back to 0, the
(24) . . . )
gradient value for the excitation signal corresponding to delay

and buffers is computed by
aEltotal(tO7 tl)

o l t) = Etotal
1ii ) = e W =05 (8b,(0) + 66 ,(0))  (32)
epoc ’ ’
Sl (t+1) - w ”, j=1,2,... M—1. P _
5bi,k (1) w! G i=0. and the gradient value for initial waveform corresponding to the

(25) displacement neurons is computed by

aEtotal(t tl)

The local error of an arrival neuron is obtained based on th@_ry (epoch)
collection of the local errors of both the displacement neuron " - ! . .

ST (0Y+ 6 (0 0), i=r, j=s.

and the departure neuron connected with this arrival neuron and = { 5 10+ 85 ) +e0), i=r, j=s

5. (5. l i
it can be computed by 0-5 (6f17](0) +ofi ) otherwise
(33)
ST () = B (tg, 1) According to Fig. 6, the amount of gradient values of the
# dnet_o (1) synthesis parameters or the excitation waveform is obtained

_ (5y¢,j(t) (1= pij) — 6fil,j(t)) (26) by BPTT for each epoch._ Then, they are tran_sferred to the
SARPROP [18] to determine the amount of adjustment. The

and DEwl(t) 4 neural network used in [18] was a multilayer perceptron (MLP)
8¢ (1) = % structure and the initial update parameteywas 0.1. If the ini-
dnetp; ;(t) tial values of the network parameters are assigned randomly, it
= (6yij(t) - (14 pij) — 5fi; () . (27) isfound that this approach is not good for our application. Phys-
aEtOtal(tO tl)
SUT ()= — LB/
() ab; (1)
55;;+1(t+1)’ 0<i<N, 0<j<k -2
= 6¢z,0(t+1)'w;;07 OSL SN—]., 1:k1_1
—6by g 1B+ D), i=N, j=ky-1
(28)
and
aEtOtal(tO tl)
st (1) = —— O
i) o} ;(t)
6bij 1+ D), 0<i<N, 1<j<ki-L
=60 D) wiy gy, 1<i<KN-1, j=0. (29)

— 6 o(t +1), i=0, j=0.
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(b)

f;‘+2,i+l

¢i+l,i¢2

©

Fig. 7. Simulation of left-hand finger-gliding playing behavior. (a) The left-hand finger glides along the string from position A to position I (&ft-hand
finger glides along the string from position B to position A. (c) Modified structure of the proposed model for simulating the finger-gliding effect.

ically, the p-type parameters are the reflection coefficients and P

their range should fall betweén 1,1]. For thew-type parame- A

ters, they represent the energy loss factors and the range should

be around unity. The following learning parameters are deter- 5

mined empirically and found to be useful in many experiments.

The initial update parametek, is 0.0001. The temperature 0 >

parametefl”is 0.01. The rest of the constants are set as follows.
nt =121 =0.5Anax = 0.2, Apin = 1 X 10719, E
In [15], the training processing of SRN required at least 14
10000 iterations by using BPTT. In this paper, it is reduced to
less than 1000 epochs for each training stage and the results
are superior when SNR tests are concerned. BPTT is usedits. Operations gf-type parameters used for portamento and vibrato. The
update the synthesis parameters and the excitation waveforrdiig curve represents the situation that the reflection coefficient of the position

. . . is changed to-1, which makes the junction be totally reflective. The dash
Stage #1 to avoid unstable situation caused by SARPROP. curve represents the situation that the original reflection coefficient is gradually

restored.

V. EMBEDDED VIBRATO AND PORTAMENTO PROCESSING

Some plucked-string instruments have no fret. A player’s fiihe finger-gliding effect, the structure of the delay lines shown
gers can glide along strings to produce effects such as widdrig. 4(b) within the corresponding gliding region has to be
range vibrato and portamento. In this section, an embedded@fanged to the PB structure shown in Fig. 4(a). For example,
ficient method for such effects is introduced. An example i§ the w-type parameter is 1 and thetype parameter is O,
shown in the next section. the traveling waves in the upper track and the lower track will

When a left-hand finger is gliding along a string from positiopass through the displacement neuron directly without any
A to position B, as shown in Fig. 7(a), the length of a vibratingnodification. Therefore, the proposed model shown in Fig. 2(b)
string becomes shorter gradually and the pitch of the tone alsghanged to the one shown in Fig. 7(c). If we want to simulate
changes from low to high. On the contrary, when the left-hartie behavior of shortening the string such as the situation of
finger glides along the string from position B to position A, ashortening the length of the model from position A to position
shown in Fig. 7(b), the length of the vibrating string becomds, it can be realized simply by changing theype parameters.
longer gradually and the pitch changes from high to low. If the original value ofp; is r;, the value ofp; is decreased

Since the proposed model is constructed based on tir@dually fromr; to —1 along the solid curve shown in Fig. 8.
physical model of vibrating strings, the length of this modélVhenp; equals to-1, the positiony; becomes a fixed end where
must change as the gliding behavior stated above to simulttie left-going traveling wave in the lower track reflects back to
the vibrato and portamento. In order to realistically produdbe uppertrack with opposite phase. This meansthatthe left-hand
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Fig. 9. Original and synthetic tones of various plucked-string instruments. (a) Steel-string guitar. (b) Nylon-string guitar. (c) Harp. &)Yeigla-chin. (f) Chin.

finger pressed firmly on the physical position corresponding fithe synthesized tones produced with these operations can no
position B. In this case, outputs of all the displacement neurolemger sound so similar to the tones produced by the target
in the region to the left-hand side of position B are forced to zeracoustic instruments. However, if the initial part of the synthetic
On the contrary, if the value ¢f; is restored gradually from1 tone is similar to the original, subjects tend to consider that
to its original valuer; along the dash curve shown in Fig. 8, theéhese two are produced from the same instrument and the
model is gradually restored to the original situation. The pitctpecial effects are simply ornaments.

of synthetic tone will change from high to low.

Vibrato and Portamento effects are actually produced le
combining such shortening and lengthening operations. If the
gliding on the string can be described by a function of time, The followings are the analysis/synthesis experiments
the above effects can be easily achieved by changing-tiipe  with respect to various types of plucked-string instruments,
parameters of the proposed model according to this functiateel-string guitar, nylon-string guitar, harp, Pipa, Yueh-chin,

. ANALYSIS/SYNTHESIS OFPLUCKED-STRING INSTRUMENTS
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TABLE |
THE SIGNAL-TO-NOISE RATIOS OF SYNTHETIC RESULTS CORRESPONDING TOVARIOUS MUSICAL INSTRUMENTS
Musical steel-.string nylon.-string Harp Pipa Yueh-chin Chin
Instruments guitar guitar
SNRs 30.26 21.29 31.16 20.24 21.97 26.49
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Fig. 10. Short-time-Fourier analysis of the signals shown in Fig. 9(d) and (f). (a) STFA of original Pipa tone. (b) STFA of synthesized Pipa tdf&.dfc) ST
original Chin tone. (d) STFA of synthesized Chin tone.

and Chin to demonstrate the performance of the proposéid. 10(c) and (d) that the Chin tone has a smoother decay
method. Pipa, Yueh-Chin, and Chin are three Chinese tgaattern compared to the Pipa tone. Although the SNR results
ditional plucked-string instruments [24]. In each case, thed® not look impressed, such performance is not possible in the
are 7 PBs in the proposed model and each PB contains thpast. In fact, most physical modeling synthesis methods can
displacement neurons. only reproduce the magnitude part of the frequency response.
1) Synthesis ResultsThe analysis/synthesis results arén general, the first few fractions of a second of a tone are how
shown in Fig. 9. Upper part of each subfigure shows the originadople judge the instrument. Listening tests show that subjects
tone and lower part shows the corresponding synthesized tocemn find differences between the original and the synthesized
The waveforms of the original tone and the synthesized tone émees but consider that they do sound very similar and regard
very close to each other. The SNR for each of the pairs is shottrat the tones are generated from the same instruments.
in Table I. By examining Fig. 10(a) and (b), there are still small 2) Portamento EffectsPortamemto and vibrato are fre-
differences coming from the high-frequency components. tuently used in the playing of many stringed instruments. Chin
general, if the sounding mechanism of an instrument is leissan ancient Chinese plucked-string instrument that consists
perfect, the synthesis is more difficult. For example, Pipaf a shallow rectangular-like wooden chamber and seven
a lute-like instrument, has a very thin top plate, a nonrigistrings and is the known instrument that uses portamento and
bridge and less well-constructed strings [25]. Therefore, wdbrato most. Since there is no fret on the top plate, the player’s
response is less smooth compared to instruments such as feftghand fingers can glide along strings to produce vibrato and
and Chin. This can also be seen on the STFT plots shownpiartamento effects.
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Fig. 11. The STFT plot of the synthetic tone with portamento effect. 3]
[4]
[5]

The technique described in the previous section is used
to simulate portamento. Fig. 11 shows the STFT plot of the (6]
simulation. The fundamental frequency is shifted from 190 |7
Hz to 215 Hz. Though the fundamental frequency is shifted
to the desired pitch, the timbre has changed and is different8!
from the Chin used in this experiment. Because the beginninqgl
transient sounds similar enough to the original, this timbre
difference is usually ignored. Nevertheless, to simulate thes@é0l
effects without changing the timbre is still an interesting andm]
challenging topic.

[12]

VII. CONCLUSION AND FUTURE WORK 131

A class of physical modeling recurrent networks is pro-
posed to synthesize musical tones of plucked-string instrtg— 4
ments. All the required parameters of the synthesis mod iL
can be efficiently and automatically obtained by a hybrid
BPTT/SARPROP learning algorithm. It is possible to closely[1®!
synthesize for a specific instrument if electronic musicians
consider the sound of this particular instrument is indis{16]
pensable. The approach is also tested over a wide range of
plucked-string instruments and proven to be a very gener:ﬂ?]
method. Based on this synthesis model, portamento effect can
be easily synthesized. Because the training vector is easy to
obtain, it is possible for users to design their own synthesizers.
Although the computation complexity in the resynthesis pro-
cessing is still large, it is close to the computation complexity[19]
of speech synthesis. Based on the rapid progress of currePB]
DSP processor design, computation cost in this range should
not cause much trouble.

Our future works are stated as follows. First, the SNR ofi?X]
the synthetic tone to the original tone is still not good enoughyyy
Actually, the high-frequency part contributes most of the error.
This will be our major focus. Second, playing techniques play[23]
very important roles in how an instrument sounds. For ex-
ample, Chin has thousands of techniques and each techniqize]
produces a different timbre. How to handle this problem is
a challenging issue. Finally, it is desired to extend the Proos)
posed methodology to other types of instruments such as wind

1147

or struck-string instruments. Because different types of instru-
ments have different structures, it is necessary to design suit-

physical models for them.
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