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Abstract--This paper describes representations of
time-dependent signals that are invariant under
any invertible signal distortion. Such a
representation is created by rescaling the signal
in a non-linear dynamic manner that is
determined by recently encountered signal levels.
Information that is encoded in such
representations will be faithfully communicated

in the presence of severe signal distortions, which

may originate in the transmitter, receiver, or the

channel between them. This technique makes it

possible to establish universal communication
among systems with a wide variety of “voices”
and “ears”. As in speech communication, the
systems do not have to characterize the form of
the signal distortion, which remains unknown.
The technique’s mathematical properties are
illustrated by analytical examples and by
applying it to acoustical waveforms of human

speech. The method is also applied to the time-

dependent spectra of synthetic speech-like
signals.

The results suggest that the new compensate for these distortions.

1. INTRODUCTION

The fidelity of electronic communication |
often degraded when the signal is distorted a
propagates through the transmitter, receiver, anc
channel between them. Most communicatic
systems attempt to correct for these effects
periodically transmitting calibration data (e.g., ti
patterns) so that the receiver can characterize
distortion and then compensate for it
“unwarping” the signal. These techniques may
costly because they take the system “off-line”
brief periods or otherwise reduce its efficiency.

In contrast, humans perceive the informat
content of ordinary speech to be remarka
invariant, even though the signal may
transformed by significant alterations of tl
speaker’s voice, the listener’s auditory appara
and the channel between them. Yet there is
evidence that the speaker and listener exche
calibration data in order to characterize ¢
Evidently,

technique can create speech representations that speech signal is redundant in the sense that liste

are invariant across a wide range of speakers’
voices and listeners’ ears.

Index Terms--sensor, channel, distortion,
calibration, communication, speech recognition,
pattern recognition, computer vision

extract the same content from multiple acou:
signals that are transformed versions of one ano
Human visual perception is also invariant when
raw signal is distorted by a variety of changes
observational conditions. This phenomenon
strikingly illustrated by experiments [1] in whic
subjects wore goggles creating severe geomt
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warping). Although the subjects initially perceiv
the distortion, their perceptions of the wot
returned to the pre-experimental baseline a
several weeks of constant exposure to fami
stimuli seen through the goggles. Apparen
humans utilize recent sensory experiences



automatically “recalibrate” their perception oftraditional calibration procedures. This is done
subsequent sensory data. encoding the information in the above-descrik
In earlier reports [2,3], the author showedsignal invariants, which are not affected by st
how to design sensory devices that behave in thdistortions. The requirement of invertibility
way. In such devices, the signal is represented byralatively weak; it simply means that the distorti
non-linear function of its instantaneous level at eactioes not compromise the receiver’'s ability
time, with the form of this scale function beingdistinguish between signal levels that ¢
determined by recently encountered signal levelslistinguished by the transmitter, and vice versa.
This dynamically rescaled signal is invariant if theSection 2, the method is derived, and then i
signal levels at all times are invertibly transformedllustrated with analytic examples in order
by the same distortion. This is because thdemonstrate its mathematical characteristics.
transformation’s effect on the signal level at anyechnique is applied to the acoustic waveforms
time is cancelled by its effect on the scale functiomuman speech in Section 3. In Section 4,
at that time. This can be understood by consideringethod is applied to the parameterized spectr
the following analogy. The positions of identicalsynthetic speech-like signals in order to show
particles in a plane can be described in terms of @otential for creating speech representations tha
“natural” coordinate system (or scale) that is rootethvariant across a wide range of speakers’ voi
in the particle collection’s intrinsic structure; i.e.,and listeners’ ears. In Section 5, the implication:
the coordinate system that originates at th#his work are discussed, particularly its applicat
collection’s center of “mass” and is oriented alongo speech recognition systems.
its principal moments of “inertia”. Each particle’s

position with respect to this intrinsic scale is 2. THEORY
invariant under rigid rotations and translations that
change all particle coordinates in the extrinsic Let x(t) be the time-dependent signal in t

coordinate system. This is because each partiddleansmitter (e.g., the signal driving its anter
and the collection’s intrinsic coordinate system areircuit), and letX be its value at timd@. In this
rotated and translated in the same manner, so th&ragraph, we show how to rescale the signal I
each particle’'s location with respect to thatat this particular time point. The exact sal
coordinate system is unchanged. Earlier papefgocedure can be used to rescale the signal lev
showed how the signal levels recently detected byather times, thereby deriving a representation of
sensory device may have an intrinsic structure thatire signal time series. Suppose tké) passes
defines a non-linear coordinate system (or scale) aArough all of the signal levels if0, X] at one or
the manifold of possible signal levels [2, 3]. Thémore times during the interval —AT<t<T.
“location” of the currently detected signal level withyere AT is a parameter that can be chosen fre
respect to this intrinsic coordinate system igjthough it influences the adaptivity and noi
invariant under any invertible transformation (linearsensitivity of the method (see below). At ez
or non-linear) of the entire signal time series. This i [0, X], define the value of the function(y) to
because the signal level at any time and the sc
function at the same time point are transformed in a
manner that leaves the rescaled signal level <dx>
y

dt )

unchanged. h(y) =
In this paper, we show how this dynamic

rescaling technique can be used to faithfully _ _ o

communicate information in the presence of anyvhere the right side denotes the derivative avere

invertible signal distortion, without resorting to Over those times inT -AT<t<T when Xx(t)



passes through the valye If h(y) is non-vanishing differentiation, and noting that(t) passes throug!
for ally [J[O, X], it can be used to compute the scal¢he valuey when X (t) passes through the valt

function s(x) on this interval y=x(y), we find b (y) = (:l_x h(y). The function
X
y
s(x) = Y dy @) h' (y) is non-vanishing fory [0, X'] because the
_gh(y) monotonicity of X' (x) implies dX/dx#0. This

means that the process in Eq.(2) can be use
The quantity S=s(X) can be considered to COMpute a scale function(x') on this interval

represent the level of the transmitter sigkait time ,

T, after it has been non-linearly rescaled by meang(x,) _ X dy 2)
of the functions(x). Now, suppose that the signal oh' (y)

in the receiver’s detection circuit is related to the

signal in th_e transmitter by the time-indepepdenﬁ-he quantityS = & (X'
transformationx - X =X (x). The transformation receiver signalX' at time T, after it has beel

X (x) could be the result of a time-independen},c.ged by means of a functigr(x ), which was

distortion (linear or non-linear) that affects theygiyed from X (t) just ass(x) was derived from

signal as it propagates through the internal circuit (t) Because of our assumption that0

of the transmitter and receiver, as well as throug ' . . .
ré"msforms intoxX =0, a change of variable

the channel between them. Furthermore, suppo $_y) in Eq(2) implies $(X)=s(x) and,

that x — X is invertible (i.e.,x (x) is monotonic), :
( () ) therefore,S=S. This means that the rescal

and suppose that it preserves the null signal (I'e\]’alue of a signal is invariant under tl

X (0)=0). As mentioned earlier, the requirementt .
of invertibility is relatively weak. It simply means ransformationx — X.. In other words, the rescale
y y ' Py value S of the undistorted signal level at tinfe

trre]ifei\tg(re’sdzliti(lji;tlotr:) SI?S?ISH ?J?Sth Ct())g:vr\)/re%nrzlss? r:z;%omputed from recently encountered undistor
y 9 9 sjgnal levels, will be the same as the rescaled v

L?X:lf/érsa;.atlt'ehglst:g]r?sli‘grrrﬁg deiéjrr]»Z(E[r)a:?('n[]Qg'S? anf of the distorted signal Ieve-l at tinfe c_omputed
D ' rom recently encountered distorted signal lev:
has the value X=x(X) att=T. During Now, the above procedure can be followed in or
T-AT<t<T, X(t) passes through each of they, rescale the signal levels at times other thar
values in[0,X'], because of our assumption thatrpe resulting time series of rescaled signal ley
x(t) attains all of the values if0,X] during that gt), which the transmitter derives from tt
time interval. Therefore, for eacfi [0, X'], the  transmitted signak(t) in this way, will be identica
process in Eql) can be applied to the transformedo the time series of rescaled signal levelg),
signal in order to define the functidi(y ) at time  \yhich the receiver derives from the received sig

) represents the level of tr

T X (t). Thus, if the transmitter encodes informati
in the rescaled representati&t) of its signal, that

h(y)= <d_><> 1) information will be invariantly communicated to tf
dt/y receiver, even in the presence of invertil

distortions of the propagating signal.
where the right side denotes the derivative averaged Notice that the formsf the scale function:
over those times inT-AT<t<T when x(t) S(x) and s(x') (and of h(y) and h(y)) will
passes through the valug. By substituting usually be time-dependent because they
X (t) = X[x(t)] in Eq.(1"), using the chain rule of computed from the time course of previous



encountered signals. At some times, both thé(y)=(a+b)/2 and St) =gx(t)] =2x(t)/(a+b)
receiver and transmitter may be unable to computeaa each point in time. Figure 1b sho®&), which
rescaled signal level. This will happen if the scalgs the transmitted signal after it has been rescale
function in Eq.(2) does not exist because theach time point as dictated by its earlier tii
quantity h(y) vanishes for somg 0[O, X] or if the  course. Now, suppose that the receiver detec
function h(y) cannot even be computed at soms&ignal that is distorted by any of the following nc
values ofy because these signal levels were ndinear functions: X (x) =g In(1+gXx) where
encountered recently. Because of the monotonicity, > 0. For example, ifg; = 0.5 and g, =150, the
of X (x), neither the transmitter nor the receiver camjistorted signal in the receivex (t) looks like
compute a signal invariant at such times, andsigure 1c. When Eq.(1’) is used to computéy )
therefore, distortion-invariant information cannot b&rom the received signal , the result is:
communicated then. This does not compromise the

fidelity of communication, although its time 1 yig

efficiency is reduced. The inability to compute! (y)—E(a+b)glg2e (3)
signal invariants at some time points means that the

number of independent signal invariants (i.e., th@t each point in time. Then, Eq.(2") shows that

number of time points at whict§(t) can be ygscaled version of the receiver signal is
computed) may be less than the number of degrees

of freedom in the raw signal from which the 2(eX'(t)/gl_1)
invariants were computed (i.e., the number of times (t) = s[X (t)] T g(atb) @)
points at which the signat(t) is transmitted). The 92(a+b)

article analogy in Section 1 suggests that this is ngt I .
gurprising. N%{e that there areg?a number of Iinea%UbSt'tu“ng)((t) =X [x(1)] into Eq.(4) shows thai
relationships among the coordinates of the particles () = t). In other words, the rescaled sigr
when they are expressed in the collection’s intrinsi® (t). which the receiver derives from its distort
“center-of-mass” coordinate system. For examplesignal X (t), is the same as the rescaled sigB@),
their sum vanishes. Therefore, the number ofhich the transmitter derives from its undistort
independent invariants (i.e., the number osignal x(t). This is because the effect of ti
independent particle positions in the intrinsicinvertible signal transformation on the signal le'
coordinate system) is less than the number @it any given time X(t) - X (t)) is cancelledby its
degrees of freedom of the particle collection (i.e.effect on the form of the scale function at that ti
the number of particle locations in an extrinsiqs(x) — s(x)). Notice thats(x) and s(x) (as
coordinate system). This is because some of theell as h(y) and h'(y)) happen to be time
collection’s degrees of freedom were used to definmdependent in this particular example, and t
the intrinsic coordinate system itself. implies thatx(t) and x (t) are rescaled in a time
It is useful to illustrate these results with gjngependent fashion. This is because, in orde
simple example. Suppose the transmitter sign@implify the calculation,x(t) was chosen to b
X(t) is a long periodic sequence of triangmarperiodic and AT was chosen to be an integr
shapes, like those in Fig. 1a. letandb be the pymbper of these periods. In the general case
slopes of the lines on the left and right sidesscale functions depend on time in a manner dict
respectively, of each shape; Fig. la shows thg, the earlier time course of the signal. Howe\

special casea=0.1 and b=-05 (measured in ihe transmitter and receiver will still derive identic
inverse time units). If we choos&T to be an gg|f-scaled signals (i.e.,t)=S(t)), as

integral number of periods of(t), it is easy to see yamonstrated by the proof at the beginning of -
from Egs(1, 2) that the transmitter signal implies



Section and as illustrated by the experimentaignals sound like the word “door”, uttered by

examples in the next two Sections. voice degraded by slight “static”.
The above example suggests how dyna
3. EXPERIMENTS WITH ACOUSTIC rescaling might be used to enable univer

WAVEFORMS OF HUMAN SPEECH communication among systems with a variety
“voices” and “ears”. To see this, imagine that Fi

In this Section, the mathematical propertiea and 2d are the signals in the detector circuit

of dynamic rescaling are further illustrated bytwo receivers, which are “listening” to the sar
applying it to acoustic waveforms of human speechransmission. The non-linear transformation t
An adult male American uttered English words withrelates these raw signals (Fig. 2c¢) could be du
speed and loudness that were characteristic dffferences in the receivers’ detector circuits (e
normal conversation. These sounds were digitizettheir gain curves), or it could be due to differen:
with 16 bits of depth at a sample rate of 11.02% the channels between the receivers and
kHz. Figure 2a shows a 40 ms segment of digitizeglansmitter, or it could be due to a combination
signal (1)), located at the midpoint of the 334 msthese mechanisms. As long as both receivers
signal corresponding to the word “door”. Figure 2ldynamic rescaling to “decode” the detected sign
shows the § representation” (i.e., the dynamically they will derive the same information content (i.
rescaled signab(t)) that was derived from Fig. 2a the same functiors(t)) from them. If one of the
by the method of Section 2. The value®Was receivers is part of the system that originated
determined at each time point by a scale functiotransmission (i.e., if this system is “listening” to
s(x), which was derived from the previous 10 ms obwn transmission), then the information in t
signal (i.e., AT = 10 ms). These scale functions aresignal’s s representation will be faithfully
shown by the horizontal lines in Fig. 2a, whichcommunicated to the other receiver, despite the
denote values ok corresponding tes=50n for that it has different “ears” than the transmitti
n=1, 2,... . Figure 2d shows the signal that wassystem. Alternatively, imagine that Figs. 2a and
derived from Fig. 2a by means of the non-lineafire the signals in a single receiver, when it det
transformation & (x)) shown in Fig. 2c. Figure 2e the signals from two different transmitters. In tl
is the dynamically rescaled signal that was deriveg@se, the non-linear transformation that relates tl
from Fig. 2d with the parametaT chosen to be 10 signals could be due to differences in the “voic
ms. Although there are significant differencedi-€., the transmission characteristics) of the i
between the “raw” signals in Figs 2a and 2d, tkeir transmitters. As long as the receiver “decodes”
representations (Figs. 2b and 2e) are almoéetected signals by dynamically rescaling, it v
identical, except for a few small discrepancies th{€rive the same information content (i.e., the s
can be attributed to the discrete methods used &{t) from them. In other words, it will “perceive
compute derivatives. Thus, theepresentation was the two transmitters to be broadcasting the s:
invariant under a non-linear signal distortion, agnessage in two different “voices”. As mention
expected from the derivation in Section 2. It i¢tbove, the transmitters will derive the sal
interesting to note that this result is apparent wheliformation content as the receivers if they “liste
one listens to the sounds represented in Fig. $0 their own transmissions and then dynamic:
Although all four signals in Fig. 2 sound like thereéscale them. In this way, systems w
word “door”, there is a clear difference between th&€térogeneous “voices” and “ears” might be abl:
sounds of the two raw signals, and there is neommunicate accurately without using calibrati
perceptible difference between the sounds of theRrocedures to characterize their transmission

rescaled representations. In general, the rescalE@ception characteristics. In Section 4, t
proposition is demonstrated in the context o



much more realistic model of differing voices andhe first 167 ms) of the signal excerpted in Fig.
ears. and by applying the non-linear transformation
Some comments should be made abouwkig. 3a to the second half of that signal. Figure
technical aspects of the example in Fig. 2. Thehows thes representation derived by dynamica
dynamically rescaled signals in Figs 2b and 2e wemrescaling Fig. 3b witdT = 10. Comparison of th
computed by a minor variant of the method inatter to Fig. 2b shows that tisaepresentation wa
Section 2. Specifically, we assumed that all signahvariant except during the time peric
distortions weremonotonically positiveand we 167ms<t<177ms. These discrepancies can
restricted the contributions to Eq. (1) and(#J to  understood in the following way. During this tin
those time points at which the signal haplositive interval, the rescaled signal in Fig. 3c was deri
time derivative as it passed through the vajuasd from a mixed collection of signal levels, some
y, respectively. The rescaled signal is stillwhich were transformed as in Fig. 2c and some
invariant because monotonically positivewhich were transformed as in Fig. 3a. This viols
transformations do not change the sign of thénhe proof of invariance (Section 2), which assun
signal’'s time derivative, and, therefore, thethe time-independence of the transformat
functions h(y) and h'(y) were still constructed between the “undistorted” and “distorted” signe
from time derivatives at identical collections of timeNotice the transitory nature of this corruption of 1
points. At each time point, we attempted tcs representation. The rescaled signals in Figs
compute the rescaled signal from the signal timand 3c became identical again, once sufficient t
derivatives encountered during the most recent 1Q\T) elapsed for the distortion to become consit
ms (AT =10 ms). At some times, the signal couldover the time interval utilized by the rescalil
not be rescaled because the signal level at that timpeocedure. In other words, the dynamic resca
was not attained during the previous 10 ms, angbrocess was able to adapt to the new form of
therefore, there were no contributions to the righdistortion and thereby “recover” from tr
side of Eq.(1) for some values wf For example, disturbance. Therefore, if communicating syste
this happened at~1683, 174, and 185 ms in Fig. 2. are encoding information in the signal’s
At such times, a signal invariant could not beepresentation, faithful communication will t
computed, and communication of distortion-reestablished\T time units after a change in tt
invariant information was not possible. Astransmitter’s “voice” or the receiver’s “ears” or tl
mentioned in Section 2, this occurs at identical timehannel between them. This adaptive beha
points when dynamic rescaling is applied to th@éesembles that of the human subjects of the go
“undistorted” signal (e.g., Fig. 2a) and to anyexperiments mentioned in Section 1.
distorted version of it (e.g., Fig. 2d). This means Figure 4 illustrates the effect of noise !
that thes representations of all of these signals ardynamic rescaling. Figure 4a was derived from |
non-existent at identical time points and that at aRd by adding white noise, chosen from a unifc
other times they exist and have the same valuedistribution of amplitudes between —200 and +2
Therefore, this phenomenon does not corrupt th€his causes a pronounced hiss to be superpose
invariance of the signal’'s representation, although the word “door” when the entire 334 ms sou
it does reduce its information content. In thisexemplified by Fig. 4a is played. Figure 4b is $h
experiment, the representation could be computedrepresentation, derived by dynamically rescal
at 92% of all time points. Fig. 4a withAT=10 ms. Comparison of Figs. 4
Figure 3 shows what happened when the, and 2b shows that the noise has caused
nature of the distortion changed abruptly. Thelegradation of the invariance of ths
signal in Fig. 3b was derived by applying the nonrepresentation. This is expected because add
linear transformation in Fig. 2c to the first half (i.e.,noise ruins the invertibility of the transformatio



relating Figs. 4a, 2d, and 2a, thereby violating the The “1D speech” signals were generated
proof of the invariance ddin Section 2. The noise a standard linear prediction (LP) model [4].
sensitivity of thes representation can be decreasedther words, the signals’ short-term Fourier spe:
by increasingAT, because this increases the numbewere equal to the product of an “all pole” trans
of contributions to the right side of Eqg.1, whichfunction and a glottal excitation function. TI
tends to “average out” the effects of noisetransfer function had six poles, two real and fi
However, such an increase AT means that more complex (forming two complex conjugate pair.
time is required for the dynamic rescaling process tbhe resulting speech spectra depended on the v.
adapt to a sudden change in distortion. of eight real quantities, six that described !
positions of the poles and two that described
4. EXPERIMENTS WITH SPECTRA OF pitch and amplitude (“gain”) of the glotte
SYNTHETIC SPEECH-LIKE SOUNDS excitation. Each of these quantities was a func
of a single parameteg), which itself depended o
In the previous Section, dynamic rescalingime. These eight functions described the natur
was demonstrated by applying it to human speedhe speaker’s “voice”, in the sense that they defi
waveforms that were related to one another bthe manifold of all spectra that the speaker cc
invertible transformations in the time domain.produce ag ranged over all of its possible value
However, these transformations incorporated th&he actual sound produced at any given time
effects of a relatively small range of speakersdetermined by these eight functions, together v
“voices” and listeners’ “ears”. For example, signalghe value ofg(t). The latter function defined th
related by such transformations did not mimic‘articulatory gesture” of the speaker, in the se
voices with a significant range of pitches. Thghat it determined how the speaker’s vo
signals produced by a much wider range of “voicesapparatus was configured at each time. In a mu:
and detected by a much wider variety of “ears” caanalogy, theg-dependent functions of the LP moc
be created from a sound’s short-term Fouriewould describe the possible states of a mus
spectra, by distorting the spectral vectors withnstrument played with one finger, and the funct
multidimensional non-linear transformations. Ing(t) would describe the motions of the musicial
this Section, we demonstrate that time-dependefinger as it configures the instrument during
speech spectra, which are related by such invertibparticular tune. In these examples, we conside
transformations, have identical dynamicallyspeakers who produced “voiced” speech sounds
rescaled representations. In other words, suchwere driven by regular glottal impulses. Howev
representation of a given utterance will bet is straightforward to apply the same methods
independent of the speakers and listeners, wHanvoiced” speech sounds that are driven by no
produce and detect it. For computational simplicitylike glottal excitation functions. The pitch of tf
we consider synthetic speech-like signals that aiffirst speaker’s voice was taken to be constant
generated by a “glottis” and “vocal tract” controlledequal to 200 Hz.
by a single degree of freedom. These signals mimic The first listener’s “ears” were described
the “1D speech” produced by multiple musclediis/her method of detecting and processing the i
whose motion is determined by the value of a singldomain speech signals. The above-descri
time-dependent parameter. The same approach cgignals were digitized at 10 kHz, and then shi
be applied to human speech signals, which aterm Fourier spectra were produced from the sig
produced by a vocal apparatus with multiplen a 10 ms Hamming window that was advance
degrees of freedom, by utilizing theincrements of 5 ms. Figure 5b shows |
multidimensional generalization [3] of the spectrogram that resulted from the signal gener
technique in Section 2. by the first speaker’s “voice”, when it went throu



the series of configurations described by the¢hese DCT coefficients. The voice of the abo
“gesture” function in Fig. 5a. The spectrum at eackdescribed speaker was characterized by the
time point was parameterized by cepstraturve (Fig. 6a) swept out by the spectral D
coefficients, which were generated by the discreteoefficients for all possible sounds that could
cosine transformation (DCT) of the log of thegenerated by the vocal apparatus (i.e., all post
spectral magnitude, after the spectral magnitude hadlues ofg). As before, a convenient coordine
been averaged in equally spaced 600 Hz bins. Tlsgstem X’) was established on this curve |
listener described in this paragraph (listener #1) wgwsojecting each of its points onto a connected a
assumed to detect only the third, fourth, and fiftrof chords that hugged the curve. The left side
cepstral coefficients of each spectrum. The cepstriig. 6b is the raw sensory signal(t) that was
coefficients from each short-term spectrum definethduced in listener #2 by the sound in Fig. 5b. N
a single point in this three-dimensional space. Eaahat thex andx’ coordinate systems could bear &
of these points fell on a 1D curve defined by theelationships to the curves in Figs 5c¢ and

cepstral coefficients corresponding to all possibleespectively, and need not have any definite
configurations of the speaker’s vocal apparatus (i.eknown relationship to one another, except t
all possible values af). The precise shape of this x=0 and X =0 must correspond to the san
curve depended on the nature of the speaker’s voiseund (e.g., the same valueg)f In this example.
(specified by theg-dependence of the speechthis condition was satisfied by defining thendx’

model’s poles and other parameters). Figure Seoordinate systems so that= X =0 correspondec
shows the configuration of this curve for the voiceao the first short-term spectrum in the utterance
of the speaker described in the previous paragrapihig. 5b. Alternatively, this could be arranged
A convenient coordinate system (denotedkpwas having both listeners hear any single sot
established on this curve by projecting each of iteroduced by speaker #1 and agree to originate -
points onto a connected array of chords that huggegordinate systems at the corresponding poin
the curve. The raw sensory signal for a specifithe speaker’s “voice” curve; this is analogous
utterance consisted of the temporal sequence hhving a choir leader play a pitch pipe in order
coordinatex(t) that were generated as the cepstrurgstablish a common origin of the musical sc
traversed that curve. Because the spectrogram dimong the singers. Finally, the raw sensory sic
Fig. 5b was generated by an oscillatogyt), in each listenerx(t) and x (t), was processed b
previously generated spectra (and cepstra) wegnamic rescaling wittAT =500ms. The results
revisited from time to time, and the correspondingyre shown on the right sides of Figs. 5d and
cepstral coefficients moved back and forth along thesspectively. Notice the similarity between thes
curve in Fig. 5¢. The left side of Fig. 5d shows theepresentations despite the differences betweer
oscillatory sensory signalt) that was generated in gy sensory signalsx(t) and x (t), from which

this way. _ they were created. This means that the two liste
The ears of a second listener were modelegrcated the same dynamically rescal

in the following manner. The second listener wagepresentation of the utterance, despite the dran
assumed to compute the short-term Fourier speCliffarences in their “ear” mechanisms (Figs. 5¢ ¢
of the time domain signal, as described abovesa) The dynamically rescaled representations v
However, instead of calculating the cepstrum ofne same because the raw sensory signdly,and
each spectrum, the seqond Ilste_ner was assumed)gctt)’ were related to one another by an inverti
compute the DCT of its magnitudadt its log transformation that preserved the null amplitu

magnitude), after it (the spectral magnitude) ha his was true because each listener was sensiti
been averaged in equally spaced 600 Hz bins. Ttgg

X . : e spectral changes produced by all changes
listener detected only the second, third, and sixth nd, therefore, each raw sensory signal 1



invertibly related tay(t). Furthermore, for the same raw sensory signals from different spectrogra
reason,any other gesture functiong(t) that is (Figs. 7a and 5b). This is because these raw ser
invertibly related to the function in Fig. 5a will signals are related by an invertible transformati
generate an utterance with the dynamically rescalésuch a transformation exists because each
representation in the right panel of Fig. 5d. In othesensory signal is invertibly related to the sa
words, the utterances that are produced by thegesture function (i.eg(t) in Fig. 5a).

“different” gesture functions will be internally

represented as the same message uttered in two 5. DISCUSSION
different tones of voice Finally, notice that the
dynamically rescaled representation of This paper describes a non-linear sig

g (t) =g(t) — g(0) is identical to the dynamically processing technique for identifying the “part” of
rescaled representations gft) and x (t). This is signal that is invariant under any invertible sigi
expected becausg(t) is invertibly related to each distortion produced by the tran_smitter, receive_r,
of these sensory signals in a way that transfornf§€ channel between them. This form of the sic
g =0 into x=x=0. This means that the speaker'S found by rescaling the signal at each time, i

creates identical internal representations of both tf@2nner that is determined by its recent time cou

transmitted signal and the “motor” signal that! N€ dynamically rescaled signal (called #s

controls the configuration of the vocal apparatus. '€Presentation) is unchanged if the original sig
The voice of a second speaker was modeldy"€ Series is subjected to any time-indepenc
by choosing differeng-dependent functions for the INVvertible transformation.  Therefore, if

8 quantities in the LP model of the vocal apparatud’@nsmitter —encodes information in th

Specifically, the glottal pitch was set equal to 125epresent_ation, it WiI_I be faithfully c_omm_unicated
Hz, and the poles of the vocal tract transfer functiof'® T€ceiver despite severe distortions of

were chosen to be significantly different function’roragating _S|gnal. This tec_:hnl_que can be use
of g than for the first voice. Figure 7a shows théStablish universal communication among syst
spectrogram produced by this second “voice” whelIth heterogeneous “voices” and “ears”, differil
it made the “articulatory gesture” in Fig. 5a. Figure®?Y Unknown invertible mappings. — Such
7b is the curve in DCT coefficient space induced jyommunication system rgsemble_s speech n
listener #2 by this voice, when it produced alsense that: 1) the same information is carried
possible spectra (i.e., spectra corresponding to ail9nals that are related to one another by a v
possible values af). Figures 6a and 7b show thatVariety of distortions; 2) the transmitter and recei

the listener #2 characterized the first and secorftf€d not explicitly characterize the distortic

voices by dramatically different curves in DcTWhich remains unknown; 3) if the nature of t

coefficient space. The left side of Fig. 7c depictdiStortion changes, faithful communication resun
the raw sensory signat (t) induced in listener #2 2fter a period of adaptation. _

by the utterance in Fig. 7a. As before, the origin of Signals have the sangrepresentation, a
the x’ coordinate system along the curve in Fig. 7 ong as they are related to one anothertime-

was chosen to correspond to the first sounljtvariant invertible transformations. Signals th

spectrum emitted by the speaker. Finally, the rig re related by a t|me-d_epen_dent dl_stort|on may t
side of Fig. 7c is the dynamically rescale |fferent_s representations |m_med|_ately after et
representation of this raw sensory signal. Notic hange mttr:mednature_ of the (I:i_lstoruon (e.g., F'?'
that there is no significant difference between th owetvetr, the ynan;nc res?zillqngé)_r?cetss even du
dynamically rescaled representations in Figs. 7c a apts to the new torm of the distortion, an

: : [ f the signal’s representation is re
6b, despite the fact that they were derived from thiglvariance o . i
utterances of different voices and corresponded E)stabhshed. The length of this period of adapta



is AT, the user-defined parameter that determinamicrophone’s gain characteristics), 2) change:
the length of the signal history that is used to derivthe observational environment that is external to
the dynamic scale at each time point. Decreasirggnsory device and the stimuli (e.g., changes in
AT can reduce the duration of this transienposition and/or orientation of the microphone),
corruption of thes representation. However, this modifications of the presentation of the stim
strategy will tend to reduce thmumberof signal themselves (e.g., modifications of the speak
time derivatives contributing to the signal scale andloice). Unlike conventional sensory systems
thereby increase the noise sensitivity of the scalingevice with this type of “representation engin
process. Conversely, the noise sensitivity ofgshe need not be periodically recalibrated with te
representation can be limited by increasiiy at  stimuli, and its pattern recognition software ne
the cost of increasing the time required for théot be retrained when conditions change. Thi:
dynamic rescaling process to adapt to changes &flvantageous because calibration procedures
signal distortion. be logistically impractical in some situatiol
The family of all signalsx(t) that (remote, unsupervised devices), and, in any ev
dynamically rescale to a given functis(t) can be they reduce the device’s duty cycle by taking
considered to form an equivalence class. If such“aff-line”.
class includes a given signal, it also includes all In Section 4, dynamic rescaling wi
invertible transformations of that signal. Signalglemonstrated by applying it to synthetic spe:
can be assigned to even larger equivalence classggnals produced by a variety of “voices” a
of all signals that lead to the same result whefletected by a variety of “ears.” These experime
dynamic rescaling is applied times in succession, showed that the utterance of any one spe:
whereN>2. Successive applications of dynamidoroduced the same dynamically resca
rescaling may eventually create a function that igepresentations in listeners with different ears (F
not changed by further applications of the procedure and 6). Likewise, identical dynamically rescal
(i.e., the serial dynamic rescaling process may rea¢apresentations were induced in any one listene
a fixed “point”). For example, it is easy to showthe utterances of two speakers, who sough
that, if the dynamic scale of a signal is timetransmit the same message (Figs. 6 and 7).
independent (i.e., ifh(y) ands(x) are time- listener-independence and speaker-independen
independent), it will dynamically rescale to such gdhe dynamically rescaled representations is q
fixed point. Such a signal is loosely analogous tgeneral, even though it was demonstrated in
music, in the sense that musical compositions agontext of a specific family of voice and ear mode
also based on a time-independent scale (e.g., th@ see this, recall from Section 2 that any t
equally tempered scale of Western music). functions have the same dynamically resca
This technology may provide a useful “frontrepresentations as long as they are related b
end” for intelligent sensory devices, such agnvertible transformation. Assume that each liste
computer vision and speech recognition systerm§ sensitive to the differences between any f
[5]. The signals from the system’s detectors woul@onfigurations of a speaker’s vocal apparatus.
be dynamically rescaled, before they are passed fellows that those configurations are invertik
the system’s pattern recognition module for highefelated to the listener’'s raw sensory states wher
level analysis. The representation of a stimulus is vocal apparatus is used to create sounds. There
invariant under changes in observational conditionié the speaker’s utterance is heard by two differ
that cause invertible transformations of the states ¢ifteners with this sensitivity, their raw sensc
the system’s detectors. Such changes may includgates will be invertibly related to one another a
1) alterations of the internal characteristics of theonsequently, have identical dynamically resce
device’s detector (e.g., alterations of arepresentations. Similarly, consider a single liste
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who sensitively hears the utterances of two differerifront end” may not need extensive retraining wt
speakers. Assume that there is an invertiblthe speaker’s voice or certain other conditions
transformation between the two speakers’ vocathanged. Furthermore, the adaptive nature
configurations when they utter the same messagdynamic rescaling might enable it to account
In other words, assume that their vocakoarticulation [4] during human speech. Recall t
configurations are invertibly related because onthe manner in which each sound (i.e., e
speaker mimics the other in a consistent fashion @arameterized spectrum) is rescaled depends o
because both speakers “read” from the same “textiature of recently encountered sounds. It could
in a consistent manner. Then, the raw sensolepend on the nature of sounds to be encounter
signals induced in the listener by the two speaketbe near future, if the intervaAT is defined to
will also be invertibly related. This is because thesmclude timesafter the sound to be rescaled.
sensory signals are invertibly related to vocabther words, the dynamically rescal:
configurations, which are themselves invertiblyrepresentation of each sound spectrum depenc
related. It follows that the listener will construct anits acousticcontext(defined by the endpoints ¢
identical dynamically rescaled representation ofAT), similar to the contextual dependence
each speaker’s utterance. As mentioned in Secti@peech perception that is the hallmark of
4, because the raw sensory signals are invertibgoarticulation phenomenon. Finally, the forego
related to the vocal apparatus configurationsonsiderations make it tempting to speculate !
producing those signals, the “motor” signgft) the human brain itself decodes speech signal:
controlling an utterance will have the sameconstructing some type of dynamically resca
dynamically rescaled representation as the utterangersion of speech spectra. This could accour
itself. This is consistent with the “motor” theory ofpart for the ease of speech communicat
speech perception [6]. involving a variety of speakers, listeners, a
Although the experiments in Section 4 wereacoustic environments
performed with 1D-speech signals, it is
straightforward to generalize the methodology to REFERENCES
signals produced by models with multiple degreeEl] R. Held and R. Whitman,Perception:
of freedom. For example, consider the spectra Mechanisms and ModeglsV. H. Freeman, Sa
generated by a vocal apparatus with two degrees of Francisco, CA, 1972.
freedom. Each spectrum will correspond to a poirf2] D. N. Levin, “Time-dependent signz¢
on a 2D subspace (i.e., a sheet-like surface) in the representations that are independent of se
space of spectral parameters (e.g., cepstral calibration”, J. Acoust. Soc. AmVol. 108,
coefficients), and each utterance will be November 2000, p. 2575.
characterized by a trajectory on this 2D surface. I[8] D. N. Levin, “Stimulus representations that &
reference 3, the author demonstrated several invariant under invertible transformations
techniques for dynamically rescaling such signals sensor data'Proc. SPIE Internat. Sympos. Me
with two (or more) degrees of freedom. It may be Imag, San Diego, CA, 17-22 February 2001.
computationally practical to apply this technique td4] L. Rabiner and B-H. Juandsundamentals o
human speech that is generated by a vocal apparatus Speech RecognitiprEnglewood Cliffs, N.J.:
with a relatively small number of degrees of Prentice Hall, 1993.
freedom. For the reasons cited in the previou®] D. N. Levin, patents pending.
paragraph, such a device would generate the saifg@ A. M. Liberman, F. S. Cooper, D. P.
internal (dynamically rescaled) representation of Shankweiler, and M. Studdert-Kennedy,
any given utterance by a wide variety of speakers. “Perception of the speech cod@5ych. Rey
Therefore, a speech recognition device with such a Vol. 74, 431-461, 1967.
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Figure 1. a) The transmitter signat(t) describing the transmission of a long succession of identical pulses that are
uniformly spaced in time. b) The signal representatit) that results from applying the dynamic rescaling method in
Section 2 either to the signal in pamebr to the distorted version of that signal in panelc) The receiver signal
obtained by subjecting the transmitter signad to the distortion:x' (x) = g, In(1+ g,x) whereg, =0.5 and g, =150.
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Figure 2. a) A signal obtained by digitizing the acoustic signal of the word “door”, uttered by a male speaker of
American English. A 40 ms segment in the middle of the 334 ms signal is shown, with time given in ms. The horizontal
lines show signal amplitudes that have dynamically rescaled values eqrmlb@n for n=1, 2,... . b) The signab(t)

(in units ofps) obtained by dynamically rescaling the signal in panalith the parametefAT=10 ms. c¢) The non-linear
function x (x) that was used to transform the signal in panglto the one in panel. d) A distorted version of the

signal in paneh, obtained by applying the non-linear transformation in paned) The signal obtained by dynamically
rescaling the signal in panglwith the parameteAT=10 ms.
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Figure 3. This figure shows the effects of an abrupt change in the distortion of the signal. a) A non-linear signal
distortion. b) The signal obtained by applying the transformation in Fig. 2c to the first half (167 ms) of the signal
excerpted in Fig. 2a and by applying the distortion in parielthe second half of that signal. c¢) The signal obtained by

dynamically rescaling the signal in paibelsing the paramet&T=10 ms.

a b

—
=
{-‘

-15§0

-2000

Figure 4. The effect of noise on the dynamic rescaling process. a) A signal derived from the signal in Fig. 2d by adding
white noise with amplitudes randomly chosen from a uniform distribution between —200 and +200. b) The signal

obtained by dynamically rescaling the signal in panslth AT=10 ms.
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Figure 5. Speaker #1 and listener #1. a) The time course of the paragnetieich describes the state of speaker #1's

vocal apparatus, during a particular utterance. Time is in seconds. b) The spectrogram of the sound produced by spea
#1 during the utterance describeddt) in panela. Time is in ms. c¢) The curve swept out by the third, fourth, and fifth
cepstral coefficients of the spectra produced by speaker #1's vocal tract when it passed through all of its possibl
configurations (i.e., when the paramegepassed through all of its possible values). d) Left: the raw sensory signal
induced in listener #1 when speaker #1 uttered the sound produced by the sequence of vocal apparatus configurations
panela. Here,x denotes the instantaneous position of the sound spectrum’s cepstral coefficients with respect to a
convenient coordinate system along the curve in panellime is in seconds. Right: the dynamically rescaled
representation of the raw sensory signal on the left.
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Figure 6. Speaker #1 and listener #2. a) The curve swept out by the second, third, and sixth DCT coefficients of the
spectra produced by speaker #1's vocal tract, when it passed through all of its possible configurations. b) Left: the ra
sensory signal induced in listener #2 when speaker #1 uttered the sound produced by the sequence of vocal appara
configurations in Fig. 5a.Here,x’ denotes the instantaneous position of the sound spectrum’s DCT coefficients with
respect to a convenient coordinate system along the curve in @ariéme is in seconds. Right: the dynamically
rescaled representation of the raw sensory signal on the left.
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Figure 7. Speaker #2 and listener #2. a) The spectrogram produced when speaker #2 uttered the sound described by !
“gesture” functiong(t) in Fig. 5a. Time is in ms. b) The curve swept out by the second, third, and sixth DCT
coefficients of the spectra produced by speaker #2's vocal tract when it passed through all of its possible configuration
(i.e., when the parametgrpassed through all of its possible values). c) Left: the raw sensory signal produced in listener
#2 when speaker #2 uttered the sound produced by the sequence of vocal apparatus configurations in Figx5a. Here,
denotes the instantaneous position of the spectrum’s DCT coefficients with respect to a convenient coordinate systel
along the curve in panél Time is in seconds. Right: the dynamically rescaled representation of the raw sensory signal
on the left.
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