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Perceptual Tests of an Algorithm for Musical Key-Finding

Mark A. Schmuckler and Robert Tomovski
University of Toronto at Scarborough

Perceiving the tonality of a musical passage is a fundamental aspect of the experience of hearing music.
Models for determining tonality have thus occupied a central place in music cognition research. Three
experiments investigated 1 well-known model of tonal determination: the Krumhansl-Schmuckler
key-finding algorithm. In Experiment 1, listeners’ percepts of tonality following short musical fragments
derived from preludes by Bach and Chopin were compared with predictions of tonality produced by the
algorithm; these predictions were very accurate for the Bach preludes but considerably less so for the
Chopin preludes. Experiment 2 explored a subset of the Chopin preludes, finding that the algorithm could
predict tonal percepts on a measure-by-measure basis. In Experiment 3, the algorithm predicted listeners’
percepts of tonal movement throughout a complete Chopin prelude. These studies support the viability
of the Krumhansl-Schmuckler key-finding algorithm as well as a model of listeners’ tonal perceptions
of musical passages.
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As a subdiscipline with cognitive psychology, music perceptionbest exemplar of the key, with the importance of this tone indicated
provides a microcosm for investigating general psychologicalby the fact that it is this pitch that gives the tonality its name. The
functioning (Schmuckler, 1997b), including basic psychophysicalremaining pitches (with the complete set composed of 12 pitches
processing, complex cognitive behavior (e.g., priming, memorycalled thechromatic scalgthen vary in terms of how representa-
category formation), issues of motor control and performance, andve they are of this tonality relative to this reference pitch.
even social and emotional influences on musical behavior. Within - Within Western tonal music, there are two categories of musical
this broad range, the apprehension of music has been most vigokey—major andminor tonalities. For any given reference pitch, it
ously studied from a cognitive standpoint. One example of the typgs possible to produce a major and a minor tonality, with each
of insights into basic cognitive function afforded by such researchonality establishing a unique hierarchical pattern of relations
is found in work on the psychological representation of pitch in aamong the tones. Moreover, major and minor tonalities can be
tonal context (e.g., Krumhansl, 1990; Schmuckler, 2004). built on any chromatic scale tone; thus, there are 24 (12 major and

A fundamental characteristic of Western music is that the indi-12 minor) tonalities used in Western music. For all of these keys,
vidual tones making up a piece of music are organized around gowever, the theoretical pattern of note relations holds, with the
central reference pitch, called thanic or tonal center with music  tonjc functioning as the reference pitch and the remaining tones
organized in this fashion said to be in a musikay or tonality.  yarying in their relatedness to this reference pitch. Table 1 presents
Tonality is interesting psychologically in that it represents a verythis theoretical hierarchy for the k2mitonegthe smallest unit of
general cognitive principle: that certain perceptual and/or conceppitch change in Western music) for both major and minor
tual objects have special psychological status (Krumhansl, 1990} 5jities.

Within psychological categories, for example, there is a gradient of - ymhans| and colleagues (Krumhansl, 1990; Krumhans|, Bha-
representativeness of category membership, such that some MeRicha, & Castellano, 1982: Krumhansl, Bharucha, & Kessler,
bers are seen as central to the category, functioning as referen(iggz; Krumhans| & Kessler, 1982; Krumhans| & Shepard, 1979)
points, whereas other members are seen as more peripheral 1o theye provided psychological verification of this theoretical hier-
category and, hence, function as lesser examples (see RoSCljy ysing what is known as thpgobe-tone proceduren this
1975). This characterization is particularly apt for describing mu-nqcequre, a listener hears a context passage that unambiguously
sical tonality. In a tonal context, the tonic note is considered thgiantiates a given tonality. The context is then followed by a
probe tone, which is a single tone from the chromatic scale, and
listeners provide a goodness-of-fit rating for this probe relative to

Mark A. Schmuckler and Robert Tomovski, Department of Life Sci- the tonality of the previous context. By sampling the entire chro-
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Table 1 Madurell, Tillman, & Pineau, 1999; Bigand, Poulin, Tillman,

The Theoretical Hierarchy of Importance for a Major and Madurell, & D’Adamo, 2003; Tillman & Bharucha, 2002; Till-

Minor Tonality man, Bharucha, & Bigand, 2000; Tillman & Bigand, 2001; Till-
man, Janata, Birk, & Bharucha, 2003). Thus, the probe-tone pro-

Hierarchy level Major hierarchy Minor hierarchy  cedure, and the ratings to which it gives rise, is a psychologically

Tonic tone 0 0 robust assessor or assessment of tonality.

Tonic triad 47 37

Diatonic set 25911 25810 Models of Musical Key-Finding

Nondiatonic set 136810 146911

Given the importance of tonality, it is not surprising that mod-
eling the process of musical key-finding has, over the years, played
a prominent role in music-theoretic and psychological research,

represent the average ratings for the probe tones, taken frofgsulting in models of key determination from artificial intell@-
Krumhansl and Kessler (1982), and generally conform to thedence (e.g., Holtzman, 1977; Meehan, 1980; Smoliar, 1980; Wino-
music-theoretic predictions of importance given in Table 1. So, forgr?d’ 1_968): neural network (Leman, 1995a, 1995b; Sh_mulev_lch &
example, the tonic note for these tonalities, the tone C (semitond!i-Harja, 2000; Vos & Van Geenan, 1996), musicological
0), received the highest stability rating in both contexts. At the nex{Brown, 1988; Brown & Butler, 1981; Brown, Butler, & Jones,
level of importance were ratings for the notes G (semitone 7) and
E (semitone 4) in major and D#E(semitone 3) in minor (see
Table 1 and Figure 1). Without describing the remaining levels in 707 —@— Wajor Context
detail, the ratings for the rest of the chromatic scale notes map B Minor Context
directly onto their music-theoretic descriptions of importance. In 6.0 —
addition, Krumhansl and Kessler (1982) found that these patterns
of stability generalized to keys built on other tonics. Accordingly,
the profiles for other keys can be generated by shifting the patternss -0 7
of Figure 1 to other tonics. The bottom panel of Figure 1 shows IS
this shift, graphing the profiles for C and F# major tonalities. ", 4, _
Overall, these findings provide strong evidence of the psycholog- &
ical reality of the hierarchy of importance for tones within a tonal 0;3
context. <
One issue that has been raised with this work involves concerns
over the somewhat subjective nature of these ratings as a viable
model of perceivers’ internal representations of tonal structure.
Although it is true that these ratings are subjective, the probe-tone
technique itself has proved to be a reliable means of assessing the 1.0 T T T T T T T T
perceived stability of the tones of the chromatic scale with refer- Nqe: CCH DDHEF FAEG GE A A# B
ence to a tonality (see Smith & Schmuckler, 2004, for a review). Semitone: 0 2 3 4 5 7 8 9
For instance, the ratings arising from this procedure have been
found to match with the tonal consonance of tone pairs (see 7.0 —
Krumhansl, 1990, pp. 50—62) and mimic the statistical distribu-
tions of tone durations or frequency of occurrence of tones within - - = _| B F#Major
actual musical contexts (see Krumhansl, 1990, pp. 62—76). Thus, ’
the tones that are the most important from music-theoretic and
psychological perspectives are those that most frequently occur o 5.0
are heard for the longest duration. Conversely, theoretically ands
psychologically unimportant tones are both less frequent and occhf)
for shorter durations. )
Probe-tone data have been found to be related to a number ot
psychological processes, including memory confusions betweeré 3.0 —
notes in a recognition memory context (Krumhansl, 1979) and
memory confusions of chords within a musical context (Bharucha

Note. Semitones are numbered 0-11.

3.0 —

4.0 —

& Krumhansl, 1983; Justus & Bharucha, 2002). Moreover, probe- 204

tone findings are related to reaction times for perceptual judgments

of tones (Janata & Reisberg, 1988), listeners’ abilities to sponta- 1.0 T T T T T T T T T T
neously detect “wrong” notes in an ongoing musical context CCE DDEEF FEG G A A% B

(Janata, Birk, Tillman, & Bharucha, 2003), and tonality has also
been found to influence the speed of expectancy judgments
(Schmuckler & Boltz, 1994) and the intonation and/or dissonancerigure 1. Krumhansl and Kessler (1982) tonal hierarchies: C major and
judgments of chords (Bharucha & Stoeckig, 1986, 1987; Bigandminor (top) and C and F# major (bottom).

Note
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1994; Browne, 1981; Butler, 1989, 1990; Butler & Brown, 1994), Bach and Shostakovich on a sequential, note-by-note basis. Finally, in
and psychological (Huron & Parncutt, 1993; Krumhansl, 1990,the third application, the algorithm traced tonal modulation through-
2000b; Krumhansl & Schmuckler, 1986; Krumhansl & Toiviainen, out an entire Bach prelude (No. 2 in C Ming¥ell-Tempered Clavier,
2000, 2001; Longuet-Higgins & Steedman, 1971; Toiviainen & Book Il), comparing the algorithm’s behavior with analyses of key
Krumhansl, 2003) perspectives. Although a thorough review ofmovement provided by two expert music theorists.

this work would require a study in and of itself (see Krumhansl, without going into detail concerning the results of these tests
2000a; Toiviainen & Krumhansl, 2003, for such reviews), cur- (see Krumhansl, 1990, pp. 77-110, for such a review), in general
rently, one of the most influential approaches to key-finding fo- the algorithm performed successfully in all three applications. For
cuses on variation in the pitch content of a passage (e.g., Huron &xample (and deferring a more specific description until later), in
Parncutt, 1993; Krumhansl & Schmuckler, 1986; Longuet-Higginsappication |, the algorithm easily determined the designated key
& Steedman, 1971; Parncutt, 1989; Shmulevich & Yli-Harja, of the prelude on the basis of the first few note events for the Bach
2000; V_os & Van c_;ee_nan, 1996). Perhaps the best known of such,y snostakovich preludes. Success on the Chopin preludes was
models is the key-finding algorithm of Krumhansl and Schmuckler e jimited, with this modest performance providing support for
(1986, described in Krumhansl, 1990). This algorithm operates b3étylistic differences typically associated with Chopin’s music.

pgttem matchjng the tonal hierarchy valugs for the different tonaI-When determining the key of the fugue subjects (Application 1),
ities with statistical properties of a musical sequence related t?he algorithm was able to find the key in fewer notes than other

note occurrence and/or duration. . )
Specifically, the key-finding algorithm begins with the creation m-od(-els that have been applleq (o this same cprpus €g., .Longuet
: . . Higgins & Steedman, 1977)Finally, the key-finding algorithm
of an input vector, which consists of a 12-element array represent- : . . )
losely mirrored the key judgments of the two music theorists

ing values assigned to the 12 chromatic scale tones. The inp lication I11Y. althouah the fit bet the theorists’ iud A
vector is then compared with stored representations of the 24 ton pplication Ili), although the fi etween fhe Iheorists judgments
was stronger than was the algorithm to either theorist. Thus, in its

hierarchy vectors, taken from Krumhansl and Kessler (1982), 7 e . L
resulting in an output vector quantifying the degree of matchlnltla| a.ppllcatlons, thg key-flndlqg algorithm proveq effectlve in
between the input vector and the tonal hierarchy vectors. Althougl{€termining the tonality of musical excerpts varying in length,
the most obvious measure of match is a simple correlation, othd?©Sition in the musical score, and musical style.

measures, such as absolute value deviation scores, are possible/Although successful as a (quasi-) music-theoretic analytic tool, it is

Correlation coefficients are convenient in that they are invarian@nother question whether the key-finding algorithm can capture the
with respect to the range of the input vector and have associatgegychological experience of tonality. Although not directly answering
statistical significance tables. this question, a number of psychological studies over the years have
One of the strengths of the key-finding algorithm is that param-used the Krumhansl-Schmuckler algorithm to quantify the tonal
eters pertaining to the input and output vectors can vary dependininplications of the stimuli in their experiments. For example, Cuddy
on the analytic application. For example, if the goal is to assign &éand Badertscher (1987) used a variant of the Krumhansl-Schmuckler
single key to a piece of music, then the input vector can be basedlgorithm to determine the tonal structure of ratings provided to the 12
on the first few elements of the piece, the ending of that samdones of the chromatic scale when these tones were presented as the
piece, or the summed duration of all notes in the piece. Possibléinal note of melodic sequences. In a similar vein, Takeuchi (1994)
output measures are the key with the highest correlation in theised the maximum key-profile correlation (MKC) of the Krumhansl—
output vector, along with the magnitude of this correlation, as wellSchmuckler algorithm to (successfully) predict tonality ratings and
as other keys with significant correlations. Alternatively, if the (unsuccessfully) predict memory errors for a set of melotliesa
goal is to detect a change in tonality across sections of a piece, thanore thorough test of the algorithm’s ability to predict memory errors,
input vectors could contain either the beginnings of the differentFrankland and Cohen (1996) used the key-finding procedure to quan-
sections or the sections in their entirety, with the output againify the degree of tonality of a short sequence of tones interpolated
consisting of the identity and magnitude of the key with the highestetween a standard and comparison tone. They found that memory
correlation. The algorithm can also be used to trace key movemeniccuracy and, to a lesser extent, reaction time were well predicted by
throughout a piece. In this case, the input could be based omodels of the stimuli that incorporated the implied tonality and tonal

variouswindows made up of summed durations of notes occurringstrength of the initial standard tone and the interpolated sequence.
within these windows. Again, the output measure of interest might

be either the single highest correlation or the pattern of correlations—

across keys. Finally, the algorithm can be used to determine *Vos and Van Geenan (1996) have also used Bach’s fugue subjects as

listeners’ percepts of tonality arising from a psychological study.a basis for comparing their key-finding model with the Krumhansl—

In this case, the input could be goodness-of-fit ratings, memorySchmuckler algorithm. Despite their claims to the contrary, Vos and Van

scores for tones. or even reaction times to tones. with the outp&eenan’s model performs, at best, on par with the Krumhansl-Schmuckler

being some combination of the keys with significant correlations®9°1thm and, in many ways, not as efficiently. o

or the pattern of correlations across keys. 2 Takeuchi (1994) does note that design parameters may have limited the
Initially, Krumhans| and Schmuckler explored the key-finding al- algorithm’s effectiveness with reference to memory effects. Specifically, in

ithm's ability to det . tonality in th licati Takeuchi’s study, altered versions of standard melodies were created by
gorithm's ability to determine tonality in three applications (see changing one tone in a seven-note sequence, with this change constrained

Krumhansl, 1990). In the first application, the algorithm predictedgcp, that it did not modify either the pitch contour or the MKC for the
tonalities for sets of preludes by Bach, Shostakovich, and Chopirgjtered version. As such, the ability of the MKC for predicting memory
using only the initial segments of each prelude. In the second applierrors was assessed only indirectly, by having a range of melodies that
cation, the algorithm determined the tonality of fugue subjects bwaried in their MKC.
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Unfortunately, none of this work directly tested the algorithm’s hearing these segments. Cohen used four different excerpts from
ability to model listeners’ percepts of tonality (but see Toiviainen each prelude, including the first four note events (i.e., successive
& Krumhansl, 2003, for recent work on this issue). In this regard,note onsets) in the prelude, the first four measures, the first eight
any number of questions could be considered. For example, givemeasures, and the final four measures. Analyses of these vocal
a corpus of short musical passages varying in their tonality, do theesponses indicated that, for the first four note events, listeners
algorithm’s predictions of musical key reflect listeners’ percepts ofchose the “correct” tonality (the tonality as indicated by Bach) as
tonality with these same segments? Or, when presented with #aeir dominant response mode. When hearing either the first four
longer, more extended musical passage, can the algorithm traak eight measures, however, there was considerably less congru-
listeners’ percepts of key movement, or what is cattestiulatior? ence in perceived tonality, suggesting that listeners might have
In this latter case, if the algorithm can model listeners’ percepts obeen perceiving key movement in these segments. Finally, the last
tonality, is there an optimum window size for creating the inputfour measures again produced strong percepts of the correct key, at
vector? Given its nature, too small a window runs the risk ofleast for the preludes in a major key. For the minor preludes, the
producing highly variable judgments of tonality (Krumhansl, last four measures produced a strong response for the major
1990; Temperley, 1999), whereas too large a window does viotonality built on the same tonic (e.g., a response of C major for the
lence to temporal order information (e.g., Butler, 1989) and po-last four measures of the prelude in C minor). Far from being an
tentially masks key movement or secondary key influences. error, this finding likely represents listeners’ sensitivity to what

The goal of these studies was to examine such questions comusic theorists call th@icardy third or the practice of baroque
cerning the key-finding algorithm’s ability to predict listeners’ composers of ending pieces written in a minor key with a major
percepts of tonality. It should be noted, though, that, despite beingriad.
presented within the context of musical cognition research, the Thus, Cohen’s (1991) study suggests that listeners can per-
results of these studies have broad implications for issues pertairceive the tonality of musical segments based on only the first
ing to basic perceptual processing. For example, the algorithm’éew notes. Given that this study was limited in the number of
performance speaks to issues concerning the viability of pattertonalities examined (only 12 of the 24 preludes were tested), the
matching in perceptual recognition and identification. Patternmusical style explored (the baroque music of Bach), and
matching has been, over the years, much maligned in perceptugtirough the use of a production, as opposed to a perception,
theory, and as such, evidence that a pattern-matching processsponse measure (see Schmuckler, 1989, for a discussion of
successfully models musical understanding provides renewed sughe limitations of production measures), the current experiment
port for this seemingly (too) simple process. In a different vein,provided a more thorough assessment of listeners’ perceptions
issues revolving around the window for producing the input vectorof key in response to short musical fragments. As such, ratings
provide insight into constraints on perceptual organization and thef tonality in response to the first few notes of 24 preludes by
amount and type of information that can be integrated into aBach and 24 preludes by Chopin were gathered. These ratings
psychological unit. These issues, as well as others, are returned veere then compared with tonality judgments predicted by the
in the General Discussion. algorithm.

Experiment 1: Perceived Tonality of the Initial Segments 104
of Bach and Chopin Preludes
) o o o Participants. Twenty-four listeners participated in this study. All lis-
As already described, the initial application of the key-finding teners were recruited from the student population (mear=age.4 years,
algorithm involved determining the tonality of the beginning seg-SD = 1.7) at the University of Toronto at Scarborough, receiving either
ments of preludes by Bach, Shostakovich, and Chopin, with thesourse credit in introductory psychology or $7.00 for participating. All
algorithm successfully determining the key of the Bach and Sholisteners were musically sophisticated, having been playing an instrument
stakovich preludes but having some difficulty with the Chopin (Or singing) for an average of 7.4 yeafsi{= 3.1), with an average of 6.2
excerpts. This variation in performance provides an ideal situatiof¢2"s 8D = 3.4) of formal instruction. Most were currently involved in
- , s s , music making 1 = 3.7 hr/week,SD = 4.4), and all listened to music

for a test of the algorithm’s ability to predict listeners’ percepts of

ical k it V. two i b ined. Fi egularly M = 17.5 hr/weekSD = 14.6). All listeners reported normal
musical key. Quite generally, two issues can be examined. Firs earing, and none reported perfect pitch. Some of the listeners did report

does_ the algorithm eﬁeCt'Vely_m'm!c_ l'St_enerS’ perceptlon__% of key'familiarity with some of the passages used in this study, although subse-
predicting both correct tonal identifications as well as failures of quent analyses of these listeners’ data did not reveal any systematic
tonal determination? Second, when listeners and the algorithm fadifferences from those listeners reporting no familiarity with the excerpts.
to identify the correct key, do both fail in the same manner? That Stimuli and equipment. Stimuli were generated with a Yamaha TX816
is, does the algorithm predict the content of listeners’ incorrectsynthesizer, controlled by a 486-MHz computer, using a Roland MPU-401
identifications? To explore these questions, this experiment lookei!ID! interface. All stimuli were fed into a Mackie 1202 mixer and were

at percepts of tonality for the first few notes of preludes by Bachamplified _and presented to listeners by means of a pair of Boss MA-12
and Chopin. micromonitors.

- . . . . All stimuli were derived from the preludes of Bach&ell-Tempered
th A;ntsddltlpngl lrrf1pettus for IOOk.Igg at SUChI.thSICal,Segmenlt[s 1S lavier, Book | and the Chopin preludes (Op. 28) and consisted of a series
a . ere _'S' In fact, some ev_l ence on liSteners  percepts Of¢ q,niey passages, each with a set of probe tones. Sample contexts for
tonality as induced by the opening passage of the Bach preludeg,me of these preludes are shown in Figure 2. All 24 preludes (12 major

Cohen (1991) presented listeners with passages from the first 1ghd 12 minor) for Bach and Chopin were used as stimuli, producing 48
(of 24) preludes from Bach'#/ell-Tempered Clavier, Book&nd  contexts in all. Based on Application | of the Krumhansl-Schmuckler
had listeners sing the first musical scale that came to mind aftealgorithm, the context passages consisted of the first four (or so) notes of
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Figure 2. Sample four-note contexts: four from Bach and four from Chopin.

the preludes, regardless of whether these notes occurred successively mobes nevertheless had a clear pitch chroma but not pitch height; use of
simultaneously. Thus, if the first four notes consisted of individual suc-such tones thus reduces the impact of pitch height and voice leading on
cessive onsets outlining an arpeggiated chord (e.g., Bach’s C or F# majdisteners’ ratings.

prelude; see Figure 2), these four notes were used as the context. In|n general, both the loudness and the duration of the tones were varied
contrast, if the first four notes were played simultaneously as a chord (e.gacross contexts to provide as naturalistic a presentation as possible. For
Chopin’s C minor prelude; see Figure 2), the context consisted solely ogxample, although all stimuli were played at a comfortable listening level,
this chord. In some cases, more than four notes were included in thesg stimuyli in which there was a clear melody with harmonic accompani-

contexts; this situation arose because of.tt?e occurrence of simultaneoyse; the intensity of the melody line was increased slightly relative to the
”‘?tes in the initial note_ events (e.g., Chopin’s C minor, G# minor, and B_ remaining notes. Similarly, all stimuli were played in a tempo approximat-
minor preludes; see Figure 2). Although more prevalent with the Chopin L .
LT ) . . \ g a natural performance, although for stimuli in which the tempo was
preludes, this situation did arise with the Bach preludes (e.g., Bach’s F#1 . - ) :
. . . - . Hwte fast (e.g., Chopin’stEmajor prelude), the tempo was slowed slightly,
minor prelude; see Figure 2). Twelve probe tones were associated witl . h ) ) .
. . qu for a stimulus in which the first four (or more) events were a single
each context passage and consisted of the complete chromatic scale. In ah, hord. the | h of thi o ¢ 400 o
576 stimuli (48 preludes by 12 probe tones) were used in this experiment 0"t ¢hord, the length of this event was set to a minimum of 400 ms. On
The timbre of the context passage was a piano sound; details concernirdy €/29€. the Bach contexts lasted for 856.2 ms (individual context range
this timbre are provided in Schmuckler (1989). For the probe tones, thé00—3,200 ms). The Chopin contexts lasted for 668.4 ms (individual
probe was played across seven octaves (using the piano timbre for ea§@ntext range= 300-1,500 ms). Presumably, such variation in loudness
note), with a loudness envelope that attenuated the intensity of the lowetnd tempo has little impact on listeners’ ratings; Cohen (1991), for exam-
and higher octaves in a fashion similar to that of Shepard’s (1964) circulaple, used stimuli excerpted from a phonographic recording of the Bach
tones. Although not creating probes that were truly circular in nature, thes@reludes and still produced highly regular results.
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Design and procedure. Listeners were informed that there would be a .001, and tonic note and probe tof¢121, 2552)= 7.16, MSE =
series of trials in which they would hear a short context passage followe® .27, p < .01, were all significant. For the three-way effects, the
1 s later by a 600-ms probe note. Their task was to rate, using a 7-poinhteractions between composer, tonic note, and probe K&y,
scale, how well the probe tone fit with the tonality of the context in a 2662) = 3.24,MSE = 2.27,p < .01, and composer, mode, and

musical sense (% tone fit very poorly 7 = tone fit very well. Listeners robe toneF(121, 2662)= 2.26, MSE = 2.19,p < .001, were
typed their response on the computer keyboard and then pressed the eng?cgth significant. Finallv. and most important. all of these effects
key to record their response. After listeners responded, the next trial begal 9 ' Y, p ’

automatically. are qualified by the significant four-way interaction among all
Time constraints prevented presenting listeners with all 576 contextfactors,F(121, 2662)= 1.84, MSE= 2.19,p < .001. Essentially,

probe pairings. Accordingly, half of the listeners heard the Bach contextsthis result reveals that despite the variability in ratings for indi-
probes, and the remaining listeners heard the Chopin contexts—probegidual participants, listeners’ ratings for the probe tones did, in
resulting in 288 (24 preludes 12 probes) experimental trials per listener. fact, vary systematically as a function of the tonality of the context
These trials were arbitrarily divided into four blocks of 72 trials, with a passage regardless of whether the context passage was in a major
different random ordering of trials for all listeners. Prior to the first block, or minor mode and whether the context was drawn from the Bach
listeners had a practice sgssion to_familiarize them yvith t'he rating task_ angr Chopin preludes. Thus, this finding validates that the different
the structure of the experimental trials. For the practice trials, two 'deahzeqcontext passages, even though short in duration, nevertheless in-

major (C and F#) and minor (E and Bcontexts (e.g., diatonic scales) were h . S . .
created, with the typical 12 probe tones associated with each context. chuced different tonal hierarchies in listeners. The nature, including

the practice block, 10 of the possible 48 trials (4 tonalitied2 probes) the ide“t“}’ (e.g., which tor_wality) and the_ strength of these tonal
were picked at random. The total session of 298 trials took about 1 hr. AfteP€TCEPtS, is another question, one that is addressed by the next

the study, listeners completed a music background questionnaire and wegalyses.
debriefed as to the purposes of the study. The primary question to be answered by the next analyses

involves whether listeners’ tonal percepts, as indicated by their
probe-tone ratings, were predictable from the tonal implications of
these same contexts as quantified by the key-finding algorithm. As
As a first step in data analysis, intersubject correlation matrices first step, probe-tone ratings for each key context for each
were calculated, aggregating across the 12 major and 12 minaromposer (e.g., all ratings following Bach’s C major prelude,
preludes for each composer. For the Bach contexts, listener8ach’'s C# major prelude, Chopin’s C major prelude, etc.) were
ratings were generally interrelated, mean intersubjé286) = averaged across listeners and then used as the input vector to the
.236,p < .001. Of the 66 intersubject correlations, only 1 was key-finding algorithm. Accordingly, these averaged ratings were
negative, and 12 were statistically insignificant (2 additional cor-correlated with the 24 tonal hierarchy vectors, resulting in a series
relations were marginally significanps < .07). Although statis-  of output vectors (for each context for each composer) indicating
tically significant, on an absolute basis these correlations arghe degree of fit between the listeners’ probe-tone ratings and the
worryingly low. It should be remembered, though, that listenersvarious major and minor tonalities. These rating output vectors can
only provided a single rating for each context—probe pairing;then be scrutinized for any number of properties.
hence, a certain degree of variability is to be expected on an The first aspect to be considered is whether or not listeners
individual subject basis. Ratings for the Chopin preludes wereperceived the “intended” tonality for each prelutfdendedrefers
considerably more variable, mean intersubjg286) = .077,ns to the key that the composer meant to be invoked by the prelude
Of the 66 intersubject correlations, 12 were negative and 43 werand is indicated by the key signature of the composition. To
statistically insignificant (with 3 additional correlations marginal). examine this question, the correlation corresponding to the in-
Although also worrisome, that the Chopin intersubject correlationdended key in the listeners’ rating output vector was compared with
were less reliable than the Bach correlations could indicate thathe correlation for the same key taken from the algorithm’s output
these stimuli were more ambiguous in their tonal implications. vector. Table 2 presents the results of the correlations with the
As a next step in data analysis, the probe-tone ratings weretended key for all of the Bach and Chopin contexts.
analyzed using an analysis of variance (ANOVA) to determine Table 2 reveals that for the Bach preludes, listeners were quite
whether the different tonal contexts in fact induced systematicallysuccessful at determining the intended tonality of the excerpts. For
varying ratings on the different probe tones. Such an analysis i23 of the 24 preludes, the correlation with the intended key was
particularly important given the variability of the Bach and Chopin significant, and for 21 of the 24 preludes this correlation was the
ratings on an individual-subject basis. Toward this end, a four-wayhighest positive value in the output vector. The algorithm was
ANOVA, with the between-subjects factor of composer (Bach vs.similarly successful in picking out the intended key. All 24 cor-
Chopin) and the within-subject factors of mode (major vs. minor),relations with the intended key were significant; this correlation
tonic note (C, C#, D, D#, E, F, F#, G, G#, A, A#, B), and probe was highest in the output vector for 23 of 24 contexts.
tone (C, C#, D. .., B) wasconducted on listeners’ ratings. The  In contrast, performance with the Chopin preludes was much
output of this omnibus ANOVA is complex, revealing myriad more variable. Listeners’ probe-tone ratings correlated signifi-
results. In terms of the main effects, the only significant result wascantly with the intended key for 8 of the 24 preludes; this value
for probe toneF (11, 242)= 5.81,MSE= 4.18,p < .01. None of = was the highest key correlation in only 6 of 24 contexts. The
the remaining main effects were significant, although the mainalgorithm was similarly limited in its ability to pick out the
effect of composer was margin&l(1, 22) = 3.87,MSE= 93.68, tonality, determining the intended key in 13 of 24 cases; this
p < .06. Of the two-way effects, the interactions between com-correlation was the maximum value for 11 of 24 preludes.
poser and tonic noté;(11, 242)= 2.14, MSE = 3.55,p < .05, Given that both the key-finding algorithm and the listeners
composer and probe tong(11, 242)= 4.40,MSE = 4.18,p < experienced difficulty in determining the intended key of the

Results
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Table 2
Correlations for the Intended Key, as Indicated by Composer, Taken From the Rating and Algorithm’s Output Vectors for Both Bach
and Chopin

Bach Chopin Chopin output

Prelude Algorithm Listeners Algorithm Listeners Vector correlations
C major 81+ e Rl .81+ .B9** el
C minor .92xxx 87k .88rx* .83x* .92%**
C#/Db major .83k** .88**x .82%** .68** .88**x
C#/Db minor 87xk* T2%xx .25 -.09 .37
D major 73R .82%*x .27 .61 48**
D minor R2H il 91xxx 76*** .32 .40*
D#/Eb major 87 78¥*x .59** .39 .38
D#/Eb minor LQ2%* .90*** g i 42 B9rr*
E major .83+** .85%*x .88*** A1 61+
E minor .92xxx .80+ .55 .45 .68***
F major .83+** 75%*x 76 T4%* 73
F minor .85*** B57** .00 —.10 .30
F#/G major 67 W {ohid .88*** .56 .69***
F#/G minor L93x* .B1x* .38 .58** RSV fd
G major .83+** W T9F** 67 el
G minor .85*x* .84k .21 -.07 .10
G#/Ab major 87 73R 76%** .30 7L
G#/Ab minor .83x* Noykid .85%** -.01 .10
A major £ il T4 .49 .58** 76%**
A minor .82xk* .88rr* —-.08 41 -.23
A#/Bb major .88*** .52 .53 .55 73R
A#/Bb minor Rel il .88rx* .18 .00 —.05
B major .68** o R .38 .03 .69*F**
B minor .83x* .60** .92%xx .14 51

*p=.05 *p<.05 **p< 0L

Chopin preludes, it is of interest to examine more closely both setsorrelation R = .76, p < .001); both factors contributed signifi-

of output vectors to determine whether the listeners and the algozantly to this prediction8 (algorithm) = .38, p < .05, andf

rithm behaved similarly irrespective of whether or not the intended(listeners)= .51,p < .01.

key was found. This issue was explored in two ways. First, the

correlations with the intended key for the algorithm and the lis-piscussion

teners (see, e.g., the third and fourth columns of Table 2) were

themselves correlated and were found to be significantly related, The primary result arising from this study is that the

r(22) = .46, p < .05. Figure 3 presents this relation graphically Krumhansl-Schmuckler key-finding algorithm provided, at least

and reveals that those preludes in which the algorithm failed tdor the Bach preludes, a good model of listeners’ tonal percepts of

find the key tended to be those in which listeners similarly failedshort musical fragments, with the intended key of the preludes both

to determine the key, and vice versalthough there are clearly Predicted by the algorithm and perceived by the listeners. What is

deviations between the two sets of correlations. most striking about this finding is that both algorithm and listeners
Second, the complete pattern of tonal implications for eacHin the aggregate) made accurate tonal responses based on remark-

Chopin pre|ude was examined by Corre|ating the a|gorithm’s out.ably scant information: the first four to five note events, |aSting (On

put vector, which represents the goodness of fit between th@verage) less than 1s. Such aresult speaks to the speed with which

musical input and all major and minor keys, with the listeners'tonal percepts establish themselves.

output vector. Although such correlations must be treated with The results from the Chopin preludes are also illuminating albeit

some degree of caution, given that the values in the output vectof@ore complex. At first glance, it seems that these findings repre-

are not wholly independent of one another (this issue is exploregent poor tonal determination by the algorithm and hence under-

further in theDiscussionsection), the results of these correlations score a significant weakness in this approach. It is important to

(see Table 2) are nonetheless intriguing. Of the 24 correlationéémember, though, that even though the intended key was not

between output vectors, 16 were significant, with 1 additional

marginally significant correlation; aggregating across all preludes;, 3 A comparable analysis of the Bach preludes failed to reveal any

the output vectors for the algorithm and the listeners were signif-_ . i ) .
. L relation between intended key correlations for the listeners and the algo-
icantly related,r(574) = .58, p < .001. Not surprisingly, the

g : , . fithm, r(22) = .0001,ns Although worrisome at first blush, it must be
strength of the relation between the algorithm’s and _“Stenersremembered that both listeners and algorithm were uniformly successful
output vectors was related to the strength of the correlation for the, tonal determinations with these preludes; thus, the lack of a correla-

intended key, with the value of the intended key correlation fortion in the strength of these determinations might simply reflect ceiling
algorithm and listeners significantly predicting the output vectorperformance.
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Figure 3. Intended key correlations for algorithm and listeners’ probe-tone ratings for the Chopin contexts.

picked out by the algorithm it still performed comparably to alpha level is chosen somewhat arbitrarily, not based on any
listeners’ actual judgments of tonality. Thus, situations in whichprincipled reason.
the algorithm failed to determine the intended key were also those As an alternative means of assessing the importance of output
in which listeners failed to perceive the intended tonality. Accord-vector correlations, one can compare the obtained output vector
ingly, the Krumhansl-Schmuckler key-finding algorithm might be correlations with correlations for two input vectors with a known
actually picking up on what are truly tonally ambiguous musicaljevel of musical relatedness. Although this method relies on an
passages. intuitive judgment for assessing the fit between output vectors,
Before accepting such an interpretation, however, it is importantomparing output vector correlations with output vectors for well-
to discuss a problematic issue with the means used for assessiRgown musical relations is nonetheless informative. Accordingly,
the fit between listeners’ tonal perceptions and the algorithm’soutput vectors were generated using different ideal key profiles
tonal predictions for the Chopin preludes. Specifically, this fit wasihemselves as input vectors. These output vectors were then cor-
measured by comparing the output vector value for the intendedy|ted to give a sense of how strong a correlation might be
key for both algorithm and listeners and by correlating both gy nected for two input vectors embodying a well-known musical
listeners’ and algorithm's output vectors. Although the first of ro\4ti0n Taple 3 lists the results of a number of such comparisons.
these measures is noncontroversial, the problem with this seconds <oan in Table 3, the strongest correlation between output

a_ssessment procedure is that, because the ideal key profiles EUgctors, .804, is found for input vectors comprising a major tonic

with each individual kev making up the outout vector are them And its relative minor (or a minor tonic and its relative major), such
y 9 up P as C major and A minor (or C minor and Enajor). Next comes

selves largely nonindependenthis lack of independence be the correlation for input vectors comprising a major tonic and its

tween the individual values of the output vector has the rather, ~ ) . .
. - . dominant, such as C major and G major, with an output vector
unfortunate consequence of spuriously raising the correlation co-

efficients when two output vectors are themselves correlated. correlation of .736. Using correlations such as these as a yardstick,

One method of addressing this issue would be to adopt a stricter
criterion for statistical significance when comparing the correla- 4 thege values do have some degree of independence, given that the
tion between two output vgctors. Thus, for ins.tarllce,. an alph.a !eveﬂutput vector consists of correlations for both major and minor keys. The
of .01, or even .001, might be used for indicating statisticalideal profiles for the major and minor keys, although cyclical permutations
significance. A drawback to this solution, though, is that this newwithin each set, are themselves independent.
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Table 3 is a mystery as to why listeners failed to perceive this key in
Correlations Between Output Vectors Based on Calculating the Experiment 1. One potential explanation for this result might
Krumhansl-Schmuckler Key-Finding Algorithm Using Different simply have to do with the fact that the actual context patterns
Ideal Key Profiles as the Input Vectors heard by listeners for these preludes were, in fact, quite short.
Based on the tempo of these preludes, each context actually lasted
less than 500 ms. Thus, it might be that listeners simply required

Correlation between

Input vector 1 Input vector 2 output vectors . .
more time to apprehend these otherwise clear key contexts.
Major tonic Major dominant 736 Different patterns of tonal instantiation are also possible. The
Mm_or EO”_'C ) toni l\élnlo;_dom[nant( on -%6‘4 contexts for the A major and B major preludes appear in the
ajor (minor) tonic elative minor (major, . . .
Major (minor) tonic Parallel minor (major) 514 second panel of Figure 4. Inspection of these passages reveals that,

although the intended key eventually becomes clear, it does not do
so immediately. Thus, for these preludes, it might be that listeners
need a longer context to determine the key. A third pattern of tonal
it might be understood that output vector correlations of greateinstantiation can be seen in the third panel of Figure 4 and
than .736 or .804, then, represent a reasonably compelling degregpresents the converse of the previous example. In this case,
of fit.® although the home key is presented initially, the tonal implications
Using these correlations as a basis of comparison, it is instructive tgf the music quickly move toward a different key region. As

note that all of the significant output vector correlations shown indescribed earlier, such movement is called modulation and is a
Table 2 were at least as strongly related as the relation between @mmon aspect of Western tonal music. Chopin’s E major and C#
major key and its parallel minor (two reasonably strongly relatedminor preludes provide examples of this pattern.

musical tonalities), and a good many were more strongly correlated a fing| pattern of tonal implications appears in the bottom panel
than the two closest musical relations: that between a major tonalityg Figure 4 and is exemplified by the preludes in A minor and F
and its relative minor and a major tonality and its dominant. Thus, this,inor. For these preludes, there truly does not appear to be any

comparison indicates that even though the output vector correlatiorﬁear sense of key that develops, at least initially. This suggests
are inflated because of lack of independence, they are neverthel

. . . ) t, for contexts such as these, listeners’ tonal percepts might
e e v v 121 PN reman b 2 0 ke

Ql'he questign regmains of courge as to w.hat it was about some Application of the key-finding algorithm to these contexts con-

. ' o : Irms th intuitions of how the tonality of th vel-

of the Chopin preludes that led both listeners and algorithm to fail st es_e tuitio S.O O. t _eto a t_y of these pz_assages deve
. S ; . . ops over time. For this application, the input vector included all of
in determining the key. Clearly, one potentially important factor is he duration information for each musical measure (all of the
stylistic: Chopin’s music makes heavy use of the chromatic set (aIF . . . . .
12 notes of the scale). Accordingly, it could well be that the tonalm_usw’aI notes occurring Ibetv_veen th? vertical lines) at one time,
implications of Chopin's music might be quite subtle, with the vv_|th no overlap of duration information b_etV\_/een the_ measures.
consequence that more information is thus needed (by both Iister%:-'gure_4 also shows the results of thg key-finding algonthm.'s tongl
ers and algorithm) to clearly delineate tonality, although it must beana!yss of each of these measures in terms of the correlations leh
recognized that the length of these contexts makes the communiP€ intended key and reveals reasonably good correspondence with
cation of significant stylistic information somewhat improbable. € earlier descriptions of key development. ,
Nevertheless, it still might be that four to five note events are 1 his application of the key-finding algorithm suggests an inter-
simply not sufficient to reliably determine tonality for Chopin's ©Sting extension of tf‘e earlier test, with the algorithm now pre-
music. Examining this issue is one of the goals of Experiment 2dicting how listeners’ sense of key might change as the music

Experiment 2: Perceived Tonality in Extended Chopin s o, analogous analysis involves mapping different input vectors onto a
Contexts two-dimensional representation of Krumhansl and Kessler's (1982) four-

. . . imensional torus model of key space, using Fourier analysis procedures
Experiment 1 demonstrated that tonality could be determme(fsee Krumhansl, 1990; Krumhansl & Schmuckler, 1986, for examples of

based on limited musical information, at least for the Bach pre+is approach). Such an analysis reveals that, for instance, the distance
ludes. In contrast, key determination was much more difficult forpetween a major tonic and its dominant is 79.2°, whereas the distance
the Chopin preludes, presumably because of stylistic factors thajetween a major tonic and its relative minor is 49.6° (the maximum
necessitate more information for tonal determination with thedistance in key space is 180°). In fact, these two procedures (correlating
Chopin preludes. output vectors of ideal key profiles and comparing distance in key space)
To make matters even more complex, a closer examination oproduce comparable patterns. Mapping into key space is intriguing in that
the Chopin preludes reveals that these preludes do not uniformlya"c’ids the_problem_of the nonindependence of the output vector values,
instantiate the tonality of the intended, or home, key in their initial 9'Ve" that this analysis operates on the input vectors themselves. As such,
segments. Rather, the instantiation of the intended key is morg does prowd_e some_ewdence that the correlational values, although
. . . inflated by their lack of independence, nevertheless represent a reasonable
f:omplex, ShOWII’!g a variety of ernerglng pattgrrjs. One patterr?neans of assessing relative degrees of relatedness between the key impli-
involves the straightforward, consistent instantiation of the home.ations of various input patterns. Unfortunately, though, distance in key
key. Preludes such as the Anajor and B minor, shown in the top  space is not as easy to grasp intuitively as correlating output vectors, nor
panel of Figure 4, provide exemplars of this pattern. As an asidegoes it have any means for assessing fit in a statistical sense. As such, the
given that these preludes do present clear key-defining elements,dtitput vector correlation approach was adopted in the current context.
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Figure 4. Four-measure contexts for Chopin's Anajor, B minor, A major, B major, E major, C# minor, A
minor, and F minor preludes. Correlations with the intended key for each measure of the musical score, based
on the Krumhansl-Schmuckler key-finding algorithm, are shown above each excerpt.

progresses. The goal of this experiment was to assess these phecause he failed to complete the study (as a result of experimental ennui).

dictions of tonal development using these contexts as stimuli in &\l listeners were recruited from the student population at the University of

probe-tone experiment. Toronto at Scarborough (mean age20.9 yearsSD = 1.8) and received

course credit in introductory psychology for participating. All listeners had

Method some musical training, having played an instrument or sang for a mean of

7.9 years $D = 4.6) and received formal instruction for a mean of 6.1

Participants. The data from a total of 16 listeners were ultimately used years §D = 3.3). Most 6 = 12) were currently involved in music making

in this experiment; the data from 1 additional listener was discardedM = 2.8 hr/weekSD = 3.6), and all listened regularly to musid (= 16.2
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hriweek, SD = 14.6). All listeners reported normal hearing, and none listeners in increasing order of length (i.e., all Measure 1 contexts in the
reported perfect pitch. A few listeners reported that they did recogniz€first block, Measures 1-2 contexts in the second block, Measures 1-3
some of the musical passages, although none named the actual piecesntexts in the third block, and Measures 1-4 contexts in the fourth block).
presented. Within each block the order of the different context and probe pairings for
Stimuli, equipment, design, and procedurdll stimuli were generated  all preludes was randomized for each listener. Accordingly, listeners re-
and presented to listeners using the same equipment as in the previoasived four blocks of 96 trials, producing 388 trials in all. Listeners were
study. Stimuli were derived from the Chopin preludes (Op. 28) and agairgiven the same instructions as in the previous study and typed in their
consisted of a set of contexts and associated probe tones. Eight preludessponse (on a 1-7 scale) using the computer keyboard. The entire exper-
were chosen for study (see Figure 4), including the preludesimAjor, imental session lasted approximately 30—45 min, after which listeners
B minor, A major, B major, E major, C# minor, A minor, and F minor. For were debriefed.
each prelude, four different contexts were produced. The first set of
contexts consisted of Measure 1 of each prelude; the second set of conte%s
consisted of Measures 1 and 2 from each prelude; the third set of contex

consisted of Measures 1, 2, and 3 of each prelude; and the fourth set of The first step in dat VSis i \ved calculating int biect
contexts consisted of Measures 1, 2, 3, and 4 of each prelude. Figure 5 € Tirst step In data analysis Involved calculating intersubjec

presents a sample of the contexts for the B minor prelude. Each context w&0rrelations. As before, it is important to remember that, because
associated with the 12 probe tones. The four different context sets (i.elisteners received only a single repetition of each context passage
Measure 1, Measures 1-2, Measures 1-3, Measures 1-4) were considei®dd probe, variability is expected in these rating profiles. Aggre-
four experimental conditions and were presented in a blocked fashion tgating across the four blocks of trials, listeners’ ratings were
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Figure 5. Sample contexts for Chopin’s B minor prelude, Measures 1-4, as a function of the different length
conditions.
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interrelated, and intersubject correlations ranged froi®4 to .49, Second, the complete patterns of tonal implications for the
mean intersubjeat(384) = .14,p < .006. Of the 120 intersubject preludes were examined by correlating the output vectors for the
correlations, 79 were significant, and 9 were negative. algorithm and the listeners’ ratings. The results of these correla-

Next, listeners’ probe-tone ratings were analyzed using a thregtions, as a function of the different context lengths, appear in Table
way ANOVA, with the within-subjects factor of context length 5. Overall, there was strong correspondence between the output
(Measure 1, Measures 1-2, Measures 1-3, Measures 1-4), kewctors, with all correlations significant. Moreover, output vectors
(Ab major, B minor, A major, B major, E major, C# minor, A were just as related for situations in which both listeners and
minor, and F minor), and probe tone (C, C#, D, D#, E, F, F#, G,algorithm found the intended key (e.g., Measures 1-3 and Mea-
G#, A, A#, B). As with the earlier study, the output of this omnibus sures 1-4 for the A and B major preludes, based on Table 3) as
ANOVA is quite complex. There were main effects for context they were for situations in which one or the other found the
length,F(3, 45) = 3.96,MSE= 11.11,p < .05; key,F(7, 105)= intended key (e.g., Measure 1 for the B minor or E major; Mea-
6.76,MSE= 14.17,p < .001; and probe ton&(11, 165)= 11.25, sures 1-4 for the C# minor) and in which neither algorithm nor
MSE = 7.36,p < .001. The two-way interaction between context listeners found the intended key (e.g., all contexts for the A minor
length and key was also significari(21, 315)= 3.84, MSE = prelude). Finally, and with respect to the concern about the non-
3.69,p < .001, as was the interaction between key and probe tonendependence of values of the output vector, 22 of 32 of these
F(77, 1155)= 4.84, MSE = 3.27,p < .001. The interaction correlations were greater than what would occur between a major
between context length and probe tone was not signifid&33, tonic and its dominant (two highly related keys), and 31 of the 32
495) = 0.69,MSE = 2.2, ns. All of these results, however, were values exceeded the correlation between a tonic and its parallel
qualified by the significant three-way interaction among contextminor (see Table 3). As such, it seems reasonable to conclude that,
length, key, and probe ton&(231, 3465)= 1.40,MSE = 2.10, irrespective of the variation in the ability to perceive the intended
p < .001, which indicates that the ratings for the probe toneskey, both listeners and the algorithm picked up on comparable
varied because of the length and tonality of the context. Again, thigonal implications.
finding simply validates that the different contexts did indeed
inducg varying percepts in listeners. The next series of analyseﬁiscussion
investigated these percepts more closely.

As with Experiment 1, average probe-tone ratings were created A number of intriguing findings arise from this study. First and
for each key context (i.e., Amajor, B minor, A major, B major, foremost, the algorithm again was able to model listeners’ percepts
E major, C# minor, A minor, and F minor) for each context length of tonality, both in situations in which a given tonality was clearly
(i.e., Measure 1, Measures 1-2, Measures 1-3, Measures 1-4) amstantiated and when a passage was more unclear as to its key.
were then used as input vectors to the key-finding algorithm.Thus, the inability of the algorithm to determine the (intended) key
Examination of the tonal implications of these passages themwf a specific passage does not necessarily imply a failing of the
proceeded along two lines. First, the correlations with the intendeclgorithm but rather indicates a true tonal ambiguity in the passage.
key were compared on a measure-by-measure basis for the algdegether, Experiments 1 and 2 strongly suggest that the key-
rithm and the probe-tone ratings. Table 4 presents these correléinding algorithm can model listeners’ percepts of tonality in
tions for all preludes, and Figure 6 graphs these correlations for theituations of both tonal clarity and tonal ambiguity.

Ab major, B major, C# minor, and A minor preludes; each of these Second, the algorithm was able to track changes in listeners’
preludes represents one of the patterns of key influences describ@ercepts of musical key across extended passages. Of course, an
earlier. Overall, both Table 4 and Figure 6 show a reasonablémportant caveat to this result is that the contexts used here were
correspondence between the predictions of the algorithm and thetill short (only four musical measures), and as such it is unclear
listeners’ percepts of the intended key; aggregating across the fouvrhether the observed changes truly represent modulations of the
context lengths for each prelude, these correlations were thenglobal tonality or rather reflect changes in more local underlying
selves correlated(30) = .78,p < .001. harmonies without true key modulation.

Table 4

Correlations Between Listeners’ Probe-Tone Ratings and the Algorithm’s Key Predictions With the Intended Key for the Contexts of
Experiment 2

Measure 1 Measures 1-2 Measures 1-3 Measures 1-4

Key Algo List Algo List Algo List Algo List
Ab major il .55 76+ .60** 44 i 7 4rrx .50
B minor .9Q** .48 .Q2%xx .56 .Q2%xx 76+ .89*r* .55
A major 42 .39 .37 A7 .83k .8h*** .88 .68**
B major .45 42 43 .46 .Q2%xx .81+ .86*** 4k
E major Q2%kx .50 .22 .03 .88 44 .16 .34
C# minor .90 .88 .Q5xxx .82%** .32 .52 .36 72%x*
A minor -.30 —-.12 -.30 —.06 .13 .09 -.15 .04
F minor .54 .50 .54 A7 .23 .54 .22 B1**

Note. Algo = algorithm; List= listener.
*% p < 05 *kk p < 01
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Figure 6. Correlations with the intended key for the algorithm (algo) and listeners’ (list) ratings for lthe A
major and B major (top) and C# minor and A minor (bottom) preludes. The .05 significance level is indicated.

Disentangling these two alternatives is, in fact, tricky, raisingalgorithm only taking into account local note information? Explor-
issues as to whether tonality is a global property of musicaling these questions was the goal of the final study in this series.
passages or whether it is better thought of as a local phenomenon,
only involving percepts of relatively recent materials. The answer Experiment 3: Key Modulation in Chopin’s E Minor
to this question has implications for how best to apply the algo- Prelude
rithm. Should, for example, the algorithm operate on the entire set
of music up to a given point in time, or is it more appropriate to use The primary goal of Experiment 3 was to examine the key-
some form of weighted moving window of note durations, with the finding algorithm’s ability to track listeners’ percepts of key mod-
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Table 5 passage of music. Using this technique, these authors demon-
Correlations Between the Output Vector Generated From the strated that a modified version of the key-finding algorithm (de-
Listeners’ Probe-Tone Ratings and the Output Vector Generatedcribed in more detail subsequently) provided a good fit to listen-
by the Key-Finding Algorithm for the Preludes of Experiment 2 ers’ percepts of key movement in Bach'’s ordauetto(BWV805).

In this regard, the current study replicates these earlier results and
Key ~ Measure 1 Measures 1-2 Measures 1-3 Measures 1-gytends these findings to a more chromatic musical style.

Ab major .54 7GRk A5 g7 A secondary goal of this study was to explore the issue of global
B minor 8oxH% T0%* Kepiid 8O** versus local influences on tonal perception. This question was
A major .90%** BT .98k .90%*+ examined by systematically varying the amount of musical infor-
B major -ggiz Z;é:i -g%:: -ggf: mation used to make up the input vector for the key-finding
E#mr?i%r Pl petl P g algorithm. Such a question is critical in that the choice of how the
A minor Zgxek 5grek gOr* gk input vector is constructed (i.e., what segment of music is used to
F minor 51 T1rx .89r** .80%** generate this vector) is the only free parameter in this model.

In exploring an extended musical passage, there are, in fact, any
number of candidates for the segment of music that could make up
the input vector. At one extreme, the input vector could consist of
an aggregation of all of the tone durations that have occurred up to
ulation throughout a single piece of music. Although Krumhansla given point in time. Such an approach provides a very global
and Schmuckler’s third application of this algorithm (see Krum- level of tonal analysis, one that takes into equal account everything
hansl, 1990) was specifically designed to investigate key modulathat has occurred prior to a specific position. The disadvantage to
tion in an extended musical context, the algorithm was comparethis approach is that no special significance is attached to any prior
with two music theorists’ key judgments and not with perceptualevent. Intuitively, though, it seems that recently occurring musical
judgments. Thus, just as with Experiment 1, this study extends thenformation should receive some priority in tonal determination,
key-finding algorithm’s performance to listeners’ explicit percep- based on psychological influences such as recency effects (e.g.,
tual judgments. Murdock, 1962). Moreover, this form of aggregated information

Examination of the algorithm’s ability to track the perception of will also likely gloss over points of modulations. Such positions
key modulation is important in that a number of authors haveare interesting in that it is at these points that listeners’ tonal sense
specifically questioned whether a structural approach is robustight be strongly driven either by current or even upcoming
enough to model this aspect of musical behavior. Butler (1989), foevents.
instance, although not critiquing the key-finding algorithm explic-  Accordingly, a more local method of generating the input vector
itly (likely because Butler's comments preceded the publication ofmay prove more effective. In this case, the input vector could be
the key-finding algorithm in Krumhansl, 1990), has pointedly based on only the immediately preceding musical materials, al-
questioned whether tonal hierarchy information (on which thethough the question still remains as to how much information is to
key-finding algorithm is based) is useful in key-finding in general count as “immediately preceding.” One could, for instance, use
and in tracking modulation in particular: The key profile “does not only the most recent musical events (i.e., the note or chord strictly
describe how we hear moment-to-moment harmonic successiongeceding the position in question), or one could include a slightly
within a key; indeed, the theory offers no precise description oflarger amount of immediately preceding material. This latter strat-
how we initially identify the key itself, or recognize key modula- egy was used in Experiment 2, in which the input vector was based
tions” (Butler, 1989, p. 224). Other authors, such as Huron andn all of the note durations of the single measure preceding the
Parncutt (1993) and Temperley (1999), have expressed similaprobe and not strictly on the final event(s) of that measure.
albeit more muted, reservations concerning the algorithm’s ability The previous two models represent extremes on a global versus
to track key modulation. Temperley (1999), for instance, suggesttocal continuum; combinations of these two are also conceivable.
that the algorithm is limited in that it only produces a single key One compromise would be to use more than just local information
judgment for a passage (as opposed to being sensitive to multipleut less than the cumulative information. Accordingly, the input
key influences) and that it is insensitive to factors such as inertiavector could consist of information from the previous few chunks
in key movement (e.g., a tendency to remain in an already estalef music, with the contributions of earlier chunks weighted to
lished key). mimic deterioration or loss of information as a result of memory

To date, there are two published accounts of such a test of thprocesses. Again, the size of the window for these chunks of
key-finding algorithm. Using the probe-tone method, Smith andmusical information, as well as the weighting function used, are
Cuddy (Cuddy & Smith, 2000; Smith & Cuddy, 2003) utilized the open questions.
key-finding algorithm as a model of tonality in their intensive  All of these approaches have involved the inclusion of previ-
investigation of multiple aspects of the opening phrase ofously heard information. As a general category, such models can
Beethoven’sWaldsteinpiano sonata (Op. 53) and found that the be considered memory models. Along with an influence from
algorithm was able to model listeners’ tonal percepts across thismemory, music cognition research has highlighted the importance
phrase. Similarly, Krumhansl and Toiviainen (Krumhansl, 2000a,0f the anticipation of upcoming events in the apprehension of
2000b; Krumhansl & Toiviainen, 2001; Toiviainen & Krumhansl, music. Such work on musical expectancy (e.g., Bharucha, 1994;
2003) developed a variant of the probe-tone procedure in whiclBharucha & Stoeckig, 1986, 1987; Bigand et al., 1999; Bigand &
listeners provided a continuous rating (through the use of a comPineau, 1997; Bigand et al., 2003; Cuddy & Lunney, 1995; Jones,
puter slider) for an individual probe tone relative to an ongoing1981, 1982, 1990; Krumhansl, 1995; Meyer, 1956; Narmour,

* p < 05 **p< 0L
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1989, 1990, 1992; Schmuckler, 1989, 1990, 1997a; Schmuckler &on of the various experimental manipulations. Aggregating
Boltz, 1994) has demonstrated myriad influences on the apprehemcross the eight blocks of trials, listeners’ ratings were only weakly
sion of, response to, and memory for musical materials (seeelated, with intersubject correlations ranging from22 to .45,
Schmuckler, 1997a, for a review). Moreover, work on musicalmean ofr(94) = .08, ns Of the 120 correlations, only 23 were
expectancy has demonstrated that tonality is a major determinassignificant. Although alarmingly low, it should once again be
on the formation of expectations (e.g., Schmuckler, 1989, 1990)emembered that listeners heard each context—probe pair only
Accordingly, upcoming (not-yet-heard) information seems a likelyonce; hence, a fair degree of intersubject variability, although
candidate for inclusion into a model of tonal determination. unfortunate, is to be expected.

Finally, of course, both memory and expectancy factors can be Probe-tone ratings were then examined in a two-way ANOVA,
combined with current information for the determination of tonal- with the within-subject factors of context (Probe Position 1
ity. Once again, the exact size of the windows for memory, currentthrough Probe Position 8) and probe tone (C, C#, D .. ., B). This
and expectancy information, along with the relative weighting of ANOVA revealed main effects for both contefg(7, 105)= 3.53,
these components, is unclear. Nevertheless, a model combiningSE= 4.02,p < .01, and probe ton&;(11, 165)= 6.18, MSE=
these features may well prove quite powerful in predicting listen-5.01, p < .01, as well as a (marginally) significant interaction
ers’ percepts of tonality. Exploring these issues involving thebetween the twdi (77, 1155)= 1.27, MSE= 2.75,p = .06, Once

modeling of tonality was a secondary goal of this study. again, this interaction indicates that the various experimental con-
texts induced different patterns of tonal stability for the probe
Method tones. One reason that this interaction might have been only

Participants. A total of 16 listeners participated in this study. All marginally significant is tha}t_, unlike the previous t_V‘_’O experiments,
listeners were recruited from the student population at the University ofh€ patterns of tonal stability across probe positions were much
Toronto at Scarborough (mean age20.3 yearsSD = 1.5) and received ~More related to one another in this study; hence, differences as a
either course credit in introductory psychology or $10.00 for participating.function of context would be expected to be more subtle.

All listeners had some musical training, having played an instrument or  As discussed, the primary purpose of this study was to examine
sang for a mean of 10.1 yearS[ = 3.6) and received formal instruction  the algorithm’s ability to model listeners’ changing tonal percepts
for a mean of 7.3 yearsSp = 3.1). Ten of the 16 listeners were currently throughout this piece, with the secondary goal of assessing the
involved in music making¥l = 5.3 hriweekSD = 2.5), and all listened  gjifferent ways in which the input vector for the algorithm could be
regularly to music ¥t = 16.9 hriweekSD = 14.9). Al listeners reported oo harateq. Toward these ends, different input vectors were created,

| hearing, and ted perfect pitch. In contrast to th g : ! '
normathearing, and none reported pertect pitch. In contrastfo e previotg., ooy gy varying a few underlying factors. The first of these

studies, a majority of the listeners & 11) reported that they recognized . . N
the stimulus passage. factors was the type of window used to delineate duration infor-

Stimuli, equipment, design, and procedurdll stimuli were generated ~ Mation to be included into the input vector; Table 6 presents a
and presented to listeners using the same equipment as in the previogsmmary of these model types. At one extreme, the input vector
studies. Stimuli were derived from Chopin’s E minor prelude (Op. 28, no.could be based on all duration information occurring up to a
4; see Figure 7). In this passage, a quartertone (a single beat) had a duratispecific point in time (e.g., all note durations up to Probe Position
of 1,000 ms. Eight probe positions were chosen for study within this1); such a model is aumulativemodel in that it simply accumu-
prelude, based on interesting harmonic or tonal changes occurring at theggtes note duration information. At the other extreme, the input
points; these positions are notated in Figure 7. Eight contexts were th“§ect0r could be based on note duration occurring only immediately

generated on the basis of these probe positions, with the entire musm%Irior to a specific point in time; this formulation iscairrentmodel

passage up to, but not including, the labeled probe position constituting th ased exclusivelv on local information. Finally. there are models
different contexts. One second after the context, listeners heard 1 of the 1, y ’ Y,

possible probe tones; these probes were sounded for 600 ms. The timbre 0¥ Wh'ch input yector durations a.re based on Fomblngtlons of
the context passage was the piano sound used in the previous two studiédirrent information, remotely past (i.e., memory) information, and
whereas the timbre for the probe tones consisted of octavely related sinéPcoming, to-be-heard (i.e., expectancy) information. Based on
waves, which produced a well-defined sense of pitch chroma but not pitctprevious work (i.e., Application Il of the Krumhansl-Schmuckler
height. algorithm; Krumhansl, 1990), it was decided that, along with
Listeners first heard all of the context—probe pairs for Probe Position 1current information, note durations from two adjacent chunks
then those for Probe Position 2, and so on, up to Probe Position 8; eaglyoyld serve as memory and expectancy components. Thus, mem-
probe position constituted a single experimental block. All listeners re-ory models looked backward in time by two chunks (and combined
ceived different random orderings of trials within each block. Prior to thethis information with current information), expectancy models

experimental blocks, listeners heard 5 practice trials consisting of a singl .
P P 9 9Y%ooked forward two chunks, and combined memory—expectancy

octave ascending and descending major scale followed by 5 randoml
chosen probe tones. Overall, listeners received 101 trials (5 practice trialé]OdeIS looked backward and forward by one chunk each. As an

plus 8 blocks of 12 probe tones). aside, it is intriguing that expectancy here is equated with what is
Listeners rated how well the probe tone fit with the tonality of the actually to occur in the future as opposed to what listeners may or
context passage using the same rating scale as in the previous studig8ay not expect to occur; the implications of this assumption are
Listeners wrote their ratings on an answer sheet and were diggomake  explored further in théiscussionsection.
each response. The experimental session lasted about 75-90 min, afterFor all models (except for the cumulative model), the amount
which listeners were debriefed as to the purposes of the study. of information comprising a chunk has been left unspecified.
This parameter of the input vector, called the size of the input
vector window, represents the second factor that was varied.
Once again, preliminary data analysis involved calculating in-Five different window sizes were explored (see Table 6), rang-
tersubject correlations and exploring probe-tone ratings as a fundéng from a window containing note durations from a single beat

Results
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Figure 7. Chopin’s E minor prelude (Op. 28, no. 4). The probe positions (PPs) for Experiment 3 are notated.

to a window containing durations from 8 beats. It should be2-beat up to 8-beat windows) because this information simply

noted that it is not possible to fully construct some of the does not exist (e.g., there are no note durations 6 beats prior to
different combinations of model type and window size, depend-Probe Position 1). Likewise, no expectancy information can be

ing on the specific probe position in question. So, for example,incorporated for Probe Position 8. Whenever possible, the dif-

for Probe Position 1, although one can create memory modelferent models and window sizes were fully constructed; no

with 1-beat information, one cannot fully include all of the attempt was made to compensate for missing information when
requisite memory information for larger window sizes (e.g., the requisite note information did not exist.
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Table 6 84) = 1.82,MSE = 0.01, ns, were significant. In contrast, there
Schematic Listing of the Parameters Associated With the was a significant main effect for weightind;(2, 42) = 8.04,
Formation of the Different Model Types for Analysis of MSE = 0.002,p = .001; the average correlation between output
Chopin’s E Minor Prelude vectors for the 1:1 weighting{ = .62, SD = .23) was less than
] ] ] the correlations for the 2:1M = .64,SD = .23) or the 3:1 1 =
Model type Weight Window size (beats) .64, SD = .23) weightings. Of the two-way effects, the only
Current _ 1 2 4 6 g  significant interaction was between window size and weighting,
Memory 11 1 2 4 6 8 F(6, 168) = 6.12, MSE = 0.001,p < .001. Inspection of this
231 interaction revealed a peaked function for the correlation between
Expectancy 3'11:1 1 2 4 6 8 _output vectors, with these correlations increasing_ as window size
2:1 increased from 1 to 2 to 4 beats and then decreasing from 4 to 6 to
31 8 beats. This pattern, however, held only for the 2:1 and 3:1
Memory-expectancy 11 1 2 4 6 8  weightings; the 1:1 weighting was much less systematic.
gi All of these results were qualified, however, by the significant
Cumulative _ - - three-way interactiorf(16, 168)= 3.53,MSE= 0.001,p < .001.

Inspection of this interaction revealed that the peaked pattern just
described characterized results for the 2:1 and 3:1 weightings
across all three models (memory, expectancy, and memory—ex-

The third and final iod i del § ion involved pectancy); in contrast, the pattern for the 1:1 weighting was more
e third and final aspect varied in model formation involved . .11 "2 - 0ss the models.

the weighting of the memory and expectancy components relative Up to now, these analyses have used the correlations between

to the current component. Although complex weighting scheme§ ) . ' ;
S . he models’ and the listeners’ output vectors simply as a conve-
can be used (e.g., Toiviainen & Krumhansl, 2003, discussed sub- P Py

A . o . nient dependent measure, with no real regard for the absolute
sequently), a simplistic approach involves modifying the different .
; - . ) strength of the relation between the two. As such, what these
components by integer weights ranging from 1:1 (current vs.

memory/expectancy information at equal strength) to 3:1 (Curren{:\nalyses have masked is the fact that, regardless of any variation

. . . . -~ across model type, window size, or weighting, all of the correla-
information weighted 3 times more than memory/expectancy Ir]_tions averaged across the eight probe positions) were statisticall

formation). The different weights used are also summarized in, ( g gntp POSHic .) : ,y
Table 6. significant. In other words, the actual predictions of listeners

On the basis of the three factors of model type (cumulative,average ratings were consistently good. Subsequent explorations

current, memory, expectancy, and memory—expectancy), windoﬁimed to examine the predictive power of the models more fully,
size (1 beat, 2 beats, 4 beats, 6 beats, and 8 beats), and weightiﬂ

aw incorporating the remaining cumulative and current models.

(1:1, 2:1, and 3:1), a family of note duration vectors was created S @ first pass, the predictive performance of the memory,
for the eight probe positions of this study. These note duratioffXPectancy, and memory—expectancy models were compared with
vectors were then used as input vectors to the algorithm, with thé€ current model in a two-way ANOVA, again using probe
corresponding output vectors compared with the output vectorosition as the random-subject variable, with the factors of model
produced by using listeners’ probe-tone ratings as the inpufyP€ (memory, expectancy, memory—expectancy, and current) and
vectors. window size (range of 1 beat to 8 beats); to simplify the compar-

Listeners’ tonal percepts and the models’ tonal predictions werdson, only the 3:1 weighting for the memory, expectancy, and
compared by correlating the rating output vectors with the outpufn€mory—expectancy models was examined. The only significant
vectors generated by the different models. As with the previougesult arising from this analysis was a main effect of window size,
studies, these correlations represent the goodness of fit between

predictions and percepts of tonality. Theoretically, it is possible to— i o ) ) ) ]
ST - Vo The primary advantage to using individual listener ratings is that it
create output vectors based on individual listeners’ ratings as well . ! . ! e
rovides a natural random-subject variable that enables comparisons within

as the average listeners’ ratings and to use elther.ln these analys R ANOVA framework and allows for a complete testing of all of the
Although each method has advantages and disadvantages, therent factors manipulated in this study. Unfortunately, and as might be
correlations between the averaged listeners’ output vectors and th@yicipated based on the intersubject correlations, the actual correlations
various models were used as the dependent varfdbigally, the  between individual listeners’ output vectors and the various models were
different versions of the memory, expectancy, and memory-quite variable. In contrast, averaging the ratings across listeners provides
expectancy models were compared in a three-way ANOVA, in-some much needed stability to these ratings, thus producing better output
cluding a between-subjects factor of model type (memory, expecvector correlations. Unfortunately, this approach eliminates the random-
tancy, and memory—expectancy) along with within-subjectsS“bjeCt factor rendering simple ANOVA comparisons difficult. One way of
factors of window size (1 beat, 2 beats, 4 beats, 6 beats, and %'rcumventing this last problem is tq treat tr_le eight probe positions as a
beats) and weighting (1:1, 2:1, and 3:1). Because the current modg}xasrrandom factor, thereby enabling testing of all factors (except for

d t iahti d th lati del d t probe position) in an ANOVA framework. Although this latter approach
0es not vary weighting, an € cumulative moael does not vary, , ultimately adopted in the current situation, it should be noted that all

either weighting or window size, neither of these models could b&t the analyses presented here were also run using the former procedure

include.d in this analysis. These models are gxplored subsequently.e., using individual listener output vector correlations). By and large, the
In this three-way ANOVA, neither the main effects for model pattern of findings, if not the levels of statistical significance, mimicked

type, F(2, 21) = 0.03, MSE = 0.84, ns, nor window size,F(4, that for the averaged ratings.
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F(4, 112)= 7.56, MSE = .006, p < .001; the correlations once Discussion
again showed a peaked function, with the acme at a 4-beat window

size. Neither the model type main effeE(3, 28)= 0.08, MSE= In regard to the primary goal of this study, this experiment
0.28,ns nor the Model Typex Window Size interactionf(12, demonstrates that the Krumhansl-Schmuckler key-finding algo-
112) = 1.42,MSE = 0.006,ns, were significant. rithm can model listeners’ percepts of key movement across an

Finally, the predictive power for all five models was exam- extended musical context. This finding thus complements the
ined, using the 3:1 weighting for memory, expectancy, andinitial application of the algorithm (Krumhansl, 1990) and repli-
memory—expectancy models and the 4-beat window size for th@ates and extends the results of Smith and Cuddy (Cuddy & Smith,
memory, expectancy, memory—expectancy, and current model$gpo; Smith & Cuddy, 2003) and Krumhans| and Toivianinen

Figure 8 graphs the correlation between the models and théxrymhans! & Toiviainen, 2000, 2001; Toiviainen & Krumhans|,
averaged probe-tone ratings output vectors across the eig%OB)_

probg posit?ons. By and large, the algorithm was accurate in These findings do, however, suggest some important caveats
predicting listeners’ tonal percepts. There were two nOtab.leregarding the performance of the key-finding algorithm in that

exceptions to this successful performance, however. First, iny. g . .
. . o listeners’ judgments of tonality were not equally well predicted
spection of Figure 8 reveals that at Probe Position 2 there was " o o
. . . ) across all probe positions. Specifically, at Probe Position 2 (Mea-
significant divergence between listeners’ percepts and the al-

gorithm’s predictions of tonality, with all the model's predic- ;s#re 4, Ilztle?e(;sbget?‘eratled FiﬁCldT:dlyt(jk:fferen;tonal gercelpts than
tions nonsignificant. Second, Figure 8 also reveals that predic-, 0se precicted by the algorithm. For this probe position, inspec-

tions from the cumulative model seem to deteriorate for thelion of both listeners’ and the algorithm’s output vectors reveals

final three probe positions. that, whereas listeners were perceiving a tonality in the region of

Model Type
GC—6—© Cumulative
©—©—= Current
A—A—A Memory
V—v—V Expectancy
*—*—% Memory/Expectancy

1.00 —

Output Vector Correlation

0.00 —

025 | | | | | | | |
1 2 3 4 5 6 7 8
Probe Position

Figure 8. Correlations between the ratings output vectors and the memory (4 beats, 3:1 weighting), expectancy
(4 beats, 3:1 weighting), memory/expectancy (4 beats, 3:1 weighting), current (4 beats), and cumulative models’
output vectors as a function of probe position. The .05 significance level is indicated.
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B major and G# minor, the algorithm predicted different tonal of a piece regardless of localized tonicizations as well as to the
percepts, in the region of E minor to B minor. evidence of global context effects in harmonic priming (Bigand et
This point in the passage presents a somewhat unusual harmorat, 1999; Tillman & Bigand, 2001). What these results do suggest,
event, in which the piece moves from the chord built on the 5thhowever, is that at least in listeners’ experiences any global tonal
scale degree to the chord built on the 2nd scale degree, which (imfluence might be negligible. As an avenue for future research,
a minor key) is an extremely rare diminished chord. As an asidethe question of whether or not listeners actually do maintain a
this particular Chopin piece has been the subject of considerablglobal sense of tonality that persists despite more localized har-
music analytic study and discussion (Kresky, 1994; Lerdahl, 1992monic implications is an intriguing issue but one that might not be
Schacter, 1994), with this phrase in particular highlighted as coneasily quantifiable by means of the probe-tone technique, which
taining a fairly novel and unusual harmonic progression. Lerdahdoes not explicitly differentiate local versus global influences.
(1992), for instance, points to this particular passage as one in Second, and with respect to at least the expectancy model, it
which a number of harmonies are passed through with no cleashould be remembered that the information for this model was
instantiation of their respective tonics; in Lerdahl’'s words, “the based on what was to actually occur in the future. Now, within the
harmonies are unresolved; everything is implication” (p. 185). current context, such an assumption is not especially limiting, in

One possibility is that this point in the prelude might well that a majority of the listeners in this study were, in fact, familiar
constitute a location of musical surprise, one at which listenerswith this piece of music. More generally, though, this does raise
expectations or, correspondingly, the algorithm’s predictions forthe possibility that future model building that wishes to include
what is to come are disconfirmed in a unique fashion. Schmuckleexpectancy might wish to use other means for generating expec-
(1989), for example, observed a similar point of musical surprisetancy information. One possibility might be to try including Schel-
and violation of expectations with the occurrence of a uniquelenberg’s two-factor reduction (Schellenberg, 1997) of Narmour’s
harmonic progression in a Schumann song. This finding suggesitsnplication-realization model (Narmour, 1990, 1992), although
that the key-finding algorithm might be useful in picking out such an approach is hampered by the fact that such expectancy
points of musical surprise by, for instance, looking for significant information is limited to an extremely local (i.e., the single next
mismatches in localized tonality between consecutive harmoniciote event) level. Regardless, this approach might show a more
events. Of course, such a hypothesis requires empirical testing, aspressive role for expectancy information in tonal modeling.
does the delineation of what exactly would constitute a significant In contrast with the lack of differences between model types,
mismatch in localized tonality, but the ability to potentially dis- both the weighting and window size factors did influence the
tinguish a priori positions of violations of expectations (and hencealgorithm’s predictive powers. These factors interacted, with the
musical surprise) is especially intriguing. best predictions occurring for a 4-beat window for any form of

This study also resolves many of the issues related to thdlifferential (i.e., 2:1 or 3:1) weighting scheme. The fact that no
secondary goal of this project: the specification of factors impor-difference was seen between the current model and the more
tant in forming the input vector. Three different parameters wereextended (expectancy, memory, memory—expectancy) models at
initially identified as potentially being critical: the type of note this window size is telling in that it suggests that little is gained by
duration information entered into the input vector window (i.e., the addition of information further away than 4 beats from any
cumulative, current, memory, or expectancy information), theparticular probe position. What is unclear about this result is
weighting of this information (i.e., equivalent vs. differential whether this cutoff represents a constraint in the amount of infor-
weighting), and the size of the input vector window (i.e., 1 beat vsmation that can be processed by listeners at any one time or a
2 beats, etc.). constraint in terms of a time window in which information can be

With regard to the first of these factors, this study convincingly stored and integrated by listeners; this issue is more fully explored
demonstrates that there is little variation between the differentn the General Discussion. Regardless, these effects do suggest that
models used. Thus, it appears to make little difference whethersuch factors need be carefully considered when creating the input
along with current information, memory or expectancy informa- vector.
tion is included into the input vector. In many ways, this finding
geems counterintuitive, in that one would have anticipated some General Discussion
difference between at least some of the models tested.

With regard to this finding, a few points are worth noting. First, The results of this series of experiments have a number of
it should be remembered that the predictions of the cumulativémplications for the processing of musical materials in particular
model did drop off as the piece progressed, although the “pooand for aspects of cognitive processing more generally. These two
performance” of this model at the end was still at roughly the levelsets of implications are explored in turn.
of statistical significance (an admittedly questionable virtue given In terms of the implications for musical processing, one finding
the issues regarding the meaning of statistical significance withs that the Krumhansl-Schmuckler key-finding algorithm does
output vector correlations). Still, the fact that the cumulative modelseem operable across a range of analytical and psychological
does worse later in the piece is significant in that it suggests thatontexts. In Krumhansl and Schmuckler’s original formulation
percepts of tonality do not take into account everything that hagdescribed in Krumhansl, 1990), the algorithm was successfully
gone before but instead are restricted to a smaller span of time. lapplied to an array of analytic tasks, from determining the com-
other words, tonality seems to be a localized phenomenon (the sizsser’s designated key for a passage based on very brief segments
of this localized window is discussed shortly). This interpretation(Application I) to a note-by-note determination of the designated
runs counter to the (often implicit) assumption in music-theoretickey in melodic fugue subjects (Application Il) to the modeling of
analyses that there is always an influence of the intended tonalitynusic-theoretic expert judgments of tonal influences on a
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measure-by-measure basis of an entire Bach prelude (Applicatioof a particular passage) and root-finding (identifying the root triad
I). What the current studies add to this list is the ability to model for the passage).
listeners’ percepts of tonality across situations such as brief initial Thus, the key-finding algorithm represents a potentially power-
segments of a range of musical excerpts (Experiment 1), on aful tool for many different forms of analysis. Of course, one ironic
incremental measure-by-measure basis (Experiment 2) and to tradonsequence of the algorithm’s success in key-finding is that
perceived tonality and modulation throughout an extended piece ahultiple researchers have since suggested ways by which the
music (Experiment 3). algorithm’s performance might be enhanced. Some approaches,
Thus, the key-finding algorithm represents a useful tool in bothsuch as those of Temperley (1999) and Huron and Parncutt (1993),
psychological and musicological contexts, providing a direct linkhave focused primarily (albeit not exclusively) on improving the
between the analytic processes used to highlight musical structursperation of the existing algorithm by modifying key parameters
in music-theoretic applications and the viability of these analyticof the algorithm (e.g., the input vector, the means of comparing
processes as an actual model of the psychological processes opg{put vectors and idealized key vectors). Huron and Parncutt
ative during the apprehension of music. Such direct links betwee;993), for instance, suggest that the input vector can be sharpened
music-analytic tools on the one hand and models of cognitiveyy applying two additional factors to its calculation: an explicit,
processes on the other hand, although much sought after, haygntinuous exponential decay function for previous information
been noticeably scant in the music cognition literature. To use fvased on the rate of decay in echoic memory), and a psychoacous-
well-known example, one of the more influential theories of Mu-yic factor based on Terhardt et al.’s (Terhardt, 1974; Terhardt,
sical structure, Lerdahl and Jackendoff's (19&nerative The- g5 g Seewann, 1982a, 1982b) theory of pitch perception (see
ory of Tonal Musi¢ explicitly assumes that the music-theoretic Parncutt, 1988, 1989).
rules used to analyze musical passages coincide with the operationprobl,j1ny the most extensive set of modifications has been

of comparable psychological processes dgring the .perception roposed by Temperley (1999, 2001, 2002, 2004). This work has
such passages. In other words, the theoretical principles propos ‘i’ghlighted a number of potential flaws in the key-finding algo-

for gwdl_ng the analysis .Of music are assumed to have psychologr-ithm’ including problems in the actual values used as the ideal key
ical reality. In fact, a fair amount of research over the past few

decades has been devoted to testing this assumption of Lerdahl asé?: ftll)er,\tAf;i;ahuts;‘ioifdae;:ﬁ)zr:::a\t):lzilste;?]gl1;:5 ft? ' ngs:;ggittheolfn&lg
Jackendoff's theory, with admittedly mixed results (Dgée1987; ' yp y

Dibben, 1994; Palmer & Krumhans|, 1987a, 1987b). The key_glgorlthm to variations in duration and frequency of occurrence
. . i . information. To address these concerns, Temperley has proposed
finding algorithm, then, represents a significant addition here,

2 . . . ’substitute values for the key profiles and an alternative means of
providing a process that is equally potent in both music-theoretic L i - )
and psychological contexts. calculating fit that makes use of a flat profile consisting of a series

Accordingly, the key-finding algorithm has the potential to be O.f 1s and0s, which represent presence versus absence, respec-

profitably used across a range of psychological and music analytigvely, of the chromatic pitches in the context under examination.

contexts. On the psychological side, the key-finding algorithm CanThis flat profile is then multiplied by the revised key profiles, and

be used to quantitatively assess the tonal implications of musicaH1e resulting values are S“mmed t_o produce a_smgll(e key scorhe. The
stimuli, thus enabling researchers to evaluate the influence of tonéﬁummed scor_es across 6_‘ 12 major and 12 ml_nor_ e)_/s can t en be
factors in different experimental contexts. Frankland and CoherfomPared, with the maximum summed value indicative of listen-

(1996) provide an example of such an application in their use of'S Perception of key. _
the algorithm to quantify the effects of tonality in a pitch- Although intriguing, one can question whether changes such as

comparison task. Similarly, Schmuckler and colleagues have rou1ese significantly enhance key-finding assessments, particularly
tinely used the key-finding algorithm to assess the tonal content ofVith reference to listeners’ actual percepts of key. Huron and
stimuli in studies on short-term memory (STM) of musical phrasesParncutt (1993), for instance, compare their revised model with the
(Chiappe & Schmuckler, 1997), the impact of tonality on derivedfindings from Krumhansl and Kessler's (1982) investigations of
similarity judgments of musical contour (Schmuckler, 1999, changes in perceived tonality over the course of nonmodulating
2004), and even tonal influences on listeners’ perceptiongind modulating sequences. For the nonmodulating sequence, the
(Schmuckler, 1989) and pianists’ productions (Schmuckler, 1990§evised model does not appear to produce better performance than
of musical expectations. what would be produced by the original key-finding algorithm,

In terms of music-analytic uses, the key-finding algorithm couldand for the modulating sequence the performance of the key-
be similarly useful. Theories and models of harmonic analysiginding algorithm is not even compared with Huron and Parncutt’s
(e.g., Gjerdingen, 1987; Lerdahl & Jackendoff, 1983; Meehan(1993) revised version. Temperley (1999) provides a detailed
1980; Smoliar, 1980; Temperley, 1997), for instance, often take agsomparison of his modified algorithm with other models of key-

a starting point knowledge of the fundamental tonality of a piece

of music, with this reference tonality frequently given either ex- ) ] o
7 Huron and Parncutt (1993) do not test their model against predictions

ternally or explicitly to the model prior to the beginning of har- - e ;
monic analysis. Smoliar's (1980) computer program for Schenkepased on the actual Krumhansl-Schmuckler key-finding algorithm but

. Ivsis. for inst . f t litv at the initi rather on the correlations between listeners’ ratings and the idealized key
rian analysis, for instance, assigns a retereénce tonality at the ini Iﬁoﬁle for the nonmodulating sequences (i.e., the C major key profile), as

step in the running of the program, and, even more recentlyyiginally presented in Krumhansl and Kessler (1982). Given that these
sophisticated algorithms for harmonic analysis (e.g., TemperleYgorrelations would simply fall out of applying the key-finding algorithm to
1997) explicitly divide the task of harmonic analysis into the two this passage, however, it is reasonable to take this comparison as indicative
subprocesses of key-finding (determining the underlying tonalityof one instance of how the algorithm might perform with this sequence.



1144 SCHMUCKLER AND TOMOVSKI

finding (e.g., Holtzman, 1977; Longuet-Higgins & Steedman, predicts listeners’ percepts in response to such passages. A similar
1971; Vos & Van Geenan, 1996) and demonstrates that thistrategy was applied by Schmuckler and Tomovski (2000) in
version of the algorithm performs favorably relative to these othercomparing the Krumhansl-Schmuckler algorithm and the interval-
models. Again, though, this comparison did not include the orig-ic rivalry model of Brown and Butler (Brown, 1988; Brown &
inal Krumhansl-Schmuckler algorithm and was done with refer-Butler, 1981; Butler & Brown, 1994).
ence to the author's (admittedly expert) musical intuitions of Along with modifying the original algorithm, other authors have
tonality and not on the basis of listeners’ percepts of tonality. Thusproposed additional processes that could be run in conjunction
such comparisons still leave open the question of whether or nakith the key-finding algorithm. Krumhansl and Toiviainen (Krum-
these modifications actually add to what the original algorithm washans| & Toiviainen, 2000, 2001; Toiviainen & Krumhansl, 2083),
able to accomplish. using their continuous perceptual judgment task, compared the
In an attempt to at least partially address this issue, two versiongerformance of the original key-finding algorithm, modified by the
of Temperley’s (1999, 2001, 2002, 2004) modified algorithm wereinclusion of a pitch memory vector, with a related model using
applied to the contexts and data of the first two experiments in thiswo-note transition information. Unexpectedly, these authors
series of studies. The first of these models involved substitutingound that both the original and tone-transition models were
Temperley's revised key profile values for the Krumhansl andequally effective at modeling listeners’ tonal percepts. As such, it
Kessler (1982) values and running the Krumhansl-Schmucklefs simply not clear exactly what there is to be gained by adding this
algorithm as it normally would operate (i.e., correlating durationextra component.
based input vectors with these revised profiles). The second model smith and Schmuckler (2004) suggested a different addition to
involved applying Temperley's flat input vector approach, with the key-finding algorithm, proposing a separate mechanism for
each pitch class given a value of 1 if present or 0 if absentgssessing key strength in general, regardless of how tonality itself
multiplying this flat vector with the modified key profile values, s getermined. Specifically, Smith and Schmuckler (2004) inves-
and then summing the results to yield a score for each key.  tigated the tonal magnitude of a sequeriienal magnitudeefers
Although the results of this analysis are not presented forrfially, {5 the degree to which the pattern of differences between the
the findings are nonetheless informative. Compr_:lrison of th_e WQalues of the component pitches of the input vector is either
models based on Temperley's approach with the originalccentuated or decentuated relative to what would be expected
Krumhansl-Schmuckler algorithm failed to reveal increased préy,seq on the Krumhansl and Kessler (1982) profiles. Accentuated
dictive power in terms of predicting either the intended key qf theinput (or key) vectors are ones in which the psychologically stable
context passages or listeners’ tonal percepts for both Experiment§es are heard for even longer (and, correspondingly, the unstable
1 and 2. For example, for the Chopin contexts of Experiment 1, thg,neg are heard for shorter) than would be expected based on a
Krumhansl-Schmuckler algorithm was able to predict the 'nte”d,e(ﬁteral translation of the idealized profile into proportional note
key for 13 of 24 contexts. In comparison, using Temperley'sy, ations, and decentuated input vectors are ones in which the
alternative profile values resulted in 12 of 24 significant predic- relative differences between tones, although still retaining the
tions, and using the flat input vector resulted in the intended Keyoyoning of the idealized profiles, are more or less flattened.
havmg_the maximum key scoren 15 of 24 contexts compared wit Ithough both accentuated and decentuated input vectors strongly
a maximum _key correla_tlon for.11 of 2,4 contexts for the key- correlate with the idealized key profiles, Smith and Schmuckler
finding algonthm. Relatlvg tc_>_ listeners’ tonal percepts, OUtIDUt(2004) observed that listeners perceived tonality in random note
vector correlations were S|gn|f|cant for 16 of 24 preludes for theSequences only at higher tonal magnitude values (e.g., tonal mag-
K_rumhans_I—SchmuckIer algorithm, 19 of 24 preludes_ for the " nitude values of about 1.5) than what would be predicted based on
vised profile values, and 16 of 24 preludes for the flat input vectorthe original Krumhans| and Kessler values (a tonal magnitude

model. Finally, the Krumhansl-Schmuckler algorithm produced a alue of 1.0).

higher output vector correlation than the other two models for 12 These results suggest that the tonal magnitude of a sequence

of the preludes compared with 3 and 6 for the modified values and . : L . .
. . might provide a measure of tonal strength, with increasing devia-
flat input vector models, respectively.

Given such findings, it is tempting to conclude that the modi_tlon away from tonal magnitude values of 1.5 (roughly) indicating

fications proposed by Temperley are unnecessary to the Operatio|Hcreasmgly weaker tonal strength. Although speculative, this idea

of the Krumhansl-Schmuckler key-finding algorithm. Such a con-> Promising in that tonal magnitude represen_ts an independent
. . . . way of predicting tonal strength and thus provides a method for
clusion however, seems unnecessarily hasty. First, it must b

remembered that Temperley (1999, 2001) has applied his modiﬁeget_ermining passages that, although f:lear in their potential key
algorithm to a substantial corpus of materials, with the findingsmd".:atlons’ might pevertheless instantiate a key only weakly.
showing an advantage for his approach. Although these results 'Flnally, alorlg Wlt.h enhancmg tonal as§essment, qther models
must be interpreted cautiously, because they are not based JH'ght be runin conj.unc_tlon with the algorlthr_n to prov_lde amore
perceptual data, they nevertheless do represent positive evidenﬁgmplete characterization of the passage in question, one that
for his approach. Second, comparing the performance of the var-

'Ou_s models on the Furren_t contexts is likely not the most illumi- s Details regarding this analysis are available upon request from Mark A.
nating test of the distinctions between these models. All thes&cnmuckler.

comparisons actually demonstrate is that the different models o aithough Krumhans! and Toiviainen present their work in the form of
make comparable predictions for these stimuli. A much more, self-organizing map neural network, the actual details of its method of
informative test would be to choose contexts in which the modelsey determination are not far off from that used in the original Krumhansl—
make contrasting predictions and determine which approach besichmuckler key-finding algorithm.
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incorporates the perception of tonality along with the perception ofpossible by listeners and could thus easily form the basis for
other musically important dimensions. Smith and Cuddy (2003)listeners’ apprehension of tonality (see also Tillman et al., 2000).
provide an excellent example of such a global approach by simul- A second intriguing finding arising from this work involves the
taneously examining four dimensions of listeners’ percepts—result that about 4 beats worth of musical information appeared to
phrase structure, tonality, tension, and consonance and dissproduce the optimum predictions of tonality throughout this mu-
nance—throughout a short excerpt from Beethovéi'aldstein  sical passage. As mentioned, it is not entirely clear whether the
sonata. Similarly, Toiviainen and Krumhansl (2003) studied theconstraint here is information based, resulting from there being
perception of tension, in conjunction with tonality, in their analy- Some optimum amount of musical information (e.g., some number
ses, and Krumhansl (1996) assessed listeners’ perceptions of se@f-note events) that can be integrated in listeners’ memories or
mentation, tension, and musical ideas throughout the first movewhether this limit is more temporally based (e.g., a given time
ment of Mozart's & major piano sonata, K. 282. All of these Window regardless of the amount of musical information occurring
studies demonstrate how assessing multiple musical dimensiofiring this interval). In this regard, it is noteworthy that Krum-
simultaneously can provide a more complete description of thé'ansl and Toiviainen (2000, 2001; Toiviainen & Krumhansl, 2003)
listening experience. modified the original input vector by including an explicit 3-s pitch
Turning now to the implications of this work for general cog- memory vector based on estimates of echoic memory (Darwin,
nitive processing, one intriguing finding is that this research pro-Turvey, & Crowder, 1972; Treisman, 1964). What is intriguing is
vides evidence for one of the more maligned models of perceptudNat Krumhansl and Toiviainen’s pitch memory vector of 3 s
processing: the idea of pattern matching to a template. Typica”y[natches _reasonably closely wlth the o_ptlmum time window of this
the fundamental problem with template matching is that perceiver¥/0rk, which was 4 s. Accordingly, this unexpected convergence
can recognize patterns despite the fact that such patterns can aR§Ween these two sources suggests that the constraining factor

do occur in a virtually unlimited number of sizes and orientations™M& indeed be time and not information. ,
(see Neisser, 1967, for a classic discussion of this problem). Assuming, of course, that it is time that is key here, the question

Although others, such as Reed (1973), have tried to salvage thi§ raised of why the optimum window might be 3-4 s. One obvious

approach, by and large strict pattern matching has been considerth S\?/er Tss ?Ire:?dy been allude: to: 'l('jhls Tlmount_of ltwp;—: is ro?ghly
unworkable as a serious theory of perceptual recognition for de- € length of echoic memory. Accordingly, musical information
ccurring earlier than this window simply fades from memory and

cades. It is within this context, then, that the current evidence fo . . . :

- . . thus cannot be effectively integrated into any form of ongoing,

the viability of a template-matching process is most noteworthy. In . . .
the current situation, the template matching that is occurring is inalbelt unconscious, tabulation of event frequency.

' : Other authors have, in fact, given a central role to such STM

fact, more along the lines proposed by Reed (1973), in which the rocesses in tonal induction generally and as a possibly important

to-be-matched template is actually an abstract prototype (e.g., t ctor in the operation of the key-finding algorithm in particular.

tonal hierarchy pat?ern) rather than a copy of the to-be-recogmze;fs described earlier, Huron and Parncutt’s (1993) modifications to
pattern (e.g., a typical tonal pattern).

of ful patt tchi tthte key-finding algorithm advocated the adoption of an exponen-
. COUrse, a successiul pa err_l-_ma ching pro_ce_ss ass_umes H%I decay function, based on the rate of decay in echoic memory,
listeners are, on some level, sensitive to the statistical variations 0 2 means of sharpening the input vector. Even more dramatically

note durations of the to-be-heard sequences. Although it has 9€0aman’s work on tone center perception through the use of self-

erally been thought that sensitivity to such subtle properties OBrganizing networks (Leman, 1995a, 1995b, 2000) shows that a
auditory or visual sequences is difficult for perceivers, researcf}nemory model, working from echoic memory of pitch periodicity,
suggests that sensitivity tp the stati;tical properties of sequencqﬁay be sufficient to explain listeners’ ratings in probe-tone—type
may not be as problematic as previously supposed. Some of th& ations. If true, such a notion questions the entire assumption of
most dramatic evidence in this regard has come from research Qfje role of long-term internalized tonal hierarchy information in
word segmentation (Aslin, Saffran, & Newport, 1998; Saffran, msical listening. Although exploration of this latter issue is be-
2001; Saffran, Aslin, & Newport, 1996; Saffran, Newport, & yond the resources of the current work, all of these findings
Aslin, 1996; Saffran, Newport, Aslin, Tunick, & Barrueco, 1997), pighlight the potential importance of STM processes in tonal
in which both adults and infants make use of statistical prObab”'perception.

ities between neighboring speech sounds to extract “words” from There are, however, reasons why one should look for factors
continuous streams of nonsense syllables. Moreover, both infanisther than memory storage processes in explaining musical key-
and adults are similarly sensitive to the conditional probabilitiesfinding. There is ample evidence that listeners can and do make
between tones for both atonal and tonal sequences of notes (Safse of musical information that has occurred earlier than 3-4 s.
fran, 2003; Saffran & Griepentrog, 2001; Saffran, Johnson, Aslinperception of melodic contour, for instance, often requires the
& Newport, 1999) and for sequences of musical timbres (e.g.integration of more than 3-4 s worth of musical information.
Tillman & McAdams, 2004). More directly related to key-finding, Moreover, the apprehension of large-scale musical structure, such
both Smith and Schmuckler (2004) and Lantz (2002) have demas the recognition of theme and variations (Pollard-Gott, 1983;
onstrated that listeners are sensitive to the actual patterns af/erker, 1982), clearly makes use of more extended musical in-
relative duration differences between tones that underlie tonaformation. Accordingly, to suggest that it is solely memory that
sequences. All of this research, then, indicates that, under suitablgnits the use of more extended musical information in tonal
conditions, listeners are sensitive to statistical regularities in audiperception seems unrealistic.

tory sequences. Accordingly, abstraction of a pattern of durational What else might be constraining tonal percepts to a 3—4-s time
differences that would adhere to the tonal hierarchy is clearlywindow? One possibility is that tonality is inherently a local
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phenomenon, with listeners having an inherent bias to use onljit into the color scheme of one’s other furniture, etc.). One of the
relatively recent information in such judgments. Of course, thismore compelling findings from this work is that perceivers can
still does not truly resolve the issue, in that the question now shifteasily make use of multiple cognitive points when processing
to trying to understand why listeners have such a bias. Onauditory information and can move back and forth between dif-
possibility is that fairly low-level psychoacoustic factors, such asferent reference points (in this case, different tonalities) rather
the consonance and dissonance of tones, come into play. Althoug#ffortlessly. It would be of interest to know whether the use of
a thorough review of consonance and dissonance cannot be umultiple reference schemes simultaneously is a very general abil-
dertaken here (see Rasch & Plomp, 1999, for such a review), theiigy, applicable to the processing of any number of visual and
are any number of reasons to think that such a factor might play auditory objects, or whether multiple reference schemes can only
role in this context. First, the discrimination of consonant (thebe used within fairly constrained contexts in which the different
subjective experience of two or more simultaneous frequencieseference schemes are themselves highly related (such as occurs
sounding pleasant) versus dissonant (the subjective experience with musical tonality).

two or more simultaneous frequencies sounding unpleasant) In sum, the current studies of the organization of pitch within a
sounds is one that can be seen even in infancy (e.g., Schellenbetonal context have provided an interesting window into a number
& Trainor, 1996; Schellenberg & Trehub, 1996; Trainor & Hein- of topics on general perceptual and cognitive functioning. Presum-
miller, 1998; Zentner & Kagan, 1996, 1998), thus rendering it aably, the factors highlighted in this investigation of key-finding
very fundamental property of musical sequences. Second, theepresent specific instantiations of much more general cognitive
consonance versus dissonance of tone pairs actually corresponpiocesses, ones in which the study of music has afforded some
quite strongly with the Krumhansl and Kessler (1982) tonal hier-more privileged insight. The goal, of course, is to not only under-
archy ratings (Krumhansl, 1990). In this case, listeners’ judgmentstand the psychological processes involved in the apprehension of
of psychological stability are (at least in part) determined by theirmusic in particular but to gain a better insight into perceptual and
percepts of the consonance of the probe tone with respect to theognitive functioning more generally.

tonic. Because such consonance judgments require some working
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