Judging the similarity of soundscapes does not require categorization:
Evidence from spliced stimuli
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This study uses an audio signal transformation, splicing, to create an experimental situation where
human listeners judge the similarity of audio signals which they cannot easily categorize. Splicing
works by segmenting audio signals into 50 millisecond frames, then shuffling and concatenating
these frames back in random order. Splicing a signal masks the identification of the categories
that it normally elicits: for instance, human participants cannot easily identify the sound of cars
in a spliced recording of a city street. This study compares human performance on both normal
and spliced recordings of environmental ambiances (or soundscapes) and music. Splicing is found
to degrade human similarity performance significantly less for soundscapes than for music: when
two spliced soundscapes are judged similar to one another, the original recordings also tend to
sound similar. This establishes that humans are capable of reconstructing consistent similarity
relations between soundscapes without relying much on the identification of the natural categories
associated with such signals, such as their constituent sound sources. This finding contradicts
previous literature and points to new ways to conceptualize the different ways in which human
perceive soundscapes and music.
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I. INTRODUCTION

Categorizing and comparing percepts are central abil-
ities for human cognition. They do not operate in isola-
tion, but rather depend greatly on one another. When we
lack specific knowledge, we often rely on domain-general
similarity to guide categorization'. Reciprocally, we of-
ten judge the similarity of objects by comparing their
features, i.e. based on their prior categorization?. How-
ever, the exact nature of the relation between similarity
and categorization still eludes modern cognitive science®.
There have been empirical demonstrations of categoriza-
tion processes conducted in apparent independence from
similarity, but based on semantic representations looking
like rules or theories*. Further, features used for sim-
ilarity depend on context, culture and experience, and
different strategies often operate at the same time to re-
inforce each other and eliminate context-driven noise.

This complex interdependence also holds in the specific
case of auditory perception. The vast psychology liter-
ature studying similarity judgments for musical signals
has made constant efforts to control for unwanted high-
level recognition effects, by using short or synthesized
stimuli®®. Research on the perception of environmental
audio scenes (or soundscapes) also suggests that similar-
ity and categorization are deeply entangled. The per-
ceived similarity of soundscapes is believed to be based
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on the prior identification of their constituent sources”®:

“if there are cars in both signals, then these are similar”.
Similarly, psycholinguistic studies? have concluded that
the subjective “unpleasantness” of a urban soundscape
increases when more mechanical sound sources (e.g. ve-
hicles) are identified than natural sources (e.g. voices or
birds).

In the case of soundscapes however, recent compu-
tational studies seem to contradict the apparent de-
pendency of similarity on categorization. A common
paradigm to simulate human judgments of audio similar-
ity algorithmically is to model audio signals as a global
statistical distribution of local features computed on very
short (c. 50ms) frames. This technique, called bag-of-
frames (BOF), uses only low-level and short-term spec-
tral information, and does not rely on any prior catego-
rization of e.g. sound sources. In a recent study'®, we es-
tablished that BOF, simple as it is, was computationally
sufficient to simulate human judgments of audio similar-
ity with near-perfect precision for soundscapes. However,
we found significantly lower performance when applied to
polyphonic music signals. Therefore, from the sole point
of view of information processing, categorization does not
seem to be necessary to compare soundscape signals.

The present paper aims to clarify this situation. While
our previous study'® was a machine experiment, this
one is a human psychological experiment. We create
an experimental situation where human listeners produce
judgments of similarity for audio signals which they can-
not easily categorize, by manipulating the signals with an
algorithmic transformation called splicing. Splicing al-
ters an audio signal by segmenting it into 50 millisecond

Splicing 1



frames, then shuffling and concatenating these frames
back in random order. Spliced signals by construction
have the same frames than the original signals, hence the
same local features, as well as the same statistics of fea-
tures; only the time ordering of the frames is modified.

Splicing is a known technique in language science: it
is typically used to process spoken sentences for listening
experiments so that their lexical content is lost but their
vocal content (prosody, timbre, etc.) preserved to some
extent!!. Similar effects are known for music signals: it is
difficult to identify instruments or even produce any qual-
itative description of shuffled or reversed music'?. This
is hardly surprising: psychophysical experiments® have
long established the importance of dynamics, notably the
attack time and fluctuations of the spectral envelope, in
the perception of individual instrument notes.

In this study, we confirm that splicing acts as a cate-
gorization mask for both music and soundscape, and use
this property to study the influence of categorization on
the processing of similarity for music and soundscapes.

Il. METHODS
A. Data

Each subject was presented (in tasks described be-
low) a set of 12 audio stimuli in either of 4 conditions:
normal music (NM), spliced music (SM), normal sound-
scapes (NS), spliced soundscape (SS). Each stimuli is a
20-second stereo sound file sampled at 44,1kHz, normal-
ized at zero DC and maximum amplitude -3dB. The 12
stimuli in the NM condition are excerpts of western pop-
ular music of various genres from the period 1950-2000.
The 12 stimuli in the NS condition are excerpts of ur-
ban soundscapes used in our previous study!'?, recorded
in Paris using a omni-directional microphone. Stimuli in
the 2 spliced conditions (SM,SS) were obtained from the
stimuli in the associated normal condition (resp. NM,NS)
by the following algorithmic transform:

1. a “normal” signal is truncated into successive,
non-overlapping 2048-point time frames (46,4ms at
44, 1kHz)

2. frames are shuffled in random order (using a
pseudo-random generator initialized with a com-
mon seed for all files)

3. frames are concatenated back to an audio signal of
same length as original

B. Participants

55 subjects participated, all relatively young (M =
20.70,SD = 3.56) Japanese undergraduate students.
There were 45 male participants, and 10 female partici-
pants, with no significant age difference between sexes

(F(1,55) = 1.15,p = 0.288). All participants dis-
tributed in roughly equal proportion over all 4 conditions
(NM:15,SM:15,NS:13,SS:12), with no gender bias. We
kept data from all participants for the analysis presented
below.

C. Tasks

Each subject was presented stimuli from only 1 of the
4 tested condition (randomized). The test consisted of a
categorization task (used to validate the effect of splic-
ing) and a similarity task. To prevent priming effects,
every subject performs the similarity task before the cat-
egorization task.

1. Similarity Task

In the similarity task, participants were asked to judge
similarity relations in a set of triads presented one af-
ter the other. We presented 44 triads per condition, ar-
ranged in a A = 2 balanced incomplete block design (all
possible pairs of stimuli appear twice). All triads in a
given spliced condition have a corresponding triad in the
corresponding normal condition composed of the 3 same
stimuli in their original version. For each presented triad,
participants were asked to select the pair of stimuli they
deemed were most similar to one another.

participants were given no other information than the
sole audio presentation of the stimuli (no file name, no
editorial information on the recording, etc.). Prior to the
test, participants received the following instructions:

When judging the “similarity” of such
sounds, please try to listen to the immedi-
ate, global impression of the sound, and not
to finer, analytical details!®. For instance,
you may want to say that a Bob Dylan song
“sounds like” another piece (e.g. a Bossa
Nova piece by Joao Gilberto), because they
both have a soft acoustic guitar, and a gen-
tle male voice. In a noisy background, e.g. a
crowded cafe, one could be mistaken for the
other. Judging that the same Bob Dylan gui-
tar song is similar to, say, a Joni Mitchell pi-
ano song (because both artists have the same
influences, and performed at similar periods),
or that the Bossa Nova piece is similar to
a recent Brasilian electronic piece (because
they’re both from Brasil) would be irrelevant
for this test.

Additionally, when tested in one of the spliced conditions
(SM,SS), participants were instructed to

[...] please try to listen to these sound ex-
tracts as if they were natural ones, i.e. focus
on your immediate, holistic sensation of how
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much these sounds ”sound like” one another
(and try to refrain from analytical thinking).

Stimuli in each triad could be listened to as many times
as needed; answers could be given before listening to a
stimuli in full; in case they could recognize the original
recording from which a given extract was taken (which
is mostly relevant for the music conditions), participants
were instructed to judge similarities based on the sole
extract, and not on the unpresented original material.

2. Categorization Task

In the second task, each of the 12 stimuli of the tested
condition are presented again one after the other. For
each stimuli, users were instructed to check through a
list of descriptions that they think could apply (forced
choice). As before, participants were given no other in-
formation than the sole audio presentation of the stim-
uli. The presented descriptions were organized in 3 broad
categories (sources, moods, types), which content varied
depending on the tested condition (full list given in Ap-
pendix 1).

Each category was designed to contain descriptions
that apply naturally for all items (e.g. “car” sounds for
a “boulevard” soundscape) as well as distractors which
do not apply'* for any of the presented data (e.g. “vi-
olin” source for music, “boat” sounds for soundscapes).
In each category, a wildcard description (“I don’t know”)
was also included. Apart from the wildcard choice, none
of the descriptions were enforced to be mutually exclu-
sive, i.e. participants were left free to check as many as
they thought could apply. Prior to the test, participants
received the following instructions:

This time, the task may require you to think
analytically about the signals: which in-
struments/sound sources you perceive, how
you judge the sound emotionally, how you
would describe the genre of the music, or to
which type of environment the recording cor-
responds.

Additionally, when tested in one of the spliced conditions
(SM,SS), participants were instructed to

[...] please try to describe what you think the
signal was before scrambling. For instance, all
scrambled signals tend to sound rhythmically
complex and maybe evoke tensed emotions
associated with randomness. Please try to re-
frain from judging such properties, but rather
focus on what you can perceive of the original
signal. Imagine you're listening to the sound
over a very strangely distorted telephone: we
want you to describe the sound played at the
other end, not to describe the telephone.

As before, each successive stimulus could be listened to as
many times as needed; answers could be given before lis-
tening to a stimulus in full; participants were instructed
to categorize the content of the sole extracts, rather than
any unpresented context they might recognize.

D. Apparatus

Data was gathered in 4 sessions held on 4 days of De-
cember 2007, with randomized conditions. All partic-
ipants were tested in the same room, in a calm envi-
ronment, with the same apparatus: audio was presented
with closed-type headphones (always the same model),
and the test application (a set of php scripts running on
a local server) ran on G4 Apple computers. All instruc-
tions and tests were conducted in Japanese. Participants
were instructed to set the audio volume to a comfortable
level before the test. 3 experimenters were present at
any time to give instructions and answer queries. Par-
ticipants were rewarded 1,000 JPY (c. 10 USD) for their
participation which took between 30 and 60 minutes.

I1l. RESULTS
A. Influence of splicing on categorization

In this section, we measure how much the descriptions
(sources, moods, types) that apply consensually to the
normal stimuli can still be judged consistently in the cor-
responding spliced stimuli.

For a given stimulus s in a given condition ¢, we define
the “agreement on best value” for a given description d
B.(s;d) as the proportion of participants who agree on
the most-agreed value (i.e. true or false) of description
d for s. For example, when presented an extract of a
Beethoven piano sonata, most participants agree that the
value for the description piano (a member of the source
is “true”. For stimuli s in a spliced condition ¢ (i.e. one
of SM and SS), we then compute the “agreement on best
normal value” 5%(s;d) as the proportion of participants
(among all participants tested in condition ¢) who agree
on the most-agreed value (i.e. true or false) of descrip-
tion d judged for the corresponding normal stimuli. We
then average over all stimuli s in condition ¢, then all
descriptions d in a given category (i.e. one of “source”,
“mood” and “type”). With the same example as above,
8%y (s; d) measures the proportion of participants judg-
ing description piano to be “true” for the spliced variant
of the sonata.

We observe that:

e There is a severe and significant degradation of
the agreement measured in spliced conditions over
the most-agreed values judged in the corresponding
normal conditions, when considering only TRUE
values in normal condition, i.e. increased number
of false negatives (see Table I).
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e No significant degradation of agreement due to
splicing when considering only FALSE values in
normal condition, i.e. no increase of false positives.

e Splicing reduces the number of hits per (stimu-
lus,description) pair (participants check less de-
scriptions for spliced signals than for the corre-
sponding signals in normal condition), for all cate-
gory groups and for both music and soundscape,
but only significantly so for soundscape sources
(number of checks: M = 2.75 < M = 1.89,
F(1,19)=7.93, p=0.011)

e The degradation of 3} due to splicing on the cate-
gorization tasks is of similar degree for music and
soundscapes, for the mood category (A = —0.3,
but F(1,47)=0.02, p=0.891) and the type cate-
gory (A = —0.28, but F(1,14)=0.01,p=0.944).
The degradation of the agreement on source val-
ues is more severe for soundscapes than music: the
agreement difference from NM to SM §,,(s;d €
source) — Bnuy(s;d € source) (M = —0.20) is
smaller than from NS to SS §¢¢(s;d € source) —
Bns(s;d € source) (M = —0.37), with statistical
significance (F(1,68)=7.48, p=0.008)

These results show that splicing significantly hinders
the recognition of sources, moods and types consensu-
ally associated (in the tested control groups) with stim-
uli in their normal conditions. This masking effect is
not significantly different for music and soundscapes for
both mood and type descriptions, but more important
for soundscape sources than for music sources.

B. Influence of splicing on similarity performance

In this section, we measure how much of the similarity
relations established by participants listening to normal
stimuli (“ground truth”) can still be identified by the
participants listening to their spliced variants.

For a given triad ¢ in a condition ¢, we define the
“agreement on best pair” a.(t) as the proportion of par-
ticipants (among all participants tested in the condition)
who agree on the most-agreed pair of “most” similar
stimuli. For example, when presented a triad composed
of 2 Beethoven piano sonata and a Coltrane jazz piece,
most participants judge that the pair of most similar
stimuli is the one composed of the 2 sonata. For triads ¢
in the spliced conditions ¢, we then compute the “agree-
ment on best normal pair «(t) as the proportion of par-
ticipants (among all participants tested on spliced condi-
tion ¢) who agree over the most consensual pair judged
by the participants tested on the same triad, but in the
normal condition. We then average over all triads in the
condition. With the same example as above, a§,,(t) is
the proportion of participants who, when presented the
triad composed of the spliced variants of the 2 sonata and
the jazz piece, judge that the pair of most similar stimuli
is the one composed of the 2 spliced sonata.

‘We observe that:

e There is a significant degradation of agreement in
the spliced conditions over the pairs most-agreed
on in the normal conditions, i.e. if 2 stimuli are
consensually judged similar to one another in their
normal condition, their spliced variants are not
necessarily judged similar. This is true'® for mu-
sic (anm] = 0.86 > a¥,, = 0.53, F(1,48)=6.78,
p=0.012) as well as soundscapes (ays = 0.91 >
[agg] = 0.77, F(1,48)=6.28, p=0.016)

e However, the degradation due to splicing is 2.5
times more severe for music than for soundscapes:
the agreement difference anar(t) — oy, () (M =
0.33,SD = 0.27) is larger than ans(t) — akq(t)
(M = 0.13,SD = 0.25), with statistical signifi-
cance (F(1,44)=6.38, p=0.015)

Spliced soundscapes have only slightly different simi-
larity relations to one another than in the normal condi-
tion, whereas the relations consensually judged in normal
music are lost when it is spliced. This opposes all effects
found on categorization, which is equally hindered for
music and soundscapes (and even more for soundscapes
in the case of “source” categories.

IV. DISCUSSION

We found that splicing significantly impedes the recog-
nition of source, mood and type descriptions that can be
consensually made (by our tested participants) for stimuli
in their normal condition. We also found splicing has a
significant, but small influence on similarity performance
for soundscape signals; for music however, the similar-
ity relations that are consensually established for normal
signals are completely lost by splicing.

The difference observed between music and soundscape
signals when spliced may result from several undesired ef-
fects. First, similarity judgments could be more difficult
(i.e. less consensual) for music than for soundscapes even
in the normal condition. However, we found that similar-
ity judgments for normal music signals are as consistent
across participants as judgments for normal soundscape
signals. (any = 0.70 < ays = 0.77, but F(1,86)=3.34,
p=0.071), so this effect is ruled out.

Second, judging the similarity of spliced music maybe
be a more disorienting task than for spliced soundscapes.
But again, we found that similarity judgments for spliced
signals are as consistent as judgments for normal signals
(aNM = 0.70 > asy = 0.66 (F(1,86):1.27, p:0.262);
ans = 0.77 > ags = 0.76 (F(1,86)=0.13, p=0.719).
Poor similarity precision on spliced music is consistently
observed for all participants.

Third, our results may be explained by the par-
ticipants’ lack of training for the task of listening to
spliced signals. While a positive effect of training can-
not be ruled out, it is interesting to note that judg-
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ments made on spliced signals reach the same de-
gree of consensus than judgments made on ecologi-
cally valid, normal signals. For instance, the cate-
gories judged for spliced stimuli are as consistent as
the categories for normal signals, e.g. for music moods
(Bnar(mood) = 0.90 < Bsas(mood) = 0.90, F(1,26)=.03,
p=0.873), types (Bnm(type) = 0.85 < Bsu(type) =
0.85, F(1,22)=.00, p=0.998) or sources (Bnas(source) =
0.86 < Bsn(source) = 0.83, F(1,29)=.35, p=0.561).

Finally, the difference observed between music and
soundscapes may result from uncontrolled recognition
effects of familiar music. If participants recognize the
music stimuli used in the experiment, they may judge
music similarity in the normal condition based on extra-
acoustical information such as the artists’ country. Since
this recognition is likely lost when spliced, this informa-
tion cannot be recruited to compare spliced music, and
performance is degraded. For soundscapes however, this
recognition effect is negligible, which could explain the
lesser difference from normal to spliced. This explanation
can probably be ruled out, too. First, we found in de-
briefing the experiments that the participants did not rec-
ognize the stimuli in the normal music condition (pieces
that are relatively well-known in the western world are
not necessarily well-known in Japan). Second, it was
recently reported that listeners can make a distinction
between familiar and unfamiliar music even in spliced
stimuli with frame size between 50 and 100ms.*S.

A. Splicing and syntax

Spliced signals sound distinctively unnatural. Physi-
cally, splicing preserves long-term statistical distributions
of frames as well as local spectral content (since each indi-
vidual frame is left untouched), but loses short-term dy-
namical relationships between frames. In particular, the
frame rate adopted here is typically faster than the note
rate in music, so even intra-note consistency (transient,
sustain, decay) is not preserved. Brain imaging studies
show that spliced musical signals (for frame size around
500ms) engender decreased activation in the left inferior
frontal cortex!'™18, a region closely associated with the
processing of linguistic structure, or syntax, in spoken
and signed language.

We found here that humans are capable of comparing
soundscapes in a way which resists splicing: two sound-
scapes deemed similar to one another in normal condition
are likely to be also found similar when listened in spliced
condition. This suggests that judging the similarity of
soundscapes does not require to recruit syntactic pro-
cessing of the type involved by speech and music (Figure
1-left). Whether syntactic processing is activated by the
perception of non-spliced soundscapes but contributes lit-
tle, or whether it is simply not recruited even in normal
situations, is left open for further investigation.

splicing
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FIG. 1. (color online) A schematic representation of the
links found here between similarity, syntax and semantics for
soundscape perception. Splicing affects the temporal coher-
ence of the audio signals, which was found to hinder activa-
tion in brain centers responsible for the processing of linguis-
tic syntax. Since splicing preserves soundscape similarity to
a large extent, we find here that soundscape similarity does
not logically require syntactic processing of the type involved
by speech and music (left). Moreover, splicing is found to
hinder categorization. Therefore, soundscape similarity does
not require the identification of the categories usually elicited
by normal stimuli, most notably sound sources. (right). See
main text for details.

B. Splicing and semantics

Our results confirm that splicing is a categorization
mask for non-speech audio signals. Degraded agreements
for “true” categorical values, but not for “false” values,
show that splicing masks the recognition of normally per-
ceived categories (increased number of false negatives),
but does not introduce any confabulated categories (no
significant increase of false positives): one may not hear
guitar in a spliced guitar signal, but one is unlikely to
hear piano instead. This effect is the same for music and
soundscapes.

These results are consistent with the use of splicing
for speech signals!!, and can be easily explained by the
well-documented importance of the temporal envelopes
for, say, musical instrument recognition®. However, they
appear to contradict studies focusing on the perception
of very short sounds. In a 1999 study (published only
recently), Gjerdingen and Perrott!? observed that, given
as little as 250 ms of audio, human listeners were able to
recognize the genre of a musical extract correctly more
than 70% of the times. Similar effects were reproduced
for further categories (including moods) for extracts as
small as 50ms2° - which is the size of the frames we use
here. That this ability should not hold for sequences of
frames is intriguing and could point to an important role
of short-term memory and attentional processes.

From our data, it is difficult to clarify the causal rela-
tion between loss of temporal coherence (by construc-
tion) and distorted ability to categorize. Friend and
Farrar?! studied the effect of splicing speech on judg-
ments of the speaker’s affective state, and found that it
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increased ratings of anger and excitement. They sug-
gested this depends on the speech-mimetic features of
the resulting time series. Spliced signals contain regu-
lar artificial transients (due to the arbitrary concatena-
tion of non-adjacent frames) and give an impression of
high tempo and limited pausing regardless of the origi-
nal signal. These features are often correlates of anger in
normal speech. For music and soundscapes, we observed
here that splicing typically did not introduce confabu-
lated categories, and we could not find any systematic
effect of splicing on the categorization of “mood” descrip-
tions. However, similar effects cannot be ruled out and
should be further investigated.

C. Soundscape similarity doesn’t require categorization

The better similarity results obtained in spliced condi-
tion for soundscapes than for music could be explained
by a possible recognition effect which would be retained
in the case of soundscapes. If more analytical details (i.e.
descriptions) were preserved in spliced soundscapes than
in spliced music, then their comparably better similarity
could be based on a comparison of high-level features in
the way proposed by Tversky?. However, we found that
splicing degrades categorization to a similar degree for
both music and soundscape, and even to a greater de-
gree for soundscapes when considering sound sources, so
this effect can be ruled out. The fact that splicing pre-
serves more of the music sources (instruments) than the
soundscape sources would in effect predict better similar-
ity performance for music than for soundscapes, if based
on analytical features. Moreover, we find here that rela-
tively good soundscape similarity doesn’t require source,
mood or type categorization (we have the former without
the latter in the spliced condition) (Figure 1-right).

First, this suggests that a significant part of the pro-
cess of comparing two soundscapes doesn’t require high-
level semantic features, but rather relatively raw rep-
resentations, arguably generic. Second, this result in-
dicates in particular that humans are able to give ac-
curate and consensual judgments of the similarity of
soundscapes with no prior recognition of their constituent
sound sources. This is a surprising result, in apparent
contrast with previous studies which usually conclude
that perceptive judgments of categorization and similar-
ity on soundscapes are based on the identification, and
then connotation, of sources. Psycholinguistic studies’
only report on correlations. There are well-studied effects
of “a posteriori rationalization” in such methodologies??,
in which participants produce a lexical explanation (“be-
cause there are cars”) for a cognitive process (here, “these
two soundscapes are similar”) which may be independent
from these causes.

We should be careful in concluding too strongly on
“similarity without categorization”. It is probably im-
possible to prevent categorization in normally cognitive
participants, even for highly distorted stimuli such as the

ones used here. What we are loosing here by splicing is
referential categorization in the conceptual system asso-
ciated with normal stimuli: participants find it impossi-
ble to map a spliced stimulus to categories that apply for
normal stimuli, such as “piano” or “dog bark”. However,
when presented a spliced stimulus, participants likely
build categories in a ad-hoc semantic system adapted to
spliced sounds (e.g. “sounds that go fipfipfip”). What
we find here is that these ad-hoc categories bear no re-
lation with the “natural” categories, as this spontaneous
categorization of spliced signals doesn’t help the partic-
ipants retrieve the categories consensually judged in the
normal conditions. It is possible yet, if properly trained
with pairs of normal and spliced stimuli, that participants
can learn a mapping between both semantic systems, e.g.
learn that “sounds that go fipfipfip” are usually spliced
variants of songs containing guitar.

D. Does music similarity require categorization ?

We found here that severely degraded music similarity
(-33% agreement) is correlated with severely degraded
categorization (c. -30% agreement). From this data, we
cannot conclude on the causality between these 2 pro-
cesses. First, maybe similarity requires categorization,
i.e. two music stimuli that are said to “sound the same”
can only be said so because they are first categorized
with a variety of descriptors (e.g. musical instruments,
moods, etc.) and then found to share a significant num-
ber of such descriptors. If this is so, then splicing acts as a
content-mask on categorization, and impedes similarity
by hurting its prerequisite process. Conversely, maybe
categorization requires similarity, i.e. music classifica-
tion operates as an exemplar matching process®® based
on a partly generic assessment of similarity (e.g. if it
sounds like a rock song, then it is rock). The content-
masking property of splicing could then be the conse-
quence, rather than the cause, of this degraded similarity.
Finally, maybe music categorization and similarity oper-
ate in conditional independence given a common cause,
such as syntactic processing, which is degraded by splic-
ing. This should be submitted to further investigation,
e.g. with the help of brain imaging techniques which
are increasingly used to characterize semantic processing
both for music?* and natural sounds?®.
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APPENDIX: DESCRIPTIONS USED IN
CATEGORIZATION TASK

Descriptions for normal and spliced music:

e Sources: Acoustic Guitar, Bass, Brass (trumpet...),
Drums, Electric Guitar (saturated), Electric Gui-
tar (clear), Harmonica, Piano, Strings (violin...),
Synthesizer, Vocals (male), Vocals (female), Wind
(flute...).

e Moods: Aggressive, Calm, Carefree, Cere-
bral, Cold, Energetic, Fun, Happy, Intimate,
Party / Celebratory, Passionate, Plaintive, Sad,
Tense/Anxious.

e Types: Blues, Club / Dance, Classic Rock & Roll,
Contemporary Rock, Country, Electronic, Experi-
mental, Folk, Hard Rock, Heavy Metal, Jazz, Pop,
Punk, Psychedelic.

Descriptions for normal and spliced soundscapes:

e Sources: Car, Truck, Bus, Bird, Voice (male), Voice
(female), Voice (children), Boat, Motorbike, Foot-
steps, Plane, Train, Industrial machinery, Building
site equipment, Dog bark, Water noise (rain, sea),
Collision noise, Car horns / siren.

e Moods: Calm, Disturbing, Familiar, Noisy, Pleas-
ant, Restful, Stimulating, Stressful, Unbearable,
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[[Normal condition|Spliced condition| Significance |

source|| Bnas — 0.79 Bin — 059 |F(1,80) = 18.23,p < 0.001

music mood Ona = 0.67 B&y =037  |F(1,62) =73.05,p < 0.001
type By = 0.64 Biy =036 | F(1,8) = 10.56,p = 0.012

source Ons = 0.89 B%e =052  |F(1,56) = 30.19,p < 0.001

soundscapes | mood Ons = 0.68 Bég = 0.38 F(1,32) = 28.70,p < 0.001
type | Bns =0.75 Bie =046 | F(1,20) = 6.75,p = 0.017

TABLE I. Influence of splicing manipulation on inter-subject agreement on most-agreed value for categorization task
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