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Summary 1 

Voice timbre – the unique acoustic information in a voice by which its speaker can be recognized – is 2 

particularly critical in mother-infant interaction. Correct identification of vocal timbre is necessary in 3 

order for infants to recognize their mothers as familiar both before and after birth 1–6, providing a basis 4 

for social bonding between infant and mother. The exact mechanisms underlying infant voice 5 

recognition remain ambiguous and have predominantly been studied in terms of cognitive voice 6 

recognition abilities of the infant. Here, we show – for the first time – that caregivers actively 7 

maximize their chances of being correctly recognized by presenting more details of their vocal timbre 8 

through adjustments to their voices known as infant-directed speech (IDS) or baby talk, a vocal 9 

register which is wide-spread through most of the world’s cultures 4,7,8. Using acoustic modelling (k-10 

means clustering of Mel Frequency Cepstral Coefficients) of IDS in comparison with adult-directed 11 

speech (ADS), we found in two cohorts of speakers - US English and Swiss German mothers - that 12 

voice timbre clusters of in IDS are significantly larger to comparable clusters in ADS. This effect 13 

leads to a more detailed representation of timbre in IDS with subsequent benefits for recognition. 14 

Critically, an automatic speaker identification using a Gaussian-mixture model based on Mel 15 

Frequency Cepstral Coefficients showed significantly better performance in two experiments when 16 

trained with IDS as opposed to ADS. We argue that IDS has evolved as part of an adaptive set of 17 

evolutionary strategies that serve to promote indexical signalling by caregivers to their offspring 18 

which thereby promote social bonding via voice 9 and acquiring linguistic systems 10.  19 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4088888

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



 

 

RESULTS 20 

A predominant challenge in voice recognition relates to the immense variability in timbres of voices 21 

within individuals, arising from a large spectrum of sources, such as varying registers, vocal effort or 22 

different emotions 11–19. This variability leads to reduced recognition performance for a voice learned 23 

in one register and presented in another. IDS is a register which shows some of the highest within- 24 

and between-speaker acoustic variability (see review in 20). Recently, Piazza et al. 4 demonstrated 25 

consistent within-speaker shifts in timbre from ADS to IDS, which they interpreted as changes in the 26 

unique fingerprint within a caregiver’s voice. They argued it helps the infant differentiate between 27 

ADS and IDS. However, if adults indeed shifted their unique vocal fingerprint from ADS to IDS, this 28 

should correspond to a perceived change in voice identity with detrimental consequences for 29 

recognition performance in cross-register recognition (for example, when a voice is learned under IDS 30 

and recognition takes place under ADS). There is, however, consent that IDS registers are applied to 31 

support attention and thus facilitate social bonding between caregiver and infant 21–24. Social bonding, 32 

however, requires a solid recognition of the social interactants, notably by their voices 1–6. We contend 33 

that it is biologically implausible that caregivers make recognition challenging by addressing infants 34 

in a register that will not serve to make them more generally recognizable. Additionally, IDS features 35 

some of the highest within-register timbre variability of all vocal registers, manifested as tremendous 36 

exaggerations of acoustic segmental 10,25–28 and prosodic characteristics 29–34. While within-person 37 

variability – within or between register – has generally been thought to oppose identity recognition 35–38 

37, results from automatic voice recognition 18 and – more recently – from human voice recognition 37–39 

40 revealed that learning identity from voices containing more within-speaker detail, can generalize 40 

better to unknown variability in the long-term and thus lead to more robust recognition. It thus seems 41 

plausible that the high degree of within-speaker variability observed in IDS might contribute 42 

positively to recognition when a system has been trained with it. Here, we tested this hypothesis using 43 

acoustic modelling and automated speaker recognition models.  To test this, we analysed speech from 44 

mothers of two independent cohorts (10 Swiss-German and 27 US-English) reading sentences to their 45 
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own infants (IDS) and to an adult experimenter (ADS), in recording facilities located in the Upper 46 

Midwest, USA and University of Zurich/Switzerland respectively (see STAR methods). Given that 47 

infants exhibit a preference for the mother’s over the father’s voice69 and that they show a lack of 48 

discrimination between male voices (including the paternal voice70), we have – in line with previous 49 

studies on IDS – limited our investigation to mothers’ voices.  50 

Acoustic modelling: ADS is a timbre subspace of IDS  51 

To better understand the acoustic nature of the timbral shift suggested by Piazza et al. 4, we modelled 52 

this shift in a multidimensional timbre space. The timbre of a voice that forms its identity consists of a 53 

set of multidimensional acoustic variables that change rapidly over time. A typical way of modelling 54 

timbre is by using Mel Frequency Cepstral Coefficients (MFCCs, 41), a series of speech coding 55 

techniques arriving at a discrete number of coefficients (typically 13) specifying voice-specific timbre 56 

during a specified time unit (typically 25 ms). Clusters of MFCCs in the multi-dimensional space are 57 

an efficient way of identifying speaker-specific timbre, henceforth timbre clusters. To understand how 58 

an ADS timbre space of a speaker compares to the IDS space of the same speaker, we first identified 59 

32 timbre clusters in a 13-dimensional MFCC space using k-means clustering. We applied the 60 

clustering to ADS and IDS combined for each speaker. 32 clusters were chosen because this was the 61 

largest number for which each cluster contained sufficient data samples in both IDS and ADS from 62 

the same speaker to measure 95% confidence ellipses in dimension-reduced data 42. Second, we 63 

divided each cluster into ADS and IDS sub-clusters and measured the Euclidian distance between the 64 

sub-cluster centroids in the 13-dimensional MFCC space. Fig. 1. (A) illustrates the median distance 65 

between IDS and ADS in the timbre space, which was about four times higher than the distance 66 

between a random data-split with 5-fold cross-validation at the proportion of the ADS/IDS ratio 67 

within a cluster; a linear mixed model showed a significant effect of split type, F[1,1] = 1425.21, p <. 68 

001, but not of language, F[1,1] = 0.025, p = .87; and no interaction: F[1,1] = 0.33, p = .56). This 69 
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shows that, within a timbre cluster, ADS and IDS are centred around different means, consistent with 70 

the proposal of a shift in Piazza et al. 4.  71 

To compare the relative extent of the two subclusters in the timbre space, we obtained the variance of 72 

the ADS and IDS subgroups within each cluster by applying Principal Component Analysis (PCA) on 73 

the MFCC data. Using the first two principal components, we measured the area for IDS and ADS 74 

data by fitting a 95% confidence ellipse. Fig. 1. (B) shows the area of ADS and IDS sub-clusters in a 75 

representative example of one single k-means cluster of a Swiss speaker; areas of IDS and ADS in all 76 

clusters for both languages are summarized in Fig. 1. (C). Both languages show a proportionally 77 

smaller area for ADS compared to IDS (pairwise t-test with Bonferroni correction for Swiss: p = 78 

0.0019; US: p < 0.0001). The difference was significantly larger for US English compared to Swiss 79 

German, as revealed by a significant interaction between register and language (stemming from a 80 

linear mixed model [register*language] with [speaker] as random factor: β= -0.9641; ANOVA: F[1, 81 

2329] = 9.3711; p = 0.00223).  82 

In addition to demonstrating a method by which the timbral shift suggested by Piazza et al.4 can be 83 

rigorously quantified, the above results crucially identify and confirm a systematic increase in the 84 

extent of size of the timbre space occupied by IDS register compared to ADS register. This systematic 85 

increase of the timbre space in IDS compared to ADS holds across two distinct languages/dialects – 86 

Swiss German and US Midwestern English – involving very disparate geographic regions and 87 

populations of individuals. Other than a mere shift between ADS and IDS – as argued by Piazza et al.4 88 

– this means that the potential vocal space a speaker occupies is better represented in IDS compared to 89 

ADS registers, and further, that IDS includes the timbre space of ADS significantly more than the 90 

other way around. We thus obtained a rigorous acoustic model that explains the variability advantage 91 

demonstrated in prior studies in both computer 19 and human 38 voice recognition.  92 
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Figure 1.  (A) Within-cluster 

differences between ADS and IDS 

centres (red) and differences 

between random within-cluster splits 

(turquoise). (B) Representative 

example of IDS (red) and ADS 

(turquoise) areas in one GMM of 

one speaker in Swiss German, (C) 

mean k-means cluster area (averaged 

+- 1 stdev over 10 and 27 speakers 

respectively).  
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Expanded timbre space leads to a recognition advantage 93 

The finding of an expanded timbre space in IDS compared to ADS has direct implications for voice 94 

recognition. Because IDS contains more timbre detail compared to ADS, we hypothesised that 95 

learning a voice under the larger IDS timbre space should lead to better recognition performance of 96 

voices under ADS compared to learning a voice under ADS and recognizing the speaker under IDS 97 

(henceforth: IDS-ADS and ADS-IDS respectively). Recognition was tested based on a Gaussian-98 

Mixture Model (GMM) with 32 mixtures constituting the number of mixtures for which almost no 99 

empty clusters in either IDS or ADS were obtained, along with 5-fold cross-validation based on 13-100 

dimensional MFCCs (see Fig. 2). A two-way ANOVA [accuracy by language and speaking-register] 101 

had a significant interaction between the effects of language and speaking-register [F [1,16] = 80.92, 102 

p(Bonferroni) < 0.001], indicating effect magnitudes were somewhat larger in US English compared to 103 

Swiss German. Testing the simple effect of training-test sequence (IDS-ADS; ADS-IDS) revealed 104 

significantly better IDS-ADS recognition in both languages, as shown by a pairwise t-test with 105 

Bonferroni correction for Swiss: p = 0.001; US: p < 0.001). Results were replicated (see STAR 106 

methods) for different numbers of mixtures (32 to 512) and including temporal features (first- and 107 

second-order derivatives; delta and delta-delta). To make sure that the model performs well under 108 

within-register conditions, we also tested ADS-ADS and IDS-IDS. Mean within-register recognition 109 

led to ceiling effects for ADS (Swiss: 100%, US: 98%) and close to ceiling performance for IDS 110 

(Swiss: 99%, US: 88%). This was to be expected as GMMs perform highly on within-register read 111 

speech for our group sizes. We relate the decrease in performance within IDS recognition – 112 

particularly for US-English speakers – to the generally higher variability in both training and test data.  113 

Results suggest that learning vocal identity from acoustically more variable IDS may lead to speaker 114 

recognition benefits in other, less variable registers (here ADS), but not vice versa. While using less 115 

variable registers in training and testing (e.g., read ADS-ADS) leads to optimal results, this scenario is 116 

not very applicable, as listeners would only be prepared to identify speakers under this particular low-117 
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variability condition, which is improbable to occur. In real-life situations of kinship recognition, 118 

listeners task is to identify speakers under a wide range of within-speaker timbre variability. Thus, by 119 

addressing an infant in IDS, the infant may learn critical information about timbre features that serve 120 

to identify speakers in ADS and possibly other registers, but the reverse does not hold. It supports the 121 

view that the higher amount of attention infants pay to caregivers under IDS 21–24 is accompanied by 122 

caregivers revealing more information about their voice timbre variability which in return leads to the 123 

acquisition of a more robust representation of that individual’s voice. In sum, it suggests that the 124 

acoustics of IDS play a crucial role in furnishing the infants with the necessary cues for deriving a 125 

highly-generalisable speaker identification system. 126 

The fact that the impact of register on both recognition performance (Fig. 2) and timbre differences 127 

(Fig. 1) was higher in US English compared to Swiss German may potentially be explained as 128 

differences in the circumstances of IDS/ADS production across the recording sessions in different 129 

countries/languages (Swiss and US). In comparison to American mothers, who spoke to adults in the 130 

absence of their infants, Swiss German mothers carried their baby while they were producing adult 131 

directed speech and read a children's story to the adults. Even though Swiss listeners showed a high 132 

sensitivity in differentiating IDS from ADS in the Swiss speakers (mean A’ across 31 listeners = 0.79; 133 

see STAR methods), Swiss ADS had notable IDS influences. In addition, differences between ADS 134 

and IDS registers are continuous rather than categorical, and specific acoustic attributes and 135 

prevalence differ according to cultural background, geographic region, and individual identity 43–45. 136 

We therefore posit that the reason for the smaller effect magnitudes in Swiss speakers may also 137 

plausibly reflects the use of a generally less marked IDS register by the Swiss German speaker group 138 

compared to the US group.  139 
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Figure 2. Recognition accuracy for GMM models trained on ADS and tested with 

IDS (ADS-IDS) and the reverse (IDS-ADS) for both US-English (N=27) and Swiss-

German (N=10) speakers (average +- 1 stdev over 5 folds of cross-validation). 

Learning a speaker’s voice from IDS results in a recognition advantage in other registers 140 

In a second recognition experiment we used an identical test set to probe recognition performance 141 

using the IDS and ADS recognition models from the cross-register condition (previous section) to 142 

recognize spontaneous speech elicited in a picture description task and an interview situation. This 143 

register was available for the Swiss German speakers only. Both tasks were carried out under IDS and 144 

ADS conditions (see STAR Methods). This speech was not subject to the typical constraints of read 145 

speech and contained a large variety of different lexical items and grammatical patterns. Fig. 3 (A) 146 

shows that the entire timbre space (13-dimensional MFCCs) in a dimension reduced PCA is more 147 

extensive than, and mostly occupies a different space to, the read speech of the previous experiment. 148 

Recognition performance showed a significant interaction between training set (IDS, ADS) and 149 
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spontaneous speech type (free, picture-naming) on accuracy [two-way ANOVA accuracy*test set: 150 

F [1,16] = 25.03, p < 0.0001]; (Fig. 3. B). Simple effects (Bonferroni corrected p-values) of training 151 

register for each of free and picture-naming speech revealed significantly higher recognition 152 

performances for IDS compared to ADS-trained models (free-speech: p < 0.043; picture-naming: p < 153 

0.0001). These results provide strong evidence for the view that IDS compared to ADS training 154 

generalizes better to vocal registers that are not part of either of the training registers. Hence, the 155 

timbre variability obtained in IDS is likely to be of advantage to recognize voices under a wide variety 156 

of within-speaker timbre variants. We thus conclude that training a listener with IDS instead of ADS 157 

will prepare them to recognize the speaker under possibly all vocal settings and registers of that 158 

speaker.  159 

 

Figure 3. (A) Example of read (ADS, IDS) and spontaneous speech (Picture naming, 

and free-speech) of one Swiss-German mother in a PCA space. Both spontaneous 

registers occupy a different timbre space compared to the read registers (B) The 

trained IDS and ADS voice recognition models of Swiss-German (N=10) mothers 

separately were tested on two varieties of spontaneous speech 1) free-speech, and 2) 

picture-naming. The experiment was performed over 5 folds of cross-validation.  

Trained model 
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DISCUSSION 160 

Voice recognition is a process that is essential for social cohesion of humans and many other voice-161 

recognizing animals, and behaviorally has been shown in infants both before and shortly after birth 162 

46,47. Here, we revealed that the universal phenomenon of IDS typically produced by caregivers to 163 

address their infants is a register that supports voice recognition performance when voices are learned 164 

under IDS. Using rigorous acoustic modelling we demonstrated – for the first time – that voice-165 

specific timbre clusters capture more of the possible acoustic space in IDS compared to ADS, leading 166 

to better speaker recognition when caregivers speak in IDS. As a result, the acoustics of IDS provide 167 

optimal training input for the development of a robust voice identification system, one which has 168 

adapted to the tremendous situational variability in a caregiver’s voice that the infant will encounter. 169 

It is thus likely that IDS is an adaptation applied by parents in infancy to foster acquisition of voice 170 

timbre detail by infants to subsequently support robust recognition of the caregiver by the infant, thus 171 

providing a basis for close bonding and increased chances of survival.   172 

Our results are in line with recent findings from both face35–37 35–37 and voice recognition [22], 37–40,37–40 173 

revealing that viewing a face from different perspectives or listening to a voice of a speaker under 174 

increased variability supports subsequent face or voice recognition, respectively. This is in line with 175 

results showing that rich multi-modal information results in better representations of affective 176 

categories 48. Similar evidence also exists from automatic voice recognition, demonstrating that 177 

training data from speakers under a variety of speech registers increases correct recognition 178 

probability of test data containing high variability 18. This means that maximizing knowledge about 179 

within-voice variability supports the receivers’ ability to identify a voice under a wide variety of 180 

registers and generalizes to previously unexperienced realizations of particular registers by a speaker. 181 

Here, we showed for the first time that the augmentation of within-speaker variability that is present 182 

in IDS fosters and supports enhanced speaker recognition as a result of a wide spectrum of within-183 
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voice variability of the caregiver. Given a high-variability advantage detected for types of adult 184 

directed speech 38, it seems plausible that IDS evolved for precisely such scenarios.  185 

Within-speaker variability has typically been viewed as detrimental for recognition because the 186 

detection of similarity in stimuli with high variability is more challenging 49,50. However, our results 187 

highlight the importance of variability as advantageous when supplied sufficiently during the training 188 

period 38. How long then does a familiarisation with IDS need to last to show advantages over speech 189 

that consists of low-variability vocalisations? While the answer to this question is subject to future 190 

studies, it seems plausible that after familiarization with IDS over the first year of life, the infant will 191 

be well prepared to perform caregiver recognition by the time autonomous mobility (i.e., independent 192 

crawling) starts and the self-exploration of different social settings consisting of new voices increases. 193 

This is probably the point at which robust recognition of the primary caregiver is most crucial. Thus, 194 

the point at which IDS changes into so-called child-directed speech (CDS) – which should then 195 

contain less indexical signalling – may also be around that time. In fact, there is evidence for the 196 

change between IDS and CDS to be indeed around that stage in the infant’s life 51,52, 53,54. 197 

Previous studies have predominantly focused on the hypothesis that the vocal adjustments in IDS 198 

support language acquisition, in particular the process by which abstract linguistic forms (e.g., 199 

phonemes, syllables, or words) are acquired from variable acoustic representations 10. However, the 200 

type of timbre variability found in IDS introduces highly non-canonical linguistic realisations 55–57 201 

which have been found to produce ambiguous category information, thus, arguably, 202 

counterproductive for the acquisition of linguistic categories 58 and shown to lead to less discriminable 203 

utterances at the phoneme level 59. A recent machine learning study 57 found that realisations of IDS 204 

phoneme categories were neither more separable nor more robust in comparison to their ADS 205 

counterparts. This is entirely consistent with the present results, as increasing voice timbre detail 206 

should increase the variability found between segments, rendering them less canonical. Thus, it is 207 

plausible that the dominant function of IDS is to elicit infant’s attention to voice specific aspects.  208 
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Our results have wide-reaching implications. In evolutionary terms, it seems plausible that IDS has 209 

evolved as part of an adaptive set of strategies that serve to promote indexical signalling by an adult to 210 

their offspring, thereby promoting adult-infant bonding, increasing the infant’s attention, and fostering 211 

offspring survival. Given the relatively poor linguistic skills of new-borns and infants in the first few 212 

months post partum, it seems plausible that the dominant role of voice in communication would be 213 

transmitting identity. This would also make offspring-directed vocalisations a plausible phenomenon 214 

in voice recognizing animals, where caregiver recognition may be similarly important. In fact, 215 

Fernandez and Knörnschild 60 recently provided evidence for the existence of an analogue of IDS in 216 

bats, which were shown to adopt a more highly variable vocal register when directing their calls to 217 

pups than adult conspecifics. Nevertheless, Fernandez and Knörnschild 60 automatically classified 218 

individual caregiver signals und found low classification rates. They concluded that pup-directed calls 219 

“do not seem to encode sufficient interindividual variation to allow for reliable individual 220 

discrimination” (p. 5). This, however, is not surprising, given that the advantage of higher variability 221 

signals only arises after long-term training 49,50. The pup-directed vocalizations reported in 60 from 13 222 

female pups – which evidently contain a high timbre variability – must be expected to result in poor 223 

classification performance and this result directly replicates findings for human speech 61 and our 224 

results from the within register tests – ADS-ADS and IDS-IDS – in which the higher variability of 225 

IDS has disadvantages over ADS recognition (see above). Hence, a lower acoustic variability in adult-226 

directed bat vocalizations would mean that their classification rates should be higher compared to 227 

pup-directed vocalizations (classification results not reported in 60). Bat pups, however, are evidently 228 

good at identifying their caregivers 62 and in the light of the results reported here, it is plausible that 229 

this performance is supported by the higher variability vocalizations reported in 60. We predict that 230 

using pup-directed bat vocalizations as training material for a recognition task would show similar 231 

training advantages to the human data reported here. It will be interesting to see whether offspring-232 

directed adjustments in vocalisations occur in other vocal recognizing animals (e.g. 63–66) and whether 233 

these vocal adjustments co-occur with individual recognition advantages. Given that both human and 234 
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non-human animals share this non-linguistic function of vocalisations, it is plausible that vocalising to 235 

bootstrap identification may be the ancestral function of infant-directed vocalisations which was later 236 

leveraged to aid the development and realisation of linguistic contrasts in human speech  67,68. 237 
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STAR METHODS 245 

Mothers Reveal More of Their Vocal Identities When Talking to Infants 246 

KEY RESOURCES TABLE 247 

REAGENT or RESOURCE SOURCE IDENTIFIER 
Software and Algorithms 
MATLAB R2019b Mathworks RRID: SCR_001622 
Voicebox Speech processing 
toolbox 

[Brookes, 2011] http://www.ee.ic.ac.uk/hp/staff/dmb/voicebox/voicebox.html 
 

HTK MFCC toolbox [Davis and 
Mermelstein, 
1980; Young et 
al., 2006] 

https://ch.mathworks.com/matlabcentral/fileexchange/32849-
htk-mfcc-matlab 
 

R Studio [R Core Team, 
2013] 

http://www.R-project.org/ 

ggplot2 [Wickham H, 
2016] 

https://ggplot2.tidyverse.org. 

CONTACT FOR REAGENT AND RESOURCE SHARING 248 

Further information and requests for resources should be directed to and will be fulfilled by the 249 

corresponding author, Volker Dellwo (volker.dellwo@uzh.ch).  250 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 251 

US-English materials: 27 mother–infant dyads were recruited from the local community in 252 

Indianapolis, Indiana, USA; all mothers were native US English speakers with self-reported normal 253 

hearing who grew up in the Midwestern United States. Mothers participated in the study with their 254 

infants. Recordings were randomly selected from among those available such that infants were on 255 

average 7.5 months old (range: 4.1 - 9.9 months). The gender of infants was balanced. This research 256 

and the recruitment of human subjects were approved by the Indiana University Institutional Review 257 

Board. During a lab visit, mothers were asked to read for both IDS and ADS conditions from a 258 

storybook. In the IDS speech condition, mothers read the storybook to their infants, and the infants 259 

were present in the room with their mothers for the duration of the IDS session. In the ADS condition, 260 

mothers were asked to read aloud as if to another adult. The order of IDS and ADS recordings was 261 

counterbalanced across mothers and visits. For additional details, see 44 262 
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Swiss-German materials: 10 Swiss-German mother–infant dyads participated in the experiment. All 263 

the mothers were native Swiss-German speakers with self-reported normal hearing. Infants were 8-9 264 

months old, and the gender was balanced. Informed consent was obtained from all participating 265 

mothers, and approval of the study was obtained from the University of Zurich. Participants were told 266 

that we were broadly interested in ‘‘mother-child interaction’’ and were not aware that we were 267 

measuring differences between the acoustic properties of their speech across the conditions. The 268 

participants read 12 sentences to their infant, and to an adult experimenter in their own reading 269 

register.  270 

METHOD DETAILS 271 

Equipment 272 

US-English Recording: Mothers were digitally recorded reading in a double-walled, copper-shielded 273 

sound booth (Industrial Acoustics Company, Bronx, NY) at the DeVault Otologic Research Lab in 274 

Indianapolis, Indiana, USA. The speech was recorded in one of two ways: The initial system used an 275 

Audio-Technica ES933/H hypercardioid microphone (Audio-Technica, Leeds, UK) powered by a 276 

phantom power source and linked to an amplifier (DSC-240; Daqscribe, Centennial, CO) and a Sony 277 

DTC-690 digital audio tape recorder (Sony, Tokyo, Japan). The equipment was updated partway 278 

through this longitudinal project to an SLX Wireless Microphone System (Shure, Niles, IL). This 279 

system included an SLX1 Bodypack transmitter with a built-in microphone and a wireless receiver 280 

SLX4, which was connected to a Canon 3CCD Digital Video Camcorder GL2, NTSC 281 

(Canon,Melville, NY) and recorded the speech samples directly onto a Mac computer (OSX Version 282 

10.4.10; Apple, Inc., Cupertino, CA) via Hack TV (Version 1.11) software. No systematic differences 283 

were found across recording sessions or participant groups in terms of recording technology. 284 

Recordings were made at a sampling rate of 22050 Hz with 16-bit quantization rate. See 44 for more 285 

details.  286 

Swiss-German Recording: Speech data were recorded continuously using Sennheiser (model: MKE 2 287 

P) omni-directional prepolarized condensor clip-on microphone. The microphone was attached to 288 
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each mother’s shirt collar. The sound recordings were done in a sound-treated room in the psychology 289 

department’s baby lab led by author 6 at University of Zurich. Recordings were made at a sampling 290 

rate of 48 kHz Hz with 16-bit quantization rate. To obtain the same reading data for mothers and 291 

infants we recorded a small passage from a child-book in both the IDS and ADS conditions. 292 

Quantification and Statistical Analysis 293 

Within-speaker vocal variability can occur at different levels (e.g., phonemic, acoustic feature, 294 

speaking register; cf. 38), and there is evidence for top-down recognition advantages through multiple 295 

levels of linguistic and paralinguistic features contributing to the voice recognition process 71. Here we 296 

limit voice recognition to the process of recognizing a speaker based predominantly on the bottom-up 297 

acoustic properties of voice, i.e., independent of lexical choices or other language related properties. 298 

This is consistent with infants’ limited knowledge of the higher-order linguistic properties of the 299 

environmental language, which requires that they must rely predominantly on acoustic characteristics 300 

of voice alone to recognize their caregivers. 301 

Feature Extraction 302 

MFCCs were obtained by block through processing the speech segment using a 25 ms Hamming 303 

window with an overlap of 10 ms, along with parameters that included pre-emphasis coefficient 304 

(0.95), number of filter bank channels (20), and liftering parameter (22), spectral bandwidth (150 - 305 

8000 Hz) using MATLAB [Young et al, 2011]. The 0th order coefficient (energy coefficient) were 306 

included in the 13-dimension MFCC features. The first- and second-order temporal derivatives were 307 

computed from the extracted MFCCs. Finally, 39 dimensional features (13 MFCCs, 13 first-order 308 

derivatives, and 13 second-order derivatives) per frame were used to develop a speaker model by 309 

training the Gaussian mixture models discussed in the ASR section. 310 

Number of Clusters in the GMM 311 

To compare the data spread of IDS compared to ADS within a cluster, we needed an optimal situation 312 

in which all clusters are filled with data from each category. Empty clusters were defined as clusters 313 

containing less than 4 data points in either IDS or ADS, corresponding to the minimum number of 314 
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points to calculate the data spread in 2-dimensional space, below. We performed a k-means cluster 315 

analysis with varying cluster numbers (16, 32, 64, 128, 256, 512); we found that from 64 clusters 316 

upwards, empty clusters start occurring. Interestingly, the number of empty clusters in ADS was 317 

always higher than in IDS. Given this finding, we used the 32 cluster analyses which reflected the 318 

point where empty clusters were equal between the two categories; we then measured several cluster 319 

properties: (a) distance between cluster means, (b) weight and (c) covariance.  320 

Automatic Speaker Recognition (ASR) 321 

We used GMM with diagonal covariance matrices [Reynolds et al., 2000] to design supervised 322 

language-independent speaker recognition models. In general, for GMM-based automatic speaker 323 

recognition experiments, the optimal number of Gaussian mixtures were estimated by varying the 324 

count (2N; N = 1, 2, 3, 4...) until the best performance was obtained, which turned out to be 32 (N = 5) 325 

for most of the experiments. The speaker recognition model was designed for every speaker on both 326 

speaking registers separately, i.e., IDS and ADS per speaker. The extracted MFCCs with delta and 327 

delta-delta (for both, US-English and Swiss German dataset separately) were randomly split into an 328 

80-20 ratio for training and testing. The data split and the ASR experiment was repeated using 5-fold 329 

cross-validation.  330 

Indexical Feature Expansion 331 

The 13-dimensional MFCC features (without delta and delta-delta) were normalized by speaker (z-332 

score normalization within speakers). The normalized features were clustered using a k-means vector 333 

quantization algorithm [Voicebox tool in MATLAB, Brookes, 2011]. The cluster count was varied 334 

(shown in Figure S1. and Figure S2) to find the highest number of clusters (k) for which a minimal 335 

number of empty clusters (i.e. clusters with only one data sample) occur. To measure the data spread 336 

of a cluster, it is necessary to have more than four data samples in a cluster [Stat_Ellipse() function in 337 

ggplot2 R package]. At k = 32 clusters, there were 1 and 3 empty clusters found in Swiss-German and 338 

US-English datasets respectively. Solutions for k > 32 had notably more empty clusters, hence our 339 

choice was to use 32 clusters for subsequent analyses. After clustering, every data frame was assigned 340 
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a cluster label (1 - 32) and the speech register label (IDS or ADS). The 13-dimensional MFCC feature 341 

space was reduced to 2 dimension using principal component analysis (PCA). The surface area of IDS 342 

and ADS points in each cluster was calculated in terms of their ellipse surface area (πab) in the 2-343 

dimensional feature space (normal distribution assumed) and was used as a measure of timbre 344 

expansion in each sub-cluster.  345 

Control Analysis: Behavioural Classification of IDS Versus ADS  346 

In the Swiss data retrieval, babies could often not be separated from their mother during the adult 347 

recording. This resulted in vocalisations that were audibly less well separated on an IDS-ADS register 348 

continuum. To make sure that individual productions of IDS and ADS were categorizable, we tested 349 

the sensitivity (A’) of 30 native listeners of Swiss German to identify individual productions as either 350 

IDS or ADS. The stimulus set consisted of 12 sentences read by 4 speakers in 2 registers (N = 240). 351 

This set was randomly divided into 3 subsets of N=80 each (4 sentences * 10 speakers * 2 registers). 352 

Each 10 randomly selected listeners listened to one of the three stimulus sets. The average A’ revealed 353 

a high sensitivity of 0.79 and no listener bias (B’’D = 0.1).   354 

Control Analysis: Automatic Classification of IDS Versus ADS 355 

To ensure that the data is comparable to previous studies, we replicated the results from Piazza et al. 356 

(2017) using a support-vector machine classifier (SVM-RBF) [MATLAB SVM classifier 357 

Application] for IDS-ADS classification based on 12 MFCCs (frames were not averaged) with a 358 

training/test split of 90/10 (5-fold cross-validation) on two datasets. Piazza et al. trained a linear SVM 359 

with ADS and found that speaker classification performance was decreased for IDS vs ADS. Based 360 

on this finding, they conclude that there is a systematic shift in timbral properties of the two registers. 361 

Our data replicates this finding with 70.3% and 75.8% correct classification rates for US English and 362 

Swiss-German respectively, consistent with the average classification of ~70% in 4 for English and 363 

non-English data. Importantly, failure of machine classification alone does not necessarily reflect a 364 

systematic acoustic timbre difference (shift) between ADS and IDS. 365 

Supplementary Text 366 
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All the ASR experiments (Figure S3 and S4) have shown a similar pattern in the results i.e., the 367 

recognition accuracy of the model trained on IDS and tested with ADS is always better than the 368 

recognition accuracy of the model trained on ADS and tested on IDS independent of the features used, 369 

and the number of GMM mixtures varied. Concerning features, MFCCs with delta have shown a 370 

better mean accuracy than MFCCs alone in both datasets. The Swiss-German dataset revealed better 371 

mean accuracy than the US-English dataset. Overall, the recognition accuracy of the two datasets has 372 

declined with increase in GMM mixtures except for the MFCCs with delta in the Swiss-German 373 

dataset (Figure S4 b). In Figure S4 b, the peak performance was at 128 GMM mixtures but, for other 374 

experiments, the peak performance was at 32 GMM mixtures. 375 

Figures S1-S6 376 

 377 

Figure S1. Empty-clusters in both IDS and ADS registers of 10 Swiss-German mothers in k-means 378 

clustering. The x-axis shows the number of k-means clusters used in the analysis, and the y-axis shows 379 

the variation of empty-clusters across 10 speakers. The vertical bar in the graph shows the standard 380 

deviation. 381 
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 382 

Figure S2. The occurrence of empty-clusters in both IDS and ADS registers of 27 US-English mothers 383 

in k-means clustering. The x-axis shows the number of k-means clusters used in the analysis, and the y-384 

axis shows the variation of empty-clusters across 27 speakers. The vertical bar in the graph shows the 385 

standard deviation. 386 

A)                                                                                      B) 387 

 388 

Figure S3. Cross-register voice recognition accuracy (mean and standard deviation) for US-English 389 

dataset using a) MFCCs, and b) MFCCs with delta. The x-axis shows the number of mixtures in the 390 

GMM classifier, and the y-axis shows the recognition accuracy in %. The vertical bar in the graph shows 391 

the standard deviation of 5-fold cross validation. 392 

 393 
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A)                                                                                      B) 394 

 395 

Figure S4. Cross-register voice recognition accuracy on Swiss-German dataset using a) MFCCs, and 396 

b) MFCCs with delta. The number of mixtures in the GMM classifier varied from 32 to 512, in the 397 

power of 2. The X-axis shows the number of mixtures in the GMM classifier, and the Y-axis shows the 398 

recognition accuracy in %, the vertical bar in the graph shows the standard-deviation of 5-fold cross 399 

validation.  400 
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A)                                                                                      B) 401 

    402 

Figure S5. Speaker recognition accuracy on spontaneous speech (picture naming task in Swiss-German 403 

dataset) using a) MFCCs, and b) MFCCs with delta. The number of mixtures in the GMM classifier 404 

varied from 32 to 512, in the power of 2. The x-axis shows the number of mixtures in the GMM 405 

classifier, and the y-axis shows the recognition accuracy in %. The vertical bar in the graph shows the 406 

standard deviation of 5-fold cross validation. 407 

A)                                                                                      B) 408 

   409 

Figure S6. Voice recognition accuracy on spontaneous speech (free speech in Swiss-German dataset) 410 

using a) MFCCs, and b) MFCCs with delta. The number of mixtures in the GMM classifier varied from 411 

32 to 512, in the power of 2. The x-axis shows the number of mixtures in the GMM classifier, and the 412 

y-axis shows the recognition accuracy in %. The vertical bar in the graph shows the standard-deviation 413 

of 5-fold cross validation.  414 
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 415 

Figure S7. Sum of distance between centroids of the 32 IDS and ADS registers of Swiss German and 416 

US English dataset.  417 

 418 

We also obtained the sum of the distances between cluster centroids in the IDS and the ADS feature 419 

space. Fig. S7 shows that the overall distance between IDS sub-clusters was higher compared to ADS 420 

sub-clusters (nonsignificant interaction between register and language: F[1,35] = 0.3612; p = 0.5517; 421 

significant main effect of registers: F[1,35] = 5.6817, p < 0.0227, but not of language: F[1,35] = 0.0030, 422 

p < 0.9566), meaning that IDS clusters are on average more widely dispersed compared to ADS clusters.  423 

 424 

Figure S8. Cluster weight distribution of 32 clusters in IDS and ADS registers of the Swiss German 425 

and US English datasets.  426 
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