
G. Petri 
Turing Institute at Bristol, 5/11/2025 

Tracing the Cultural 
Fabric of Sperm Whale 
Societies



Why whales as aliens? 



Why sperm whales? 



Sperm whales 101



Sperm whales 101

-Largest mammalian brain, complex social societies  
-  300.000 animals right now (~1.1M pre-whaling)



usually few or absent, the development of pelagic whaling
operations in the North Pacific by American whalers during
the middle nineteenth century is well chronicled in digitized
whalers’ logbooks [10].

We used these data to quantify the success of whalers in
striking (i.e. harpooning) sighted sperm whales during the
early years of exploitation. We assessed whether this decline
was caused by socially learned changes in the defensive behav-
iour of the whales [8,9] (hypothesis HX), evaluating support
for several alternative hypotheses using causal models: the
first whalers on a ground were particularly proficient (H1);
the whalers initially captured especially vulnerable whales
(H2) or the whales learned to escape whalers from their own
individual experience of encountering them (H3).

2. Methods
Detailed methods, together with justifications and a consideration
of assumptions, as well as raw data and computer code for
analysis, are given in the electronic supplementary material.
Data come from a compilation and digitization of logbooks of
American whalers working between 10 and 50oN in the North
Pacific by Maury [11] and the Census of Marine Life [10], giving
for each voyage-day (a logged day of searching for whales
by a particular vessel; e.g. ‘Ship-Alexander_06-May-1822’) noon
position, whether sperm whales were sighted, and how many
whales were struck (harpooned) or tried (processed). For this
study, we needed to determine the date of first exploitation in
an area with reasonable accuracy and this was only possible for
the North Pacific, with other oceans being exploited earlier, or
largely by non-American whalers [5,7,12,13].

We delineated areas by calculating, for each voyage-day d on
which sperm whales were sighted, the time lag since the first
sighting within range h = 1000 km (based on the displacement
of photo-identified female sperm whales over lags of years in
the Southeast Pacific [14]). Then, for each time lag since the
first sighting in the region, T years, we calculated the mean

number of whales struck per sighting day, the ‘strike rate’,
y(T ): for voyage-days with time lag T since the first sighting in
the region, the total number of sperm whales struck divided
by the number of voyage-days with sperm whale sightings. To
model the observed initial decrease in strike rate with time lag
since first exploitation and estimate the magnitude and temporal
scale of the initial decline, we fitted a descriptive model of an
initial exponential decline in strike rate to a plateau. We also
fitted causal models corresponding to hypotheses H2, H3 and
HX. Equations are in table 1, and detailed derivations are in
the electronic supplementary material.

Under H2, we assume that the population, of size P(0) at the
commencement of whaling, has a proportion q of vulnerable
individuals which are struck at a rate f1 when the group contain-
ing the individual is sighted, while the less vulnerable animals
are struck at a rate f2. If s is the rate of groups (or individuals)
being sighted by whalers per voyage-day, then the number of
vulnerable animals in the population t days after the commence-
ment of exploitation is N1(t) = P(0)·q·(1− sf1)t, and the number of
less vulnerable individuals N2(t) = P(0).(1− q).(1− sf2)t, leading to
equation H2 in table 1.

In order to assess learning at the individual or within-unit
level as a driver of an initial decline in strike rate (H3), we esti-
mated the proportion of whales that had an experience of
whalers at different numbers of years after the initiation of whal-
ing, Z(T ). Z(T ) increases at a rate of s(1−Z(T )) per day.
Integrating over T gives Z(T ) = 1− e−s·365·T, leading to equation
H3 in table 1.

Studies of living animals in the Pacific Ocean have found
groups to be made up of on average two kin-based social units
of females and their young, which generally remain grouped
for around 7–14 days [15]. To model a rapid form of social learn-
ing (HX), we assumed that a group being approached by whalers
would act like an experienced group if any of the units that made
it up had previous experience with whalers. Then, the prob-
ability that at least one unit in the group had an experience of
whaling becomes Z’(T ) = 1− e−(g/u)·s·365·T, where g is the group
size and u the unit size. This leads to equation HX in table 1.

We estimated g = 21.75, u = 10.5 from literature and s =
0.000313 sightings group−1 day−1 using population estimates

Figure 1. Sperm whaling in the North Pacific from the ship Canton on the Japan Grounds in the North Pacific. Four whaling boats harpooned six whales. Three of
those whales were killed (exhaling reddish blows) and the other three were lost when the harpoons pulled free or broke. One whaling boat, shown in the lower left,
was destroyed. (Ink and watercolour by Oliver Wilcox, whaler, 1837; courtesy of the New Bedford Whaling Museum, MA, USA).
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below in the discussion of the between-unit learning hypoth-
esis, violations of the assumptions of the causal models
would tend to decrease the steepness of the initial decline
in strike rates, and thus the fit of the model to the data.

4. Discussion
While a combination of H1–H3 might produce a steep decline
in strike rate, social learning of defensive measures between
social units (HX) is the best-supported explanation for the
rapid decline in strike rate following the first sperm whale
sighting within a region. The whalers themselves wrote of
defensive methods that they believed the whales were adopt-
ing, including communicating danger within the social
group, fleeing—especially upwind—or attacking the whalers
[17,18] (figure 1). Deep dives would also have been effective.
But, perhaps the most straightforward change would be
for sperm whales to cease their characteristic defensive
behaviour against their most serious previous predator,
the killer whale, Orcinus orca. Gathering in slow-moving

groups at the surface and fighting back with jaws or flukes
often works against killer whales [19,20], but will have
only assisted the relatively slow-moving, surface-limited,
harpoon-bearing open-boat whalers.

There are other behavioural changes that the whales may
have made in response to whaling, but their impact on strike
rates is less clear. There is some evidence that sperm whales
formed larger groups in response to whaling [15], but this
would likely have increased rather than decreased strike
rates. They may have learned to avoid the whalers before
the whalers detected them, but this should generally have
reduced the mean detection range of the whalers and so
increased the strike rate. However, if whales fleeing at long
ranges made themselves more visible by blowing hard and
showing their bodies forcefully, so increasing the number of
sightings with groups that were not easily struck, this
might have additionally decreased the strike rate.

Thus, there are learned behavioural changes that the
sperm whales could have made to reduce strike rates, and
some anecdotal witness that they did so. However, learning
as individuals or within social units is not supported as the
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Figure 2. (a) Sperm whale sightings with estimated date of first sighting in region (scale of 1000 km). (b) Strike rate with time lag since first sighting in region
(number of voyage-days above each lag; standard errors from Poisson approximation may be biased narrow owing to dependencies), with fitted models (table 1).
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Sperm whales 101

-Largest mammalian brain, complex social societies  

-  300.000 animals right now (~1.1M pre-whaling)

-They live in a different world: 
-Descend 400-2000m for 30-45min, rest at surface 5-10 minutes 





Sperm whales 101

-Largest mammalian brain, complex social societies  

-  300.000 animals right now (~1.1M pre-whaling)

-Produce rhythmic social “codas”, patterns of multiple broadband “clicks” for 
communication 

-They live in a different world: 

-Descend 400-2000m for 30-45min, rest at surface 5-10 minutes 





Bent-Horn Model of Sound Production
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2.2.2. Analysis of categorical similarity 
This analysis was used to classify codas into types using the hierar-

chical cluster algorithm OPTICSxi (Ankerst et al., 1999), which was 
executed on the ELKI platform. OPTICSxi is based on density and it 
groups a set of data through two parameters: ξ (epsilon) that establishes 
a relative decrease in the density between and within clusters, and Minpts 
(minimum number of points) that establishes the minimum number of 
samples required to form a true cluster (Ankerst et al., 1999). Thus, any 
points that do not meet the requirements established by these two pa-
rameters, i.e., those located in sparse areas in relation to the dense areas 
of the true clusters, are classified as noise. Therefore, the classification of 
types by OPTICSxi is highly conservative and does not force the inclu-
sion of discrepant points within the groups. All codas classified as noise 
were omitted from the categorical analysis but were retained in the 
continuous analysis. 

The definition of the OPTICSxi parameters is done visually by look-
ing for values that generate well-defined and evident clusters shown in 
the plots of the first two main principal components. The most parsi-
monious value of ξ 0.035 was used in this study, which was considered 
for all codas regardless of their size (see example of the plot in Fig. 1B of 
the Supplementary Material). The minimum number of points was 
adjusted according to the sample size for each coda size and varied 
between 7% and 14% of the sample. To validate these parameters, new 
analyses were performed using extreme values of ξ and Minpts. One 
extreme comprised ξ ¼ 0.05 and Minpts that were smaller than one of the 
most parsimonious analyses (approximately 5% of the sample), which 
generated a large number of clusters by the division of well-defined 
groups into smaller ones (Fig. 1A of the Supplementary Material). The 
other extreme comprised ξ ¼ 0.005 and Minpts that were greater than 
one of the most parsimonious analyses (approximately 17% of the 
sample), which generated a low number of clusters by the non-division 

of visually well-defined groups (Fig. 1C of the Supplementary Material). 
After the OPTICSxi analysis, rhythm and tempo patterns were plotted 

and the types were named following prior nomenclature (Rendell and 
Whitehead, 2003b). The classification in types is used only to illustrate 
the differences in coda patterns that direct decision making and the clan 
delimitation generated by the continuous analysis, where all codas are 
included. Then, a Matlab routine 2014a was used to perform a Principal 
Component Analysis with the absolute ICIs. This analysis allowed a more 
detailed view of the use of coda types by different groups and it was 
separated by each coda length, that is, number of clicks. The amount of 
variance explained by the Principal Components 1 and 2 was computed. 

3. Results 

Between 2011 and 2016, 11 different encounters occurred (10 in the 
south - S1 to S10 and 1 in the north - N1), with a visually estimated 
number of animals ranging from 4 to 90 (Table 1). A total of 852 codas 
were identified in 11 h and 25 min of acoustic records. 

The categorical analysis assigned 24 different types of codas con-
taining 3 to 13 clicks varying in rhythm and tempo (Fig. 2). Among the 
852 codas identified, 317 (37.2%) were classified as noise by OPTICSxi. 
Codas with 10 and 11 clicks were the most common, 19.2% and 23.9%, 
respectively. Among them, type 11D1 (18.3%) prevailed, followed by 
type 10D2 (11.4%). Codas with 9 clicks (9D1, 9D2, and 9R) represented 
the third most common type at 11.8%. Fig. 3 shows the number of new 
types identified as a result of the number of codas recorded, and 
although the curve did not display an asymptotic pattern, it suggests a 
repertoire is adequately sampled when approximately 30 codas are 
recorded. 

Groups S2, S3, S4, S6, S8, and S10 had less than 20 codas analysed 
(Table 1). Therefore, a series of analyses were performed considering 

Fig. 2. Rhythm plot of each coda type of sperm whales from western Atlantic Ocean. Points represent mean time for each click within each coda type obtained by 
categorical analysis in OPTICSxi. Whiskers bars represent 95% confidence interval. Sample sizes of types and noise are given in right y-axis. 

T.O.S. Amorim et al.                                                                                                                                                                                                                           
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Can we understand them?
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What CAN we do?

STRUCTURE



Sperm whales communicate with clicks

Sperm Whale



Sperm whales communicate with clicks

We consider the sequence of 
inter-click intervals ( ICI )

ICI
Sperm Whale



Clicks form patterns called codas.

Codas: small clusters of clicks with repeatable patterns.

Sperm Whale



There are different types of codas.

Sperm Whale



Sperm whale phonetic alphabet

of sub-coda variation exist alongside another combinatorial process—
the sequential ordering of codas shown in Fig. 1E—in which codas of
different types are combined in sequence to give rise to an even larger
family of distinct vocalisations, reminiscent of the bi-level combina-
torial structure of speech production in humans (see Supplementary
Discussion Section 7).

Figure 3 also demonstrates that these vocalisations have a sig-
nificantly greater information capacity than was previously known.
Prior work identified 21 discrete coda types, and the system could be
understood to have an information rate of at most 5 bits/coda. How-
ever, our analysis suggests that with 18 rhythms, 5 tempos, optional
ornamentation, and three variations (increasing, decreasing or con-
stant duration) in rubato, the information rate could be up to twice as
large (details in Supplementary Discussion Section 6). The role of
rubatowithin this coding system remains an important open question:
it might be discrete (with some simpler inventory of contours

explaining the patterns in Figs. 1C and 2C, as in the songs of birds36–41,
and humpback whales (Megaptera novaeangliae)42,43). Or it might
convey continuous-valued information, analogous to the orientation
and duration features of the waggle dance in bees (Apis sp.)44.

Limitations
Our study investigates the basic structural elements, and not the
semantics, of the sperm whale communication system. As in several
foundational papers on call structure in animal communication
systems42,45,46, it provides no characterisation of call semantics and
features no playback experiments. We believe our work provides a
foundation for future research on the semantics of whale calls. How-
ever, this future research additionally requires interactive playback
experiments with whales in the wild to ground hypotheses about the
semantics and functional role of sperm whale vocalizations. In the
absence of playback experiments establishing a causal relationship
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nearly the same inter-click intervals as its neighbours (and assign it to
the same discrete coda type). While not previously described, ‘extra
clicks’ of this kind occur in (4%) of the codas in the exchanges of
Eastern Caribbean whales. Additional examples appear in Fig. 2D and
Supplementary Discussion Section 5. We hypothesised that ‘extra’
clicks play a different role from the other clicks in the codas in which

they appear: they do not determine discrete coda type. Instead, like
rubato, they constitute an independent feature of the sperm whale
vocalisation system. We call these extra clicks ornaments.

We define an ornament as the final click in a coda containing one
more click than the nearest preceding or following coda within a
window of ten seconds, with this interval being based on the average
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clicks play a different role from the other clicks in the codas in which

they appear: they do not determine discrete coda type. Instead, like
rubato, they constitute an independent feature of the sperm whale
vocalisation system. We call these extra clicks ornaments.
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nearly the same inter-click intervals as its neighbours (and assign it to
the same discrete coda type). While not previously described, ‘extra
clicks’ of this kind occur in (4%) of the codas in the exchanges of
Eastern Caribbean whales. Additional examples appear in Fig. 2D and
Supplementary Discussion Section 5. We hypothesised that ‘extra’
clicks play a different role from the other clicks in the codas in which

they appear: they do not determine discrete coda type. Instead, like
rubato, they constitute an independent feature of the sperm whale
vocalisation system. We call these extra clicks ornaments.

We define an ornament as the final click in a coda containing one
more click than the nearest preceding or following coda within a
window of ten seconds, with this interval being based on the average
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the same discrete coda type). While not previously described, ‘extra
clicks’ of this kind occur in (4%) of the codas in the exchanges of
Eastern Caribbean whales. Additional examples appear in Fig. 2D and
Supplementary Discussion Section 5. We hypothesised that ‘extra’
clicks play a different role from the other clicks in the codas in which

they appear: they do not determine discrete coda type. Instead, like
rubato, they constitute an independent feature of the sperm whale
vocalisation system. We call these extra clicks ornaments.

We define an ornament as the final click in a coda containing one
more click than the nearest preceding or following coda within a
window of ten seconds, with this interval being based on the average

A

Coda

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

Duration

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4 Tempo 1 Tempo 2 Tempo 3 Tempo 4 Tempo 5

Tempo

Duration

Fr
eq

ue
nc

y
Tempo 1
Tempo 2
Tempo 3
Tempo 4
Tempo 5

0
0.50 0.75 1.00 1.25 1.50 1.75

50

100

150

200

250

0.25 5 seconds

B Rhythm

Coda

N
or

m
al

iz
ed

 T
im

e ICI4/Duration

0.5

1.0

0.0

ICI3/Duration

ICI2/Duration

ICI1/Duration

N
or

m
al

iz
ed

 T
im

e

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

Rhythm 1 Rhythm 4 Rhythm 6 Rhythm 7 Rhythm 8

(1
)

(2
)

(3
)

(1
1

)

(1
5

)

(7
)

(8
)

(1
3

)

(6
)

(4
)

(1
0

)

(1
2

)

(5
)

(9
)

(1
4

)

(1
8

)

(1
7

)

(1
6

)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

D
is

ta
nc

e

5 seconds

C Rubato

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

Fr
eq

ue
nc

y

Duration1 - Duration2

Rubato Codas of a tempo type

5 seconds

Duration1 - Duration2

5 seconds

Ti
m

e 
(in

 s
ec

on
ds

)

D Ornamentation

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

Ti
m

e 
(in

 s
ec

on
ds

)

0.2
0.4
0.6
0.8
1.0

0.0

1.2
1.4

(Last ICI - penultimate ICI) / penultimate ICI

D
en

si
ty

5 seconds

Ornament

5 seconds

Ti
m

e 
(in

 s
ec

on
ds

)

E

1 minute

Ti
m

e 
(in

 s
ec

on
ds

)

Article https://doi.org/10.1038/s41467-024-47221-8

Nature Communications | ��������(2024)�15:3617� 4

Rhythm

Rubato

Ornamentation

Tempo

Sharma, Pratyusha, et al. "Contextual and combinatorial structure in sperm whale 
vocalisations." Nature Communications 15.1 (2024): 3617.



Clan B

Clan A

Clan C

Identity codas are “clan-favourite” coda types.



Identity codas as symbolic markers

Hersh, T et al, PNAS 2022

clans) (16, 24); two were previously documented, but not
named (the “Palindrome” (20) and “Rapid Increasing” (25)
clans); and one is new (“Slow Increasing” clan) (SI Appendix,
Discussion S2 includes clan naming conventions).
Within-clan repertoire correlation varies across clans, with

some clans showing high consistency in coda type usage across
repertoires (e.g., Plus-One and Regular) and others showing
much lower uniformity (e.g., Four-Plus and Short) (SI
Appendix, Table S2). The number of identity codas per clan
also varies (SI Appendix, Table S2), and most clans display
rhythmic “motifs” (16) in their identity codas (Fig. 2 and SI
Appendix, Discussion S2). For example, the Regular clan’s nine
identity codas all have equally spaced (i.e., isochronous) clicks,
while the Four-Plus clan’s two identity codas both start with
four isochronous clicks but subsequent click spacing increases.
Codas with three to six clicks dominated, with preferences vary-
ing by clan (SI Appendix, Fig. S2).
The distribution of clans across the Pacific Ocean varied,

with some clans showing small ranges (∼1,000 km, e.g., Plus-
One), while others spanned the ocean basin (∼10,000 km, e.g.,
Short) (Fig. 1 and SI Appendix, Fig. S3). Given unequal sam-
pling across regions, our distribution maps provide evidence of
clan presence, but not necessarily clan absence, especially in

regions with few recorded repertoires. Geographically sympatric
clans were detected in 9/23 Pacific regions, with the highest
diversity off the Gal!apagos Islands (seven clans), Ecuador (five
clans), Tonga (four clans), and Northern Chile (four clans)
(Fig. 1). There is a positive relationship between regional sam-
pling effort (in terms of number of extracted codas and, espe-
cially, number of repertoires) and number of detected clans (SI
Appendix, Table S3).

Within-Clan Trends. Similarity in identity coda usage between
pairs of repertoires within a clan (simIDwi, where “sim” stands
for coda usage similarity hereafter) decreased with logged geo-
graphic distance for all clans except Plus-One (Fig. 3). In gen-
eral, a decrease in simIDwi is apparent at ranges greater than
1,000 km (the approximate span of the Plus-One clan). Simi-
larity in nonidentity coda usage between pairs of repertoires
within clans (simnonIDwi) also decreased with logged geographic
distance for all clans. For five out of seven clans, the slope of
the linear regression was steeper for simnonIDwi than for simIDwi
(Fig. 3). Although this provides support for our alternative
hypothesis that within-clan identity coda usage is more stable
over geographic space than nonidentity coda usage, the overall
observed trend across clans was not significant (β = !0.019,
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gram depicts similarity among sperm whale coda repertoires recorded across the Pacific Ocean. Repertoires that are more similar, in terms of coda type
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toire assignations to clans. Recording locations are listed along the bottom.
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18). Even in sympatry, whales from one social unit only associate
with whales from other units that use similar coda types (i.e.,
have a similar dialect), thereby delineating a higher cultural lev-
el—the vocal clan—in their populations (16). This preferential
assortment around shared coda dialects suggests that sperm
whales can discriminate cultural in-group vs. out-group members,
resembling a discrimination that in humans is greatly facilitated
by the use of symbolic markers (4, 6, 10). Given evidence that
sperm whale clan dialects are the product of cultural transmission
via biased social learning (19), it has been posited that certain
coda types act as symbolic markers of clan identity (16, 20–22),
but quantitative evidence is lacking. However, recent work
showed that sperm whale clans in both the Atlantic and Pacific
Oceans could be computationally distinguished by largely clan-
specific “identity codas”, as opposed to “nonidentity codas” made
by multiple clans (20). If these identity codas can be used by
researchers to tell different clans apart, can they serve a similar
function for the whales themselves?
We address this question on an evolutionarily meaningful

scale by combining coda recordings from an entire ocean basin.
We determine how the coda usage similarity of dialects varies
(A) spatially within clans and (B) with spatial overlap between
clans across the Pacific Ocean. These objectives aim to discern
possible evolutionary processes at play in the development and
usage of identity and nonidentity codas comprising dialects and
to investigate whether identity codas show hallmarks of being

symbolic markers of clan identity. We do so by quantifying
whether and how identity and nonidentity coda usage is modu-
lated by geographic clan overlap, a proxy for degree of sym-
patry. If identity codas are used as symbolic markers of clan
identity, we hypothesize that their usage within clans will be
more stable over geographic distance (due to selective pressures
incurred from maintaining an identity signal within clans) than
nonidentity coda usage. Informed by research on symbolic
marking in humans (4, 6, 10, 23), we also hypothesize that
identity coda usage will become more distinct as clan overlap
increases, with no change predicted for nonidentity coda usage.

Results

Coda Dataset. In total, 23,429 codas with 3–10 clicks were
extracted from acoustic recordings of sperm whales and classi-
fied into types using contaminated mixture models via the
“identity call” (IDcall) method (SI Appendix, Table S1) (20).
Only recording days with at least 25 codas were included in
subsequent clan analyses (16), with each day comprising a sin-
gle repertoire (22,829 codas and 191 repertoires).

Pacific Clans. Hierarchical clustering of repertoires (via the
IDcall method) suggests that seven clans inhabit the Pacific
Ocean (Fig. 1 and SI Appendix, Discussion S1). Four are well
known (“Four-Plus”, “Plus-One”, “Regular”, and “Short”
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includes clan-specific maps.
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Identity codas as symbolic markers



Identity codas as symbolic markers

P = 0.267). As the generally low R2 values indicate (Fig. 3),
there is underlying variation in clan repertoire coda usage simi-
larity that is not explained by geographic distance alone, and

the patchy sampling of clans across the Pacific Ocean means
that linear regressions are not complete descriptions of the data
but do indicate broad patterns.
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Fig. 3. Logged geographic distance vs. coda usage similarity for each clan, calculated using identity codas (simIDwi; left panels, A/C/E/G/I/K/M) or nonidentity
codas (simnonIDwi; right panels, B/D/F/H/J/L/N) within a clan. Each circle represents a pair of coda repertoires. For each panel, the regression line slope (β) and
R2 value are provided. The 95% CIs are shaded.
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Decreasing similarity 
with distance

Between-Clan Trends. Similarity in identity coda usage calcu-
lated for pairs of clans (simIDbt) significantly (P = 0.043)
decreased as the mean spatial overlap (SI Appendix, Table S4)
of the clans increased (Fig. 4). In contrast, similarity in noni-
dentity coda usage calculated for pairs of clans (simnonIDbt) did
not significantly change with increasing mean spatial overlap
(Fig. 4). The Mantel test matrix correlation values were always
more negative for identity codas compared with nonidentity
codas, regardless of how clan spatial overlap was calculated
(Fig. 4 and SI Appendix, Fig. S4). Thus, clans with overlapping
distributions much more rarely use each others’ identity codas
than clans whose members rarely encounter one another.

Discussion

We found that seven sperm whale cultural clans inhabit the
Pacific Ocean and (i) have variable and overlapping geographic
distributions, (ii) are generally well distinguished by identity
codas, and (iii) exhibit some vocal characteristics that are mod-
ulated by clan spatial overlap.

Distribution of Clans in the Pacific Ocean. Each clan has a dif-
ferent distribution, with order of magnitude differences in the
spatial extent of occupancy for some clans. Many regions have
sympatric clans, and all clans spatially overlap with at least one
other clan in some portion of their detected range. The general
increase in the number of detected clans in regions with greater
sampling effort suggests that sympatric clans may be the rule
rather than the exception across the Pacific and that there may be
additional clans in un(der)sampled regions.
The distributions of sperm whale clans across the Pacific

Ocean echo patterns of human ethnolinguistic diversity.
Resemblances include multiple cultural groups (that vary
widely in ranging) being unevenly distributed in areas of high
and low diversity along a latitudinal gradient from the equator
to the poles, with frequent regions of overlap (26). The global
distribution of human ethnolinguistic groups has been driven
by political complexity, environmental productivity and hetero-
geneity, and subsistence strategies (26–28). Some of these have
homologs or proxies in sperm whales (e.g., social complexity,

ocean productivity and heterogeneity, and foraging strategies)
and should be the focus of future research.

Clan Identity Codas. All repertoires recorded across the Pacific
Ocean were assigned to clans based on identity codas made fre-
quently within, and rarely outside of, the clans. Within clans,
coda usage similarity generally decreased as distance between rep-
ertoire recording locations increased. An exception was the most
geographically restricted clan, the Plus-One clan, which spanned
∼1,000 km (the approximate annual home range of eastern tropi-
cal Pacific sperm whales) (29, 30). Isolation by distance has been
documented in culturally transmitted attributes of other species,
such as human material culture (e.g., the beadwork patterns of
High Plains ethnolinguistic tribes) (31) and red-faced cisticola
(Cisticola erythrops) song (32). The observed decrease in coda
usage similarity over space was steeper for nonidentity codas com-
pared with identity codas, but this trend was not significant
across all clans. Thus, while most clans exhibit patterns in line
with our first hypothesis—that identity coda usage is more stable
than nonidentity coda usage over geographic distance, potentially
due to selective pressure for symbolic marker stability—the effect
across clans is not statistically significant.

Pacific Ocean sperm whale clans vary, sometimes substantially,
in number of identity codas, coda click length preferences, and
within-clan repertoire correlations. Some commonalities also
emerge, such as rhythmic motifs in the identity codas of most
clans (exact motifs vary by clan). A more in-depth characteriza-
tion of the full coda repertoires of each clan will help determine
how far these motifs extend beyond identity codas. One caveat is
our choice to restrict analyses to 3- to 10-click codas, which could
obscure some clan boundaries. For example, two-click codas are
made off the Ogasawara Islands of Japan and the Mariana Islands
but were not analyzed here because they have been inconsistently
marked across datasets; these very short codas may be culturally
relevant to certain clans, and their omission could explain why
some of the Mariana Islands repertoires have low within-clan
correlations.

Modulation of Clan Vocal Behavior by Clan Overlap. Identity
coda usage similarity significantly decreased as clan spatial over-
lap increased, in contrast to no significant trend in nonidentity
coda usage. This finding supports the hypothesis that identity
codas act as symbolic markers of clan identity, aligning with
human empirical and simulation work showing that ethnic
group differences are strongest at boundaries for symbolically
marked groups (4, 23). Here, more spatially overlapped clans
appear to be “more marked” than less spatially overlapped
clans, which suggests that between-clan interactions have
increased selection on usage of identity markers (in this case,
identity codas) (4). This pattern fits with cross-species evidence
showing that dialects of groups or species in sympatry are typi-
cally more distinct than in allopatry (33–37). As sperm whale
acoustic sampling efforts continue in regions with just one or a
few repertoires, our understanding of possible interactions
between clan spatial overlap and coda usage similarity will con-
tinue to improve.

No single coda type is unique to a single clan, which means
that clans occasionally make each other’s identity codas. How-
ever, the between-clan analyses suggest that clans make other
clans’ identity codas less frequently in areas of higher spatial
overlap. Theoretically, this adjustment would improve a whale’s
ability to quickly discern whether nearby individuals are from
their own clan or not, which could guide decisions about social
assortment or avoidance (21, 38). Although sperm whales
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Fig. 4. Mean clan spatial overlap vs. coda usage similarity, calculated using
identity codas (simIDbt; A) or nonidentity codas (simnonIDbt; B). Each circle rep-
resents a pair of clans. For each panel, the regression line slope (β), Mantel
test matrix correlation coefficient (r), and Mantel test P value (P) are provided.
Significant results are bolded, and 95% CIs are in gray. The simple Mantel
tests are one tailed against the alternative that simIDbt/simnonIDbt decreases
as clan spatial overlap increases.

PNAS 2022 Vol. 119 No. 37 e2201692119 https://doi.org/10.1073/pnas.2201692119 5 of 8

D
ow

nl
oa

de
d 

fro
m

 h
ttp

s:
//w

w
w

.p
na

s.o
rg

 b
y 

CU
N

Y
 G

ra
du

at
e 

Ce
nt

er
 o

n 
Se

pt
em

be
r 1

3,
 2

02
2 

fro
m

 IP
 a

dd
re

ss
 1

46
.9

6.
32

.1
37

.

Similarity reduces with 
sympatric overlap

Hersh, T et al, PNAS 2022



2How are 
codas put 
together?



Clicks 
Vocal style

Our results

Codas 
Vocal repertoire

Previous works

1. What they say. (vocal repertoire) 
2. Cultural markers. 
3. ID ~ sympatry.

Hersh, T et al, PNAS 2022 Leitao et al, eLife 2023 



Discretization of the continuous ICIs



General model for speech comparison

Can we predict the next ICI?

M Mächler, P Bühlmann, Variable length markov chains: methodology, computing, and 
software. J. Comput. Graph. Stat. 13, 435–455 (2004)
A Galves, C Galves, JE Garcia, NL Garcia, F Leonardi, Context tree selection and 
linguistic rhythm retrieval from written texts. The Annals Appl. Stat 6, 186–209 (2012).

?



Figure 6: Representing whale speech as a sequence of symbols. a The temporal
patterns of clicks are equivalently encoded as sequences of inter-click intervals (ICIs). b
We discard ICI values larger than a threshold tmax seconds, and (c) discretise the others
into a �nite set of bins of width �t seconds. Each bin is then assigned a symbol (here a
letter of the latin alphabet), so that each symbol represents an ICI in a given range. d We
then represent whale speech as a sequence of these symbols.

3.3 Markov chains (�xed length)

Now, we can model our representation of whale speech, (Xi)i2N, as Markov chains.
Consider a stochastic process (Xi)i2N, a sequence of discrete random variablesXi whose
domain is a �nite set, or an alphabet, X . We call this sequence a Markov Chain if and
only if it has �nite memory. That is, if the probability of observing Xi depends only on
the previous h observations:

P (Xi|X0, X1, . . . , Xi�1) = P (Xi|Xi�h, . . . , Xi�1| {z }
h

). (4)

We refer to h 2 N0 as the memory, or the order, of the Markov chain.

The set of states of a Markov model of order h is the set of all sequences of length h

of elements in X which we denote by X h. Let n = |X |, a full Markov model of order
h has |X h| = n

h possible states. Given two states u, v 2 X h where u = u1 . . . uh and
v = v1 . . . vh, the transition between u ! v exists if

v = u1 . . . uhx for some x 2 X (5)

The probability of transitioning from state u to state v is the probability of observing
vh 2 X given u:

P (vh|u) vh 2 X . (6)
Given that there are n

h possible states, this results in n
(h+1) total transitions. Esti-

mating this number of transitions requires (n � 1)nh parameters due to the fact thatP
i P (xi|w) = 1 and so the last transition probability can be inferred from the previous

ones.

With regards to the speech of sperm whales the set X denotes all di�erent ICI that they
produce. The Markov assumption states that at any given time, it is possible to predict the
next ICI using only a �nite number of them. Alternatively, that only the h+ 1 previous
clicks in�uence the next one.

9

Figure 2: Fixed lengthMarkovmodel bifurcates as a function ofmemory length h.
We show (a) the mean, and (b) the variance of the transition probabilities as a function of
h. We also show (c) the number of non-zero transition probabilities per state, and (d) the
Akike Information Criterion (AIC). The dashed and dotted lines represent two di�erent
temporal resolutions i.e. bin size used during Preprocessing. There is a bifurcation around
h ⇡ 3 that suggests sub-coda structure.

A VLMC can be naturally visualised as a tree, where the concept of order arises from
the fact that shorter memory context are sub-sequences of longer ones. In Fig. 3A and B,
we show examples of two VLMCs computed from a single whale’s data each. The visual
structure of these trees can be related to the actual information-theoretic structure of
these whales’ speech. Indeed, the root node is represented in orange, and nodes that
are depth h in the tree (that is h edges away from the root node) represent context
(or sequences) of memory h. To verify that the structure we observe actually contains
information, we need to compare it to the structure of a null model. To do this, we took
the same ICIs time series used to build the tree from Fig. 3A, and randomly shu�ed its
ICIs. This way, all temporal information is lost. This results in a tree that has no structure,
as shown in Fig. 3C. The VLMS does display structure that can be interpreted has coming
from the whale speech.

Now that we determined that our VLMCs capture some speech structure, we ask: what
and how much structure does it capture? To answer this, we took advantage of two facts.
First, the VLMCs can be used to generate new codas by generating sequences of states
that correspond to ICIs. Indeed, like for any Markov model, we can start from the empty
sequence, and start adding su�xes with probabilities de�ned by the model (see Methods).
In other words, we can generate synthetic data. Secondly, in the paper[11] the authors
present a LSTM-based classi�er capable of assigning a coda to a speci�c clan with over
90% accuracy. We trained it in our trained on the original ICI data used to build our trees,
achieving similar accuracy as shown in by the black curve in Fig. 4. To verify how much
information our VLMCs capture, we used that trained classi�er on the synthetic codas
generated with our trees. Remarkably, it classi�ed the generated data with between 70
and 80% accuracy, depending on the temporal resolution �t (blue in Fig. 4). The fairly
small di�erence in accuracy between the real and synthetic data indicates that a large

5

Fixed order Markov chain representation
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M Mächler, P Bühlmann, Variable length markov chains: methodology, computing, and 
software. J. Comput. Graph. Stat. 13, 435–455 (2004)
A Galves, C Galves, JE Garcia, NL Garcia, F Leonardi, Context tree selection and 
linguistic rhythm retrieval from written texts. The Annals Appl. Stat 6, 186–209 (2012).

General model for subcoda comparison

A

How does the previous ICI 
influence the prediction?
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How does the previous ICI 
influence the prediction?

General model for subcoda comparison



We stop increasing memory 
if the increase does not result 
in new information.?

BA A

M Mächler, P Bühlmann, Variable length markov chains: methodology, computing, and 
software. J. Comput. Graph. Stat. 13, 435–455 (2004)
A Galves, C Galves, JE Garcia, NL Garcia, F Leonardi, Context tree selection and 
linguistic rhythm retrieval from written texts. The Annals Appl. Stat 6, 186–209 (2012).

General model for subcoda comparison



This process defines a network 
of unique contexts: finite 
sequences that influence ICI 
generation.

?
BA A
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General model for subcoda comparison



Variable Length Markov Chain approach

u

w
distribution of transition 
probabilities given context w

M Mächler, P Bühlmann, Variable length markov chains: methodology, computing, and 
software. J. Comput. Graph. Stat. 13, 435–455 (2004)
A Galves, C Galves, JE Garcia, NL Garcia, F Leonardi, Context tree selection and 
linguistic rhythm retrieval from written texts. The Annals Appl. Stat 6, 186–209 (2012).

General model for subcoda comparison



VLMC captures speech characteristics
Structural comparison of trees

(work in  progress)

Burchardt, L et al. 2021 R. Soc.
Adamatzky A. 2022  R. Soc.

Raimondi, T. 2022 Dryad, Dataset,



Quantitative comparison within the same alphabet/species

M Mächler, P Bühlmann, Variable length markov chains: methodology, computing, and 
software. J. Comput. Graph. Stat. 13, 435–455 (2004)
A Galves, C Galves, JE Garcia, NL Garcia, F Leonardi, Context tree selection and 
linguistic rhythm retrieval from written texts. The Annals Appl. Stat 6, 186–209 (2012).

VLMC captures speech characteristics
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Validation: Vocal clans have distinct vocal styles

Dominica Clans



Validation: Vocal style captures social hierarchy

Dominica Clans



Pacific clans: Vocal clans have distinct vocal styles

Pacific Clans



Pacific Clans

Vocal style captures social hierarchy

Click generation provides speech classification at a much 
finer resolution, while coherent with vocal clans.



Mapped to 2 dimensions using UMAP from 
the VLMC distance matrix.



Mapped to 2 dimensions using UMAP from 
the VLMC distance matrix.



Pairwise comparison
Along with geographical overlap



Identity codas as symbolic markers

Non-Identity CodasIdentity Codas

Mate! Man!
Mate!

Dude!

Dude!

Man!

Man!

Man!

Man!

Dude!

Mate! Mate!

Dude!



Non-identity codas show social learning

Braoown Broown Brun

Non-Identity CodasIdentity Codas

Brawn

Braouwn

Brown



Is this  ENOUGH?

MORE 
BEHAVIOUR

Subcoda structure
1.How they say it (vocal style)
2.Captures social units.
3.non-ID ~ sympatry
4.Akin to Accents.

Coda repertoires
1.What they say. (vocal repertoire)
2.Cultural markers.
3.ID ~ sympatry.

Recap



Mining context and  
behaviour

•

400M – 4B  

clicks/year

20 km2 area 

off Dominica shore 

 

50 – 400 whales 

depending on season 
vocalizing continuously

4 sec

1.25 clicks/sec

typical coda: 5 clicks, 4 sec 
20-25% 

coda

75-80% 
echo

400M – 4B  

clicks/year



Why they develop a complex 
language?



Collective care of calves! 
But birth observation are exceedingly rare 

4 reported in last 60yr

Why they develop a complex language?



July 8 2023, Dominica

Pre (60-30 min before birth) During (30-0 min before birth) Post (0-30 min after birth) End (170 min after birth)

First recorded birth  
event

http://drive.google.com/file/d/1rPb1E71OTojHfR30nn2P3_cCd-O6HNte/view


First recorded birth  
event



Network analysis: Macroscale

Increases during birth and peaks post birth

Giant Connected Component 



Network analysis: Mesoscale
 Kin homophily

● During birth: kin mix, 
homophily ~0 

● Vast majority of 
historical data: 
strictly kin separated, 
homophily ~1



Network analysis: Microscope
Individual level, attention and coordination



Network analysis: Microscope
Individual level, attention and coordination
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Recap

Roger Searle Payne (1935, 2023)

Subcoda structure
1.How they say it (vocal style) 
2.Captures social units. 
3.non-ID ~ sympatry 
4.Akin to Accents.

Coda repertoires
1.What they say. (vocal repertoire) 
2.Cultural markers. 
3.ID ~ sympatry.

Development of language
1.First recordes birth 
2.Quantification of group dynamics 
3.Evidence of cooperative allocare



Talk to me @lordgrilo Check stuff out @ lordgrilo.github.io

Fifty years ago, people fell in love with the 
songs of humpback whales, and joined 
together to ignite a global conservation 
movement. It’s time for us to once again 
listen to the whales—and, this time, to do it 
with every bit of empathy and ingenuity we 
can muster so that we might possibly 
understand them.

-Dr. Roger Payne, June 5, 2023

Taylor A. Hersh

http://lordgrilo.github.io
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Figure 6: Representing whale speech as a sequence of symbols. a The temporal
patterns of clicks are equivalently encoded as sequences of inter-click intervals (ICIs). b
We discard ICI values larger than a threshold tmax seconds, and (c) discretise the others
into a �nite set of bins of width �t seconds. Each bin is then assigned a symbol (here a
letter of the latin alphabet), so that each symbol represents an ICI in a given range. d We
then represent whale speech as a sequence of these symbols.

3.3 Markov chains (�xed length)

Now, we can model our representation of whale speech, (Xi)i2N, as Markov chains.
Consider a stochastic process (Xi)i2N, a sequence of discrete random variablesXi whose
domain is a �nite set, or an alphabet, X . We call this sequence a Markov Chain if and
only if it has �nite memory. That is, if the probability of observing Xi depends only on
the previous h observations:

P (Xi|X0, X1, . . . , Xi�1) = P (Xi|Xi�h, . . . , Xi�1| {z }
h

). (4)

We refer to h 2 N0 as the memory, or the order, of the Markov chain.

The set of states of a Markov model of order h is the set of all sequences of length h

of elements in X which we denote by X h. Let n = |X |, a full Markov model of order
h has |X h| = n

h possible states. Given two states u, v 2 X h where u = u1 . . . uh and
v = v1 . . . vh, the transition between u ! v exists if

v = u1 . . . uhx for some x 2 X (5)

The probability of transitioning from state u to state v is the probability of observing
vh 2 X given u:

P (vh|u) vh 2 X . (6)
Given that there are n

h possible states, this results in n
(h+1) total transitions. Esti-

mating this number of transitions requires (n � 1)nh parameters due to the fact thatP
i P (xi|w) = 1 and so the last transition probability can be inferred from the previous

ones.

With regards to the speech of sperm whales the set X denotes all di�erent ICI that they
produce. The Markov assumption states that at any given time, it is possible to predict the
next ICI using only a �nite number of them. Alternatively, that only the h+ 1 previous
clicks in�uence the next one.
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Figure 6: Representing whale speech as a sequence of symbols. a The temporal
patterns of clicks are equivalently encoded as sequences of inter-click intervals (ICIs). b
We discard ICI values larger than a threshold tmax seconds, and (c) discretise the others
into a �nite set of bins of width �t seconds. Each bin is then assigned a symbol (here a
letter of the latin alphabet), so that each symbol represents an ICI in a given range. d We
then represent whale speech as a sequence of these symbols.

3.3 Markov chains (�xed length)

Now, we can model our representation of whale speech, (Xi)i2N, as Markov chains.
Consider a stochastic process (Xi)i2N, a sequence of discrete random variablesXi whose
domain is a �nite set, or an alphabet, X . We call this sequence a Markov Chain if and
only if it has �nite memory. That is, if the probability of observing Xi depends only on
the previous h observations:

P (Xi|X0, X1, . . . , Xi�1) = P (Xi|Xi�h, . . . , Xi�1| {z }
h

). (4)

We refer to h 2 N0 as the memory, or the order, of the Markov chain.

The set of states of a Markov model of order h is the set of all sequences of length h

of elements in X which we denote by X h. Let n = |X |, a full Markov model of order
h has |X h| = n

h possible states. Given two states u, v 2 X h where u = u1 . . . uh and
v = v1 . . . vh, the transition between u ! v exists if

v = u1 . . . uhx for some x 2 X (5)

The probability of transitioning from state u to state v is the probability of observing
vh 2 X given u:

P (vh|u) vh 2 X . (6)
Given that there are n

h possible states, this results in n
(h+1) total transitions. Esti-

mating this number of transitions requires (n � 1)nh parameters due to the fact thatP
i P (xi|w) = 1 and so the last transition probability can be inferred from the previous

ones.

With regards to the speech of sperm whales the set X denotes all di�erent ICI that they
produce. The Markov assumption states that at any given time, it is possible to predict the
next ICI using only a �nite number of them. Alternatively, that only the h+ 1 previous
clicks in�uence the next one.
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h has |X h| = n
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Figure 7: Steps for �tting a VLMC from a sequence. Step 1 (left): Construction of the full
(or saturated) su�x tree up to maximum depthD. Step 2 (center): Assigning a probability
measure to every element of the tree. Step 3 (right) Prunning of nodes that carry the same
information content has parents according to equation 14. In this example, context CBA

is relevant because it changes the distribution of transition probabilities with respect to
its parent BA and therefore it is not pruned.

on non-�nite VLMCs [27].

WD =
D=10[

i

X i (10)

Fitting a VLMC is the process of �nding some subset L ✓ WD where the elements satisfy
the condition: shorter states are preferred if their distribution of transition probabilities is
similar to their longer length equivalents. This is generally called context tree estimation
in the literature [20].

Probabilising the tree We start with WD for some D which we take to be equal to 10.
To each element of w 2 WD we assign a probability distribution qw over the set X as
the probability of observing a state x 2 X given a previous sequence w.

qw(X) = P (X|w) (11)
Where P denotes the likelihood estimation computed as

qw(X = x) = P (X = x|w) = N(wx)P
c2X N(wc)

(12)

where N(w) the number of occurrences of the sequence w.

Pruning the tree Given two sequences u,w 2 WD , we say that u is a su�x of w if w
= �u for some other sequence � of length � 1. If � 2 X we say that u is a parent of w.
That is, u is a parent of w if u is a su�x of w and w is longer by only one letter.

In an intuitive way u is a parent of w if w “looks into the past” one step further than u.
At the core of the VLMC is measuring the information gain in using the longer memory
u instead of its shorter memory parent w. If this information gain is not su�cient, then
we discard the longer memory u. We measure the information gain in using the longer
memory w instead of u with a weighted Kullback-Leibler divergence DKL [28]:

�Hw = N(w)DKL(qw||qu)

= N(w)
X

x2X
P (x|w) log P (x|w)

P (x|u)
(13)
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3.3.1 Model Selection

When modeling a process (Xi)i2N with a Markov Model, the memory length h controls
the trade-o� between complexity and error. Higher values of memory tend to result in
models that generalize poorly. On the other hand lower values of h fail to capture the
patterns resulting in a uniformly random model.

In order to choose an appropriate value of h is it common to employ some statistic that
measures the trade o� between precision in prediction versus number of parameters.
Being favored a model with high predictability and a low number of parameters. There is
a wide range of metrics [24] and one of the most used is the Akaike Information Criterion
(AIC) [25, 26]:

AIC = 2k � 2 log P̂
�
(Xi)i2N|Mh

�
. (7)

P̂
�
(Xi)i2N|Mh

�
is the maximum likelihood of the sequence (Xi)i2N given the Markov

ModelMh with memory length h and k parameters (transition probabilities). The best
model is indicated by the lowest AIC.

3.4 Markov chains: variable length

Why Variable Length? Markov Chains are very attractive tool to model data due to
their mild assumption of �nite context. The prohibitive drawback is the exponentially
increasing number of parameters necessary to model high-memory sequences. Moreover
it is rare to have data enough to estimate the exponential number of transitions with
statistical signi�cance. As a result low while order Markov chains are poor classi�ers the
higher order ones are expensive to implement.

Variable Length Markov chains come from the observation that there are events that
depend on shorter memory length than others. For example if there existed a certain
sequence x0x1 2 X 2 such that

P (X2|x0, x1) = P (X2|x1) (8)

in this scenario it would make no sense to calculate the transition probabilities of order
h = 2 when this particular sequence can be modeled with h = 1.

In practice Variable Length Markov Models bypass the necessity of having (n � 1)nh

parameters by allowing states to have unequal lengths. Smaller lengths are preferred
whenever the extra memory does not signi�cantly change the distribution of transitions
to the next possible states.

3.4.1 Building a VLMC

For Markov Model of a �xed order h the set of states isX h the set of all possible sequences
of length h. For a VLMC the �xed length condition is not necessary anymore. So the
set of states is some subset of the set of all sequences that is possible to build from the
alphabet X , including the empty sequence X 0 = ?. LetW denote this set.

W =
1[

i

X i (9)

In this project we only consider �nite length sequences. In practice, this implies the
choice of a maximum memory allowedD, which we set toD = 10. There is ample work
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The longer memory sequence w is kept if and only if the information gain is greater than
some thresholdK [17, 29]. Refer to Section 3.5.1 for a discussion on the value ofK . To
the set of all sequences that respect the above threshold we call contexts and denote it by
T :

T = {w 2 WD|�Hw > K} (14)

A VLMC is the the Markov Model with the set of states:

L = {wx | t 2 T, x 2 X} (15)

and with transition probabilities de�ned by qw for w 2 T .

3.4.2 Visualization

It is common to visualize Markov Models as a graph G = (V,E) where E = X h is the
set of all states and the edge (u, v) 2 E exists if there exists a transition from states
u, v 2 V . It is common to weight each edge (u, v) 2 E with the value of the transition
probability.

Figure 8: Visualising Markov chain models. We show examples of (A) a �rst order,
and (B) second order Markov chain, both of �xed length, and (C) a variable length Markov
chain (VLMC). All three models are built from the alphabet X = {A,B}. The �rst order
model has 4 parameters while the second order one jumps to 8. The VLMC model has
only 6 parameters.

It is common to visualize the set of contexts T as a tree graph G = (V,E). The set of
vertices V composed of all sequences that are su�xes of any element in T , including
itself. The set of leaves is the set T . The edge (u, v) exists if and only if u is a parent of v:
v = xu for some x 2 X . The root node of the tree is the empty sequence ? since it is a
su�x to every sequence and has no parent sequence.
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