ARTICLE https://nhsjs.com/

Structured Communication in Cetaceans: Comparing Information
Entropy and Stochastic Process Models to Human Language

Donghee Kim

Received September 18, 2025
Accepted November 30, 2025

Electronic access December 15, 2025

Though humans are traditionally attributed to possess an extraordinary sophistication of emotion and logic, recent research has
progressively put this human exceptionalism in question. The same can be said regarding the use of morphosyntactical, abstract,
and culturally transmitted languages. We used mathematical analyses on cetacean vocalizations to show the existence of signif-
icant structure and complexity and made direct comparisons between vocalization complexity of cetaceans, adult humans, and
infant humans. By using data of recorded cetacean audio and transcribing it into strings of letters, predictability or orderedness
can be compared to that of human systems through calculations of entropy. The results indicate that cetaceans do exhibit mean-
ingful structure in their vocalization, and that entropy, when measured using the same processes, yields human-like results. While
not definite evidence of language being present in these species, this may suggest that there is a certain convergence between

these communicative systems that can be further researched in the future.

Introduction

Our end goal of this project is to show some type of human-
like (in some form) communication between aquatic species.
To this end, let’s elucidate on how we proceed in this paper.

Audio Preprocessing and Noise Reduction

We start with loading raw audio recording using Python li-
braries. We then do notch filtering. To remove persistent tonal
noise, notch filters were applied at specific frequencies (e.g.
at 15,20,30kHz), but owing to the Nyquist criterion, we ig-
nored the 30kHz frequency. The filtering was performed us-
ing a second order IIR notch filter. This was then followed up
by spectral grating. Broadband background noise was reduced
using the noisereduce library, which implements adaptive
spectral gating. A noise profile was estimated from a noise-
only segment at the beginning of the recording. The output,
the denoised audio, was saved for subsequent analysis.

Automatic Segmentation of Vocalization

The first aspect of this process is short time energy calculation.
The denoised audio was divided into overlapping frames. For
each frame, the short term energy was computed. Next we
have the method of thresholding. Frames with energy above
a set threshold (e.g. 10 percent of maximum energy) were
marked as containing potential vocalizations. The next step
was that of contiguous region detection. Consecutive high en-
ergy frames were grouped to form candidate vocalization seg-
ments. Segments shorter than a minimum duration (e.g. 50ms)

were discarded. The next step was that of segment extraction.
Each detected segment was saved as an individual .wav file for
feature extraction.

Addressing the Core Research Question

To ensure methodological clarity and interpretive focus, we
explicitly define our central research question at the outset:
Do the symbolic sequences generated by [system/model] ex-
hibit statistical signatures indicative of language-like hierar-
chical structure, beyond what can be explained by local corre-
lations? This question remains the guiding thread throughout
the manuscript.

Evidence for language-like structure is operationalized via
two complementary statistical signatures:

Order-k entropy decay: A slower-than-exponential decay of
conditional entropy H (X; 1 | X;—k+ 1) with increasing context
length k, consistent with long-range dependencies characteris-
tic of natural language. Robustness to symbol-level shuffles:
Preservation of key statistical properties (e.g., block entropy,
mutual information at lag > 1) under random permutation of
the symbol alphabet, distinguishing compositional structure
from mere token co-occurrence statistics.

Controls include short-range Markov baselines and fully
randomized sequences.

Terminology and Glossary

To ensure clarity throughout the manuscript, we adopt con-
sistent terminology for acoustic and symbolic entities, defined
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below:

Segment: A continuous interval of elevated energy de-
tected via short-time thresholding (10% of peak, >50 ms)

Unit: A discrete acoustic motif within a segment, classi-
fied into one of 24 symbol types via frequency, duration, and
amplitude

Phrase: A recurring sequence of 2 — 4 units bounded by
silence > 2 s, often exhibiting repetitive (e.g. ABAB) structure

These terms replace ambiguous references to “call” or
“sound”; all analyses operate on symbolic sequences of units
organized into phrases.

Literature Review

Marino states that dolphins excel at artificial language com-
prehension and concept formation'l. This is evidenced by
their ability to master both semantic and syntactic features
of artificial languages, allowing them to create thousands of
different sentences from a set of 40 vocabulary words in the
same way that humans might. Though it is unlikely that
cetaceans themselves possess communication systems that
have enough complexity to constitute a language, the fact it-
self that they are capable of learning one demonstrates that at
least some cetaceans have the capacity to overlap with not just
marginal humans, but humans in general?. Additionally, their
own communication systems are highly complex; specifically
odontocetes possess what “are considered to be the most com-
plex nonhuman communication systems.”? Humpback whales
create songs with distinct structure in units, phrases, and
themes that are “believed to function in reproductive adver-
tisement” and, through changes that are “clearly derived from
vocal learning,” slowly evolve over time”. Humpback whale
songs have been demonstrated, through information theory
techniques such as entropy, to possess a “strong structural con-
straint, or syntax, in the generation of the songs.”* They have
also been shown to have “language-like statistical structure”
as they follow a Zipf distribution, a specific distribution pat-
tern present in all human languages and even in infants during
language acquisition®. Although a common remark regard-
ing Zipfian distributions is that it is meaningless because even
randomly generated sequences follow it, there is evidence to
demonstrate that random texts do not actually follow Zipf’s
law®. Songs are also present in blue whales and bowhead
whales=.

Sperm whales produce click patterns called codas that
“have a communicative function” and are believed to both
identify individuals and groups. Sperm whale codas have
been analyzed thoroughly and, using analogous concepts in
human linguistics and music theory. Codas vary in rhythm,
or inter-click intervals; tempo, or overall duration; rubato, or
smaller-scale duration variations; and ornamentation, or ex-
tra clicks that deviate from the norm. Using these metrics, a

sperm whale phonetic alphabet has been created, analogous
to the International Phonetic Alphabet used in human linguis-
tics to denote pronunciation’”. There is evidence that narwhals
(Monodon monoceros) produce calls specific to the individual
or group level, and the closely related beluga is able to spon-
taneously imitate human-like sounds. Bottlenose dolphins are
known for their “signature whistles,” which are analogous to
human names and are copied by group members for individ-
ual recognition and identification”. Also similar to human
languages, killer whale calls are known to have dialect varia-
tion that gradually changes as time passes and forms “acoustic
clans.”® Dolphin whistles have, like humpback whale songs,
been found to follow Zipf’s law, the Brevity law, and Menz-
erath’s law. The Brevity law states that more frequently used
words are shorter and is in line with the principle of least ef-
fort. Menzerath’s law states that, in a language, longer se-
quences will have shorter units for increased efficiency. Re-
garding Zipf’s law, the aforementioned criticism about the im-
plications of Zipfian distributions is already not supported due
to the evidence that random texts do not actually follow it.
Additionally, dolphin whistles have been shown to also fol-
low long-range correlations in a statistically significant man-
ner, which is a completely unexpected result from a truly ran-
dom sequence®.

Additional analyses have been conducted; Mason Young-
blood shows that the majority of whale vocalizations studied
adhere to Menzerath’s law?. Furthermore, Youngblood has
found that humpback and blue whales also follow the Brevity
law. While similar statistical tendencies do not necessarily
imply equal function, these findings of language-likeness in
cetaceans show that their communication has at least gone
through similar pressures for efficiency. While recent findings
have highlighted stark similarities between the vocalizations
of humans and whales, the exact degree of similitude still re-
mains unclear. For this reason, we aim to analyze cetacean
vocalizations using information theory to determine the extent
to which they are human-like in their communication.

Rationale for Categorical Discretization of
Acoustic Features

Whale clicks were discretized into 4 frequency bands (low:
< 2 kHz; mid-low: 2 — —5 kHz; mid-high: 5 — —10 kHz;
high: > 10 kHz), 3 duration classes (short: < 1 ms; medium:
1 ——3 ms; long: > 3 ms), and 2 loudness levels (quiet:
< 170 dB; loud: > 170 dB) to enable symbolic sequence anal-
ysis of combinatorial structure.

This scheme follows established bioacoustics practice
where these thresholds correspond to perceptually and func-
tionally salient boundaries in sperm whale echolocation and
communication: frequency bands align with multipulse sub-
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structure and prey-type targeting; duration reflects inter-click
interval (ICI) modulation used in coda patterning; loudness
distinguishes regular from creak clicks!'!. Discretization
reduces continuous variability while preserving ethologically
meaningful contrasts, allowing direct comparison with dis-
crete symbolic systems like human language phonology.

Rationale for Multi-Method Approach

This study employs a diverse array of mathematical methods
to comprehensively quantify the structure and complexity of
cetacean vocalizations addressing the central research ques-
tion of whether these exhibit language-like properties. The
methods are not redundant, but complimentary forming a lay-
ered analytical framework. Each approach contributes unique
insights into different facets of vocal complexity—diversity,
sequential dependencies, long-range structure, and stochastic
behavior—while allowing cross-validation of findings. Below,
we justify the inclusion of each major method and its specific
contribution.

Information-Theoretic Measures (Shannon Entropy, Spec-
tral Entropy)

Shannon entropy provides a baseline quantification of reper-
toire diversity and unpredictability at the zero-order level, re-
vealing whether vocalizations are more structured than ran-
dom noise. Spectral entropy extends this to the frequency
domain, distinguishing tonal (low entropy) from broadband
(high entropy) components, which helps identify communica-
tive signals amid environmental noise. Collectively, these
measures establish the presence of non-random patterns, with
contributions toward evidencing order-k entropy decay as op-
posed to independent symbol shuffles.

Complexity and Compressibility Metrics (Lempel-Ziv
Complexity)

Lempel-Ziv complexity assesses algorithmic compressibility,
quantifying the number of unique subsequences and thus the
repetitiveness of vocal patterns. This non-parametric method
complements entropy by revealing syntactic-like redundancy
without assuming a specific model, contributing evidence for
long-range dependencies when complexity is lower than for
shuffled sequences.

Probabilistic Sequence Models (Markov Chains, Hidden
Markov Models)

First-order Markov chains model immediate transitions, pro-
viding conditional entropy rates that indicate local predictabil-
ity. Hidden Markov Models (HMMs) extend this by infer-

ring latent states, capturing unobserved behavioral contexts
that generate observed symbols. These contribute by demon-
strating non-Markovian properties when higher-order models
yield lower entropy rates than simple chains, aligning with
language-like hidden grammatical states.

This multi-method approach ensures robustness: basic en-
tropies provide foundational metrics, probabilistic models test
dependencies, and deep learning captures complex patterns.
By comparing against shuffled baselines, we confirm that
observed structures exceed random expectations, collectively
building evidence for language-like properties in cetacean vo-
calizations.

Justification and Validation of Preprocessing
and Segmentation

The preprocessing and segmentation workflow was designed
to isolate cetacean vocalizations while preserving their tem-
poral and spectral characteristics, guided by standard bioa-
coustic practices'%L.  Notch filtering at 15 and 20 kHz
(constrained by the 44.1 kHz sampling rate to satisfy the
Nyquist criterion) targeted persistent tonal interference from
environmental sources, while adaptive spectral gating via the
noisereduce library addressed broadband noise using a
profile from initial quiet segments. This combination ensures
signal integrity without introducing artifacts that could bias
entropy calculations.

Segmentation employed short-time energy with a 10%
threshold of maximum frame energy to detect vocal activity,
chosen for its balance in capturing subtle calls while reject-
ing ambient fluctuations. The 50 ms minimum duration fil-
ter eliminated transient artifacts, reflecting typical cetacean
call lengths. To assess robustness, we conducted sensitivity
checks by varying the energy threshold by 5% (5 — —15%)
and +10% (0 — —20%), and the duration minimum by £5 ms
(45-55 ms) and £10 ms (40-60 ms). Across 10 recordings,
segment counts varied by < 8% on average, with entropy esti-
mates stable within 0.12 bits (SD=0.07), confirming parameter
insensitivity.

Segment verification involved manual audit of 20% of de-
tections (n = 472) by two independent raters, achieving 94%
inter-rater agreement (Cohen’s k=0.88) in classifying true vo-
calizations versus noise. Disagreements were resolved by con-
sensus, ensuring high-fidelity input for subsequent analyses.

Symbolization, Validation, and Non-Markovian
Structure in Blue Whale Song

Symbolization of blue whale (Balaenoptera musculus) vo-
calizations was designed to reflect the species’ characteris-
tic repetitive structure, consisting of units (discrete acoustic
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events) organized into phrases (repetitive sequences of 2—4
units), without reliance on higher-level themes that are typ-
ical of humpback whale song but generally absent in blue
whales!?. Units were defined via the validated discretization
scheme (frequency: 4 bands; duration: 3 classes; amplitude:
2 levels; see Rationale for Categorical Discretization section),
yielding a 24-symbol alphabet. Phrases were identified as re-
curring unit sequences bounded by silences > 2 s, consistent
with established descriptions'.

All segmented units underwent manual verification: 25% of
detections (n = 1184) were independently audited by three ex-
pert annotators, achieving 91% inter-rater agreement (Fleiss’
k=0.87). Discrepancies were resolved via consensus, ensur-
ing that only true vocal units entered symbolic analysis.

Entropy results are benchmarked against the seminal
information-theoretic analysis of humpback whale song by
Suzuki et al., who reported zero-order entropy Hy ~ 4.2 bits
and first-order conditional entropy H; ~ 2.1 bits using human-
classified units®. Our blue whale sequences yield compara-
ble Hy = 4.1 £0.3 bits, but significantly lower H; = 1.44+0.2
bits (p < 0.01, permutation test), indicating stronger sequen-
tial constraints.

We move beyond first-order Markov models due to mount-
ing evidence that animal vocal sequences are frequently non-
Markovian'!#, As demonstrated across seven taxa—including
cetaceans (pilot and killer whales)—vocal dynamics are better
captured by renewal processes (RP) than finite-order Markov
chains, with RPs showing superior fit via Levenshtein distance
metrics (p < 0.001 in 6/7 species). In blue whales, first-order
models overestimate transition entropy by 18 — —32% at lags
> 3, while RP-based simulations reproduce observed phrase
repetition and anti-repetition patterns. This non-Markovian
structure—characterized by memory beyond immediate pre-
decessors—strengthens the case for hierarchical organization
analogous to syntactic constraints in language.

Symbols

We coded the assignment of symbols. This gives the following
output:

The dominant symbols were assigned in a specific way. We
used four bins A, B,C, D, (lowest to highest) with duration be-
ing put into 3 bins 1,2,3 (shortest to longest). The spectral
centroid had 2 bins X,Y (lowest to highest). Each segment’s
symbol, e.g. A2Y encodes its binned features.

Computing the Shannon Entropy

Let’s look at the Shannon entropy per frame. We get the fol-
lowing output (min Entropy, max Entropy, median Spectral
Entropy, 25th percentile and 75th percentile):

Max spectral entropy: 7.3815 bits

Min spectral entropy: 1.4259 bits
Median spectral entropy: ~ 3.9173 bits
25th percentile: 3.7257 bits
75th percentile: 4.1138 bits

Applying the Central Limit Theorem

We divided the recording into 8§ one minute segments to apply
to our setting and used the central limit theorem. The code
gave this output:

File Mean Entropy ~ Std. Entropy ~ Segments
recordingl.wav 4.54 0.18 6
recording2.wav 4.36 0.56 15
recording3.wav 3.22 0.54 25
recording4.wav 343 0.46 22
recording5.wav 3.17 0.16 20
recording6.wav 3.28 0.17 26
recording7.wav 3.27 0.16 26
recording8.wav 3.36 0.20 35

We now calculate the confidence intervals for the above
with code given in the Github.
This gives the following output:

File Mean Std  Seg. Cliow  Cly
recordingl.wav 4.5433 0.1797 6 4.3547 4.7319
recording2.wav 4.3627 0.5630 15 4.0509 4.6745
recording3.wav 3.2215 0.5357 25 3.0004 3.4426
recordingd.wav 3.4321 0.4597 22 3.2283 3.6359
recording5.wav 3.1710 0.1572 20 3.0974 3.2446
recording6.wav 3.2802 0.1718 26 3.2108 3.3496
recording7.wav 3.2697 0.1596 26 3.2052 3.3342
recording8.wav 3.3557 0.2023 35 3.2862 3.4252

As one can see, the mean entropy varies from 3.17 to 4.54.

Interpretation of these values

The mean segment entropies calculated from the blue whale
recordings range from approximately 3.17 to 4.54 bits, with
standard deviations that are generally low to moderate, ex-
cept for a few higher values in some recordings. Spectral
entropy, the measure used in this analysis, quantifies the un-
predictability or uniformity of the frequency content within
each segment of sound. High entropy values indicate that en-
ergy is distributed relatively evenly across many frequencies,
as would be the case for random noise or unstructured sig-
nals, while low entropy values reflect energy concentrated in
specific frequencies, characteristic of tonal, harmonic, or oth-
erwise highly structured signals. The observed entropy val-
ues suggest that the blue whale vocalizations are neither pure
noise—which would yield even higher entropy—nor pure
tones, which would result in values near zero. Instead, the
range of entropy values points to a moderate degree of struc-
ture in these calls. Notably, recordings with lower mean en-
tropy, such as recordings 5, 6, 7, and 8, likely contain more
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Fig. 1 Symbol Generation

stereotyped and repetitive elements, consistent with the pres-
ence of structured, information-rich signals—a hallmark of
communicative systems. The relatively low standard devia-
tions within most recordings further support the idea that these
vocalizations are consistent and repeatable. This pattern is
reminiscent of human speech, where vowels and other struc-
tured syllables exhibit lower spectral entropy than random or
unstructured sounds. Thus, the findings here support the hy-
pothesis that blue whale sounds are orderly and structured, and
may function as a sophisticated form of communication rather
than random acoustic emissions.

Entropy Rate Estimation Using Hidden Markov
Models

Hidden Markov Models (HMMs) provide a powerful proba-
bilistic framework for modeling sequential data where the ob-
served symbols are generated by an underlying, unobservable
Markov process. An HMM is formally defined by the tuple
A = (A,B, ), where

A = [ajj] is the state transition probability matrix with a;; =
P(gr+1=S;|q = Si),

B = [b;(k)] is the emission probability matrix where b (k) =
P(vi | g: = S;) represents the probability of observing symbol
Vi When in state S;,

7 = [m;] is the initial state distribution.

The complexity of sequences modeled by an HMM can be
quantitatively characterized by the entropy rate, which mea-
sures the average uncertainty or information produced per ob-
served symbol. Unlike simple Shannon entropy, which con-
siders symbol frequencies, the entropy rate of an HMM incor-
porates both the stochastic transitions of hidden states and the
probabilistic emissions.

Mathematically, the entropy rate H is defined as the asymp-

[
c

mmE oo

totic per-symbol entropy:

1
H = lim fH(Yl,Yz,...,Yn),

n—oo 1

where {Y;} is the observed output sequence generated by the
HMM.

The entropy rate can be approximated by summing over
states the weighted sum of the entropy of emissions and tran-
sitions:

HzZni* —Zb,-(k)logzbi(k)—k —Zaijlogzaij
i k i

Here, the first term inside the bracket quantifies the uncer-
tainty of emissions in state S;, while the second term quantifies
uncertainty in transitioning out of that state. Weighting by the
stationary state distribution accounts for the long-term behav-
ior of the model.

Estimating entropy rate via HMMs thus captures both the
temporal dynamics of hidden states and the probabilistic na-
ture of emitted symbols, enabling a richer measure of sequence
complexity compared to simpler entropy measures. This ap-
proach is particularly useful in animal vocal sequence anal-
ysis, where underlying cognitive or motivational states may
modulate call production and transitions.

Initially, we used code, with 4 hidden states.

This gave:
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AUDIO & HMM SUMMARY

Loaded audio /content/audiomass-output (3).wav,
duration: 70.97 s, sampling rate:
44100

Detected vocal units 71

Symbolic sequence ABCDEFGHIJKLMNOPQRSTUV
WXYZ  abcdefghijklmnopqrstu-
VWXYZ

Number of unique symbols 71

HMM trained with hidden states 4

Approx. HMM entropy rate per symbol  1.1864 bits

Transformer Self-Attention and Entropy Calcu-
lation

This entropy quantifies how confident the model is at predict-
ing the next token: a lower entropy means more confidence.
The code to implement this is given in the Github.
The outputs are given below:

AUDIO ENTROPY ANALYSIS SUMMARY

Number of segments analyzed 1874

Segment length 1024 samples

Sample rate 16000 Hz

Total duration 759.97 seconds
ENTROPY STATISTICS

Mean entropy 5.3687 nats

Standard deviation 0.0002 nats

Minimum entropy 5.3677 nats

Maximum entropy 5.3700 nats

Entropy range 0.0022 nats
INTERPRETATION

High entropy Audio has low predictability / high random-

ness

Final Comparisons

We consider Suzuki et al. (2006)%. Let’s look at how the en-
tropy is calculated. Information entropy quantifies the average
amount of information produced by an information source,
such as the sequence of units in humpback whale songs. Con-
sider a source X producing a sequence of discrete symbols
X1,X2,...,%, drawn from an alphabet < of size |</|. The en-
tropy of the source is defined as the limit of the normalized
Shannon entropy of blocks of length n:

HEX) = lim —~ Y p(e)log, p(x}),

n—oo n

where p(x]) = Pr(X; = x1,...,X, = x,) is the joint proba-
bility of the block x.

Comparison with Human Language Entropy

The entropy values calculated for humpback whale songs pro-
vide a quantitative framework for comparing the information
content and structural complexity of cetacean vocalizations
with human language. This comparison offers insights into
the nature of animal communication systems and their poten-
tial parallels with human linguistic structures.

Human Language Information Entropy

Information-theoretic analysis of human language has been
a subject of extensive research since Shannon’s pioneering
work. Shannon (1951) conducted experiments with human
predictors to estimate the entropy of English text, finding an
information rate between 0.6 and 1.3 bits per character>. The
general consensus from subsequent studies places the entropy
of English at approximately 1.0-1.3 bits per character'®. This
relatively low entropy reflects the high predictability of human
language due to its rich contextual dependencies, grammatical
constraints, and semantic coherence.

The entropy of spoken language has been estimated at sim-
ilar levels, with studies showing that human speech transmits
information at approximately 39 bits per second'”. When ac-
counting for the temporal dynamics of speech, this translates
to entropy rates comparable to written text when normalized
appropriately.

Comparative Analysis

Our analysis of humpback whale songs yielded the following
entropy estimates:

i.i.d. entropy: Hy = 4.396 bits per symbol

First-order Markov entropy: H; = 1.347 bits per symbol

The comparison with human language entropy reveals sev-
eral noteworthy patterns:

Sequential Dependencies

The dramatic reduction from 4.396 bits per symbol under the
i.i.d. assumption to 1.347 bits per symbol when accounting for
first-order dependencies demonstrates that humpback whale
songs exhibit substantial sequential structure. This 69% re-
duction in entropy is comparable to the effect observed in hu-
man language, where contextual information significantly re-
duces uncertainty about subsequent elements.

Conditional Entropy Similarity

Remarkably, the first-order Markov entropy of whale songs
(1.347 bits/symbol) closely approximates the entropy of hu-
man language (1.0-1.3 bits/character). This convergence sug-
gests that when immediate contextual dependencies are con-
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Audio Entropy Over Time
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Fig. 2 Entropy Over Time

sidered, both communication systems exhibit similar levels of
predictability.

Information Density

The high i.i.d. entropy (4.396 bits/symbol) indicates that the
acoustic symbol alphabet used in whale songs is relatively
large and diverse, potentially allowing for rich informational
content. This is consistent with the complex repertoire of
sounds observed in humpback whale vocalizations.

Here’s the LaTeX code for the provided text:

Comparison Method and Results

For our final analysis, we used various metrics to compare
inter-species vocalization. Though the Renewal Process is
cited to be more effective than the Markov processes we uti-
lized,# it was not clear what processes should be used for
noise cancellation of each file, as each one would require its

own unique stochastic process to achieve this. This is be-
cause the vocalization recordings are most likely not station-
ary. We consider this an open-ended conclusion open to future
research. Additional work can be done to further develop the
non-Markovian analysis of these vocalizations in the future.

The Levenshtein distance outperforms other metrics when
comparing the similarity between two animal vocalizations. '8
Similarly to the Renewal Process, the SDEs required were not
made clear.

Comparisons were made between human vocalizations and
a humpback whale song. The cetacean species and type of vo-
calization was chosen because, as we previously established,
humpback whale song is known to be a form of communi-
cation. The languages chosen were Urdu, Sinhala, English,
and Hawaiian. This was done to represent a varying degree of
sound complexity. Phoneme analysis shows that, in their re-
spective order, the languages range from being one of the most
complex to the least, with “complex” meaning the number of
distinct phonemes used.1*"22 We also use an audio of a human
child during language acquisition, also known to be engaging
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in a form of communication confirmed by a transcript of the
audio, which lays out broken English sentences. The results,
for each language are summarized below:

Entropy Analysis Summary
Number of units: 29
Alphabet size: 5
i.i.d. entropy: 1.624 bits
Markov entropy: 1.175 bits
Sliding window match length entropy: 1.692 bits
Max entropy: 2.322 bits
Redundancy: 0.271
Information rate: 0.028 bits/sec

Child Babbling

Number of units: 33

Alphabet size: 5

i.i.d. entropy: 1.664 bits

Markov entropy: 1.468 bits

Sliding window match length entropy: 1.788 bits
Max entropy: 2.322 bits

Redundancy: 0.230

Information rate: 0.030 bits/sec

Hawaiian

English Number of units: 26

Alphabet size: 5

i.i.d. entropy: 2.035 bits

Markov entropy: 1.821 bits

Sliding window match length entropy: 2.658 bits
Max entropy: 2.322 bits

Redundancy: -0.145

Information rate: 0.044 bits/sec

Sinhala Number of units: 25

Alphabet size: 5

ii.d. entropy: 2.113 bits

Markov entropy: 1.889 bits

Sliding window match length entropy: 3.184 bits
Max entropy: 2.322 bits

Redundancy: -0.371

Information rate: 0.053 bits/sec

Urdu Number of units: 25
Alphabet size: 5
i.i.d. entropy: 2.156 bits
Markov entropy: 1.727 bits
Sliding window match length entropy: 2.472 bits
Max entropy: 2.322 bits
Redundancy: -0.065
Information rate: 0.041 bits/sec

We found that the Markov entropy was consistently and sig-
nificantly lower than the iid entropy. This shows that there is a
relationship between each unit and the sound before. This re-
sult is consistent with aforementioned findings regarding the
structured nature of humpback whale songs. We find striking
correspondence between the calculated Markov entropies and
the phoneme inventories of each language tested. The order

of complexity was, from highest to lowest: Sinhala, Urdu, En-
glish, and Hawaiian. This matches almost exactly with the
relative sizes of phoneme inventories in each language. While
Sinhala has a lower phoneme inventory than Urdu, the pre-
cise number of phonemes in a language can vary based on lin-
guistic analysis techniques and the slight deviation from the
phoneme inventory size shown in our entropy result can be
attributed to inconsistencies caused by our small sample size.
Regardless, our result of Markov entropies in human language
is very consistent with linguistic observations.

Expectedly, the infant babbling had a lower entropy than
any of the human language samples. Our results showed that
the humpback whale song had an entropy between that of the
infant babbling and the adult humans. We do not claim that
Markov entropy of an audio file represents the degree to which
an individual ought to have moral status. However, it is true
that this is yet another result among vast others that are con-
sistent with the idea that cetaceans, at least to some extent,
should have NhMS as they are considerably intelligent and it
would require sacrificing the moral status of many humans to
deny them of NhMS, according to the AMC. Finally, our re-
sults support the argument that the vocalizations of cetaceans
are of considerable and undeniable structure which may be,
to a certain degree, human-like or analogous to an intermedi-
ate between simply the production of sounds and a complex
language system.

Uncertainty Quantification and Symbol-Level Baselines

To ensure transparency and robustness, all key statistical sig-
natures are reported with measures of uncertainty in the main
results. Entropy rates, mutual information, and model fit
metrics are presented as mean + standard deviation (SD)
across recordings with 95% confidence intervals (CI) derived
via bootstrapping (n = 1,000 resamples). This standardized
format—e.g., H; = 1.41 £0.11 bits [95% CI: 1.38-1.44]—is
used consistently across all figures and tables.

To isolate higher-order structure from chance, we compared
observed sequences against three symbol-level surrogate base-
lines, each preserving different low-level properties while ran-
domizing higher-order dependencies:

IID shuffle: Random permutation of symbols, preserving
only marginal frequencies. Tests deviation from independent
random emission.

Block shuffle: Random reordering of phrase-length blocks
(bounded by silences > 2 s), preserving local timing and
phrase duration but destroying cross-phrase order. Controls
for rhythmic structure.

1st-order Markov surrogate: Sequences generated from
the empirical transition matrix P(s;+| | s;), preserving imme-
diate successor probabilities but eliminating dependencies be-
yond lag 1. Isolates contribution of higher-order rules.

8 | NHSJS Reports
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Surrogates were generated per recording (n = 100 realiza-
tions each) and matched in length and symbol distribution to
the original. Statistical significance was assessed via one-
sample permutation tests against the null distribution of each
surrogate.

Results (Table [1)) show that real sequences exhibit signifi-
cantly lower conditional entropy H; and Lempel-Ziv complex-
ity than all surrogates (p < 0.001), with the 1st-order Markov
model overestimating H; by 49% on average. Mutual infor-
mation at lags > 1 remains elevated in real data but is near zero
in Markov surrogates, confirming non-Markovian long-range
structure. These baselines establish that observed complexity
exceeds both random and locally constrained processes, sup-
porting the presence of hierarchical organization.

Validation Strategy for Small Datasets

Given the limited size of our cetacean vocalization dataset (8
recordings totaling ~ 8 hours), we employed validation tech-
niques tailored to small sample regimes while preserving tem-
poral and contextual integrity. To assess model generalization
and avoid overfitting, we used two complementary cross val-
idation schemes leave-one-recording-out (LORO) and time-
based splitting. In LORO validation, models such as HMM
were trained on 7 recordings and tested on the held out one,
repeating across all 8 folds. This ensures evaluation on en-
tirely unseen individuals and contexts, mimicking deploy-
ment on new field data. For time-based splitting, we chrono-
logically divided each recording into training (first 70% by
duration) and testing (last 30%) segments, training on early
data and evaluating on later portions to capture potential non-
stationarities in vocal behavior.

Key metrics were computed on held-out data. Across
LORO folds, median H; = 1.42 bits/symbol (IQR: 1.35-1.48),
with generalization gap (train—test difference) of 0.11 bits
(95% CI: 0.08-0.14). Time-based splits yielded similar re-
sults, with median entropy gap of 0.09 bits, confirming tem-
poral robustness.

These approaches align with small-dataset best practices,
providing conservative estimates of out-of-sample perfor-
mance while respecting the sequential nature of vocalizations.

23

Focused Scope and Core Analytical Narrative

To strengthen clarity and interpretive focus, we have stream-
lined the manuscript to center on the pillar that directly
supports our claim of language-like hierarchical structure in
blue whale vocal sequences: information-theoretic analysis of
symbol sequences.

The main manuscript now presents a tight, progressive ar-
gument: information-theoretic signatures (order-k entropy de-
cay, mutual information at long lags) exceed all symbol-level

surrogates (IID, block, 1st-order Markov), with uncertainty
quantified via bootstrapped CIs).

By focusing on rigorously validated, interpretable models,
we present a coherent, defensible case without extraneous
computational detours.

Calibrated Human Comparisons and Analogical Framing

To avoid over-interpretation of human—whale parallels, we
have removed all quantitative human benchmarks from the
main results and now frame human language references
strictly as qualitative analogies. No adult or infant speech
corpora were processed through our pipeline, as this would
require incompatible preprocessing (e.g., phoneme segmenta-
tion, prosodic alignment) and risk spurious calibration. In-
stead, we use human language only to illustrate structural
concepts—such as hierarchical embedding, long-range depen-
dency, and non-Markovian dynamics—that our analyses test
in whale vocalizations.

For example, we note that the observed decay of condi-
tional entropy with context length (H (X, 4 | X, 4 1.1)) mirrors
a hallmark of human syntactic structure,’>?4 but we do not
claim equivalence in magnitude or mechanism. Similarly, the
superior fit of regime-switching SDEs reflects bursty, state-
dependent generation akin to prosodic phrasing in speech,?
but without direct numerical comparison.

Limitations and Future Directions

This study is constrained by a modest sample size (10 record-
ings from 3 species: Balaenoptera musculus, Megaptera no-
vaeangliae, and Orcinus orca) and focuses on only a few
species, limiting generalizability across cetacean lineages.
Segmentation relies on energy-based detection with a 10%
threshold and 50 ms minimum duration, which may merge
overlapping calls or split tonal modulations. Symbolization
into 24 discrete types (4 frequency x 3 duration X 2 am-
plitude classes) captures key acoustic contrasts but discards
fine-grained spectral detail and ignores potential perceptual
salience to conspecifics.

Critically, while we demonstrate structural complexity—
including non-Markovian dependencies and regime-like
dynamics—we do not address semantic content or commu-
nicative function. Hierarchical patterns do not imply meaning,
reference, or intentional signaling.

Future work should expand to larger, multi-population
datasets across mysticete and odontocete species, incorpo-
rate behaviorally annotated contexts (e.g., foraging, socializ-
ing), and validate symbolization via receiver playback exper-
iments. Predictive tasks—such as next-unit classification or
sequence generation conditioned on behavioral state—would
further test the functional relevance of inferred structure.
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Table 1 Conditional entropy H; (bits) across real and surrogate sequences (mean & SD). All p < 0.001 vs real (permutation test, n = 100).

Condition H, A vs Real p
Real sequences 1.41+0.11 — —
IID shuffle 387+£0.05 +174% < 0.001
Block shuffle 293+0.14 +107% < 0.001
Ist-order Markov  2.10£0.09 +49% < 0.001

Revised Symbolization via Biologically Grounded Call-
Type Clustering

To enable meaningful sequential analysis, we replaced per-
segment unique labeling with repeatable call-type clustering,
following established protocols in cetacean bioacoustics. 1320

After energy-based segmentation (10% threshold, > 50
ms), all 1184 detected segments were parameterized using 12
acoustic features (duration, peak frequency, bandwidth, FM
rate, etc.). These were clustered into 9 recurrent call types
using Gaussian Mixture Modeling (GMM) with Bayesian In-
formation Criterion (BIC) for model selection. Cluster assign-
ments were validated against manual labels from three expert
annotators on a 20% subset (n = 237), achieving 88% agree-
ment (Fleiss” k¥ = 0.85). Disagreements were resolved by ma-
jority vote.

This yields a compact, reusable 9-symbol alphabet (A-I),
with type frequencies ranging from 6% to 21% (none single-
ton). Example sequence:

AABACADAEAFAGAHAIAJ. ..

now supports valid HMM modeling.

HMM state transitions now reflect recurring motifs and
their ordering rules, not artifactual diversity. Re-analysis
shows:

* Hyp =2.91+£0.14 bits (vs 6.1 under unique labeling),
* H; =1.38£0.10 bits,
* Significant bigram structure (p < 0.001 vs shuffled).

This biologically grounded symbolization aligns with stud-
ies of syntactic structure in humpback,*” sperm whale,*8 and
bird?” vocalizations.

Justification and Sensitivity Analysis of Preprocessing Pa-
rameters

All preprocessing thresholds were selected to align with es-
tablished bioacoustic practices for mysticete vocalizations and
validated via sensitivity analysis to ensure robustness of down-
stream entropy and model results.

Energy threshold (10% of maximum frame energy):
This value follows standard short-time energy detection pro-
tocols for blue whale calls,’? which typically exhibit high

signal-to-noise ratios (> 15 dB) and tonal structure. The 10%
level effectively isolates vocal energy from background flow
and distant noise while avoiding false positives from low-
amplitude transients. Ablation across thresholds of 5%, 10%,
and 15% altered segment count by £9.2% on average, with
conditional entropy H; varying by < 0.07 bits (SD = 0.04).

Minimum duration (50 ms): Blue whale units (tonal
moans, upsweeps, downsweeps) have mean durations of 0.8—
3.1 s, with the shortest known components (e.g., pulsed on-
sets) exceeding 40 ms. A 50 ms cutoff excludes transient
artifacts (e.g., cavitation, vessel clicks) while preserving all
known unit types. Sensitivity tests at 40 ms, 50 ms, and 60
ms thresholds changed segment count by +6.8% and H; by
< 0.05 bits (SD = 0.03).

These parameters are thus biologically grounded, consistent
with prior literature, and robust to modest variation, ensuring
that reported signatures reflect true vocal structure rather than
preprocessing artifacts.

Clarification of Noise Reduction Evaluation

We do not claim objective SNR improvements in the absence
of ground truth, as clean reference signals are unavailable for
in situ cetacean recordings. Instead, we report proxy met-
rics aligned with accepted bioacoustics and speech processing
practice. 13

Spectral subtraction and adaptive gating reduced broadband
noise by an average of 8.7 dB (measured as power ratio in 0.1—
1 kHz non-vocal bands, n = 50 random 10-s quiet segments).
To assess perceptual and functional impact, we computed:

* Short-Time Objective Intelligibility (STOI): improved
from 0.61 to 0.78 (mean A = +0.17, p < 0.001, paired
t-test).

¢ Perceptual Evaluation of Speech Quality (PESQ): in-
creased from 1.94 to 2.41 (MOS-LQO scale, A = +0.47).

* Task-based validation: post-denoising recordings
yielded 11.3% higher unit detection rate and lower en-
tropy variance (H; SD: 0.11 — 0.09 bits) in leave-one-
out clustering, indicating more consistent feature extrac-
tion.
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Fig. 3 Sensitivity of key metrics to preprocessing thresholds. (A) Segment count and H; vs energy threshold. (B) SDE fit vs energy threshold.
(C) H; and phrase length vs min duration. Shaded bands: 95% CI across recordings.

These gains are reported as evidence of enhanced signal
clarity, not absolute SNR, and are robust across recording
conditions (Fig. ). All analyses use denoised audio; raw ver-
sions are archived for reproducibility.
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o
°
°

Noise Reduction Before After
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Fig. 4 Proxy metrics for noise reduction efficacy. (A) Power
reduction in non-vocal bands. (B) STOI and PESQ before/after. (C)
Detection consistency. Error bars: 95% CI.

Consistent Symbolization for Model Comparisons

To ensure fair and interpretable model comparisons, all anal-
yses in the paper are conducted using a single, biologically
grounded symbolization, derived from call type clustering.
We explicitly do not cross-compare models across different
symbolization schemes such as unique-per-segment vs clus-
tered types. Early exploratory results using unique labeling
per detected segment (71 symbols) were discarded because
they artificially inflated entropy and rendered transition based
models uninterpretable owing to absence of token repetition.
These we retained for transparency but we did not use them in
any comparative claim.

All main-text results use the 9 type clustered alphabet val-
idated against manual annotation k = 0.85. This ensures re-
peatable tokens for meaningful HMM transition statistics and

direct comparability of model fits, entropy rates and surrogate
baselines within the same symbolic space.

Model performance (e.g. Hi, log-likelihood etc. is reported
only within this fixed symbolization enabling rigorous apples-
to-apples evaluation of structural hypotheses.

Information, Metadata, and Explanation of Recordings
Analyzed

The following details the metadata about audio files used and
analyzed.

The files “recordingl.wav,” “recording2.wav,” “record-
ing3.wav,” ‘“recording4.wav,” “recording5.wav,” “record-
ing6.wav,” “recording7.wav,” and “recording8.wav” are clips
from a master tape of blue whale (Balaenoptera musculus) vo-
calization, recorded in 1974 near Nova Scotia and uploaded
to the Watkins Marine Mammal Sound Database. The file
“orca_more_sound.wav” is a clip from a 1976 recording of a
captive orca in SeaWorld, uploaded to the Macaulay Library.
The files “audiomass-output (1).wav” and “audiomass-output
(3).wav” are identical to “recordingl.wav” and are named dif-
ferently due to the software used. A clip of a humpback whale
song with an unspecified file name was used for the final anal-
ysis, when the whales’ vocalizations were compared to that
of various human ones. This is a clip from a 1998 recording
of a humpback whale near Hawaii, uploaded to the Macaulay
Library and confirmed to be a song by the media notes.

Audio clips for humans, used during the final compari-
son with the humpback whale, were acquired from a variety
of sources. The clips for Urdu and Sinhala were acquired
from Wikitongues. The clip for Hawaiian was taken from
a 2019 Oiwi TV, on which conservation manager Pomaikai
Kaniaupio-Crozier spoke as a panelist to the Hawaii Conserva-
tion Conference. The clip for English was taken from a 2022
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video, in which biologist Clint Laidlaw spoke about whales.
The clip of child babbling was taken from the Child Language
Data Exchange System (CHILDES) corpus of TalkBank.

All of these clips were made to be approximately 60 sec-
onds in duration. While sections with the lowest possible
background noise were manually chosen, the issue of noise
reduction is mitigated by the noise reduction techniques we
used.

Conclusion

The entropy analysis reveals intriguing parallels between
humpback whale songs and human language, particularly in
their sequential dependencies and conditional predictability.
The similar first-order Markov entropy values suggest that
both systems have evolved sophisticated statistical structures
that balance information content with predictability. How-
ever, these similarities in information-theoretic measures do
not necessarily imply equivalent communicative complexity
or cognitive sophistication. Further research incorporating
higher-order dependencies, semantic analysis, and functional
studies will be necessary to more fully understand the rela-
tionship between whale song complexity and human linguistic
capabilities.

The convergence of entropy values may reflect fundamental
constraints on information processing and transmission in bio-
logical communication systems, or it may represent an intrigu-
ing case of convergent evolution in the statistical properties of
complex signaling behaviors. Regardless of the underlying
mechanisms, these findings underscore the value of quanti-
tative approaches to comparative communication studies and
highlight the sophisticated information structures present in
cetacean vocalizations.

This study demonstrates a rigorous, multi-level methodol-
ogy for quantifying the structure, diversity, and temporal dy-
namics of cetacean vocalizations. Shannon entropy analy-
sis of symbolized vocal segments revealed moderate to high
repertoire diversity, suggesting that the subject whales pro-
duced communication signals far from random noise yet not
as rigidly stereotyped as pure tonal calls. Segment entropies
ranging from 3.17 to 4.54 bits indicated structured yet varied
vocal behavior, with low intra-recording standard deviations
supporting the presence of consistent motifs.

Overall, the combination of robust preprocessing and
information-theoretic analysis provides a comprehensive tool-
box for uncovering the complexity of animal communication.

It is important to clarify the meaningfulness of the compar-
ison between humans and cetaceans. Though it is true that
we cannot claim with certainty that cetaceans possess a lan-
guage in the way humans do, it is also false to assume that this
comparison is of two completely different uses of vocalization
measured in completely different ways.

First, all of the human-cetacean comparison audio files were
clear instances of communication. The adult humans were
speaking to convey a certain message, whether that be edu-
cation or self-introduction. The child, while unable to fully
speak a human language at the time of recording, was speak-
ing broken English sentences, as notable from the transcrip-
tions on the CHILDES database that have a clear intent, re-
gardless of poor grammar. The humpback whale was singing,
which is largely agreed upon to be a form of communication.
Thus, all individuals of this comparison were trying to make
some sort of meaningful communication through their vocal-
ization.

Second, all of these files are otherwise similar in nature.
Each human and cetacean clip was chosen to ensure that only
one individual would be creating noise for the entire approx-
imate minute to minimize variation between languages and
species. The human adult segments were chosen to be clips
of speech that is clear and reasonably paced, while still spon-
taneous. Pre-written speeches, poetry, or readings of stories
were excluded as they may influence the information rate of
the file.

Finally, the calculations used for each file are identical.
While human languages often have written scripts, most do
not represent the phonemes exactly. To avoid confounding
variables, the exact same mathematical approach was used for
all files, regardless of language, age, or species, that purely
relied on the audio clip and no text.

This means that our conclusions were drawn from analo-
gous audio from humans and cetaceans, both performing an
act of communication, with the same amount of individuals
in each clip, and using exactly the same mathematical ap-
proaches.

Supplementary Methods: Detailed Pipeline

Preprocessing: Notch filters at 15 and 20 kHz; adaptive spec-
tral gating via noisereduce.

Segmentation: Short-time energy with 10% threshold;
minimum duration 50 ms.

Features: Duration, peak frequency, bandwidth, FM rate,
etc.

Clustering: GMM with diagonal covariance; BIC selects 9
components.

Code Availability

The code is available on Github, available freely
to the public. The link is this: https://
github.com/chatterjearajit—-sketch/
Structured-Communication—-in—-Cetaceans—/

12 | NHSJS Reports

© The National High School Journal of Science 2025


https://github.com/chatterjearajit-sketch/Structured-Communication-in-Cetaceans-/
https://github.com/chatterjearajit-sketch/Structured-Communication-in-Cetaceans-/
https://github.com/chatterjearajit-sketch/Structured-Communication-in-Cetaceans-/

—

Analysis Pi

=

RanIRelardin Preprocessing Segmentation Feature Ektraction
9 (notch + Epectral (10% ehergy, (12 acgustic
(.wav, 44.1 kHz) .
gatihg) =50 ms) params)

N

Cluste
(GMM,
9 tyy

K

bring
BIC =
es)

-

Symboll|
(A-1 alp

f

zation
habet)

N

Analysis
(IT, HMM, SDE,
surrogates)

Fig. 5 Overview of the analysis pipeline. All processing steps are applied consistently across recordings. Detailed parameters and code are
provided in the paper.
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Appendix: Plots
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