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Behavioral ecology

How animals behave to satisfy their fundamental needs

Direct observations Biologing technologies
1900 1980 ;gggl GPS Accelerometer
| ] 1
| | |

Amount of data
Precision of
information on
behavior

very good
very good

very fine scale but
limited methods
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@ Accelerometer data analysis

© General HSMM framework for sequence analysis

© Where are we now?

@ Modified Viterbi : balance between adequation to the model and to the
observations

© Metric for sequence comparison

@ Conclusion
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© Accelerometer data analysis
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Supervised framework

o Captive animals : videos ~ 10 minutes + accelerometer (32hz)

o Wild animals : accelerometer ~ months

Observed animals

Sequence of e mumnn
behaviors

- == i W Grooming
e T = a = W unmoving ‘ 7
M Eating
B walking
M Running
‘ ™ ~+.Wmurmw| ‘ * ! ‘
Accelerometer ""‘""“"‘M‘“ +
data (x,y,2) ‘ ‘
y

Unobserved animals
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Supervised framework

o Captive animals : videos ~ 10 minutes + accelerometer (32hz)

e Wild animals : accelerometer ~ months
< To evaluate the model : train/test set

Observed animals

Sequence of —_—— M Grooming
behaviors T ==t T W unmoving 7

M Eating

[ walking

M Running
[T [t |

Accelerometer
data (x,y,2) MW-&M ‘ F*-“Wﬂw ‘
o [ ha———
y

Unobserved animals
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Supervised framework

o Captive animals : videos ~ 10 minutes + accelerometer (32hz)

e Wild animals : accelerometer ~ months
< To evaluate the model : train/test set

Observed animals

Sequence of —_—— M Grooming
behaviors T ==t T W unmoving 7

M Eating

[ walking

M Running
[T [t |

Accelerometer
data (x,y,2) MW-&M ‘ F*-“Wﬂw ‘
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Unobserved animals
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Classic method : Time-by-time classification
Observed animals

—— .
reé iction
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Accelerometer o« . .
data
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Classic method : Time-by-time classification
Observed animals

Unobserved animals
e { T
Preéllc\ion / — Prédic(ion'
[ Aphprini | T
Accelerometer e o o . . .
data
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Classic method : Time-by-time classification

Observed animals Unobserved animals
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Output
Time budget

Model evaluation = accuracy
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Good accuracy # good sequence restoration

—— True seq.
- - Restored seq. o Accuracy : 0.95

Running -| " TR e T @ Wrong transitions
" woly § |
E : E :E MY o @ Wrong very short
| :
Feeding { —— ¢ 0 B el o durations
Time

v
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Good accuracy # good sequence restoration
- E::tc?:e%seq. @ Accuracy : 0.95
Running -| " ; L .: : 3} i ; @ Wrong transitions
! ' 3 B 2% & ! ':: @ Wrong very short
Feeding o~ * oLl N ao durations
Time
.
Why sequence analysis?
Forest landscape Open landscape
o Different dynamics
Running Running
. . @ Same time budget
Feeding’ Feeding’
v
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Good accuracy # good sequence restoration
- g:;s;%seq. @ Accuracy : 0.95
Running -| " ; L .: : 3} E ; @ Wrong transitions
! ' 3 B 2% & ! ':: @ Wrong very short
Foeding | ——mmt ¢ ool N ao durations
Time
.
Why sequence analysis?
Forest landscape Open landscape
o Different dynamics
Running Running
. . @ Same time budget
Feeding’ Feeding
= HSMM : account for behavior durations and transitions
v
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Hidden Semi-Markov Models
SMM

- X, : successive states

- d, : sojourn durations
i'@le

(discrete) time

ED
P[(Xis1, dit1)|(Xi, di), (Xierdim1), - - - (X5 dT)] = Pldia [ Xip 1P X1 ] Xi]
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Hidden Semi-Markov Models
SMM

- X, : successive states / \ s,
- d, : sojourn durations s
3 Semi-Markov : I‘J—L
| process ,
Observed WL

process ' =

o%

Emission law
P[O:|S¢]

(discrete) time

P{(Xi 11, dis1)| (X, di), (Xiard 1T, - (X dD)] = P2 [ Xipa]P[Xi 42| Xi]
P[(0r)e|(Se)e] = [] PLO:IS:]
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Hidden Semi-Markov Models
SMM HSMM multiresponse HSMM

- X, : successive states

- d, : sojourn durations

Mtate Semi-Markov : I‘J—L e —
process : 0
o S ————
rrrr————

Observed
process

Emission law
(discrete) time P[O:|St]

P[(Xi11, di41)|(Xi, d7), (Xiard T, - - o (X dD)]  Pldy1 [ Xip1]P[Xi 42| Xi]
P[(0r)e|(Se)e] = [] PLO:IS:]

Parameters (Explicit Duration)
@ Emission Pg[O;|S:]
@ Sojourn duration Pg[d;| Xi]
e Transition Pg[E;+1|Xi]
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MASEMO - 1st-4th July 2025 *;éf?

Sandra Plancade, Nathalie Peyrard (Ap[ Supervised HSMM to study the behavioi



Hidden Semi-Markov Models
SMM HSMM multiresponse HSMM

- X, : successive states

f S \
- d, : sojourn durations o §—’_L,_\—
tate Semi-Markov 2_V_‘J—L T -
process 1 0,
o B
s e N

Observed
process e

Emission law

(discrete) time \ P[O|Se] / \ I e -/

P[(Xi11, di41)|(Xi, d7), (Xiard T, - - o (X dD)]  Pldy1 [ Xip1]P[Xi 42| Xi]
P[(0r)e|(Se)e] = [] PLO:IS:]

Issues
Parameters (Explicit Duration) e Parameter estimation ©
e Emission Pg[O;|S¢] @ Restoration of hidden
@ Sojourn duration Pg[d;|X]] sequence, e.g. Viterbi
e Transition Pg[E;+1|Xi] arg (g‘)i‘; P[(S5¢)e=1/(Or)e>1, ©]

v
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H(S)MM for accelerometer data

@ In literature

» HMM more frequent than HSMM
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H(S)MM for accelerometer data
o In literature

» HMM more frequent than HSMM

» Observed variables : two strategies

* A/few selected feature(s) function of accelerometer (x,y,z)
* H(S)MM for smoothing RF predictions

RF
prediction

Behaviors

2
H(S)MM 3

O e
smoothing

2
5
a
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H(S)MM for accelerometer data

@ In literature

» HMM more frequent than HSMM

» Observed variables : two strategies

* A/few selected feature(s) function of accelerometer (x,y,z)
* H(S)MM for smoothing RF predictions

AL

RF

prediction

Behaviors

2
H(S)MM g

O e

smoothing

2
5
a

Time

» Output = time budget/ accuracy /classification # sequence analysis
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H(S)MM for accelerometer data

@ In literature

» HMM more frequent than HSMM
» Observed variables

two strategies

* A/few selected feature(s) function of accelerometer (x,y,z)
* H(S)MM for smoothing RF predictions

L LA g

RF
prediction

S)MM
smoolhmg

T\me

» Output = time budget/ accuracy /classification # sequence analysis
» A few alternative works

* Koslik et al (2025)
sojourn time distribution

Inhomogeneous Markov models with interest on
S
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© General HSMM framework for sequence analysis
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General statistical framework

A AN T
Observed
process \
) HSMM param
Supervised g
HSMM - duration
Behawors - transition
« Hidden »

- process

5 r <
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General statistical framework

>

Accelero Training set
A AN TR
Observed
process
. HSMM param
Supervised - emission
HSMM - duration
Behawors - transition
= « Hidden »
- process
Accelero /Restored sequence —
A || D ton _ . - --p /Ecological
— - questions
Unobserved animals Fr o«
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General statistical framework

>

Accelero Training set
A AN TR
Observed
process
) HSMM param
Supervised o R -
HSMM o - duration
Behawors - transition
= « Hidden »
- process
Accelero /?estored sequence
At Restoration --
—_— -
T Evaluation
of the
True sequence model
Test set =T - o«
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S.

Various issues

—

Clusters of
behaviors

R AR
“Accelero Accelero transformed

Observed
process

Supervised
HSMM

« Hidden »
process

Auto-correlation
on accelero

A Different distributions

Training set

/ HSMM param
' - emission ’
- duration

\ -transiton /

for unobserved animals

Test set

- stored sequence Sequence
sl < - —?—_ - comparison
LA ot .
Restoration .= = -
1 /.\ S -
= N -
)M\miified

Viterbi  True sequence
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@ Which accelerometer
features

@ Level of details of
behaviors

@ Autoregressive model for
accelerometer data

@ Modified Viterbi

@ Metric for sequence
similarity

@ Robustness/transferability
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Various issues

e REN —
Y Accelero transformed Training set .
(R @ Which accelerometer
( Observed features
| = process )
s ) /' HSMM param > Balance complexity and
Supervised /' _emission discriminati
- oMM . -duration iscriminative power
Behaviors . -transiton /
- - s « Hidden » .
- process \ @ Level of details of
R e behaviors
i R @ Autoregressive model for
Accelero )Aestored sequence
AT Restoration = - -

accelerometer data

@ Modified Viterbi
@ Metric for sequence
True sequence similarity
-_ - _- e @ Robustness/transferability
Test set STe =
«O> «F»r 4
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Various issues

Accelero Accelero transformed Training set
=) variables @ Which accelerometer
Observed
pbei / features
) / HSMM param - @ Level of details of
Supervised /' _ gmission .
oMM Y behaviors
. - transition
« Hidden » \ > distinguishable
rocess .
P > interpretable
Clusters of ;
==+ =)< behaviors @ Autoregressive model for
accelerometer data
Accelero )Aestoreq sequence i ) )
S _ ey @ Modified Viterbi
Restoration .= -
—_— - .
- \ @ Metric for sequence
( similarity
True sequence
" e / @ Robustness/transferability
Test set . -
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Various issues

Accelero

A A

variables

Accelero transformed

Observed

Training set
Auto-correlation

@ Which accelerometer
on accelero featu res
process / .
@ Level of details of
. / HSMM param behavi
Supervised /- emission ehaviors
B HSMM - duration .
Behaviors - transition @ Autoregressive model for
Hidd
g B “ orocess. \ accelerometer data
- | “Clusters of > Independent observations
< =s==_=/=/ behaviors
v unrealistic
Accelero Restored sequence
AT Restoration = - -
L. —_—

Test set

» HSMM-AR
@ Modified Viterbi

@ Metric for sequence
similarity

@ Robustness/transferability
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Various issues

A A

Accelero Accelero tfransformed

variables

Observed
process

Training set
Auto-correlation

on accelero

) @ Which accelerometer
_ / HSMM param features?
Supervised /- emission .
HSMM - duration @ Level of details of
Behaviors _ - transition :
. R « Hidden » behaviors
process
@ Autoregressive model for
- \"Clusters of
. S friogub accelerometer data
@ Modified Viterbi
Accelero s stored sequence
imirns o A @ Metric for sequence
Iy f. o - similarity
. “Modfed
Viterbi  True sequence °
Test set -

Robustness/transferability

<o
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Various issues

Accelero Accelero transformed Training set ® Which accelerometer
o s |Variables Auto-correlation features
ee— Observed )°N accelero .

* ‘ process y @ Level of details of

o ., ) /' HSMM param \ behaviors
N e Supervised /- emission \

HSMM - duration

Behaviors . - transition

= — « Hidden »
process

| "Clusters of

@ Autoregressive model for
accelerometer data
@ Modified Viterbi
beha S .
o — @ Metric for sequence
similarity
Restored sequence Sequence
Accelero - —q_ - comparison
L A AT
hnseadihain Restoration .= -~ -
- -.
8 Modified

Viterbl  True sequence

> What is a good

restoration?
Test set

> Also for hyperparameter

calibration by CV
@ Robustness/transferability
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Various issues

Accelero Accelero transformed Training set

—pauernias] Variables Auto-correlation

o Observed on accelero
process

@ Which accelerometer
features
. /' HSMM param . .
Supervised /" emission @ Level of details of behaviors
. HSMM - duration
Behaviors _ - transition @ Autoregressive model for
- e « Hidden »
- / process accelerometer data
- > .\ ( Different distributions e . .
o |~Clusters of - /" for unobserved animals @ Modified Viterbi
< =s==_=/=/ behaviors SN
Z @ Metric for sequence
Restored sequence Sequence
Accelero / - _q - comparison
AN TN .
Restoration .= = -
e " Modified

Viterbl  True sequence
Test set

similarity

@ Robustness/transferability

> difference of behavior
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Various issues

Accelero Accelero n’anifmmed Training set
A A AR At Y varia Auto-corre or
V,b:‘,,.*_..._,__.-h- — : Observed O 2CCCIET0
\ | process , @ Which accelerometer
R, . / HSMM param features
| S Supervised - emission
- duration :
A HSMM e @ Level of details of behaviors
i — e e « Hidden » .
R / process @ Autoregressive model for
S RN accelerometer data
Modified Viterbi
stored sequence Sequence .
/iiii?w e\ - = - comparison ° Metric for sequence
| Restoration j S . similarity
. N J - Evaluation -
Modifed of the @ Robustness/transferability
True sequence model

<«o»
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© Where are we now?
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Model choices
"Observed" process = RF prediction

(x,y,z) accelerometer data 26 interpretable features « Observed » process

A AN } i il Lo
e —ssaa1 1| W WM
transformation predlctlon I I I
Emission : dlscrete
Improved accuracy but distribution
too complex emission law
@ 4 states < 4 clusters of behaviors
@ Independent accelerometer observations
@ Restoration by a modified version of Viterbi
v

Results
e Unsufficient quality of restoration for sequence-by-sequence analysis

Limits of the model but also of the information contained in the data

@ Alternative goal : comparison between conditions (e.g. day/night)

Not done yet MASEMO - 1st-4th July 2025 14/4
Sandra Plancade, Nathalie Peyrard (Ap[ Supervised HSMM to study the behavioi 24



@ Modified Viterbi

observations

balance between adequation to the model and to the
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Acce|er0 Accelero transformed Training Set
e variables Auto-correlation
e e———— -
( o \ Observed @ ero
process
) . HSMM param
- Supervised - emission
: HSMM - duration
Behaviors - transition
i S « Hidden »
= - process
R
- ) Clusters of
R seen = j= )} vViors
Z
Accelero n (riéastored sequence
A AN TR / . )\
(3 Restoratior 7). = ==
50 0 (] .> - - -
S/ - Evaluation
Movdlflevd of the
Viterbi - True sequence model
Test set s =T
S.

> <

D L »
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Restored sequences by Viterbi

@ RF : many wrong transitions and
brief sojourns

Behaviors

— TrueS
Observation = RF predictions

Time

N
o
v
N
i}
v
N
i
v
N
it
v
[\
S
o
?
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Restored sequences by Viterbi

™\

Not ( )
smoothed |
e [Ty LT o RF : many wrong transitions and
> 4 . .
3 brief sojourns
m
- @ HSMM : partially smooth
E'L’;i.m = RF predictions Smoothed
Restored S

Time

N
o
v
N
i}
v
N
i
v
N
it
v
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Restored sequences by Viterbi

Not i
smoothed [ | J’

@ RF : many wrong transitions and
brief sojourns

@ HSMM : partially smooth

Behaviors

— Trues

Observation = RF pradictions Smoothed
Restored S
Time
True and restored sojourn duration
Behavior 1 (n=27) Behavior 2 (n=532) Behavior 3 (n=160) Behavior 4 (n=631)
" © RF prediction . T 7| o RF prediction ., < - © RFprediction ° " © RF prediction
8§ o - o Viterbi restoratiof po 8 @ - o Viterbi restoration } &, 8 ., _| o viterirestoratio 8 L | o Viterirestorationg” o
g o g g o ° g
z 8 g g z
g - g g g
8 & & 8 o«
= s = =
g © 2 g o £
5 <1 s 5
3 © 3 °© z 7 o -
8 ° 8 8 - X 8
© ° T o -3 ° &
T o~
< 4 ° ! o o
T T T T T T T T T T T T T T T T T T
-1 0 1 2 -1 0 1 2 3 4 -2 012 3 4 o 2 4
True sequences True sequences True sequences True sequences

@ Over-representation of brief sojourn durations in restored sequences
@ Brief sojourn durations unlikely given SMM parameters
= Too much adequation to the observed progess s, «=z» «z» = 9ac

MASEMO - 1st-4th July 2025 14/29
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Adequation to the model and to the observations

@ Viterbi algorithm targets the most probable hidden sequence

arg mé'axlog}P’@[S\O] = arg msax{ logPo[O|S] + logPe[S] + logPsfO]}
adequation adequation
to observations

to model

«4Or «Fr «Z>» «E>»
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Adequation to the model and to the observations

@ Viterbi algorithm targets the most probable hidden sequence

arg mé'axlog Po[S|0] = arg méa\x{ logPo[O|S] + logPe[S] + logPsfO]}
adequation adequation
to observations to model
@ Modify the balance between adequation to the observations and to the
model
S

argmax {(1 — \) logPg[O|S] + A logPg[S]} with A >1

40> «Fr «F>» «E»
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Adequation to the model and to the observations

@ Viterbi algorithm targets the most probable hidden sequence

arg mé'axlog Po[S|0] = arg méa\x{ logPo[O|S] + logPe[S] + logPsfO]}
adequation adequation
to observations to model
@ Modify the balance between adequation to the observations and to the
model
S

argmax {(1 — \) logPg[O|S] + A logPg[S]} with A >1
best restoration?

@ Select A\ by cross-validation on the training set : which A leads to the

> ‘ Metric for sequence comparison ‘
40> «Fr «F>» «E»
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Viterbi

(Digressive) remark: impact of sampling frequency on

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

«4Or «Fr «Z>» «E>»
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Viterbi

(Digressive) remark: impact of sampling frequency on

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

> time step = 1/freq

«4Or «Fr «Z>» «E>»
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Viterbi

(Digressive) remark: impact of sampling frequency on

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

-

@ logP[O|S] = > logP[O¢|St] ~ AlogP[O|S]
t=1

> time step = 1/freq

o log P[S] =}, log Po[(Xit1, dit1)[(Xi, di)] ~ log P[S]
> time step = successive states

Assumption : time step « sojourn duration
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Viterbi

(Digressive) remark: impact of sampling frequency on

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

-

o loglP[O|S] = > log P[O¢|S¢] ~ Alog P[O|S]
t=1

> time step = 1/freq

o logP[S] = >~ log Po[(Xit1, dit1)|(Xi, dj)] ~ log P[S]
> time step = successive states
Assumption : time step « sojourn duration

= The balance between the two terms is impacted
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Viterbi

(Digressive) remark: impact of sampling frequency on

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

> time step = 1/freq

Undersampling
-
o loglP[O|S] = > log P[O¢|S¢] ~ Alog P[O|S]
t=1

accelerometer data

=

> time step = successive states

o logP[S] =3, logPo|(Xit1, dit1)[(Xi. dj)] ~ log P[S]

Assumption : time step « sojourn duration

= The balance between the two terms is impacted

-
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(Digressive) remark: impact of sampling frequency on
Viterbi

arg max {log P[O|S] + log P[S]}
Modify sampling frequency : freq — Afreq

> time step = 1/freq

Undersampling
-
o loglP[O|S] = > log P[O¢|S¢] ~ Alog P[O|S]
t=1

accelerometer data

o logP[S] = >~ log Po[(Xit1, dit1)|(Xi, dj)] ~ log P[S] .
> time step = successive states :

Assumption : time step « sojourn duration

= The balance between the two terms is impacted

= Modified Viterbi is not only an artefact, it may also compensate the
arbitrary choice of sampling frequency o s ms ez
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© Mietric for sequence comparison
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S= (St)tzlzT

Similarity metric between sequences
{ § — (gt)tzl:T

= true behaviour sequence
= restored behaviour sequence

Sandra Plancade, Nathalie Peyrard App Supervised HSMM to study the behaviol
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S= (St)t:I:T

Similarity metric between sequences
{ § — (§t)t:1:T =

true behaviour sequence

restored behaviour sequence
@ LP norms (euclidean,...) :(Zt(St — 5P

1/p
» Not adapted for analysis of durations/transitions
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Similarity metric between sequences
{ S =(St)t=1.71 = true behaviour sequence
S= (St)tzl:T =

restored behaviour sequence
o LP norms (euclidean,...) :(32,(S: — S¢)P

1/p
» Not adapted for analysis of durations/transitions

@ Time series similarity measure requires

» Define acceptable transformations. Example
Insertion/deletion (genomics)
ACTGGCAATCGAGTA
ACTGAGCAATCGAGT

Dilatation (finance)

» Tractable algorithm

—
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Similarity metric between sequences

{ S= (St)t:I:T

~§ — (§t)t:1:T —

true behaviour sequence
restored behaviour sequence

A 1/p
(35— 8
» Not adapted for analysis of durations/transitions

@ LP norms (euclidean,...)
@ Time series similarity measure requires

ACTGGCAATCGAGTA

» Define acceptable transformations. Example
Insertion/deletion (genomics)
ACTGAGCAATCGAGT

Dilatation (finance)
» Tractable algorithm

@ Similarity adapted to behavior sequence analysis?
» Up to now

/\ ]
NN
: no lead for a sequence-by-sequence comparison
» Compare duration and transitions distributigns. 5, .
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Choice of X\ in modified Viterbi

@ Average distance between empirical cdf of sojourn duration

@ weight : number of occurence of this behavior in true sequences

behavior 1 - n=27

behavior 2 - n=532

behavior 3 - n=160

behavior 4 - n=631

00 02 04 06 08 10

00 02 04 06 08 10

00 02 04 06 08 10

empirical cdf of true durations
27

empirical cdf of true durations.
n=532

empirical cdf of true durations.
160

empirical cdf of true durations
n=631
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Choice of A in modified Viterbi
@ Average distance between empirical cdf of sojourn duration

@ weight : number of occurence of this behavior in true sequences

behavior 1 - n=27 behavior 2 - n=532 behavior 3 - n= 160 behavior 4 - n=631

00 02 04 06 08 10

00 02 04 06 08 10

00 02 04 06 08 10

empirical cdf (ZY true durations eempirical clﬂi)l true durations ‘empirical cdf of true durations empirical cdl:ﬂ true durations
Limits
@ Best A may depends on the behavior class.
@ Do not account for transition )
«4Or «Fr «Z>» «E>» = o>
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Choice of A in modified Viterbi
@ Average distance between empirical cdf of sojourn duration

@ weight : number of occurence of this behavior in true sequences

behavior 1 - n=27 behavior 2 - n=532 behavior 3 - n= 160 behavior 4 - n=631

00 02 04 06 08 10

00 02 04 06 08 10

00 02 04 06 08 10

empirical cdf of true durations empirical cdf of true durations. empirical cdf of true durations. empirical cdf of true durations
27 n=532 160 n=631

Limits
@ Best A may depends on the behavior class.

@ Do not account for transition

Leads

@ Metric adapted to a given ecological question (e.g. duration of a
specific behavior) ?

@ More generally : issue to be discussed with ecologists
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@ Conclusion
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Conclusion

analyses

@ Goal : adresse new questions from accelerometer data w.r.t. classic

>
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Conclusion

@ Goal : adresse new questions from accelerometer data w.r.t. classic
analyses

@ HSMM framework is not completely new but different outputs of
interest

» Impact various aspects of the model
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Conclusion

@ Goal : adresse new questions from accelerometer data w.r.t. classic
analyses

o HSMM framework is not completely new but different outputs of
interest

» Impact various aspects of the model
@ Work in progress: several axes of developments

» First choice of modeling and parametrisation

» Hope for better performances with model improvement

— First axis : auto-correlation in accelerometer data
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Conclusion

@ Goal : adresse new questions from accelerometer data w.r.t. classic
analyses

o HSMM framework is not completely new but different outputs of
interest

» Impact various aspects of the model
@ Work in progress: several axes of developments

» First choice of modeling and parametrisation
» Hope for better performances with model improvement
< First axis : auto-correlation in accelerometer data

@ Fundamental limit: information brought by the data

< Similar neck movements, behavior durations and transitions:
impossible to distinguish.
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Conclusion

@ Goal : adresse new questions from accelerometer data w.r.t. classic
analyses

o HSMM framework is not completely new but different outputs of
interest

» Impact various aspects of the model
@ Work in progress: several axes of developments

» First choice of modeling and parametrisation
» Hope for better performances with model improvement
< First axis : auto-correlation in accelerometer data

@ Fundamental limit: information brought by the data
< Similar neck movements, behavior durations and transitions:
impossible to distinguish.

@ Some issues at the interface of ecology and statistics
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