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A Definitions

All of the CVM models presented in the main text are special cases of the velocity stochastic differential
equation:

dv = a(p(t)—v)dt+ Bdw, (A1)

In the definitions and derivations below, bold-facing represents variables in d > 2 dimensions, bra-ket
notation and lower cased symbols to represent moments of true processes (e.g. (v(t))) and overlines and
capital letters to represent means of sampled data (e.g. V(T)).

A.1 Unbiased correlated velocity model (UCVM)

The UCVM (figure 1A) has no mean velocity component (u(t) = 0) and a real, non-negative relaxation
parameter a. Defined as o = %, T represents a characteristic time scale of auto-correlation [1, 2]. The
parameter £ has units of velocity x time~!/2 which makes it difficult to interpret biologically. However, the

mean squared speed of the UCVM is given by n? = tlim <\V(t)\2> = 327, such that it can be written
— 00
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The velocity is perturbed by the two-dimensional white noise dw,, with a tendency to relax towards zero at
a characteristic time scale 7. The n parameter can be thought of as the random component of the root mean
squared speed. The actual mean speed of the UCVM is given by v = @r] [3, Appendix B]. Thus, the unbiased
continuous time movement can also be expressed z ~ UCVM(t, v), which is conveniently explicit in terms of
a characteristic time scale and a mean speed of movement. Formally, the process is also conditioned on the
initial velocity vo, but that is a parameter of little interest or impact on the process when (t — tp) > 7. As
7 — 0, the UCVM approaches Brownian motion, whereas as 7 — oo, the UCVM approximates linear motion.

A.2 Advective CVM (ACVM):

The ACVM (figure 1B) includes a constant non-zero mean velocity p

1 n
v=——(u—vVv)dt+ —= dw,. A
d T(u )dt ﬁd ¢ (A3)



This model has mean squared speed (|v|*) = \/n? + |p[?, and we can thus write the model in terms of
advective and random components of velocity: ACVM(7,n, w).

To solve for the mean speed (|v|) of the ACVM, we note that x and y components of velocity are
independent Gaussian normal variables with mean and variance given by

(i) = pw (A4)
2
var(vy) = % (A5)

where k is the index of dimensionality, and puj represents the x or y component of the mean velocity p [4].

The mean speed of the process
(VD) = /v + o3

has a non-central bivariate Chi distribution, also known as a Rice distribution [5], the mean of which is given
by

(vl = YT 2(1 — ) Io(~/2) — Dy(~2/2) (46)

where z = |pu|?/v? and Iy and I are modified Bessel functions of the first kind, of order 0 and 1 respectively.

A.3 Rotational CVM (RCVM)
1/7 —w

If the a parameter in equation 1 is a 2 X 2 matrix of the form [ w 17 } , the general model in 2 dimensions
becomes:

1 n
dyz = (T(qu — 'Uac) — w(/,Ly — ’Uy)> dt + \ﬁdwm

1 n
dvy = (T(,uy —vy) + w(py — vx)> dt + \ﬁdwy,t
which introduces a rotational component with angular velocity w (figure 1C). Following [6], this model is
more compactly expressed in complex number notation as

I n
dv = (T + zw) (p—v)dt+ NG dwy, (A7)
where the real and imaginary components represent x and y coordinates of all variables and parameters. The
mean squared speed of the process is not affected by the rotation and thus it is equal to <|V\2> = u? +nt
A characteristic spatial scale (i.e. diameter) of rotation can be defined as p = n/w, i.e. the ratio between
the random speed component and the angular speed. Advection and rotation can also be combined (figure
1D). We express rotational models with and without the advective component as RACVM(r,n,w, u) and
RCVM(r,n,w), respectively. Note that the root mean square speed of movement for an RACVM is always

given by: \/ﬁ: 2+ |pl? = 772+M%+M32,

B Statistical properties of the CVM

The key statistical properties of a CVM process are the expectations, variances, and autocorrelation of its
velocities and positions [4, 1, 7, 8].



B.1 Moments

For a trajectory z(t) ~ ACVM(n, T, u|vy), both of the velocity components (v, (t) and v,(t)) are Gaussian
variables with mean and variance

(or(t) = pk+vore T, (A8)
var[vg(t)] = 7> (1 - efzt/T) . (A9)

where k is the index of dimension x and y, dropped in subsequent expressions. After a transient period, the
mean velocity decays to the advective velocity 1 and the variance of the velocity approaches n%. Note, the
variance of velocity is 0 at time lag 0, reflecting the basic property of “smoothness” in an autocorrelated
velocity model.

The respective integrals (z,(t) and z,(t)) are also independent Gaussian variables with:

(z(t)) = 2o+ pt+vor(l—e V7, (A10)
var[z(t)] = 2n°7? (t/T —21—e ")+ (1 - e_Qt/T)/2> (A11)

and the covariance between v(t) and z(t) is
covlu(t), 2(t)] = n?r (1 A e_2t/7) . (A12)

These results can be converted to expressions for mean squared speeds and mean squared displacements.

The expectation and variance of the RCVM can be computed by introducing a rotational frame of
reference, i.e. making the substitution v*(¢) = v(¢) exp(iwt). In this frame of reference, the RCVM reduces
to an unbiased CVM. Thus, back-transforming, the RACVM velocity has expectation:

(v(t)) = p+voexp (i + iwt> , (A13)

with the same variance as above. Perhaps surprisingly, the x and y components of velocity are uncorrelated
in this model as well, though the expressions for the positions and the cross-correlations are more complex.

B.2 Velocity autocovariance function

An important derived quantity of a correlated velocity process is the velocity autocovariance function (v.a.f.)
C,. Following [9, 10, 3]. The v.a.f. is defined as the expected dot product of a random velocity process over
lags:

Co(At) = (v(t+At)-v(b)), (A14)

where the product is the dot product of vectors and the expectation is taken over all possible starting times ¢.
If we additionally constrain (t—to)/7 > 1, where tq is the initial time of the process (i.e. the velocity process
v(t) has had time to relax to a stationary state), or if the process is simply initiated from the stationary
distribution, then the v.a.f. is a well defined function independent of t.

The velocity autocovariance of the RACVM (equation A7, [6]) is

Cyo(At) = |pf? + n?e™+ cos(wAt). (A15)

The autocovariance function at lag 0 is equal to the mean squared speed (|u|?> + 7%). With increasing
time lag, the function decays exponentially with scale 7 to the mean velocity squared (|u|?). The decay is
oscillatory with frequency w if the movement is rotational (figure 1, right panels). The velocity autocovari-
ance and autocorrelation functions are continuous time generalizations of the standard autocovariance and
autocorrelation functions used in time-series analysis.



Note that the definition of the v.a.f. proposed by Alt [9] differs somewhat from the standard definition
of covariance: Cov(A, B) = (AB) — (A) (B), which would subtract away the square of the mean term |u|?.
For our purposes, this is an advantage of Alt’s definition, since all the key parameters of the process are
reflected in the theoretical v.a.f. of the RACVM.

C Estimating parameters from data

We present two general kinds of methods for estimating parameters of CVM processes: phenomenological
methods that match some statistical properties of the observed trajectory, analogous to method of moments
estimation, and likelihood-based methods. In the presentation that follows we consider observations of n + 1
locations Zg, Z1, ....Z,, sampled from a CVM process at times Tg,T;....T,,, with n intervals AT; =T; — T;_.

For data sampled at high resolution (i.e. AT < 7), whether regularly or irregularly, the velocity of the
process can be estimated directly: V; = (Z; — Z;_1)/AT;, and the relevant speed parameter (mean speed
v or random root mean square speed 7)) can be directly estimated by matching the appropriate moments:
D=V and 7 = \/| V]2

For data that are of lower resolution, a direct velocity calculation from position data is always an un-
derestimate since there is no consideration for the curve of the trajectory in the interval between the two
observations. One way to correct for this bias is to compute a cubic spline interpolation of Z against T
and to use the estimated velocities from the splined functions. Specifically, the sets of points {T;, Z, ;} and
{T;, Z, ;} can be separately splined to obtain estimated location function Z(t) and Z(t), and recombined to
obtain a smoothed, interpolated approximation of the trajectory Z(t) Estimated velocities at times T; can
be computed at arbitrarily high resolution from the splined track and used for estimation. This somewhat
ad hoc correction can improve the estimates depending on the relationship of the sampling intervals AT to

7 and the validity of the spline approximation. A reasonably estimated velocity provides the basis for two
of the methods desribed below (methods I and III below).

C.1 Method I: Matching to CRW parameters

For observations that are too coarse for a direct estimation of velocities - but regularly sampled - the
parameters of the UCVM can be matched to the parameters of the unbiased correlated random walk (CRW).
A CRW with steps of independent lengths L;, independent turning angles 6; and constant sampling interval
AT has characteristic time scale
{l—é( )T for/@ﬁ%
P

log(A)—1 A
ig(m) T for kK > 2

where X = (L?) / (L)? is a parameter of step length variability and the coefficient & € [—1,1] is a clustering
coefficient equal to (cos(f)) and exponential weighting for the residual variance structure. An estimate of

the velocity parameter is
~ ™ 5 2K 1
= —_ L2 L .
v \/8(< )+ (L) 1—I€>TAT

Approximate 95% confidence intervals can be obtained for these estimates by calculating variances of the
estimates of % and A and resampling from these distributions.

We derive C.Is for 7 and v from the C.I's for the CRW parameters & and N Assuming that the turning
angles are drawn from a wrapped Cauchy distribution with zero mean, such that

1— k2

27(1 — k2 — 2K cos(h))

f0lr) =



the likelihood of the parameter is given by

n

L(r0) = TT f(x16:)

=1

We use this likelihood to numerically obtain a maximum likelihood estimate K and obtain the variance
around K from the Fisher information. R

Recalling that A = <52> / (S)Z, the estimator is A = 52;252, where s2 and T are the sample variance
and mean of the step lengths, respectively. The variance of this estimator can be approximated via Taylor
expansion as:

Var(j\\) = var(s*/z%)
N <S2>2 var(s?)  var(z?)
@) 7 (@)

04 24 E4
o <04 + M4) : (A16)
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where ¢ and p are the true mean and variance, and ¥4 and Z4 are fourth moments of s and T, respectively,
given by

2(n — 1)o*
n2
B 4#202

Yy =

=4

n

Plugging these results into (A16), and substituting in the estimates s and T for o and p, gives

var(h) ~ & (2(”“) + 432) .

Tt n? nz’

According to the assumptions of the CRW, the turning angles and step lengths are independent, and
therefore the estimates for k and A\ are independent. In order to approximate confidence intervals for 7
and v, we sample from normal distributions with given means and variances of x and A and compute the
resulting estimates of 7 and v. This algorithm is implemented in the smoove package included as an on-line
supplement.

These estimates are only valid if the data conform with the assumptions of the CRW, the most impor-
tant of which is independence between and within the step lengths and turning angles. We anticipate this
approximation provides better results for relatively coarse subsamplings, i.e. where AT is on the order of
7 and for cases where the total time interval is much greater than the characteristic time scale (T;, — Ty > 7).

C.2 Method II: Fitting the velocity auto-covariance

For regularly sampled data collected at very high resolution (e.g. video data), an analysis of the velocity auto-
covariance function illuminates the structure of the movement, i.e. the time scale, advection and rotation.
Given locations Zg, Z1, ..., Z,, sampled at a regular interval AT the auto-covariance function can be estimated
from the empirical velocity autocovariance function (EVAF) given by

n—j

Co(j) = > Vi Vi, (A17)
=1

n—j




For CVM tracks with and without advection and rotation, the theoretically predicted VAF (equation A7)
and the EVAF’s for simulated tracks are illustrated in figure 1. The theoretical curves can be fitted to the
EVAF to estimate parameters in a variety of ways, as described in [9] and applied the context of helical
movement in [2].

For example, in the case of an UCVM(T,v), the time scale 7 can be estimated by fitting the theoretical
prediction of the velocity auto-covariance, e.g. with a linear fit of the model:

log <W> = iAt + e,
T

42

where € is the residual term.

Because the vector of speeds of |V] is itself autocorrelated, confidence intervals around 7 are obtained

by adjusting the standard error as: se, = m, where s, is the sample standard deviation of 7 and (Z is
the estimate of the first order autocorrelation of |V/|.
Because log(C,,) is itself highly correlated, we account for that correlation by using a generalized least
squares fit with a first order autocorrelation and exponential weighting for the residual variance structure
[11], obtaining the adjusted confidence intervals around the slope, and back-transforming to obtain 95%
confidence intervals around 7. The generalized least square fitting was performed using the gls function in
the nlme package in R [12].

C.3 Method III: Velocity likelihood

In terms of the observed velocity of the process V, the likelihood for the unknown parameters 6 can be
expressed conditioned on the previous observation of the velocity:

i=1

In the UCVM and ACVM, the x and y components of the CVM velocity are independent Gaussian processes,
the distribution function f(v;+1) = ¢(u;,X) where ¢ is the normal distribution function with mean vector
i = {the > fty,i } and 3 is a diagonal matrix with variances {02 ;, 07 ;}, where mean and variance components
obtained directly from the distributions summarized in the section above. For example, for UCVM(r, v):

Hi = Vi—1€ /
202 _ )
01'2 = — (1 —e ZATI/T)
’ 7r

with dimensional indices implicit. This likelihood function is smooth and can be numerically maximized to
estimate 7. Confidence intervals can be approximated from the Hessian of the log-likelihood. We numerically
estimated the parameters, seeding the initial values obtained from the method of moments estimators. For
example, for the ACVM we seed the likelihood with i = |V| and 7 = /|V — @]

Method IV: Position likelihood

The statistical properties of the OU process can be used to obtain a likelihood of the parameters 7, v and
initial velocity v based directly on the raw location data Z. Complete derivations are provided in appendix
E. In one dimension the expressions for the MLE’s of the v and v parameters given position data Zj, at
times T is:

~ ZFS™'M

W) = s (A19)
> 1

viAr) = (2~ wM)" ST (2 — M) (A20)



where M is a vector of length n with elements M; = 7 (1 —exp(T;/7)), S(72,T) is a symmetric n X n matrix

given by
T; 1+ €
Sij =7 (T+(1—6ij)( 26j+(1_l‘5ij)(1_€ij)_2>)»

and €;; = exp(—min(T;,7};)/7) and k;; = exp(—|T; — T;| /7).
Because both of these parameters depend only on 7, a numerical MLE need only be obtained for the
time scale 7. Standard deviations of the MLE’s are analytically derived from the second derivative of the

log-likelihoods at 7 and v/2:

_ 2

7o =\ uTs (A20)
2 ~

G = /=2 A22

o ~ v (A22)

Note that the estimate of v becomes more precise (0,2 — 0) at greater sample sizes (n — 00), whereas
the precision of vy, which is only meaningfully informed only by the first several data points, depends on
the overall mean velocity estimate. We estimated an approximate confidence interval for 7 by numerically
computing the Hessian at 7.

Even though only one parameter is computed numerically, maximizing the likelihood requires the iterated
inversion of a fairly dense n X n matrix which can therefore be prohibitively slow. A computationally more
efficient method to obtain the maximum likelihood estimates is with the aid of a Kalman filter, a method
has been developed and described in detail by [1] and compiled in the crawl package in R [13]. We refer the
reader to the original article and the associated appendices, noting that the parameters those authors refer
to as 3 and o correspond in our parameterization to 1/7 and n?/7, respectively. We note further that the
Johnson et al. [1] implementation is also capable of estimating biased movements, though not rotation.

D Simulation study

We conducted a comprehensive simulation experiment to assess the performance of the four parameter
estimation methods at various sampling resolutions and time series durations for estimating the UCVM(v, 7).
In this context “resolution” refers to the sampling rate relative to the characteristic time scale, i.e. AT < 7
is high and AT > 7 is coarse. Similarly, the duration of the trajectory is relative to the characteristic
time scale: a long trajectory is one where T}, is orders of magnitude greater than 7. We simulated 100
UCVM trajectories at high resolution (AT = 0.01) for each of three different parameter values for 7 (1/4,
1, 4) up to Tyuae = 100 (i.e. n = 10000). We estimated the parameters for the complete dataset using the
VAF fit and velocity likelihood method (the CRW matching method is not applicable at high resolutions
and the position likelihood method is prohibitively slow). Next, we subsampled the trajectories regularly
at AT =1 (n = 100) and estimated the parameters using all four methods. At 7 = 1/4 a track can be
considered low resolution but long duration, while at 7 = 4 a tracks can be considered high resolution but
short duration. Finally, we randomly sampled 100 observations from the full trajectories consisting of 10000
observations, and estimated the parameters using the two likelihood methods, to test their robustness to
irregular sampling.

For each method and parameter value set, we obtained the 95% central range of the estimates and defined
a method as “significantly biased” if the true value lay outside of that range. We quantified the precision of
an estimate by computing the width of the inter-quantile range (IQR) of the v estimates and the width of
the IQR of the log of the T estimates. We also report the correlation between estimates of v and log(7).

We benchmarked the computational performance for a range of tracks with sample sizes ranging from
n = 50 to n = 400, timing the estimation for 50 separately simulated tracks at each sample size. The
benchmarking was performed on a 2.6 GHz, 4.0 GB RAM notebook computer.



D.1 Results

The main results of the comparison between four methods for estimating the UCVM are presented in figure
A1l and in the supplementary materials: confidence intervals for all methods in appendix F.2, and estimates
of the z and y components of vq for the position likelihood in appendix F.3.

As predicted, the VAF fit (I) and velocity likelihood (III) provided accurate estimates of both parameters
at high resolutions. The velocity likelihood method was more precise for 7 than the VAF fit (IQR of 100
estimates at 7 = 1/4 : 0.08 and 0.12, 7 = 1 : 0.11 and 0.26, 7 = 4 : 0.31 and 0.52 for the two methods,
respectively) while both performed about equally well for the v estimate. The velocity spline considerably
improved the estimates, especially for speed, for both of these methods. Note the extremely high positive
correlation (between 0.98 and 1.0) between 7 and ¥ in the estimates for the velocity likelihood (figure Al).

At lower resolutions (7 = 1), the VAF method provided the least precise estimates for 7 (IQR between
0.39 and 0.79, compared to 0.07-0.31 for all other methods and all resolutions). At the coarsest resolution
(tr = 4), the VAF method was incapable of estimating confidence intervals since the drop to near zero
correlation occurred within a single lag step (appendix table Al).

The CRW matching (II) provided extremely biased estimates of 7, overestimating low values and under-
estimating high values; the 95% range only came close to covering the true value at 7 = 1. However, the
CRW method performed about as well as other methods at estimating v. In fact, the precision of the speed
estimates across all methods were comparable.

The position likelihood (IV) provided the most consistently unbiased estimates (figure A1D and appendix
F.3) across all resolutions whether computed directly or via the Kalman filter. The 95% confidence intervals
(appendix F.2) for 7 appeared to provide mostly accurate inference, though the intervals for the speed v
were too narrow at low values of 7 and somewhat too wide for larger values of 7.

Benchmarking results for all four methods, with the additional comparison of the position likelihood
against the Kalman filter estimation, are presented in appendix F.1. For datasets on the order of a few
hundred observations, the computation times even for the slowest method were on the order of seconds or
faster. The CRW matching method, which is a direct computation requiring no numerical optimization,
was fastest. The position likelihood was, by far, slowest, as the maximization of a likelihood requiring the
inversion of dense n x n matrix scales as O(n?). The Kalman filter of Johnson [1], in contrast, scales as O(n),
an enormous improvement (already at n = 400, the Kalman filter is 10 times faster). The velocity likelihood
method also scaled as O(n), stably about an order of magnitude faster than the Kalman filter across the
range of sample sizes.
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Figure A1l: Results of estimation of UCVM parameters using the four methods (A-D: VAF fit, CRW match,
the velocity and position likelihood methods) at different sampling resolutions and regularity (I. Regular
AT = 0.05, II. Regular AT = 1, III. Irregular AT = 1). In all simulations, T},q; = 200 and the true speed
v = 1. Red, blue and green points respectively represent true values of 7 = 1/4, 1,4 used for the simulations,
reflecting a range from long - coarse resolution to short - high resolution sampling. The x-axis represents
the values for the time-scale 7, the y-axis represents values for the speed v. Open circles represent estimates
using the cubic spline correction. Note that the x axis is on a log scale. At high resolution, the CRW
estimates were so far off most fell off the range of the plots, whereas the position likelihood would take a
prohibitively long time to compute. The VAF and CRW methods rely on regularly sampled observations.
Therefore, these method/sampling combinations are omitted from the figure.



E Deriving the position Likelihood for CVM process

The likelihood in one of the dimensions observed at times T' (for clarity we use Z for Z, and vg is the
a-component of v, noting that all the equations in the y dimension are identical) is

L(vo, v, 7|Z,T) = ¢ (Z, w=vom(7,T), X = 1/25(7'2,T)) (A23)

where ¢() represents the multivariate Gaussian density function with mean p and variance 3, and m(r, T)
is a n x 1 vector and S(72,T) is a symmetric n x n matrix given by

m; = T(l—eti/T)

Sy = T (ti + (1 —e€) <1+26ij + (1 = ki) (1 — e) —2)>

T

where €;; = exp(—min(¢;,¢;)/7) and k;; = exp(—|t; — t;|/T).
The log-likehood is:

1 n 1 - n
(= —ilog(l/2 IS]) — W(z —vom)" S (z — voym) — 9 log(2m)

Taking the derivatives with respect to vy and v and setting equal to zero gives the following expressions for
the MLE’s:

_ z'S™'m

e (A24)
-5 1

VA1) = —(z—dm)" S (z ~ tym) (A25)

Because both of these parameters depend only on 7, a numerical MLE need only be obtained for the single
variable 7. Standard deviations of the MLE’s can be computed obtained directly from the second derivatives
of the log-likelihoods for vy and v/2:

V2

7o = \mT5im (426)
25

g,2 = -V (A27)

Note that the estimate of v becomes more precise with greater sample sizes, whereas the precision of vy -
which is only meaningfully informed only by the first several data points - depends on the overall mean ve-
locity estimate. An approximate confidence interval for 7 is estimated by numerically computing the second
derivative of the Hessian at 7.

10



UCVM estimation
F.1 Benchmarking
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Figure A2: Violinplots of estimation times for the methods against various sample sizes ranging from 50 to
400 locations. The estimates were obtained for 100 tracks at each sample size. It is nearly impossible to
obtain a fittable velocity autocorrelation function for the time series at only n = 50, therefore these fits were
omitted from the benchmarking.

11



F.2 Confidence intervals

Table A1l: Assessing the accuracy of the inference of all estimation procedures: N refers to the number of
times an estimate was obtained. P1 refers to the proportion of times the true value of the estimates fell
within the 95% CI and P2 is a “bias-corrected” proportion, referring to the proportion of times the mean of
the estimates fell within the 95% CI.

time-scale 7 speed v
Method N | value P1 P2 P1 P2
High resolution, regular sampling
VAF fit 100 | 0.25 0.25 0.26 | 0.95 0.95

100 1 0.05 0.11 1 1

100 4 0.04 0.03 1 1

velocity likelihood 100 | 0.25 0.91 0.90 | 0.91 0.92
100 1 0.99 099 | 099 0.97

100 4 0.90 0.89 | 0.88 0.88

Low resolution, regular sampling
VAF fit 1 0.25 0.00 1] 0.00 1
33 1 0.03 0.24 | 0.67 0.70

96 4 0.27 0.40 | 0.88 0.88

(with spline) 0 0.25

28 1 0.07 0.21 | 0.64 0.64

96 4 0.22 0.28 | 0.84 0.84

CRW match 100 | 0.25 0.00 1] 0.00 0.99
100 1 0.96 1 1 1

100 4 0.00 1 1 1

velocity likelihood 100 | 0.25 0.01 0.99 | 0.00 0.94
100 1 0.03 0.99 | 0.81 0.98

100 4 0.70 091 | 0.88 0.91

(with spline) 97 | 0.25 0.89 0.98 | 0.00 0.91
100 1 0.78 0.99 | 091 0.97

100 4 0.94 0.90 | 0.87 0.88

position likelihood 100 | 0.25 0.97 0.97 1 1
100 1 0.98 0.98 | 0.99 0.99

100 4 0.89 0.88 | 0.79 0.78

Low resolution, irregular sampling
velocity likelihood 100 | 0.25 0.33 0.97 | 0.00 0.94
100 1 0.17 0.98 | 0.74 0.98

100 4 0.72 093 | 0.88 0.91

(with spline) 100 | 0.25 0.96 0.96 | 0.04 0.93
100 1 0.91 0.98 | 0.87 0.98

100 4 0.96 0.91 | 0.88 0.89

position likelihood 100 | 0.25 0.97 0.97 1 1
100 1 0.98 0.98 | 0.99 0.99

100 4 0.89 0.88 | 0.79 0.78
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F.3 Estimating all parameters for the position likelihood

Figure A3 illustrates the ability of the position likelihood to estimate parameters across ranges of values
for 7 and v, notably including estimates of the initial velocity vy (which are, however, of considerably less
biological interest). At higher values of 7, the estimates of the initial velocity were much better than at
lower values, since more observations “carry over” the information about the initial velocity. At low values
of 7 there was less accuracy for the vy estimates, but that had little effect on the precision of the 7 and v
estimates themselves.
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Figure A3: Predictions for v and 7 using the position likelihood method. 50 simulations were performed
at each combination of given v and 7 values with initial velocities vy were drawn uniformly randomly from
a uniform radial distribution and magnitude v. 200 observations were sampled from each trajectory, with
an exponentially distributed time gap between observations of mean 1. Each cloud in the upper panel is
centered on the correct combination of initial parameters. The lower panel illustrates the estimates of initial
velocities for each of the 7 and v combinations. The z and y components of v are presented simultaneously;
the thick lines are the y = « line.
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G Change points analysis robustness

In order to assess the robustness of the CVM change point analysis, we analyzed random subsamplings of the
bowhead data. We took 100%, 75%, 50% and 25% of the data points (n = 954, 716,477,239, respectively).
We used a window size of 100 for the complete data, and proportionally smaller windows for the subsampled
data (75, 50 and 25), fitting the UCVM, i.e. estimating only 7 and 7.

Figure A4 illustrates the relative likelihood plots for all four subsamplings. These plots show the likelihood
for every potential break for every analysis window (rainbow colors) as it is swept across the movement time
series (see also the vignette for the smoove package in the Supplementary Materials). Peaks in the plots
correspond to candidate change points, which are then separately assessed via BIC. Figure A5 illustrates
scatterplots of the parameter estimates for all observations across the two analyses. In this figure, the size
of the points is proportional to the number of locations in the time series that are shared within each phase
(e.g. if the analyses classify phases as: {1,1,1,2,2,2} and {1,1,2,2,2,3}, resp., the 1-1 and 2-2 points will be
twice as large as the 1-2 and 2-3 points).

Although there is some variability - increasing with the sparser subsamplings - many of the change points
are robustly identified across the four subsamplings (e.g. the four changes in quick succession between 80
and 120 h, around 200, 320 and 400 h). The sensitivity of the method is similar across samplings (due to
the proportional shrinkage of the window size), leading to similar numbers of phases identified (respectively:
12, 13, 15 and 15). The correlation in predicted r.m.s. speed was very high across samplings (0.89, 0.84 and
0.86, figure A5), and somewhat lower for 7 (between 0.58 and 0.8). There was an (unsurprising) slight bias
for lower speed estimates at smaller subsamplings (compare regression lines to dotted grey lines), but the 7
estimates regression, where less precise and more variable, seemed to be less biased overall.
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Figure A4: Relative likelihood plots of the change point analysis for 100%, 75%, 50% and 25% subsamplings
of the data. Each color represents the likelihood profile for a single window. The vertical bars represent
significant change points according to BIC.
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Figure A5: Scatterplots and r? values comparing the predicted values of time scale 7 and rms speed 7 for a
change point analysis for the complete and (left to right) the 75%, 50% and 25% subsampling. The dotted
grey line is the 0,1 line of perfect fit, and the colored lines are the 95% prediction intervals around the

(thicker) regression line. The size of the points is proportional to the number of locations in the time series
that are shared within each phase (see text for details).
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