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1. PROBLEM FORMALIZATION

There are 5 kinds of objects in our analysis: states, stimuli, features, events,
and models.

states
states States can be both observable and unobservable. This distinction

is largely practical in nature, and dependent on the technology
available at the moment.
Examples of observable states: position/velocity of the animal.
Examples of unobservable states: metabolic states, neural states.
stimuli ~ These are all the sensory cues available to the animal for decision

making. Stimuli are a function of the states. In this work, stimuli bemhggie(i;al
are abstract entities: they are assumed to exist, as a function of the
states, but they are never computationally manipulated.
events
Examples of stimuli: perceived luminance at each photoreceptor, per-
ceived odor traces, perceived acceleration.
features We define “features” as the behaviorally-relevant low-dimensional I;IfURE

functions of the stimuli that are used for decision making. The ex-
istence of these features is postulated. The theoretical justification
to investigate low-dimensional functions of the stimuli is that, while the stim-
uli are very high-dimensional, the decisions are usually very low-dimensional.
Therefore, only a low-dimensional feature of the stimuli can possibly con-
tribute to behaviors.
Example of feature: left/right optic flow imbalance.
(behavioral) events Behavioral events (or simply: events) are the external
manifestations of decision making that we can observe. Our for-
mulation applies to behaviors that can be clearly identified in
time.
Examples of events: start of a saccades, landing, taking off.
(behavioral) models These are generative models that explain the observed
events, as a function of the external stimuli and the internal states.

1.1. Behavioral pathway of interest in this work. Naturally, a complete understanding
of animal behavior can only be attained by considering all possible stimuli and all ob-
servable behaviors. However, the complexity of a model that can be reliably identified is
bounded by the amount, diversity, and quality of the data that can be collected. There-
fore, in practice, one can only consider a limited “behavioral pathway” that interests only
a subset of the stimuli and a subset of the behaviors. We limit our analysis to the visual
stimulus, which is a function of the animal position, and we take discrete body saccade
events as the observable manifestation of behavior.

Whether the particular stimulus considered (visual stimulus) is sufficient to build a
model for the chosen behavior is something that is not justified a priori, but rather will
have to be confirmed a posteriori by the analysis.

1.2. Observable states. We call x(t) € X the observable animal configuration, which in-
cludes the position and linear/angular velocity in 3D space, and X the configuration space.
The space X has dimension 12 (6 degrees of freedom for position/orientation, plus corre-
sponding velocities).

An estimate of x(t) is provided by our tracking software. While the observations are
occasionally very noisy, we assume that x(t) is observable, and we do not model the noise
on x in this analysis. In the following, it will be clear that this does not impact the analysis
much, as the method is very robust to bounded noise on x(t).

The tracking system provides data at 60Hz. We ignore this time discretization and
assume for convenience that t € R.
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TABLE 1. Symbols used in this paper

Symbol meaning

te R Time index.

x(t) € X Observable configuration (position and velocity).
é(t) Unobservable states.

y(t) Perceived stimuli.

C Reduced configuration space

c(t) eC Reduced configuration at time ¢.

ri(t) Instantaneous event generation rates.

A Inhibition interval.

i€ {L,R} Index over event classes.

Detected events of the i-th class (i € {L, R}).
Index over discrete events in time

bi(t) Detected events as a series of impulses in time.

fi Event generation rate function.

S(t—1t) Impulse function centered at f.

{CIK, Partition of C in K cells.

ke [1,K] Index over cells.

kecC Center of k-th cell.

nk Number of detected events in k-th cell.

n* Total number of detected events in k-th cell.

mi‘ Measured event rate in the k-th cell.

rk Average event generation rate for i-th behavior in k-th cell.
r = {1, Vector containing all event generation rates over cells.

zZk Feature associated to k-th cell.

z={ZF}K Vector containing all feature values over cells.

order Function computing the order of each element in a vector.
aob Composition of the functions a and b.

Diff(R) Diffeomorphisms of IR; set of strictly monotone functions.
N(u,o) Gaussian distribution with mean y and standard deviation ¢
Unif(a, b) Uniform distribution on the interval [a, b].

1.3. Unobservable states. We call (¢) the set of all other states that are behaviorally rel-
evant but not observable:

Z(t) £ all behaviorally relevant states \  x(t).

These unobservable states include:

e unobservable kinematic properties (e.g., angle of fly neck);
e metabolic states that influence behavior (e.g., hunger);
o other unmodeled properties of the environment (residual odor traces, etc.).

1.4. Behavioral events. The observable behavioral events that we consider are the so-
called “body saccades”, or just “saccades”. These are the moments where a fly turns
rapidly in the horizontal plane.

There are two classes of events: left (L) and right (R) saccades. We limit our analysis to
only the saccade direction; in principle, there are many observable properties of a saccade
that would be interesting to analyze (top angular velocity, amplitude, etc.); those are left
for future work.

The index “i” will be used to index over event classes: i € {L, R}. Every time we write
a formula with the generic index i, it is understood that i € {L, R}.
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0214 . . . . . . . . .
0215 The criterion for defining a saccade and the algorithms for detecting it are discussed in
0216 Section 7. Here, we assume that we have a procedure that, given a trajectory x(t), returns
0217
0218
0219 1

0220 detected left saccades: ti, 2, ..., t]L, ...
0221
0222

a series of detected saccade events, represented by their initiation times {#.}:

detected right saccades: t}{, ..., t%, ...

0223 The index “j” is an index over the sequence of events.

0224 .

0295 We assume that these events are observable (i.e. we detect all saccades perfectly). In
0226 practice, we found that our saccade detection algorithms give false positives or false nega-
giig tives on less than 1% of the data against a subset of the data manually annotated; this error
0229 can be neglected for our analysis, because all the statistics that we compute are essentially
0230 averages over spatial patches, therefore robust to random failures of the detection proce-
0231 dure.

gigi We also introduce the variables by (t), br(t). These variables are an alternative repre-
0234 sentation of the event sequences as trains of impulses:

0235 .
0236 bi(t) =) _6(t—t)).
0237 7

0238

0239 Here, 6(t — t) is the impulse centered at time t. This notation will be convenient for further
0240 manipulations.

0241

0242 1.5. Stimulus and reduced configuration. We call y(t) the set of all external stimuli per-
giﬁ ceived by the animal at time t. We assume that y(t) is a function & of the animal configu-
0245 ration x(f), corrupted by a noise process v(t):

i y(£) = h(x(t),v(t)).

giiz In our case, y(t) would be the luminance perceived on the retina, plus odor traces, and
0250 other sensory cues depending on position. The stimulus is also a function of the environ-
0251 ment shape/textures/etc, which in the paper is indicated as “W”. However, because the
0252 environment is considered fixed, we omit it from the formulation.

8§gi We do not assume that y(t) is observable, nor we are interested in estimating it; rather,
0255 we use this variable only as theoretical device to formalize our intuition of environment
0256 symmetry. We say that an environment has a symmetry if there exist two distinct points
0257 x1, X2 € X such that

0258

0259 h(x1,v) = h(x2,v).

0260 If this is the case, then it makes sense to compress the state x(t) € X, to a smaller, minimal
822; representation c(t) € C. We call c(t) the reduced configuration, and C the reduced configu-
0263 ration space. We assume that C is given, along with a projection map 7 : X — C, which
0264 maps the point x(t) to 7t(x(t)) = c(t) € C. In other words, the map 7 extracts from the
8222 whole state x(t) the variables that are necessary to determine the stimulus. Moreover, we
0267 assume that c(t) is a minimal representation, in the sense that, for all points x1, x5:

gizg m(x1) = 1t(x2) & h(x1,v) = h(x,v).

82;(1) In other words, c(t) is sufficient to compute the stimulus (if one knew the function k), and
07 it cannot be further reduced to an even smaller representation.

0273 In our particular case, we have a circular symmetry, as the environment is a circular
0274 arena with uniform patterns on the walls. If one assumes X to describe position, orienta-
82;2 tion and linear/angular velocity of the animal, the circular symmetry allows to decrease
0277 by 1 the number of degrees of freedom of the data, by projecting the 12-D space X to a 11-
0278 D space. The reduced configuration stimulus depends on the details of each experiment
gigz and on the experimenter’s assumptions. For example, even if the arena was circular, the
0281 symmetry would not be valid if there were non symmetric patterns on the walls.

0282 We consider the reduced configuration space and the projection map as other model-

0283

125 ing choices whose validity must be justified a posteriori. Our assumptions regarding the

reduced configuration space are explained in Section 2.5.
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0285
0286 2. MODELING ASSUMPTIONS

gigg This section introduces all modeling assumptions of our analysis and the implied ap-

0289 proximations.
0290

0291 2.1. Behavioral events are generated by time-variant interacting Poisson processes. We
0292 model the generation of observable events as a set of interacting Poisson processes with
gigi time-variant rates r;(¢) and inhibition interval A:
gizz {bi(t) ieqr,ry ~ InteractingPoisson ({r;(t) }ic(r,ry, A)-
0297 This means that, once any process generates one event at time ¢, no other event can be
- generated in the interval [t, t + A], from the same or another process. A Poisson process
0300 with time-variant rate is sometimes called a Cox process [1].
0301 , o e L
0302 2.1.1. Interpretation of the inhibition interval A. The inhibition time is meant to model the
0303 fact that we consider instantaneous events that correspond to the initiation of a motor
gigi program, and one motor program must complete before another can be initiated.
0306 2.2. The event generation rates depend on the instantaneous stimulus, unobservable
gzg; states, and endogenous random process. We assume that event generation rate r;(t) can
0309 be written as the sum of three terms rZ-S, rf, rlR, which model the contributions of the
0310 stimulus, the unobservable states, and an endogenous random process:
0311
E R

0312 (2.1) ()= () + @)+ -
0313 ~— —— ~—~—
0314 instantaneous unobservable endogeneous
8213 stimulus states random process
0317 contribution contribution contribution
0318
0319 2.3. The high-dimensional stimulus y can be compressed down to a smaller feature z.
032(1’ The term 7 (y) models the contribution of the stimulus to the event generation. We
giiz assume that this contribution can be written as a function of a low-dimensional fea-
0323 ture z € Z of the stimulus y:

S
o4 ) = filz ().
0326 We call the functions f; the event generation rates functions.
0327
0328 2.4. The feature has monotone effect on the two behaviors. We introduce another con-
0329 straint on the two functions fr, f; that allows to obtain a closed-form solution to the iden-

0350 tification problem. This assumption is very specific to the particular problem studied. We
0331

0332 assume that:

- e The function f; is monotonically increasing:

o (2.2) filz1) > fu(z2) & 21 > 7.
0336

0337 e The function fg is monotonically decreasing:

0338

0339 (2.3) fR(Zl) > fR(Zz) < 21 < 2.

0340
0341
0342
0343

These assumptions can be verified a posteriori after fitting the data.

2.5. Choice of the reduced configuration space C. Choosing the reduced configuration

0344 space C is a critical step of the analysis. There is a clear tradeoff: if the C space is too small,
0345 then we cannot represent the variability of behavior. If it is too large, then the data that
0346 we have will not be dense enough to have accurate statistics. This is the reason we do not
ggg use directly the values of x(t).

0349 In our case, we project the original 12 degrees of freedom space X to only two. The
0350 original degrees of freedom are, position (3), attitude (3), linear velocity (3), and angular

0351
0352
0353 (1) The altitude can be ignored (removes 1 dof for the z position, and the correspond-

0354 ing 1 dof for velocity).
0% (2) As for the attitude, only the yaw is relevant (removes 2 dof).

velocity (3). We make the following assumptions:
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0356

0357 (3) The angular velocity is ignored; the saccades start when the fly is flying approxi-
0358 mately straight (removes 3 dof) .

0359 (4) The fly has negligible sideway velocity (removes 1 dof).

8;2(1) (5) The linear forward velocity is not relevant (removes 1 dof).

0362 These assumptions bring the degrees of freedom from 12 to 3. The circular symmetry
0363 . . .

0364 of the arena allows to further reduce the analysis to a 2D space. There is no particular
0365 algorithmic complication if the space has more than 2 dimensions. Given the amount of
0366 data we have, a 2D space allows the recorded trajectories to fill the space densely enough
822; to compute the statistics necessary.

0369 Note that the particular parametrization of the space C does not matter. In the paper we
0370 use two different parametrizations to display the results.

0371
0372

0373 2.6. From time-variant to timeless spatial quantities. In the following, it will be conve-

0374 nient to write the rates ¥ as a function of the configuration rather than as function of
0375 time. This is possible because we have assumed that y(t) is a function of the reduced
82;? configuration ¢(t) € C.

0378 Consequently, also the feature z is a function of the reduced configuration. We call -y :
gigg C — Z the function that assigns a value of the feature to each reduced configuration:

0381 _

0382 z=700);

giﬁi 2.7. Reduced model identified. While we assume (2.1) as the true model for the rate r;,
0385 we will identify a reduced model that lumps together the contributions of the unobserv-
822? able states and the endogenous random process. We cannot distinguish the contributions
0388 of rf and rR because we cannot access the unobservable states. However, we can show
0389 that we can still identify the stimulus-dependent term 7} by averaging over the trajecto-
0390 ries.

0391 _ .

0392 We will identify the model:

i (24) €)= f@)  + o

0395 N et

0396 instantaneous unobservable states

0397 feature +endogeneous process

0398 contribution average contribution

0399
0400

0401 where ry lumps together the contribution unobservable states and endogenous process.

0402 To arrive at (2.4) from (2.1), we just need to average over time. Fix a point ¢, and let C,
0403 be a small area containing c.. Define [E.;)cc {- - - } as the average of a quantity limited to
gjg: those times in which ¢(t) € C,. Then, by averaging the observed instantaneous rate in C,
0406 we obtain
0407 c N
s E.pec Ari(t)} = Eepec fi(z(c)} +Eepyec, {ri (§(1)} + 17
0410 Define ri(cx) = E()cc, {ri(t)} to be the average rates around the point c..
gﬁ; If we assume that the feature is a continuous function of the configuration and that the
0413 neighborhood C, is small enough, then we can approximate:
0414
0415 Ec(t)ec*{fi(z(c))} ~ fi(z(cx))-
0416
0417 If we assume that the unobservable states are uncorrelated with the external configura-
gig tion, then the value of the expectation E)cc, {rE(Z(t))} does not depend on the config-
0420 uration Ci:

E E =
oizt Ecec {ri (1)} = B{ri (E(0))} =77
0423 Therefore, by defining
0424 R . -E
0425 }"0 = rl + rl

0426 we arrive at (2.4).
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0427

0428 3. OBSERVABILITY ANALYSIS

gﬁz Our first step towards identification of the model is an observability analysis. We first
0431 give some remarks on the dimensionality of the feature that we can identify; then we
0432 show that, fixed the dimensionality, the problem is still underconstrained because there

0433
0434
0435
0436

are multiple solutions that satisfy the constraints.

3.1. Dimensionality of the feature. We can show that the dimension of the feature z such

0437 that the problem is well posed is bounded by the dimension of the reduced configuration
0438 space C and the number of event classes.

0439

0440 Proposition 1. For the identification problem to be well-posed, we must have

0441

0442 dim(Z) < min{dim(C), neyents }-

0443

0444 In particular, for two event classes and a two-dimensional configuration space, we can only esti-
0445 mate a one-dimensional feature.

0446

0447 Proof. Our sets of constraints is

0448

0449 z =7(c),

0450 .

0451 7’1'5<C) = fi(’Y(C)), i=1,..., Nevents.
0452

0453 Geometrically, we have that the function v maps C to Z, and then the function f = {f;}
0454 maps Z to IR events:

0455 ¥ 7

0456 C—w7—"— ]Rnevents.

giig For the estimation problem to be well posed, we need to have the hourglass structure

gigg dim(C) > dim(Z) < dim(IR"ee"),

0461 otherwise there are some trivial solutions.

0462

0463 (1) In the case

0464 dim(C) = dim(Z) < dim(R"evns),

0465

0466 we can choose v = Identity and f;(z) = r?(c) as a trivial solution.

0467 (2) In the case

- dim(C) > dim(Z) = dim(R"==),

0470 we can choose f; = Identity, z(c) = {r?(c)} as a trivial solution.

0471

0472 U
3‘4‘;2 3.2. Observability. The model is not fully observable, in the sense that we can find mul-
0475 tiple solutions for the parameters that fit the data equally well. This is formalized in the
0476 followi ition.

oo ollowing proposition

ggg Proposition 2. Suppose that the configuration space is discretized in K cells, each with center c* €
0480 C. Let the bold vectors r, rr € RX represent event generation rates associated to different animal
0481 configurations (r; = {rX}, where k ranges over configuration), and similarly let z = {zX} be the
gi:ﬁ feature associated to the configurations ¢ = {c*}. Assume that the model postulated so far holds
0484 exactly. Then we can write the constraints in vector form as:

0485

0486 3.1) . = fi(z),

0487 —

0488 R = fr(z),

0489 (3.2) z = 7v(c).

0490

0491 Assume that the rates vy, rr and the reduced configurations c are observable, and that the func-
0492 tions fr, fr,y are unknown a priori. Then it is possible to estimate z only up to a monotone
0493 transformation, in the sense that it is not possible to distinguish between a solution zy and a so-
0494 . ) . ) .

0495 lution zp, if zq = a(zy) where & : R — R is a strictly monotone function. Consequently, one
0496 cannot distinguish between the event generation rate functions (fr, fr) and (froa™!, froa™1),

“u_

0497 where “o” denotes function compositions.
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0498

0499 Proof. A “solution” of the system is a tuple (f1, fr,, z) for which the constraints (3.1)-
0500 (3.2) hold. If the system of constraints was completely observable, there could be only
0501 one solution. However, suppose s = (f1, fr, 7, z) is a solution, and consider an invertible
8§8§ function «, and the solution tuple s* defined as
0504 O (fr g
0505 § (fL'fR/’Y ’Zz )
0506 = (froa™!, froa a0y, a(z)).
0507
0508 One can verify that, assuming s is a solution, s* is another solution of the system, because
0509 it respects the constraints (3.1)—(3.2):
0510
o1 o= fulz) = fula H(a(2))) = fL(z"),

-1
0513 r = fr(z) = frla(a(2))) = fr(z"),
0514 [ _ AN
2 = a(z) = a(1(c) = 1(c).
0516 O
0517
0518 This is the formal way to show that there is an ambiguity. A more intuitive way to
8;3 see the same thing is by rewriting (3.1)—(3.2) in a slightly different way. Knowing + is
0521 equivalent to knowing z, so we can write the constraints in terms of - only:
0522
0523 (33) re = fuly(c)),
0524 rr = fr(v(c)).
0525
0526 Intuitively, we have “2 equations for 3 variables”; because y always appears composed
0527 together with f and fg, it cannot be observed independently.
0528
0529 3.3. Interpretation of the unobservability. If the reduced feature is defined only up to
gggg a monotone transformation, then it should not be thought as a physical quantity, or as a
0532 measure of physiological activity. In fact, we cannot associate a meaningful measurement
0533 unit to it. Rather, the feature represents an ordering of the configurations (in fact, the order
gggg is what is conserved by any monotone function). All we can say is whether in a certain
0536 configuration the feature is weaker or stronger than in another.
0537 Still, from the point of view of the analysis and the visualization, it is useful to con-
0538 sider z as a real-valued quantity associated to each configuration. From the point of view
gzzz of the estimation, we cannot distinguish between z and «(z); therefore, we can choose
0541 any particular function « for visualizing the feature. We will choose a function « so that z
0542 varies between —1 and +1 across the environment.

0543
0544
0545
0546
0547

4. ESTIMATION OF EVENT GENERATION RATES

In the first part of the algorithm, we estimate the event generation rates {rf}, wherei €

0548 {L, R}, and k ranges over configurations. This operation is slightly more complicated than
0549 just dividing the number of detected events by time, because the events are generated by
0550 Poisson processes that interact with each other. For example, this means that the rate of
ggg; observed left saccade events depends not only on 7, but also the rate rg: if rg is very high,
0553 then we expect to see fewer left saccade events, as there is more inhibition.

855,:; 4.1. Statistics collected from the data. Divide the reduced configuration space C in cells
0556 {C1,C?,...,Ck,...CK}, possibly overlapping, and each with center c* € C. It is assumed
ggg; that the discretization is small enough to capture the variability of behavior, but large
0559 enough so that the samples are dense enough.

0560 For each cell, we compute the following statistics from the data:

8?2 nf? The number of events of the i-th class detected in the k-th cell.

0561 Tk The time spent in the k-th cell.

8225 If one defines the variable I¥(t) as

v 1 ifc(t) € Ck
0567 k if ¢ ,
I“(t) = , fork € [1,K|.
0568 () {0 otherwise. ot (1. K]
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gzgz then the two quantities nf and T* can be written as follows:

0571 L L

0572 n;j = [I°(t)bi(t)dt,

0573

0574 Tk — f Ik(t)dt

0575

0576 We define also the following auxiliary statistics:

0577

0578 nk The total number of events detected in the cell:

0579

0580 nk = Zni‘ = nlz + nll{g

0581 ;

0582

0583 mi‘ The measured event rates, given by

0584

0585 k

0586 mt = ﬂ

0587 ! Tk

0588

0589 m* The total event rate m* per cell:

0590

0591 k_ k_ ok k

000 m —Zmi = mj + mp.

0593 !

0594

0595 4.2. Robustness of statistics to measurements noise. These are all the statistics that we
059 need from the data. Note that the position x(t) need to be only accurate enough so that
0597 . . . .

0598 it can be assigned to the correct cell. In particular, we do not need to compute higher
0599 derivatives of x(t), therefore operations like smoothing are not necessary (some smooth-
0600 ing might be necessary to detect the saccade events). Also, misdetection of saccade events

gzgi does not impact much the analysis; a 1% false positive/negative rate only changes the

0603 statistics mi‘ by 1%.
0604
0605

0606 4.3. Measured saccade rates vs. saccade generation rates. Due to the inhibition pe-

0607 riod A > 0, the measured event rates underestimate the event generation rates: m* < rk.
gggg This is true even in the case of 1 process, and the effect is more evident with multiple
0610 processes.

0611
0612

o 4.3.1. Event generation rate estimation for one process without inhibition. Consider first the

0614 case of only one Poisson process b(t), with event generation rate r, and no inhibition
0615 period. Suppose we observe the process for T seconds, counting n events, obtaining the
821? measured rate m = n/T. Then m is the maximum likelihood estimate of r.

0618

0619 4.3.2. Event generation rate estimation for one process with inhibition. However, if there is a
822(1) non-zero inhibition period, A, then the measured rate m underestimates the true rate. For
0622 example, the observed rate m cannot be higher than 1/A, no matter how high the rate r
0623 is, because due to inhibition we can observe at most one event every A seconds.

gzi‘; A better estimate of the rate r can be found as follows:

0626 ., n

0627 r= T—An’

0628

0629 The interpretation is easy: if there were n events, then the process was inhibited for An
822(1) seconds. Therefore, T' = T — nA is the effective time in which the process was active and
0632 could generate events.

0633 The same formula can be written in terms of the measured rate:

0634

0635 p— ”An :1mA ‘

o O ) T-an

0638 Note that ¥ — m as A — 0: if there is no inhibition, the measured rate is the generation

0639
rate.
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0640

0641 4.3.3. Event generation rate estimation for multiple processes with inhibition. Next, consider
0642 the case in which there are multiple processes {b;(t)} inhibiting each other. It is easy to
0643 see that not taking into account the inhibition can strongly skew the estimate. In fact,
ggﬁ imagine that there is one process with very high rate. The rates of the other processes will
0646 be severely underestimated because the frequent process will often inhibit them. Fortu-
0647 nately, also in this case we can easily normalize the rates.

ggiz Suppose we observe a series of processes {b;(t)} over an interval T and we count n;
0650 events for each process. Let n = }_; n; be the total number of events observed. Then we
0651 know that the effective time in which the processes were not inhibited is T — nA (note that
gg§§ according to this model, it does not matter which process inhibits which). Accordingly,
0654 the event generation rates can be estimated as

0655 R n;

0656 4.1 fi=

0657 . CT-ALm

82;2 or, writing it as a function of the measured event rates:

0660 A mi

oe1 (4.2) Fi=q1_ AY

822 Note that, as A — 0, r; — m; and the estimate of the rate of one process does not depend
0664 on the measured rates of the others. Also note that the correction factor necessary for one

0665
0666
0667
0668

process depends on the cumulative intensity of all the others.

4.4. Estimation of confidence bounds for the event generation rates. The formulas (4.1)-

0669 (4.2) give the maximum likelihood estimators for the event generation rates. One can
0670 estimate confidence intervals using the method discussed in Guerriero et al. ed[2]. Upper
822 and lower 95% confidence bounds are found as follows:

0673 _ 19 1.96

0674 (4.3) relr = (1 vn*1>n (1—{—\/”71)1’1

0675 ' . T—AYn " T—AYn

0676

0677

0678 5. FEATURE IDENTIFICATION

0679

0680 At this point, we assume to have an estimate of the event generation rates rf. We write
ggg; again our model with explicit dependence on the cell ck:

0683 koo k

0684 = fuz),

0685 rk = fr(zh),

0686 k k

0687 Z = ().

0688

0689 Our goal is to find z. Once z is known, then the three functions f, fr, y can be recovered
0690 from these equations. For simplicity, we first assume that we know the event generation
823; rates r;‘ precisely. Sections 5.1 and 5.4 show how to estimate z under this simplifying
0693 assumption. Then, Sections 5.3 and 5.4 show how to take into account the uncertainty
0694 in 7%,

0695 !

0696 5.1. The order(-) function and its properties. We introduce the order(-) function, some-

0697
0698
0699
0700

times also called “rank”.

Definition 3. Define the function order : RX — Perm(K), which takes a vector in RX

0701 and associates to it a permutation of length K, that gives the order of each element in the
0702 sequence.

0703

0704 For example, we would have

0705

0706 order([10,20,30]) = [0,1,2],

0707

0708 and

0709 order([100, 3.14,42]) = [2,0,1].

7o We will need three simple properties of this function.
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0711

w71 Proposition 4. Properties of the order(-) function:

0713 (1) The order of the elements of a vector does not change if a strictly increasing function is
8;1: applied to the vector.

0716 Let a,b € RX, let B : R — R be a strictly increasing function, and let b* = B(a*). Then
g;g order(b) = order(B(a)) = order(a).

0719 . , . o ,

oot (2) Applying a str;(ctly decreasing function zn?erts the ord?r in the ?ector. . .
0721 Let a,w € R®, let x : R — R be a strictly decreasing function, and let w* = x(a“).
0722 Then

g;ii order(w) = order(x(a)) = K — order(a).

0725 (3) Two vectors with elements in the same order are equivalent up to a increasing function.
8;;? Let x,y € RX and suppose that order(x) = order(y). Then there exists a strictly increas-
728 ing function  : R — R such that y* = p(x¥).

SZ§3 5.2. Estimating the reduced stimulus, assuming that there are no uncertainties. As a
0731 first propaedeutic step, assume that the values of rj are known exactly without uncer-
825 tainty. From the relation r;, = f1(z), the assumption that f} is strictly increasing, and
0734 property (1) of Proposition 4, one obtains that

8;;2 (5.1) order(rL) = order(z).

0737 By applying the order function on both sides of the equality, we were able to simplify f1.

822 from the expressions, because applying a strictly increasing function does not change the

0740 order of the data.

0741 Similarly, from the relation rg = fr(z), the assumption that f is strictly decreasing,
0742 . oy .

oris and property (2) in Proposition 4, one obtains that

0744 (5.2) order(rgr) = K — order(z).

0745

0746 Here, because fr is decreasing, the order of the elements is reversed.

0747 At this point, we can use (5.1) and (5.2) to obtain an overdetermined system of equa-

gﬁg tions for order(z). The least square solution is obtained by simply averaging the two

0750 terms:

o2 (5.3) order(z) = estimate of order(z)
0753 1 1
0754 = Eorder(rL) + E(K — order(rRr))

0755
0756
0757
0758

1 1
= Eorder(rL) + Eorder(—rR).

0759 By property (3) of Proposition (4), we know that knowing order(z) is equivalent to
0760 knowing z up to a diffeomorphism:

0761

0762 order(z) = v(z) for some 1y € Diff(R).

g;:i By the observability analysis of the problem (Proposition 2), we know that we can esti-
0765 mate z only up to a diffeomorphism, therefore we are done and use as our estimate of the
0766 feature:

0767 & A

ores 2 = order(z).

0769 Because £ is determined only up to a diffeomorphism, for purely esthetic reasons we can
0770 normalize it in the [—1, +1] range, by setting

0771

0772 der(z) — K/2

0773 (5.4) g = w.

0774 K

0775 Once we know an estimate of z, the shape of the functions f; and fr can be obtained
0776 directly from the relations r; = f1(z), rr = fr(2).

0777 SN . \ . . .

0778 This simplified procedure is valid only if the values r; are known without uncertainty.
0779 If uncertainty is present, then a slightly more complicated computation is needed, de-

0780

e scribed in the next section. Most of the difficulty arises in understanding how uncertainty

propagates through the order function.
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0782

0783 5.3. Estimating the ranks of a collection of random variables. We now put uncertainty
0784 back in the picture. The values r1, rg are not known precisely; rather, we only have a pos-
0785 terior distribution estimated from the data. Here we want to show that the order function
8;:? is very sensitive to noise, therefore the approximation (5.3) cannot be used directly.

0788 We want to solve the following problem: given a collection of K random variables X =
0789 {X*}K_| with known probability distribution , estimate order(X).

EZZ? There are several unsatisfactory ways to solve this problem. One could just use the
0792 mean of the distributions to estimate the relative order:

o1 (5.5) order(X) = order(E{X}).

8;3? However, this estimate is not satisfactory because it does not take into account the vari-
0797 ance of the variables. An example of this situation is shown in the panels of Fig. 5.1. In
g;zz this figure, we simulate a collection of random variables X = {X*}, where each random
0800 variable has a uniform distribution over an interval of length 0.1 with center exp(—0.02k):
0801

0802 X* ~ Uniform (exp(—0.02k) — 0.05,exp(—0.02k) + 0.05)

0803

0804 The probability distribution of the variables is represented in Fig. 5.1a. The result of com-
gggi puting (5.5) is shown in Fig. 5.1b. The plot is a straight line because the means of the
0807 variables are already ordered by k.

0808 Fig. 5.1c shows two realizations x1, x; of the random variables X, while Fig. 5.1d shows
0809 the order of the realizations order(x;) and order(x;). As one can see, the order of the
8212 variables changes dramatically, especially for large k, where the means of consecutive
0812 variables are very similar. This shows that applying the order operation to r as in (5.3) is
0813 not a sensible way to estimate order(r) if the data is noisy.

8212 A reasonable estimate of order(X), along with error bounds, can be obtained by simu-
0816 lation. Suppose that the distribution of X is known:

0817

0818 p(X* = x) = O (x),

0819

0820 with @ a known probability distribution. Then one can compute the distribution of
0821 order(X) simply by drawing samples of X from the known distribution and computing
gzg the observed order. More in detail, one computes a set of n samples x1, x, .. ., x,, all with
0824 the same distribution: x; = sample(0®). Then the distribution of order(X) can be approx-
0825 imated by the samples {order(x;)}. In particular, we can derive mean and confidence

0826
0827
0828

bounds. This method is summarized as Algorithm 1.

0829 Remark 5. This method is very simple and requires only the ability to draw samples from
0830 the distribution of X. For completeness, we briefly mention the analytical difficulties to
0831

0832

gzgi Algorithm 1 OrderBySampling

0835 Input:

ggg? © = {®"}X | The probability distributions of K random variables X = {X*}X_,
0838 such that Xk ~ @k.

0839 Parameters:

0840 N Number of simulations.

0841

0812 Output:

0843 ¥ = {Y*}K |: An estimate of the probability distribution of order(X).

gzig Algorithm:

0846 function ¥ = OrderBySampling(®, N):

gzg (1) Forjin1,...,N:

0849 (a) Draw the sample x; ~ ©.

0850 (b) Compute o; = order(x;)

0851

0852 (2) Compute the density ¥¥ as the observed distribution of {o;-‘}}(\’:l.
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obtaining a more analytical solution. (Skipping this remark does not impact understand-
ing of the rest of this document). The reader will have noticed that we did not give an
analytical characterization of the distribution of order(X). In theory, the distribution of
order(X) can be thought as a sum of binomial distributions. In fact, we have:

order(X*) = number of variables in {X/ }]K:lsuch that X* > XJ
K
= ) b
j=1
where bj, is a binomial variable defined as
b =41 if X/ > X,
70 if X< XK.
The problem is that the variables bj; are not independent. Therefore all the convenient the-
oretical results about sums of independent binomials cannot be used. Assuming that the
distribution of X is uni-modal, one can expect the distribution of order(X) to be uni-modal
as well, and if the number of variables K is large enough, a Gaussian approximation could

be appropriate. For example, Fig. 5.1 shows the distribution of order(X1?), order(X*°), and
order(X*).

5.4. Estimating the reduced stimulus, taking into account the uncertainty in . We now
refine the procedure in Section 5.4 taking into account the uncertainty in r. Let @, ®% be
the posterior distributions of r’i, r’f{ estimated from the data:

p(rli | bL) = ®k/
p(rk | br) = Ok.

Using Algorithm 1, we can estimate the distribution of order(r¥ ), order(r% ); call the result-
ing distributions ® and ®%.

p(order®(rp) | by) = ®¥ = OrderBySampling(®¥),
p(order*(rg) | bg) = ®% = OrderBySampling(®%).

From (5.1) and (5.2) we can compute the corresponding probability distributions of order(z),
which we call T¥ and T%:

(5.6) I} (m) = p(order*(z) = m | bL) = @] (m),
(5.7) ¥ (m) = p(order*(z) = m | bg) = ®& (K —m).
We use a Gaussian approximation for these densities:

(5.8) Iy = Npoeth),

(5.9) Tk =~ N(uk og").

Assuming a non-informative prior on order®(z):
p(order*(z) = m) = 1/K,
we can find the posterior distribution of order(z) by fusing together (5.8)-(5.9), obtaining

(5.10) order’(z) ~ N(uF,0%%), with
ko L 1) ML, MR
f e arg) @ rd)
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Normalize the feature distribution in the [—1, +1] range:

k
o _ W -K/2
(5.11) uo= -
k
F - B
T o= T

This gives the best estimate for the feature z*.

At this point we can estimate the functions f, fr directly using the relations

r'i = fL(zk) and r'f{ = fR(zk).
Note that the shape of f1, fr can be visualized directly by plotting the points (¥, %) and
(zk, r]f{), along with confidence intervals (for both r’i, r’f{ and z), and it is not strictly nec-
essary to impose some parametric form.
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(A) Distribution of X* (B) Order of the mean
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FIGURE 5.1. Synthetic data used to illustrate the properties of the order
function and the order estimation procedure of Algorithm 1.



1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136

DISCRIMINATING EXTERNAL AND INTERNAL CAUSES FOR HEADING CHANGES IN FREELY FLYING DROSOPHIII4

6. ALGORITHM SUMMARY

This is a summary of the identification algorithm.

Input:
x(t) € X Recorded configuration.
t? The series of detected events, where i € {L, R} ranges over behaviors
and j ranges over events.
Parameters:
7t : X = C Projection map from the configuration space to the reduced configura-
tion space.
{C*}K | Partition of the reduced configuration space C in cells: C = UK_ CK.
Output:
{zF}K | Reconstructed feature over the reduced configuration space.
fr, fr Reconstructed event generation rate functions.
Procedure:

(1) Compute the reduced configuration ¢(t) using the projection 7 :
c(t) = m(x(t)).
(2) Define the variable I¥(t) as 1 if the animal is in the k-th cell at time ¢:
; k
F0= 1) o+ TSR]
Compute the permanence time in each cell:
T = [ I*(t)dt,  forke[1,...,K].
(3) Define b;(t) as a series of impulses centered at the observed events tf: :

bi(t) =Y 6(t—t), ie{LR}.
]

Count the number of events observed in each cell:
nk = [ I*(t)b;(t)dt,  forie {L,R}, k € [1,K].
k k

(4) Compute the observed event rates mj, my:
k
mk = o forie{L,R}, ke [1K].

(5) Estimate the inhibition interval A from the inter-event statistics.
(6) Estimate the event generation rates using

k
k m;

= 4444444144444,’
! 1—A E::i771k

1

fori € {L,R}, k € [1,K].

Let the bold symbol r; indicate the set of values for all cells:

ri = {rf}is
(7) Deterministic approximation:
(a) Compute an estimate of order(z) using (5.3).
(b) Compute the normalized feature using (5.4).
(c) Having estimated z* and r¥, 7%, fit the functions f1, fr directly from the
relations ¥ = f;(zX); and & = fr(z").
(8) Method taking into account the uncertainty of the data:
(a) Compute 95% confidence intervals [d‘, ?ﬁ‘] for rf-‘ using (4.3):

[, 7] = (1—196/\/"5‘7—1)71? <1+1.96/\/n£.<7_1)n§< |

LisTi TEoAY W, 1 ToAL

Take ©F = Unif([rf, 7%]) as an approximation of p(r¥|b;).
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(b) Estimate the probability distribution ® = p(order*(r;)|b;) using the
p y i p &
method described as Algorithm 1:

{®F}K | = OrderBySampling({@F}X_)).

(c) Compute the distributions I = p(order®(z)) from ®F using (5.6)~(5.7).

(d) Approximate I'f as a Normal distribution A" (u¥, 02¥) using mean and
variance.

(e) Compute the posterior distribution N (u*, 0?¥) for zF using (5.10).

(f) Normalize the values of the feature in the [—1,+1] range using (5.11)
obtaining N (7, &), which is our final estimate for zF.

(g) Having estimated z* and r¥, 7% (both with appropriate confidence bounds),
estimate f1, fg directly from the relations ¥ = £ (z¥); and & = fr(z).

7. DETAILS OF SACCADE DETECTION ALGORITHMS

The Python source code for both algorithms is available online at
http://github.com/AndreaCensi/geometric_saccade_detector
The Kalman filter /smoother implementation are available as part of Flydra.

7.1. Geometricsaccade detector (GSD). The geometric saccade detector (GSD) algorithm
works using x, y tracking data, rather than using angular velocity. This makes it most use-
ful for noisy data, as it does not need to derive the data twice (once to obtain the linear
velocity, and again to obtain the angular velocity). However, it cannot be used for tethered
experiments, for which the x, y data is not available.
The algorithm can be summarized as follows:
(1) Obtain the trajectory p(k) = (x(k),y(k)).
We use the trajectory returned by Flydra which has been processed with a causal
Kalman filter. The algorithm is robust enough to be used on noisy data; so we do
not use smoothing.
(2) Consider separately each instant k.
(a) Translate the coordinate frame, such that p(k) = (0,0) becomes the origin.
(b) Fix an interval A and consider the samples in [k — A,k — 1] U [k + 1,k + A].
A is a parameter which, for our data, is set to A = 5 time steps (~ 0.07s).
(c) Compute the polar coordinates of the samples with respect to the origin:

a(k) = arctan2(y(k), x(k))

(d) Compute the average orientations before and after:

. 1 k+A
Opefore (k) A o (k)
k=k-+1
- 1 k—1
Gafter(k) A Z a(k)
k=k—A

In these computations, we consider that angles are defined modulo 360°.
(e) Similarly, compute the dispersion ¢,ofore (k) , Oy ftar (K)-
(f) Define the amplitude of a potential saccade as

A(k) = Gafter(k) - Gbefore(k)

and the “score” of a saccade as

S(E) = Ubefore(k> + ‘Tafter(k>'

(3) Mark potential saccades as the points where

S(k) > Smin = 20°


http://github.com/AndreaCensi/geometric_saccade_detector
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1208

1209 and

1210 A(k) > Amin = 20°.

1212 (4) At this point, we have a sequence S(k) that describes the likelihood that there
Ei is a saccade at time k. To segment the data, examine each point k in decreasing
1215 order of S, and mark the points in the interval [k — A, k + A] as unavailable as well.
1216 Repeat until all points are marked unavailable.

1217
1218

219 7.2. Angular-velocity based saccade detector (AVSD). The AVSD algorithm operates us-

1220 ing the angular velocity. The advantage of this algorithm is that it can be used also for

1221 tethered data, where only the animal heading is available. However, if one starts with x, y

ﬁii data, then one must derive the data twice to obtain the angular velocity.

124 The algorithm can be summarized as follows:

ﬁig (1) Obtain the angular velocity w(k).

1227 In our case, this is done using a Kalman smoother on the position data, then

1228 deriving once to obtain the translational velocity, obtain the angular heading as

ﬁig the planar direction of the velocity vector, then derive again to obtain the angular

1231 velocity.

1232 (2) Define saccades as the intervals where |w (k)| > Wmin.

ﬁii In our case, set wmin = 300deg/s.

1235

1236 8. GUIDE TO THE EXPERIMENTAL RESULTS

1237

1238 8.1. Configuration space. The Flydra tracking system tracks the position and velocity of

o flies in the cylindrical Mamarama arena. The arena has height 0.8m and radius 1m. The

o1 data is returned at a temporal resolution of 60Hz, with spatial noise on the order of 0.5cm.

1242 Much of the complexity of the saccade detection algorithm (explained in Section 7) is due

1243 to handling this limited resolution. However, for the sake of simplicity, we are going to

Eﬁ ignore these issues in this section. We then consider the data to be a continuous signal.

1246 We define the following quantities:

ﬁg p(t) € R® Position of the animal with respect to a fixed coordinate frame.

1249 v(t) € R® Linear velocity.

1250 R(t) € SO(3) Attitude (represented as a rotation matrix).

- w(t) € R® Angular velocity.

igi These quantities constitute the original observable configuration x(f) of dimension 12:

s x(t) = (p(t), o(1), R(H), w(1)).

ﬁg; 8.2. Reduced configuration space. As explained in Section 2.5, we project down the data

1259 to a reduced configuration space C of dimension 2. This is done in two steps. In the first

1260 step, we only assume that the planar configuration of the animal is relevant. This reduced

EZ; the configuration to (p1(t), p2(t), 0(t)), where p; and p, are the planar components of the

1263 position, and 6 is the planar orientation. This reduces the dimension from 12 to 3. By an

1264 arbitrary choice of reference frame, we let p; = 0, po = 0 correspond to the center of the

e arena.

1267 The second step consists in taking into account the symmetry of the environment. Due

1268 to the circular symmetry of the environment, we assume that the animal perceives ap-

Egz proximately the same stimulus if its planar configuration is rotated around the center of

1271 the arena. Therefore, the two variables that contribute to the stimulus are the distance

1272 from the center and the animal orientation.

E;i More formally, we choose as reduced configuration space the two variables d, ¢ defined
as follows:

1275

1276
1277 d = 1‘\/?’%"‘]9%/

1278 p = 00— arctan2(pz, P1)
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1279

1280 The angle ¢, which we call axis angle, is the angle that the animal heading forms with the
1281 axis that joins the animal position to the arena center. These are the two quantities that
1282 are invariant to a rotation around the center of the arena.

EZZ The reduced configuration is defined as ¢ = (d, ¢) € C. The bounds of the domain C

1285 are as follows:
1286

1287 d € [0.15,1m],

ESS ¢ € [—180deg, 180deg].

1290 We express angles in degrees. Note that all the operations on ¢ are to be executed modulo
1291 360deg (¢ = 180 and ¢ = —180 are the same point).

1292 .

1293 For the distance d, we have:

ﬁg: 1 fly at the center of the arena

129 d=40.15 limit for reliable data

ﬁg; 0 fly landed on the wall.

1?33 We censor the data at around d > 0.15. Albeit the tracking system returns data in the
1301 whole domain of the arena, it is sometimes unreliable at d < 0.15, as sometimes the
1302 tracking cannot be obtained with full quality, notwithstanding the use of 11 cameras. In

ggi the interval d > 0.15, the data is always very reliable and of homogeneous quality.

1305 For the axis angle, we have
1306

1307 —180° fly pointing directly away from the wall

o —90° closest point on the wall is at the left

1310 =10 fly pointing towards the closest point on the wall

gg +90° closest point on the wall is at the right

1313 +180° fly pointing directly away from the wall

1314

1315 Fig. 8.1a shows an example plot in these coordinate. Note that the discretization for d is
1316 not uniform in [0, 1], but it is chosen such that each cell in the ¢, d space corresponds to
Eg an equal area in the py, p2, 0 space.

Ez 8.3. Fly-centric coordinate space. The ¢ = (¢,d) space is the space where we collect
1321 statistics and do all of our computations. For visualizing the results in a more intuitive
1322 way, we use also another representation, which is just a change of coordinate, shown
1323 . . . : “_ 13 ” : : a .04

1324 in Fig. 8.1b. In this representation we use two “aligned” spatial coordinates x*,y*. The
1325 animal always points “up”.

1326 More formally, in these coordinates the dynamics of the animal is given by:

1327

1328 d _, _

1329 Ex (t) = 0,

1330 d

1331 L

1332 Frid (t) > o

1333 . . . .
L3 The change of coordinates is given by:

1335 [ X } _ [cos(—Q) — sin(—0) ] [ p1 ]

1336 Y sin(—0)  cos(—0) p2

1337
iggz This means that the original configuration (p1, p2, 6) is rotated around the arena center to
1340 obtain the configuration (x*,y*,0).

1341

1342 8.4. On the choice of coordinates. When going from the configuration (¢, d) to (x%,y?),
1343 there is a singularity at the center of the arena. Uniform cells in the (¢,d) domain appear
gﬁ as elongated “pizza slices” in the (x*, ") domain. This appears as a slight artifact when
1346 the cells obtained in the (¢, d) domain are plotted in the (x?, y?) domain.

1347 Note that all the operations done in the analysis are invariant to the choice of the coordi-

1348

a6 nates. However, once chosen one or the other, one cannot avoid a singularity in the change

of coordinates when converting between the two systems. Our rationale for choosing the
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(¢,d) domain is that these variables are behaviorally relevant even for environments with
different geometry (e.g., rectangular). This should make future comparisons with experi-
ments with different environment easier.

8.5. Nuisances in the analysis. Finally, we summarize all the approximations/limitations
of this analysis, which should be kept in mind when interpreting the results; Fig. 8.2 con-
tains a diagrams highlighting some of the factors.

(1) There might be unobservable states that influence behaviors. The contribution of
these states appears as a baseline event rate not explained by the feature.

(2) The reduced configuration space C might be too small to be a proxy for the true
configuration. If this is true, then the estimated features cannot be predictive of all
events.

For example, we ignore the altitude and the velocity of the fly.

(3) The dimension of the feature identified is bounded by the number of event classes
considered. To identify a feature of dimension 7, one needs at least n + 1 events.
Therefore, the stimulus might contain more behaviorally-relevant information than
what is revealed just by the feature identified from the particular event classes con-
sidered.

(4) There are measurements errors:

(A) Axis angle (¢) / distance from

wall (d) plot.
£ 070 169.38
~ 0.60
T o0
= 7 pointing pointing
g 0/away from towards away from
= the wall the wall
)
2 0.30
)
2 6.70
T 0.20

-180° -90° 0 +90° 180°
axis angle ¢

(B) Fly-centric view (x?/y“ plot).

FIGURE 8.1. Explanation of the two kinds of plots used.
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e The state x(t) is noisily observed, and the noise is not negligible with respect
to the partition of C.
e The events are not exactly detected.
The analysis is generally robust to this kind of noises, but still they are unmod-
eled phenomena.

States are
Notall [ observable observable il
relevant states states states noisily
are observable. noise| observed.

A

stimuli
the influence of v o
unobservable states ; " - — Due to limited data, only
is a disturbance in identified non-identified| some of the features can
the analysis features features | be reliably identified.
v
behavioral
models
Ar’////’ri \ 4 Behavi
unobservable | | observable clraviors are
events events noisily observed.
noise

There might be unobservable
behaviors that could
discriminate additional features.

FIGURE 8.2. Nuisances in the analysis
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9. COMPLETE PLOTS (GEOMETRIC SACCADE DETECTOR)

The next pages show the complete statistics using the events detected by the GSD al-

gorithm.

Time
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Tk
(s)
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speed

(m/s)

Number
of
saccades

distance from wall d (m)

distance from wall d (m)

FIGURE 9.1. Time spent in each cell
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FIGURE 9.2. Mean speed (whole trajectory)
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FIGURE 9.3. Number of detected saccades (both left and right)
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FIGURE 9.5. Number of detected right saccades
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FIGURE 9.6. Observed saccade rate (both left and right)
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FIGURE 9.13. Estimated feature

(A) ¢,d space (B) x%,y“ space

Estimated 1.00 I 1
feature 0.70 1
0.60
0.50
2k 0.40 |
. ]|
(arbitrary
. 0.30 |
units) p
6L 1

-180° -90° 0 +90° 180°
axis angle ¢

distance from wall d (m)

oo
=i

[e)]=)

FIGURE 9.14. Uncertainty of estimated feature

(A) @, d space (B) x*,y space

Estimated 1.00
feature 070 F
060 0.37
0.50 F
3std-dev(zF) 0.40
fracti
(fraction) 030k
. 0

-180° -90° 0 +90° 180°
axis angle ¢

distance from wall d (m)

oo
=i

[o)]e]
r

FIGURE 9.15. Observed saccade rates as a function of the estimated feature

(A) Mean (B) Confidence intervals
Observed 6.0 6.0
event L s50f © 50}
rates as a 8 ]
function £ 40} £ 40} ‘
of the 5 30Ff » 30Ff
estimated Qo o | | |
feature S 20f g 20} H
= =
¢ 10} ¢ 10}
w it}
ot ot
mk VS Zk L 1 1 1 1 L 1 1 1 1
-1 -0.5 0 +0.5 +1 -1 -0.5 0 +0.5 +1
Estimated feature 2 (unitless) Estimated feature 2* (unitless)



1847
1848
1849
1850
1851
1852
1853
1854
1855
1856
1857
1858
1859
1860
1861
1862
1863
1864
1865
1866
1867
1868
1869
1870
1871
1872
1873
1874
1875
1876
1877
1878
1879
1880
1881
1882
1883
1884
1885
1886
1887
1888
1889
1890
1891
1892
1893
1894
1895
1896
1897
1898
1899
1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
1910
1911
1912
1913
1914
1915
1916
1917

DISCRIMINATING EXTERNAL AND INTERNAL CAUSES FOR HEADING CHANGES IN FREELY FLYING DROSOPHI2A

FIGURE 9.16. Observed saccade rates as a function of the estimated feature
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10. COMPLETE PLOTS (ANGULAR-VELOCITY BASED DETECTOR)

The next pages show the complete statistics using the events detected by the AVSD

algorithm.
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FIGURE 10.11. Estimated feature
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FIGURE 10.12. Uncertainty of estimated feature
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FIGURE 10.13. Observed saccade rates as a function of the estimated feature
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FIGURE 10.14. Observed saccade rates as a function of the estimated feature

(A) Mean (B) Confidence intervals
Observed 6.0 6.0
event w0 )
3 5.0F 3 5.0F
rates as a § §
function ~ 40F ~ 40}
of the S 30t & 30t
estimated 8 3
feature S 20F C 20F
€ €
g 10} g 10}
w e w
ot ot
mi‘ Vs Zk L 1 1 1 1 L 1 1 1 1
-1 -0.5 0 +0.5 +1 -1 -0.5 0 +0.5 +1
Estimated feature z* (unitless) Estimated feature 2* (unitless)

FIGURE 10.15. Estimated event generation rates as a function of the estimated feature
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