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KINETIC CHEMOTAXIS TUMBLING KERNEL DETERMINED
FROM MACROSCOPIC QUANTITIES*

KATHRIN HELLMUTH', CHRISTIAN KLINGENBERG, QIN LI¥, AND MIN TANGS

Abstract. Chemotaxis is the physical phenomenon that bacteria adjust their motions according
to chemical stimulus. A classical model for this phenomenon is a kinetic equation that describes the
velocity jump process whose tumbling/transition kernel uniquely determines the effect of a chemi-
cal stimulus on bacteria. The model has been shown to be an accurate model that matches with
bacteria motion qualitatively. For a quantitative modeling, biophysicists and practitioners are also
highly interested in determining the explicit value of the tumbling kernel. Due to the experimental
limitations, measurements are typically macroscopic in nature. Do macroscopic quantities contain
enough information to recover microscopic behavior? In this paper, we give a positive answer. We
show that when given a special design of initial data, the population density, one specific macroscopic
quantity as a function of time, contains sufficient information to recover the tumbling kernel and its
associated damping coefficient. Moreover, we can read off the chemotaxis tumbling kernel using the
values of population density directly from this specific experimental design. This theoretical result
using kinetic theory sheds light on how practitioners may conduct experiments in laboratories.

Key words. kinetic chemotaxis equation, velocity jump process, singular decomposition, unique
reconstruction, tumbling kernel

MSC codes. 92C17, 35R30, 35Q92, 35R09, 45K05

DOI. 10.1137/22M1499911

1. Introduction. Bacteria and microorganisms can move autonomously and
react to external stimuli, such as food or danger, which is an important factor in evo-
lution. If the movement is affected by a chemical stimulus, this phenomenon is called
chemotaxis. Chemotaxis phenomena are widely observed among motile organisms
and particularly well studied for Escherichia coli (E.coli) cells. When the bacterial
movement, consists of two alternating phases in which they either run along a straight
line or reorient by changing the direction of travel (tumbling), their movement is
called a velocity jump process.

The kinetic chemotaxis model describes this behavior statistically [1, 9, 15, 30]:

(1.1) %f(a:,t,v) +v-Vef(z, t,v)=L(f)(z,t,v) —o(z,v)f(x,t,v),

(1.2) fz,t=0,v) = ¢(z,v).
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The equation describes the evolution of the population density of bacteria f(z,t,v)
on the phase space (z,v) € RY x V, d € {2,3}, during the time interval ¢t € [0, 7]
with initial condition ¢. Experimental data suggest that bacteria move at a constant
speed, and we set V :=S%! to reflect this fact.

The left side of (1.1) describes the motion of the bacteria moving along a straight
line in direction v from location x. The two terms L£(f) and of on the right-hand
side of the equation describe the velocity jump process arising from the reorientation
by tumbling. In particular,

(1.3) L(f)(x,t,v) :/ K(z,v,0") f(x,t,0")dv’
1%
collects the particles that change their velocity from v’ to v, and

(1.4) U(m,v):/vK(x,U’,v)dv’

describes the fraction of particles changing velocity from v to others, and thus disap-
pearing in a statistical sense from the phase point (z,t,v). As such, these two terms
are called the gain and loss terms, respectively. We should note that in real applica-
tions, bacteria sometimes generate self-attraction/propulsion and this self-generated
stimulus should be included in the tumbling kernel K (x,v,v") through the “concen-
tration” term; see chemotaxis modeling [7, 8, 9, 10]. In our paper we assume this is
the next order concern, and set K to be a fixed function in space. Then our model
turns to be a linear Boltzmann equation. We discuss more details in the conclusion
section 5.

Different types of bacteria take different values of K and ¢ and are differently
affected by the concentrations of the chemical stimulus (chemoattractant). Since the
tumbling kernel K and the damping factor o uniquely determine the law of the bac-
terial motion in (1.1), biologists and practitioners are highly interested in identifying
them for future motion predictions; see important applications in bioreactors [37], the
spread and prevention of diseases [20], and biofilm formation [28].

To identify K and o in practice, experiments are conducted to measure observ-
ables of bacterial behavior so to indirectly infer the tumbling coefficient. The practical
difficulty is that measuring the time dynamical data of velocity dependent bacteria
density f(x,t,v) is not always feasible. One would have to trace the trajectory of
each single bacterium for a long time, which is technically difficult when there are a
lot of bacteria [19]. Instead, the time evolution of the macroscopic quantities such as
the density,

pla,t) = (f) = /V fdv,

is much easier to obtain by counting bacteria on a time series of photos; see also other
more sophisticated methods [21]. This poses an interesting mathematical question:
can the macroscopic measurements on bacteria density, as a function of time, uniquely
determine the values of K and o7

At first sight, the answer should be negative. Indeed, the to-be-inferred param-
eters are functions posed on the microscopic level and have v dependence, while the
measurements are purely on the macroscopic level with v dependence eliminated.
This mismatch leads to some mathematical difficulty, to overcome which, a mecha-
nism that triggers information on the microscopic level is needed. We introduce this
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mechanism by examining the time dependence, and playing with the singularity in
the initial data. It turns out that if one places a special set of singularity in the initial
data and introduces the corresponding singularity to the measuring operator that is
concentrated at the compatible time and location, we can prove that the coefficients
K and o are uniquely reconstructable. Furthermore, the values can be directly read
off from the measurements.

The mathematical machinery that allows us to explicitly express the reconstruc-
tion is a technique termed singular decomposition. It is a technique that is specifi-
cally designed for studying inverse problems from kinetic theory, and has been tra-
ditionally used to investigate stationary radiative or photon transport equation; see
[2, 3, 4, 6, 12, 24, 33, 38] for instance. The most classical use of the singular decom-
position allows the data to be v dependent, but the measuring location is typically
set only to be on the boundary. Difficulties are introduced when only velocity inde-
pendent measurements are available [5, 11, 33, 44]. In this setting, one no longer has
the luxury of freedom from the velocity dependence. In our project, however, we use
measurements in time, containing information from the interior of the domain. The
main task in this project is to investigate if this freedom could counter the difficulties
induced by the loss of velocity information. It turns out from our study that the
availability of short time data is also crucial. In both the reconstruction of o and K,
we heavily rely on the design of initial/measuring time and locations that precisely
reflect the parameters to be reconstructed.

Using measurements to identify bacteria motion is of high practical interests to bi-
ologists. However, even though chemotaxis and inverse problems are both very active
areas of research, largely hindered by the lack of rigorous mathematical tools, very
little is known theoretically if the experiments can truly reflect bacteria chemotaxis
behavior. In practice, the most popular parabolic Keller—Segel model is on the macro-
scopic level, and it is common for practitioners to assume a heuristically obtained
parametrized form for the model coefficients and estimate only these parameters by
experimental data [18, 17, 34, 40]. Numerically, one can study the identifiability of
the chemoattractant sensitivity for the macroscopic models, as in [14, 16], where it
was shown how the reconstruction from the regularized problem converges to the true
solution as the noise vanishes.

As the techniques such as kinetic theory and singular decomposition ripen, we
are convinced that these applications can be reexamined afresh, with a more rigorous
viewpoint. It is our aim to prove the unique reconstructability of the kinetic tumbling
kernel K and loss coefficient ¢ using only the macroscopic measurements. Hopefully
these arguments provide foundations to the algorithms that execute the reconstruction
in reality.

The article is structured as follows: In section 2, we provide the problem setup.
Sections 3 and 4 build the heart of this article and contain the proofs of the unique
reconstructability of o and K, respectively. For both cases, the singular decomposi-
tion technique will be used for carefully prepared initial data and measurement test
function. The article is concluded by section 5.

2. Problem setup. We describe the setup of the lab experiment in this section.

In the lab experiment, bacteria are placed in an environment with a fixed chemical
concentration in a controlled manner, so K and o can be thought as constants in time.
Along time, we take measurement of the macroscopic bacteria density locally in time
and space.

Mathematically we view (1.1) as the model equation for bacteria motion. Though
bacteria are supported in an agar plate so the plate provides certain boundary con-
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ditions, for simplicity, we assume the domain is infinitely big so the boundary has no
effect on the dynamics. We should note, however, that the inversion mechanism that
is to be employed in this paper requires a compactly supported initial condition and
data measurement at small time, so boundary conditions, even if included in the sys-
tem, are expected to play no role in the reconstruction. Hence we expect the inversion
mechanism to be easily extended to treat the interior of a finite domain problem in a
rather straightforward manner.

The initial condition can be controlled, and we prescribe it as ¢(x,v). In par-
ticular, singularity in the v domain can be realized. To be more specific, in lab
experiments, one can confine bacteria in a thin pipe and release bacteria from the
pipe into the environment to generate an initial condition that is singular in velocity.
These experiments were conducted, for example, in [39] where E.coli bacteria were ex-
amined, and in [26] where the authors manipulated synthetic microswimmers through
microconfinement. The authors of [43] and the references therein investigate another
possibility, showing that Euglena gracilis algae can be controlled by polarized light.

All results in this paper are presented for d = 3, but the method can be extended
to deal with a d = 2-dimensional setup as well.

For all given initial data ¢(z,v), we denote the solution to the PDE (1.1) equipped
with initial data (1.2) by fs, and the macroscopic quantity is

potw )=o) = [ foav.
This builds the following map:
Ag:¢ —  py(t,z).

To be more compatible with the real practice, for each detector, we let ¢ (z,t) €
Cg° present its profile, then the detector’s reading would be py tested on this test
function, the output of the following measurement operator:

T
(2.1) My (f) =My (o) = [ [ ppitatyarat.

Since the measurement operator only acts on the density py, we abuse the notation

and let Mw (f¢) = Mw (p¢) when Py = <f¢>
It is immediate that for every fixed 1), the measurement is the one instance of

reading of Ax[¢]:

T
Moo= [ [ ettt aras.

We claim that Ax encodes all the needed information to uniquely recover o and
K, and the reconstruction process depends on the special design of ¢ and ¥, namely,
the following.

THEOREM 2.1. Under mild conditions, one can uniquely reconstruct o and K
using the map Ax. Moreover, by properly choosing (¢,), the reconstruction can be
explicit using the reading of My/(fy).

Throughout the paper we assume o and K are time independent, and the admis-
sible sets are,

As={o € CL(R* x V)| lo]lc < Co},
Ax ={K € CL (R x W) | | K]l < Cx},
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where we set W := {(v,v') € V. xV | v # v'}. The reconstruction procedure is
performed on these sets.

3. Reconstructing o. We dedicate this section to reconstructing o(x,v), and
showing the following theorem.

THEOREM 3.1 (unique reconstruction of o). Let o € A, and K € Ax. The map
Ak uniquely determines o(x,v). In particular, for any (x,v), by a proper choice of
¢ and v, one can explicitly express o(x,v) in terms of My(py), with py being the
density associated with fg that solves (1.1).

Remark 3.2. We note the statement of the result can be extended to treat time
dependent o as well. To recover o(x,t,v) at a particular time ¢-horizon, the data
¢ need to be provided, and the measurements need to be collected close enough to
t. As the following proof shows, if ¢ is provided at to >t — C with C = (|V|Cx) ™!
for C'x being the bound from the admissible set, the time dependence of o can be
reconstructed as well.

The main technique used in the proof is termed the singular decomposition de-
veloped in [12], and then extensively used in other following works [2, 3, 4, 6, 24, 38|.
The idea is to design a special set of sources ¢ that introduces singularity to the
solution. In a short time, the singularity is mostly preserved along the propagation
trajectory. By properly choosing the compatible v, the singular information can be
picked up by the measurements. Mathematically, to identify the singular compo-
nent of the solution, we decompose f, into parts that exhibit different regularity. In
particular, we decompose f into

fo=foo+ fs>1,

where fy 0 and fy >1 solve the following equations, respectively:

(3.1) Oifpo+v-Viso =—0fso,
' fqb,()(‘ratzovv) :d)(mav)v

and

(3.2) Otfo>1+v-Vig>1 =—0fs>1+L(fo0+ fo.>1),
) f¢,21(l‘,t=0,1}) =0.

As a direct consequence,

My (py) = My (pg,0) + My(ps,>1),

where we denote py ;= [ fpidv for ie€{0,>1}.

Intuitively, the division of f, into the two components is to separate the particles
that behave differently. In particular, fy o denotes the number of bacteria on the phase
space that tumble out of the state they were in. So in some sense, the distribution
function “decays” along the trajectory with rate o. fy >1, on the other hand, collects
the distribution of all remaining bacteria. The right-hand side of (3.2) has three
terms, representing the bacteria tumbling out of the state (thereby decaying in the
distribution sense by o), tumbling in from the source fy4 o, and tumbling in by fg >1.
Since fg 0 contains o information solely, one would expect to reconstruct o if fg o
information can be identified from the full fj.

The core of analysis lies in designing a special set of ¢ and 1) that has compatible
singularities to each other so that

(3.3) My(py) = My(ps0) and My(py>1)=0,
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so we have access to the value of My (pg o) that will be further used to reconstruct
o. When the context is clear below, we drop the ¢ dependence in p to have a concise
notation.

We now list the conditions for ¢ and v so to have (3.3) hold true. Let ¢,,, €
CZ(R3), ¢, € C°(R?), and v, € C°(R) be nonnegative functions compactly sup-
ported in the unit ball B™"(0,1) C R™:

supp(¢),supp(¥.) C B*(0,1), Supp(fb ) € B*(0, 1) SUPp(wt) c B'(0,1),
(3-4) 0< ¢z, Vs, o, <1 with ¢x wm( ) ¢v 1/115( ) and

1—/% dx—/wx dx—/m )dy = /wt ) dt.

Letting (x;,v;) € R? x V be the initial location and velocity of the bacteria con-
centration, and (', t,,) € R? x (0,T) be the measurement location and time, we now
set the initial data ¢ and measurement test function ¢ to be

¢(‘T’U>ZE3%¢$ (x—g%) d)v (PUZS(U)>](U;U1,) GC:O,

35 wlwn = o (0w () e

for small scaling parameters ¢, 8,7 > 0. Furthermore, P,,, : S\ {—v;} — R? denotes the
stereographic projection on the direction of —v;, with its absolute Jacobi determinant
given by j(v;v;) :== 1/((1 + (v,v;))?|(v,v;)]). Accordingly, we also define a quantity
that will be used in the later discussion:

(3.6) Copp= /R3 ¢r () Yy (x) da

For the measurement My (pgs0) to be nontrivial, the two pairs (z;,v;) and (2, t,)
should be compatible to each other. Indeed, we require

Ty = Ty (b)) = X4 + Vit

so that the measurement location at t,, indeed receives the data transported from z;
in the direction of v;.
The proof of the theorem is based on the following two lemmas.

LEMMA 3.3. Let ¢ and ) be defined as in (3.5). Let o and K be selected from the
admissible sets. The solution to (3.1) gives

llm llm Mw(po) =e fom U(xi“l’UiS,’Ui)dSC¢mwz .

e—=0n
Similarly, we have the following lemma.
LEMMA 3.4. Let ¢ and ¢ be defined as in (3.5), with t,, < T that satisfies

Ck|VIT < 1. Let o and K be selected from the admissible sets. The solution to
(3.2) gives

gty Mol =0

Theorem 3.1 is a quick corollary of these two lemmas.

Proof of Theorem 3.1. Under the conditions listed in Lemmas 3.3 and 3.4, we
have

lim lim Mw(p¢)—llm hm qu(po) C%%e*fotm o(zitvis,vi)ds

e—0n,0—0
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Then we have the immediate conclusion that

1 . .
(37) o) = =00, (ol Jim (M 99)) ) .

Remark 3.5. We stress that the result only provides a unique reconstruction but
does not give a stability bound. The explicit reconstruction of o is seen in (3.7).
However, we should note that the formula includes a time derivative outside the limit
taking of the small parameters. This may bring some extra difficulty in the stability
analysis. Moreover, we would like to point out that both lemmas and the proof of
the theorem do not have specific dimension dependence. The result holds true for
d =2 as well. This is slightly different from the classical kinetic inverse problem using
an albedo operator to infer photon scattering coefficient. Since in these problems,
the data are confined on the boundary, so the data automatically lose one dimension
of freedom, making the results sensitive to the dimensionality of the problem. Here
the data are taken in the interior and we have the freedom to adjust time. This
mechanism is independent of the dimension d so the result easily extends.

We now give proofs for the two lemmas above. It amounts to detailed calculations.

Proof of Lemma 3.3. According to the equation for fy in (3.1), we can explicitly
compute fy along the trajectory of the bacteria propagation:

(3.8) folz, t,v)=e" Jo o(@=vs.v) ds¢(x — vt,v).

Inserting this into the definition of the measurement (2.1), we have

T
Mylpo)= [ [ [ foto.teo) dvitoo) et
o JrsJv
T
—/ / / ef-fff”(x*“‘s’”)d‘gd)(m —vt,v)dv(z,t)dedt.
o JrsJv
Plugging the form of ¢ and v into (3.5), we have

Mw(l)o)

T ¢ —vt— 1 P, ,
- 53;2,,7/0 /]R"“/Vefo U(Eivs’v)ds¢x <37 Uz & )d’v( l(s(v)>j(v) dv
Py (x—mm> Uy <t_tm> dxdt
€ n

L / / e A Ce e S DL i Py (0y) (b +11E) — 2
R3JR2 ’

ed J_ €

n
tm
n

T— Ty,

~@@%< )m@wm@

where we substituted ¢ := % and y := P”T(v) into the last equation. Now fixing &

and letting 7 — 0, d — 0, then by continuity of o,¢,, P, !, and (3.4), the dominated
convergence theorem yields
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lim M,
n,6—0 v (pO)

— 1 6_ om o (z—v;s,v; ds(bx <5C_’Uztm_xz) Yo <£L‘—:L‘m> da

g g
/wtt”)dt/ b (y

‘/Rse Jor olenrea—viavddsg (3)y, () di.

We used the substitution 7 := *=*= in the last equation. Now set ¢ — 0 and using
the continuity of o, we obtain

lim lim My(fs,0)

e—=+0n,6—0

—e me o(Tm—v;s,v;)ds ) ¢x (Zi‘) 7/)30 (i‘) df — e~ fotm 0($i+vi87vi)dsc¢z¢'z ,
R

where we used (3.6). The proof is concluded. O
To prove Lemma 3.4, we will first introduce the following lemma.

LEMMA 3.6. Let g satisfy the following equation,

(3.9) Og+v-Vg=—ag+L(g)+L(h), (x,t,0)eR>x[0,T]xV,
' g(z,t=0,v)=0,

where L and o are defined in (1.3)~(1.4) for K € Ak and h is a given positive function,
then the measurement of g with respect to a general measurement test function v € C°
1s bounded by

(3.10) My((g)) < CK|V\eCK|V|TM¢ (/0 esssup((h) (x,s))ds) .

Proof. The proof is a direct calculation. Integrating (3.9) along the characteris-
tics, we have

esssup (g) :esssup/ g(z,t,v)dv
T T |4
t
zesssup/ / [—og+ L(g) + L(h)] (x —vs,t —s,v)dsdv
z JvJo
t
SC’K/ / (esssup (g) + esssup (h))(x —vs,t — s))dsdv
VvV Jo T T

V] / esssup((g) (#,5)) ds + Cic| V' / esssup((h) (z.)) ds,

=:a(t)

where we used the positivity of g [27] and o as well as the boundedness of K in the
inequality and a change of variables. We call the integral form of Gronwall’s lemma
and use the fact that g(x,t=0,v) =0 and « is nondecreasing in order to obtain
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t
esssup (g) < a(t)efot CxlVids _ CK|V|eCKVt/ esssup((h) (z,s))ds.
0 T

x

Noting that M, ((g)) is a linear operator and preserves the monotonicity, we conclude
(3.10). 0

With the above lemma at hand, we can readily prove Lemma 3.4.

Proof of Lemma 3.4. We further decompose f>1 = fi+ fo+---+ fnv + f>n41 for
some N € N to be chosen later, with each level of f,,, n > 1, satisfying

{atfn +v-Vfi,=—0ofy +£(fn71)a

(3:-11) fo(z,t=0,v)=0,

and the last level

Oufonir+ 0 Vonii==0foni+ L(N) + L(f2n41),
fo>ny1(z,t=0,0)=0.

Then the measurement decomposes accordingly, i.e.,
M(p>1)=M(p1) + M(p2) +---+M(pn) + M(p>n+1) -

Our objective is to show that in the scaling limit, all the M (p;) vanish for ¢ < N and
M (p>n+1) is arbitrarily small for a big N.
e To do so we first write an explicit expression for M(p,) for an arbitrary
n € N. We integrate (3.11) along characteristics and use the fact that o, f,
are nonnegative to see that

t
fn(x7t7'UO):/ [—0 fo + L(fa—1)](x —v050,t — S0,v0) dso
0
t
SCK/ (fn—1) (x —voS0,t — s0) dso
0

¢
—CK//fn1(33—110807t—8071)1)d111d80-
0o Jv

In this notation, vq is the last direction in which the bacteria of f,, run, and
50 is the time for which they run into this direction. Respectively, v;, and s;
denote the direction and time in which the bacteria run after their (n — j)-th
tumble.

By induction,

(3.12)
fu(x,t,00)

n—2
t t—so t— _ZO s; n—1 n—1
n =
<CK/// // ’ /fo x—E Sj%t—E Sj;Un
0 JvJo v 0 1% =0 =0

dv,, ds,—1...dvyds; dvy dsg

n—2
t t—ZSj n—1
§C}2/// =0 /gb x—Zsjvj— t—
0o Jv 0 1% =0

dv,, ds,_1...dvy dsg,

n—1

85 | Un,yUn
=0

<.
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where we bounded fy(z,t,v) by ¢(z — vt,v) using (3.8) and noting o > 0.
Inserting this into the measurement and calling the dominated convergence
theorem, we have

M (pn)
:/R3 /OT/an(w,t,vo)dvow(x,t)dtdx
< [ LS L Lo e Som

n—1
- t—ZSJ Un,Un | dv, ds,_1. dvldso]dvothdtdm
7=0
n—2
sl )
RS
p Z?OSJ’UJ (tm_ JOSJ i Ti
* €

ds,_1...dvy dsgdvg dzx

- [ Ll o

si(v; —v;
o <x+ = 0 JE( j)> ds,_1...dv; dsgdvg dz.

T—Tm r—x; —v;t

In the last line we used the substitution Z = = ' = Now for
€ — 0, one has

Y s =) -
¢$<x+ = ]e : ZSJ vi = v;)) | 5

where 1 denotes the indicator function.! Using the dominated convergence
theorem again, we have

tm tm—E}Zf Sj n—-1
lim lim M(p,) < CyCF 1 (v
tig Jim M) <o [ [ f o [ | Lt

dSnfl. . .dU1 dSo dvo

:O,

where the last equality holds true, because the integration is taken on a
measure-zero set for a bounded integrand. We conclude My (p,) =0 in the
limit of €,6,7 — 0.

114(a) =1 for a is in the set A and zero elsewhere and 1,/ := 1;q/y for elements a’ in some set.
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e We now proceed to show the smallness of M (p>n+1). Applying Lemma 3.6
with g:= f>n+1,h = fn, we have

(3.13) M(psni1) <Cr|V]eCxWVIT pp (/t esssup (fn) (ac,s)ds) .
0

x

Using estimate (3.12) for fx as well as max, ¢(z,v) < 5 ¢y (P 1O )) j(vyv;),
we have

/t esssup (fn) (x,s)ds
0 T

<ot [ L[ LR (P s

doydsy_q...dvg dso] dvg ds

1 1 P, (v )
3C’K|V|NtN+1/ 57¢U <1(N)>]<UN;W)va‘
v

4]

Since the above integral over vy has value 1, (3.13) gives

M(p>n+1) < (CKlVlT)N+16CK|V|T/ / (x,t)dtdz
< (C|VIT)NH1efxVIT,

This shows M (p>n+1) becomes arbitrarily small as N grows, when Ck|V|
T < 1. In summary, this proves Lemma 3.4. a

4. Reconstructing K. This section is dedicated to the reconstruction of K
from macroscopic measurements of the bacteria density p. The idea is similar to the
previous section: A class of special functions are used as the initial conditions and
the measurement test functions are designed accordingly. These functions carry a
certain type of singularity and are designed to be compatible with each other, so the
measurement singles out a trajectory that we would like to get information about. In
the end, we will prove the following theorem.

THEOREM 4.1 (unique reconstruction of K). Let 0 € A, and K € Ax. The
map Ag uniquely determines K(x,v,v"). In particular, for any (z,v,v"), by a proper
choice of ¢ and 1, one can explicitly express K(x,v,v") in terms of My (pey) with py
being the density associated with fy that solves (1.1).

Note that K is the tumbling kernel, so the reconstruction necessarily needs at
least one scatter. To do so, we decompose f into three, instead of two, parts. Let
fo = fo0+ fo1+ fs,>2, where fy o solves (3.1) using ¢ as the initial data, and fg 1
and fy >2 solve the following:

(4.1) {atf}ill&j’t:v(ﬁs za’gﬁb,l + L(f5,0); ’

and

(4.2) { Ofp>2+v Vs> =—0fp>2+L(fs1+ fp>2)

f@zg(l’,t = O,U) =0.
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To reconstruct K, we will design a special set of test functions and initial conditions
so as to have, in certain scenarios,

(4.3) My(pg) = My(pg,1)s  Myp(pgo) =0=My(pp,>2) .

and the measurement My (pg,1) is expected to give sufficient information to recon-
struct K. Similarly to notations above, we omit the ¢ dependence in p and f when
the context is clear.

As in the previous case, this will again hold in the limit as the initial data and
measurement test functions become singular functions concentrated on initial velocity
v; and location z; and measurement location z,, and time t,,, respectively.

Unlike in the previous case, we require x,, to avoid the line formed by x; + v;t,,
so as to ensure at least one scatter. This means we require the particle to initially
travel with velocity v; and change its direction to another ¥ at a certain time ¢,, — §.
As such, the measurement location is chosen to be

(4.4) zp=xm(tm)=a; + 50+ (ty, — §)v;  with §= X, A€ (0,1),0€ V \{v;}.

For the fixed tupel of (x;,v;,Zm,tm), we should note that §,o are uniquely deter-
mined, and there is a unique tumbling point at (z; +v;(t,, — §), 0, v;) that contributes
information to the measurement. See Figure 4.1.

Furthermore, by gradually shrinking ¢,, and x,, — z;, the ellipse of observation
shrinks, sustaining the geometry features, with § set to be a fixed fraction of t,,,
pushing the tumbling point close to the starting point.

More specifically, let ¢, ¢y, s, s be defined as in (3.4), and we set t,, :=e® for
some o € (%, 1), then we let

1 — dLg PU' . oo
(4.5) P(z,v) = =52 b <$ Em >¢v ( Z(S(U)> J(vsvs) €eCx,
46 w0 = g (S0 ) () € e

for small scaling parameters ¢,d,7n,v >0 and the constant

(4.7) Capi=58%(1 — (v3,0)).

K(z; +vi(tm — §),0,v;)

Fia. 4.1. For a fized tn, > 0, the ellipse with focal points x;,xm and radius tm determines
all points © with distance ||z — x;|| + ||z — m]|| = tm. As v; is given, the unique tumbling point
z; + v;(tm — §) is the intersection of the half-line starting at x; in direction v; with this ellipse.
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Note that the scaling of 1) is different from the one in (3.5), in particular, the scalings

of x are different in ¢ and ¥. We request t,, = &% 20,0, Note that € is the rate

at which ¢ is converging to a delta-measure in x. Since a < 1, the convergence of
the observation time t,, — 0 is slightly slower than the convergence of the initial
condition ¢. Small time requirements are typical when observing the propagation of
singularities; see, e.g., [13]. Here, we additionally made use of a particular relation
between time and spatial scaling which will be beneficial to control the influence of
the multiple tumble part My (pg,>2).

We claim for this setup, with t,, being very small, we will be able to achieve
the estimate (4.3), and the measurement exactly reflects the value of K (x; 4+ v; (¢,
8),0,v;), as seen in the following lemmas.

LEMMA 4.2. Let o be from the admissible set, and let the ($,v) pairs be defined
as in (4.5)—(4.6), then My(po) vanishes in the limit, meaning

(4.8) lim lim My (po) =0.

e—046,v,n—0

LEMMA 4.3. Let K be from the admissible set, and let the initial data and test
functions be as defined in (4.5)~(4.6), then the measurement My (p1) reconstructs K,
in the sense that

(4.9) lim lim My(p1) = K(zi,0,v;),

e—046,v,m—0

where ¥ is the velocity after tumbling used in the construction of the measurement
location x,, in (4.4).

LEMMA 4.4. Assume K and o are bounded and positive, then

(4.10) lim lim My(p>2)=0.

e—046,v,m—0

Together, these lemmas prove Theorem 4.1.

Proof of Theorem 4.1. Combining the previous three lemmas, in the limit (4.3)
holds true, meaning

(4.11) lim Tim  My(p7) = limy - lim My (pr) = K (2,0, v). O
The rest of this section is dedicated to showing Lemmas 4.2, 4.3, and 4.4.
Lemma 4.2 states that the contribution from fy in the measurement vanishes as

initial and measurement functions become singular. This is intuitively straightfor-

ward. Indeed, as illustrated in Figure 4.2, x,,, is not along the straight line from z; in
the direction of v;, so if ¢ is singular enough, x,, lies out of the support of fj.

Proof of Lemma 4.2. Recalling the solution to (3.1) is in (3.8). If we test it with
1, and make use of the change of variables t = %, y= P”%(v), and T = ==, we

have
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Fia. 4.2. Considering the situation of a point measurement of fo at (Tm,tm), where the initial
velocity is prescribed as ¢(x,v) = qg(x)(svi (v), the support of fo(-,tm,vs) equals supp{p(x; +vitm)} C
B(z; + vitm,€), the translated support of . When e becomes small, at some point B(z; + vitm,€)
no longer contains Ty, Since Tm # T; + Vitm,.

T
wwwzi/ A;/nﬁCmtwdeWJMMdt
foox vs,v)ds Ly
6352V3 / /RS/G & ( )
by (P“i<”)>j(v>dex (x_x’”> by <t_t’"> dwat
) v n

— fotm+"£¢7(acm+ua~cfﬁ”;il (6y)s,IP’;i1 (6y))ds¢v (y)
_i% R3 JR2
T +vE — Py tm +1t) — x4 _ o
-@( O T 250 gy, ) By i

8,v,n—0 Cg;; o fim o(xm—viswi)dsgbm (:Em — Uity — l‘i) '
(3 e

In the last step, we exchange the limit with the integration using the dominated
convergence theorem which is applicable because of the continuity of o and ¢,. Noting
the construction of z,, in (4.4),

Ty — Vit — T3 HOE

L CR

e

for any small enough, but fixed, € > 0, making ¢, (M) =0 according to the

€

definition of ¢,. This proves (4.8). 0

Proof of Lemma 4.4. Repeating the arguments in the proof of Lemma 3.4, we
estimate the remainder

M(ps2) < sz [V ]eCxVIT 0 (/ ) C/ / 29(x,t) dzdt Cs 5
R3

o eta((5)

where C := C%|V|eCxVIT /2 and C := (1 — (0,v;)) are positive constants and we used
fi < tCke~3, which can be seen in (3.12). We employ the dominated convergence
theorem to the right-hand side to see
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111’1’(1)M(p>2) CCt2 2 = CONet3 220,
n—

because o > % was chosen. Together with the nonnegativity of p>2, we conclude
(4.10). d

Lemma 4.3 lies at the core of Theorem 4.1, and the proof largely depends on
explicit derivation. Noting that according to (4.4), with fixed (z;,v;) and (zp,,tm),
one finds a unique local point for the bacteria to tumble, x; + v;(t,, — §), so the
measurement should reflect K evaluated at this particular point.

Proof of Lemma 4.3. We first derive a closed form for f; by solving (4.1) along
characteristics,

fi(z,t,v) = 352// Jo oe=vr)dr g (4 —vs,0,0")
5

— ol (+ — o
(412) . “Co(zx—vs—v'Tv )dT¢x <-T VS Us(t 5) xl>
4, (Pé)) S0 v’ ds,

where we have used the explicit solution fy as in (3.8). Plugging it into the definition
of the measurement,

Mw(ﬂl):/T/Rs/ fi(z,t,0) dvip(z, t) da dt
//RS///\/53521/3 e~ Jo o K (g — s, 0,0)

z—vs—v'T,v")dT r—vs—v'(t—s — &
o )d(b < ( ) )

3

- by (Pvi(v/>>j(v')dv/dsdez (x—xm> Py (t_tm> dxdt.
) v n

Taking the limit and using dominant convergence theorem, we obtain

(4.13)

lim My (p1)
S, v,m—

/ / Yo 7f0 o-szv‘r,v)dTK(xm_vs,,U’Ui)
\%

tm—s Ty, — VS — Vi(tm, — 8) — X5
o o (T —vS5— v77'111)d7'¢ ( m z(m ) ’l> dvds.

e

The formula above could be further reduced if we notice the su?port condition
for ¢,. In particular, if we denote the argument of ¢,, === vi(tm_ i to be a, it
is straightforward to see that

||Cl|| > me - xO” - SHU - Ui”

)

e
where we denote
(414) Lo =T; + U’L'tm )

the location of the particle at time t,, assuming it does not tumble. For small but
fixed € > 0, this further gives the following.
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* When s <er:= w, since ||Jv —v;|| <2,
Hmm_on _28 ||xm_on

4.15 all > _ N

(4.15) Jaf 2 Em = E
e When (v;,v) >1—cp:=1— %7 since [|v —vs]| = /2 — 2 (v;,v),

2
[ — ]| — 5y /202mzel )

(4.16) [[afl > S [T L

R 2e

That means that the integrand in (4.13) would be 0 due to the finite support of ¢,
in these two parts of the domain.

In this reduced domain, U = {(s,v) € [c1,tm] X {v € V | (v,v;) < 1—ca}}, we
define the function S : (s,v) — 2z := s(v — v;). We note this function is injective. For
fixed z in its image, we can calculate its inverse:

_ |2|? z
(4.17) ST = (6 = (ot o)
2| (z,vi) | ¢(2)
So we conduct a change of variable by letting z = S(s,v), we further reduce the
domain of (4.13) to S(U), and use the definition (4.7) of Cs 5, to see that

lim My(p1)

S,v,n—
1 — (=) O\ Tm —TWwW(Z),w(z T
=L [ B e K (g, ((a(2),0(2), w0
sW)
e i o(em (D) v dr (f”m —- x)
€

32 1-— <U¢,’LA1>

((2)2 1= (v5,w(2))
_/ o fOC(ast')a(szrw(afsi),w(afaé))dr
a—8(U)

€

dz

K (xy, — C(a—e2)w(a—eZ),w(a —eZ),v;)

e~ fotm_g(a_sg) U(xm—C(a—sé)w(a—eé)—viﬂvi)d’r¢ (2)
-

§2 1—<Ui,@> 3
Cla—ez2)?21—(vj,w(a—ez))

where we used the determinent of the Jacobian of S being s%(1 — (v,v;)), and the
substitution z = “== for a := x,, — z, in the last step. For a visualization of the
quantities, see Figure 4.3. The fact that a small ball around a with radius of order
e is contained in S(U) for every ¢ ensures that %(U) will eventually contain the
full support B(0,1) of ¢, for small ; see Figure 4.4. Together with the continuity of
K,0,(,w, this allows the application of the dominated convergence theorem,

lim Mw(pl)ﬂ)K(xi,f),vi)/ 62(2)dZ = K (23,0, 0:),
S,v,n—0 B(0,1)

where we used the form (4.17) of ¢,w to see ((a —€2)/§ — 1 while w(a —e2) = 0. O

Remark 4.5. The proof for all three lemmas are local-in-time, in the sense that the
measurement time is converging to 0. This means that we can easily extend the result
to deal with time dependent K as well. Suppose K (x,t,v,v") should be recovered for
a specific ¢ value, then a new experiment is started at time ¢, meaning both the initial
data ¢ and the measurements 1) should be prepared at reference time ¢.
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Fia. 4.3. Geometry and quantities used in the proof, displayed in 2 dimensions (2D). In this
figure, o = x; + vitm, the location of the particle assuming it does not tumble; see definition (4.14).
Note that tm is the length between xz; and x,. The gray area is x; + vs for (s,v) € U. This is the
annulus A in Figure 4.4(a) translated by z;.

(a) Sliced annulus A. (b) Image of S(U).

F1G. 4.4. Perturbation of U by S in 2D. In a first step, A :={vs| (v,s) € U} is displayed. The
red dot marks ©§ which is bounded away from the boundaries of A by construction. The yellow slice
of an annulus is a neighborhood of v§ that is bounded by the arches of two circles. The image of
S(U) is obtained by shifting each point in vs € A by —v;s. In this picture, the red dot is a =S(8,0).
The image of the yellow area is bounded by the same arches of the circles, but the circles were shifted
in direction —v; such that they touch 0. One can choose the yellow slice of the annulus large enough
such that a ball with radius of order e*—whose boundary is depicted in green—is contained in the
yellow tmage area.

5. Conclusions. In this paper we work on a classical kinetic chemotaxis model,
and give a rigorous proof for using density measurement to reconstruct tumbling and
damping coefficients. As stated in the introduction, chemotaxis, as a mathematical
biology subject, has attracted extensive research. There are abundant models. What
we consider in this paper is a mere showcase of one of them (1.1) derived from the study
of biased random walks [1]. In this specific setting, we show that when given a special
design of initial data, the population density, one specific macroscopic quantity as a
function of time, contains sufficient information to recover the microscopic quantities,
such as the velocity tumbling kernel and its associated damping coefficient.
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There are many new directions that are left unexplored, and we list a few here:

e Resultwise: In the current paper we only evaluate the uniqueness of the
reconstruction but not the stability. Indeed, as concluded in Lemma 3.3, the
reconstruction of o requires differentiating the data. The stability of this
reconstruction is thus expected to be bad in the L., norm if the data are
also assumed to be in C. A proper norm that is higher than C' needs to be
selected to obtain a good stability. How the details are involved is a nontrivial
task. We leave the discussion for stability for future work.

e Modelwise: We only showcase unique reconstruction for a very specific set-
ting. More complicated models are not yet considered. We list a couple of
possible directions below:

— we only consider the well-controlled case when the space distribution
of stimuli is fixed. But in practice, bacteria interact with the environ-
ment, and may provide self-attraction or self-repulsion. This changes
the chemical concentration and leads to some interesting patterns; see
[31, 32] and references therein. Mathematically, it is a convention to
couple the chemotaxis equation (1.1) with an elliptic or parabolic
equation for the chemical signal [7, 8, 9, 10]. However, it is almost
impossible to trace the bacteria trajectory and measure the time dy-
namics of chemical concentration simultaneously. This prevents the
quantification of most chemotaxis models except for some tightly con-
trolled case [17, 18, 23] or well studied species [25, 36]. It would be
interesting to study if the techniques presented in the current paper
can be extended to the above-mentioned more complicated settings;

— more sophisticated kinetic chemotaxis models have been proposed in
the literature. For example, models that incorporate birth/death pro-
cesses [29, 30], the tumbling time [22], or the adaptation process with
internal variables [15, 35, 41, 42]. It would be interesting to investi-
gate whether macroscopic quantities can provide enough information
to recover the microscopic parameters for these more sophisticated
kinetic models.

Despite its obvious significance, the inverse problem in mathematical biology is
still in its infancy. Many related problems are left unaddressed. In the framework
of kinetic formulation for bacteria-motion, a singular decomposition technique has
demonstrated its flexibility and is very compatible with the kinetic formulation in
the inverse problem setting. We expect to further investigate various problems listed
above along this direction.
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