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Deceptive Trajectory Imitation Using Affine Feedback
Melkior Ornik1

Abstract— In adversarial environments it is often beneficial
for an agent to reach its objective while seeking to create the
impression that it is progressing towards a different goal. This
paper considers the setting where an agent seeks to tightly
follow a public reference trajectory during the observation
period, while actually using an affine feedback controller to
ultimately guide the system towards a hidden objective. We pose
the optimal synthesis of this affine controller as a nonlinear
constrained optimization problem. Taking the sum of norms
of trajectory deviations over time as the cost function, by
using the power mean inequality we provide an approximation
of the optimal controller as a solution of an ordinary least
squares problem. We use a method inspired by Tikhonov
regularization to ensure that the controlled trajectory converges
to the intended objective. We illustrate our method on a variety
of numerical examples, showing that the proposed method often
generates trajectories that are nearly indistinguishable from
the reference during the observation period, and identify some
fundamental limits of trajectory imitation using affine feedback.

I. I NTRODUCTION
Deception — the art of making an adversary develop
wrong beliefs to enable completion of a long-term goal — is
of obvious interest to a variety of defense [4], bargaining [2],
and cybersecurity scenarios [17]. In scenarios that involve
a deceptive agent physically progressing towards its target,
deception often relies on using the agent’s position and
trajectory to induce incorrect beliefs about its intentions [8],
[20], [22], [23].
This paper considers a deception scenario where an agent
seeks to follow a reference trajectory starting from a given
state as closely as possible, up to a certain time, while
ultimately converging to its desired target. Fig. 1 illustrates
such an occurrence, motivated by prior investigations of a
human recognition of robot objectives from partial data [8].
Observed trajectory
Reference
trajectory

Starting state

True target
Fig. 1.
An illustration of trajectory imitation. The agent’s trajectory,
in red, follows the reference trajectory (in blue) almost perfectly until a
given time, and an observer might thus conclude that the agent is indeed
progressing towards the blue target. However, the agent ultimately converges
to a different target.

Existing efforts on deception in control often make highly
simplifying assumptions on the agent dynamics [10], [23]
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or allow the use of complicated control laws [11], [19],
which may render the problem of optimal trajectory imitation
unrealistically effortless. In contrast, this paper recognizes
that control systems are often, due to design and computational limitations, forced to use simple control laws even
in complex environments [7]. Such a constraint is notably
present in the related phenomenon of motion camouflage,
where predator animals use a trajectory that imparts misleading beliefs about their motion from the point of view of
their prey [12], [16]. While we recognize that an appropriate
class of control laws may depend on the application domain,
in this paper we consider the problem of optimal deceptive
trajectory imitation by an agent capable only of using timeinvariant affine feedback control.
In the framework of linear discrete-time systems, in Section II we formalize the problem of trajectory imitation as
that of constrained optimization where the objective function
is a metric of “partial reference tracking” — difference
between the reference trajectory and the produced trajectory
during the observation period — and the constraints ensure
that the produced trajectory converges to a desired target.
With an appropriate choice of metric, in Section III we show
that this generally nonlinear problem may be approximated
by a solution to a constrained ordinary least squares problem,
and remove the constraints by pursuing a Tikhonov-like
regularization method. Finally, in Section IV we illustrate
the quality and fundamental limits of the obtained solutions
through extensive numerical experimentation, showing that
they outperform a naive controller designed to exactly follow
a reference trajectory for a short amount of time.
Notation. Symbol N denotes the set of all positive integers. For n ∈ N, [n] denotes {1, . . . , n}. We denote the set
of all real m×n matrices by Rm×n . For a matrix A ∈ Rn×n ,
ρ(A) denotes its spectral radius, i.e., the maximal magnitude
of one of its eigenvalues. Symbol I denotes an identity square
matrix whose size will be given in the subscript or will
be clear from the context. We denote an ordered K-tuple
(x1 , . . . , xK ), where xi ∈ Rn for all i, by x1:K . Unless
stated otherwise, ∥ · ∥, without additional subscripts, denotes
the usual vector and matrix 2-norms. To avoid confusion
between a time index and a matrix transpose, we use M τ
to denote the transpose of a matrix M . For matrices M and
N , M ⊗ N denotes their Kronecker product.
II. P ROBLEM S TATEMENT
We consider a scenario where a deceptive agent (“impostor”) operates with linear dynamics
xt+1 = Axt + But ,

(1)

where A ∈ Rn×n and B ∈ Rn×m . The impostor seeks
to deceive an observer who expects that the impostor is
proceeding towards a publicized target xpub . Namely, upon
starting its mission at x0 ∈ Rn , the impostor publicizes both
xpub and its purported affine time-invariant control law
uref
= K ref xt + Lref
t

(2)

which would enable it to converge to xpub . This control law
ref
generates a reference trajectory xref = (xref
0 , x1 , . . .) by
ref
applying control law (2) to (1) with x0 = x0 .
To avoid technicalities and ease notation, we make the
following assumption.
Assumption 1:
(a) System (1) is fully actuated, i.e., Im(B) = Rn .
(b) The publicized target is at the origin, i.e., xpub = 0.
Removing Assumption 1(a) would not significantly change
the discussion in the remainder of the paper, but would
result in the requirement that some of the decision variables
introduced in later optimization problems need to lie in
particular affine spaces. Assumption 1(b) is trivially satisfied
without loss of generality through coordinate translation.
Given that xref
→ xpub = 0, we know that 0 is an
t
equilibrium of (1)–(2), so BLref = 0. Since the exact choice
of Lref does not affect xref as long as BLref remains the
same, we take Lref = 0. Thus, uref
= K ref xt .
t
In order to imitate the reference trajectory while using
a simple controller and achieving its ultimate goal, the
impostor uses an affine control law
uimp
= K imp ximp
+ Limp
t
t

(3)

(ximp
, ximp
, . . .)
0
1

so that the agent’s true trajectory ximp =
is obtained from applying control law (3) to dynamics (1)
with ximp
= x0 .
0
To ensure the convergence of the impostor’s trajectory
ximp to a target, we first assume that the impostor needs
to choose K imp and Limp such that ρ(A + BK imp ) < 1.
Indeed, ximp
will then converge to some state [9]. In order
t
for the impostor to converge exactly to its desired target
xtar , it additionally needs to choose K imp and Limp such
that (A + BK imp )xtar + BLimp = xtar , i.e., BLimp =
(I − A − BK imp )xtar [9].
Remark 1: As the starting state x0 is fixed, it may be the
case that some of the eigenvalues of A + BK imp need not
actually be in the unit circle to obtain convergence. However,
we continue to require ρ(A + BK imp ) < 1 to avoid a
technically cumbersome discussion.
We assume that the observer is able to see the impostor’s
imp
partial trajectory ximp
, ximp
, . . . , ximp
1
T ) until a
0:T = (x0
given time T known to the impostor. Based solely on that
trajectory, the observer seeks to distinguish between a wellmeaning agent who follows the reference trajectory, and will
thus presumably proceed towards the publicized target xpub ,
and a malicious actor who does not. The observer is aware
that its observations might not be perfect so it cannot exactly
identify the applied control law. Instead, its belief that the
agent is following the reference trajectory increases with a

ref
decrease in the distance between ximp
0:T and x0:T in some
appropriate metric. The impostor’s goal is thus the following.
Problem 1: Let T ∈ N, A ∈ Rn×n , B ∈ Rn×m , K ref ∈
m×n
R
, and x0 , xtar ∈ Rn . Let xref denote a solution to (1)
= x0 . For K imp ∈ Rn×n
with uref
= K ref xref
and xref
t
t
0
imp
m
imp
and L
∈ R , let x
denote a solution to (1)–(3) with
ximp
=
x
.
Determine
0
0

argmin
K imp ,Limp

such that

∥xerr
0:T ∥1̂
(4)

ρ(A + BK imp ) < 1,
BL

imp

= (I − A − BK

imp

)xtar ,
P
T
err
where xerr = ximp − xref , and ∥xerr
0:T ∥1̂ =
t=0 ∥xt ∥,
which we will refer to as the 1-error norm.
We acknowledge that the 1-error norm is not the only
possibly intriguing metric, but note that many other metrics
are equivalent to ∥xerr
1:T ∥1̂ in the sense of equivalence of
norms. We omit their discussion because of page constraints.
Regardless of the chosen error norm, attempting to produce the optimal controller for the impostor by solving
Problem 1 faces three challenges:
1◦ The problem might not admit a solution: set
{K imp | ρ(A + BK imp ) < 1} is not compact. In practice, we will focus on finding an approximate solution to
related optimization problems which penalize ∥xerr
0:T ∥1̂
and result in K imp such that ρ(A + BK imp ) < 1.
2◦ Constraints on ρ(A + BK imp ) are possibly difficult to
computationally tackle, given that they yield bounds on
the roots of a polynomial, with little additional structure.
3◦ The dependence of the objective function ∥xerr
0:T ∥1̂ on
the decision variables K imp and Limp seems at first
glance to be complicated and unlikely to yield structures
such as linearity or convexity.
We will attack 1◦ and 2◦ by slightly redefining the problem, thus yielding matrices K imp∗ and Limp∗ which satisfy
the constraints in (4) while minimizing the weighted sum of
imp
).
∥xerr
0:T ∥1̂ and an additional penalty related to ρ(A + BK
◦
Before we do so, we tackle 3 by providing an explicit
dependent on K imp . This expression
expression for xerr
t
will ultimately yield an approximation of Problem 1 by an
ordinary least squares problem.
A. Closed-Form Error
Our approach to expressing xerr
is motivated by a discrete
t
interpretation of Grönwall’s lemma [15]. Throughout the
remainder of the paper, we will be denoting A + BK ref
by M ref and analogously A + BK imp by M imp .
Proposition 1: Let K ref , K imp ∈ Rm×n , Limp ∈ Rm
and x0 , xtar ∈ Rn . Let xerr be defined as in Problem 1.
Assume that BLimp = (I − M imp )xtar . Then,
xerr
= xtar − (M ref )t x0 − (M imp )t (xtar − x0 )
t
for all t ∈ N ∪ {0}.
Proof: We move by induction on t. For t = 0, xerr
=
0
imp
x0 − xref
=
x
−
x
=
0,
which
matches
the
claim.
0
0
0

Assume now that the claim holds for some t ∈ N ∪ {0}. We
will prove it for t + 1.
By definitions of xref , ximp and xerr , xerr
=
t+1
imp
ref
imp imp
imp
ref
xt+1 − xref
=
(M
)x
+
BL
−
(M
)x
=
t
t
t+1
ref
imp ref
imp
ref
(M imp )xerr
+
(M
)x
+
BL
−
(M
)x
=
t
t
t
ref
imp
imp err
imp
ref
BL
+ (M
)xt + (M
− M )xt . Plugging in
imp
the claim for t into this equality, we obtain xerr
+
t+1 = BL
(M imp )xtar −(M imp )(M ref )t x0 −(M imp )t+1 (xtar −x0 )+
imp
(M imp − M ref )xref
= (I −
t . Since we assumed BL
imp
err
M
)xtar , this equality can be expressed as xt+1 = xtar −
(M imp )t+1 (xtar − x0 ) − (M imp )(M ref )t x0 + (M imp −
M ref )xref
t .
Finally, noting that (M ref )t x0 = xref
from the definition
t
imp t+1
of xref , we obtain xerr
) (xtar − x0 ) −
t+1 = xtar − (M
(M ref )t+1 x0 .
Because of Assumption 1(a), the correspondence K 7→
A + BK = M is surjective, i.e., for every M ∈ Rn×n ,
there exists at least one K such that M = A + BK, and
Proposition 1 confirms that the particular choice of Limp
does not affect the objective function in (4), as long as
BLimp = (I − M imp )xtar . Hence, Problem 1 reduces to
argmin
M imp ∈Rn×n

such that

∥xerr
0:T ∥1̂
ρ(M imp ) < 1.

(5)

Any solution M imp∗ to (5) generates a solution to (4), by
taking (K imp∗ , Limp∗ ) such that A + BK imp∗ = M imp∗
and BLimp∗ = (I − M imp∗ )xtar . We note that removing
Assumption 1(a) would prevent Problem 1 from being written in the simple form (5). Instead, the decision variables
would remain K imp and Limp and the problem would have
an additional constraint BLimp = (I − A − BK imp )xtar .
We now proceed to further reframe problem (5) and
propose its approximate solution.
III. A PPROXIMATELY O PTIMAL I MITATION
We begin our approach by noting that Proposition 1 offers
a suggestive way of writing Problem 1. Namely, if we denote
vt = xtar − (M ref )t x0 , Problem 1 becomes
argmin
M imp ∈Rn×n

such that

T
X

∥vt − (M imp )t v0 ∥

t=0

ρ(M

imp

(6)

) < 1.

Although (6) is still a nonlinear optimization problem, its
form allows us to approximate a solution while yielding
theoretical guarantees on the quality of the approximation.
A. Power Mean Approximation
For a matrix M such that ∥M ∥ ≤ 1, let us define ht (M ) =
∥vt − M vt−1 ∥, for t ∈ N. Then,
∥vt − M t v0 ∥
= ∥vt − M vt−1 + M vt−1 − M 2 vt−2 + . . . − M t v0 ∥
≤ ht (M ) + ∥M ∥ht−1 (M ) + . . . + ∥M ∥t−1 h1 (M )
t
X
hk (M ).
≤
k=1

Thus, if we only consider matrices M imp such that
∥M imp ∥ ≤ 1, P
the objective function of (6) is bounded
T
imp
from above by
), which is, by
t=1 (T + 1 − t)ht (M
the weighted power mean inequality [5], in turn bounded
from above by
v
u
T
u T (T + 1) X
t
(T + 1 − t)(ht (M imp ))2 .
(7)
2
t=1
We now use the standard approach of finding an approximate
solution to an optimization problem by finding a solution to a
problem generated by an upper bound of the original problem
[1], [3], [24]. We thus seek to find
argmin
M imp ∈Rn×n

such that

T
X

(T + 1 − t)∥vt − (M imp )vt−1 ∥2

t=1

ρ(M

imp

(8)

) < 1.

We note that (7) is only guaranteed to be an upper bound
to the objective function in (6) on the domain given by
∥M imp ∥ ≤ 1 and not all of ρ(M imp ) < 1. We continue
considering problem (8) as a surrogate for (6), noting the
connection between ρ(M imp ), ∥M imp ∥, and the Frobenius
norm ∥M imp ∥F in Section III-B.
Problem (8) is now a constrained ordinary least squares
problem. While the decision variable is a matrix, the objective function from (8) can be alternatively writen as
T
X

τ
(T + 1 − t)∥vt − (vt−1
⊗ In×n )vec(M imp )∥2 ,

t=1

where vec denotes matrix vectorization [26]. We now proceed to tackle the requirement that ρ(M imp ) < 1.
B. Tikhonov-Like Regularization
As mentioned, constraint ρ(M imp ) < 1 yields a nonconvex and non-compact domain. We approach this challenge and provide an approximate solution by building on a
classical method of Tikhonov regularization [13]. Tikhonov
regularization is traditionally used to solve constrained least
squares problems minX ∥A−BX∥2 where there exists a hard
upper bound ∥X∥ ≤ α; it functions by instead minimizing
an unconstrained least squares problem minX ∥A−BX∥2 +
γ∥X∥2 . It is trivial to show that, for a large enough γ, the
solution of the latter problem will certainly satisfy ∥X∥ ≤ α,
as ∥X∥ is afforded a sufficiently large weight in the objective
function.
In the case of Problem 1 and subsequent relaxations, the
constraint is on ρ(M imp ) instead of the norm of M imp .
However, ρ(M ) ≤ ∥M ∥F and ∥M ∥ ≤ ∥M ∥F for all
matrices M [6], [14], where ∥ · ∥F stands for the Frobenius
norm, i.e., ∥M ∥F = ∥vec(M )∥. Hence, as for standard
Tikhonov regularization, for any large enough γ, a minimizer
M imp∗ of
T
X
τ
(T + 1 − t)∥vt − (vt−1
⊗ In×n )vec(M imp )∥2
t=1

+ γ∥vec(M

imp

)∥

2

(9)

will exist and satisfy ∥vec(M imp∗ )∥ < 1, and thus,
ρ(M imp∗ ) < 1 as well as ∥M imp∗ ∥ < 1, required for the
guaranteed upper bound established in Section III-A.
Naturally, in (9) we consider the smallest γ ≥ 0 such
that a solution to (9) satisfies ρ(M imp ) < 1. While possible
analytical methods for choosing an appropriate γ are of
interest to future work, in our numerical experiments we
determine an appropriate γ by starting from γ = 0 and
successively solving (9) while increasing γ until a solution
that satisfies ρ(M imp ) < 1 is found.
Problem (9) is an ordinary least squares problem, with
a solution that can be found analytically for every γ [13].
While it does not provide an exact solution to Problem 1
— nor does such a solution generally exist, as the problem
is ill-posed — in practice we find that it often generates
trajectories that imitate the reference trajectory well until
time T , while provably converging towards the desired
target. The following section will present relevant numerical
examples and compare them to a naive approximate solution
of (6) obtained by setting M vt−1 = vt for all t ∈ [T ].
IV. N UMERICAL E XPERIMENTS
Having proposed a method for trajectory imitation, we
now illustrate its effectiveness. We also provide a preliminary
analysis on the quality of imitation given the length of the
observation period, the initial state and target positions.
In the absence of previously established benchmarks,
we compare the proposed methods against a method that
generates a trajectory which exactly equals the reference
trajectory for as long as possible. We first briefly introduce
this method.
A. Naive Method of Imitation
From (6), it follows that ∥xerr
0:T ∥1̂ = 0 if and only if
(M imp )t v0 = vt for all t ∈ [T ]. While such a matrix
M imp might not exist in general, and especially so with the
constraint ρ(M imp ) < 1, the proposed naive method aims to
satisfy
M imp vt−1 = vt for all t ∈ [k],
(10)
for as large of a k as possible. While the exact maximal
k depends on the linear independence of the subsets of
{v0 , v1 , . . . , vk }, by definition of vt = xtar − (M ref )t x0
we generically [25] expect k = n, so we can define


−1
M imp = v1 v2 · · · vn v0 v1 · · · vn−1
.
(11)
Naturally, if n < T , (11) does not provide any guarantees
for a low overall error ∥xerr
1:T ∥1̂ . Additionally, (11) does not
guarantee that ρ(M imp ) < 1. While the latter guarantee may
be obtained by choosing a maximal k ≤ n such that there
exists a matrix M imp that satisfies (10) and ρ(M imp ) < 1,
the determination of such a matrix — and even verification
that it exists — may be difficult. We thus remain with
(11) as the simple benchmark which generically produces
a controller which sets xerr
= 0 for t ∈ [n], even if it may
t
not guarantee convergence of ximp to xtar .

We now proceed to implement the proposed method for
trajectory imitation using approximate minimization of the
1-error norm and compare it to the naive method (11).
B. Results
To run the experiments, we consider M ref = (In×n +
Nn×n )/(ρ(In×n +Nn×n )+0.1), where N is a matrix whose
each element is drawn randomly from a normal distribution
with mean 0 and standard deviation 0.1. This form was
chosen to ensure that the reference trajectory xref converges
to 0, as well as to intuitively produce a “smoother looking”
xref , as it may otherwise be difficult to visually judge
the quality of the obtained trajectory imitation. The values
of matrices A, B, and K ref are themselves irrelevant in
simulations as long as A + BK ref = M ref , although the
knowledge of A and B is course necessary to compute the
control law u = K imp x + Limp .
To compare the errors across methods and visualize the
system state easily, we choose n = 2, initial
τ state x0 =
τ
1 5 , and target state xtar = 2 0 . The chosen
values of x0 and xtar intuitively give the impostor a “decent
chance” at emulating the system trajectory, but still make it
a non-trivial task. We provide a more thorough discussion of
the dependence of the error on x0 and xtar in Section IV-C.
We assume that the observer is able to see the first T = 10
states of the impostor’s trajectory. This value of T is a tradeoff that allows the observer to see some substantial segment
of the impostor’s trajectory, without showing it almost the
entire path to the target. At the end of Section IV-B.2 we
briefly comment on the quality of the trajectory imitation in
dependence to the length of the observation period.
For the regularization in (9), γ starts from 0 and increases
in steps of 0.1 until the found solution satisfies ρ(M imp ) <
1. Naturally, setting a lower γ step may produce better
underapproximations, but increases the computational effort.
To provide a visual idea of the derived impostor trajectories, we begin by considering one randomly drawn M ref .
1) Single Example: Fig. 2 illustrates the trajectories obtained using the proposed method from Section III and the
naive method (11) for


0.8167 −0.0520
ref
M
=
,
−0.0551 0.8926
with the above choice of parameters.
As seen in Fig. 2, the trajectory generated by (9) is
nearly indistinguishable from the reference trajectory in the
first T = 10 time steps. On the other hand, while the
naive method produces a trajectory that exactly equals the
reference for the first n = 2 time steps, it starts visibly
diverging from it earlier than the trajectory generated by (9).
Eventually, the trajectory ximp generated by (9) converges
to xtar as guaranteed, and so does the naively generated
trajectory in this case, while xref of course converges to 0.
Naturally, the visual appearance of xref and corresponding
ximp will generally differ depending on M ref . We thus
proceed to illustrate the quality of the proposed trajectory
imitation on a larger set of samples.

nonlinear optimization functionality to minimize the 2-error
norm by, roughly, a factor of 100×.
Naturally, the error in the trajectory imitation depends on
the length T of the observation period. For T ≤ n, even
the naive method will generically produce M imp such that
∥xerr ∥1̂ = ∥xerr ∥2̂ = ∥xerr ∥∞
ˆ = 0, although it will not
guarantee convergence to xtar . On the other hand, T → +∞,
none of the methods are able to provide a truly meaningful
trajectory imitation, as the trajectories converge to different
states. However, our preliminary analysis shows that the
proposed method vastly outperforms the naive one across
observation periods.
Having illustrated the quality of the proposed method for a
particular initial state and target, we conclude this section by
considering the success of trajectory imitation as a function
of x0 and xtar .
Fig. 2. Reference trajectory for a given M ref , marked in black, and
impostor trajectory generated by (9) marked in red. The benchmark naive
impostor trajectory generated by (11) is marked in green. Full lines illustrate
the trajectories until time T = 10, while dotted and dashed lines illustrate
the trajectories after that time. In all figures, labels x1 and x2 denote the
coordinates in the state space and not states at particular times.

2) Average Error Comparison: In this experiment, we
implement the proposed method with 1000 matrices M ref ,
randomly generated and with the same parameters as above.
While the proposed method is approximate and provides
no hard guarantees of producing better results than the
naive method (11), it yields a lower 1-error norm in 97.6%
of cases, including the 24.7% of cases where the naive
method does not yield M imp which satisfies the constraint
ρ(M imp ) < 1 at all. The proposed method, naturally, always
satisfies ρ(M imp ) < 1.
Even though the proposed method only approximates the
optimal trajectory imitation for 1-error norm, it also strongly
outperforms the naive method when considering
PTthe 2-error
err 2
and ∞-error norms defined by ∥xerr
∥
=
0:T 2̂
i=0 ∥xt ∥
err
err
and ∥x0:T ∥∞
ˆ = max0≤t≤T ∥xt ∥, respectively. Namely,
produces a lower 2-error norm in 97.7% of cases, and a
lower ∞-norm in 97.2% of cases.
A further slight increase in performance can be obtained
by directly solving the nonlinear Problem 1 instead of
its approximation (9). For instance, solving Problem 1 to
minimize the 2-error norm yields a constrained nonlinear
least squares problem in M imp , which — after a Tikhonovlike regularization from Section III-B — may be tackled
using a variety of prior work [18], [21], as well as general
methods on nonlinear optimization. Doing so indeed reaps
slight benefits in performance, producing lower 1-, 2-, and
∞-error norms than the naive method in 99.9% − 100% of
the cases, and even lower error norms than the proposed
method (9) in 97.5% − 98.7% of the cases. However, the
computational price to pay for such an improvement may
be vast. Preliminary experimental results, omitted from this
discussion due to page limits, show that (9), implemented in
MATLAB, produces results momentarily even for n ≈ 20
and/or T ≈ 40, and is faster than using MATLAB’s native

C. Dependence on Initial State and Target Position
To describe the “difficulty of imitation” with respect to
the initial state and the target, we first continue with the
parameters from the beginning of Section IV-B, except we
vary the initial state x0 ∈ S0 = {−3, −2.9,. . . , 4} ×
τ
{−3, −2.9, . . . , 8}, while keeping xtar = 2 0 . Fig. 3
displays the average 1-error norm with respect to x0 , obtained by choosing 100 matrices M ref for each x0 ∈ S0 ,
for a total of 788100 simulations. We always use method (9)
to generate M imp , with a step in γ equal to 1.

Fig. 3. The 1-error norm between ximp generated by (9) and xref , with
varying initial state x0 . Labels x1 and x2 denote the coordinates in the
state space and not states at a particular time.

As Fig. 3 shows, the error increases as x0 comes closer
to the target state xtar . Along with numerical reasons due to
v0 → 0, we suggest that the reason for such a phenomenon
may be that such parameters force the impostor to remain
close to xtar throughout its trajectory, while the reference
trajectory moves away from xtar ≈ x0 and towards the
origin. Fig. 4 illustrates such a situation.
We now consider
the case where the initial state x0 is
τ
fixed to 1 5 , while xtar varies in [−3, 4]×[−3, 8]. Fig. 5
displays the average error with respect to xtar .
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Fig. 4. Reference and impostor trajectories for a given
in the case
where x0 and xtar are close, colored and with the notation as in Fig. 2.
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Fig. 5. The 1-error norm between ximp generated by (9) and xref , with
varying target xtar . Labels x1 and x2 denote the coordinates in the state
space and not states at a particular time.
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Fig. 5 once again shows how heavily the relative positions
— and not just distances — of the publicized target xpub = 0,
initial state x0 , and true target xtar influence the impostor’s
success. In particular, xtar that is chosen to the “north” of x0
will often yield a much worse imitated trajectory using (9)
than xtar chosen to the “south”. The problem of describing
the dependence of the imitation error on target placement,
and consequently the problem of optimal target placement
— already identified in [22], but in a significantly simpler
model — remain central issues for future work.
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