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Abstract—Robots tackling complex tasks often rely on multiple
perception models that balance accuracy and latency. While
existing works focus on training such models, they typically target
single-step tasks and report mean accuracy, which is insufficient
for multi-step control scenarios. The key challenge—known as
the model selection problem—is deciding which model to use at
each step to optimize both control performance and perception
efficiency. We address this by formulating the problem as a multi-
objective optimization and provide a provably optimal solution.
Using a photo-realistic drone landing task in AirSim, our method
reduced control cost by 38.04% and perception time by 79.1%
compared to other approaches.

Index Terms—Cloud Offloading, Safe Robotics, Model Selec-
tion.

I. INTRODUCTION

A resource constrained robot, required to perform a desired
control task, is generally equipped with a low accuracy and
computationally fast perception model (local model). How-
ever, with advancements in machine learning, various percep-
tion models with different accuracy and latency trade-offs are
being trained (such as EfficientNet [[1] and ResNet [2]] suites).
In this context, the key requirement for a robot executing
a multi-step control task is to strategically leverage these
available models to perform the task efficiently. Specifically,
the robot must accomplish the task by optimally balancing per-
ception time and control cost. We refer to “perception time” as
“perception cost” since it can represent various metrics (such
as number of bit-operations performed, time taken to run on a
device, efc.). With the rapid advancements in model training
techniques that offer accuracy-latency trade-offs, developing
a model selection strategy that effectively balances perception
cost and control cost is crucial for modern robotic applications.
Consider a robot navigating a busy warehouse using multiple
perception models that trade off accuracy and compute cost.
Ideally, the robot should use high-cost, accurate models only
when necessary — such as during complex maneuvers to
minimize overall control cost. Our proposed solution provably
achieves this adaptive strategy. In general robotic tasks, the
choice of perception model at each step affects the robot’s
future states, making greedy approaches based only on cur-
rent information suboptimal. While optimal solutions like dy-
namic programming require knowledge of future environment
states—often unavailable in real-world settings—we address
this challenge by leveraging a key practical insight: the future
environment states are typically not unbounded, especially
when they are known to “not vary very fast”. For instance,
consider an aircraft landing sequence using perception models,
where the perception inputs are images that the models use
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to compute the aircraft’s altitude. This altitude is then fed to
the controller, which calculates the control inputs needed for
landing. Once the landing process begins, it is expected that
the aircraft’s altitude will decrease steadily, without sudden
fluctuations. Building on this idea, we address the challenge
of lacking future environment states by leveraging empirical
observations from past data (i.e., historical data) to derive
a probability distribution for future environment states. As
a result, our optimization approach relies solely on these
probabilistic distributions to optimally balance the expected
perception cost and control cost, rather than focusing on exact
control and computation costs. The proposed provable optimal
model selection policy outperforms existing model selection
approaches and achieves a performance that is very close
to that is very close to the (unrealistic) theoretical bound,
which assumes exact knowledge of the future environment
states. This performance is achieved with only the probabilistic
distribution (i.e. mean and variance) of future states, demon-
strating the effectiveness of our method in practical scenarios
where perfect future state information is not available. We
demonstrate our approach on a drone landing sequence, using
visual navigation, simulated on a photo-realistic simulator
named AirSim [3]. Our experiments have shown that we can
achieve 38.04% lower control cost in 79.1% less perception
time than other available policies. For the rest of the paper,
we refer to perception models simply as models.

Related Work and Contributions: Our work is closely related
to [4, 5]. [4] uses RL for model selection between fast
and slow models but lacks optimality guarantees. [5] offers
a provably optimal strategy under i.i.d. inputs, relying on
model compression [6, [7]. In contrast, we address control
tasks with non-i.i.d. inputs, where greedy strategies fail. Our
approach also applies to active learning and manipulation
with known human accuracy [8}, 9, [10]. [L1] studies sensory
data related compressions for perception. Given prior works,
mainly [4, [5l], our contributions are as follows: (I) Unlike
prior work that considers only two models—using either
reinforcement learning [4] or interpretable methods under
restrictive assumptions [S]—we provide a provably optimal
solution for selecting among any number of perception models
in multistep decision-making, even when inputs are not i.i.d.
(IT) We show that a special sub-case of the model selection
problem has polynomial time complexity. (III) We illustrate
our approach on a photo-realistic drone landing sequence
simulated in AirSim. The results of our experiments clearly
show how our approach outperforms other policies.



II. PROBLEM STATEMENT

Let us consider the following discrete time dynamics of the
robot: Try1 = fmodel(xt,ut, St), (1)
where, at time step ¢, x; denotes the state reached by the robot,
u; denotes the controller input to the robot, and s; denotes
the perception input. We note that, in the dynamics given in
Equation , the state of the robot z; is therefore dependent
on the perception inputs to the robot at previous time steps.
A widely adopted approach to address this challenge is to
use a linearized approximation of the dynamics, which offers
an effective yet practical solution. As such, we consider the
following linearized model of the robot:

Ti11 = Axy + Buy + Cs;. 2)

The robot’s model that we consider here follows the standard
linear dynamics (i.e., Ax; + Bu,), with the additive term C's,
that represents perception inputs, such as exogenous sensor
measurements. While this term interacts linearly with the
system dynamics via the matrix C, the perception inputs s;
themselves are estimated using DNNs.

Robot State: Given the dynamics as in Equation (2)), the set
of states reached by the robot from an initial set zg € R™ at
time step ¢ is given by x; € R™, where A € R™*".

Perception Input: The perception input to the robot at time
step t is given by s, € RP, where C' € R"*P. Let s € RPH*1
denote the vector of all perception inputs up-to time step H —1;
that is: s = [0 s1 sH_l]T

Controller Input: Given a perception input vector s, the
controller input to the robot at time step t is given by
uy = m(zy, Se—1,0c), where 7 is the policy providing the
control inputs, with the given parameter 6. (such as dynamics
matrix, feedback matrix, efc.), and s;.;_1 are the future
perception inputs from time ¢ to H—1 (see [12]). Let u = pu(s)
denote the vector of all control inputs, for a given perception
input vector s, up-to time step H — 1; that is: u = pu(s) =
[uo w1 uH,l]T, where u; = 7 (2, sp.n—-1,0c).

a) Perception Model: The true perception input to the
robot, at time step ¢, is given as s;. However, obtaining the
true perception input s, is practically impossible. Therefore we
use practically implementable perception models to estimate
s¢ as 8y, such as using DNNs. The loss between the true
perception input s; and the estimated perception input is given
by L(s¢, 8;). The cost incurred to the robot for invoking the
perception model is given by costper : Zjgw—1] — R. The
perception input at time step ¢ is given by §; = gper(w, t) for
a given choice of the model w, and the cost for invoking the
model is given by costpe(w). Intuitively, the model choice
w represents the desired quality of output by the user. The
function gper(-), for all ¢ and all w € Zg y—13, is defined as
follows:

gper(wvt) = F;U» (3)

where w € Zjg w _1) represents the model choice variable, and
I'}” € RP. The cost of invoking a model increases with its index
w, and is not limited to compute time—it can include factors

like server or bandwidth costs. To keep the problem general,
we assume perception cost does not affect control frequency.
In many practical cases (e.g., EfficientNet [1], ResNet [2]),
model cost increases approximately linearly with index. As
such, we define the cost of invoking a model w as follows:

costper(w) = w - T, 4

where T € R represents the ratio by which the perception
cost of the models increases with an increase in index; the
value of the constant depends on the application. While we
assume a linear perception cost for simplicity and realism,
our results extend to any convex quadratic cost. I'Y and FXV -1
represent the lowest- and highest-quality perception inputs
with corresponding minimum and maximum costs. Although
considering compute cost as perception cost (affecting control
frequency) is compelling, we defer this due to the lack of
closed-form results on how control frequency impacts con-
trol cost—unlike perception error sensitivity, for which we
leverage results from [4]. We leave this extension for future
work. Let C be the set of all possible sets of model choices
up to time step H. Let ¢ = {wo,wy, - ,wy_1} € C
be a set of choices of models up to time step H — 1. Let
the perception input vector, corresponding to c, be given as
. e e o T

follows 8¢ = [8§ &5 84 1], where s§ = gper(wy, t),
and the corresponding control vector is given as U = £(Sc¢).
The optimal control vector u* = p(s). Intuitively, §. denotes
the (estimated) perception inputs corresponding to the model
choices ¢ up to time step H — 1. The control vector UG is
the set of control inputs to be applied to the system that is
computed using the perception inputs §., while u* denotes
the optimal control inputs (that would have been applied if
the true perceptions inputs were known).

A. Perception Cost and Control Cost

In a multi-step model selection problem, the choices of
models influence the system’s trajectory and the correspond-
ing control costs. Given a set of model choices ¢ =
{wo, w1, ,wy_1}, and an initial set zo, the cumulative
control costs of the states traversed by the system due to
these model choices are represented by J¢"(c), simply
referred to as the control cost. Specifically, the model choices
c determines the perception inputs S., which, in turn, is
used to compute the controller inputs .. These controller
inputs dictate the system’s control actions, thereby dictating
the control cost J¢"(c). As such, [12] provides a closed
form solution to compute the control cost as follows:

H-1
T(e) = T (8,8, 20) = qu-1(zg—1)+ Y| q(xs, i), (5)
=0

where ¢(-) is the stage cost, gg—1(xg—1) is the terminal cost,
and we recall s is the set of perception inputs. While 7" (c)
gives us the control cost resulting from the model choices
c, the cumulative perception cost resulting from invoking the
models c, is given by J7¢"(c) as follows:



H-1

TP (c) = Z oSt per (W4 ). (6)

t=0

Once the two cost components, J7(c) and JP(c), per-
taining to the set of models c are defined, the total cost
incurred for invoking these models is defined as follows:

T c) = - T e) + B - TP (c). @)

Here, the weighting parameters «, 8 € R, determine the trade-
off between control cost and perception cost by assigning
relative importance to each.

Problem 1 (Model Selection Problem). Given a system with
dynamics as in Equation , and perception model gpe,(-) with
cost costyer(-), compute a set of choices cop for H time steps,
such that, for a given o, 8 and xy € R™:

Copt = arg min {J’m(c)}. 8)
ceC

Intuitively, we want to find a set of choices, Cop, such that
the total cost ™' (a weighted sum of the control cost and the
perception cost) is minimized. To achieve the minimum total
cost J*(c), both the control cost 7 (c) and the perception
cost JP°'(c) must be minimized. The control cost is minimized
when the true perception inputs s are used to compute the
controller inputs. Ideally, this means using u* to compute
J¢(-) instead of G (see Equation (5))), which is computed
from the perception inputs S, corresponding to the chosen
perception models c. However, since the true perception inputs
s are unknown, they must be estimated as accurately as pos-
sible using the most precise perception model available. This
ensures that the control cost is as close to optimal as possible.
Formally, for any given set of perception model choices c,
the following always holds: J¢(u*,s,zg) < J°(ue,s, o).
As noted above, J¢ achieves the minimum possible value
when control inputs are computed using the true perception
inputs. As this is clearly unrealistic, our goal is to select
a set of models c, such that, the J(Uc,s,xo) reaches as
close as possible to the unrealistic J¢(u*,s,zg). Therefore,
minimizing J"(c) is equivalent to minimizing the following:

(J(le, s, 20) — J¢(u*,s,20)) 9)

Using Equation (), we can rewrite the optimization formula-
tion to minimize the total cost J*'(c) as follows:

o (i) o)) <3570
—_——

min
ceC

min
ceC

perception term

(10)
Given an arbitrary perception input vector S, [12] offers a
closed form solution to J¢(u(8) = U, s, xo) — J¢(u*,s,z0).
Specially, [12] provides a closed-form expression for the cost
difference J¢ (u(é) = ﬁc,s,xo) - J¢ (u*,s,mo) which is
expressed as a quadratic function of the difference between
§ and s (as a quadratic function of the difference between S
and s as follows:

J(1(8),s,20) —J¢(u*,8,20) = (8—s) xUx (8—s), (11)

control term

where W is a positive semi-definite matrix that can be com-
puted efficiently using the closed-form solution in [12] (as
a function of the system parameters A, B and C and cost
matrices () and R). Importantly, we observe that the above
term (Equation (TI)) is independent of z,. This observation
leads to a reformulation of the model selection problem in
Problem which no longer depends on xy. Given a set
of choices, ¢ € C, recall that the perception input vector
corresponding to ¢ is 8. Using Equation (II)), the optimization
formulation in Equation (I0) can be equivalently rewritten as:

Problem 2 (Model Selection Problem). Given a system with
dynamics as in Equation , and perception model gpe,(-) with
oSt COStper(-), compute a set of choices copt for H time steps,
such that, for a given «, B:

min

min - o ((éc —8)T X U x (8¢ — s)) +3-J%(c). (12)

Theorem 1 (Equivalence). Problem [I| and Problem [2] are
equivalent. [Proof in Section [A]]

The key benefit of this reformulation is that it removes
the dependency on the initial state xg. This makes the model
selection process more versatile and applicable in real-world
scenarios, where the initial state is often unknown or dynamic.
An engineer or practitioner can compute the model selection
sequence just once and apply it to different contexts, sav-
ing time and resources. Furthermore, when the initial state
changes, the sequence does not need to be recomputed from
scratch, making the solution much more scalable and adaptable
to evolving conditions. This approach is especially effective in
practical scenarios where the initial state cannot be predicted
in advance.

III. METHODOLOGY

In this section, we wish to propose a provable optimal
solution to the model selection problem, as formalized in
Problem [2] that is also amenable to practical implementation.
Before we proceed to our proposed solution, it is worth
recalling that one of the major challenges in solving this
problem optimally is the lack of information on the future
perception inputs. As such, the challenge posed by the lack of
information on future perception inputs is formally manifested
as the unavailability of the term (S — s) in the model
selection problem defined in Equation (I2). This term captures
the difference between the actual perception inputs and the
estimated perception inputs (pertaining to a given set of model
choices c), and is the only component of Equation that
depends on future perception inputs. We address the lack of
information on the term (8. —s) in two steps. First, we encode
the model choices at each time step with binary variables.
Since there are W many choices for models at each step, and
this must be done for H time steps, we will use W x H
many binary variables to encode the model selection problem
as posed in Equation (I2). Secondly, using this encoding,
we propose a solution to the model selection problem that
utilizes the empirical probabilistic distribution of (S — s).
Finally, we show the existence of a special subclass of model



selection problem that is practically implementable and has a
polynomial time complexity.

A. Encoding Model Choices

The final output of the model selection problem, formulated
as an optimization problem in Equation (12), is the set of
model choices ¢ that minimizes the total cost, which is defined
as a weighted sum of the control and perception costs. Given
that there are W perception model choices available at each
time step—and decisions must be made over a horizon of
H time steps—the model selection problem is encoded using
W x H binary variables. Specifically, for each time step ¢ €
[0, H — 1], we introduce W binary variables {b¢,}!V !, where
each bf, indicates whether model w is selected at time step
t. Let b denote the complete set of binary variables required
to encode the model selection over the entire horizon: b =
(09,09, .. 0%y Doy by o, DY BT YA
value of b, = 1 indicates that the model w is selected at time
step t. The encoding must also enforce that exactly one model
is selected at each time step; i.e., for every ¢, exactly one binary
variable among {bf, ..., b%, ;} must be set to 1, and the rest
must be 0 (this structure is illustrated in ??). After defining
the binary variables with the constraint that exactly one among
{bh,..., b, 1} issetto 1 (and the rest to 0) at each time step
t, we use this to encode the perception input $; corresponding
to the selected model. Specifically, if b, = 1 for some w (and
bt, = 0 for all w' # w), then the perception input must be
5t = gper(w, t), and the associated cost is cost; = w - T (see
Equations (3) and (@)). This can be formally encoded using
the binary variables b as follows:

w-—-1

=" b gperliy ), (13)
i=0
W-1

cost; = 2 be-i-, (14)
=0

w1
such that 3 b; = 1, where Vyrez,, .- Intuitively, if by, =
1 (and the nggt are all 0), it implies that the model w has
been selected at time step ¢; i.e., §; = gper(w, t) with cost, =
costper(w). Using this idea, one can encode the perception
vector §. (i.e., the vector of perception inputs for all time steps
t pertaining to the model choices c), simply by replacing the
elements §; in S, as follows:
w-1
30 gpis0)
i=

50 :

. w-1

. t .
A N . Z bi ' gper(la t) 15
Se = St = i=0 ( )

. %/_J

. encoding of §; as per Equation (T6)

SH-1 :

LSS . '
2 b7 gper(i, H — 1)
i=0

_ W1 . _
b? : gper(zv 0)

§0 i=0
] W
Sc = St = Z bi 'gper(i7t) s (16)

} i=0

SH-1 w-1
> b gperli, H = 1)
L =0 i

where the t-th row encodes 3; (as per Equation ). Now that
S¢ has been expressed using b, we next focus on encoding the
term (S. — s), which is straightforward. Finally, we proceed
to encode the perception cost term [JP'(c) in terms of b as
well. Using Equation (I6), the term §, — s (where S, is the
vector of estimated perception inputs and s is the vector of true
perception inputs) can be encoded in terms of b as follows:

S0 S0
éc — 8 = §t — St
SH-1 SH-1
£
~ W -

w1 .
= 20 b - Gper(i,) — s¢ = V(b).

WS .
Z bl T gper(laH - 1) —SH-1
1=0 i

a7

W1
such that Yo<i<p—1 >, bY = 1. Similarly, JP(c) (see

i=0
Equation (6)) can be encoded with b as follows:

H—-1 W-—1
T (c) = T (b) = ) (Z bi T) (18)
t=0 =0

cost encoding as per Equation (T4)

As all terms required for reformulating Problem [2| using
binary variables have now been encoded (i.e., Equations
and (18)), we now proceed to present an optimal solution to
Problem [2] This formulation is amenable to implementation
on any standard optimization solver.

Solution 1 (Solution to Problem [2). The following Boolean
optimization problem provides an optimal solution to Prob-



lem 2]
min a- (V(b)T\I! V(b)) + BT (b)

w-1 (19)
st Vg Z b =1, Vi, b) € Zpo 1),
i=0

where V(b) is encoded in Equation (7), and J"(b) is
encoded in Equation (14).

B. Optimality in Expectation

We recall that one of the major challenges in the model
selection problem, as formulated in Equation @I) stems from
the lack of information about future perception inputs. This
challenge is formally reflected in the unavailability of the term
(8c —s) , which captures the deviation between the estimated
and the true perception inputs. It is worth noting that while the
term (S —s) is encoded using the term V(b) in Equation
using binary variables b, this encoding alone does not resolve
the problem of its unavailability due to the absence of future
data. This issue is the focus of the current section. Building
on the previous encoding, we now propose a solution that
leverages the empirical probabilistic distribution of the term
(Sc—s). As noted earlier in the introduction that such empirical
distributions can indeed be computed for a real world system
from the past data, especially when they are known to “not
vary very fast”. In this section, we assume that this distribution
is already computed and available for use [6, [7, [13]. While the
details of how this distribution is obtained are not discussed
here, the procedure is standard within the robotics literature.
For completeness, we provide a brief overview of the process
in the experimental section. Let the probabilistic distribution
of the deviation between the estimated and the true perception
inputs (i.e., (§c —s)) and the cost (note: cost remains the same
as before) be given as:

gper(w7 t) —St |~ 7?”’ (20a)
—_——

§; pertaining to w
costper(w) = w - T (20b)

where w € Zjg y_1] represents the model choice variable,
T € R.g, and 7;* is a probability distribution represented
with the random variable D}". Intuitively, DY corresponds to
the lowest-quality model, characterized by high-variance and
a mean farther from zero, but with the lowest perception cost:
costper(0) = 0. Conversely, D;” ~! corresponds to the highest-
quality model, offering low-variance estimates with a mean
close to zero, at the highest cost: costpe(W—1) = (W —1)-T.
It is worth pointing out that we do not impose any assumption
on the distributions. However, in practice, the distributions are
generally uniform or normal, as the models estimate the target
variable fairly well for most of the inputs, while performing
relatively poorly for some outlier cases. Given a random
variable D}, we denote its expected value as E[D}] and
its variance as Var (D}"). We naturally extend the operators
E[-] and Var (-) to the vector (§. —s) in a component-wise

manner. These are denoted as E[§. —s] and Var (S, —s),
respectively (further elaborated in ??). With these terms now
defined, we are now in a position to recast the model selection
problem that was initially presented in Problem [2] Instead
of minimizing the true (which is generally unknown) model
selection cost, we now seek to minimize its expected value.
Specifically, the objective now becomes to compute a sequence
of model choices that minimizes the expected total cost of
model selection, balancing control cost and perception cost,
as follows.

Problem 3 (Model Selection Problem). Given a system with
dynamics as in Equation [2), and perception model distribution
with cost costpe,(-), compute a set of choices Cop for H time
steps, such that, for a given o, B:

E [a . ((éc —8)T X W x (8¢ — s)) + 8- J””(c)] .
2D
Given E[s.—s] = E[V(b)] and Var(s.—s) =
Var (V(b)), Problem [3| can be solved by the following op-
timization problem, as proposed in Solution 2]

Solution 2 (Solution to Problem [3). The following Boolean
optimization problem provides an optimal solution to Prob-
lem 3l

min
ceC

min o (E[V(b)]" VEV(b)])
+a-V-Var (V(b)) + 8- T (b)

wW—-1
s.t. Yy Z b,f =1,
=0

(22)
Vtﬂ' bf € Z[0,1]~

where V. = [¥[0,0] W[1,1]
where K = p - H is the dimension of V.

UK -1,K-1]],

Intuitively, the only difference between Equation (I9) (So-
lution [I) and Equation (Solution [2) is that, instead of
minimizing the total cost, it minimizes the expected total
cost. Since it uses the expectation operator (E[-]) on the
random variables, the extra term with variance (V) arises
in Equation (22) after algebraic manipulations of random
variables with the expectation operator.

Theorem 2. Solution [2| solves Problem [3| assuming the
random variables Dy’, for all t and w, are independent.

The proof provided in Section |A] follows from algebraic
manipulation of Equation 2I).

Remark 1. The Boolean optimization formulation in Solu-
tion [2] using H - W Boolean variables, is NP-Hard. [14, |15]]

We note that Remark [I] states the proposed solution is NP-
Hard; it does not claim that the problem is NP-Hard. The
complexity class of the model selection problem is currently
unknown, and is left as a future work. Note that though we
consider a more general version in Problem 3| than Problem [2]
we still do not introduce any additional variables to the
optimization formulation. The only additional term is added
in the objective function, which is again linear. While a



continuous relaxation of the discrete model choices can give
an approximate answer, we do not yet understand the order of
approximation in the solution returned. An interesting case
would be when the robot has an infinite choice in model
selection, modeled by a continuous variable ¢ € [0,1]. Such
an abstraction can be used to model the early-exit strategies in
Deep Neural Networks with many layers. We conjecture that
such relaxation and special instances of model selection can
be solved in polynomial time.

Moving Objects
a[—»Drone
Helipad

(a) AirSim Environment. The environment emulates a drone landing on a
helipad, where the environment also has a lot of other fixed and moving objects.
EfficientNet Model (Parameters vs. Loss)
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(b) Accuracy of All the Trained EfficientNet Models. The = and the y axis
represents number of parameters in the DNN and the MSE accuracy respectively.
This plot shows the average accuracy and 95% confidence interval of all the
trained EfficientNet models.

Fig. 1. AirSim environment and data gathering.

IV. EXPERIMENTS

The approach is evaluated on a photo-realistic drone landing
task using visual navigation. The system’s state includes
altitude, rate of change of altitude, pitch angle, and rate of
change of pitch angle, with the elevator angle as the control
input. Landing is achieved using LQR control as described
in [12]]. The drone model from [16] is used, discretized, and
expressed in the form of Equation (Z), where the term C's;
represents the estimation error in altitude. This term accounts
for differences between the model’s predicted state and actual
conditions, which may arise due to uncertainties like wind
or a moving landing pad (e.g., on water). To estimate the
true altitude, various perception models can be employed.
In the following experiments, the proposed solution to the
model selection problem will be evaluated. The technique
requires future perception input information (i.e., distributions)
for provable optimality. In the experiments, this information

is the discrepancy between the true altitude and the estimated
altitude at a given time, based on perception models. The
dynamics of the drone and historical data are used to determine
the mean and variance of this discrepancy, though precise
accuracy is not required. The proposed approach selects an
optimal perception model at each step, balancing control
and perception costs, outperforming other benchmark policies.
AirSim [3] will be used to gather drone landing datasets, which
will be used to train EfficientNet models (b0 to b7) [1] for
accurate altitude estimation. After training, the optimal model
selection approach will be applied to land the drone by balanc-
ing control and perception costs. To reiterate, the main purpose
of this experiment is to evaluate our proposed solution to check
if it indeed strikes the optimal balance between control cost
and perception cost, against the following benchmarks: 1) A11
Small: The model with the least accuracy and compute cost
is used at all time steps. 2) A11 Large: The model with the
highest accuracy and compute cost is used at all time steps.
3) Random: At a given time step, a random model is chosen to
perform the task. 4) Optimal: Our proposed model selection
policy. 5) Oracle: A strategy that assumes the results of
all the models are known a priori, even without invoking
the model. We note that this is an infeasible policy, and we
use this policy just to benchmark our proposed policy, which
also serves as a theoretical best case bound. Using our model
selection policy, we want to reduce the total control cost for
landing the drone with minimal perception cost. We simulate
a photo-realistic drone landing sequence in AirSim using
visual navigation techniques. In addition to these high-fidelity
simulations, we have also conducted numerical experiments
to evaluate the efficacy of our approach. These results, along
with implementation details and further analysis, are provided
in the appendix for interested readers. The drone landing is
simulated in AirSim to gather a dataset, which includes images
captured by the drone’s camera and the altitude relative to the
helipad. The dataset is used to train EfficientNet models (b0 to
b7), and the distribution of these models is computed using a
separate dataset. Following this, the approach solves the model
selection problem (as described in Problem [3) and evaluates
the solution. Next, we perform the following steps to compute
the distribution of the perception models using AirSim. (I) A
drone simulation was set up for landing on a helipad amidst
clutter and moving objects that could affect perception (see
Figure [Ta). (II) A dataset of 2093 training images and 897
testing images was collected with the drone’s camera. (IIT) Ef-
ficientNet models (b0 to b7) were trained to predict the drone’s
height difference from the helipad with model accuracy given
in Figure [Tb] (IV) After training, the testing dataset was used
to compute the distribution (as described in Equaion [20a) for
each model. Once the distributions are obtained, following
steps are executed. The model selection problem (Problem
is solved, and the model selection sequence for 150 time
steps is generated (shown in Figure [2a), taking 4.16 seconds.
The parameters are adjusted to prioritize control cost over
perception cost, with a = 0.6 and § = 0.4, indicating that
60% of the effort is assigned to control cost and the remaining
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(a) Model Selection Sequence. The = and the y axis
represents time steps and the perception models invoked
respectively. That is, this plot shows the perception models
to be invoked at a every time step, up-to 150 time steps.

cost and perception model cost for all the policies are
shown. Clearly, our proposed policy (Optimal) achieves
an optimal balance between control cost and perception
model cost compared to other policies.

(c) Rewards. Total reward obtained by various policies.
Clearly, our proposed strategy (Optimal) obtains highest
reward, and very close to the infeasible Oracle policy.

Fig. 2. Results evaluating our proposed model selection strategy (Optimal) on an aircraft landing simulation in AirSim.

40% to perception cost. Additionally, T is set to 1el0. We
now evaluate our model selection sequence over 100 trials,
and observe the following:

« Total perception cost and total control cost for all the
polices are given in Figure as they are similar to
our previous results. We clearly observe that our model
selection strategy (Optimal) outperforms all other poli-
cies, achieving low control and perception cost. In par-
ticular, using our policy one can achieve 38.04% lower
control cost in 79.1% less perception model cost than the
Random policy.

« Total reward gathered by all the polices is given in
Figure as they are similar to previous experiments.
Our policy achieves 13.97% better reward than the sec-
ond best policy (A1l Large), and just 0.3% far from
the infeasible Oracle policy—this demonstrates that
the performance of our suggested optimal strategy is
extremely close to the theoretical best case bound.

« Finally, the trajectory of landing with change in altitude
with time was obtained.

V. CONCLUSIONS AND DISCUSSION

This work addresses the often-overlooked model selection
problem in robotics-deciding which perception model to use
during multi-step control tasks. Unlike most existing ap-
proaches that focus solely on mean accuracy, this study high-
lights the importance of output variance in decision-making.
Using only the distribution of model outputs, a provably
optimal solution is proposed. Applied to a drone landing task
in AirSim, the method reduces control cost by 38.04% and
perception time by 79.1% compared to benchmarks. These
findings encourage designing perception model suites that
consider variance, offering a mathematically sound approach
for integrating diverse perception models in control systems.
Discussion and Future Work: In our formulation, the dynam-
ics of the system is considered to be linear with additive uncer-
tainties. In our future work, we wish to extend our techniques
to non-linear dynamics with more intricate uncertainties. We
note that such an extension is not straightforward. One needs
to extend the closed loop control cost formulation and encode

the optimization problem in a manner that can be solved
efficiently. Further, we have currently focused on LQR control
using analytical results from the literature. We wish to extend
this to other formulations such as robust control (like Hy or
H,,). Finally, we also intend to advance the multiple step
decision problem for multi-agent robot systems. In such a
setup, how to allocate perception models to the robots such
that optimality is ensured. Finally, we also intend to deploy
the synthesized model selection policy on real robots.
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APPENDIX
We now provide a proof of Theorem

Proof. Problem |l| is stated as the following minimization
problem:

s tot
min - J*(c). (23)
The above equation can be equivalently restated as:
min - J%c) + 8- T (c). (24)
ceC

That is, ¢, € C minimizing the above optimization
problem is a solution to Problem [2]

Next, we show that minimization problem in Equation (I2)
is equivalent to the minimization problem in Equation (24).

Consider the following equivalent formulations:

a- ((éc—s)T x U x (éc—s)>+

min
ceC
B - J"(c)
(25)

min
— ceC

o (f(u(g),s,mo) — Jc(u*,s,xo))-l-

B-TJ"(c) [. Equation ()]
(26)
— min - a- (jc‘rl(c)—Jc(u*,s,:ro))+
BT (c)
(27)
min - a- T () + B+ T™(c) —
— Equation @4

o J(u*, s, z0) .
| —
Oracle control cost

(28)

The term o+ J¢(u*, s, o) encoding the oracle control cost
is a constant term in the objective function of the above
optimization problem, as it is independent of the optimization

variable c. Note that the objective function of the optimization
formulation, in Equation (28), is obtained by subtracting the
constant term « - J°(u*,s,zo) from the objective function
of the optimization problem in Equation (24). Therefore,
Copt € C minimizing the objective function in Equation (24)
also minimizes the objective function in Equation (28). [

We now provide the proof of Theorem

Proof. Given a set of choices c =

{wo,wl, e ,wH,l}, one can represent c  using
— 0 10 0 1 1 H-1

b = {bg, 0%, ..., bYy 1,05, - by, .. b1}, such

wW—-1
that, VOStSHflb»twt = 1, and V()gtg[—[f] Z bﬁ =1.

i=0
The expectation and variance of (S, — s) are given below.

w1 o
2. by E[gper(4,0)—s0]
1=0

w1 ’
Z bi'E[gper(i»t)*st]
i=0

wW-—-1 He1 ’
Z bi 'E[gpcr(iqul)*SH—l]
i=0

L i=

29
Var (8. —s) = Var V(b)) =
B wW—1 -
X 62-Var(gu(i,0)=s0)
W—1 ’
Z b:'var(gper(i7t)—5t) (30)

i=0

W—-1 He1
'20 b, -Var(gpe(t,H—1)—sm_1)

L i= .

If the random variables are D}’ are independent, the objec-
tive function given in Equation (21) can be rewritten as:

Ela (=) x ¥ x (5 =) +8-T™(c)| =
a (]E[(éc —8)]" x U x E [(5 ~s)])+
a-V-Var((8c —s)) + 8- T*(c).

1

W —
Since 8§, —s = V(b), with constraints V; >, b = 1 and

=0
Vy,ibl € Zo,1]- the above equation evaluates to the following:

(ED®)T x ¥ xEV(Db)] )+

a-V-Var V(b)) + 8- T*(b).
Finally the optimization in Equation (22)) is formulated by
replacing the objective function with the above equivalent

function, and the added constraints.
O
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