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A Derivative-Free Optimization Method With
Application to Functions With Exploding
and Vanishing Gradients
Said Al-Abri , Tony X. Lin, Graduate Student Member, IEEE, Molei Tao ,
and Fumin Zhang , Senior Member, IEEE

Abstract—In this letter, we propose a bio-inspired
derivative-free optimization algorithm capable of minimizing objective functions with vanishing or exploding gradients. The proposed method searches for improvements by
leveraging a PCA-based strategy similar to fish foraging.
The strategy does not require explicit gradient computation or estimation and is shown in simulation to require few
function evaluations. Additionally, our analysis proves that
the proposed algorithm’s search direction converges to the
gradient direction everywhere outside of small neighborhoods around local minima. Applications to a data-driven
LQR problem and noisy Rosenbrock optimization problem
are demonstrated. Empirical results show the proposed
method exhibits fast convergence and is able to find the
LQR gains for any controllable system, including unstable
systems, and is robust to noisy function evaluations.
Index Terms—Derivative-free optimization, exploding and vanishing gradient, data-driven systems, linear
quadratic regulator.

I. I NTRODUCTION
N DERIVATIVE-FREE (or 0-th order) optimization problems, objective functions with unknown analytical forms
(also known as black-box functions) are directly optimized
without estimating gradients or higher-order components
derivatives [1], [2]. They have been widely used for deep neural network fitting and for policy optimization in control and
robotic systems [3], [4], [5], [6], [7]. These methods have
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recently received more attention in the optimization community as useful approaches when an objective function has a
derivative that is prohibitively expensive to estimate [4]. In
particular, these methods may be better suited than gradient
estimation methods when the gradient is ill-defined, i.e., the
gradient either explodes or vanishes [8].
These ill-defined gradients naturally occur in many common
optimization problems. In deep neural networks, vanishing or
exploding gradients may prevent proper backpropagation of
the network weights [9], [10], while in reinforcement learning, exploding gradients may cause parameter estimation to
fail. In the case of searching for optimal controller parameters, these exploding gradients are naturally evident when the
control parameters induce an unstable system [11].
In this letter, we leverage a modified version of a decentralized bio-inspired source-seeking strategy known as SpeedingUp or Slowing-Down (SUSD) [12], [13] as a sample-efficient
derivative-free solution for optimization in scenarios where the
gradients may be ill-defined, i.e., vanish or grow to infinity. We validate our method through a data-driven Linear
Quadratic Regulator (LQR) problem (in which exploding gradients occur if the feedback gains induce instability) and a
noisy Rosenbrock optimization problem (whose global minimum is inside a long and narrow flat valley of a vanishingly
small gradient).
Many existing derivative-free optimization methods rely on
a direct search based only on function evaluations. The authors
of [14] analyze the Nelder-Mead algorithm that refines the
shape of a simplex to find a local minimum. However, the
method suffers from a lack of convergence results as the existing convergence analysis depends on specific dimensionality
assumptions of the optimization problem [14], [15]. In [8],
random search methods are analyzed in which candidates are
drawn randomly near the current estimate. While the analysis
of these methods is robust, they suffer from slow convergence
rates and high sampling rates. A consensus-based gradientfree optimization method is presented in [7] which is effective
for high-dimensional problems. However, this method lacks
stability analysis for choosing the optimal parameters.
In model-free optimal control, Extremum Seeking Control
(ESC) is another derivative-free search method which also
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relies only on function evaluations [16], [17], [18], [19], [20].
However, ESC implicitly estimates the gradient of the objective function at each iteration which depends on well- behaved
gradients. Inspired by ESC, the authors in [21] use noncommutative maps to approximate a gradient descent step,
which might be unreliable in circumstances where the gradient is not well-behaved. As another alternative, trust-region
methods are designed to ensure each iteration improves the
minimum estimate [22]. These methods iteratively compute
approximations (usually quadratic models) of the objective in
a neighborhood called the “trust region” of the current estimate. However, the computation of the local approximation is
expensive and iterations may not yield improvements if the
estimate of the trust region is insufficiently accurate.
In the data-driven LQR problem, in which system trajectories are used to minimize the finite horizon cost of a
linear time-invariant system, various solutions have also been
proposed. The authors of [11] provide analysis of policy gradient algorithms that identify the LQR gains when the system
(A, B) is unknown and the authors of [23] identify the LQR
gains using formulas that completely describe the input-state
(or input-output) behavior of the linear system. The approach
described in [23] in particular is very efficient in that the
formulas obtained require only one data set system trajectory. In cases where the open-loop system is unstable or an
initial stable policy for the closed-loop system is unknown,
the gradient of the LQR cost function explodes causing the
approaches detailed in [11] and [23] to fail. As such, computing an estimate of the LQR gains when the system is unstable
and unknown is still a difficult problem.
The main contributions of this letter are therefore as follows:
i) generalizing SUSD as a derivative-free optimization method
for general functions defined in a Euclidean space of arbitrary dimensions, ii) proposing a novel exponential mapping
of the objective function that allows for the application of the
SUSD algorithm to a wide variety of optimization problems
with ill-defined derivatives, i.e., with vanishing or exploding gradients, iii) deriving the SUSD optimization dynamics,
and stability and robustness analysis under both linear and
exponential objective function mappings, and iv) obtaining
empirical results for solutions to the data-driven LQR problem
when the system is inherently unstable and comparisons with
the Natural Policy Gradient (NPG). In addition, we provide
empirical evidence that our approach is robust to noisy evaluations of the function by optimizing a high dimensional
classical nonconvex test function (Rosenbrock) where function
evaluations are perturbed by Gaussian noise.
The main challenge this letter has solved is in optimizing black-box functions in which the gradient is ill-defined.
Compared to our previous 2D robotic source seeking work
in [12] and [13], this letter proposes an exponential objective function mapping and considers objective functions that
are nonconvex and of arbitrary large dimensions. In addition,
the search dynamics derivations and stability analysis are for
arbitrary dimension and retain the higher-order derivatives of
the function. From this, we are able to refine the convergence neighborhood around the desired equilibrium and obtain
theoretical guarantees which are lacking in most existing

derivative-free optimization methods. Code for the simulations
can be found at https://github.com/tony-x-lin/susds earch.
II. P ROBLEM F ORMULATION
Consider the optimization problem
x∗ = arg min z(x),

(1)

x

where z : Rd → R is a scalar objective function.
Assumption 1: The function is continuous and twice differentiable. However, the analytical forms of z, the gradient ∇z
or the Hessian ∇ 2 z are unknown.
As will be shown later, our algorithm only requires the function to be continuous, but our convergence proof requires the
scalar objective function to be C 2 . A challenge we consider in
this letter is that we consider the function z to possibly suffer from an exploding or vanishing gradient problem (EVGP).
This problem occurs when the gradient ∇xt z(xt ) of the function z(xt ) at time t is very large for some xt and very small for
others [10]. That is ∇xt z(xt ) ≈ 0 or ∞. With such a problem, a
gradient descent update xt+1 = xt − λ∇xt z(xt ) might be either
too small to be provide progress or too large to be stable [10].
SUSD is a method developed in [12], [13] for multi-robot
distributed source seeking in 2D smooth fields. Using SUSD,
each agent relies only on its evaluation of the field function
to modulate its speed and climb the gradient. This motivates
us to use SUSD with virtual agents to solve the optimization
problem (1). However, using the values of a function with an
EVGP to govern the speeds of the virtual agents leads to either
extremely slow performance as in the functions with vanishing
gradients, or unstable performance as in the functions with
exploding gradients. For example, the LQR cost function (26)
is indeed infinite for an unstable policy K, and even for stable
policy K it may assume very large values. Additionally, it is
hard to design a termination policy when the minimum z(x∗ )
is extremely large and hence the virtual agents may not self
terminate at the optimal.
III. T HE S PEEDING -U P AND S LOWING -D OWN (SUSD)
O PTIMIZATION A LGORITHM
Consider M virtual search agents, where each agent acts
as a candidate solution xi ∈ Rd . We need M ≥ d, i.e., the
number of search agents is at least equal to the dimension
of the function. Define the covariance matrix C ∈ Rd×d as
follows:
C=

M

(xi − xc )(xi − xc ) ,

(2)

i=1


where xc = M1 M
i=1 xi is the center of the agents. Let
{v1 , . . . , vd } be the eigenvectors of the covariance matrix (2)
associated with the eigenvalues {λ1 , . . . , λd }, ordered from the
smallest eigenvalue λ1 to the largest eigenvalue λd . Observe
that the eigenvectors of C produces the principal components
of the spatial distribution of the agents.
Let the velocity of each agent be described by
ẋi = f (xi )v1 ,

i = 1, . . . , M,
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Fig. 1. Trajectories of 2-agent (left) and 6-agent (right) systems searching convex and nonconvex functions, respectively. All agents move along
the SUSD direction (v1 , illustrated by black arrows) with a speed proportional to the individual function values (f (xi ), illustrated by the length of
the arrows). This inter-agent speed difference deforms the spatial shape
which rotates the SUSD direction.

where f : R → R is a linear mapping defined by
f (xi ) = γ z(xi )

i = 1, . . . , M,

i = 1, . . . , M,

(5)

where γ is a positive scalar value, and
z̄ = z̄(t) = min z(xi (t))
i

Algorithm 1 SUSD Optimization Algorithm
1: Input: number of agents M, initials xi0 , gain γ , termination
parameters W, , anddiscretization constant η.
W
2: while z̄(t) − (1/W)
h=1 z̄(t − h) < , do
3:
compute C(t) and v1 (t)
4:
for i = 1, . . . , M, do
5:
evaluate zi (t) = zi (xi (t))
6:
end for
7:
compute z̄(t) = mini zi (t)
8:
for i = 1, . . . , M, do
9:
compute f (xi (t)) = γ [1 − exp(z̄(t) − zi (t))].
10:
update xi (t + 1) = xi (t) + ηf (xi (t))v1 (t).
11:
end for
12: end while
13: return x∗ = xi such that zi (t) = z̄(t).

(4)

in which γ is a positive constant scalar value. Under (3), each
agent speeds up or slows down along the direction v1 depending on its evaluation of the function z(xi ) at its current position
xi . We call the v1 direction the SUSD direction. In Fig. 1, we
demonstrate the approach for 2D scalar functions.
The Exponential Function Mapping: To handle the EVGP,
we introduce the mapping
f (xi ) = γ [1 − exp(z̄ − z(xi ))],

589

(6)

is the instantaneous attained minimum function value among
the agents. Note that f (x) ∈ [0, 1] where f (x) = 0 if and only
if z(x) = z̄, and f (x) = 1 if and only if z(x) = ∞.
The idea behind this mapping is that the SUSD direction
rotates based on the inter-agent function differences. Observe
that (5) preserves this inter-agent difference while it allows us
to control the forward speed by the parameter γ even when
z(x) = ∞. Let τ = {t|z̄ = z(xk )} be the time interval where
mini zi is attained by the k-th agent. Hence, in this interval,
the k-th agent does not move while the remaining agents
move toward the temporary target z̄ = z(xk ). However, and
depending on γ , some agents overshoot the target where by
equation (6) a new z̄ is attained, and so on. This enforces z̄(t)
to be decreasing and the algorithm will eventually reach close
to the optimal minimum. We will show in Section V that even
when the norm of the gradient explodes, using (3) with (5)
allows our approach to converge to the gradient direction but
with step sizes limited by γ .
A pseudocode description for the algorithm is given in
Algorithm 1. Observe that we terminate the algorithm whenever there is no improvement in the attained minimum for the
last W iterations.
Remark 1: Computing the SUSD direction at each iteration
becomes a non-trivial operation as the number of dimensions
increases. However, there exist computationally efficient methods for computing the PCA directions that can be used instead
to ensure the proposed SUSD search method is inexpensive at
each iteration [24], [25], [26].

IV. T HE O PTIMIZATION DYNAMICS
In this section, we derive the dynamics of the SUSD PCA
˙
direction v̇1 , function value ż, and its gradient ∇z.
Lemma 1: Using the control law (3), the dynamics of the
SUSD direction is described by
 


d
M
1

vk v
(fi − fa )(xi − xc ) , (7)
v̇1 =
λ1 − λk k
k=2

i=1


where vk is the k-th eigenvector of C and fa = M1 M
i=1 fi (z)
is the average function value. 
x . Hence, using (3) we
Proof: Recall that xc = M1 M
i=1
 i
obtain ẋc = fa v1 , where fa = M1 M
i=1 fi (z). Taking the time
derivative of (2) and using ẋi and ẋc , we derive
Ċ =

M




(fi − fa )[v1 (xi − xc ) + (xi − xc )v1 ].

(8)

i=1

Moreover, by definition Cv1 = λ1 v1 . Taking the derivative, we
obtain Ċv1 + Cv̇1 = λ̇1 v1 + λ1 v̇1 . Taking then inner product
with the eigenvector vk , k = 1 on both sides, we obtain
vk , Ċv1 + vk , Cv̇1 = λ̇1 vk , v1 + λ1 vk , v̇1 ,

(9)

Since C is symmetric, then Ċ is also symmetric. This implies
that vk , Cv̇1 = Cvk , v̇1 = λk vk , v̇1 . Using this along with
the fact that vk , v1 = v1 , vk = 0, we obtain from (9)
vk , v̇1 = −

1
vk , Ċv1
λk − λ1

(10)

Since C is symmetric, one can always find a complete set of
orthogonal eigenvectors {v1 , . . . , vd }. Therefore, we may write
v̇1 =

d


vk , v̇1 vk .

(11)

k=2

Substituting (8) in (10), and using (11), along with the fact
that vk , v1 xi − xc , v1 = 0 yields the desired result.
Let fc = f (z(xc )) and define the gradient ∇f = ∇f (xc ).
Then we approximate fi = f (xi ) using Taylor expansion with
respect to the center xc , as follows
fi − fc = xi − xc , ∇f + ωi ,
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where fc = f (xc ) and ωi = O( xi − xc ) is the sum of
remaining higher order components of the function.
Lemma 2: Using the control law (3), the dynamics of the
SUSD direction is described by
d


λk

vk v ∇f + ω,
(13)
λk − λ1 k
k=2
 


d
M
1

vk vk
ωi (xi − xc ) . (14)
ω=−
λk − λ1
k=2
i=1
1 M
Proof: Let ωa = M i=1 ωi which implies from (12) that
fa = fc + ωa . Using this, multiplying both sides of (12) by
(xi − xc ), and summing over all i, we derive
v̇1 = −

M
M


(fi − fa )(xi − xc ) = C∇f +
ωi (xi − xc ).
i=1



Substituting (15) into (7), and using the fact that vk C = λk vk ,
yields (13).
Denote by zc = z(xc ) the z function value at the center, xc .
Also, let ∇z = ∇z(xc ) be the gradient of z function at the
center, xc .
Lemma 3: Using the control law (3) along with the linear
mapping (4) yields the search dynamics
żc = γ za ∇z, v1 ,

za =

M
1 
z(xi (t)),
M

(16)

i=1

v̇1 = −γ

d

k=2

λk

vk v ∇z + ω.
λk − λ1 k

(17)

Proof:
M We have żc = ż(xc ) = ∇z(xc ), ẋc . But ẋc =
i=1 f (xi )v1 = γ za v1 , which proves (16). On the other
hand, f (xc ) = γ z(xc ) implies that ∇f (xc ) = df
dz ∇z(xc ) =
γ ∇z(xc ). Finally, substituting γ ∇z(xc ) for ∇f (xc ) in (13)
completes the proof of (17).
Lemma 4: Using the control law (3) along with exponential
mapping (5) yields the search dynamics
1
M

żc =

M
γ 
[1 − exp(z̄ − zi )] ∇z, v1 ,
M

(18)

i=1

d


λk

vk v ∇z + ω.
(19)
λk − λ1 k
k=2

γ M
Proof: We first derive ẋc = M1 M
i=1 f (xi )v1 = M
i=1 [1 −
exp(z̄ − z(xi ))]v1 . Substituting this in ż(xc ) = ∇z(xc ), ẋc
proves (18). On the other hand, ∇f (xc ) = df
dz ∇z(xc ) =
γ exp(z̄ − z(xc )∇z(xc ). Therefore, substituting this for ∇f (xc )
in (13) completes the proof of (19).
∇z
Define N = ∇z
to be a unit-length vector in the direction
of the gradient. Let H = ∇ 2 z(xc ) be the Hessian matrix of the
z function at the center, xc .
Lemma 5: Suppose the agents are moving according to the
control law (3). Then, if we apply the linear mapping (4), the
gradient at the center changes according to
v̇1 = −γ exp(z̄ − zc )

γ za
(I − NN )Hv1 ,
Ṅ =
∇z

M
1 
za =
z(xi ).
M
i=1

Ṅ =

M
γ /M 
[1 − exp(z̄ − zi )](I − NN )Hv1 .
∇z

(21)

i=1

1
1 d
Proof: We first write Ṅ = dtd ( ∇z
)∇z + ∇z
dt (∇z). But
= Hẋc , where H is the Hessian matrix. On the other
1
hand, dtd ( ∇z
) = − ∇z −3 (∇z) dtd (∇z). Consequently, we

1
obtain Ṅ = ∇z (I−v1 v1 )Hẋc . Substituting ẋc = γ za v1 for the
linear mapping
yields the desired result (20). Similarly, substiγ
M
tuting ẋc = M
i=1 [1 − exp(z̄ − z(xi ))]v1 for the exponential
mapping yields the desired result (21).
d
dt (∇z)

V. T HE C ONVERGENCE A NALYSIS
(15)

i=1


If instead, we apply the exponential mapping (5). Then
gradient at the center changes according to

(20)

We now analyze the convergence of the SUSD direction
v1 to the negative direction of the gradient −N. Define θ =
1 + v1 , N , where θ = 0 if and only if v1 = −N. Then,
using (17) and (19), we obtain
θ̇ = γ σ ∇z

d

k=2

λk
N, vk
λ1 − λk

2

+ δ = h(t, θ, δ), (22)

where either σ = 1 for the linear mapping or σ = exp(z̄ − zc )
for the exponential mapping. Additionally, δ = N, ω +
Ṅ, v1 depends on the higher order components of the function. We will view δ as an external disturbance to the state θ
due to the effect of the nonlinearity of the 
function which
d
cannot be controlled by the swarm. Since
k=2 λk /(λ1 −
λk ) N, vk 2 = 0 if and only if N, vk = 0, ∀k = 1, then
h(t, θ, 0) = 0 if and only if v1 = ±N, i.e., θ = 0 or
θ = 2. Note that when v1 = ±N, then using (20) and (21),
Ṅ, v1 = ± Ṅ, N = 0. Similarly, when v1 = ±N, then
using (14), N, ω = 0. This implies that the perturbation δ
vanishes at the equilibriumpoints θ = 0 or θ = 2.
Let  ∈ (0, 1) and ω̄ = M
i=1 ωi (xi − xc ). Define
(d − 1) λd − λ1
μ=
·
2λ1 σ  λ2 − λ1



λ1 σ ζ H (λ2 − λ1 )2
2
ω̄ +
,
(23)
ω̄ + 4
(λd − λ1 )(d − 1)2

where either ζ = M1 M
i=1 zi for the linear mapping, or ζ =

M
1
[1
−
exp(z̄
−
z
)]
for the exponential mapping. Recall
i
i=1
M
that d is the dimension of the function and λd and λ1 are the
largest and smallest eigenvalues, respectively. Additionally, H
is the Hessian matrix of the function.
Theorem 1: Consider (22) and suppose ∇z(xc ) > μ
where μ is as defined by (23). Then the equilibrium θ = 0
of the unforced system θ̇ = h(t, θ, 0) is asymptotically stable in which whenever θ (0) ∈ [0, 2), then θ (t) → 0 as
t → ∞. Furthermore, for an input disturbance satisfying
1
μ for some  ∈ (0, 1), the equilibrium θ = 0
|δ| < γ σ  λdλ−λ
1
of forced system h(t, θ, δ) is locally input-to-state stable.
Proof: Define D = [0, 2). Let V : D → R be a Lyapunov
candidate give by V = θ/(2 − θ ), where V = 0 if and only if
θ = 0 and V → ∞ as θ → 2. Then, when δ = 0, we obtain
λ1
V,
(24)
V̇ ≤ −2γ σ ∇z
λd − λ1
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Since V̇ = 0 if and only if θ = 0, then the origin
of the unforced system h(t, θ, 0) is asymptotically stable.
Additionally, since V̇ → −∞ as θ → 2, and the fact that
V → ∞ whenever θ → 2 and ∇z > μ > 0, implies that D
is a forward invariant set, and thus θ ∈ [0, 2) for all t. For the
forced system h(t, θ, δ), we obtain
V̇ ≤ −2(1 − )γ σ ∇z V, ∀|θ | > ρ(|δ|),
(25)

|δ|
1
where ρ(|δ|) = 1 − 1 − λdλ−λ
γ σ ∇z is a class K function.
1

1
μ, then the set θ ∈
Since it is assumed that |δ| < γ σ  λdλ−λ
1
|θ|
which
[0, ρ(|δ|)) is not empty. Let α1 (|θ |) = α2 (|θ |) = 2−|θ|
are class K functions that satisfy α1 (|θ |) ≤ V(θ ) ≤ α2 (|θ |).
Therefore, using Definition 3.3 of local input-to-state stability
in [27], and according to [28, Th. 4.19], the origin of the forced
system h(t, θ, δ) is locally input-to-state stable. We used the
local ISS definition of [27] since the state θ and disturbance
δ are defined in local domains, i.e., θ ∈ [0, 2) and |δ| <
1
μ.
γ σ  λdλ−λ
1
From (16) and (18), we see that zc is decreasing until entering the set ∇z < μ. For the linear mapping, once ∇z < μ,
zc oscillates especially when z∗ is large. However, for the exponential mapping, although zc might increase when ∇z < μ,
the agent with zi = z̄ becomes the anchor of the swarm where
the other agents oscillate around it until another agent attains
a smaller z̄.
Remark 2: The bound μ in (23) describes a region of attraction for the origin (22). That is, the SUSD direction, v1 , is
attracted to the negative gradient, −N, whenever ∇z dominates ω . Interestingly, (23) suggests that μ decreases when
the eigenvalues are close to each other, i.e., when the agents
are radially distributed. Note that in (23), ζ ∈ [0, 1] for the
exponential mapping, while ζ ∈ [0, ∞) for the linear mapping. This implies that when the minimum z(x∗ ) > 1, then
the region of attraction of the exponential mapping is larger
than that of the linear mapping.
Remark 3: The ISS result in Theorem 1 may not hold for
an arbitrary discretization constant η when using the discrete
SUSD control law xi (t + 1) = xi (t) + ηf (xi (t))v1 (t). By making η small enough we can derive similar ISS result using
techniques from [29], which we leave for future work.

VI. S IMULATIONS
The proposed method is applied first to a data-driven
LQR problem where the LQR gains are estimated from
only system trajectories, and then to a classical nonconvex
Rosenbrock optimization problem, where the function may
also be perturbed by various levels of noise.
A. Data-Driven LQR
Consider the linear system ξt+1 = Aξt + But , where ξ ∈ Rn
is the state vector, u ∈ Rm is the input vector, and (A ∈ Rn×n ,
B ∈ Rn×m ) are the system matrices. Consider the feedback
control law ut = −Kξt . Our objective is to find K ∗ that
optimizes the LQR cost
z(K) =


ξT QξT

+

T−1

t=0


ξt Q + K  RK ξt ,

(26)

Fig. 2. The optimization performance of the SUSD method over each
iteration (note y-axis is on a log-scale) with varying numbers of agents
(top) and compared with the NPG (bottom).


using only state-input trajectories of the system {(ξt , ut )}t=0
where Q ∈ Rn×n and R ∈ Rm×m are positive definite matrices.
In general, the LQR cost (26) is nonconvex [11]. To apply
Algorithm 1, we first reshape K into a vector k ∈ Rmn , i.e.,
k = [(1st column of k) , . . . , (mth column of k) ] . Then we
randomly generate policies ki,0 where i = 1, . . . , M and M ≥
mn. Then each agent applies the SUSD control law (3) where
xi is replaced by ki . We consider an unstable system where the
NPG search method is unable to find the LQR gains due to
an exploding gradient, and a high-dimensional asymptotically
stable system (K ∈ R3×4 , i.e., k ∈ R12 ) in order to compare
with the NPG search algorithm (as in [11]). The parameters
for both systems are given by
⎡
⎤
−2.5
1.2
4.3
0.1
⎢ 0.97 −10.3
1 1
0.4
−6.1⎥
⎥
A1 =
, A2 = ⎢
⎣−9.2
1 0
1.1
−4.9
0.3 ⎦
1.1
0.9
−3.4 −0.9
and

⎡

1.1
⎢−3.2
0
, B2 = ⎢
B1 =
⎣−0.8
1
−1.1

0.4
1.4
0.1
−0.9

⎤
−0.2
0 ⎥
⎥.
3.0 ⎦
5.2

Fig. 2, top, demonstrates the performance
when

 each agent’s
initial estimate starts near K0 = 0.1 0.1 and induces
an unstable closed-loop system. Note that SUSD minimizes
the cost of the current best estimate of K with significant
improvements occurring as the number of agents increases.
The SUSD estimated LQR gains with 8 agents (KSUSD =
−6.3724 − 3.6834 ) aligns closely
with the true LQR gains

(KLQR = −6.4641 − 3.7321 ). While the high sampled cost
of an unstable policy may lead to numerical issues (such as a
floating point overflow), the matrices Q and R may be scaled
to ensure large costs are able to be stored in memory.
In Fig. 2 bottom, while NPG requires 500 trajectory samples per iteration, SUSD achieves higher accuracy with only
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Fig. 3. Optimization performance using the Rosenbrock function.

20 trajectories per iteration. The NPG’s step size was handtuned to 0.8 to achieve the fastest stable step size while the
SUSD gain γ was hand-tuned to 0.1 to achieve the fastest
convergence rate.
B. Rosenbrock Optimization
The Rosenbrock function is a nonconvex test function where
the global minimum is inside a long and narrow flat valley of
a vanishingly small gradient. For x ∈ R25 ,
z(x) = 100 +

24 


100(xi+1 − xi2 )2 + (1 − xi )2 .

(27)

i=1

where the minimum is z(x∗ ) = 100. Fig. 3 shows that our
proposed approach achieves fast convergence and high accuracy with f (xSUSD ) = 101.83. In addition, when the evaluation
is perturbed by noise drawn from i.i.d. N (0, ) with various  values, we are still able to achieve f (xSUSD ) = 112.15
when  = 4I25 . The cost shown in Fig. 3 is the true function
evaluation of the current best estimate of x∗ without noise.
VII. C ONCLUSION
In this letter, we proposed a derivative-free optimization
solver that leveraged a novel exponential mapping to handle
optimization problems with EVGP. The proposed method is
supported by a convergence analysis that shows our approach
is able to converge to the gradient direction. Our approach
is further supported by a data-driven LQR problem, in which
our method is able to approximate the LQR gains for unstable
systems, and the optimization of the Rosenbrock function, in
which our method is able to find good approximations of the
solution, even while under noisy perturbations. In future work,
we will explore alternative function mappings that may extend
our approach to other optimization problems that may be
difficult to solve using conventional optimization techniques.
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