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Generalized Maximum Entropy Differential Dynamic Programming

Yuichiro Aoyama®? and Evangelos A. Theodorou!

Abstract— We present a sampling-based trajectory optimiza-
tion method derived from the maximum entropy formulation of
Differential Dynamic Programming with Tsallis entropy. This
method is a generalization of the legacy work with Shannon
entropy, which leads to a Gaussian optimal control policy for
exploration during optimization. With the Tsallis entropy, the
policy takes the form of g-Gaussian, which further encourages
exploration with its heavy-tailed shape. Moreover, the sampling
variance is scaled according to the value function of the
trajectory. This scaling mechanism is the unique property of
the algorithm with Tsallis entropy in contrast to the original
formulation with Shannon entropy, which scales variance with
a fixed temperature parameter. Due to this property, our
proposed algorithms can promote exploration when necessary,
that is, the cost of the trajectory is high. The simulation results
with two robotic systems with multimodal cost demonstrate the
properties of the proposed algorithm.

I. INTRODUCTION

Tsallis entropy, also known as g-logarithmic entropy, is a
generalization of the standard Boltzmann-Gibbs or Shannon
entropy [1], [2]. The Tsallis entropy is nonadditive, which
means that the sum of the entropy of probabilistically inde-
pendent subsystems is not equal to that of the entire system.
The entropy is used in nonextensive statistical mechanics
which can handle strongly correlated random variables [3],
[4]. It also helps to analyze complex phenomena in physics
such as in [5], [6], etc.

Maximization of Shannon entropy under fixed mean and
covariance yields a Gaussian distribution [7]. With the Tsallis
entropy, similar maximization with a fixed g-mean and
covariance leads to a g-Gaussian distribution [8], [9]. The
distribution has a heavy tail compared to a normal Gaussian
with a certain range of the entropic index g. Due to this
property, the g-Gaussian distribution is utilized for several
engineering applications. In [10], a mixture of the distribu-
tion is used for image and video semantic mapping, improv-
ing the robustness to outliers. In stochastic optimization, the
distribution is used as a generalization of the Gaussian kernel,
showing better control ability in smoothing functions [11].
It was also used for mutation in the evolutionary algorithm,
showing its effectiveness over other distributions [12].

Maximum Entropy (ME) is a popular technique in various
fields, such as Stochastic Optimal Control (SOC) and Rein-
forcement Learning (RL), which can improve the robustness
of stochastic policies. In ME, an entropic regularization term
is added to the objective, encouraging exploration during op-
timization and preventing policies from converging to a delta
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distribution. [13], [14]. This is because the regularized objec-
tive simultaneously maximizes entropy while minimizing the
original objective. In SOC, Shannon entropy, which leads to
Kullback-Leibler (KL) divergence, is used as a regularization
term between the controlled and prior distributions [15]. In
[16], Tsallis divergence, a generalization of the KL diver-
gence, is used, showing improvements in robustness. For
RL application, Tsallis entropic regularization leads to better
performance and faster convergence [17]-[19]. Recently, the
ME technique with Shannon entropy has been applied to
a trajectory optimization algorithm Differential Dynamic
Programming (DDP) [20], which yields a new algorithm
ME-DDP [21]. DDP is a powerful trajectory optimization
tool that has a quadratic convergence rate [22]. However,
since it relies on local information, of cost and dynamics,
it converges to local minima rather than global minima. In
contrast, ME-DDP can explore multiple local minima while
minimizing the original objective. Consequently, it can find
better local minima than those of normal DDP.

In this paper, we propose ME-DDP with Tsallis entropy,
which is a generalization of ME-DDP with Shannon entropy.
The Tsallis entropy turns the optimal policy from Gaussian to
heavy-tailed ¢-Gaussian, improving the exploration capacity
of ME-DDP. Moreover, the generalized formulation can scale
the variance of the policy based on the value function of the
trajectory, which further promotes exploration. We validate
our proposed algorithm in two robotic systems, i.e., a 2D car
and a quadrotor, and make comparison with normal DDP and
ME-DDP with Shannon entropy.

The main contribution of this paper is as follows.

o We derive DDP with Tsallis entropic regularization.

e We show the superior exploration capability of ME-
DDP with Tsallis entropy to ME-DDP with Shannon
entropy by analyzing the stochastic policies.

« We validate the exploration capability of our method
with two robotic systems in simulation.

II. PRELIMINARIES

A. Tsallis Entropy

With an entropic index ¢ € R, we introduce ¢-logarithm
function

In(z), =1 x>0
Iny(2) = { ) ! (1)
1—q ° q # lz> O7
and its inverse g-exponential function
exp(z), q=1,
expy(z) = .
[L—(g—1)al,7 ", g#1.
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Consider a discrete set of probabilities {p;}. ¢ = 1,--- , .
The Tsallis or g-entropy is defined as

1- ipg
Sq(p) = q—zl

which is a generalization of the Shannon entropy
1
= pilog (;) =—> pilogp;.
N 7 N

The Tsallis entropy may be represented as a sum of the
product of probability and g-log probability as

szlnq( ) Z pl —1:1_21173,

1—gq q—1

; 2

which recovers the definition in (2). We believe that this is
the most straightforward generalization. Although

- Z Di 1nq Di
i
can be another option for the definition, the following relation

- lnq Di 7£ lnq(l/pi)v

changes the parametrization from ¢ to 2 — ¢ as in [18]. We
use the former definition in (2) to avoid this change. The ar-
gument above holds with continuous probability distribution
by changing the summation to integral.

B. Univariate q-Gaussian distribution

Let us consider a Probability Distribution Function (PDF)
pg(z) of a scalar random variable * € R. ¢-Gaussian
distribution is a generalized version of Gaussian distribution,
which is obtained by maximizing the g-entropy with a fixed
(given) g-mean f, and g-variance 02, where the subscript ¢
means that they are computed with the g-escort distribution,
which is a normalized ¢ th power of the original p,(z), i.e.,

_ Japy(x)%dx qu L [ uq)2 a)ide
f pg(z)edz ~ 1 J pg(z)idz ’
This normalization is known to be the correct formulation

of nonextensive statistics [9]. The univariate g-Gaussian
distribution is given as follows [9].

1 1—q(z—pg)’\ 3

polw) = 5 (1 g2y
4 Zq 3—q o2

1
og23=912 (L 3=¢.) 1 <4< 3,
with Z, = [Zg_l]l (f 2~ ) 1<a

—q13 =

loa1=2]* B (5, 1=8), a <1,

where B(-,-) is Beta function. The bounds for ¢ are for the

convergence of integrals to compute the partition function.
Here, we provide two properties of the function.

Compact support when g < 1.

To satisfy pg(x) > 0, pg(z) has a compact support in the
case of ¢ < 1, which is given by z € [z}, 2], with

Ty = — =p+ag, ag=+/B-q)/(1-q).

Note that p1, = 1 when g < 2.
Recovers Normal Gaussian as ¢ — 1.

Aq, Ty
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Fig. 1: g-Gaussian distribution with different ¢s with pg = 0
and 03 = 1. ¢ = 1 corresponds to a normal Gaussian.

Using the definition of exponential e* = lim,,_,o(1+2/n)",
Dq approaches

pi(2) = (1/V2r0) expl(z — n)* /207,

as ¢ — 1, which is normal Gaussian distribution. In addition
to these, moments are only defined with certain gs due to
the convergence condition of integrals. A sampling method
from the distribution is proposed in [23].

We show some p, () with different ¢ in Fig. 1. As can be
seen from the figure, a large ¢ with ¢ > 1 yields a heavier-
tailed distribution than the normal Gaussian (¢ = 1). We
can also observe the compact support when ¢ < 1. For
exploration purposes, we prefer the heavy-tailed distribution
and thus focus on the case where ¢ > 1, hereafter.

C. Multivariate gq-Gaussian Distribution

The multivariate variant of p, for ¢ > 1 and z € R" is

pe) = 5 [1+

with Z, = 3)

where I'(-) is Gamma function [24], [25], and X, € R™*"
is g-covariance, which is a multivariate version of O'g. Here,
q needs to satisfy the following condition.

1<qg<1+2/n. 4)
In addition, when the tighter condition
l<g<(n+4)/(n+2)=1+2/(n+2), 3)
is satisfied, (normal, not ¢) covariance ¥ € R™*" exists and
is finite. It has the following relation with X,
n+2—nq
(n+2)g "

whose coefficient is positive due to (4), (5). Under 1 < g <
1+2/(n+1), which is slightly looser than (5), & = 4. Eq.
(3) corresponds to the Student’s ¢ distribution [7], [26]

pe()
T'(v+mn)/2 1 Twoi -
1+ —(z— b -
T(v/2)v/2mn/2 |5y + V(HC ) By (@ — pae)

Con+4-—
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v here is known as degrees of freedom. By taking

2 — -1
y=Rte-m 4 i fz N0
qg—1 n+2-—nqg ¢
the ¢-Gaussian distribution (¢ > 1) is recovered. We use this
property to sample from the distribution in section IV.

D. Maximum Entropy DDP

In this section, we have a brief review of ME-DDP with
unimodal and multimodal policies [21]. Consider a trajectory
optimization problem of a dynamical system with state z €
R™» and control © € R™~. Let us define the state and control
trajectory with time horizon 7" as

X:[xo’.o.

7xT}7 U:[u()v"' 7UT71]7

and deterministic dynamics ;41 = f(z,u:). The problem
is formulated as a minimization problem of the cost
T-1
= Z le(xe,up) + ®(xr), (1)
t=0
subject to the dynamics. Here, /; and ¢ are running and
terminal cost, respectively. We consider a stochastic control
policy m(x¢|u) with the same dynamics. Moreover, we add
the Shannon entropic regularization term

H[ﬂ't} = Eﬂt [lnm} = f/wt(ut)[lnm]dut,

to the cost and consider the expectation of the cost over 7
T—1

Jr = Ju(wo,m) = E[®(xr) + D (Ie(zs,ur) — aH[m])],
t=0

J(X,U) = J(0,U)

where (> 0) is a temperature that determines the effect
of the regularization term [13]. Applying the Bellman’s
principle for normal DDP, i.e.,

V(z¢) = min{l(ze, ue) + V(2e41)},
with value function V, lin our setting, we have
Vixy) = rr71r1tn {Brlli(zs, w) + V(1)) — aH[m]}  (8)
The solution to right-hand side of the equation is
min By (o) (1w, 2) + V(@) — aH[x(|z)],
Q(zu)
subject to/w(u|x)du =1, O

where we dropped time instance ¢ and denote x;.1 as z’.
m(-|z) means that it originally was a function of u, but
it vanishes after taking the expectation to compute . We
emphasize that the expectation is computed by sampling the
controls from 7 by changing the notation in the expectation.
The optimization problem above is solved by forming the
Lagrangian and setting the functional derivative of 7 zero.
The optimal policy and value function is obtained as

é@(az, u)l, (10)

(1)

™ (u|z) = %exp [ -
V(z) = —aln Z(z),

with a partition function Z(x).

1) Unimodal policy: To obtain 7*, we first consider a
deviation dz,du from a nominal trajectory Z,u, having a
pair x = T 4+ dx,u = u + du. Then, we perform a quadratic
approximation of @) around Z, @, and plug it in (10), having
a Gaussian policy

T (duldx) ~ N (u*, aQyy), (12)
where du* is a solution of normal DDP, i.e.,
Su* =k + Koz, (13)

with k = 7Quu Qua K= 7Quu QUT

As in normal DDP, ME-DDP has backward and forward
passes. It can have N (two in the original work) trajectories
in parallel. The backward pass is the same as that of the
normal DDP. In the forward pass, a new control sequence is
sampled from the optimal policy based on the best (lowest
cost) trajectory for every m iteration. In the sampling phase,
the best trajectory is kept and only the remaining N — 1
trajectories are sampled. Aside from that, the pass is the same
as normal DDP, that is, forward propagation of dynamics and
line search for cost reduction.

2) Multimodal policy: Here, we consider LogSumExp
approximation of the value function using N trajectories,
which gives the terminal state of the value function as

. N 1
Vizr) = ®(z) = —« anexp [— afb(”)(aj)},

n=1

where ®(™)(z) n = 1,--- N, is the terminal cost of nth
trajectory. Exponential transformation &, (y) = exp(—y/a),
of the value function allows us to write Z as a sum of those
of N trajectories denoted by z(™),

2(2) = £a[V(2)] = exp (-

=Z(x)=> 2"(x).

n=1

(—alnZ(z))/a)

Let us also transform the running cost, having the desirability
function 7(x,u) = &£,[l(x,u)]. Due to the property of the
exponential, i.e., exp(z + y) = exp(z) exp(y), the optimal
policy becomes

—l(l(u,x)—FV(x’)) _ 2
a7

Zz(x’)r(:c, u).
Q(u,)

1
m(ulz) = — €XP

Thanks to these properties, we obtain the optimal policy as
a weighted sum of those of each trajectory 7(™)s as

m(u|z) = Zw ™ (z

with weight w(™ o £,[V ™) (z)]. Since 7(™) are Gaussian
as in (12), the policy is now a mixture of Gaussians (and
thus multimodal) with weights based on value functions.
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III. GENERALIZED MAX ENTROPY DDP
A. Tsallis entropic regularization

Based on ME-DDP in the previous section, we now
consider entropic regularization with Tsallis entropy

1— [p(z)dz

g-1
Let us revisit the optimization problem in (9). We now use
S, instead of H as a regularization term, and consider the

g-escort distribution of 7w with a normalization constant C',
which transforms the problem as

min Era(jz)/cll(u, z) + V(z')] — aSg[n(-|z)],

Sy =

(14)

under the same constraints for a valid PDF for 7¢/C as
in (9). To solve this optimization problem, we form a

Lagrangian as
i
L= /QEdu — aS,[r] + A(l - /7rd7r),
with a Lagrangian multiplier A. The first-order optimality
condition, i.e., V£ = 0 gives the optimal policy as
- Q —TT
*:Z][ ) q :
i (a )Ca +

where Z is a partition function. By plugging this back into
(14) and using (8), the value function is obtained as follows.

(16)
-7~ Q/Q

1
_g-at1_ & [, 1)@ T g, Y
Z q—l/Z “q 1) a+q du :

15)

1—f7r*qdu
g—1

C q—
Z171 -1
e T ez ()

Notice that this expression is obtained by changing log
in (11) to g-log, which implies that the derivation is the
generalization of ME-DDP with Shannon to Tsallis entropy.
B. g-Gaussian Policy

To examine the property of 7*, We perform quadratic
approximation of () around nominal trajectories (Z,u) and
complete the square as

Q(z,u)
with V(x)

= Q2 1) + 6Q(5w, 5u) = V() + 50" Quuv,
= Q(Z,u) + 0Q(dx, du”), v =du— (5u .

V (x) is the value function of normal DDP, which is obtained
by plugging du* into Q(x,u). 6@ contains terms up to the
second order. Substituting these back into (15), we have

w*:;z*[%if(?@3+}mTQmm)+4}7£j (17)
-aegees ™

-1 ( u+2 wq) -

X[1+nu—g2—n qu2[(qn_ N )n+qc ]Quuv:| )

V(z) =1 V(x) =50
0.03 1 0.03
— 0.024 0.02
g
0.014 0.01 ‘A
0.00 1 - . - 0.00 1 - . -
—10 0 10 —10 0 10
T &y

Fig. 2: Normal Gaussian policy, g-Gaussian policy 7 and
g-escort distribution of 7?/C policy with different value
function.

which is a ¢g-Gaussian (see (3) and change of n to n,) with
2((g—DV(x)+Ca] _,
(nu +2 - an) e

Here, C, the normalization term for the escort distribution,
has not been determined and does not have a closed-form
solution. C' is obtained by solving the following equation.

g =0u*, X, =

(18)

/quu:Cc)[f/( )+£}Tuq !

1 C (19)

_nyt+2-—

’ (1-q)
(X — 2
> ne [lQ 1 7(271_)7” (qfl 2 )] )

1
r(5H)

Since the left-hand side is monotonically increasing with C,
and since C' is a scalar, the equation can be easily solved
by numerical methods, such as bisection search. Observe in
(18) that we can recover ME-DDP with Shannon entropy by

g — 1, which leads to 7?/C (g-Gaussian) — 7 (Gaussian),
and ¥, = aQ}

C. Sampling from g-escort distribution

In the forward pass of ME-DDP with Shannon entropy, a
new control sequence is sampled from 7 which is a Gaussian
or a Gaussian mixture. In our case, since expectation of the
cost is taken over the g-escort distribution of ¢-Gaussian 7, it
is more natural to sample from 7¢/C' than from 7. To sample
from this distribution, we use the property of g-Gaussian,
that is, the g-escort distribution of a g-Gaussian is also a ¢-
Gaussian. To see this, let us introduce a parameter ¢’ and a
g-mean and covariance as follows.

Ny + 2 — Nyq

1
=9 _ e W% - U s
1 q7 qu Ha 1 nu+(2_nu)q 1

With these, consider a PDF parameterized by ¢’ as

1
1—
Z/|:

q

(20)

]-_q/ yT[E/}fly:|l+q/
Ny + 2 — nyuq’ a ’

py () =

with y = x — p14r. By substituting (20) in, we see that py/ (z)
is proportional to

1—g¢q Ty-1 T=a\4
([17771#2_””@%) S —ng)| )

which is a q th power of ¢-Gaussian. This implies that sam-
pling from the g-escort distribution (p,(x))?/C is achieved
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by sampling from the ¢g-Gaussian distribution p, (x) obtained
by the transformation given in (20). Moreover, sampling
from g¢-Gaussian is equivalent to sampling from Student’s
t distribution with the transformation in (6) [27]. We use the
technique to sample from the 79/C in our algorithm.

Here, we analyze the difference between the optimal con-
trol policies of ME-DDP with Shannon and Tsallis entropy.
With Shannon entropy, the covariance of Gaussian 7* is
determined by a@;! as in (12). On the other hand, with
Tsallis entropy, the covariance is also affected by the value
function as in (18). We can interpret the existence of the
value function as follows. When the cost of the trajectory
is low and thus IN/(x) is low, the algorithm does not need
to explore much because the current trajectory is already
good. Therefore, the covariance for exploration is small.
In the opposite case, the covariance is amplified by the
large V(m), which encourages exploration. We visualize the
normal Gaussian policy, g-Gaussian policy 7, and its g-escort
distribution 7¢/C with a 2D state x = [z1,22]" € R, a =
10 and a unit @, in Fig. 2 for better understanding. As
shown in the top of the figure, the three panels correspond
to three different V() s. On the left, when V (z) is small,
77 is even tighter than Gaussian. While the Gaussian policy
remains the same shape, 79 becomes heavy-tailed as f/(x)
increases to the right. This means that the covarinace is
properly scaled based on the cost of the trajectory, rather than
scaled with the same scaling factor. Due to this property, we
deduce that the ME-DDP with Tsallis entropy case has better
exploration capability, which we validate in section IV.

The proposed algorithm is summarized in Alg. 1. It takes
in N nominal control sequences and performs optimization,
outputting one pair of state control trajectories that achieve
the lowest cost. In the algorithm, we write Q! as ¥ so
that it can be easily compared with ME-DDP with Shannon
entropy.

D. Availability of multimodal policy

In ME-DDP with Shannon entropy, the multimodal policy
is available due to the additive structure of the partition
function explained in section II-D.2. However, with Tsallis
entropy, this is not the case. Indeed, from the partition
function in (17), we obtain

1

/[q71—+1} T qu

= [[1- - (e,
= /equ )) ®q exp, (W)du
= /r z,u) Qq 2(f(z,w))du,

where ®, is g-product [25] that is not distributed
(a+b)Q@qc#a®,c+b®,c.

Therefore, z is not written as a sum of z(")s, as opposed to
the Shannon entropy case.

Algorithm 1: Generalized ME-DDP

Input: z, : initial state, u("'Y), RN (1:N)
: initial sequence, m : sampling frequency, /: max
iteration, ¢: entropic index that satisfies (4) .
Result: () 4®) K®)
Compute initial trajectory (z{':")) and cost J(1:N),
for i <~ 0to I do
if i%m = 0 then
PASETION [ OIS 3N (S jpa
mode
7 + ¢-Gaussian(uV, (M, K1) w1y
for n < 2 to N in parallel do
() () g0 jn)
<+ Sample from 77/C with (19), (20) and
sampling technique from Student’s ¢
distribution in [27].
end

lowest cost

end

for n < 1 to N in parallel do

k() K™ (")« Backward Pass
2™ ™ J(") « Line Search.

end
end
b + argmin,, J™

IV. NUMERICAL EXPERIMENTS

In this section, we validate our proposed algorithm using
two systems, a 2D car and a quadrotor. The tasks are to reach
the targets while keeping distance from spherical obstacles
which are encoded as part of the cost in (7). We first give
a belief description of the cost structure and systems. Then,
we provide results of the experiment, including comparison
with a normal DDP without entropic regularization, ME-
DDP with Shannon entropy, and our proposed ME-DDP
with Tsallis entropy. In the experiment, we also examine
the effect of the temperature a. Although ME-DDP with
Shannon entropy has unimodal and multimodal versions,
we use the multimodal one for comparison because of its
superior performance [21]. We note that ME-DDP with
Tsallis entropy has a unimodal policy, as explained in section
III-D. In both algorithms, the number of trajectories is N =
8.

A. Cost structure

The cost for obstacles is given by

— (w1 — c0)*/2r3),

where ¢, and 7, are the center and radius of an obstacle,
respectively. This cost structure is used to validate ME-DDP
with Shannon entropy [21]. We use quadratic cost for the
running and terminal costs in (7) and add them with (21).
The obstacle term introduces several Gaussian-shaped hills to
the landscape of the cost, introducing multiple local minima.

ls(x¢) = exp ( 21

8829



1.Normal 2.Shannon «:0.01

3.Tsallis «:0.01

4.Shannon «:20 5. Tsallis :20
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(a) 2D Car Example.

1.Normal 2.Shannon «:0.01

T T T

3. Tsallis a:0.01

4.Shannon «:20

Y Y Y
T T

5. Tsallis a:20

(b) Quadrotor Example.

Fig. 3: Comparison of normal DDP, multimodal ME-DDP with Shannon entropy, and ME-DDP with Tsallis entropy with two
different as. Trajectories of the 15 experiments are overlaid. x and ¥ indicate the initial and target positions, respectively.
The obstacles are drawn in gray. In the quadrotor example, obstacles are drawn in transparent.

1
6 x 10" 1y 9 % 102
n — 1.Normal
h =+ 2.Shannon a =0.01 “
41011 [ 3-Tsallis a =001 \‘\
g — 4.Shannon a =20 = 1024 \“
O i 5. Tsallis o =20 S |
3% 10" | \R
e 6 x 10! K
2 x 10! T 4% 10" y
0 50 0 50 100
iteration iteration

(a) 2D Car (b) Quadrotor

Fig. 4: Evolution of mean cost over iterations. The numbers
in the legends corresponds to those in Fig.3

B. 2D car

The state consists of the position and orientation 6 of the
car, and thus the state x = [p,, py, 0] € R®. The control u is
translation and angular velocities u = [v,w] € R?. In ME-
DDP with Tsallis entropy, ¢ must satisfy 1 < ¢ < 2 from
(4). We choose ¢ = 1.8. The control is initialized with all
zeros and thus the car stays at a initial position.

C. Quadrotor

The state of the system consists of position, velocity,
orientation, and angular velocity, all of which are R3, and
thus 2 € R'2. The control u of the system is the force
generated by the four rotors, which gives u € R*. The
dynamics is found in [28]. The requirement for ¢ is 1 <
qg < 1.5, and we choose ¢ = 1.4. The control sequence

is initialized with hovering. This sequence is obtained by
setting each rotor force mgy/4 where m and go are the mass
of the quadrotor and gravitational acceleration.

D. Results

Fig. 3 shows the trajectories of the experiments with nor-
mal DDP, multimodal ME-DDP with Shannon entropy, and
ME-DDP with Tsallis entropy with two different temperature
as. The experiments of ME-DDPs are performed 15 times,
generating 15 trajectories. Fig. 4 shows the evolution of the
mean cost of experiments over optimization iterations.

In both dynamics, the normal DDP finds a local minimum
that goes through between obstacles. Although it can let
trajectories hit targets, the corresponding costs are high
because trajectories get close to the obstacles. However, ME-
DDPs can explore and find better local minima that keep
a greater distance from obstacles. ME-DDP with Shanon
entropy requires a large « to explore (see 2s and 4s in
Fig. 3). In fact, with a small «, the results are almost the
same as those of normal DDP (see 1s and 2s in Fig. 3).
This is because « determines the extent of exploration by
scaling the sampling variance of the policy. With generalized
entropy, ME-DDP can explore well even with small as (see
3s and 5s in Fig. 3). Although exploration is carried out
with a unimodal policy in ME-DDP with Tsallis entropy,
its exploration capability is better or equivalent to the mul-
timodal policy of ME-DDP with Shannon entropy. This is
the effect of the heavy-tailed shape of g-Gaussian and the
value function on variance (18) analyzed in section III. Even
with a small «, the value function amplifies the variance for
exploration when the value function (and thus the cost) of
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the trajectory is high, encouraging exploration. Due to this
property, tuning « of generalized ME-DDP is easy because
one can choose a small «, rather than finding a good .
With a large o(= 20), ME-DDP with Tsallis entropy fails
to find a good local minimum, which it used to find (see
3 and 5 in Fig. 3a). We speculate that this is because the
variance is scaled too much, making it difficult to sample
meaningful trajectories in the exploration process. We have
observed that the ME-DDP with Shanon entropy has the
same tendency with too large a during the experiment.

V. CONCLUSION

In this paper, we derived ME-DDP with Tsallis entropy.
The algorithm has ¢-Gaussian policy whose sampling vari-
ance is scaled not only by the fixed temperature parameter
a, but also by the value function of the trajectory that is op-
timized. We tested our algorithm using two robotic trajectory
optimization problems whose objectives have multiple local
minima. The results show that although our algorithm can
only have a unimodal policy, it can find better local minima
even with a small temperature parameter o compared to the
multimodal ME-DDP with Shannon entropy.

Future work includes hardware implementation of the
algorithms, as well as theoretical proofs such as the rate and
condition of convergence. We are also interested in deriving
ME-DDP with different entropy such as Rényi entropy.
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