Appendices
Algorithmic Representation of EOOpt-¢

The outline of EOOpt-€ is summarized in Algorithm [2| Here C(ty) = Z;T=o 7’c§k) is a loss in the
trajectory k and cik) is a cost at the #-th turn in k. PPOCUpdateParams returns the updated parameters
on the basis of given trajectories and parameters. This functions is identical to the advantage
estimation and parameter update part of Algorithm 1 in Klissarov et al. [16]].

Algorithm 2 EOOpt-¢
Input: 0@,,0’ 9‘5‘”,0, 9;19,0, Niter, Nepi’ €,Q
1: for iterationi =0, 1, ..., Njs do
2. fork=0,1,..,N,p do
3: sample model parameters p; ~ P
4: sample a trajectory T, = {8, w,a,cy, s,Jrl}th_O1 from parameterized MDPs

<S,A, C,y, Ty, P0> using option policies (1, B,,, and mq) with 0, ;, 8z ;, and 6y, ;.
end for
compute Q. = upper € percentile of {C(1)}

5 N
6: -
7:  select sub-set T = {14|C(1x) > O.}

8.

9

k=0

: 9,,‘“,,‘4_1 s eﬁm,i'*'l , 9”9,,'4_1 — PPOCUpdateParams(T, eﬂw’i, Gﬁwi, 9,-{!2,,')
: end for

Decompositionability of E. , [max(0, C — v)] with Respect to p

Corollary 1 (Decompositionability of E¢ , [max(0,C — v)] with Respect to p).

Ec, [max(0,C —v)] = Z P(p)Ec [max(0,C —v) | p].
p

Proof. By letting P (C, p) be a joint distribution of the loss and the model parameter and P (C | p) be
the conditional distribution of the loss, E¢ , [max(0,C — v)] can be transformed as

Z ZP(C, p)max(0,C —v)
c p

2. B(p) ) P(Cl p)max(0.C~v)
r C

Ec p [max(0,C - v)]

Z P(p)E¢ [max(0,C - v) | p]. (20)

P

Derivation of Option Policy Gradient Theorems for Soft Robust Loss

Here, we derive option policy gradient theorems for soft robust loss 3., P(p)Ec [C | p], where
Ec [C | p] is the expected loss on the general class of parameterized MDPs (S, A, C, y, T,, PO)FEI, in
which the transition probability is parameterized by p € P. In addition, P(p) is a distribution of p.
For convenience, in the latter part, we use P(s’ € S | s € S, a € A, p) to refer to the parameterized
transition function (i.e., 7,,). We make the rectangularity assumption on P and P(p). That is, P is

10 For derivation on the general case, we consider the general class of parameterized MDPs, to which the
parameterized MDP in Section [2] and the augmented parameterized MDP in Section@]belong.
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assumed to be structured as a Cartesian product ® P, and P is also assumed to be structured as a

Cartesian product %) _¢ P,(p; € P,)[}

To prepare for the derivation, we define functions and variables. First, considering the definition of
value functions in Bacon et al. [1]], we define value functions in (the general class of) the parameterized
MDP:

seS

Qa(s,w,p) = Y. 7@l )Quls,w,a,py), 1)

Quls.w,a,p) = Cls,a)+y ) P(s'|5,a,p5) Qs (s, py), (22)
Os(s,,p) = (1=Bu()Qals, ®, py) +Bu()Vals, py), (23)

Va(s,p) = ) mo@|9)Qa(s,®, p). (24)

Note that by fixing p; to a constant value, these value functions can be seen as identical to those in
Bacon et al. [[1]].

Second, for convenience, we define the discounted probabilities to (8441, we1) from (sy, wy):

Z noal s)y Z Py, (ps, )P (Se41 | 51,4, ps,)

Ps;

1
Pg, )(SH—I s Wrsl | 81, )

(1 = Bo(Se)) M wrs1 = wr) + Bo(Sir1)ma(Wrs1]5141)) (25)
P;k)(snk, Wik | s, 0) = Z Z P;I)(SHI, Wil | S, wt)P;k_l)(SHk, Wesk | Si+1, W1). (26)
St+1 Wrtl

Similar discounted probabilities are also introduced in Bacon et al. [[1]. Ours (Eq.[25]and Eq. [26)
are different from theirs in that the transition function is averaged over the model parameter (i.e.,

2p, P (ps)P(sta | s1,a, ps) = By, [P(s” | 5,0, py))).

In addition, by using the rectangularity assumption on P(p), we introduce the equation which
represents the state-wise independence of the model parameter distributio

Z Ps,(ps,) Z P ( St | 84, ay, Ps,) Qa(ss+1, Wy, ps,)

Ps; €Ps; Sr+1

=> ZPS,(Ps,)P(SHl|Sz,at,Ps,)]{ D P (ps) Qalsinwnpy)| 2D

St+1 \ Ps; Ps1 €Psy

Now, we start the derivation of option policy gradient theorems for soft robust loss. We derive the
gradient theorem in a similar manner to Bacon et al. [1]].

Theorem 1 (Policy over options gradient theorem for soft robust loss). Given a set of options with a
stochastic policy over options nq that are differentiable in their parameters 0,,,, the gradient of the
soft robust loss with respect to 0, and initial condition (sg, wo) is:

0 s 0
R Ca 5. P = Y dats Lo 3] G5,

where dQ(S | s0,wp) is a discounted wezghtmg of option pairs along trajectories from (50, wp):
dg(s | 0, w0) = Yreo ]P’( )(s | 0, wp), and QQ(S w) is the average option value function: QQ(s w) =

2, Ps(ps)Qals, w, ps) By letting B, [P(s' | s,a, ps)] be a transition probability, the trajectories
can be regarded as ones generated from the general class of the average parameterized MDPs

(S.4,C,7.B,, [P(s' | 5,a, p)]. Po).

!"More explicitly, P and P(p) are defined as (X, &) s Py and Q) Q¢ Ps.(pss € Py,), where Py, = P,
and P;,(ps € Py,;) = Py(ps € Py), respectively.

12This state-wise independence is essentially the same as that introduced in the proof of Proposition 3.2 in
Derman et al. [9].
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Proof. The gradient of Eq. [21T)and Eq. 23] with respect to 6y, can be transformed as

9 y 2 3
Rl - Yirutal9 3 yEs s p»Q"(;;—":”) (8)
aQ’g(S, w»ps) _ , GQQ(S , W, P;) aVQ(S ps)
0. (1 = Bu(s ))T Bs(s )9—7rQ
0 B 0 !
= (1 - putsn PP g s Y] PO 0a(s )
B Y el )%

3
=) Y, T2 o0t )

90a(s’, ', ps)

29
06, 29)

+ (1= BuNUW' = @) +Bu(sma(wls))

By substituting Eq.[29)into Eq. 28] a recursive expression of the gradient of the value functions is
acquired as

GQ—gésew Py) Zﬂm(a | S)ZyP(s | s,a, po)Bu(s )Z ‘%TL‘”![S)QQ(S:U/’M)

Q

06,

Q

0 /9 /7 )
e TS S mutal | 50 p) (1= Bl W = 0) + (s ma(ls) L2 L),
S W’ a (30)

By using Eq.[27] the gradient of soft robust loss style value functions can also be recursively expressed
as

va( Y)ﬁQn(Zw » Ps)

Q

0
= 2R Yolal 9 PR 150008 Y, P 0a(s )

+ ZP (py)Z Z an(a | )YPGs" | 5,0, ps) (1 = Bl D@ = @)+ Bu(s ma(@]s)

. 00a(s' - p)
00

Q

a /| ! _
= D ral 93y D EpEG | 0. pBuls) Y TRV )
a s Ds g mQ
+ 25 2, 2 mulal 9y 2 BpR(S | 5,0 p) (= Buls MW = @)+ Buls ma(@1s")
s W a Ps

a /’ /, Y'
‘ZPS’(”S’)%' G1)

Py e
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By using Eq.[25]and Eq. 26] Eq.[31]can be transformed as

L B Rl iraa19 3y FRR [ pIBs )Za’“’(“’ ) B (s' )

Ps

+ZZP“>(s W' |sw)ZIP’ (p Y)aQQ(S &+ py)

—ZZZZP(k)(S o |SQ))Z7TQ)(G|S))’ZP (ps)P(SN|S aps)lgw(s

k=0 s” &
P(yk)(s” [s,w)
ono(W”’|s") = .,
Y 00(s", ). (32)
aeﬂsz

W

The gradient of the expected discounted soft robust loss with respect to 6,, is then

2w el ) Zzpm(ﬂm,wwzang(wm) o

0
Zd9<s|so,wo>z ”Q(""S)QQ( w). (33)

]

Theorem 2 (Intra-option policy gradient theorem for soft robust loss). Given a set of options with
stochastic intra-option policies n,, that are differentiable in their parameters 0, , the gradient of soft
robust loss with respect to 0, and initial condition (so, wo) is:

: S om,
R Quvrep = 3 D dats. 0| s 3% Tl wa. G4

where dg(s w | so,wo) is a discounted weighting of state option pairs along trajectories from
(80, wo): dg(s w | S0, wo) = X0 Oy’IP’( )(s w | $o, wy), and Qw(s w, a) is the average value function

of actions in the context of a state-option pair over the model parameter distribution: Qw(s, w,a) =
2. Ps(p)Qu(s, w,a, py). By letting B, [P(s" | 5,a, ps)] be a transition probability, the trajectories
can be regarded as ones generated from the general class of the average parameterized MDPs
<S’ Aa Ca Y, Ep.; [P(s/ | s, a, ps)] > PO)

Proof. The gradient of Eq. |2_7| with respect to 8, can be recursively written as

00000 p) _ 52 911 6 5 0,0, )

96, 00y,
+ D m@l sy ) Bs15,a,p0) ) BulsHma(@ | )+ (1= Bu(sH(W = w))

0Qa(s". ', py)

o (35)

By using Eq. 27} the gradient of the soft robust style value function can be recursively expressed as

9Qa(s, @, py) _ \ Imulal s)
DB = ) T ,,Z Py(P5)Quls, @, a, py)

Ps @ a

£ @l $) )y Y PpoPs | 5,a,p0) Y (Bu(sma@' | )+ (1 = Bu(s)(w' = )
a s’ Ps w'

90a(s'. ', py)
D Bo(py =Pl (36)
Py Tw
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By using Eq.[25]and Eq. 26] Eq.[36]can be transformed as
0 S, W, P ony(als
S p(po 2t ep) I 2219 D005 0.0
Ps

agﬂ'm
+ZZP<1>(s W' |sw)ZP (p Y)BQQ(S &'+ py)

S S w , )Za”ww'“

k=0 s '

~ZPI(17«)QM(S W',a,py)

ZZZP% ar w)za”‘“(als)gw(s o, a). (37)

k=0 s '

The gradient of the expected discounted soft robust loss with respect to 6, is then

ZP;( v)—aQQ(.;(l) P _ ZZ ZP(k)(s w | so, wo)z an(a 195 — 0,5, w,a)

Ps k=0 s w
om,
PONCCARSEI RS (ame( swa.  (8)

]

Theorem 3 (Termination function gradient theorem for soft robust loss). Given a set of options with
stochastic termination functions 3, that are differentiable in their parameters 6 , the gradient of the
expected soft robust loss with respect g, is:

L i 3 Dt 0.0 B (Vo) - Basw). (9

where dg(s w | so,wo) is a discounted weighting of state option pairs along trajectories from

(80, wp): dg(s w | so,wo) = X2 Oy’]P’(k)(s w | So,wo). In addition, QQ(s w) is the value func-
tion of options in the context of a state, which is averaged over the model parameter distribution:

ag(s, w) = 2, Py(ps)Qals, w, py), and Vo(s) is the value function averaged over the model pa-

rameter distribution: Vo(s) = 2, Py(ps)Va(s, ps). By letting E,, [P(s" | 5,a, ps)] as a transition
probability, the trajectories can be regarded as ones generated from the general class of the average
parameterized MDPs (S,A,C,v,E,, [P(s' | s,a, ps)],Po).

Proof. The gradient of Eq. @ with respect to g, can be written as follows:

00q(s, w, ps) , 00p(w, 5', ps)
T = Eﬂw(a | 5) Z yP(s" | s, a,ps)T. (40)

In addition, the gradient of Eq. |2;3'| with respect to g, can be written as

005w, 5.P) __9Bu(s) g 3Qa(s.0.p) | BBu(s)
g gn, 2a(@ )+ (- BU) TG+ T

+ B (s ¥l Py)

96,
0B, (s
_ ge(s ) (VQ(sa ps) — QQ(S, w, ps))
B

# 3 ((1 = B = 0) +Bu(ma(w | 5)

Va(s, p)

00q(s, w', ps)

41
0y, “1
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By substituting Eq.[#1]into Eq.[40] a recursive expression of the gradient can be written as

9Qa(s,w, ps) _ , Pu(s") N ,
T—;mwu);wxs | s,a, ps) 30, (Va(s', ps) = Qals’, w, py))

90q(s’, o', ps)
005,

w

£ ) 7@l ) Y YR | 5,a,p5) Y (1 = Buld DU = ©) +Bu(s o) | 5)
a s w' (42)

By using Eq.[27] the gradient of soft robust loss style value functions can also be recursively expressed

9 .
I T Galoc0.po) = Dmlal9 3y PRIR |saop) Pl )(Vn(s)—Qg(s w)
+ ) mulals) ZyZPs(poPy(s | 5,0,p3) Y (1= fulS DW= ) +ul(s Mo | )

a s Ps w’

a /’ /’ S’
-ZR(M)%- 43)

ps ©

By using Eq. 26} Eq. 43| can be transformed as

R S T = a1 9y D FORS |sep) P (Vo) - Do)

+ZZ]P(1)(S w' | s, a))ZP(ps, M

£ 6y,
S SR s w)an(a 1))y ZP (P)B(s" | 5. a. py)
k=0 s o' s
. aﬁgé;s ) (‘_/Q(S”) - ag(s”,wl))

- i DY RO W sw) Y mulal )y Y Pip (s | S, a, py)
s a Py

k=0 s” o’

IP;/‘)(S" JW'|s,w)

OB (s")
00,

(Va(s”) = Qals”, ). (44)

The gradient of the expected discounted soft robust loss with respect to 8z, is then

IR 3OS B0 sy 2 (Va(s) - Do)
Ps © k=0 s w

3 Ydats ! sy B2 )(vg<s> Oa(s.w).  (49)

In addition, we derive a corollary for the derivation of the gradient of A and v.

Corollary 2 (Relation between the soft robust loss over parameterized MDPs and the loss on an
average parameterized MDP).

Ecp[Cl = Ec[Clp]. (40)
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Proof. For proof, considering the definition of value functions in Bacon et al. [[1]], we define value func-
tions on (the general class of) an average parameterized MDP <S ,A,C,y,Ep, [P(s” | s,a, ps)] ,P0>:

Oa(ss0) = ) mylal $)0,(s,w,a), (47)
Ou(s,0,0) = Cls,@)+y ) By [P(s' | 5,a,p)] 0 (s, ), (48)
Os(s,0) = (1=Bu(5)0q(s,w) +Bu(s)Vals), (49)

Va() = > maw]9)0als,w). (50)

Note that, by regarding E,, [P (s’ | s, a, ps)] as a transition functions, the definition of value functions
become identical to those in Bacon et al. [1]].

By using Eq.[50] the loss at the average parameterized MDP can be written as
Ec[CIP] = Valso). (51)
In addition, with Eq. @ the soft robust loss can be written as

EcplCl = ) Pu(ps)Valso: s (52)

Psg

In the following part, we prove ), Psy Py, (Psy)Val(so, Ps,) = \_/Q(so) by backward induction.
The case at the terminal state T':

D PP Valsr,py) = D Bu(py) D malw] s1)0alst, @, pyy)

Psy Psy w

Z Py, (psr) Z rma(w | st) Z no(a | st)C(st,a)

Psr w

D ma@|sr) ) wol@l s)Clsr,a). (53)

Va(sr) = Y. ma(w]sr)0a(sr,w)

Zﬂg(w | s7) Zﬂw(a | s7)C(st, @). (54)

From Eq. and Eq. it is clear that Zpar Py, (ps,)Val(st,p) = Va(sr), and
2, P (0s)Qalst, 0, pyy) = Qqlsr, w).

The case at the state in r — 1, while assuming that Zpﬁ, Py, (ps,)Vals:, ps) = \_/Q(s,) and
ZPJ, ]PX, (pSI)QQ(stv w, pA‘/) = Q.Q(st? a)):
By substituting Eq2T} Eq[22] and Eq[23] Va(s;-1, p) can be expanded:

Va(si1,ps ) = . 7@ | s1)Qalsi1,@, py, )
= Z mo(w | $i-1) Z (@l se-1)

N CGir @)+ Y P (s sim1,a, py ) (1= Buls:)Qalsi @, Py )+ Buls)Valsi py )| (55)
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By using the rectangularity assumption on P(p), the expectation of Eq.[55]can be transformed into

D P Py Valsit, P = ) Py (p ) D ma(@ | 50 Qalsit, @, piot)

Psy

Psiy

= an(w | s,_l)Zﬂw(a | s-1)

JCGn @ +y > > Py (s (st | i1, s, )(

St Psy

w

(1 = Bu(sn) 2y, Ps,(ps,)Qalss, w, ps,)
+Bu(s) 2p, Ps,(ps)Valss, ps,) '

(56)

By applying the assumption on value functions at ¢ and letting ), ps; Pt (P P (st ] s,a, ps,_,) be
Ep, | [P (s; | $e-1,a, ps,_,)]s EQ. can be further transformed into

D ma@l s Y mulal s

A Cls, @)+ D By, [PGsi | o, py )] (= Buls:)@alsi, @) + Bu(s)Valsy))

St

Qp(s1.w)

From Eq.|56/and Eq. it is clear that Zm,,] Ps, , (ps,_)Valsi-1, ps,,) = \_/Q(s,_l),
and pr’il PS,,I (Ps,,l )QQ(SI—I » W, ps‘,,l ) = QQ(St—I s CL))

Q0,(51-1,0,0)

= Y 70| 5-08a(si-1,@) = Valsi-).

Finally, by letting r = 1, we obtain ), Pa Py, (ps,)Valso, Ps,) = Vg(so).

Parameter Distributions for Our Experiment in Section [4]

Table 1: Parameter distributions for our experiment.

(57

Table 2: Parameter distributions for our experi-
ment. value is a possible model parameter value

p and o are the mean and standard deviation for
a Gaussian distribution, respectively. In addition,
high and low are the upper and lower bounds of

model parameters, respectively.

Half-Cheetah u o low high
torso mass 7.0 3.0 1.0  13.0
ground friction 1.6 038 0.1 3.1
joint damping 6.0 25 1.0 11.0
Walker2D u o low high
torso mass 6.0 1.5 30 9.0
ground friction 19 04 09 29
HopperlceBlock u o low high
ground friction 1.05 0475 0.1 2.0

19

and P(value) is the probability for each of values.

Half-Cheetah value P(value)
Torso mass 1.0 0.9
13.0 0.1
Ground friction 0.1 0.9
3.1 0.1
Joint damping 1.0 0.9
11.0 0.1

Walker2D value P(value)
Torso mass 3.0 0.9
9.0 0.1
Ground friction 0.9 0.9
2.9 0.1

HopperlIceBlock value P(value)
Ground friction 0.1 0.1
2.0 0.9




The Values of { and The Numbers of Successful Learning Trials in Our
Experiment in Section 4]

Table 3: The values of ¢ for OC3 in Sectionlé__ll
Half-Cheetah-cont [ Walker2D-cont | HopperlceBlock-cont | Half-Cheetah-disc | Walker2D-disc | HopperlceBlock-disc
~106.1 [ 11699 | —#13 \ 2149 [ 9051 | 3317

Table 4: The numbers of successful learning trials in which the options produced by OC3 satisfy the CVaR
constraints. The values in the brackets are the total numbers of learning trials in each environment.
Half-Cheetah-cont | Walker2D-cont [ HopperlceBlock-cont [ Half-Cheetah-disc | Walker2D-disc | HopperlceBlock-disc
36 (36) [ 35(36) [ 35(36) [ 36 (36) [ 35(36) [ 36 (36)

The Performance of Methods in Environments with Different Model
Parameter Values

In Section[d] we elucidated the answers to questions from the viewpoint of the average-case loss (i.e.,
Eq.[T) and the worst-case loss (i.e., CVaR). Since the average-case loss and the worst-case loss are
summarized scores, readers may want to know about these scores in more detail. For this, we evaluate
the options, which are learned in Sectionfd] by varying model parameter values. The performance
(cumulative reward of each method is shown in Figures E] and In the following paragraphs, we
rediscuss Q2 and Q3 on the basis of these results.

Regarding Q2, we compare the performances of OC3 and SoftRobust, in the environments with the
worst-case model parameter value. From Figures ] and [5] we can see that OC3 performs almost
the same or even better than SoftRobust, in the environments with the worst-case model parameter
value. For example, in Walker2D with a continuous model parameter distribution (b in Figure
M), the minimum performance of OC3 is at Ground friction = 9.0. This minimum performance is
significantly better than that of SoftRobust (the performance at Torso mass = 9). For another example,
in HopperlIceBlock with the discrete distribution (c in Figure[5)), minimum performances of all the
methods are at Ground friction = 0.1. Here, the minimum performance of OC3 is significantly higher
than that of SoftRobust.

Examples of the motion trajectories (Figure [0 indicate that SoftRobust tends to ignore rare cases
in learning options, whereas OC3 considers them. SoftRobust produces option policies that cause
a hopper to run with its torso overly bent forward. Although the policies enable the hopper to
easily jump over the box in the ordinary case (ground friction = 2.0), they cause the hopper to
slip and fall in the rare case (ground friction = 0.1). This illustrates that SoftRobust does not
sufficiently consider the rare case while learning options. On the other hand, OC3 produces option
policies that lead the hopper to move by waggling its foot while keeping its torso vertical against
the ground. In the ordinary case, the hopper hops up, lands on the box, and then passes through
the box by slipping on it. In the rare case, the hopper stops its movement when it reaches the
place near the box, without hopping onto it. This behaviour prevents the hopper from slipping and
falling in the rare case. Further examples are shown in the video at the following link: https:
//drive.google.com/open?id=1DRmIaK5VomCey70rKD_5DgX2Jm_lrFlo

Regarding Q3, we compare the performance of OC3 with that of the worst-case methods (WorstCase
and EOOpt-0.1) in the ordinary case. For performance in environments with a continuous distribution,
we compare their performances on model parameter values that appeared frequently in the learning
phase (i.e., performance around the center point in Figure ). From this viewpoint, we can see that
OC3 performs significantly better than the worst-case methods. For example, in HopperlceBlock,
OC3 performs significantly better around Ground friction = 1.05 than WorstCase and EOOpt-0.1.
For performance in environments with discrete distributions, we compare the performances of the
methods in the frequent cases. From the comparison, we can see that OC3 perform better than the

13This is equal to the negative of the loss.
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Figure 4: Comparison of methods in environments with different model parameter values. In each figure, the
vertical axis represents performance (the negative of the loss) of each method and the horizontal axis represents
the model parameter value. Each score is averaged over 36 trials with different initial random seeds, and the 95%
confidence interval is attached to the score. In option learning, the model parameter values are probabilistically
generated by continuous distributions shown in Table [T} Therefore, in each figure, the value of the model
parameter which is closer to the center point appears more frequently.

worst-case methods in all cases. For example, in HopperlceBlock, OC3 performs significantly better
at Ground friction = 2 than WorstCase and EOOpt-0.1.

Additionally, we conduct an experimental evaluation with the condition that model parameter distribu-
tion and parameter value ranges in the test phase are different from those in the training phase. In the
training phase, the option policies |E| are learned in environments with continuous model parameter
distribution (Half-Cheetah-cont, Walker2D-cont, and HopperlceBlock-cont), which is truncated
Gaussian distribution with the parameters shown in Table[T] In the test phase, the model param-
eter distribution is changed to uniform distribution. The range of the distribution is determined
as [(high + low)/2 — scale factor - (high — low)/2, (high + low)/2 + scale factor - (high — low)/2],
where low and high are ones in Table [T] and scale factor is non-negative real number to scale
the value range El We evaluate the learned options with varying the scale factor. The results (Fi-
grue|/)) shows that the performance of OC3 is better than that of SoftRobust when the scale factor is
large (i.e., when the model parameter distibution is highly uncertain).

“Here, we compare ones learned by OC3 and SoftRobust.
I5If the model parameter values sampled from the distribution are invalid (i.e., negative or zero), these are
replaced by the value 0.0001.
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Figure 5: Comparison of methods in environments with different model parameter values. In each figure, the
vertical axis represents the performance (the negative of the loss) of each method and the horizontal axis
represents the model parameter value. Each score is averaged over 36 trials with different initial random seeds,
and the 95% confidence interval is attached to the score. In option learning, the model parameter values are
probabilistically generated by discrete distributions shown in Table[2} For Half-Cheetah and Walker2D, the
model parameter values on the left side of each figure appear more frequently while learning options. In addition,
for HopperlceBlock, the model parameter values on the right side of the figure appears more frequently while
learning options.
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Figure 6: Example motion trajectories generated by SoftRobust and OC3 in the HopperlceBlock environment

with the discrete model parameter distribution.
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Figure 7: The performance of SoftRobust and OC3 in environments with uniform model parameter distribution.

In each figure, the vertical axis represents the performance (the negative of the loss) of each method and the
horizontal axis represents the scale factor for the range of the uniform distribution. Each score is averaged over

36 trials with different initial random seeds, and the 95% confidence interval is attached to the score.
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