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Reinforcement Learning Based on Intrinsic Motivation and
Temporal Abstraction via Transformation Invariance

Gakuto MASUYAMA*!, Atsushi YAMASHITA and Hajime ASAMA

*1 Department of Precision Engineering, Faculty of Engineering, The University of Tokyo
7-3-1 Hongo, Bunkyo-ku, Tokyo 113-8656, Japan

Bottom-up processes have received much attention in unsupervised and developmental learning research domain.
In contrast, effectiveness of top-down deeming on acquisition of adaptive behavior is discussed in this paper. Successful
experience in the past, or a skill that could be expected to be reused successfully in a novel environment is stored in
memory. Then abstract environment recognition via geometric transformation invariance is introduced to measure the
reproducibility of executed skill in a novel environment. Additionally, reproducibility of skill in the environment is
utilized to make up intrinsic motivation that drives the agent to active conceptualization of search space. It enables the
agent to relativize current skill execution robustly in diverse environments. Useful characteristics of top-down deeming
process are implemented on reinforcement learning and discussed through simulation experiments in grid world. The
results demonstrate acceleration of learning progress by active conceptualization of environment. Additionally, it is shown
by experiments for scaled environment that subjective anticipation could bring in consistent strategy of exploration and
exploitation. Eligibility trace is also introduced for skill utility problem and it is shown that the traces regarding actions
and skills could preserve learning performance for diverse skill settings.
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(a) Symmetric trajectories (b) Asymmetric trajectories

Fig. 1 Transoformation invariance as a measure of environment recognition
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Fig. 2 Framework of proposed method
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Fig. 3 Relationship between action valQés, a) and skill valueQa(s,A\)

gobooboobbooboobooboboobooboooboobboyobbobbooboobooo
gobooboobbooboobooobooboobboobooboboobooboobbOooboon
00000000000000000000000000000000000000000000000 MO0
gobooboobboobooboobbooboobbooboobboobooboobbooboan
goboobooboobbooboobbooboobboobooboobbooboobboooboan
gbobooboooboooobogoooaoo

33 000000000O00000

option0 000000000000 ONONONONODODOOOOOOO0O0O0O0O0O000 1000000000000
0000000000 0000000000000000000000000000000000000000
00000000000 000000000000 Ta000000000000 T ooW® ooooooo
0000000000000C00000000000000000000000000000000000000
000000000000 al00 Q(sa)000000 Qa(sp,A)00000000000000000000
O00000000000000000000000000000

bias

Q(s.an) <= Q(s,an) + By " YQa(sr,A) )

tAOOO00ADOOOO0O0DODODOOO0ancAD0t\O0DDOOO0O000O0DDODOOOOsneSODO0O0OOOO
O000000000000OD00BeROD 00000000 OCOOOODOOOUOOOOODODODOOAAOOOO
oo0o000000000ooOoO0O000o00o00oooOOoOoO0o0o0UdD 9LoooooooUooooOooo
0000000000000 000D000000000UD0 Q(s,azn) 0000000 UOOUODOOUDOUOOOD
oboooooooo

Q(s,a) 0 Qp(ssA) 000000 300000000000 0UOO (7)OOULOOOODOULOoODOOODOOoOoOOo
gbobobooooooboooooooobooboboboboooooooooobooboOobOobOobOoboan
gooOooooooooOo @UooooooooOoOooOoooooOoOoOoOOOoOoOoOooOODOOOOOOOn
000000000000 00000000O00000000O000O0O0DLOO0O0OOOOOooOOoULoOO (™
ooooooooooooboooboOo TboooooooooooooooooooooooOoboooOoooooo
gboboooooooobooooooboobobobobobooooobooobooooooobooboboOoboon
gbobobobobobobobooooooboooooooooboooooooboobooboobobOobOobon
gboooooobooooobobooboobooboobobooooboboboooDOoboooo



34 00ODO0OO0O0O0ODOOOOO0DODOOO

obooboooooooooooooboboboboboooobooboooobooboboboboboboooo
gobobooboobooooooboobobobobooboboboooooboooooobDobDobOobOobOobon
oboboooboooooobooooboobooboobobobooboboooboobooobobooooooobooboobon
oooooOooooOooooOoooo0oOoboOooooooOooOo0lgoDoboooDboooDObOooDoboOodg
oboooooooooboooooooooooobooOooboobOOobOOobobobobobobobobon
00000000000000000000000000000000%00000000000

boboooooooooooooooobooobooooooooboobooboboboobooooOo0oooooon
gbobooboobooooboooooboobOooboboboooooooooooooooooboooboOobOobOoboan
00000000 Q(ssayJ00000000000O0O0O00O0O0O0OOO0OOO naiveQ)O0OOOODO

1 (s=s,a=4&)
e(s,a)+ <0 (s=s,a#a) (20)
Aye(s,a) (S#s)

O00seSO0 acA00O0D0OODO0OOOUOOOOOOO Qu(ssAN)OOO0OO0OU0OOUOoOOoooOoooo
gbooobOobooooboboooboobooooboooo

1 (s=s,,AN=1/N,)
en(sN\) <0 (s=s,N#/N,) (11)
Ayinlen(s,A) - (s#s,)

s, €cSOO000000000000AN,, 0000000000 00000000000000O000000000
oooooooooooooo TbogooooooooooOobO0o0ooooooooooooooobobooOogoo
gbobooooooobooooooobooboobobobobobooboboobooooboobOoboboboon
gboboboboobobobooboooooooooooooooooooobooooboboboboboon
gboooooooobooobooooboboboboboboobooooooooooobooboooboobOobOobon
oood

000000000000 4000000000000000000%00000000000000000
0000000000000 000000DO00000000OD00 (1I00)000 1O ooODODUO0OooOoOOOO
200000000000 0000oOoDoOCOCOOOo00ooOoDOOOOo0OOoOoDDOODODO0OOOODOOD
0000 5000000000 (L,)0000O0O00 (1515 000000000000000000O0DO0O0O
obobobobooooooooooooooooboooobooboboboobobobOobOobOobOobobon
ooooobooooooooobooooboooooooooboooboooooooobooboooooboooboooon
oboboobooboooooooboobOobooboboboobobooboobooobobooooooobooboOooan
obobooboooooooooboobOoboobobobooboboobooboooooooboobOOobOoboobon
gbobooooboooooooooobOooboboboboobooooooooooooooboobOOobOobOobon
oooooi10o0o0000ooOo00o0oO0oObo0oO0ooDoboOoOoooDoooooDbooooD

4, J0DO0O0OO0ODOD

obooboooboooooooooooboooobOobobOobobooooooobOoOobobobooobooOooon
oooooooooooooooooobboooo 100000000000 obOoOOoOoDOoOOoOooOoDOOobooboOoO
gbobobobobobobobooboooobobobobobobOoboboooooooooooooon
gbooooocooooboooobooboobobobobobobooboobooooobobobOobobobon
0O Q-learningD 000 0O0CO0O0OO0O0O0OOOOOO0OOOOOOOOOOOOOOOOODDOOOOOOOOD



initialize Q(s,a), Qa(s,\), e(s,a), ea(s,\)
repeat
get sensor data and calculdte
biasQ(s,an) instantaneously by (9)
selecta using an action selection policy w.r.t. bias@(s, a)
observer X and next statg
updatee(s,a) by (10)
updateQ(s,a) andR by (6), (8)
if tA = Ta then
calculateM andr™ by (2) and (5)
updateen(s,A\) by (11)
updateQa(sa,A) by (7)
select next skill\' using a skill selection policy w.r@a (s, A)
end if
tet+1,th—th+1,5<9
until reach destination state or termination time
updateen (s,A\) by (11)
updateQa(sa,A) by (7)

Fig. 4 Summary of algorithm
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Fig. 5 Resulted path and selected skills by proposed method
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Fig. 6 Effect of intrinsic reward via transformation invariance
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