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Utilizing Skipped Frames in Deep Reinforcement Learning
via Pseudo-Actions

TAISEI HASHIMOTO''®  YOSHIMASA TSURUOKA?!

Abstract: In many deep reinforcement learning settings, when an agent takes an action, it repeats the same
action a predefined number of times without observing the states until the next action-decision point. This
technique of action repetition has several merits in training the agent, but the data between action-decision
points (i.e., intermediate frames) are, in effect, discarded. Since the amount of training data is inversely
proportional to the interval of action repeats, they can have a negative impact on the sample efficiency of
training. In this paper, we propose a simple but effective approach to alleviate to this problem by introducing
the concept of pseudo-actions. The key idea of our method is making the transition between action-decision
points usable as training data by considering pseudo-actions. Pseudo-actions for continuous control tasks
are obtained as the average of the action sequence straddling an action-decision point. For discrete control
tasks, pseudo-actions are computed from learned action embeddings. This method can be combined with
any model-free reinforcement learning algorithm that involves the learning of Q-functions. We demonstrate
the effectiveness of our approach on both continuous and discrete control tasks in OpenAI Gym.
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oEic & b, REELF It 7% ¢ FRICEFEIC X
SZIBEEZIIRT L, T — 2L T Z e TB¥EE
PRBTEZ 2 bholz. ZOERICEHES TSI,
BLAEZz -V bO¥E T —XBRESTHIELEL,
action repeat &\ 5 FEEH(LFEE CIA AVWSLNTVWBE,
HBICER L.

HLFHEO—BARREL LT, ==Y =¥ PP —HAT
B2 BEIR T %2 & 2 OTENIEE I Nz BIEHE D REN 5.
TENZHEDIR T ZOREIEIE, FHEIN L HEKOEITKEL
METZ LT NS [5], [6]. S(LEE BT 2 HE
B 2 2 7 ORE\W BNV F~v—2ThH2 Atari 2600
[7] Tl&, #DIR L OEEZE 4 ICRET 2 Z e HhB20 (7], [8].
HHlE & 2 7 OREHVI2R Y F~—2TH S DeepMind
control suite [9] TR L ICRLR 2 ENEDNZ Z L
MLV, 2 6 A FRESN—RIVTH 2 [10], [11].

action repeat (% E D LEL [12] LR OMEHE [13] 72
DDA HVWSNTWS. L L, action repeat @
MERE LT, TEZRIRTHO T — I H0IciEH &
NTWRNWZ 2T 50 5. DeepMind control suite T
(3IEH action repeat D7 — XIS HHI ATV,
Atari 2600 TlX action repeat MOHRED 2 7 L — L Dix
KET =V > ZHRFEREINSD, ZHEKT L — 4, T8
TL—=LL2BNBRNA T 27 bEREL IRV ES I
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7 — X &lX action repeat DR I HFF 5 728, action
repeat BNEWVIBEICIERICZ L DF—ZBBTOATLE
S, F I TAWIFETIE, action repeat [ DIREEEFE ) 515
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action repeat DEFZ T RINI- e HET S5 Z 2T,
TEI R D REITEO T — X 2RAFGEICT 5. ZOFEE
A TENZE RN IXERE T % 228, BESUTEIZEM Cld R
KD D HITEOFEET 2R E72DIC T RBMBETHS. £
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2.1 #tFEH

sE(LAEE T, <L a 7PUERRE (Markov Decision Pro-
cess, MDP) [14] TRENZBEOHFTL—Y = ¥ M35
Ke¥ 83 5. MDP & (S, A,p,r,y) TERZND. S

REBZER, A TEIZEMTH S, pr SxS x A —[0,00) 1%
BIRHERTD D, p(sir1]se, ar) 13IKEE s, € S ITBWVWTITE)
a; € AR 72U TARRED 541 IR DTEREZRT.
Sx A — RIZHMEIETH D, IREE 5, 1BV TITEa, € A
EE O BRI LN BN ERT. priF=—Y = > MiZiX
G2o0T, RETHNIT — K0 oHET 20END 5.
v € 0,1)IFEBIRTH 3. MLFEHEOBEM, 5l
SR Er D207 e [ar ~ m(-[st), 50401 ~ (|51, ar)] %
BARICT 2K r(ag|s) FET 222 TH5.

AT, BGREZEH e LTEBREITo . Z0%A,
BRENIER D B~ v 3 7 PREEFE (Partially Observable
Markov Decision Process, POMDP) & L TERLEh 3.
RER S, VIRDOEE R Y, 1 KOE G 51315 5 iV E
WHH 205 TH5. POMDP 1% (0, A p,ry) TREN,
O FEHIZEMTH 2. BENHEW [15], BERDOER AT %
WL OPEABERTIRE s; = {0,00-1,00-2,...} £F 3
Z ¢ T, POMDP % MDP & LT#H>5.

2.2 Deep Q-learning
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{EEORENR T LIV XL THS. IKEE s ITBWTIT
) a ZH o 72RICE SN 2 REERMOARFEIZ Q EE
B, B Q(s,a) 1F Q B XN 3. Deep Q-learning
T, Q=2 —I 12y b Y —7 Qy(s,a) THET
3. Qo(s,a) &, LT OEKBEE R ELEMETEZ L
THEIND.

LQ(D) = ESA)L,S/N'D [(y - QG(S: a))2]
y=r+ymaxQp(s,a’)

ZIT, DIIREERZRELLY TLANy 77 13K
RE s DXDIKAETH 5. action repeat TEET 5 &, s’ I&
s D —EDREZFTE o BEDIRL TEET 2K
TH5. 0 BFEEINTHORTA =KLy VTHD, —
EDRT v THRT 0 LRI 5.

FEENTZQ Ay T =2 Qo(s,a) IR L, TTRIZLLT
DEHH/LHNS.

a = max Qp(s,a)
a

2.3 Soft Actor-Critic

Soft Actor-Critic (SAC) [3], [16] (3 kEHll{#E 2 % 7 TIA
CHWBRTWE T LTY XATHS. SAC TEQ H v
FU—2 Qo(s,a) ITMZ, TR my(als) b=a—F %y
P =22 XD ERT D, FTREERDIN N (16(s), 04(s))
% tanh TIERULL 72 DTERSN, /A X e~ N(0,1) &
WTITE) a = tanh(ug(s) +04(s) ©e) Y > T s.

Q * vy bV =2 LT OEKEEE RME T 5 Z & TH
HI5%.
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LQ(D) =Esa5~D [(yt - Q9(57a))2]
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a~mo(-|s
Ty bu V-0 HEE HE —|A IRESIND Z & h—K
MTH5.

[—alog mg(als) — oH |

2.4 action repeat

BEPORLRATy TRRER Ty 7, 2=z bh
BRIEAT Y TR —V 2V MRTy TR L LT
5. action repeat DRZI%Z T 35,1 2—Y xR
Ty TR TREXT y 7ITHIGL, T—Y = > M3
80, 8T, 8o1, . . ABWTATE ag, ar, aor, ... TEIRT 2. #
NSLANDEREER T v T TOITENE, MIRHEAZITEIDHED
BREND. TRhbDB, ag=a1=...=ar_1, ar = ary1 =
c.=agr—1, ... THE. AEROBEFEEIZB VT, HERD
FBT s, 57, 891, . .. DADBHWSLI, ZOMODT —&
FAH XA,

DL S IRFACATEZ D IR T DI DD DOF A
H5. £7F, action-gap [17] ZHK X, ZELFE IO
A B [12]. AU, [MEHEE DS HEERZRGEC, 7812
DECHHIER AT IE L S BT LT Wiz T
H3. T2, BV action repeat IXIRREIEHET 2 Z L A
FFTE2 [13]. PIZITREEHERT 2 L 5oy — L D5A,
FICATEIZE DR L TRAELZ 2T, 2N F TH
ETETOVRPoLRBIZIZED DT Hb. X5
2, T—=Y =¥ POTEREIR ST 2BE R BSOS T L T, 5HE
IR EHRT 22 B TES [13).

action repeat D T IFBEHENA R—RT X =KL L
THEIN, ZOHEIFRAATICKELFET 5. Braylan
5O L % &, Atari 2600 TIEX R 2 Z L IZ5EY) 7%
action repeat ZiRET 3 Z L IXIEFICEETH Y, Hl21F
Seaquest T 180 £ W IEFICKEREDHLEITHKD &
WIEREDE BTz [6]. ERHI & 2 7 DRy F <=2 ThH
% DeepMind control suite IZBWTH XA ZIZL>TH
WD o — < Y A%ER T action repeat DSEL B, £
D7z, RA7 T L IZHEI2 % action repeat ZFEA TV
Planet Benchmark [10] & D %, action repeat % [&EE LT
W3 Dreamer Benchmark [5] D/ DG ERE W E S h
TW5 [4].
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DABHAVWSLR, ZOMOD T — X FFH XNz, KiFZE
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WEE HIET.

3.1 HIE

DQN % SAC 2 ¥Z L DA TRY ¥ —5{bEHFET
FQBEBDT 4 v T4 Y IHRETH L. BEFIER, Q
BEL DT action repeat DT — X BIEH T 5.

TN EEDIBTHOF—XIZoWT, 12—V =2 bR
T T DERBIX (skrii, arral, Skrier) ERSND. T2
L, kleNO<I<T&T3 ZDT—XBZDE
FCERFIHTE R VEBX, —RIE, RE sy 05
skraier ECITE aprai(= apr) 25 T HFE DRI N 2 DU
TRREVWHIPLTHSE. K1lallRT LI, =—J =¥ ME
t=kT+T ZBVTH LWITE) apryr BIBIRT 2720,
arr = a7 CRWVERD sppyy 20 H3ATE apr (& T — 1 [H]
LD RS .

ZZCRETFETEX 1b D X 512, IREE spryy 20 B
PUNRATE) rryy ST BIREDIREINZEEZ S, ZHICEK
D, BN IRBRE T — & (s, e, Skroar) 2B
HAWBZEeNTES X512k 5.

DU, 178022/ A58 HE & BERL D582 0 TR Ex
HT 5.

3.2 EEITE
RO ZITE 2 ED > Y AR FEL LT, 178
QKT 41, ORT 41415 - - - > kT 414T7—1 DT VS,

=
KT+ = 1 > arriip (1)
t=0

BRIED XA F I 7 AREFTHNCHRIGER T & 2358, 17
oV AWE Zei2 ko TIEROD T — & L BRI
T— Rz FERICHKS 2 e TE 5. FFMlllE Appendix A.1
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TihR%.

3.3 BHEKITED

TEIDSBERY 72355, AL RIS Z 2 I3 TE RV,

ZIT, QFy NI =T OMBREZEZ S Z LI & D EGT
B ARz 2 X517 5.

— i EE TED, BT TE 2 h e vt 5 Q BB
X 2a, 2b D&EH#Ay PV - TREINS. AIFFRTIE
BIRA 2S5, M H LS 27 D8 AL E I A
L7z, D X5, #ETETIE AT Z I 1 2D Q D
HAXN 2Dk L, BETTEI Tl 278Nl 3 % Q i3
Hhaxhs.

BERATEID % v b7 — 2 ZERATEIO R v b7 — 21Tk
D570, K2 DXDRHERICEEST 2. TENIED
AARBICERIN, 120 QESHIEINZ. ZoHD
AARBNE, BB ®RELT2HTQARY N Y= D
NRIRAXA=RrDIZEFEINDE. 2T LD, HdAARK
BV @778 e LTHWA Z e TE 5. OF
D, 478 o DEDABFEIRE eg(a) & T 2 b, TLII724TH)
Ty DEDIABRKI ep(arry) 1

1 T-1
eo(@rr+1) = 7 > eolarriiy)
t=0
LRINSG.
3.4 RE

REFIEOEHE LI, EHRO 7 — 2180 L TR 72
TRV THY, BHITHEETE L. Hi
FIHZ 22128 WTI =Ny FRERT 25 Ma— %
Algorithm 1 12773, BERUHIEI & 2 7T, ITEIOH DA A
Kl egla) Z Qv b= D¥EFERL, Zh b
BLTHIZIS.

FexlZ, BT — & e B2 T — 2 2 FEITR S &
YL bbb, PNV BET—ZDA Ty
R F—RIGERINS. UKD, BT —% (1=0)
LR T X (0<I<T)DEDHIE 1: T -1 7%
5. =77, EHT =2 DAZM S HEITEEDFEEICR 5.
WITNDEGED I =Ny FH A X NIZFRCHEIZ L.

TN 727 — 2RO ETH e 3 120, 22 ICHEY
BRRIETAREMESEZONDS. 20D, EHOT—X
ZEMTLIOEAMIZTE I e HERND LAKR.
CHUISBROMFEHREL T 5.

4. RE&

OpenAl Gym OWL O DIREIZB W, IBEFiEEE
WOEBE LT 2. SRTOBRECEAZEGRTHD,
BEF4 7V —2%AXy 7 L2502 8 LTHWLA
7o HEOBRERA T v 7RI WTHOEE D 400k IEE
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e

a L

(continuous) —

concat FC FC
(a) HEATHIO Q x v bV —2

[

(b) HEBUTEIO Q v bV —2

i

(discrete) |
embed concat FC FC
(c) MBEFECBI 2HEEITEIO Q *v b T =2

X 2: QA MY —27DWHEM. ”concat” 135S (concate-
nate), "FC" 324G G & (fully connected), ”embed” 133
A% (embedding) ZEL T\ 2

TINAVZAL 1 QY P —=2EHAD I =Ny FAERK

Input: replay buffer D, mini-batch size N, action repeat pa-
rameter T'
Output: mini-batch B
Initialize B = {}
for k=1to N do
Sample (Si, QiyTiyee oy SitT—1,Qi4T—1,Ti+T—1, 3i+T) ~ D
where i = kT +1 (keN,1€0,T))
Current state s = s;
Next state s’ = sjqr
Reward r = Zz:ol Titt
Pseudo-action a = % Zz:ol Aitt
Add (s,a,r,s") to B
end for
return B

L7, TRTOEBRIESEDT Y XLy — R TiTo7. €
TIVDRERRNA =8 F X = &2 ¥ DFMIE Appendix
A2, A3 TbR 3.
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4.1 EHEFIEEZRS

HHE 2 X 712 B 2B FEOR AL REET 57
¥, Pendulum, CarRacing THEERZ1T - 7. BILFEHFIE
1I21E SAC 2V SACTIEQ 2y VY —2IZIIATH
Fry V=7 bR E08, R FEFICT 5720, HiK
F v b7 — 27 DFEEIT action repeat B DT — X IXHWT
VR,

FEHREX 31Z/R”T. action repeat DT — X B
WAR—2 74 e HRLUT, FIZ T =8 DGEIRETIE
DRT =V APEWFERE R o7, 2, T=80D
EER—ZRTAVIIERD1/8DT =X L HS Z e
TERVOINL, REFETREIRTOT—X 25
EMTELDErEZLNS. X 51C Pendulum Tl
T =8 DHFAINR—ZA T4 VDEFNELMEATHRN T
LEEEITDE.8KMDIB 1 7L — LRI TREBREOX
AFITRERAD DML o TAREED DB, —7,
T = 4 ®¥E Pendulum TlX 87 + —< ¥ RITEWE 2
<, CarRacing TIERFEDOABP LRWIER o 7.
COHERR—RAF A4 TRDONDE T —REPEEL DD
B, FEPEINLT0WEeEZONS.

4.2 BEEHIEEZZ O

BERLHIE 2 2 712 B 2 IREFHEOFAMEZMEET % 72
8, Breakout, Freeway THEERZ1T o 7z, (k¥ FHEICX
Deep Q-learning Wz, 72721, 8 3 @i TN k51
Q2w M7 DOMERITEE L IZRR D, TEOHEDIAA
REPEDONTWS. FRERDLDDFHEL LT, Noisy
Network [18] & W\ 7.

MREXK4ICRT. QY NIV OEREEZR T
LRIV Ra7RFELIETLTORWI E 2fED»D S
7o, BEHER 72 3 v b v — 2 % F Wiz Double DQN [19],
Rainbow [1] Z[F UBRE R 7 v TECHEE L AR RN
LTH 5. BEELHIE & R 7T EkEflE 2 2 7 L [ERkIC,
T =4 OBEEFKRERBOIRL, T = 8 DHARRETF
EDOHFDBENRT =< Y AER LT

4.3 action repeat DR

T =148 2NZNIBI2REFEOMRZLEL,
action repeat DIRZFHH T 2. T = 1 OHE, IBEFIEE
HEOEE LRI CICR 5. #iR%ZK 512775, Pendulum X
#LTlZ, action repeat BEFIC—EDRVWHEZ 5 X TV
5Ze0bh s, ZIUIE 2 HiTiRR X 51T, action-gap
PREL BRI EPERMEEI NI LITLZEER
5B, ZD X SIZ, action repeat 132 { DX A7 ITHE
THH, ZOLETRAFy P77 L —2%2EHTZ L
FEELFREZRD.

Pendulum (T = 4)

—— w/o skipped frames
—100 4 w/ skipped frames

Pas
KN T S X——
—200 1
~3001
~400
~500
l

—600

reward

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step le5

Pendulum (T = 8)

—2004 —— w/o skipped frames
w/ skipped frames

—400 A

—600 -

reward

—800 1

10007 \_’W

—1200

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step 1le5

(a) Pendulum

CarRacing (T = 4)

1000
—— w/o skipped frames

w/ skipped frames
800

o /\\/\/—\/\__

reward
)
o
o

|

0.5 1.0 15 2.0 2.5 3.0 35 4.0
environment step 1le5

CarRacing (T = 8)

8001 —— w/o skipped frames
w/ skipped frames

WY

0.5 1.0 15 2.0 2.5 3.0 3.5 4.0
environment step 1le5

(b) CarRacing
3: JEEHIE & 2 7 OFER. FERUITIE, O Z 7R
BERAZEL TS,

44 ER

Sl D EER T, ITEI DM - BEFGCE D 53, action
repeat DRV EICREBEFEOBRBEIE L, £5 TRV
BIREFIRERN-ZA T4 VEIFAREORE L o7z,
NIEARKERTIEZD 25, T = 4 OGS SIREFIETIE
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Breakout (T = 4)

201 —— wj/o skipped frames
—— w/ skipped frames
---- Double DQN
15 woeee Rainbow
-
2 10+ <\
2
= b
54 /«
\\/
0
0.5 1.0 15 2.0 2.5 3.0 35 4.0
environment step le5
Breakout (T = 8)
—— w/o skipped frames
17.54 w/ skipped frames
15.04: 7777 Doyble DN e
------ Rainbow
12.51
T 10.04
]
=
275
5.0 W
2.51 /
0.0 =
0.5 1.0 15 2.0 2.5 3.0 35 4.0
environment step 1le5
(a) Breakout
Freeway (T = 4)
30
—— w/o skipped frames
—— w/ skipped frames
257 ---- Double DQN
|z Rainbow i
© / \/
e
% 151
o
104
54
0 T T T T T T T T
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step le5
Freeway (T = 8)
—— w/o skipped frames
301 w/ skipped frames
---- Double DQN - — —
25 e Rainbow
o 204
]
=
215
104
54
0

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step le5

(b) Freeway
4: BEBURITE 2 2 7 OFER. ERITTIE, B 257
BHERAZZR L TW5. BERIE Double DQN, Rainbow ®
BEARA a7 OVEEE RS

HATE27—XBIEIRN—ATA VD 4FITR->TED, &

DRWAT +—< Y ADHHINS.
ZOEOIBERPEON Lo ERE LTI, IBRF

BB 2ELUNRITHOETY ¥ IRETRP o727
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0 Pendulum
— T=1
— T=4 /__~\/,\,
-200{ — T=8 <2
—400 4
e
5
2
14
—600
—800 -
—1000 T T T T T ™ T T
0.5 1.0 15 2.0 2.5 3.0 35 4.0
environment step le5
(a) Pendulum
CarRacing
800
600
2
g 400
L
2001
oA
0.5 1.0 15 2.0 2.5 3.0 35 4.0
environment step le5
(b) CarRacing
Breakout
18
16 4
14 A
124
T 101
5
=
2 84
6
41
PR
0 T T T T T T T T
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step le5
(c) Breakout
Freeway
30 4
254
204
2
E
] 154
104
54
0 T T T T T T T T
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
environment step le5

(d) Freeway

5. B2 % action repeat IZBIF 287 y =< ADLL
B SERIETPEE, O 25T RBEEREZR LTV 5.

O, BIE N T — XPEE B E  MIF L 72 mTREME D
H5. GHENGY Y TINRITIEE LT, ATHO N X D
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LR 2ATEN 2R L 7, IREDZ Lh S ATEN 2 R 5 2
WETV[20], [21] REZHWS Z 8 TX D BRWRBME
550 H LAIRW.

5. BHOHIC

AWFZE T, BEAME XN TV action repeat [H D
7 — X ki - B S ORI 2 R 7 CIER T % FiEr
R L7, 2L T OpenAl Gym OBBETEREITWL, £
DEMEER L. VL DOhDEXRZ7ITBVWT, RV
action repeat 23 %7 3 —< ¥ ADM LIZDORMN B Z & Dk
REN, ITEEEY RS 2 O AR EIE X1 B
MR o7z,

SHOMENL, FIEZUE L, & DX AL THEM
WRTEZEE T2 22 THD. H4HTHRRZL S 122
FFERIUEORMDGDHD, 5T+ —< Y A% L
XELNZAREED D 5.

RIFGETIEA > 7 A4 VB LEEI IO A RED, =—P =
Y INPRBEEHAERAETICEET 247 74 Vi s
PEERACHIZE SN T WS [22]. 7 54 Vb2 T
5267 —RDOAPSHTREFB T HHLELDD,
ZRU T -2 2HD 5 Z I3 TERVED, REFE
DEIWCT—XEIRT 2 FRIEETH I EZHN5.
7 — ZVEERFIZ action repeat DT — X Z{RF L TV
EREFEZA 774 VL FEBICHBEHATE, ZORE
B A D BEEECE BEbis.
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