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Memory-Efficient Reinforcement Learning with Priority based on

Surprise and On-policyness

RYOSUKE UNNO'®  YOSHIMASA TSURUOKA!

Abstract: In off-policy reinforcement learning, an agent collects transition data (a.k.a. experience tuples)
from the environment and stores them in a replay buffer for the incoming parameter updates. Storing those
tuples consumes a large amount of memory when the environment observations are given as images. Large
memory consumption is especially problematic when reinforcement learning methods are applied in scenarios
where the computational resources are limited. In this paper, we introduce a method to prune relatively
unimportant experience tuples by a simple metric that estimates the importance of experiences and saves the
overall memory consumption by the buffer. To measure the importance of experiences, we use surprise and
on-policyness. Surprise is quantified by the information gain the model can obtain from the experiences and
on-policyness ensures that they are relevant to the current policy. In our experiments, we empirically show
that our method can significantly reduce the memory consumption by the replay buffer without decreasing
the performance in vision-based environments.
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77 DEECHRICEE T LI e THEETE, VIS1LA
N 77 PoBET—ReV > 7)) 73 370X
NEFFEO7 Tu—F e lAGbELZZEMNARETH 5.
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T3, ZOBKE QBEBMY, HhxhslEE Q iy
W, QBT X3 iERbEn .

o0
S ytr(stanlso = sﬂ
t=0

O Q BTN D TD 387 6(r) L X 2 E% sIMb
THEIICLTRkDONS.
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Algorithm 1 $2&Fi%

Initialize action-value network @@ with parameters 6

Initialize replay buffer D with capacity C
for each time step t do
Select and execute action a; < arg max, Qo (s¢, a)
Receive reward 7; and next state s¢y1
Calculate the pruning priority f(7¢) of the tuple 7
if t > C then
TN ¢ argming ;) D
if f(r™") < f(7¢) then
D+ D\{r™"}
Store tuple (7¢, f(7¢)) into the replay buffer D
end if
else
Store tuple (¢, f(7¢)) into the replay buffer D
end if
Sample a batch B from D
Update 6 with B
Update the priority value in B and return it to D
end for

1(Q.7) = E, [KL(p(Q[7)|[p(@Q))
~ E, [KL(p(Q"*)||p(Q))]
— E.[5(r)]

ZD21THTIE, BT —X%25 2700 Q EHOSHH
HiE QDO DIED L WHIREZ AW, ZhiE, Q
EHOEFNVIBE T —X r EHVTHEQHE DER K
MET B LS CEFINEZHTHS. Tihbb, TDE
AOREVERT —XEEIRT 22T, HHFFOKE
WERT X EHEINT2 e TE 5.

4.2 On-policyness

TD REDKEVER T —XDARKRLTER LTI &,
FEPALERD. 2, BEDOHEOREBITH L
h BN BT — XY E T — JTHBITHN DL e h
NIz, BEENKEL RBEANBDH Z7:0TH 5. DR
AR RIS 272012, BHREOFHEICIC on-policyness [10]
RS AEZBML. 22T, on-policyness & 1%, »Sv
7 7 IREINIEBR T — X NI BED SR T Kk
LTWaENeWHSHDTHA.

On-policyness I¥, BT — X E2INELTHHRKY, %
BRrICT — X2 FHWTEEZIT S BIEO T RAF—TH 5 Z
L WEE T % on-policy BILFEEICBWTEETH 5.
DEMERmIT2DICHVWSh 2 — NGk LT, #
B2 BIED T ROITEN DI T X — X B DITH)
TIROITEDHDOLEL I L EB LI ICHIT 2005
% [32], [33]. %7z, ZD on-policyness i off-policy #1
BOTHETNLVOMREZ M X2 LTEETHLZ D
MonTwd [34], [35], [36]. ZZ T, IO on-policyness
EESEORTEICKMXE 2720, TD#EZEICMA, U
DEA w(s,a|lQ) TBEALT:.
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BLDOR—RT74 OMETHEZERELLTWA.

exp(Q (s, ar))
>0 eXp(Q(st,a))

ZDEABEE w(s,a|lQ) 1%, HBIRE s I2BWTITH o %
I—Yz Y bR ORERD LT WD, MOfTH L gL
TYORERVLEKML, V7 MR 37 2 LT
H2ZedTE3. EROBEEOFETE, FHo7—
R L THEICEANT 2T 27251212, BREEowEET
HFFICIXEAZFIC LICRE L.

w(se, a|Q) =

4.3 73V XL2E

REFHEO7 LY X LDEERBEE Algorithm 1 1278
T BRT X, PREPSIEINE, BET 2D
BREDME f(r,) PR (1) ITLEd->THIER, VL
ANy T 7R TV (1, fPromity (1)) & LTBMEIN 5.
ZOEEE DM Q HDFE DT TD EMFIH IS
FIcEHINDE., BET—XOEE, VL ANy Ty
WKHRFEEINTWE 7 — XD FRIGEL, HiLVBER T —
EAPPEE SN TICETEINDE., DL ZICEEEDHE
PENDER T — ZPWHEIND. £z, TLHDELE
DOfEIX PER THAZI N2 DD L IIMIL L THESB L O
HhEhs.
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5.1 SEEREIE

FEERIE Atari [38] DF — L4 TITW, REFEROEREE
MRRE L 7=, Atari ZBESUTEIO ESRERIRE » L THbh
ERYF—IBEDOR Y b THB. AEETIE, Atari
WKEENZ 5TEDEED > B 52 lE#HLE. 2055
5007 — 1%, RSB TREDFERPILE R0,
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Atlantis

BattleZone

CrazyClimber
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00 02 04 06 08 1.0 02 04 06 08 1.0 00 02 04 06 08 1.0
steps le6 steps le6 steps le6
—— Baseline (1M) —— Reward (10k) —— Exploration+S (10k)
—— Baseline (10k) —— Surprise+S (10k) —— Ours (10k)

2: Atari 1281 2 FFEOREEGRM O LR, HiR e OfF E2HBE, 2heh s 507 Y X Ay — FORERDFE L

IRERAEZRT.

oo =YY FO¥E 7 AT X LIZIE Rainbow [2] &
FHL, IM X7y 77odl#zzhziiiofk. VL
Ny 77 DRFET 2 BB T — X ORAXEOHIFNE 10k & L
7o, MEFEELUTOF— 2B IRFIE L KL /2.

Baseline : First In First Out (FIFO) AR TEK 7 —
REWHET 5.

Reward [11]: B 7 — & N DB T i/ O TR
EREODDOILHET .

Surprise+S [13]: {3 F 2 &7 — X % PER t [k
DY 2T Y IFETHERMNMGERT 2. 3>V 70
BRI TD 352 6(7) OB e Lz, ZoH v Ty vy
2D, TDEEINVNI VBT — XIIEFR XN 5 AlREME
MWEDEL 5.

Exploration+S [13]: 77 5ROITEIRER D & WER T —
2 SEFINCHEET 5. de Bruin 5 OFE [13] TlE, &
BT—205 2 KEBICBT 220 TM- THOMEE
EEFH L TWz, Rainbow %W =228 T TEIDHE
REPEERDZ ZLIETERY. 200, BEFETH
W7z on-policyness ICEED K lHZ Y > 7Y > FOBRE %
FWT, BT %57 — &% PER & RO GIETTHERN
WEIRLz. Zhk b, MRiTERERE(T - 28R T — X
BEDE AN 77 ICEE2 125,

72, Ny 77 A REHIW 2RI BZOR=ZF 4 ¥
(baseline) REEIZOWTH HDOETEBEZITWV, ERE LR
DIEEY L1z, ZOMDETFTILDRER L A R—08F X —
X DOFEMIARALICRT. SBREOERICBII S 2 —
Yz ¥ b OMEREFHIEZ 10k FE R T v ST IZ5 EIOET
AOBR—ILT7Y NEFETL, TOFIEERMEIS Z L
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5.2 SRERFER

Atari BEETOR—2 5 4 » YRR FHEO HERERE 2N
LR, BEFEEHVTER T —XDOHERITH>
T, 52 OEREH 39 HORFICENTY LA Ny 7>
DI A ZHFIREINZGFETH, =T—V =¥ FOWEDS
bzl cER=. £, M21E, HoBEET—Z2EROF
B OB OMRTH 5. REFERFMOFEOMREL I
\oTHEY, HHIDBRNR—Z5 4 v L RIZSDHREE2
ZEeMTES. F/2, RoadRunner D X 5 —HDRET
X, BEFEEHAVS e THINORWAR—25 14 Vvt
WL THEVFEEMELRL .

5.3 BERDFS

Surprise ¥ on-policyness D Z 4L Z N FAL A 72 PEREIC
COREHFG L EHTNDS DI, 6 DD Atari BIE
WZBWT, BEEOHEL LTHADEZDAT AWV
FEERHITo 7. 3 DFERD B, W OERI RN
HEEICHFES L TWE Z b d. RN ERYL LT,
EEIEE DOFE D S on-policyness (2B 2 IHE R L 7=
56, HRETHIDREL Lok, 6 DDRTEDS 5,
Atlantis, BattleZone, Defender, RoadRunner @ 4 D TIiZ,
on-policyness OISR EAL IR EREER T %5 £ T, T T
HBLWVWSZ bbb, Enduro IZBWTIE, surprise D
JHD AT EREIZER T & ThRwA, WMOERS Z
ETHEREOK AR SN,
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Atlantis BattleZone CrazyClimber
80000
E60000
©
& 40000
20000 ¥
0 |
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0
le6 le6 le6
Defender RoadRunner
600
10000
8000 400 20000
°
2 6000
£ 200 10000 ,
4000+ I
2000 o 0
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0
steps le6 steps le6 steps le6
—— Surprise + on-policyness ~ —— Surprise ~—— On-policyness

X 3: B DR R bR ERZIRIN L 756 O RRETRM O iR, FERe O SR, 2heh s 207 v X ay—
FOFERO P LFREFAZEZL TVS. JfE IR TICBI X274 Y FEROREGTIIR a7 2RLTVS.

54 Ny 7 7RDRERTHR
BEFEICBVWTY LA Ny 7 7 ITRFEEINEBR
T — X DI ML T % 72012, BIER% CNN =~
a—X %zl L TR NSBIERB O % t-SNE [39] % H
WTray L7 F7z, EBNTES LSS &heT
AL U7z AIRRICIE, Ny 7 7 OB BRICHI DIz R —
A4, GRDOD BHFEDR—AT A4V RTREFED Y
TLANy 77 2f0ic. BB 25500 LAy
7 71X 100k EEH AT v ST LWBEEL. HINRROERE
DA, (100kxi+90k) ~ (100kx (i 41)) (i =0,---,9)
27 v 7 ORICEBH SN EEIKEEZ L. Efo
BIRRAED S IBTERBINOEHUIE, FIRTICB W THIN
BILRN=—RF7A4 Y TIM AT v 7¥ELZET LD CNN
Ira—RERWE. 207, FIURBEORL 2 HERFK
EDSDOBERBFTED 20, oy b IhEREFEL
BEEMEZHEEL TV 3.
RESAZAAUL LR 2R 4 11T, 1IREFEMR
32 REBBIIN—Z T4 Ve LT, BB RE
ERRMAKEWVEALD 2 Z b b, Xda 251k
BTERER—Z 54 YRR, FHF LTV 3BEHIR
REMIAS AL TWE Z bbb, £/, K4b D
IM 27y TROIREI LT 2, #HdhoN—
274 VFEDONY 7 7 NOKRETIIHEINCD £ D 5516
L COWARWIEES, IREFEDRIET 2 BB DIRENZ
DHELTWR e dbhb.

6. ER
RETETE, VAN 7 s NICHi- 7 — X &
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M3 3BTRS 27— X 2 EIRT 2 FELRELL. R
FEIZEID VT4 RNy 7 7y DBREIFIRINZGETD
ETFTNLVOHBEDOSBLEMHIT 2 2 81T L7z, Surprise
XU TV AN 7 7 MRFET BT — X DIRESAEINR
REZERIMNICIA 35 5 Z & 2@ L, on-policyness 12 &
DEMT R IZ—VzY bOBEDT -2 PDFE
EOREPOZ RN 2R 5. X5, BT —X
PRI DT B 28T, N&Ny 77 TRS
N2 4y TR D E IR AAEB %2 [ 3 2 5 R D 5 &
bEZHND.
REFEORFO—o 2 LT, BRINLREENREET
HBZehbHb. TDRETERT —XEEEDEF L L
THWTEZD, =—Y =Y FOEEMEDRIZEE OB
EEZBAHEMPRELS LS. ZhEMHIT 272012, 12
ZKFE T on-policyness DIFIELEAT 5 Z & T, Sl
M BE T -2 OBELMHIL. LarL, 2FMicR—
A4 VDORELID S TD BMADESIKRELZ DTV
ERDBD o7z, Tz, FHRT Y TEEFEZ LI TIT—
Yz bOFTRISHIET 2B T —XIEE TD BRAENNE
{25720, HMINCHNERNRER T —XDEADKE
{BBoTLES LD, BEHELMGHEITELRVWGEENDH 5.
DX RGEOMULEL LT, EHRT Y 7HITETT
surprise D EE/NXLTEIeBEZILNS.

7. BHOHIC

ARETIX, BT —X0EH B 2BLE 22RO
BELPHAEDT—Y 2 FOFEE DR OE X IZHDO N
THEL, A5 ZHAVWTHEETIRE T — X DFERZAT
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