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Combining reinforcement learning and VAE to improve generalization
in Procgen Benchmark

FanNcHAO XUl®  Tomovyukr KANEKO!+P)

Abstract: For reinforcement learning agents to have an ability to handle real-world tasks with high diversity,
agents must be able to learn a robust policy. This study focuses on Procgen Benchmark, an environment that
is designed to measure both sample sufficiency and generalization in reinforcement learning. In this paper, we
evaluate a method that combines reinforcement learning and VAE, training these two models simultaneously.
Our agent that only takes images as input, is trained in a limited set of levels and tested in zero-shot samples
(the full distribution of levels). Reinforcement learning can create trainning data efficiently for the VAE part
of our algorithm to learn. The VAE part in our method can reconstruct input images successfully. Total
performance of RL and VAE, however, we can’t observe a clear improvement in generalization scores. We
analyze this problem and propose possible solutions as future work.
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ation
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2. BEERRZE

2.1 Variational AutoEncoder

SCHR [6] 12> T VAE 28719 %. Variational AutoEn-
coder (VAE) TiX, BEEB2ELET NV EZEAD. BIE
ZRIE, BRITERNEDTLUAN>TTF &Ly Mk
é‘imm\. AWTIE 2 T, BELBZHODY. VAE

X, EFEEMER B2 R x-space & XA i BRI AE 4
F'Eﬁ z-space DIERI W IGHERE FHT 5.

TRy b X TREL, TOMRET IV p(X) L&
B35, AT —42 X DOBHELE 2 NOGH (=a—F
N2y T —2) A encoder q¢, (z]z) &WEIENSD. Encoder

& qy(z|z) ZEIERER 2 1[ZB T 2 HEDH pe(z|r) 123
B2 A EET 5.
qy(2]7) ~ po(z]2) ()

z % encoder CEFEIZHIITE Z L TIEHEL, ¢u(zlz) =
N(u(x),cr (%)), qp(z|lz) OFEIME p EEEHERE o 2 0T
2k N(u(z),0%(2) BBH YTV VI TES, L,
Za—INWRY NI =T DT A—REFHT B0,
TR ABLRE Rk & BN ARE &2 VDI, T 0 X LA
Thd 2 DBAEPEBENTERD. B, FVELIAX
€~ N(0,I)(e En HGEDRY MVEEFH L, 013 n UGE
DRY BT, Tidnxn OBRMNTHTHS. ) 2fH>T, 2
DT v LVEEMER LT, FHEKT % (reparameterization

trick). THE
z=p+o0Qe€ (2)

FE o RTHAI—NVHETHD. ARTIE 2, p, o, e 2
HE UROTDONRZ MVTHNSNT NS,

W, 2 6 X I d 280 (=a2a—J)xy hU—2)
M decoder py(z]2) LIEEND. o & 0 TNE NI encoder
& decoder D/NT A =R TH5.

RIS T — &2 D log-likelihood % fx kAL T
5ZLThHb.

log py(x) = L(,0; %) + Dz gy (2[2)[[po(z]2)]  (3)

Dk r]gy(2]7)||pe(z]2)] > 0 THBDT,

log py(x) > L(¥, 0; x) (4)
D RVASR
X 32 AEHT, VAE O HEERBEE (BT — 2 D log-
likelihood @ )evidence lower bound (ELBO)

L(4,0; ) = =Dic1[qy (2|2)[[p(2)] + Eq, (2|2 [log po (2]2)]
()
285, p(z) IFEAELE - DFRAIAMA2RYT. AiF5EHIE

p(z) & 64 IRTCDKIRITEHANL U - BEHEERI A & 5 5.

ELBO #&AR1t$ % Z &I1dA 5 DI Dk lqy (2]2)||p(2)]
ZNISULT, N5DHE, (2o logpe(z|z)] ZKELT
52 LEERTD. —DHDHIX qu(z|z) ~ p(z) DHEZE
ERTBHOTHD. —DHDIHIE qp(2|z) BT L7 —
& 1 DRI log po(x|2) DHARHE % AT B.

AHF5El% VAE 2% observation space (BiKITTD T — &) %
TBAERB (R T DR 128 U Tk 28 o AJI I
52rT, PeERE%E S 2 LHAfF LT VAE 2 BAH L 7.

2.2 BEZETORILES

Ak &R U VAE 2 i8{b5 8 I o 7258 T & % STk [7]
&, HEMRODORY NMEEREICED A, X (7]
T”the degree of disentanglement” (5D #E % HE1E 22
HTHRES D) 2EH T S B-VAE [8] & goal-conditioned
reinforcement learning % flA&HOE L T, goal % BTEZE
FITH Y IV LaBLT, —2OTEY — RMLRLFEY
TBFEPREL .

BILEEHDOBREZMNET B 720DDFED— DX reward
IZ bonus /1R % (Bl ZIE, state IZ3H1F D entropy A& E)
ZETHD. R [9] TIRIRTDEAELEIZH 1T S entropy
AL, EIRIED state TOITY b —mKRIE& DR
R THDINTWD. RIZ, CHR [10] THEEZEHIZH
|7 % surprise minimizing reward (SM reward) %, i#{k%
& (PPO [11]) @ reward (ZMMA % Z & T, Procgen Bench-
mark @ & 5 7% procedurally generated Eg35 T /N A M
RO EPMUZ. SR [10] TOMBERIZA ) O F

V7 PPO, PPO+IRREZEMIZE 1S % SM reward, PPO+
BEZERIZE 1T S SM reward, =D DFIEDMERER ik U
72. CoinRun & BossFight TOHER, 51X easy D% &

T, FEERERIZEY, REFIEIIZZ DO overfitting BLEA
BT N7z,
2.3 IMPALA

Importance ~ Weighted  Actor-Learner  Architec-
ture [5] (IMPALA) 32K L LEMENEND F
ETHD.

IMPALA & actor-learner DF§E T, #ED actor & H.
WIZHNZ U T, #AEFEEEREEZ ET LT, RN trajec-
tories (observation, action, reward) ZN&ET 5. 7
trajectories % learner 236V, learner CARLZFHE L T,
2 NT—JZFEHTD. Actor WIRDFEITRIEE DRI,
learner MO HHFD XY hT—=INFTA—R 2 HHT D,

Xk [5] T, DeepMind Lab [12] & the Atari Learning
Environment [13] TOFHIiFEERDEEIZ, small architecture
& large architecture 2 2D %Y M7 —ZfEENH LN
7z. Procgen Benchmark D3¢ [3] Ti&, IMPALA O %

N — 2 KGR MERE L RHREIRD /N T >V A% 5 WG & 3
flix TS, RAFSEIE large architecture % @b 7 D
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1 CoinRun O#il: FIMIHI R/ Z & DRWREL (15F) D level
TY, ELTIRSHED Z LA FHDHE

Fig. 1 Different levels from the environment CoinRun.

3 MU =IkEE LTHNS.

2.4 IRiE: Procgen Benchmark

Procgen Bnechmark (2% k% K DEREETS. €2 T
HOEiiEz L 5720103 —Y v MIPMLEEHDE T
HETH¥HETL0ENH 5 [3]. Procgen Benchmark I3 16 Fi
¥ gym environment [14] THE I N TS, ARH 2
VI UV ERFHTHITLEIRDYIZ, TIVTY AAEHE
UT, ZETT—A#ZEMEEROBERZHELT, a2V 7
> % HEERL T ¥ % 1L procedural content generation
WHOLNTVS.

Procedural content generation & game-specific details
I VALTERTD BIZIE, BENTZY T 17 1 DAL
BEERTERAIVITRE). BT, FER trajectories
IZHIRT % policy 2 ¥ 84 ok ¥EHT—Y v b, B
BEDNY T— 3 2 U THEINA M policy 28T 3
LB T —Y = ¥ M& Procgen Benchmark Tk & 2
BEOBONDBHITES 21X THS.

Level L IZ—D2DEHOEFO—FTH 5. 112, B
5% coinrun @ 3 levels, TNZND 1 7 L —ALADHH % 5
9. BREENT A =& D num_levels & start_level % HET
5L, levels DEEWRETED. k> T, bL—
VTR L T A NBREMBER D levels DEATETT D
ZENHRRICRD. MAEERETLOD/NNT A=K
distribution_mode & easy & hard Dfi% & 5. TOEK
1% level &N N 7V A% K> T, hard T D level
E T easy ED level & VLW EIXEWEINRNA,
hard & D level F£E&ERMITI easy FRED level 4 &
DEELWZETHhD.

OB XA DEER D 15 dimensional action space
& 64 x 64 x 3 D RGB [H{{£®D observation space % £ > T
Wb,

3. REFE

VAE If, BBRANZ UG INAZRIUEBLUT,
FALFEE DO T 2 Z e kS, ZOBEBEREN
B 7% features & UT, BLFEHIZAADLT, Pbitrgz
FHD LR MEL TWE. — N4 VAE X AR
UETF—&%y ’T, JIfiLT, TAMNTS. AWIETIE

XCHR [9] [10] & FIRRIC, VAE O%HE % i@ EE & [HIRIZE
DT, BALEEBINEL 27— & % VAE OFIffT— X125
% Z & T, VAE OFE THIHAMRER T — X DL RN L Bk
WET DS, /o TAEIE VAE & IMPALA
ZFIRIZFEE U T, BRIED observation & 32, REDE
EFRE % IMPALA AND AL LT, MLEE2TO5ET
Ve HWS.

z FC 16*16*16
rick
mean, logvar

. Residual Block EC latent dim*2
[16,32,32] ch. Max 3*3 stride 2 -
Conv. 32 ch,3*3,stride 2

Conv. 16 ch,3*3,stride 2 igmoic

b

o 3]

¥
i

=
=

64%64 64*64 64*64

IMPALA Encoder VAE Decoder

2 REFH IMPALA & VAE O#lAGHLEDE T VG
Fig. 2 Model Architecture.

2T, REOETINVHEL Y b7 — 27 OFM %R
9. IMPALA #2304 v bU — 7 k& IESCH [5] D large
architecture % fi\ /2. VAE & IMPALA, 2D 2 DDET
VIS %4 1Z loss function (obejective function) # &L T,
MALIZHEHTD. ZOAEIEATY —DHEENKI WD,
VAE O Ay HIILELC & D 760 RGB Eilk (64 x 64 x 3)
ETVAAT—IVEBIZULT, Thrd 01 DA F )
DHEER (64 x 64) IZEH L THWW (£ E 27 2IVIEHANLIZ
NV —=AHHETHREY, TNETNORE CHER [6] DR
118 @ p;) IXBAEER (2) LXIELTWD & ETFIELT
%). IMPALADAXY NT—2JDATIE64x64x3TDE
%T, [0,255] % [0,1] 1= L7, IMPALA fliCI&, FC 256
OHhe, STV YT URLBELEK - F) Y FIVR
IMPALA & D3#E\), 1 step BT reward rew;_1, 1 step Hif
M action actioni_1 L EDHOETLSTM IZ AT 5. AWigE
T, 22X 64 RITTDNY MV %E W=,

4. B

ARETIE, REFILL baseline & U TOD IMPALA (large
architecture # i\ %) L DILIREERT, ML —=V TR
BT A NBREDOMER Z 7l 4. AT 4 DD
Procgen Benchmark 5% %5 .

1. CoinRun: JI—)VIFHIKO—FLIZHD A V=
5L THd. TV—Y—DOBGILE KD —F /A
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CoinRun
@ @
StarPilot Game Input
frame to
VAE
3
€ Output
from
Chaser decoder
Maze
steps 0 e

3 hML—=VJBIET, VAE OWAE(LMRERl

Fig. 3 Visualization VAE performance evaluation.

T, I VETOBEIZT VA LMTERINBEEY,
i, BEads.

2. Starpilot: FHEMZEHEEL T, BEELESHA
IJO—NVYa—F4 VI 5 —LThd. £VE DM
BT ENHNT, BUSEZNZIE, BEEY) L B
filt U 72732 & ORPUS T — LA —N— L 735

3. Chaser: Atari game ® [MsPacman| &g 57—
LATHD. REIIHIMOEZLHEINT D Z &»n
HEET, REICHDEEL T, BEeHElds e r—A
F—N—=1278%. Level T, REEDHEENT V4 A
IEKINS.

4. Maze: TLV—VY =23 AXIZEMEL T, REOMEI
WZH2F—A%WD I LWHETHSD. Level HIZ,
HREEDREEMN T v A LTERIND.

5 % FIWT, IMPALA (baseline) & IMPALA ¥ VAE
DHAGHE REFIE) OBEREZITS. SR 3] D
EERRTIE, MRRLEIIAEROHEEDNT VY AZND 120
12, 500 levels (num_levels = 500, distribution_mode =
hard) TH##E U, full distributions of levels (num_levels =
0, distribution-mode = hard) TT A M Z{7>TW\5. %
MUZBDH 2T, AHFIEFEURETEREITS. EBRTH
AUZY 7 sD 714, python 3.6.9 &, procgen 0.10.4,
gym 0.17.2, gym3 0.3.3, numpy 1.19.2, tensorflow-gpu
1.14.1 (CUDA 10.2), tensorflow-probability 0.7.0 TH 5.

IMAPLA ¥ VAE |39 TIZ open-source® *2 CH| 7] g€ T
HB7D, KFFEIEENSLDY — A — RIZEDNTHEE
U7

PERERHAT X b L —=V T T A, 202 DORRETE
filid 5.

il
=

4.1 ML—=V UK
4.1.1 VAE tgeFHE

VAE #43 O7 8 3587 H L FRFIZHEDTNB DT, 58
LB FE SR WVERY, VAE 23 2 2 3T — & Ot
HAHKET B 3T, 4 DD\WBEZENTND 0 steps M5
108 steps E CHEFIFIDIET, —EBEE T L 72, O game
frame, @ game frame % FifLH U 72 VAE @ encoder D A
71, @ VAE @ decoder #i5r MMEG U 72 o] ALFER 2 R 7.
F72, RO —-EFLBO %K 5 TRY.

3 DHGULFERD S, BRI 2 &, mbZHE
TINE U 72T — 2 2 LB U 727, encoder D AT
UT, decoder IFZTDATI ZMERIZHEILTE /2. VAE DH
ERE% ELBO M ckftd 5 (—~ELBO % 5/ME$ 3) A\
IZEEIN. ERNIZFEY % &, CoinRun & StarPilot
D #EFAZ LB AT . 3 T CoinRun & StarPilot M
TEHRBD L, ZFED@encoder DA LD game frame &
AT, ATE U 728, JCERD% < DFEHRAEHDN TN
% (2, steps T CoinRun D 1 HHDKZ L, game

*1 https://github.com/deepmind/scalable_agent
*2 https://www.tensorflow.org/tutorials/generative/cvae
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4 FERA L VY (dark orange) DO MR baseline, #% (sea green) D HifRIFIRE T
T, AL—ALZT—ZIZRVOOME Ut % 7z,
Fig. 4 Learning curves:The baseline is in dark orange, the proposed method is in sea

green.

frame TEIETE D F ¥ 7 7 X —DE ML, AT -4, INTH, B 72, REHDOTY IWREINT,
BHTEI R B 27). TDEK DA encoder DAJIT VAE VAE 23 & V) EMEICAEGT E 72 LD L AR T).
DEFZM#EDD &, HRITHEIGU ZRRIBcEBGE DA 4.1.2 BILFE O MRETE
RE. BEAE 22 [3] T, IMPALA OMEREDSFEA X 1128\ 72
EZONDRIIFALFILHEOFZETHES. ZD_DD O, AF§lE Procgen Benchmark (2351} % IMPALA % H
BETIET VA LA TERI N level 12, game frame D W 2B L H OVERE Z BT 5. 4T, £BRETOIM
MRKELKEDLZZEDRH>T, T—LHNDIZY T4 T14D % @ episode return, step reward (— [F#H 9 2 F
Ty ViR U, 850, BB L 725 OB AC O H unroll length - batch size DY reward), 5EALFEHTO
BT, FVZ<OFHRMEDNZ. #iZ, Chaser & loss function HifE% =9, SARMIZEHET 2 &, FIHELR
Maze ($3KEE L BH G BB TH D DT, T VX LTHE T, fRETFIEIE baseline D IMPALA & ) MERESENS Z
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train_vae_ELBO

3000

coinrun
2500 —— starpilot
—— chaser
maze

N
=3
o
S

1500 A

negative ELBO

=

o

o

=)
L

500 -

0.0 02 04 06 08 10
game steps le8
5 ML—=VURBIET, £FEPRETO —ELBO
Fig. 5 —ELBO from each experimental environment when

training.

EWBIRIHERZ N> 72. £ U T, VAE O¥EDRET,
WATHAD VAE 13 F 72 IERE B 22 IS S 3 2 IBIFE R
IRD ZENTER. IREE (state) DIEERI % WALFE
BN ATZELS 728 (baseline & AR TREFIED AN
IXEEABOE RN Z TWD), baseline & V) F & #E
AR R DR B X 7z (F81Z, StarPilot & Chaser
D 0 steps 35 4% 107 steps £ TOXM). I DEBRKER
IZ& =T, VAE & IMPALA 2 [FKHZFE T eNTE
7273, baseline O IMPALA 7 & O MEBE [ E IS BLHIH e 24
Mo 7z,

4.2 RAetEEET R b

500 levels (num_levels = 500, distribution_-mode =
hard) TH#HEU~ZT—Y ¥ M, full distribution of lev-
els (num_levels = 0, distribution_.mode = hard) Tk
PEREIZDWTT AN 2FS. ZNTH 10° game steps & E
iU 7.

£ 1 FBEEO full distribution of levels TD T A N sk
Table 1 Mean scores for the full distribution of levels in each

experimental environment.

CoinRun StarPilot Chaser Maze
. 6.51(22.72)  3.473(9.94) 1.33(0.50) 3.89(23.77)
Baseline
[10,0] [18,0] [3.28,0.12] [10,0]
.. 16.61(22.41) 3.665(14.97) 1.28(0.46) 3.69(23.28
P— ( ) ( ) (0.46) ( )
[10,0] [18,0] [3.28,0.12] [10,0]

R 1 T, f2=FE L baseline D, £EHE TD mean episode
return (variance)[max,min] % ;<9 . HUAHMZHRRIZZEH
BETH 722 EBNRW level 12X L TEH, baseline & V)
ZELT, GO EHEENMELND Z L ZM, CoinRun &
StarPilot T Z < D¢ 2 7AMERER L UBIH kR - 72
Chaser ¥ Maze Tl&, VAE DETIETEITWAZIZHED

59, SEYIHIIL baseline 24U FE>TW5.

4.3 FEHESRDRE

AWFFUSIFACERE D E b TR 2 BT 2 /2012,
ZFkME % R DBRE Procgen Benchmark (235154, IMPALA
& VAE OffiAEhE 2 3 U 7.

Procgen Benchmark (25 £ 5 4 DDEEET, ThTh
500 levels (num_levels = 500, distribution_mode = hard)
THL 7z, IREFED VAE B 1%, "HEHER & HEE
B DR Tl 5. sLFEMNNEL /27— 4 % VAE
DT — X125 Z & T, encoder D AJ % HEFIZHIT
TE 72, 2RI OVT, REFIE baseline & I
LT, B AMEREM EOSBIHIAR R - 72, IRIEDIBTE
KW FENATIICEDS 728, baseline & V) FHHE
MBS BRI Nz, 7 A MRBET, Nkt
M5 7212, full distribution of levels (num_levels = 0)
TEBET>7. TANDRERNOHD L, T<DIMA
PEREM L U LRI SR B o Fe

SROFEIZOVT, LIIREFEIZRLFHEIZ VAE 2
Mz % ZeT, fbZFEOMERRBELRA D > 2 K% 08
UT, WELEZHET. EBFERMS, decoder IZ&51E
TCIRBEABDOFEEIZIZR A LTV EHEZXDL. L,
baseline & AN TRREFIED AITIZEELBO R A
RERETT, AR Z2WET SO EFZRARTH-
HREENH B, SHOMEEL UTIE, BEFEIIZE [10] 1354
L% (PPO) IZETEZERICE 1 D SM reward Z 1A 5 Z
& TPALHEREICRI RN H B L FHU 72720, REFIRICE
#ELUT, NbEREZ MEET 5.
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RAL NANR=NF A=K
Table A-1 Hyperparameter.
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Hyperparameter Value
num-actors 8
num_learner 1
Discount () 0.99
Batch size 32
Unroll Length 80
Baseline loss scaling 0.5
Entropy loss scaling le-2
Clip global gradient norm 100.0
Adampy 0.9
Adamfs 0.999
Adame le-8
Adam learning rate le-5
Dim of latent space 64
*& A-2 Procgen DEEIHE

Table A-2 Parameters for Procgen.

Parameter Value
num_levels

train 500

test 0
start_level

train 0

test 1
paint_vel_info False
use_generated_assets False
center_agent True
use_sequential_levels False
distribution-mode Hard






