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Introduction

Cooperative vs Competitive setting
& HA X0 RN, HEMOZ 271X MAXoZ B2 Jis
<  Cooperative setting: B 24 57 > &3 I+

< Competitive setting: 2 X2M > 2 Z=

Cooperative game benchmark Cooperative game benchmark
(SMAQ) (Pommerman)

Cooperative vs Competitive (512 2|0])

< Cooperative setting: 00| M ES0| @HSIEE RFEk|= o223 “cooperative” settingO| 2t 2]

< Competitive setting: Ol O|TMES0| JTHEL} H Eole = Ho{dt= ERE "competitive” settingO| 21l ‘H2




Introduction

Cooperative setting = Decentralized Partially Observable Markov Decision Process (Dec-POMDP)

% Cooperative setting= O O|O|HEZI StLe| Bl = F0] Rl11, & Jut7t HY O 2 0y

X/

< Dec-POMDP: 0{21 Of| 0| E 7} partial observation?t 7tX| 101 21 &5}{0f SH= X 7=
%  Cooperative settingO| Dec-POMDP7} “J2|5}= 1=t YX|

Dec-POMDP 424

M =(N,S,A,P,0,Z,R,y)

N:Oo|HE &gt
S: M AEl (global state, 2% 25 27
A: joint action (2= O[O|HES| Az &g}

P: & Ho| 25 o=

0: 2= T2 O0|HE= B2 &ETHIts)
Z: 25 2t (HE > 00| EE observation w=HH)

Y« discount factor



Introduction
Dec-POMDP -> Partial Observability

B K e > KRS T HE

< Dec-POMDP T-Z0j|A] Zf 00| HE= Y el Y20t 2
252 =50 7S5 | 20, Wilst= 2X7F o 2] =X (ex: coordination problem, credit assignment problem)
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Coordination Problem
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Introduction
Dec-POMDP -> Partial Observability

JEio| EREE2T 2= ThsE > Aplel FH HH

=
X7t 62 =X (ex: coordination problem, credit assignment problem)

% Dec-POMDP 7:X=0|Al Z (O|MEE= MY
& BEE S0 VSO 20, 25 =

Credit Assignment Problem

L WS0| Yot 7| iR 22




Introduction
Dec-POMDP - Partial Observability - Sight Range Dilemma

< Sight Range Dilemma: A|OF '=”-C|’-| 37g0f e, g

>

= AOPHHR ES I, 220 BEE HX| X >
= AOPHHR HE I HF B2 2Eaot 82 X
% Trade-off SOH ME HE= HOoM HE 1l 5 =

AOF7t LT H= I




Introduction

Dec-POMDP -> Partial Observability > Sight Range Dilemma

Sight Range DilemmaE CHE 27}X] &7 A7)

1. MASIA (2022, NeurlPS)
2. DSR (2025, AAMAS)



Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

D s K-
1. Cooperative MARLO A B2 & 2H54g 0t Ct==0f Of| 0| E T} SA[0f| eh55t= HITE & 287 =Xy
> 8 ds2 3 MY

SA0l AE BH of5 > olo| M EDnfLt Ho| =Eut B 40| Hat




Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

< T HiZE
1. Cooperative MARLOJA| & 2t5/d10t Ct=2| O[O EZF SA|0 et&5dt= HIEAE 2X7F =X
> g8 de2 3A XStA-
2. O|E E517| 2/dl, CTDE B{2{CIUO| E2| AR
> 2 A| CHE Of|0|HE HEfLE =0 Citt 22t de = Qls o HS| = Auf7f 2l

Env

. 4% 50 Sl B)E 28
[ Information HS)

Update Update

Gronauer, S., & Diepold, K. (2022). Multi-agent deep reinforcement learning: a survey. Atrtificial Intelligence Review, 55(2), 895-943.
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Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)
<« AT HZ

1. Cooperative MARLO|A] Fi2 2t5-g10t Cf=2f O|0|THET}L SA|0f| stadt= BIEEE 2X7t X
> g8 ds= 32 MotA

2. O|Z E35t7| 2Isl, CTDE TH2{Ct0| E2| AHE
> 2l A| OHE O0|HE HEfiLT AS0f Chiet S=2te-d 22 QI5) 65| == A7 2
(kA OO E Zte| S4I0| iy CHRtC 2 [HR E

4. SFX|Zh o] HAIX|E Efol= IPdS BAIZ L2 CrEX| 2o} H|2E480| Zde MAIX] 5, F2et §5)

@T, TarMAC

Mixing Netsardk

&

iy, gpmy") ——— g
1

i
0y QT o, ]n:n.] L} Meszages m_q; !
E from other agents l
: { 1A M [T M)
E Agent | 1 1Mo |
i Mutual Information Loss
i
) CD
Autual Information Lm.:nJ Lk

a, Messages m_; o
() Concatenate from ather age # (M)
e -

Tonghan Wang, Jianhao Wang, Chongyi Zheng, and Chongjie Zhang. Learning nearly de composable value functions via communication minimization. In International Conference on Learning Representations, 2020.
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Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)
< =8 8o
= Cooperative MARLOJIA| Gf2{ Of|OTHE TA|X| & OEA 22X 2= HA5HL, 712 00[HES| oAt 2780
7E0 gElilz FEY AV
= Ched] raw messageE Z5F poliy YEC 2 H= A2 S E Q0 FEIF MLFSHA Zek[0f o5

= [2EM, HIAX] 2 (aggregation) > S8 EE FF (extraction) 1P’H0| gt

.

o
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Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA
= 20 S HFHLIE CIXRIZ /6l “Sufficiency” 2} “Compactness” 1121
= Sufficdency > B2 22| HE [@AX] ) / Compactness > 2= =2 FE (B2 2 F5)
. Information Aggregation Encoder (IAE) for Sufficiency / focusing network for Compactness
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - IAE (for sufficiency)
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-

1033.
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Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - IAE (for sufficiency)

= M| 7HX| CH2 HEN(@, @, ®)2l integration networkS A7t

O
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - Focusing network (for compactness)
= Z Ofo|HEO Chot SEel 20M S8 L0 U2 7HSXIE 57| 2/3l focusing network A&
= Focusing network= MLP+sigmoid= T &[0 _AZ > wi7t Z5F 0~1 ALO|0f fX|g
= w W S8 X0 tioi N =2 7HE XIS B0, 00| EE O £ 220 o TS Bt
= HHHOf|, £ KR CisiA A2 ool 77k ZHFS K7 25T, O Al R = 23

Focusingnetwork= RL =4 840} 2
Ly | > BAXXS}0| TR S 23 Y EHEOLY 2 81
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R BN T
[ e | ~
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-

1033.
19 -



Methods

Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - how to optimize aggregation representation

. HEo|Wre E0 HETHS £E 5S¢ HHS T BISY| o) £ 7IX| $7H HE &4 B4 A8
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-

()
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - how to optimize aggregation representation

. Reconstruction task: 21f EYIC 22 H MY AEfE MFAHSHes A0 =&

KT MBS 59, ARG WO HES FEsHE B £80| B IS SHS FEGES |
= O|2 Qlf], £ Q0= B2 HE5S2 E ST SE¢ ST 0| 2 == UZ > Sufficient representation
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L (0 —E.. . ) g2 ot ot . N
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - how to optimize aggregation representation
. Multi-step prediction task: t A2 A =l HEH ()t & WS(a,)2 7B 2 t+1A|- S| T HFi(z,,)2 OF
. O] &4 e&t+E &5, A H(z)0| 2JAHEH0 S22t HELL Z45HA HEEEE R - compactness
- Sl IV QFHSIE I3, kestep rolloutIFHOfA] AFREl IAES X|4: 0| BFO 2 H0|EE S like in SPR
Reconstruction Loss
_ t )12 t_ t e N
Eae (97?7) — Eot,st‘ gnl< ) — S ||27 £ = f9 o ) " K-step Rollout ‘1
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State Decoder IAE | SUHLtHK—1 ptit+K-1! _ )
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-

1033.
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

% MASIA - how to optimize aggregation representation

Total Loss Function

Eﬂrl(Qa Qﬁ) + Alf'ae (93 77) + )\2£m (97 ¢)

2
‘CT’E(Q? gb) - E(T,a,r,T’)ED [(?” + I’IE}X Qtot (T’a (L’; 9_3 gb—) - Qtot (Ta a; 93 qb)) }

K
ﬁm(Q, ’gb) = Eotjst,at"“’at—}—K—l,Ot—}—K‘JSt—i—K [Z Hgt—l—k _ §t+k§]
k=1

Eae(gan) = Eot st Hgﬂ(zt) - StHga 2t = fﬁ(ot)

Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

o A0 AISE
" Hallway: O12] OfO|HET} MZ CHE X0 R2t9|2
- Level Based Foraging (LBF): 0| M E=0| A0 412

7|2z, SA|0 S K| g0l ==5H0F of= 2t

e
=Hot7| #lol = ™olof of= 28

= Traffic Junction: 41 SHZ E7I6H7| fIot HEL Z, Cha=0| X}ZFO| StLt O|4Q| WALEE HEolot YRS 25
2t 02 Hol&l Z2E 0|55t 2t
. SMAC: A9| 2|X|& mtestd 542 Sl A= A E|OFS= combat mini scenario A& 2t
o A A
- @ i
(3] —
— _ a
5 s

Q)

5
Sow
it

(a) Hallway (b) LBF (¢) Traffic Junction (TJ) (d) SMAC

Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

<  Experiment @ - MASIAZ| C}Fot A[LtE| 20[M 0] 7| EMaf H| w3 S 0, O{FA| 453 Eol=71

MASIA (Ours) Full-Comm NDQ TarMAC + QMIX T™C QMIX
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

<  Experiment @ - IAEE O X|A S St55t=7R

Closing Phase Battle Phase

T T
-5 0

: Ally Agents : Enemy Agents

Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

< Experiment (3 - focusing network= St5E AUHIY SU2ZRE 7HE ofo[HE|A 7P &7 d0| =2
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
1033:
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Efficient Multi-agent Communication via Self-supervised Information Aggregation (2022, NeurlPS)

X/
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Guan, C., Chen, F., Yuan, L., Wang, C., Yin, H.,, Zhang, Z., & Yu, Y. (2022). Efficient multi-agent communication via self-supervised information aggregation. Advances in Neural Information Processing Systems, 35, 1020-
10833:
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Dynamic Sight Range Selection in Multi-Agent Reinforcement Learning (2025, AAMAS)
<« ¢G5 HigE
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MASIA CAMA

Liao, W. C., Wu, T. R., & Wu, I. (2025). Dynamic Sight Range Selection in Multi-Agent Reinforcement Learning. arXiv preprint arXiv:2505.12811.
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Dynamic Sight Range Selection in Multi-Agent Reinforcement Learning (2025, AAMAS)

<+ =8 Ee

= JZCHH IEYH HEE A5t 4l A|AR 210] sight range dilemmaE E7H slilAT &~ Q= HH2 9l=7R
= o5 IP30]A o0 EC| FHE A|OF TS H|0f5to], s FHef|otE s ddt= BhEo| H+tE

.
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s DSR

DSRZ Of[E$t MARL ¥HHE % Ct M- 7H5 > DSR = module
SH o2 FOX|+= sight range] [It2}, observation functiong 7
meta-controllerS S5l O{™ sight range”t 7+ MatoHX| 27

O[S Sl Z[X2| Alof HeIE 2EoiA HE

[ ==

) { R
de ' _ X / i .
5 Selected sight range: d. ,/
' arg max f"
UCBA(d)) S
E. -------------------------------- o ..E ’
anlala A a
/
---------------------------------- ’
Update ™~
Update using episode return: 7, . =
Te de
J
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<  DSR - observation function 3=73?
= 7|&2| observation function of = Z(s,, ;)= 42| THX| HEH 5,2t EF OfO|HE n,E YHEOL Of|0|HET}

TP & Qs RN B ol Bt

. DSRO{| A= observation functionOff A|OF & M2F2 7| {IH o} = Z(spny, = T8
. CA M E, AN SE0|A|= AlOF HR{7t BIEA| OO|MEE SA2Z oF n7dE He|= Ot
. 2T M= A2 CHE d 440| A2 CHE H[ef 22 k% 7= A A E oo|g == JYZ

d=1 d=6 d=3

Liao, W. C., Wu, T. R, & Wu, I. (2025). Dynamic Sight Range Selection in Multi-Agent Reinforcement Learning. arXiv preprint arXiv:2505.12811.

- 32 -



Methods

Dynamic Sight Range Selection in Multi-Agent Reinforcement Learning (2025, AAMAS)

X/

% Upper Confidence Bound (UCB)

. O|AHEE ZX|0f| A BF e (exploration) E-&(exploitation)2| 7

jo
»a
ol
N
Ho
oOF

B B B4} 48 A8| IUS 2 124001, 71 2 O 24

>
>  Ny(a): &S a;7F MEHE 3=
>

o I |
c B@gnt 28 =E5= of0|H Li2t0|H

E}S o

logt
UCB¢(aj) m+cxm—){t(a;)+cx L

yson Ni(ai)
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t
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% Sliding-window Upper Confidence Bound (SW-UCB)

= 7|E9| UCBE H|EA BES 12{5HX| 28 > Multi-agent SystemOflA 25 28 B kLt = HIFZ A
= [EpM, HIEA 2 S e = Qs HIEA ucB 2 112|50] 7L &

= UCBRLHE B > X 8l o (X Bo 24) > TH O[=0] ot 2|2 2H=4S2 oMY =92 o

UCBSY (a;) =|X5W (ap)|+ ¢ YUY (ay)

) [ ZE0|Y AES Lol SWUCB7} MEsHIS0| 917}
= Z ri(a;)l SW_;
. jlai)l (ucBSw =
zato|Y A Lol 85 o7t MetE zi4 IN; (aj, w)lj:t—w+1 (UeB; ™ =i)
log min(t, w)
+ ¢ X & , and
N (gi, w)

E7|0l= t<w > logtE AHE
S| A|H0| &O|H t>w > logw AR
> X2 wle] 7|F§1E 7| E o 2 B o E §XI5H7| I

Nt(a;,‘W) _ Z ]]'{UCBSW_I}’
J=t—w+1
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«» DSR - meta-controller?

= Sight range dilemmaS ZHEC 2 | ZAst= 22O 2, 2} OfmAE2| A A| SW-UCBE X &3
Alof HRIE ==¢t

» ZAIMOZ meta-controller AS £3| X|&2| A|Of HQ|E = 5! MEHSI T 1 SOt MARL &
EHEl AJOF HE| Lol M Y 7HX] & @™ ZICH2lSt= O] s

= A CHAOM = Ehed| £210|Y RIES L Bt 2[H0] 7t 2 Ao HRl(argmax(r(d)E M

UCBA(d)_}ﬁd)+c><U(d)

ofzj2=
e

1 Z
rj(di)l {UCB"=i}
~ Neldr ) S :

log min(e, w)

+c X :
N, (dj, w)
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%  DSR - training algorithm?
o SR AR T > (A B AloF 19 H{Eistet (319l ) WS M & 2XJL A5z 2a)
/0] SA|0l| &N}
Algorithm 1 Dynamic Sight Range Selection (DSR)

1: Input: Set of sight ranges D, sliding window size w, constant
¢, total number of training episodes E, total number of training
steps per episode T

2: Output: The best sight range d*
3. for episode e = 1 to E do
4: Meta-controller selects sight range d;:| OjJE|AE A|ZFA] metacontrollerS S5 X|& 0| A|Of | MEH

di = arg max X, (d;) + ¢ X U (d;)

dieD
5: Generate one episode with a modified observation function | Mel | A|Of 2| of| t}2} 2Z=ZH0| 25D, SHE S|
Z(s,nj,dy) 20| 458 S o|0|HET AL SH= YU =i0] H
6: Obtain the episode return re
7: Train the episode by any MARL algorithm
8: if de—+ # d, then
N (di, w) = Ne(di,w) +1 S LHOj|A] MEHEI A|OF el 2] =7} 7441 E

9: end if
10: Record reward r, for d;
11: end for
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o Al =2 Ol6
o A=

2I5H Ar8et LEAA HIX|OMY =293

= PyMARL (2019, AAMAS). SMAC 2t 0fl A QMIX, VDN, QTRAN M2 Q[off BHE 3 =3
= EPyMARL (2021, arXiv):: PyMARLE 2ol A Crefot 2h3 1 O B2 2[4 22|F 0| X|2lEl 2= =2 el2
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= Level-Based Foraging (LBF): 412 227| {3l C& Of|0|ME 2= HES2 HIIsH7| s A=
ARt 7|8 2t

= Multi-Robot Warehouse (RWARE): @1 &= 2250| &1 Lol 252 2ot K| E =ot=
Xt 7|gte| TS OO HE 2+

= StarCraft Multi-Agent Challenge (SMAQ): Starcraft 20{A{2| OF(0f0| M E)0| MZS MEHSH= 0| FHQ!

[t ofo|FE B

' T
. .’__._____.E__‘ :
| - : : S — :_ [

T 1 :
P AR — -'. O
6 ST . |

] r cp g | 1 M

o . T |
1 R i

f*------:%f-"‘.-_-_-;:

Level-Based Foraging (LBF) Multi-Robot Warehouse (RWARE) StarCraft Multi-Agent Challenge (SMAC)
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Level-Based Foraging (LBF)
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= O|O|MESO0| g MEKHEMo = HAIE AXhZ HOF XFE /X33 Stotel A AXhE &1 5,
MEtS H|O] = /IK|2 ElE8 5= HES vtE

= MIEHO 2E0= 19 B2 F

= Ol A2 10X11 (tiny) ZAF B1F 10X20 (small) ZXF M, & 71X @ 37|12 AMESHH, & HO| Of0|HE ALE

= AOF &P EE2 F 7K 28 AH8:D = {123} /D = {12345}

szadisdadrasddd = mam

Multi-Robot Warehouse (RWARE)
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= o
== gHE URHM 22Kl= A

| vs_6m, 8m_vs_ 9m, 10m_vs_11m, 3s_vs_5z, 3s5z, MMM2
= AOFEHQ| T2 M| 7HX| @ A8 D =369} /D = 3691215}/ D = {369,12151821}
= LBFR} RWAREE= 20| MiSote =228 SE7F 2= & ZeoHA| fg > THE 281 350t 28 & Il
OOIHESS| HF4US DA =28 HEIE 7-d5h= HHE SMAC 28 S ALE

Definition of Sight Range StarCraft Multi-Agent Challenge (SMAC)
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< Experiment @ - Ctet 2t 27d0[A| DSRe| Ft= O EA| &P

. Croh 2tE A-™0|A DSRe| 21HE =I5 | {8l QMIX2E QMIX (w/ DSR) ds Bl 7l
= 5749 MZ CHE A|E0] Ciot B A1t0|0, LBFRF RWARES Et HIAE 2|EZ

SH
AFE S SMACOA| =

w/o DSR  w/ DSR (ours)
10x10-4p-2f-coop-10s ~ 0.769 + 0.384  0.925 + 0.064
10x10-4p-2f-coop-6s  0.972 £ 0.037 0.957 + 0.040
LBF 10x10-4p-2£-10s 0.988 + 0.005  0.993 + 0.004
10x10-4p-2f-6s 0.998 + 0.004 0.987 + 0.010
A 10x10-dp-4f-coop-10s  0.338 £ 0.339  0.798 + 0.050
N 10x10-4p-4f-coop-6s 0.277 + 0.194  0.772 + 0.068
tiny-2ag-5s 1.486 + 1.361  4.762 + 4.702

ny-2ap-3s . + 1. . t 6.
RWARE  'nY-2ag-3s 5846 + 1.426 11.900 + 6.474
small-2ag-5s 0.074 + 0.148 0.050 + 0.100
small-2agf3s] 0.182 + 0.359 0.036 + 0.072

SHISH SH0I M AL SH 7|2 Ao} )

d=3s> {123}

SMAC

5m_vs_6m-9s
5m_vs_ 6m-15s
Sm_vs_6m-21s
8m_vs_9m-9s
Bm_vs_9m-15s
8m_vs 9m-21s
10m_vs_11m-9s
10m_vs_11m-15s
10m_vs_11m-21s
35 vs Hz-9s

35 vs 5z-15s

35 vs bz-21s
355z-9s

3552-15s

3s55z-21s
MMM2-9s
MMM2-15s
MMM2-21s

0.102 £ 0.028
0.080 + 0.100
0.054 + 0.079
0.452 + 0.114
0.234 £ 0.287
0.120 £ 0.190
0.402 + 0.220
0.122 + 0.202
0.186 + 0.262
0.716 + 0.143
0.498 £+ 0.409
0.292 + 0.260
0.854 + 0.086
0.808 +0.094
0.784 + 0.156
0.690 £ 0.122
0.572 £ 0.113
0.190 + 0.266

0.128 + 0.066
0.140 £+ 0.055
0.112 £ 0.053
0.508 + 0.077
0.504 + 0.087
0.472 + 0.078
0.540 = 0.061
0.546 £ 0.127
0.680 + 0.066

0.676 = 0.065
0.660 + 0.081
0.712 £ 0.110
0.854 £ 0.051

0.770 + 0.075

0.736 = 0.069
0.736 + 0.076
0.643 + 0.094
0.714 £ 0.101
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< Experiment @ - Ctet 2t 27d0[A| DSRe| Ft= O EA| &P
= O} 2t H70|M DSRe| 21t 21517 | f{8H QMIX2E QMIX (w/ DSR) ‘&5 HII'L
= 57HQ| ME CIE A|E0j| CHEH B Z00|0, LBFRF RWARES B HIAE 2|HE

Yo HAE SE= A8

w/o DSR  w/ DSR (ours)

10x10-4p-2-coop-10s _ 0.769 = 0.384  0.925 * 0.064
10x10-4p-2f-coop-6s  0.972 + 0.037 0.957 + 0.040
LEF 10x10-4p-2f-10s 0.988 £ 0.005  0.993 + 0.004
10x10-4p-2f-6s 0.998 + 0.004 0.987 + 0.010
10x10-4p-4f-coop-10s  0.338 £ 0.339  0.798 + 0.050
10x10-4p-4f-coop-6s 0.277 + 0.194  0.772 + 0.068
tiny-2ag-5s 1.486 + 1.361  4.762 + 4.702
ny-2ap-3s . + 1. . t 6.
RWARE  Hny-2ag-3s 5846 + 1.426  11.900 + 6.474
small-2ag-5s 0.074 + 0.148 0.050 + 0.100
small-2agf3s] 0.182 + 0.359 0.036 + 0.072
ol 2HAH0f| A AL S 7| = A|OFEH S
d=3s> {123}
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< Experiment @ - Ctet 2t 27d0[A| DSRe| Ft= O EA| &P

Cret 2t8 2780l DSRe| =1

5712l Mz CHE A|=0f et Bt

£ 2I517] /s QMIX2t QMIX (w/ DSR) ‘&s H|w Fl
Z10|H, LBFRF RWARE2 H+ HIAE 2|HE

SH
AFE S SMACOA| =

=
% A2 O

Yo HAE SE= A
w/o DSR  w/ DSR (ours)
10x10-4p-2{-coop-10s 0.769 £ 0.384 0.925 + 0.064
10x10-4p-2f-coop-6s 0.972 £ 0.037 0.957 £ 0.040
LBF 10x10-4p-2f—10.§ 0.988 + 0.005 0.993 + 0.004
10x10-4p-2{f-6s 0.998 £ 0.004 0.987 = 0.010
10x10-4p-4f-coop-10s 0.338 + 0.339 0.798 + 0.050
10x10-4p-4f-coop-6s 0,277 £ 0.194 0.772 £ 0.0638
finy-2ag-5s 1486 = 1.361  4.762 * 4.702

iny-2apg-3s . + 1. . + 6.

RWARE tiny-2ag-3s 5.846 £ 1,426 11.900  6.474
small-Zag-5s 0.074 £ 0.148 0.050 £ 0.100
small-Zag-3s 0.182 + 0.359 0.036 = 0.072

10X11 (tiny) /10X20 (small)

SMAC

5m_vs_6m-9s
5m_vs_ 6m-15s
Sm_vs_6m-21s
8m_vs_9m-9s
Bm_vs_9m-15s
8m_vs 9m-21s
10m_vs_11m-9s
10m_vs_11m-15s
10m_vs_11m-21s
35 vs Hz-9s

35 vs 5z-15s

35 vs bz-21s
355z-9s

3552-15s

3s55z-21s
MMM2-9s
MMM2-15s
MMM2-21s

0.102 £ 0.028
0.080 + 0.100
0.054 + 0.079
0.452 + 0.114
0.234 £ 0.287
0.120 £ 0.190
0.402 + 0.220
0.122 + 0.202
0.186 + 0.262
0.716 + 0.143
0.498 £+ 0.409
0.292 + 0.260
0.854 + 0.086
0.808 +0.094
0.784 + 0.156
0.690 £ 0.122
0.572 £ 0.113
0.190 + 0.266

0.128 + 0.066
0.140 £+ 0.055
0.112 £ 0.053
0.508 + 0.077
0.504 + 0.087
0.472 + 0.078
0.540 = 0.061
0.546 £ 0.127
0.680 + 0.066

0.676 = 0.065
0.660 + 0.081
0.712 £ 0.110
0.854 £ 0.051

0.770 + 0.075

0.736 = 0.069
0.736 + 0.076
0.643 + 0.094
0.714 £ 0.101
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< Experiment @ - Ctet 2t 27d0[A| DSRe| Ft= O EA| &P

Cret 2t8 2780l DSRe| =1

5712l Mz CHE A|=0f et Bt

£ 2I517] /s QMIX2t QMIX (w/ DSR) ‘&s H|w Fl
Z10|H, LBFRF RWARE2 H+ HIAE 2|HE

SH
AFE S SMACOA| =

=
% A2 O

Yo HAE SE= A
w/o DSR  w/ DSR (ours)
10x10-4p-2{-coop-10s 0.769 £ 0.384 0.925 + 0.064
10x10-4p-2f-coop-6s 0.972 £ 0.037 0.957 £ 0.040
LBF 10x10-4p-2f—10.§ 0.988 + 0.005 0.993 + 0.004
10x10-4p-2{f-6s 0.998 £ 0.004 0.987 = 0.010
10x10-4p-4f-coop-10s 0.338 + 0.339 0.798 + 0.050
10x10-4p-4f-coop-6s 0,277 £ 0.194 0.772 £ 0.0638
tiny-2ag-5s 1.486 + 1.361 4.762 + 4.702

iny-2apg-3s . + 1. . + 6.

RWARE tiny-2ag-3s 5.846 £ 1,426 11.900  6.474
small-Zag-5s 0.074 £ 0.148 0.050 £ 0.100
small-Zag-3s 0.182 = 0.359 0.036 = 0.072

SMAC

5m_vs_6m-9s 0.102 + 0.028  0.128 + 0.066
Sm_vs_6m-15s 0.080 + 0.100  0.140 + 0.055
5m_vs_6m-21s 0.054 + 0.079  0.112 + 0.053
8m_vs_9m-9s 0452 + 0.114  0.508 + 0.077
8m_vs_9m-15s 0.234 + 0.287  0.504 + 0.087
8m_vs_9m-21s 0.120 + 0.190  0.472 + 0.078
10m_vs_11m-9s 0,402 + 0.220  0.540 + 0.061
10m_vs_11m-15s 0,122 + 0.202  0.546 + 0.127
10m_vs_11m-21s 0.186 + 0.262  0.680 + 0.066
35 vs 5z-9s 0.716 + 0.143 0.676 + 0.065
35 vs 5z-15s 0.498 + 0.409  0.660 + 0.081

[3svs 52215 0202 = 0260 0712+ 0.110 ]
3552-95 0.854 £+ 0.086  0.854 + 0.051
3552-158 0.808 + 0.094 0.770 £ 0.075
3552-21s 0.784 + 0.156 0.736 + 0.069
MMM2-9s 0.690 + 0.122  0.736 + 0.076
MMM2-15s 0.572 + 0.113  0.648 + 0.094

[FNMZ-21s 0.100 + 0.266 __ 0.714 + 0.101 |
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<  Experiment @ - CIY¥2t MARL ¥ 112|50{|A2| DSRQ| M& ZiH=?

IQL

IQL, VDN IPPO, MAPPOO| CHSF LBF2HA (10X10-4p-4f-coop-10s)0|A] LEHE S HBSH= MEHS =
Mutdo= Alof He| H0t= 2E YO2[E0|A TS| LiEH

MARL $HES 8 210|= & 0| 7I55HH, et ds 2o + Urk=s S e

"
— Ld=1d —— IJL+ DSR joars) —— IFPQ d=10 —— IPPO + DSR jours)
—— IQL + DSE {ours) i —— 1PPQ + DSR {ours)
.
E @ E @
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e - T 3
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Steps o Steps - Steps — Steps L
19 i
— VDN d=10 . —— VDN + DER fowrs] —— MAPPO d=10 —— MAPPO + DSR jaurs]
VON + DSE {oms) —— MAFFD + DSR {oms)
1w
] ]
e i
k
= B g g
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