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Abstract

State Space Models (SSM) have gained attention for their effectiveness in long-
sequence modeling and reinforcement learning (RL), demonstrating potential to en-
hance agents’ stitching ability and model-based planning by accurately capturing envi-
ronmental dynamics. Experiments in the Frozen Lake environment revealed that SSM
successfully generated new optimal trajectories from limited data. However, limitations
include insufficient evaluation metrics, lack of comparative experiments, and restricted
experimental settings. Future studies will explore more complex environments and sys-

tematically evaluate SSM’s performance in comparison to traditional RL models.

©)2025
Jaegyun Im

ALL RIGHTS RESERVED



BS/EC
20195151

o

AR

<]

State Space Model(SSM)-2 #H7] Al

3t B 75 A2

L=
o

O] E 9] stitching

7F A&

=}

Rk
o

it

sto] SSM

SF
=

oA A9 H 7]& RL ROl v W E £

Al

i
__o_l

AL
,_OO

©2025
oA A #
ALL RIGHTS RESERVED

— 11 —



Contents

Abstract (English)
Abstract (Korean)

List of Contents
List of Figures

1 Introduction

1.1 Introduction . . . . . . . . .

2 Preliminaries

2.1 Reinforcement Learning . . . . . . . . .. ... ... L.

2.2 Dynamic Programming . . . . . . . . . .. ..o Lo

2.3 Stitching . . . . . . .

2.4 State Space Model . . . . . . ...
3 Method

3.1 Frozen Lake . . . . . . . . .
4 Result

4.1 Result . . . . . .

5 Limitation and Future works
5.1 Limitation . . . . . . . . .

5.2 Future works . . . . . .
Summary

References

—1ii —

ii
iii

iv

—_

o o ot w W

12
12

14
14

16
16
17

18

19



List of Figures

|
—

Tor
o
i~
Jvmo
K
-

Ife]
ol

2

o

4]

A

2.1 Stitching2 F-&

=
=

e s

s

Az Ade A

o]

2 An

10

S thojoi 13

=
=

5

23 md Fzxo] o

et

Wy
X

a

Hel A

uk-
W

ol A Al

%
o #2)

S
—

12

BoFAuh A AA=okych . . ..

1T} 100

To

“1e
871 9] 2+, 128step O & o|F oA Qlt}.

s

- Bl of

b

7 ol EAT gL

4.1

14

15

—1v —



Chapter 1

Introduction

1.1 Introduction

52 A2 (dynamic programming)-2 7}2| gr4=(value function) %42 59 stitch-

ing 755 st Ao delA k. 71 29] Astets Auol Hd) SSME o

SRS 54 RdgS oS ¢ long, Hop At 7hA] ok S S 4 e
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Chapter 2
Prel

2.1 Reinforcement Learning
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HEsHA "ot

MDPE sl Zs}7] Yal 71*| o4 (value function)7} AHE-H T AYE] 7FA] @h4=(state
value function) V7 (s)&= EX A & wE o A sof A AJZtsto] 98 4 3+ 71

1o HARS el o) Thg T} 2ol HoH .

V™(s) = E, nytR(st,at) | so = s] , for all s € S, (2.1)

t=0

Hh | 5 712 g (action value function) Q™ (s, a)= ATE] soll A 4% o & FSt1L

Q" (s,a) =E, Zth(st,at) | so = s,a0 = a] , for all s € S, (2.2)

t=0

#5979 4] (Bellman Equation)2 713] @4 7+e] #AS Aj7d oz Aolshn,

’

Q"(s,a) = R(s,a) +7 Y _P(s']s,a) Y _7(d|sQ™ (s, a) (2.4)

a

Z| A Al 7FA] @4 (optimal state value function) V*(s)= AFEl sof| A A]&sho] 24
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Al (Bellman Optimality
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Figure 2.2: /o] 53 g4 A W 2k SN A2 2-8< Uetdle &5 tolof
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2.4 State Space Model

State Space Model(SSM)-& AEH 02 Ao} o 24 4] W42 Saf 54 A2~
W& Relashs o AR ER, Azko] Aol ntet Walsh A2EE AEsHs 4814

299 § FRh FAFS TASHE o] 58] THAQ o] BEL A

y(t) = Ch(t) + Dx(t) (2.9)
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Chapter 3

Method

3.1 Frozen Lake
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Chapter 4

Result

4.1 Result
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Chapter 5

Limitation and Future works

5.1 Limitation
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Summary

Understanding Stitching Ability in State Space Model
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