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Procedural Game Level Generation Using Large Language
Models and Reinforcement Learning with Human Feedback

Junbeom Lee + Jung In Kim - Jongkook Heo * Jungmin Lee * Jaehoon Kim - Seoung Bum Kim
School of Industrial and Management Engineering, Korea University

Designing game levels during development is both time-consuming and resource-intensive. To address this
challenge, recent studies have focused on automated level generation using deep neural networks trained through
supervised learning. However, game level datasets suitable for traiming are often unavailable or contain
structural errors that violate game mechanics, resulting in unplayable levels. To overcome these limitations, this
study proposes Mario level generation using human preferences (MarioPref) that uses low-quality Super Mario
Bros game level data and conditional prompts to generate playable levels that satisfy specified constraints. The
framework uses a two-stage training approach: first, a large language model (LLM) is fine-tuned usin
supervised learning to reconstruct masked level elements; second, reinforcement learning with human feedbac
(RLHF) is applied to enhance playability and prompt adherence. Experimental results indicate that MarioPref
effectively generates playable lle):vels that satisig input prompts, even when trained on low-quality data. These
findings demonstrate the practical value of using human feedback to enhance content quality under data scarcity
and suggests the potentialpfor reliable content generation across diverse game genres.
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ques)3} HEF F2] 28 A (metaheuristic approaches)= A
g3t AY HilS A= 2-E 23 TH(Togelius ef al.,
2011). Oranchak(2010)2 7 ¢318]E(genetic algorithm)}
954 7] (simulated annealing) & AH&-sho], &l A4S &
A FRtell A HAgL A E Aok, 11 7o R A
Zelzo] FAE W7t 2 et H F 88tk 28y o

, AR T3 glo] HolH 25E 47 e 12
FHH 02 58 F Qe JHd 7IH PCG 7€) F5
371 Q) Th(Hendrikx ef al., 2013). Volz et al.(2018)2 2] th 2] 4
3 2174 " (generative adversarial networks, GAN)(Goodfellow et
al., 2014)& ARg-3te] 3 nlg] @ H 2 2(Super Mario Bros.)
AYe] ddll 2 FHE shgeta, Mgt dugES Bl o
&t Zglo] e HEE AAse ATFE WIETh
Awiszus et al.(2020)2 GANS &-83lo] &Y dA & 3ls53st
of AY G 2eldy 22 FAFEA A2 i
ST 23U, GAN 718 AW & 279 st ¢l
B8 YAE7] A8 FA TS B FAHCM B o
AFH] o] BAY3= SHA| S 7RI

ol IAE FH3] S, HZelle A ol md
(large language models, LLM)< 283+ Al &l A4 A7}
A3 =) 31 At} Sudhakaran ef al.(2023)S LLMS 831 €]~
E z2xE 7]uk g A4 2E<l MarioGPTE A9k}t
MarioGPTE AHd0] ZEZEE 19 whof Abg2}9] 8o
Bashs A e AT F S BT w9,
Nasir and Togelius(2023)= ElO|E7} &35 AJ3to A= Al
o AYe B8 gde aRHezE AT £ e hu-
man-in-the-loop 715k P]A| 274 8t5-& AlQbstGiTt B volrt
Hu et al.(2024)2 AlY 7237 #d-& FA AT & e
LLM 7|9 ZH YA E A kst AT, LM g5l
1FA volE7F BHolH, th & Al A= 1FA
o[E 7} ARA el FEE o] A kot R A Al A A
33+ A|ZH3} v)g-o] A Q Ak Summerville ef al., 2018). =3k
LLM2 7] Hlo]E ] H8l-& ©@<=3] Zsts AFo] 3o,
BAGAY ol 33+ BAE S92 0 2 lofaiA] £
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He5g 2LV A AY A4 A4 7

2 Y HjolE| 9} 2 ZEXEE §|¥ Wol QHAE 9 XY
S Ao M 2 TE2IE BiFeta AAE ZH o

71&g # 4 ] o] B & A A 8} Mario level generation using hu-
man preferences(MarioPref) & A +3it}, 73 nfg] & HZ 19
i 8ks, E2H, B5 5 O0dd 74 84S Uehll= 24
4 g o] Btd(tile) i€ 2 TFAET & Aol A= ol 232
AH1 9] EbY H| o Bl =AFA Q1 13- Al A 2~ H] o] E| 2 W s}
o, LM<= &ol E4 o2 gils YT 5 =S 8ol
MarioPrefi= 2 °] 1,000 o]’4-2) B} Al F 25 98 Bl E¥517]
A3l efficient text-to-text transformer for long sequences
(LongT5)(Guo et al., 2022)& &8¢}, T3 QL HAES] 7|4
£ UEhl= 27 ZEXZEE robustly optimized bidirectional
encoder representations from transformers pretraining approach
(RoBERTa)(Y. Liu et al.,, 2019) & 53| Ynigsle], ZEZEV}
AR doy2] o)) & E9hA 0 2 shotss % Stk o #of, 8
% vlo|Elo] T & BHnsl] 913 QB AE A TS 7w
o|E] nfx7 7|W & A 45te] mdlo] Yuksl A5 =k v}
Aoz, ZY o] B7be e dE S A s EAIE sl 26}
93l Azt 3] =1 7] 6k 738} 8} (reinforcement learning with hu-
man feedback, RLHF)S €83t 1A 24-& 485024, A
2 2310l 5-3stal A Seolrt e nEA Y] Hils
AASIES S & =59 2 7194 v 2tk
« BATE BG4 A 84 e ARE AF AR
A Zdlol7t B7Fsd AFE 73 vl BEX
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G TARlo] 2B E AR} H & WA FY 5
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QoI 917k T iRk Faate] 24 L WEG T e

o FFsAE BASHE Y WA B AT
FeeAgH R A
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2.1 EZHA X (transformer) 7|9t g1o] &

Vaswani et al.(2017)- 71 4] |1 F-ofol| 4 71 Al 2~ th gt
771 2124 (long-term dependency)-= 3112 5}7] 3] transformer
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A|QFFATE. Transformer+= self-attention WAUES &
HEHANAXY QAN AARAE ERH o2 X
O B M, HA| A 20 gt B EE kg skar Aol o gl
3k 9 81-& 8458 4= QU T} Transformer+= encoder-decoder
7190 & 51, encoder= Y& Al 2 U Blo]H 7] 4
,decoder= YH I EH AF AT BAE md S
T 59 ;‘—1 9] =52 o] F0] A multi-head self-atten-
A FHAN ARE FEL T AEF 51
shettk, ol2|3t 724 B4 HlEoR
TdSo| rl s o] gtom 7] A Mt
A o] F& T ok A o] A 2ol A
Hojt A 5S U532 A tHDevlin et al., 2019; Radford et al.,
2019; Raffel et al., 2020).

Raffel et al(2020)2 M9, 9oF 9| &
Aol Al 24 & skt FHE iﬂﬂ%]—?li?—._ T83}7]
3| text-to-text transfer transformer(TS)E A ATE T5=
transformer2] encoder-decoder 739} ) #F2| B] ~E H|o|E &
283 A g5s Fall o] Aol EHE & ol3)stE
2 3t} o] R & EX 2o 3t ZEZE FHES UH
O F ol o]of] A P FHS YT OEHN g
Aol A2 AAE daE WA 0= sAgi). AN TSE
dense self-attentione 7|HFO. 2 sl22 H|n A 71 43 A|H~
£ Agste b A7 2A% ol & FE37] 98l Guo er
al(2022)2 Y 49 2718 At 11 4Y AExE 5
o2 AL F UEF *-;374]% Lo ngTS*E— xﬂoké‘}?\it}
LongT5+ local attention
Z7lsl A BREE
O aRFo 8 bE 9t &
HE o] Foizl A Rk Al
£ &8stk

Transformer2] encoder-decoder 7325 25 &83l= ZJ ¥
Tk of 2} encoderth AHE-SF Ao RHEE 2 ‘1%_”4 s o] F
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8H<5 5 2 THDevlin ef al., 2019). 3421 9F BERT] 8H<50] Z5-3}
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0] A1¢+E AT RoBERTa = T 71 4 H| o] B} S &-8-3} 1 v}
27 & 52 0 & MstA| 7] = 4] 0 & BERTY] 85 A
HA5S NAEIg oH, o] 2 B3 B} 4713 Ao 58S 8
58 4 UES ¥ HLivetal,, 2019). £ A7) 4= RoBERTa
5 B-8-3to] st sk gl lel| tigh 21 ZEZEC o]
A on| 2 F A 0 2 uked sl A} shrh

7=
Ao} &

LIV A S

RLHF do] Yste Ao=e] F2E AT

rr

Jungmin Lee - Jachoon Kim * Seoung Bum Kim

7] flall )1z BrpAke) v HolHE B AlE s 283t
1, o] & Asets 54 s Afste] REle 15356k
W H 20| tH(Ouyang et al., 2022; Rafailov et al., 2023; Stiennon
et al., 2020). RLHF= Q1ZFe] 34 7L S5l niggto
24, Bdo] Ash= o] AA AHEAL atel Bt gt
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S A 2 ek Aot A = S i/‘}
2 3t5H o] -Lem,*}o@v ZEELE go tall, € ZF L
Eo thgt 5 o] ¥ (y,, y,) ~ m,(yl) = BT o] W,
7A=Y T A sk 235 e, o] S utg
02 H5H &Yy, SHAE EY ¢, 2 do| & St o] A
F48 27 N Az EolEAl D= {2, . )}V, & Aol
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o Shgol ME =2 AL HlE /I A5 o] FA g ut
Fo g Qlaf Zid A Yulo|EV} o] Fo|d It §
A% EATTHAn et al., 2023; Hejna and Sadigh, 2023; Rafailov
et al., 2023). °| 5 S53}7] 913l, Rafailov er al.(2023) B4
o kg GAIE At It s ARE A A HA
8ol Wk 8= direct preference optimization(DPO)E- A 2+3} %4
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(Peng et al., 2019):
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8512 ok A3 dlolE pyke BEEte Qo] Bd 4, &

my (y,lz)

Lppo == Ex y, ) ~ D[loga(ﬂlog b f(y lz) ~ fAlog

m, (ylz) ) ©)

Tref (y,|I)

A6 TN ZEZE Lo ofa), A5 22y, o A4 &
FL r, R} Eol3, W2 HAE 28 40 A4 FES
7 BT BREE SEA7Y, 1 AFFE 4 @)olA R
%, o A B,

.

|t ittt it 2ttt ittt i

(a) Floating Enemies and Incomplete Pipes

3 Al E
3.1dole 3 2 A

79 gl & HE 0] PHle <Table 1>7} 29] video game
level corpus(VGLC) ol Al Al-g-3h= & 2] of] whe} 7} el ofl tf-&
st 7|52 FAE 244 vl g FE 2 S EthSummerville
et al., 2016). ©]213 2241 ¢] WG FEo] #ES 12H A
22 U o] ol Y ALgE o] g st
o] S8Hth ojnf W3t AFKoA LEZ S AU o] F W
e 710 R A 07 AgEn, 72t o] B AR of
ol A 912 Wz oA Tl W 7 A G FH A%
3 2 E& ol M AR EAHOR ¢aL, AT L EE F
E o] 5ol WA 0 E AA| B BHE o]o] ¥ shte] 13+
A ANA~E H3ksit)

Table 1. Tile type and symbol in Super Mario Bros

=
=
3

Tile Type Symbol

Empty -

Unbreakable Block X

Breakable Block

Question Block

Coin

Left pipe top

0
Enemy E
<
>

Right pipe top

Left pipe lower

Right pipe lower

[
1
Cannon B
Cannon Body b

24 50t ot ot ot

(b) Non-playable Levels

Figure 1. Examples of errors in levels generated by MarioGPT: (a) Structural errors such as incompletely generated pipes and enemies

floating without proper support; (b) Level configurations with excessive gaps or misaligned platforms that prevent the player

from progressing, resulting in unplayable gameplay
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Original Level

All-Masking Level

(a) Masking Super Mario Level

CREE DR EE

AEE =T 7 WA 4191 Edol £7Fsa gl o
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320 22 7k AR B

B oo A& o] 23} RLHFE &-8-3F MarioPref 24
S Aokl ™. MarioPref= AF91o] 274 TEZE9L A2 9
73 vl HE 2 gig S 4F wo}, Foi7 ZEX
E9] 244 2= gds A= 9TE i) o3

B4 sk53H7] 9l MarioPref= F 9719 S5 9A4S AR
o A WA GA A riaAE HE s EdiEE REs
A% 85 WA 0 2 Shgaty, 7 HA dA A= QIZE 9=
W 7)dk v A 24 WH 29 RLHFE AHgste] Z2ZE 24
< UEsta o] 7FeAel =2 i AASIES HA
A,

MarioPref= P27 T4 248 EYd8le 58 9,
Tro] Z e} Ho| AR FFAE ae gl Q7= 74
825 o3|3tal o]of grFo] SHlEA| Al TS A& B
2 3t} o] & Y3l A& ol A gfo]Z o} A5 3= B R
HASE 7 7HA vk 71HE FESt4nh A WA g
<Figure 2(a)>9} 20| AA| 74 94F np2F sk Whioln,
T WA S gpo] et A F Auinhs TR npF) s}
= oltk mA e A JIN GaEEe T AFA L
), o] 5 F3) WA Al 714 dlolH 2% 2 <Figure 2(b)>
o2& F A4 7K gy A& FASITE A A By
A& B3l g2 @3] npaFdl 74 248 ke

Aol A A ¢, gl el Bad 74 248 A s

sttt ot o
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All-Masking Level Half-Masking Level
(b) Training Task

Figure 2. Masking Strategies for Training Generation Level Components. (a) Two masking approaches —complete masking of all pipes and
enemies, and random masking of half —are applied to input levels; (b) Six distinct training scenarios are constructed by combining

original and masked levels, allowing the model to learn both the generation and removal of specific level components
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Ao} AA A Q) F2E <Figure 3>3 2T} AR oF7)E) A o]
A LongT5= dde] 74 24F AYAst= 98-S F3s51H,
RoBERTa&= A}¢1o] ZEZEES 19 who} 27 JHE T
Il HEE AEST} RoBERTaE LongT5$} 8 8H58
735, olu] AL 8H5 % RoBERTadl WEH Uk#Ql ojn]
Z7} dlolEl Al o] Ao oJef HPH AL =2 7hsAlol &
Aste] o] AR &S AT o thRadford e
al., 2021). T2}A] RoBERTa:= A Sh5H 91013 oJu] & &
Ask7) 9lal SrgetA] ¢l 1A E FEE ARSI YEE
o] @ #¥2 LongT5<] YHIE 5 AA € Yl HE]
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HE S 233t LongTs EES YEo 2 Aoy =
Jo| grllo] 7224 AH} A0 ZFEZET} 7HX ofn| 3
ZAARE FA 12T 5 J=F stGiTh oly 5 A
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9] 2pol & HAa3kshe A Al (teacher forcing) 714k} 2
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B o Jrof| A A9+ RLHF Y &-& <Figure 4>9F 740] 74
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LLM 7]5F A4 o] 5U3 21 TEZES) gd-g ¢
S 2 A F3kaL, temperature #-& A3t} AZ TE Al 71X
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AdE wo g X E 245 4TS F}. Temperature

e B 1A o] & B0 AdHo] 62 A3
7} AR Ao| 1 Qehe EAL 2 Ho, Wl emperature
e oW B2 A 4o B9 4ol Hald T

AR ARt Ak AGE Al 7HA EE Foll A QIzE
%7%7} 74 A S s AEd |, 21 ZEZE
& st A A 2 o7t b sk g A ol 2’
"Jﬂ Jl oW A4S HhE Fdste] Q17 B EW HolHE &
1813, 4% doJHE A5 ¥ (chosen level)Z, T A
5> ]0151 S 0% ¥ (rejected level) 2 3+ Q17 A& d
Ei*i & T3t
T5E R AS dHolHAS 7fe R B AFA e
7}2] RLHF % 221 DPOS} PPOE A8t RS mjA| =
Astgieh. WA, DPO WHES AHEE MarioPref-DPOE
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Figure 4. Overall Architecture of the Fine-tuning based on Human Feedback. (a) the process of constructing human preference data;
(b) the model fine-tuning using DPO; and (c) the model fine-tuning through PPO based on a reward function
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Table 2. Number of pipes and enemies with four prompt

conditions (No, Little, Some, Many)

No Little Some Many
Number of pipes 0 1 2~3 4~5
Number of enemies 0 1 2~3 4~5

4237} A%

£ AT M= A B o] A5& Bk 28 A=
(improvement score) £} & A4 E(playability)S B/ A EZ
AT MAEE dEE o] 21 ZEZE me}
drht a7 o8 APHAEAE AFH R Hrtshe A
H2, A (1) 2ol AHr). 714, I(initial value)T
gl o] po] e} A o] 21 Fhe, 7, (target value) T ZEZE
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Table 3. Comparison of pipe and enemy improvement scores (%) by prompt conditions: supervised fine tuning (without prompt

embedding), MarioPref-PPO, and MarioPref-DPO

Prompt
Model
No Little Some Many ALL
SFT 98.33 7541 46.25 36.94 64.23
Pipe I t
1pe Trprovemett MarioPref-PPO 87.08 83.33 7375 61.11 76,31
Score (%)
MarioPref-DPO 99.72 95.00 85.00 72.22 87.98
SFT 78.88 66.42 52.97 54.60 63.11
Enemy 1
nemy Improvement =y oPref-PPO 83.07 70.71 56.54 50.65 65.24
Score (%)
MarioPref-DPO 100.00 96.42 71.97 94.53 92.23
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Table 4. Comparison playability (%): supervised fine tuning
(without prompt embedding), MarioPref-PPO and

MarioPref-DPO
Model Playability
SET 61.25
MarioPref-PPO 60.00
MarioPref-DPO 66.25
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Figure 5. Comparison of Generated Mario Levels: Supervised Fine Tuning vs. MarioPref-DPO. The figure illustrates comparisons for two

different prompts and input map. For each prompt, the left image shows the input level, the top-right image displays the level

generated by the supervised fine-tuning model, and the bottom-right image presents the level generated by MarioPref-DPO
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Table 5. Ablation Study on Prompt Embedding and DPO: Pipe And Enemy Improvement Scores (PE: prompt embedding)

Prompt
Model -
No Little Some Many ALL
o SFT 98.33 7541 46.25 36.94 64.23
pe MarioPref (W/O DPO) 84.30 77.91 68.33 56.38 71.73
Improvement ;
Seore (v | MarioPrefDPO (W/O PE) 99.58 81.66 79.58 34.58 65.72
MarioPref-DPO 99.72 95.00 $5.00 7222 $7.98
. SFT 78.88 66.42 52.97 54.60 63.11
ety MarioPref (W/O DPO) 72.52 73.57 63.09 37.36 61.64
Improvement ;
Seore (v | MarioPrefDPO (W/O PE) 85.67 7321 70.23 70.83 74.99
MarioPref-DPO 100.00 96.42 77.97 94.53 9223

<Table 6>&] AE ZAzlo] w}2 W, LongT5EHol| T2
Al e W ET TE 0 2 283 MarioPref(W/O DPO)=
58] SFTHETH B2 58.90%2 fr& AAES Byich ¥,
DPOH 28 F7}E 223} MarioPref-DPO-E Zd|0] B715
& g S0l 7hsetes AT AR, & A E
66.25%= AA| Fd= At o] DPO Z vlA| 24 S 3
@ MarioPref-DPO(W/O PE)9] & A E 6437%EUE &
o FAQ 023 A= T2 E Qud 3} 917t vjew
718k ml A 2A o] 3 AHEE W), ZEEE 215 B} H8
SHAl Hhg S Wtk ojy e} AR = ZH o] 7hee Hg A gl
S QA= Hol = 29398 ASEh

E
0
R

Table 6. Ablation Study on Prompt Embedding and DPO:
Playability (PE: prompt embedding)

Model Playability
SFT 61.25
MarioPref (W/O DPO) 58.90
MarioPref-DPO (W/O PE) 64.37
MarioPref-DPO 66.25
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Figure 6. Comparison of Improvement Scores of MarioPref-DPO based on the Amount of Human Feedback Data
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Figure 7. Impact of Human Feedback Data Size on the Playability of MarioPref-DPO
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