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R S 5EE 7 /L (Vision Language Model, VLM) &
BERREI—Y e LTI 23—, #iam
R ORXICX 2 NEBIE) 25V 724 Z7RBREEAN
DA DEE Y 725 TW=.

AT, BIEEEE L -~ a 7 JuEEiEc
BEox, —EofmTRROITERY (77> ay
Frr7) BRUEEE I TRERMHES 2H7-
HEELEE 7L — V= BIRET S, kD
Hesmrh B EE R RERCATREIC L, VU 7L R A LABREET
DEGE L7 VLM il o ER 2 B35 .

1 ELHIC

A, KBS EE € 7 )V (Large Language Model,
LLM) OREN Z W RIEIRAN IR L7z, HHE BT
7 )L (Vision Language Model, VLM) 23 & # IZ FE & L
TW5. VLM X, BIRONEZHREL, Z4HIcH
TREMCEZ, ANHEOMGEEITS &\ o 7578
XA 7BV THRE LWHERBZRLTEL
[1,2]. ZDISHHEITE 2 EGHERICEE ST,
VIM * ERREDER, Thbd -z )
YLTHZ, F—4 3,4 u Ry Ml 5] 2o
FEINBERE Y B VX 77> a v X8R50
ERIEL TV,

LoL, —BofirESTEZ 77> arys —4
FE VTN EA LBREANDIGHICIZIEDN D %
VLM FERE TV HOREEAERD 212, Bl
SITEIRE F TICHEMA T ERWHEMELNEL 5.
B Z21F 60fps D& — LA TIXEE 2 VR OBEIT T
7L —LDFEHYE L, FIOEEDRIITH LT
B3aZricikhsd. ZOMEE VT4 LGIE
WBIEZRADR LAY 72 oTWNW5,

ARFZED B, #amBELEZ kL, VLM Z 3t
BHRTREZR U 7V 2 4 AR OHIHl—Y = v b &
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T 2H i b2y FIEORE - MEETH 5. 2D
HiEER T 2720, A TIIEBTEEHET 2T
703 arFrx I RBEALLFEERET
%. ARFIREZ, VLM OHEGmEBLE 2 BHEED & 5 <
a7 PERE 6] ¥ L THRIICETF LT 3.
ZDLET, VIM IZ—EDHERTRRDOELAT v 7
DOTEIMRY (Fr>avFrvry) #PHIXHE,
VIM BRDOF % > 7 Z5tHE L TWaHD, =T—Y =
¥ N MTENE T T X AR T 5. EERO
R, YIal—ya VEBRBICBWT, HEmELTO
FETNTHFEH I X 2WMom MRS K
Woeld, @YU BETEE T b F ¥ X Ik
D, VLM 23V 7L R 4 Al BT 2 EHPZE
BREFARE LTEEARETHEI I EZRTHDT
H5.

2 VLM I—> x>y hOibEs

2.1 MDPIZ&LBERILE PPO

AHFFETIE, VLM IZ X 2 BRIGEHIHEZ <L a 7k
EiEFE (Markov Decision Process, MDP) & L TE 1k
3 5. MDPIZ, IKEBES S, 1THIES o, ERMHER
P, HIMBEIEL ®, HI5[R y O (S, 4, P, R,y) TE
FENB., =T—Y x> MEIFG ¢ \IRBE 5, ZBIHIL
FE mgas|s) WCHEVTE) a, 28R, BRI IRE
sep1 NBE UM -, 23RS, HANZE S| SRR
J(O) =E[Xy'r] ZmARILT 285 XA =& 0 D
BHThs.

AT, REM LT KLEIETH % Proximal
Policy Optimization (PPO) [7] ¢ 3 %. PPO X, B
FHIEO TR OT el —EHPICMZ 5 Z & THH
DRENRERZFIETHD, LTV vy FEN)
HiBEE z Kb d %.

JHP(0) = E, [min (p,(0) A, clip(p;(6).1—€,1+€)A,)]
FHERLE, A, &7 KAy

7o (arlsy)
Moo (arlst)

ZZT, pi(0) =
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1 REFEOHERD XA £F ¥ — b. VLM OHERFH L D  ROVITEIRIIZIREST 5 2 LT, VU7X A L7l

FREEE LTW53.

TV, e @3NAR=NRFX—KXTHB. 7F
Ny T =V DOHEEIZIX, Generalized Advantage
Estimation (GAE) [8] 23 [A < Fiwv o, AIFKTHER
H3 5.

22 VLM I—S 1y NOEBFE

VIM 2 BEREZ—-Y 2> b e LCHAT 20
K, ETIIREE OMEBEEHZBEETYET S
LER 7 e —F P REINT NS,

Zhai 5 [9] ® RLAVLM T, VLM {Z¥f L T Chain-
of-Thought (CoT) [10] & W, HEdmERE (BE) v,
FITITREXTEOWMAZTF AP LTHNEE,
ZOMREONZHNEHCCETALEEHNT 5.
BEPHNXEZ 2T, ZRA7ETRENAET
LZeBRENTVWS. LaL, HEEFERT
WBEE N =7 VEBTEI N VKD B2 VD,
2RO N B E N EE G ICBL X N, [TEHER
TR D Y] 72 5FAH - TEH O EHE & 72 2 D 5.
RL4AVLM TIIBE L 1TEIO LE % EHAMN T HRE A
TRAL, 1THOFERERE LTPPO ZHWVWTWVS
B, ZOBRBOBIIREREELE L, FEIA
LRI DT V. T2, PPO D= DIifERE D
FHEIC VLM ORBZORRIVIREEZ AT & 3 5/
%% g \—+ 7+ 1> (Multi Layer Perceptron, MLP)
ZPHOWTWS. flifiry b7 =27 OBEFITH ST
VLM ARIC S AR 2 cfEEETWn 3.

Z DFEICHHLS % 728, Bredis 5 [11] 1 Vision-
Language Decoupled Actor-Critic (VL-DAC) # {8 & L
7z. VL-DAC O KDFHHIZ, /7R e MifEDEE %
B LRHAr — A BXUOAR 7 e —ColEST %
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RIZH 5. BARINZIE, HROEHIIEE DD %
PRV, fTEIER T O A TITW, HEEIBOFE I X
% BIELAHY VLM AR RIE L nw X 5, Ak
(stop-gradient) Z AT 5. ZAuc kb, flifisE o
NEEWDPEEBETNE L TORBNZERS Z
CERE, BELRYEZFERL TV, KT
1%, @ VL-DAC OLJE L7 EME 2 i3 5.

3 ‘EFE
31 7ovavFerEyY

VLM /R g 1%, H—DITEITIERL, EX oD
TR oy = (ar, ars1s - - ., Arro-1) ZH T T 5.
XD, VLM B RDOH#HEGFRZT > TV aH (k<o
RZ2EkATv ) D, TSz MEINY T FIIH
BZITENEFAT LT D DT 5.

3.2 BALEIE L RREHLER

T— =Y b 1+ 0 26 DITEIRY 0s0 %
BT B 72DIciE, HEARREE % E B L TR
WMEBRT 2RERD B, DL I HATHE 2 RHT
OBINE s, THB. LHL, HiTs, EANIT B
X, REZ t+ o RERLODIRIL & TEBED AL 5. 2 2
T, BUHBEIED H 5 MDP NOXHLZE Y LTHI S
2 IREEHLIR [6] 2§ 5. HLERIKAEE %,
at+0—1) = (St’U't)
YLTERTS. VIMIZZhz7mrr 7 MEL 7
I, ZED, {TEEREOMRER e LTAEL 2 AKKDIK
BETHLEDS, RORY 0o BERT 2 (X
1.

-
—
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33 #WmIOERET7IIVIL

REFEOHR 7 01 2 ZLL RO WAL TiTh

nd (X1).

1. THDOERIT: BLl 25 1+0-1 DR, Ny 7>
W X L TATEI R o & BREE CIERHEAT
T 5.

2. RERFTTEIOER: WATL T, VLM IZAN I, 12
HOZ, RD o AT v TR DITENRY 074 D
ERERGT 5. ZOHERICIE kR Ty TRE
T5.

3. Ny T 7EH: HRNPTET T 5L, BRIl
Trro 2N 7 2 1BINE N, ROV A ZILDFE
T Z 5.

CO—HOEYE I AT AITY XA

RT. K7LV XATRE, BB, VX572

arvEIOIAN-Tt, INWELEEBRZHWTR Y

N — OB EHRTEIRT Y ITHREENDE. T—X

Ny 77 DX, IERIRE 1,_,, EREINTF v >

7 oy, BIUOEBIERETEONF v > 7 W

Rehunk DIEMAZ 5.

3. Ry EIT—UDEH
FEZPPO £V B A, F v > 2 BT oML
WSS E 5.

3.41 BFEROE#H
F ¥ VI NOEFEETE a; LAV TTTOEHR
BB E RIS 5.

JPOUICY (9) = E [min (p; (0)A,, clip(p:(0),1 —€,1+€)A,)]

HERLL p,(0) IZAT D XS ITEFRZNS.

-1
g ﬂﬂ(aillt—(), u<ai)

(0) =
p( ) ; JTH(,]d(aillt*O’u<ai)
ZZTucg, \&, VLMD ZNETICHAI L2 b —
7y (BETFTXFXAMBIUORITITZTE -2 )
DRINZEKT.

3.4.2 HERKOFEE

B REEL Vo (1,) (IHEFRIRAELT 05 2 fiffifiE 2 HEE 3
5. 7 ENRYTF=YDRIREICZ, Frrrehkr 1
AT e AL GAE ZHW5.

o-1

8120 = D Y imon ¥ Vo) = Ve(li-o)
j=0
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FILdUXL1

AFI: Chunk size o, VLM Policy 7y, Value V4
A77: Initial State s, Initial buffer oy
1: Initialize experience replay buffer & « 0
2: 1«0
3: while Training not converged do

4: // 1. Inference Phase (at time 7)
5: Construct Augmented State:
6: Iy — (s¢,0v)
7: Generate next chunk (taking k steps):
8: Orvo ~mo(- | 1)
9: // 2. Execution Phase (time t — 7 + 0)
10: Rehunk < 0
11: for j=0too—1do
12: FivjsS;4; < Envstep(oy[f])
13: Rehunk < Rehunk + ¥/ 114
14: end for
15: R
16: /1 3. Store Data
17: Store transition (I;_,, 07, Rchunk, I;) in &
18: /1 4. Update Variables
19: O «— Oiyo > Update buffer
20: t—t+o
21: if & is ready for update then
22: Calculate Advantages A using Chunk-GAE
23: Update 6 via PPO Objective
24: Update ¢ via Value Loss
25: D —0
26: end if

27: end while

At—o = (St(f)o + (Vﬂ)oﬁt

CDA_, %, FxrZ7HNOETOIFENIH T %3
BDT7 RNV TF—=I LTHWS.

4 32ER

4.1 RERRE

REFIEOENMEZ MIES % 72, Gymnasium
[12] B & OF gym-super-mario-bros [13] % Fu7=.

411 FEOFHE

gym-super-mario-bros A7 — 1-1 Z{HH. #
BE TEANOBBIFERE + FEAR — ) X - REFEE R
FAT 41 THB. VLM BN ATRELRATENZ,
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b LW, H, G+A, H+B, G+A+B O 5 FFHIZHI R
L7-.

Mountain Car 7 — b2 EHICIR-> TBWE D
TR E S X R, Wi, @I -1 72
D, TITRFEERET LD (-
INF =D ITHEDIL Y = A B ZMEEA
U7z, ATENIREEZ A — b2 AD 2 WA EM
250, B LARVDIFEETHS.

Break Out 7o v ZHL. R—L 2% XTIT
HHES. M 7oy ZHERO 2 a7, {78
X, N—%f, EIIBEXE30Mb LERVID3
FETH 5.

412 ETFIERE

N — ZEFWI2IE Qwen2.5-VL-7B-Instruct [2] % fifi
AL, ®UEIC LoRA [14] ZHEH L. Fx 72
P A X ol 16 F/21F32 2 L. A 8—o%
FIAX=RIFA BRI,

42 REERCER

4.2.1 ZFHehIR R DR

BRBEOEBHFMRE 2K 2-4 12/RF. gym-super-
mario-bros TlZ, o =16, 32 DT THEZIHE S M
D LRI N, Fico=16 (K2:F) T,
BH 2 MHETY— 21 L. 0=32 (K2:F)
THEETHEATED, o=16 LB L THFEHITL S
MM D ERAREIZSE > TWB. Mountain Car (X 3) 1
BOWTDH, EZHOHIIKICE E > T0d, BN
ELITONTBEVWEDF2EEEREE L, -1
DEFEITHII L 7.

—77, Break Out (X 4) TiX, 60 EIOEHZ1T-
THR—ZA A Vo0 FERALIER AR
o7z,

422 E8

~ U AEDOWRINE, RREFIED VLM OHEFmELE
PRIRAICHELTWE I EREBT 2. VLM 1Z
Ny 77 ND TZhbETINITE) 2EREL,
ZORERT VADEDABIZWVDE D, BB E 220
0% THLLET, ROTE) (Vx> Thy) &
R TE TV,

Xt U C Break Out TH¥E DM LU - EKNE, & R
70 TER7ZHM & TREIEOENR) dHsdeE
ZAbND. K= ZERIT Y 7 2VEAD
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MEEHLE CIEMHRZA IV THRERD, Fv v
2 AL CR— D REH 21T 5 ATIETIE, I RAD
B ORFE DITENCN T 28D 7 4 — PNy 7 (2
LYy FT7HA XYL BREICZRDRT o
CHEREINS.

5 &HDIC

AKIFFETIE, VIMZ Y ZLVERA LT 72 ay
F—AhDIT—Y b LTHEHT 27200 HEIT
WER Y 7 arvFryrxrr) FERIERLE.
EERDORER, V7L RA MDD ZEBEIZBE VT,
VLM 25 5 & ORI % & 8 L 72T EIETE % 274 n] 5E
THdIermlic. SBROFELLT, Fryrr7
N %2 DITENC T 5 & D FEM 72 B FEAG =15 o
WS, FEEBERET 2 X 27 ANDHEILEES DA
EnEFoh 3.

25

—e— mean total_reward +10 (0=16)
mean total_reward +10 (0=32)

W

0 H 10 15 20 25 30 35 40 45 50
PPO Update (each = 512 steps)

N
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=
7

total_reward
o
H

v

0

2 gym-super-mario-bros (0 = 16 : &, o =32 ! &) D¥

%

%

i
5

total_reward
°
S

~e— mean total_reward +10 (0=16)
mean total_reward +10 (0=32)

o
N

o

5 10 25 30 35

15 20 40 45 50
PPO Update (each = 512 steps)

3 Mountain Car (0 = 16 : &, o =32 &) O HERS.

0.0

-
=)

total_reward

—e— mean total_reward +10

0 H 10 15 20 25 30 35 40 45 50 55 60
PPO Update (each = 512 steps)

X 4 Break Out (0 = 16) D EHERS.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



SE X

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

Zongxia Li, Xiyang Wu, Hongyang Du, Fuxiao Liu,
Huy Nghiem, and Guangyao Shi. A survey of state
of the art large vision language models: Alignment,
benchmark, evaluations and challenges. arXiv preprint
arXiv:2501.02189, 2025.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Sibo Song, Kai Dang, Peng Wang, Shijie Wang, Jun
Tang, et al. Qwen?2. 5-vl technical report. arXiv preprint
arXiv:2502.13923, 2025.

Xinyu Wang, Bohan Zhuang, and Qi Wu. Are large vision
language models good game players? In The Thirteenth
International Conference on Learning Representa-
tions, 2025.

Peng Chen, Pi Bu, Jun Song, Yuan Gao, and Bo Zheng.
Can vlms play action role-playing games? take black myth
wukong as a study case. In NeurlPS 2024 Workshop
on Open-World Agents, 2024.

Jensen Gao, Bidipta Sarkar, Fei Xia, Ted Xiao, Jiajun
Wau, Brian Ichter, Anirudha Majumdar, and Dorsa Sadigh.
Physically grounded vision-language models for robotic
manipulation. In 2024 IEEE International Conference
on Robotics and Automation (ICRA), pp. 12462—
12469. IEEE, 2024.

Sascha E. Engelbrecht Konstantinos V. Katsikopoulos.
Markov decision processes with delays and asynchronous
cost collection. IEEE transactions on automatic con-
trol, Vol. 48, No. 4, pp. 568-574, 2003.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec
Radford, and Oleg Klimov. Proximal policy optimization
algorithms. arXiv preprint arXiv:1707.06347, 2017.
John Schulman, Philipp Moritz, Sergey Levine, Michael
Jordan, and Pieter Abbeel. High-dimensional continu-
ous control using generalized advantage estimation. arXiv
preprint arXiv:1506.02438, 2015.

Yuexiang Zhai, Hao Bai, Zipeng Lin, Jiayi Pan, Sheng-
bang Tong, Yifei Zhou, Alane Suhr, Saining Xie, Yann
LeCun, Yi Ma, et al. Fine-tuning large vision-language
models as decision-making agents via reinforcement learn-
ing. In Proceedings of the 38th International Con-
ference on Neural Information Processing Systems,
pp- 110935-110971, 2024.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, et al.
Chain-of-thought prompting elicits reasoning in large lan-
guage models. Advances in neural information pro-
cessing systems, Vol. 35, pp. 24824-24837, 2022.
George Bredis, Stanislav Dereka, Viacheslav Sinii, Rus-
lan Rakhimov, and Daniil Gavrilov. Enhancing vision-
language model training with reinforcement learning in
synthetic worlds for real-world success. arXiv preprint
arXiv:2508.04280, 2025.

Mark Towers, Ariel Kwiatkowski, Jordan K Terry, John U
Balis, Gianluca De Cola, Tristan Deleu, Manuel Goulao,
Andreas Kallinteris, Markus Krimmel, Arjun KG, et al.
Gymnasium: A standard interface for reinforcement learn-
ing environments. CoRR, 2024.

[13]

[14]

— 1656 —

Christian Kauten.  gym-super-mario-bros: An ope-
nai gym environment for super mario bros. &
the lost levels. https://github.com/Kautenja/
gym-super-mario-bros, 2018.

Edward J Hu, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi
Li, Shean Wang, Lu Wang, Weizhu Chen, et al. Lora:
Low-rank adaptation of large language models. In Inter-
national Conference on Learning Representations,
2022.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



A REROFHKTE

Al EEBONT/IN—=INTX—H

* LoRA Target Modules: gkv, proj, q_proj, k_proj,

V_proj, o_proj, gate_proj, up_proj, down_proj,

Im_head
R1 EET X — X
A7IU | N5X—% B0
Train Scheduler Cosine
Decay Steps 100
Initial Learning Rate 1.0x 1073
Final Learning Rate 1.0x107?
PPO Rollout Steps 512
Discount Factor (y) 0.999
GAE Lambda () 0.999
Clip Coefficient (€) 0.2
Entropy Coefficient 0.05
Value Function Coeflicient 0.15
Max Grad Norm 0.5
PPO Epochs 2
Value Epochs 1
Mini Batch Size 1
Gradient Accumulation 128
Generation | Max New Tokens 256
Temperature 0.2
Top-p 0.85
Top-k 40
Chunk Size (0) 16 or 32
LoRA Rank (r) 128
Alpha (@) 256
Dropout 0.05

A2 IRIRETFEDFFHA

BRBEOZREERR2ICRT. (XRxv 7137
L—2bAFy 7HERL, lZIEAXy 7405
B, VLM 2 1 DT ZEIRT 2 &, REANTIEZ
DITEIN 4 7L —n#fit L CTA SIS, THEH R
=X, BEIOLBONEDOWMMICEL 2%
BTHD, FHOTERDEDITHTHBEIRTNS.

T2 BEILORE

BEL [REFv7 | BART—IL
gym-super-mario-bros 4 1716
Mountain Car 1 1.0
Break Out 4 1.0

B AHAH

gym-super-mario-bros {2351} % System Prompt

- These buffered actions will be executed first before
your new actions

AVAILABLE ACTIONS:

@: "NOOP" (no operation)

1: "right" (move right)

2: "right+jump" (move right and jump)

3: "right+dash" (move right and dash)

4: "right+jump+dash" (move right, jump and dash)

OUTPUT FORMAT:
Respond with JSON containing your thoughts and a sequence

of 16 or
32actions:
{{{{"thoughts":"Your reasoning about the game situation

and action sequence strategy","actions":(list of 16
action IDs from @ to 4)}}3}}

CRITICAL RULES:
- Your entire output must be ONLY a single, valid JSON
object - nothing else.
- Do NOT include any text before or after the JSON object
- Do NOT use markdown code blocks (*~~json or ~~7).
- The "thoughts" field is mandatory and must explain your
reasoning for the action.
- The "actions" field must be a JSON array of EXACTLY 16
integers
- Each integer in the array must be @, 1, 2, 3, or 4
- Include your strategic thinking in the "thoughts" field
- Consider the action buffer that will be executed before
your actions which take about two seconds to
execute
- Prefer sequences that use at least two different
actions. avoid long runs of identical actions.
- If repetition is required, briefly explain why in
the "thoughts" field.

STRATEGY TIPS:

- Plan ahead: Your actions will be executed after the
current buffer

- Enemies/obstacles ahead: Use action 2 (right+jump) or 4

(right+jump+dash)

- Mario can jump more higher if you select action 2 or 4
when Mario is in the air

- Jump when facing obstacles (green pipes or bricks),
enemies, pits

- Clear path: Use action 3 (righttdash) for speed

- Consider Mario's momentum and trajectory when planning
the sequence

You are an expert Super Mario Bros.(Family Computer game)
speedrunner AI. Your goal is to output a sequence
of {n} optimal actions based on the provided game
screen and current action buffer.

gym-super-mario-bros 12 &1} % [ 14l

gym-super-mario-bros {2351} % User Prompt

{\"thoughts\":\"Mario needs to jump over the pipe. The
action buffer has 2 right+jump actions, so I need to
use them to make him jump over the pipe.\",\"
actions\":[2, 3, 2, 2, 2, 2, 2,2,0,1,2,3,0,1,
2, 313}

Analyze the current game screen and determine the next 16
actions for Mario.

CURRENT SITUATION:

- Current game screen is shown in the image

- Action buffer currently contains: [3, 2, 2, 3, o, 1, 2,
3,0, 1,2, 3,01, 2, 3]
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