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Task planning system for intelligent home environment integrating LLaMA model
and reinforcement learning

DING Biao

(College of Science, Chongqing University of Technology, Chongqing 400054, China)

Abstract; Large language models are trained on extensive text data, which gives them a wealth of world knowledge. However,
when applied to real-world problems, they often underperform because their knowledge does not align with the actual environment.
In contrast, reinforcement learning learns strategies through interactions with the environment, thus always maintaining consistency
with the environment. However, reinforcement learning tends to have lower sample efficiency without prior knowledge. To address
these challenges, this paper proposes a system that integrates large language models with reinforcement learning for task planning. In
this approach, the large language model serves as the decision — maker while the reinforcement learning algorithm guides the
decision—making process. Experimental results demonstrate that the performance of the fine—tuned model has significantly improved
compared to the original model. The average reward during task execution increased from 0. 139 to 0. 760, and the task execution
efficiency and stability are better than the original model.
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Fig. 1 The diagram of the task planning process
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Fig. 2 LLaMA model generated plan example (left) ,execution script mapped to VirtualHome ( right) ,and execution

instance in VirtualHome ( bottom )
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Fig. 3 The effect of PPO algorithm on task cumulative reward
50 50
40 40
K 30 R 30
& g
il 20 o 20
10 10
PPO i PPO i fjt
0 EX 0 AL
0 10 000 20000 30000 40000 50 000 0 10 000 20000 30000 40 000 50 000
UEFZS U EFSS
(a) fn#hdl:fi (b) K

B4 PPO HEMESIES MR
Fig. 4 The effect of PPO algorithm on the number of steps required for a task

X 4 BB AT 0 B AT LA Hh PPO Bk
Tl i AR R T I ot A v ) SR B R0 T AR AR
RS, AT PPO B3k HEAT (R B4 A5 50 1 40 30 gt
AR TATR 55 AT RO ], A RREAE N T B
MiARZES PPO U AR U 7E 1 Zhoid 72 3 B
BRI P8l HAT 5 AT ORI R F7 7 30~50 2
IHl,

£ L, PPO TR T TR R ) Wi B08 I 54T 55
PRI iR T B AR PAT S AT 55 i i e 1k
R
3.3 EFZzHEaEN

(SETR NI it RSy §E MBIk Lo ]| K
RIS RERSHS L 542 1 B BEIT A% B 4 A R A AE 55
b RGeS MELL B A X R RE T, BESE R
PRI AR LA R R A ol S 2R A A R KA
% L ARBE T REAT T 0PAL  PEAS S5 SR AN 5 i
W EETE LT 5 AMESS, X T e < g
W7 YA =AML 55 5 IR (4 48 7K R B4 £ i)
55 ERK A 70 45 X L F) B AN i 26
4 DGR 5 TS A Sess, e —AME 55

SR I ZRAG R A T4 — AT S B R,
A J PRSI AE AR < N AR A5 PEAC IR 3X 3 A4~
1155 DIRZAREE T 100% M IR, M2 T, &
PEFTIOR AR SR B S A 25 I D REASCR, , AR axX 8t
125 H B ERAUH 0. 55~0. 65 Z 8], X FH#Ef738
SRR 2 TS5 BT R I TR AR
FERBIKGXAMT 55 v B B e BB AT B I I, (E R
Je BIRSERUTSRARAE T 86% B RLIIIPR | AL TR Y
BRI 2% , AR 2%

PPO AL
Lo 100 1.00 1.00 1.00 KIL
0.86
0.8
5% 0.62
g 0.6 055 0! 0.57
=
0.4
0.2
0 0.02
REIL L 12 e S T Y 7 D | P ST VS
5%

B 5 #EEELZHEAK
Fig. 5 Model task generalization ability test



5 6 1] TW:

Bl LLaMA 289 5550 fhog > B3 RER

JEFRFAT 55 W R 58 225

g IR, (] PPO Bk IE T i T LA i 2 4
AL B AT 55 12 AR BE T, I AE R ZELIE L T 35
PP SE AR B, TR e AR 5 R UE A TR Y
PR 2 (] PR RE 22 S i T PPO B3 T4 TH AR
RITEAR AT PR Rz AL e T A B2k

4 LRIE

AR T —FP LA LLaMA ﬁﬂ%ﬁ%ﬂ:M>

1) A FAES R RS, lad PPO S8 X KA A
SEMEAR AL, LS 2T 55 b i A sk A
Z Y5l i Ak > X LLaMA BRI T 740 ,ﬁ,\ E
A 22 B A B AU 2] Il S HOR
fhps st #2, PPO B8k 38 ik 5 m o 5 A pR 8k

254 (A ARLLE SCPRAT 55 o I R B A5 R8I, I3
XS ZRAAT 55 S 5 A BGE I, LRSS SRR
LLaMA BRIFEZE S fbsi 2] ke, BT T H
155 BRI IE 80 5 5 PATRCR A S0 e T KA Y
FE R 2B DI A Sh S PSR ), AR5 S0 0E T
B RIE AR Som Ak S M Es A T AT, AR 4R
IR BAE 55 A B T ff e vk R B R OR T
PPO VLA RIE F B P R #5087

[1] MYERS D, MOHAWESH R, CHELLABOINA V I, et al.
Foundation and large language models: Fundamentals, challenges,
opportunities , and social impacts [ J]. Cluster Computing, 2024,
27. 1-26.

[2] ZHAO W X, ZHOU K, LI J, et al. A survey of large language
models [J]. arXiv preprint arXiv, 2303. 18223, 2023.

[3] AHN M, BROHAN A, BROWN N, et al. Do as I can, not as I
say: Grounding language in robotic affordances [ J]. arXiv
preprint arXiv, 2204. 01691, 2022.

[4] CAI Tianle, WANG Xuezhi, MA Tengyu, et al. Large language
models as tool makers[ J]. arXiv preprint arXiv, 2305. 17126,
2023.

[5] WANG Peiyi, LI Lei, CHEN Liang, et al. Making large language
models better reasoners with alignment[ J]. arXiv preprint arXiv,
2309. 02144, 2023.

[6] SUTTON R S, BARTO A G. Reinforcement learning; An

introduction[ M ]. Cambridge ,MA :MIT Press, 2018.

[7] MUTTI M, MANCASSOLA M, RESTELLI M. Unsupervised
reinforcement learning in multiple environments[ J]. Proceedings
of the AAAI Conference on Atrtificial Intelligence,2022, 36(7) :
7850-7858.

[8] KUMAR A, AGARWAL R, GENG Xinyang, et al. Offline q—
learning on diverse multi —task data both scales and generalizes
[J]. arXiv preprint arXiv,2211. 15144, 2022.

[9] OUYANG Long, WU J, JIANG Xu, et al. Training language
models to follow instructions with human feedback[ J]. Advances
in Neural Information Processing Systems, 2022, 35. 27730 -
27744.

[10]TOUVRON H, LAVRIL T, IZACARD G, et al. LLaMA: Open
and efficient foundation language models [ J |. arXiv preprint
arXiv, 2302. 13971, 2023.

[ 11]VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [ J]. Advances in Neural Information Processing
Systems, 2017, 30: 5998-6008.

[12]ZENG Wei, REN Xiaozhe, SU Teng, et al. Pangu—a:Large—
scale autoregressive pretrained Chinese language models with
auto— parallel computation [ J]. arXiv preprint arXiv, 2104.
12369, 2021.

[13] WATKINS C J C H, DAYAN P. Q-learning [ J]. Machine
Learning, 1992, 8(3-4) . 279-292.

[14] DU S S, LUO Yuping, WANG Ruosong, et al. Provably
efficient Q—-learning with function approximation via distribution
shift error checking oracle[ J]. Advances in Neural Information
Processing Systems, 2019, 32. 8-14.

[15]MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human-level
control through deep reinforcement learning [ J]. Nature, 2015,
518 529-533.

[16] SCHULMAN J, WOLSKI F, DHARIWAL P, et al. Proximal
policy optimization algorithms[ J]. arXiv preprint arXiv, 1707.
06347,2017.

[ 171 HEESS N, DHRUVA T B, SRIRAM S, et al. Emergence of
locomotion behaviours in rich environments[ J]. arXiv preprint
arXiv,1707. 02286,2017.

[ 18 JWILLIAMS R J. Simple statistical gradient—following algorithms
for connectionist reinforcement learning [ J ]. Machine Learning,
1992,8; 229-256.

[19]5kBE, TR, TR KIEF A RO EOR B R 271k
(7], WAL SR, 2024, 60(17) : 17-33.

[20] PUIG X, RA K, BOBEN M, et al. VirtualHome: Simulating
household activities via programs| C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway, NJ: IEEE, 2018 8494-8502.



