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Continuous and Discontinuous Scenarios

More Task-Related State Representaions Facilitate Efficient Training

 Establishing Mappings from States to Task Rewards « Continuous Scenarios M TD3 LESR(Ours)  RPI
Conventional state representations in reinforcement learning often omit critical task-related details, presentin ' ' ' ' '
P _ intc g_ P g Feedback LLM with the Lipschitz C(?nstant between (.eac-h dimension ?f TaliCheetah 788328404 | 7639414641 5%

challenge for value networks in establishing accurate mappings from states to task rewards. the LLM-generated state representations and the extrinsic reward. This Hopper 921.94646.8 | 2705.0+623.2 193%
« Lipschitz continuity and Training Efficiency assessment is crucial for guiding the LLM in identifying and eliminating Walker2d 1354.5+734.1 | 1874.8+£718.2 38%

o : S undesired dimensions within the state representations Ant 1665.2:£895.5 | 1915348855 15%
Utilizes LLM to autonomously generate task-related state representation and intrinsic reward python P ' Swimmer 49.9+5.2 150.9+9.5  203%
functions which help to enhance the Lipschitz continuity of value network mappings and facilitate efficient training e Discontinuous Scenarios Mujoco Improve Mean - - 91 %

LESR with Discounted Return The Lipschitz constant between the
LLM-generated state representations and the discounted return Y, ytr

Robustness and Stability

Origin of Inspiration — A Toy Example

LESR with SpeCtraI Norm Use the SpeCtraI norm to estimate Llp(V, 5) W TD3 Directly Intrinsic | LESR w/o ER | LESR w/o LC | LESR(Ours)
. . Envi (
| A XN ¥ A A A > > A as feedback to LLM. Calculating the spectral norm of the N weight e
_ , _ HalfCheetah 9680.2+1555.8 | 8919.9+1761.9 | 10252.8+277.1 | 10442.94304.4 | 10614.2+510.8
£ *) ¢ 7» N N\ A A A > 2 matrices Wi, ..., Wyof the value networks, Lip(V; §) is bounded by Hopper 3193.94507.8 | 33584476.6 | 3408.4x144.0 | 3362.3+109.4 | 3424.8+143.7
3 N L Walker2d 3952144457 | 1924.3£969.3 | 3865.8+142.5 | 4356.2+335.3 | 4433.0+435.3
% .l W A A A2 TD i=1 [|Will2, which is then presented to the LLM as feedback. “Ant 3532.6£12653 | 3518.0+147.6 | 4779.130.4 | 3242.3:459.9 | 4343.4+1171.4
5 A x xa S e Swimmer-v3 84.9+34.0 25.2+4.1 51.940.1 116.946.3 164.247.6
. e D Ox”x ¢ x % Qa2 2 : . .. oy
Theoretical Analysis Generalization and Adaptability
(a) Training Curves (b) Source, Lip(Q) = 37.47 (c) LLM-generated, Lip(Q) = 3.15

_ _ _ _ Why smoother net work mappings?
Navigate from the bottom left corner (circle) to the top right corner (triangle) _ . o _
« Theorem 3.4: The mapping exhibiting a lower Lipschitz constant is

. _ _ Testing on two novel scenarios
easier to learn and can attain sSuperior convergence.

 Figure (b): The original state representations (x1, y1, X2, y2) Walker J
«  Walker Jump

« Walker Split Legs

* Figure (c): LLM-Generated state representations (x1, y1, x2, y2, d). d denotes the distance
between the agent and the target. This modification facilitates easier learning, enhancing Lipschitz .
continuity and convergence. :

Algorithm Framework

Why Lipschitz constant is crucial for RL?
Theorem B.4: Reducing Lip(r;S) lowers the upper bound of Lip(V;S)

Theorem B.8: Reducing Lip(V;S) enhance the convergence of V

-

’ \ J/ State Representation and Y ( .. ) ! | -
LM Prompt Template (&) " Intrinsic Reward Candidates | | RL Training o Feedback | Enviromments Algorithm TD3 EUREKA  RPI | Oursw/oIR RPI | Oursw/oSR RPI | Oursw/oFB  RPI | LESR(Ours) RPI
| ask Description : : def revi : : : : : Iteration Results : .
| Th o fth L ftt(o([g],-\) & ! ev |——(F) | i Fortnisproblem wenavesome | HalfCheetah 9680.2+1555.8 | 10400.6+289.2 7% | 9969.8+1767.5 3% | 9463.2+796.3 -2% | 9770.4+1531.3 1% | 10614.2+510.8 10%
| segments (inksyandone e 1 | sin_angles =npainis) L o Distoyexperienceforyouhere | Hopper 3193.94507.8 | 3346444232 5% | 3324.7+191.7 4% | 3159.04466.7 -1% | 2851.3+748.1 -11% | 3424.8+143.7 7%
| odationjois (foor)-oneroor. 1 || bneteeneny 03 otz ey (L ||l e inthe ormereratons: | Walker2d 3952.1+445.7 | 3606.2+1010.0 9% | 4148243529 5% | 3977.4+4343 1% | 4204945903 6% | 4433.0+4353 12%
, R - 55 L Teviee state) ; Ant 3532.6+1265.3 | 2577.7+1085.6 -27% | 5359.0+336.4 52% | 3962.2+1332.0 12% | 42449412279 20% | 4343.4+1171.4 23%
| Detalsofeach dimensioninthe | 1T T . | d iy underewad) o | Swimmer 84.9+34.0 98.1+31.1 16% 1320460  55% | 16024102  89% | 85.4+29.8 1% 164.2+7.6  93%
: *s[0]': angle of the front tip ...... : : : I ent g : : inschitz constant: ... o | i i - - - - - - ) -
: ‘s[cl)]': angle of Ehe ﬂrstt;t%r : : : : e mo : : Cantl?dafetz: o : MllJﬂCD b llllpl'ﬂ?’ﬂ Mean 2% b 2l% 2% 2%
I : I [ 0 ! | L ' - - _ - - - -
: Role |n5tl'l.:ICtI0n | : def Intu:nsi:l:_r-ew_ard{state_representaation) : : e candidate 1 ceeeee : | [ Tt i Pl Pl Pl Pl Pl
| poeneneneressethesourcesiateto. | W el forque —-nplogltasiate. || el Pefomeree S 1 (o) Low performance Al AntMaze_Open 0.0+0.0 0.1340.04 13% 0.0+0.0 0% 0.1540.06 0.1640.07 16% 0.174+0.06  17%
: il?;zi::;sc,va:rrzn;cu\:]c:::i:}?]design an : : Tpresentation[-ll) : : state anﬁitlzgi)wiria;:” : : fiiglglnoa;;c:y... ave the fowest : AntMaze_Medium 0.0+0.0 0.014+0.01 1% 0.0+0.0 0% 0.0740.05 0.0+0.0 0% 0.1+0.05 10 %
' reedback 1] retum intinsic () E T (O dbschi constant dnlsie AntMaze_Large 0.0+0.0 0.00.0 0% 0.0£0.0 0% 0.06+0.03 0.04+0.04 4% 0.07+0.03 7%
o P PERTES L (e consitenty. | FetchPush 0.07+0.02 0.07£0.03 0% | 078+0.16  71% | 0.060.05 0.77+£0.14  70% | 0.91+0.08  84%
Mo . ; K ’ N . J! AdroitHandDoor 0.53+0.44 0.8340.08 30% 0.46+0.46 -7% 0.63+0.39 0.23+0.38 -30% 0.88+0.12 34%
AdroitHandHammer 0.28-+0.32 0.3240.45 4% 0.2240.21 -6% 0.2940.28 0.4140.33 13% 0.53+0.38  25%
Gym-Robotics Improve Mean : - 8% - 8% - - 30%

« Step 1: Utilize LLM to generate the state representation and intrinsic reward python functions

« Step 2: For each python function candidates, initiate RL training to validate their effectiveness

« Step 3: Provide the training performance and Lipschitz constant between state representations

and rewards as feedback, enabling LLM to generate improved functions in the next iteration

Code: https://github.com/thu-rllab/LESR
Lab: https://github.com/thu-rllab
My Github: https://github.com/BoyuanWang-hub
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