GRAPE: Generalizing Robot Policy via Preference Alignment
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GRAPE: Generalizing Robot Policy via Preference Alignment

e external reward:
o fH VLM taskiF A 7508, 152 AN F I B
o MRPEESK (e, ) LLM A B BEAE AR Y cost function

Rexi(€) = H(;(" H{rs; )
i=1

* self reward:
o policy X EULLIR, T4 mfg M55 1~ LR Baction AU HER
® RarlQ) = log(n(¢,q) = '”(11_[1 m(a: | (01,4)))
* GCPG reward:
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GRAPE: Generalizing Robot Policy via Preference Alignment

* {§i FH Trajectory-wised Preference Optimization, & S i #F

Algorithm 1 GRAPE lterative Preference Optimization

me(Cla) | 4,
r(¢,q) = Blog Teet(C | 9) + Blog Z((). Require: Base VLA policy g, a collection of task instruc-
tions Q = {q; }. stage decomposer M p. max iterations
exp (r(Cw), 9) K, reward weights {\;, A2, A3}, stage-wise keypoints

P((w > Q) = {Kg,} cost functions { (,.?'J‘S‘} and thresholds {TJS"}
Ensure: policy 7* aligned towards customized objective

fork=1,.::; K do

exp (r(Cw). q) +exp (r(¢i),q)

N 2:  Sample trajectories D¥ = {(;}M, using 7y with
o SEXTPOMloss 3:  for trajectory ¢ € DF do l
4: Decompose ¢ into multiple stages S {Eq. (7)}
e - Cme(Cw) (1) 5: Compute the cost for each stage C's,
Lo = ~Bigu)~p [l%a (d (l% Tref (Cuw) log Tref (1) ) )] 6: Calculate external reward R (() {Eq. (8)}
7 Compute policy self-reward Ry (¢) {Eq. (10)}
. 8: Examine task success Lyecess(¢) {Eq. (11)}
e 9: Aggregate GCPG reward Rgepg(C) {Eq. (9)}
1H i step-wisefThuman preference, fEtrajectory-wise ) /2 I XJ 55 policy 10: end for
S P 8 e S TR0 %43, B2 policy, 5121 & H bR 11:  Rank D* by their Rgepg(C) rewards
Pz RES] ’

12:  Pair {(y, (;} from top-m and bottom-rmn trajectories
13:  Update 7y using TPO loss {Eq. (5)}
14: end for




HAMSTER: Hierarchical Action Models for Open-World Robot Manipulation

VLM Input Policy Input £ Low-Level
e 1O -
Instruction: "Put the spicy b HAMSTER Proprio: [EEF pos, 0,...] — ‘g 3D PO“CY
food in the left bowl." = VLM Instruction: z = "Put
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& - VLM ; & i -
/LM response: oo
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HAMSTER: Hierarchical Action Models for Open-World Robot Manipulation

e High-level VLM: il A.camera image 1 instruction, 7ilillend-effector/E &l J7 L HI2DHLIE
o Py1b2D pathid K, {# HRamer-Douglas-Peucker algorithm#E1 7 &1L

o HURLE:
« Pixel Prediction: {# FHRoboPointZXHE4E, it A& A, Hil tH point AL
Simulate Robot Data: i FHRLBench, 4= BE R, 85 Fe 4 e 58 —mill&] 7 _E R BEhds
Real Robot Data: {i H{Bridge, Open X-Embodiment, Droid, {#f FHRLBench¥% 4 il S LU 5

- - S Simulated .
Pixel Point Prediction Off Domain Robot Data
Robot Data
£ .. Find all instances of Locate object between Find spaces above the Screw in the green Cover the bowl with Put the marker inside
= cushions the marked items bordered item light bulb the towel the silver pot
o
O e
L 'E 4
E

!

2 . [(0.49, 0.38, 0.08, 0.06), [(0.57, 0.48), (0.58, [(0.56, 0.69), (0.53, [(0.4, 0.6, close), (0.4, [(0.2, 0.2, close), (0.3, [(0.7, 0.5, close), (0.5,
" (0.53, 0.42, 0.07, 0.49),(0.56, 0.45), 0.76),(0.45, 0.72), 0.6, close), (0.8, 0.7, 0.2, close), (0.1, 0.2, 0.6, close), (0.6, 0.7,
[ % 0_05)’___: (0_55! 0.47), ] (0.43, 0.67), ...] open)] C]OSE), (O_:, 0.3, CDEI‘)] C'OSE), (OAT, 0.6, ODEETH



HAMSTER: Hierarchical Action Models for Open-World Robot Manipulation

* Low-level Policy Module: i1 A 4 BIARAS, 3DEHIE &, instruction A1 2D path, 42 firobot actions

o IEHEPEEEER S state, observation, instruction, actions
o i H_EMHZRAEL Simulation Robot Data HJ7 5, %2D path

VLM Input Policy ¥nput
¥ Low-Level

Instruction: "Put the spicy — JE AN LER Eropsioz{€Erpes; d...:1 3D Polic
food in the left bowl.” ey VLM jon: z=" Y
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VLM response: Draw -

* [(0.25, 0.1, 0),
y (0.29, 0.3, 0);- 2.0t P
(0.31,04,1), = :
(0.33, 0.5, 1) .
First Image o ‘ o Image + Depth/3D \ 4 ,
i Path Observation

(a) VLM Path Prediction (b) Low-Level Action Execution



AnyGrasp: Robust and Efficient Grasp Perception in Spatial and Temporal Domains
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AnyGrasp: Robust and Efficient Grasp Perception in Spatial and Temporal Domains

° XHE)\(Grasp Pose: G = [R t w|
o HPr:

{61,653, ,g,‘,}(” = arg max Z Prob(s = 1|, P, G;),

IG1=n gicq predicted
s.t. dist(GE, Gt gL, &) <8,V Gt e GHY, gripper pose

o EXH poseﬁ/ﬂﬂﬁ%:

trace(R] Ry) — 1
9 )

AR = arccos

At = ||ty — tof],

At AR

Fr—,
W™

d(G,,92) =

Wmax



AnyGrasp: Robust and Efficient Grasp Perception in Spatial and Temporal Domains

o 1.HIA R AP, i H3D-ConviEHfeatures
2. A FHMLP4E i object mask A1 57 AT HTUEUHEZE i heatmap

3. P TGraspable FPS(HI HNH & 1L R AFE, Grasgable Farthest

Point Sampling): R #fobject maskHheatmap, M K F
M seed point

M Seed Features M Grasp Features w—= M Grasp Poses

o 4 fFHMLPA Y300 view score, 25 i Graspable PVS(TT[REX . é MEL 5
WEEALIE], Graspable Probabilistic View Selection), 18545 T > £ 315 2 f*_ L
M view & £ gl o8
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AnyGrasp: Robust and Efficient Grasp Perception in Spatial and Temporal Domains

o 1. 25N R 2, Geometry processing moduleil [H]seed point#llfeatures
2. ¥ Hcylinder grouping B J7 A RGBIE 25341, 285 8 FHMLP forward+Pooling, 15 £l color

feature

3. ¥ color feature(WIHIZRTET]), seed feature, pose feature(GSNetH A= B HY), pose(GSNetﬂi@i‘éﬁ?%)
PEHE, 25 MLP, i%bji AR ] 3

Loss: L= Z Z l(,g_, exp(Scorres(G1, G7)/T)
, |P
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LLM-Empowered State Representation for Reinforcement Learning

e v i, oy

T o /77 stateRepresentationand [ N :
G i 1
[ m Prompt Template ! ! i . ! ,' RL Training ' ] Feedback I
: I : Intrinsic Reward Candidates ! , : [ |
1 ! I
1 I I 5 1 I 1 | "
| Task Description : i def revise_state(source_s): i ! | , lteration Results :
I | 1 | : Env : I For this problem, we have some I
: The swimmers consist of three or more ! : cos_angles = np.cos(s[:3]) : ; : ' history experience for you, here !
| segments (‘links’) and one less : I slln_angles = np.sin(s[:3]) i = | I I | atesome state reviston codes we :
I articulation joints (‘rotors’) - one rotor... | : kinetic_energy = 0.5 * (s[3]**2 + s[4]**2) + 1 : ! I have tried in the former iterations: |
I 1 0.5 * np.sum(s[5:]**2 1 a T ' I : :
I State Details I I Pisumials)=s2] ] ! ! | | Coandidate 1; :
| : 1 . s, S I I I | revise_state() "
I Details of each dimension in the I : return state_representation ! : : ! intrinsic_reward() I
: state 's’ are as follows: : ; : i i : final policy performance:51.62 !
I “s[0]': angle of the front tip ...... | I 1 ! Agent ’ I I Lipschitz constant; ... :
: *s[1]': angle of the first rotor ...... 1 : : : (s,s".1) : ' candidate 2: !
1 Pemrn " I I
I . I I def intrinsic_reward(state_representation): ! I 1
I Role Instruction i : : : ======= Candidate 1 ======= : I CoT Suggestions :
I 1 | ity = 5 z I
, You should increase the source state to | i reward_velomty_ state_representation|3] ; 1 W st Bolicy Performance: 51.62 | | | la) Low bavtitinsnice Anakai I
better for rl...... i penalty_torque = -np.log(1+state_ I T i I
I 1 1 Lipschitz constant between the ! Candidate 2 have the lowest I
; : I tation[-1]) 1 I . I I
I Besides, we want you to design an 1 ; represen I state and the reward are: | final poli I
| intrinsic reward function..... i ; : I Lip(R; Dy) = 37.47 | ! s P ) i
: ! return intrinsic_r i I I (b) Lipschitz constant Analysis: 1
' Feedback ! : = ' ' ' The velocity along the x-axi '
| [Fee | I i i Lip(R; Dy) = 2158 1 | e velocity along the x-axis !
I I i 1 : I | (s[3]) consistently... "
I 1 ! I 1
s N ___ 7’ 5 - e e e R .

. I\éc%%\@te: {37 FHLLMIH 5state 1) 3005, RN FEFS T 215, ¥E #Evalue network Mstate2 reward 1)
Y T J



LLM-Empowered State Representation for Reinforcement Learning

FETLLMRA I Z IR A B 55 2, A
LLM% Ji¥istate repr.

[

promptfir A\ 73 4 1 57:

* 1. Task Description: 24 B {F:45 H4#IA i

2. State Details: Ji lfistate Y & — 48 & AT L i

3. Role Instruction: ZRLLMA AESSHHOCHTIRSF L
Fintrinsic reward {0 et At

I
I
I
I
I
i
1
I
I
I
I
I
I
:
I
2 “s[0]': angle of the front tip ......
4. Feedback: J1 215 & :
I
I
I
I
I
I
I
I
I
I
I
I
1

___________________________________________

4 State Representation and
Intrinsic Reward Candidates

Task Description def revise_state(source_s):

cos_angles = np.cos(s[:3])

sin_angles = np.sin(s[:3])

kinetic_energy =0.5 * (s[3]**2 + s[4]**2) +
0.5 * np.sum(s[5:]%*2)

The swimmers consist of three or maore
segments (‘'links’) and one less
articulation joints (‘rotors’) - one rator...

State Details

return state_representation

Role Instruction

‘s[1]': angle of the first rotor ......
o HAREEELLMA B — 1 python PR, ¥4 )57 4H =
B8] ) stateR 5 2] LLM-Empowered state
representation space .

reward_velocity = state_representation[3]
penalty_torque = -np.log(1+state_
representation[-1])

return intrinsic_r

You should increase the source state to
better for rl......

Besides, we want you to design an
intrinsic reward function......

Feedback

____________________

o IR)T, M HLLMIE T state 4 Jii— reward function

def intrinsic_reward(state_representation):

S



LLM-Empowered State Representation for Reinforcement Learning

° LipSChitZ Constant: Lip(u:dp) =  sup lulzz1) .”'('T?}”z-

T, T A0 ”"jll La || 2

{88 Spectral NormZiAti 1 Lipschitz Constant

o fE%F—Ptraining iteration4 I, ¥4 Lipschitz
ConstantZZH 1 fohc preformance’l'/l5 JFeedback

PEHEZE LM, R Feedback i H A= i 1Y R £X

- e - —

-

_________________

RL Training

(s, s, 1))

======= Candidate 1 =======
Final Policy Performance: 51.62
Lipschitz constant between the

state and the reward are:
Lip(R; Dy) = 37.47

Lip(R; Dg) = 21.58

- e o = e

Feedback

Iteration Results
For this problem, we have some
history experience for you, here
are some state revision codes we
have tried in the former iterations:
Candidate 1:
revise_state()
intrinsic_reward()
final policy performance:51.62
Lipschitz constant: ...
Candidate 2:

CoT Suggestions

(a) Low Performance Analysis:
Candidate 2 have the lowest
final policy...

(b) Lipschitz constant Analysis:
The velocity along the x-axis
(s[3]) consistently...

__________________

e S S e e S
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Robosuite

o 221G 1% robosuite

e X Ihiz{Trandom action




PPO Training
» SER A

« BURAE: TOEIRFFE

SORES

Mean reward over 5 episodes: 8.8 +/- 9.08

Running demonstration episodes...

[robosuite WARNING] The config has defined for the controller "head"”, but the robot does
oller_config. (robot.py:151)

[robosuite WARNING] The config has defined for the controller "base", but the robot does
oller_config. (robot,py:151)

Demo episode 1 finished with reward: ©.00 in 1000 steps

[robosuite WARNING] The config has defined for the controller "head"”, but the robot does
oller_config. (robot.py:151)

[robosuite WARNING] The config has defined for the controller "base", but the robot does
oller_config. (robot.py:151)

Demo episode 2 finished with reward: ©.00 in 10006 steps
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rollout/

ep_len_mean
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time/

fps
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time_elapsed
total_timesteps

train/

approx_k1l
clip_fraction
clip_range
entropy_loss
explained_variance
learning_rate

loss

n_updates

policy gradient_loss
std

value_loss

intended.Removing the controller config for head

intended.Removing the controller config for base

config for base

config for head

le+0@3
0.000889

98

730
15162
1495048
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0.224
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0.0005
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0.000812
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