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Newly refined URDF

1. EEF (End-Effector frame) on the Joint6
2. Corrected the URDF and related params for R5 arm

Newly Refined simply on J6

For the same chassis or end-position jitter, positioning

it at J6 rather than extending it an additional 0.15 m

results in stronger coupling between position and
Previously 0.15m forward J6 in x-direction orientation, making the training signal more sensitive.




Newly refined URDF

1. EEF (End-Effector frame) on the Joint6
2. Corrected the URDF and related params for R5 arm

Overview

Robot: LIMX SF-Tron1A with ARX R5 arm

Task: World-frame 6D end-effector pose tracking with a
unified whole-body policy

Training: Isaac Lab/Sim, RFM-style reward shaping + PPO
Evaluation: Isaac Sim (training) > MulJoCo (sim2sim) >
physical robot (sim2real)

This week: Reward tuning, robustness comparison, and

deployment validation



RFM (Reward Fusion Model): A nonlinear reward fusion mechanism

Since whole-body loco-manipulation is clearly phased, itis necessary to determine under what conditions a
particular reward takes effect and to what extent.
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RFM (Reward Fusion Model): A nonlinear reward fusion mechanism

Since whole-body loco-manipulation is clearly phased, itis necessary to determine under what conditions a
particular reward takes effect and to what extent.

Task Enhancement:

___BQLU_&IQ_EUSiOH Model Converting the original error into a distinguishable

| o
— : I learning signal, clearly showing different errors to policy.
I
—_— ] Reward —e/o? —b5e/a?
| Priorizaton \ Forexample, H(e) = e ¢ + e o¢/
reward S_h : : Loco-Mani R: broad-range term  micro-enhancement term
— : Fusion Make sure the position/orientation reward clearly
— : Task - converted errors at different scales into quantifiable,
q et Phase-level computable standards.
— 1 | X
o I reward shaping
Reward Prioritization:
Task-level
d shaoi The value of the results of a reward depends on whether
reward shaping other underlying conditions are sufficiently good enough.
Loco-Mani Fusion: Forexample, rr = H(eg) e “/*° (1- L)|(Smam +0.4)
Under the same unified strategy, different reward items Shows that orientation accuracy is considered a valid
should be enabled at different stages of the mission. mission result only when the position quality is high.

At the same time, safety-quality gating also determine
how much should the Task Enhancement term should be
remained......

1. Expected Phase Gating L
2. Real-time State Gating G



Practical Implementation of RFM: loco_mani_scale and Safety Rewards @
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Safety-quality Gating Safety is not only a direct reward

the current whole-body state and
scales task rewards accordingly.

component, but also indirectly
scales the rewards for other
tasks through S,,.0; and Sioco
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/ A tolerance of +0.5

= L = sigmoid (5(Dyes — 1)) — 0.0067 =~ 0

Dactual S 0.5 = ’Fref =1

Role of L: As the robot enters the manipulation phase, D,.; — 0 and

T'reference — €XP

max{error — 0.5,0}

~ the reference kernel becomes insensitive within its 0.5 dead zone.
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Role of gating: Determine how much of
this reward to “save” for this control step
based on current locomotion security level.

--I-ESIOCOV—F 042]

/ Locomotion safety gating

Safety-aware Loco-manipulation Progress Reward track_EE_pb

. . H
Gwalk = sigmoid
Ik 5 ( decay_length

dep = max{bp — ep(t),0}, der = max{br — er(t),0}

b
Tpb = (2 - dep - exp (—0—1;)

N

The smaller the historical minimum error;
the greater the reward for progress.

(ep — 0.5)) , b= 0.5, decay_length = 0.25

ep >05m: Gya — 1, favoring long-range locomotion;
e, =05m: Gyan = 0.5

e, <0.5m: Gy — 0, favoring near-target pose refinement.
When closer, the continued desire

for progress can lead to lunging
- (Stoco + 0.4) - (0.25 + 0.75G . . "

(Stoco ) g walk) shuffling, and arm swinging, so this
Gprogress
Pros reward component needs to be
When far from the target, progress reduced

is important, so “retain” as much
of the reward as possible



Manipulation-gated Position Precision Reward track_EE_position_exp

Role of mani-safety gating:

5-
rp = exp (—Z—l;') + exp (— UEP) |(l — L)"(Smani + 0.4)|
—— . ~ g

Broad-range position tracking Near-target precision enhancement Role of (1 _L):
Provides smooth noticeable when the Ensure the reward is

. error is very small, retained only when entering
approach guidance . . : :
even when errors enhancing the final the manipulation phase.

fine positioning. Reduce its effect during the

are significant :
g locomotion phase.

Apart from considering error
and phase terms, whether
the robot’s whole-body
control is safe during this
control step.

If so, this reward will be
remained.

Position-conditioned Orientation Precision Reward track_EE_orientation_exp

eRr D €eR €p
rR = exp (——2) + exp ( 5 ) 1 exp (——) (1—L) '|(Smani + 0.4)' Why +0.4?
u o/ ) o - 0.5/
Broad-range orientation tracking  QOrientation re(:i;ign enhancement Position-priority gating .
P To ensure that, during the early

This reward is retained by the gate only when
the position error is already relatively small
(i.e., upon entering the manipulation phase).

stages of reinforcement
learning when the safety scale
is still very small, the reward
term can still convey effective
learning signals to the policy



Supplementary Non-Phased Stability Rewards

e action_rate_12 Penalizes abrupt step-to-step changes in joint-position commands, improving motion smoothness.
» body_ee_alignment Keeps selected arm joints close to their neutral configuration, avoiding excessive arm twisting.

» feet_contacts_reg Rewards stable double-foot contact near the target, reducing unnecessary stepping & switching
» foot_flat_12 Penalizesthe tilt of contacting feet, encouraging flat and stable ground support.

» foot_slip_12 Penalizes horizontal foot motion during ground contact, suppressing foot slippage.

Strange slip in sim2sim

* legs_min_separation Penalizes insufficient lateral separation between the two legs, preventing leg crossing and
overly narrow support.

* base_height Penalizes deviations from the desired base height, maintaining a stable whole-body posture.



0719: Four GPUs training for comparison
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Table 1: Reward-weight configurations for four parallel training runs on July 19.

Reward term GPU O GPU 1 GPU 2 GPU 3
safety weight 3.0 3.0 3.0 3.0
track EE position_exp 3.0 3.0 3.0 3.0
track EE orientation exp 3.0 3.0 3.0 3.0
track EE pb 10.0 15.0 10.0 15.0
track EE reference_exp 5.0 5.0 10.0 10.0
action rate 12 -1.0 -1.0 -1.0 -1.0
body ee_alignment -1.5 -1.5 -1.5 -1.5
feet_contacts reg 0.5 0.5 0.5 0.5
foot_flat 12 -2.0 -2.0 -2.0 -2.0
foot_slip 12 -10.0 -10.0 -10.0 -10.0
legs min_separation -10.0 -10.0 -10.0 -10.0
base height NULL NULL NULL NULL
Conclusion

An excessively high safety weight may cause the robot
to learn not to move, resulting in a local optimum by
sacrificing manipulation accuracy.

Excessively high reference weights can cause robot to

perform large movements during the initial, unstabl
phase of locomotion, leading to training failure.

Setting the progress weight to a moderately high value
can improve gait to some extent.



0720: Four GPUs training for params comparison

G P U 0 G P U 1 Table 2: Reward-weight configurations for four parallel training runs on July 20.
Reward term GPU O GPU 1 GPU 2 GPU 3
safety weight 1.0 1.0 1.0 1.0
track EE position_exp 4.0 4.0 4.0 2.0
track EE orientation_exp 5.0 5.0 5.0 3.0
track EE_pb 15.0 15.0 15.0 20.0
track _EE reference_exp 1.0 2.0 3.0 5.0
action rate 12 -1.0 -1.0 -1.0 -1.0
body_ee_alignment -1.5 -1.5 -1.5 -1.5
feet_contacts_reg 1.5 1.5 1.5 1.5 I
‘ ‘ M foot_flat_12 -2.0 -2.0 -2.0 -2.0
s‘,ihe EE acﬂ;@qﬂgpot bad, but \ Completely failed, walking on foot_slip 12 -10.0 -10.0 -10.0 -10.0
[ the itsta rteq] skjppihg steps. ‘ S knbes legs min_separation -10.0 -10.0 -10.0 -10.0
/ ‘ | \ ‘ base_height NULL NULL NULL NULL
Conclusion

* While increasing the manipulation reward, the
reference must not fall below 5.0.
* Reducing the safety bonus will make the robot’s

% movements more agile, but it also carries the

r risk of overdoing it.

-k - * Feet_contact_reg cannot effectively change the
slip issue

The EE accura‘c;i,,ap.d the gaitare The EE accuraéy'g-n'd the gait are
both terrible. ’ v both bad (>0.05m and'skipping)




0721: Four GPUs training for params comparison

G P U 0 G P U 1 Table 3: Reward-weight configurations for four parallel training runs on July 21.
Reward term GPU 0 GPU 1 GPU 2 GPU 3

! safety weight 3.0 3.0 2.0 3.0

—i track EE position_exp 3.0 4.0 3.0 3.0

: track EE orientation_exp 3.0 5.0 3.0 3.0

[ track _EE_pb 15.0 15.0 15.0 20.0

B track EE reference_exp 5.0 5.0 5.0 5.0

EJD

- action rate 12 -1.0 -1.0 -1.0 -1.0

x A body_ee_alignment -1.5 -1.5 -1.5 -1.5
= Ifeet_contacts_reg 0.5 0.5 0.5 0.5 I

— / foot_flat 12 -2.0 -2.0 -2.0 -2.0
B _ ; ? [foot_slip 12 -2.0 -2.0 -2.0 2.0 |

Gait isgoodybutEEerroris big, v Almosfthe same GPRUO, butwhen legs min separation 100 2100 10.0 10.0

/ iteannotislightty move'is body It stop Iswill ralse thé controller \ base_height 0.2 -0.2 0.2 0.2

Conclusion

* Increasing the reward for manipulation
causes the controller to lift off in the final
stage, resulting in very low orientation
accuracy.

T T * Thechange in foot_slip does not significantly

affect the robot's foot slippage in the
. sim2sim environment; it may be an issue with
the sim2sim environment itself.

— ﬁ ' b l;id - —— Two steps per s& the gaitis not
“ /e o [ anCF versu{on smaoth while EE erroris big




0723: Four GPUs training for params comparison

G P U 0 G P U 1 Table 4: Reward-weight configurations for four parallel training runs on July 23.
Reward term GPU 0 GPU 1 GPU 2 GPU 3
safety weight 3.0 3.0 3.0 3.0
track _EE_position_exp 3.0 4.0 5.0 5.0
track EE orientation_exp 3.0 5.0 5.0 0.0
track EE_pb 15.0 15.0 15.0 15.0
track EE reference exp 5.0 5.0 5.0 5.0
action rate 12 -0.5 -0.5 -0.5 -0.5 I
body_ee_alignment -1.5 -1.5 -1.5 -1.5
feet_contacts_reg 0.5 0.5 0.5 0.5
foot_flat 12 -2.0 -2.0 -2.0 -2.0
Bigiste psymaniifacclifacylis i°°t‘s}ip‘12 o ';'g ';'g ';'g ';'8
not bady slightly shaking SRS = = — —
‘ base_height -0.5 -0.5 -0.5 -0.5
Conclusion

* Reducing the weights of legs_min and
action_rate can, to some extent, compensate for
the overly conservative base strategy resulting
from an excessively high safety weight, but make
its gait not smooth and natural.

* More precisely, an excessively high position
weight will cause the gripper to lift unnaturally.
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