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Abstract: Large language models (LLMs) are beginning to automate reward de-
sign for dexterous manipulation. However, no prior work has considered tac-
tile sensing, which is known to be critical for human-like dexterity. We present
Text2Touch, bringing LLM-crafted rewards to the challenging task of multi-axis
in-hand object rotation with real-world vision based tactile sensing in palm-up
and palm-down configurations. Our prompt engineering strategy scales to over
70 environment variables, and sim-to-real distillation enables successful policy
transfer to a tactile-enabled fully actuated four-fingered dexterous robot hand.
Text2Touch significantly outperforms a carefully tuned human-engineered base-
line, demonstrating superior rotation speed and stability while relying on reward
functions that are an order of magnitude shorter and simpler. These results illus-
trate how LLM-designed rewards can significantly reduce the time from concept
to deployable dexterous tactile skills, supporting more rapid and scalable multi-
modal robot learning.
Project website: https://hpfield.github.io/text2touch-website/
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1 Introduction

Figure 1: Text2Touch improves upon previous reward
function design methods to increase the performance of
robotic in-hand object rotation in rotation speed and grasp
stability. We evaluate the performance of LLM-generated
reward functions using only tactile and proprioceptive in-
formation in the real world.

Designing reinforcement learning
(RL) reward functions for dexterous
in-hand manipulation remains a
formidable challenge. Traditional
approaches often rely on domain
experts to painstakingly specify and
tune reward terms [1], a process
prone to suboptimal or unintended
behaviours [2, 3]. Recent work has
shown that large language mod-
els (LLMs) can generate policy
or reward code for robotic tasks
[4, 5, 6, 7, 8, 9], a notable step
toward reducing manual engineering.
However, these breakthroughs have
primarily focused on conventional
sensing modalities (vision, proprio-
ception) for real-world validation [4, 10, 6, 7, 8]. To date, tactile sensing has not yet been integrated
into automated reward generation via LLMs in either simulated or real-world settings.

Vision based tactile sensing can provide detailed contact and force signals that visual sensing alone
often fails to capture, especially under occlusions or subtle slip conditions [11]. By detecting fine-
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grained grasp instabilities and contact dynamics, vision based tactile sensors have enabled robots to
perform dexterous actions such as in-hand object rotation [12, 13, 14]. Yet incorporating complex
sensor modalities like touch into learned control systems usually amplifies the difficulties of reward
design, especially in the context of high-DoF systems like fully-actuated multi-fingered hands [1,
15]. Given this, automatically generating effective tactile-based rewards may be key to unlocking
robust policies for advanced manipulation. In this work we tackle gravity-invariant, multi-axis in-
hand object rotation: the robot must keep the object suspended off the palm while rotating it around
3 perpendicular axes under both palm-up and palm-down configurations, providing sufficient palm
orientations to demonstrate the adaptive capabilities of trained policies.

In this paper, we investigate whether LLMs can facilitate reward function design for real-world in-
hand manipulation using tactile feedback. We build on previous iterative LLM reward design work
[5], which demonstrated that GPT-4 could automatically produce reward code that outperformed
human-crafted counterparts in multiple simulated tasks. However, those experiments (like most
related efforts [4, 10]) did not include tactile inputs. Our approach, Text2Touch, extends LLM-
based reward generation to cover tactile sensor data, then applies a teacher–student pipeline for sim-
to-real transfer. We show that, with careful prompt engineering and environment-context provision,
LLMs can autonomously design concise, interpretable reward functions that drive successful in-
hand rotation policies on a real tactile Allegro Hand, a fully actuated four-fingered dexterous robot
hand outfitted with vision-based TacTip tactile sensors. By reducing reliance on expert tuning,
Text2Touch highlights the promise of LLMs as a practical tool for accelerating multi-modal RL in
complex physical settings.

Our main contributions are:
1. Novel LLM-based reward design for tactile manipulation. We introduce the first automated

reward-generation approach to incorporate tactile sensing, bridging a gap in existing LLM-based
robotics.

2. Enhanced prompting for high-complexity environments. We propose a refined prompt-
structuring strategy that scales to over 70 environment variables, greatly reducing code failures
and improving simulation performance.

3. Real-world validation via sim-to-real distillation. We transfer an LLM-designed policy to a
tactile Allegro Hand that rotates an aloft object about all three axes in both palm-up and palm-
down configurations, surpassing the best published results (human-engineered) on this state-of-
the-art dexterity task.

2 Related Work

LLMs for Reward and Policy Design. Several works have recently employed LLMs to alleviate
the burden of reward engineering. Eureka [5] introduced an iterative pipeline where GPT-4 gener-
ates and refines reward functions through evolutionary search, outperforming handcrafted baselines
in simulation. Further developments incorporated pre-trained language models to translate user-
provided descriptions into Python reward snippets, enabling quadruped and manipulator control
[16]. A similar direction was explored by Sarukkai et al. [17] and Xie et al. [18] in developing
LLM-driven progress estimators and white-box reward decomposition. Despite promising results,
most studies operated in controlled simulators or used only proprioception and vision in the real
world [10, 6, 7, 8], none addressed tasks requiring high-dimensional, vision based tactile sensing.

Related LLM-Based Methods for Robotic Control. Beyond reward and policy design, LLMs
have been used to generate high-level robot plans [19, 4, 20], directly produce policy code [4], and
unify multimodal sensor inputs [21]. However, these approaches often assume access to pre-trained
skills [19, 20] or rely on computationally expensive vision encoders [21, 22, 23], whereas we focus
on training novel tactile-based skills without large-scale pretrained policies. Similarly, although
automatic curriculum design and environment generation methods [24, 25] can help robots acquire
complex skills, we intentionally employ a fixed, human-designed curriculum in this project to isolate
the effects of our LLM-generated rewards and directly compare them against a human-engineered
baseline. Our approach centres on specifying robust reward functions adapted to tactile sensing
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Figure 2: Text2Touch training and deployment pipeline. The left and middle columns comprise
the reward generation pipeline with our novel prompting strategy components in green, and the right
column denoting the model distillation and deployment phase. The teacher model (yellow) is the
final output of the reward generation phase and the student (lilac) is the distilled teacher using only
real-world observations.

directly via LLM-enabled teacher agents, filling a gap in the literature where prior methods rarely
address tactile feedback’s unique challenges.

Advances in Tactile Robotic Manipulation. Modern sensor technologies such as GelSight,
DIGIT and TacTip capture high-resolution images of contact patches [11, 26, 27, 28, 29], affording
information on slip, shear forces and object shape. Recent work shows that such tactile cues boost
grasp stability and in-hand dexterity compared with vision or proprioception alone [11, 30, 31, 32].
For example, [12] not only demonstrated the first gravity-invariant, multi-axis object rotations in
simulation and hardware, but also showed that achieving this level of dexterity critically depended
on rich tactile sensing, a capability that earlier works, which managed only simpler tasks like single-
axis rotation or static palm balancing, lacked. Yet these successes still rely on carefully hand-tuned
reward functions, a process that is slow, demands expert intuition (which is biased by human as-
sumptions) and must be repeated whenever the task, object set or sensor suite changes.

Sim-to-Real Transfer with LLM-Generated Rewards. Although sim-to-real adaptation via do-
main randomisation or teacher–student strategies has seen progress ([33, 34, 35, 36, 37, 38]), it
remains unclear whether automatically generated reward structures carry over to hardware for tac-
tile tasks. Early steps toward real-world LLM-based reward design were demonstrated in [10], but
limited to proprioceptive sensing. In contrast, we extend automatic reward design to a tactile modal-
ity, scale it to an environment exposing over seventy state variables, and demonstrate transfer on a
tactile Allegro Hand using a bespoke LLM reward design framework and a teacher–student pipeline.

3 Methods

We introduce Text2Touch, a framework enabling LLMs to generate reward functions through ad-
vanced prompt strategies, endowing the model with new abilities (e.g. scalable bonuses and penal-
ties) and a refined information structure so that desired behaviours can evolve over successive itera-
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tions. Beginning with a natural language task description and an environment context, these prompts
guide the LLM to propose, evaluate and iteratively refine reward candidates that elicit precise rota-
tional behaviour in simulation. The optimal reward is then distilled into a policy conditioned solely
on proprioceptive and tactile inputs, validated in the real world on a tactile Allegro Hand.

3.1 Iterative LLM Reward Design

We build upon the Eureka framework [5] to automate reward design, using a PPO learning agent [39]
for policy optimisation. Given environment code/context M and a natural-language task description
l, we prompt an LLM to generate reward functions R that maximise task score s. At each iteration
k, a batch of candidates {R(k)} is evaluated by training policies {π(k)} under a fitness function F .
The best reward R

(k)
best is refined through reward reflection (Appendix A) to produce {R(k+1)}. This

loop, represented in (1) and Figure 2 Left & Middle, repeats until a preset limit.

Natural Language Task Description. We define the natural language task description l as: “To
imbue the agent with the ability to reposition and reorient objects to a target position and orientation
by regrasping or finger gaiting, where contacts with the object must be detached and repositioned lo-
cally during manipulation.” This description was selected after experiments showed simpler prompts
lacked sufficient clarity, while overly detailed prompts introduced undesirable human biases. Our
chosen formulation closely aligns with the authors description of the human-engineered baseline
task, precisely delineating task objectives without imposing qualitative biases.

Environment-Based Subgoal Curriculum. The task is to rotate an object about a target axis.
Each time a sub-goal incremental rotation is met, the environment updates the target orientation and
continues the episode, allowing multiple successive “successes” per rollout (Appendix E). We track
these as a running successes count, which forms the fitness F . A final termination condition resets
the episode if time expires (600 simulation steps equating to 30s) or the agent deviates excessively.

Initialization: {R(0)} ∼ LLM(l,M),

For each iteration k ≥ 0 :

{π(k)} ← {RL({R(k)})},
{s(k)} ← {F ({π(k)})},

R
(k)
best = SelectBest({R(k), s(k)}),

{R(k+1)} ∼ LLM
(
l,M,Feedback(s

(k)
best, R

(k)
best)

)
.

(1)

Environment Complexity. As the
number of variables grows, the LLM
must reason over a context window
where individual tokens have multi-
ple, interdependent meanings. In-
creased token and variable counts
lead to more complex attention rela-
tionships, making it harder for LLMs
to generate meaningful responses,
measured here by the agent’s task
success score s when trained with the LLM’s reward function. To address this, we propose sev-
eral prompting strategies tailored for complex, variable-dense environments.

3.2 Scaling Bonuses and Penalties

Originally, Eureka [5] added a fixed scalar success bonus B to the LLM-generated reward RLLM(o),

Rtotal = RLLM(o) +B.

Because the scale of RLLM varies widely, a single fixed B can hamper policy learning. To address
this, we instead include both the success bonus B and an early-termination penalty P in the LLM’s
context as scalable variables (Figure 2 Left) without revealing the success/failure conditions,

R
(B,P )
LLM ∼ LLM

(
l,M(B,P )

)
, Rtotal = R

(B,P )
LLM (o).

This lets the LLM appropriately scale B and P within its final reward expression, yielding higher
task scores. Empirically, Table 1 shows task success through LLM-generated rewards proved im-
possible without providing a scalable B,P , with reward function examples shown in Appendix D.
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Figure 3: Real-world deployment using various objects in palm-up & palm-down configurations.
Video in supplementary materials and available on the project website.

3.3 Modified Prompt Structuring

When applying the original prompt structure from Eureka [5] to our problem and environment, we
found LLMs frequently produced syntactic errors or mismatched variable types. Our environment
contains over 70 variables, far more than the original Eureka examples, which are limited to ∼10.
To mitigate this, we now supply each LLM with an explicit reward function signature containing
all variable names/types (see Figure 2 Left or Appendix A for examples), instead of the generic
signature used originally, so

Mmodified = {E, Sdetailed},

where E is the environment code and Sdetailed is an example reward function signature containing
all available observations. This explicit listing reduces confusion, enabling the LLM to correctly
reference variables and produce valid reward functions. In practice, it greatly decreased code failures
and improved policy performance.

3.4 Integration with Sim-To-Real Pipeline

After generating candidate rewards via iterative LLM reward design, we integrate the trained policies
into a sim-to-real pipeline. We train a Teacher policy in simulation using privileged information, then
distil that policy to a Student with only tactile and proprioceptive observations (Section 3.5).

Reward Discovery Training. Evaluating many reward candidates with the full 8 billion-step train-
ing is infeasible with available compute resources (Appendix F). We thus use a shorter, 150 million-
step run each iteration to see if a reward R(k) can guide policies to partial success. Concretely:

1. Generation: The LLM produces {R(k)} from l,M(B,P )modified (k = 1, . . . , 5).

2. Training: Simultaneously train policies π(k)
i (i = 1, . . . , 4) using 150 million simulation steps.

3. Evaluation: Compute s
(k)
i = F (π

(k)
i ), based on sub-goal successes.

4. Selection: Choose R
(k)
best and provide feedback to the LLM for the next iteration.

Repeated short runs provide timely feedback, enabling the LLM to refine rewards and converge to a
high-quality R∗. Further details of reward discovery training parameters in Appendix E.1.

3.5 Policy transfer from simulation to hardware

After reward discovery we train a Teacher policy in simulation with privileged observations such
as object pose and velocity. We record roll-outs and fit a Student that observes only proprioception
and tactile information, minimising the mean-squared distance to the teacher’s action at each step.
Similar teacher-student paradigms have been used successfully in dexterous manipulation and sim
to real transfer [40, 12, 13, 14, 41].

The trained student transfers to hardware without further tuning. An Allegro Hand equipped with
TacTip vision based tactile sensors runs at 20Hz, receiving joint positions, velocities and the tactile
observations. Trials cover ten household objects, three rotation axes and palm up/palm down hand
orientations. Performance is measured by complete rotations per episode and time to termination.
Object dimensions and masses appear in Appendix G.
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Prompting
Strategy

GPT-4o o3-mini Gemini-1.5-Flash Llama3.1-405B Deepseek-R1-671B

Rots/Ep Solve Rots/Ep Solve Rots/Ep Solve Rots/Ep Solve Rots/Ep Solve
Best Avg Rate Best Avg Rate Best Avg Rate Best Avg Rate Best Avg Rate

Bonus/Penalty+ Mod 5.46 5.34 84% 5.38 5.26 28% 5.48 5.29 31% 5.41 5.28 10% 5.08 5.03 16%
Bonus/Penalty 0.10 0.09 0% 0.17 0.17 0% 0.04 0.02 0% 5.42 5.23 10% 5.26 5.12 16%
Mod template 0.17 0.16 0% 0.17 0.12 0% 0.10 0.09 0% 0.02 0.01 0% 0.16 0.16 0%
Original 0.17 0.15 0% 0.18 0.14 0% 0.17 0.17 0% 0.18 0.13 0% 0.15 0.13 0%

Table 1: Highest 360◦ rotations per episode (Rots/Ep) split into best, average and overall frequency
of episodes with s > 1 (Solve Rate) across 5 LLMs and 4 prompting strategies.

4 Experiments and Results

We evaluate our approach in three main stages. Stage 1 justifies the proposed prompting strategy
and explores how LLMs generate reward functions under privileged information in simulation, ulti-
mately selecting a “best” generated reward function for full model training per LLM. Stage 2 distills
that model with a teacher–student pipeline into a model that uses only proprioceptive and tactile in-
puts. In Stage 3, we deploy the distilled policy on a tactile Allegro Hand. For fair comparison to the
Baseline, we freeze all components of stages 2 and 3 as presented in AnyRotate [12].

4.1 Stage 1: Prompting Strategy Verification and Privileged Information Model Training

Iterative Reward Generation. We conduct five reward discovery experiments for each prompting
strategy-LLM pair listed in Table 1. Each experiment follows the iterative reward-generation loop
(Section 3.1) for five iterations, yielding 20 reward functions per experiment. Since each prompting
strategy-LLM pair has five experiments, we consider 100 generated reward functions for each cell in
Table 1. Over four prompting strategies and five LLMs, this amounts to 2,000 total reward functions.

From these short-run experiments, we select the single best reward for each cell in Table 1 and
train it from scratch for 8 billion steps, repeating this final training run five times. We then evaluate
each resulting policy for 50,000 simulation steps and report the highest rotation score as the final
entry in each cell. This procedure confirms the value and generalisability of our prompting approach
M(B,P )modified by comparing it against multiple prompt variations across five distinct LLMs. Of
particular note is the necessity of the success bonus B and fall penalty P as scalable parameters to
the LLM for any success, marking a significant departure from the capabilities of Eureka M .

LLM Selection. We aim for a spread of open ([42], [43]) vs closed ([44], [45], [46]) weights, reason-
ing ([43], [45]) vs non-reasoning ([42], [44], [46]) instruct-tuned models to represent the capabilities
of models available at the time of conducting these experiments. We explain our selection rationale

Performance Code Quality

LLM Rots/Ep ↑ EpLen(s) ↑ Corr GR ↑ Vars ↓ LoC ↓ HV ↓

Best (π∗) Avg π∗ Avg π∗ Avg π∗ Avg π∗ Avg π∗ Avg

Baseline 4.92 4.73 27.2 26.8 1 - 66 - 111 - 2576 -

Gemini-1.5-Flash 5.48 5.29 24.1 23.8 0.40 0.76 7 6.3 24 22.6 370 301
Llama3.1-405B 5.41 5.28 23.7 23.2 0.35 0.45 5 6.6 31 22.5 211 233
GPT-4o 5.46 5.20 24.4 23.4 0.30 0.63 8 8.1 35 26.9 317 300
o3-mini 5.38 5.26 23.9 23.1 0.47 0.92 6 6.6 27 30.1 281 302
DeepseekR1-671B 5.26 5.12 22.9 22.4 0.42 0.93 12 11.9 43 45.3 994 699

Table 2: Comparison of LLM-generated and human-designed reward functions when used to train
models with privileged information in simulation. Performance: Rotations per episode (Rots/Ep),
episode lengths (EpLen(s)), reward correlation with baseline (Corr) and generation rate of runnable
code (GR) of the model with the highest Rots/Ep (π∗) and the average over that reward function’s
repeated training runs. Code Quality: For the reward function producing π∗ and the average over
all trained reward functions, we record the variables used from the environment (Vars), the lines of
code in the function body (LoC) and the Halstead Volume (HV).
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further in Appendix B, and provide supplementary experiment details testing M(B,P )modified on
other LLMs in the Appendix C.

Performance Across LLMs. In Table 2 (Left), we find that properly prompted LLMs are consis-
tently capable of achieving a higher number of rotations per episode than the human baseline. The
key difference between the human-engineered design process and the automated reward generation
loop is that the automated loop has less contextual information than its human counterpart. The
LLM must reason over a tightly constrained context of tactile and other environment variables to
produce a reward function that successfully transfers to the real world. We see this constraint in
the low reward correlation to the baseline and the comparably low episode lengths seen when using
generated reward functions.

Code Quality. In Table 2 (Right), we compare the code quality of LLMs with the human baseline to
illustrate that our method brings improved interpretability alongside better performance. Not only do
the LLM-generated rewards consistently outperform the human baseline, they also achieve this using
approximately one-tenth the variables from the environment (Vars), one-quarter the lines of code in
the function body (LoC), and one-eighth the Halstead Volume [47] (HV). These reductions translate
to significantly simpler reward functions that directly impact interpretability and computational cost.

Comparison of Reward Composition Strategies. Across all five LLMs, we observe a common
pattern of reward design built around a few succinct components for hand–object contact, object
position/orientation, and sparse success bonuses. Each component is typically assigned a separate
scale before combining them into a final weighted sum. This concise decomposition contrasts with
the human-engineered baseline, which encodes similar ideas in more fragmented and interconnected
terms (for example, multiple overlapping orientation and smoothness terms).

Among the five models, two exhibit more distinctive behaviours. o3-mini includes extensive in-line
commentary connecting each component’s weight choice to the observed performance, effectively
explaining its design decisions after each iteration. Deepseek-R1-671B is the only model that lever-
ages the object’s keypoint data as a unified position–orientation signal, mirroring aspects of the
environment’s fitness function that it never directly sees, while still integrating contact bonuses.
Meanwhile, Gemini-1.5-Flash produced the highest overall rotation scores by separating out multi-
ple scales and temperatures from the final summation, letting it adapt each term’s importance non-
linearly. These examples demonstrate that LLMs can both discover novel reward design ideas and
distil them into concise, interpretable code. We provide examples of the highest performing reward
function generated by each LLM, along with the human-engineered baseline, in Appendix D.

4.2 Stage 2: Model Distillation to Tactile Observations

LLM OOD Mass OOD Shape
Rots/Ep ↑ EpLen(s) ↑ Rots/Ep ↑ EpLen(s) ↑

Baseline 2.94 23.0 2.44 25.1

Gemini-1.5-Flash 3.38 19.8 2.68 21.3
GPT-4o 3.35 20.7 2.62 22.5
o3-mini 3.25 19.2 2.52 21.3
Llama3.1-405B 3.02 18.1 2.50 20.0
Deepseek-R1-671B 3.32 22.7 2.47 23.4

Table 3: Tactile and proprioceptive observation models dis-
tilled from privileged agents (π∗ in Table 2). We report on
average rotation achieved per episode (Rots/Ep) and aver-
age episode length (EpLen, max 30) for arbitrary rotation
axis and hand direction.

We distil each LLM’s π∗ from Stage
1 into a tactile & proprioceptive Stu-
dent model as outlined in Section 3.5.

Out-of-Distribution Testing. We
evaluate each Student on heavier
objects and novel shapes (Figure 4,
top), which were not seen during
training. As shown in Table 3, Stu-
dents distilled from LLM-generated
rewards consistently outperform the
human baseline in terms of average
rotations per episode, mirroring
results from Stage 1. Notably, the Deepseek-based Student exhibits longer episode durations when
using tactile inputs than it did with privileged observations. This suggests that the restricted sensory
modality can still produce highly effective rotation behaviours, possibly because focusing on fewer
but more task-relevant signals (tactile contact) helps the policy learn robust solutions without being
overwhelmed by the full state space.
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Approach Palm Up Z Palm Down Z Palm Up Y Palm Down Y Palm Up X Palm Down X Total Avg
Rot TTT Rot TTT Rot TTT Rot TTT Rot TTT Rot TTT Rot TTT

Human-engineered Baseline 1.42 22.1 0.96 17.2 1.04 23.4 0.67 24.0 1.23 19.0 0.65 14.1 0.99 20.0
GPT-4o 2.34 26.5 1.67 23.1 1.00 27.1 0.46 16.9 0.92 14.9 0.73 15.6 1.18 20.7
Gemini-1.5-Flash 2.12 26.9 1.19 19.0 1.00 26.2 0.61 27.5 1.47 21.4 1.31 21.5 1.28 23.8
Deepseek-R1-671B 2.45 27.6 1.00 23.1 0.97 21.6 1.78 27.7 1.08 30.0 0.92 20.4 1.37 25.1

Table 4: Real-World average full rotations (Rot) and Time To Terminate (TTT, maximum 30s) in
seconds across all objects, per approach and hand orientation.

4.3 Stage 3: Real-World Comparison of Distilled Models
We validate our distilled Student policies using the hardware setup and protocol described in Section
3.5 with objects seen in Figure 4, bottom.

Model Selection. From Stage 2, we select three LLM-based policies to test in real-world condi-
tions alongside the human-engineered baseline. Gemini-1.5-Flash (highest rotations per episode),
GPT-4o (highest solve rate), and Deepseek-R1-671B (longest episodes). Following the process out-
lined in stage 2, each policy is deployed in the real-world unchanged.

Performance and Analysis. Table 4 shows that all three LLM-based policies outperform the
human-engineered baseline in average rotations per episode and also sustain longer episodes be-
fore termination. Notably, Deepseek-R1-671B achieves a 38% increase in rotations and a 25%
increase in episode duration compared with the baseline. Although the baseline policy appeared
more stable than the LLM-based policies in simulation, here we see the opposite: the LLM-based
approaches demonstrate greater real-world stability overall.

Figure 4: Top: Objects used to evaluate dis-
tilled Student tactile model in simulation.
Bottom: Objects used to evaluate distilled
models in the real world.

The improved real-world stability of LLM-generated
policies likely stems from differences between sim-
ulated and physical tactile sensing. Simulated con-
tact uses rigid-body models, producing brittle sig-
nals, whereas real-world vision-based tactile sensors
provide smooth, continuous feedback. LLM-trained
agents, optimised for faster motions in simulation,
became highly sensitive to small contact changes.
Although this sensitivity sometimes caused failures
in simulation, richer physical feedback enabled early
instability detection and regrasping in the real world.
In contrast, the human-engineered baseline, favour-
ing slower, cautious motions, lacked this reactive ad-
vantage. This behaviour is most prominently repre-
sented rotating the Duck about the z axis in a palm up orientation, which can be seen in the sup-
plementary materials video. Based on empirical (Tables 3 & 4) and qualitative observations, we
hypothesise that the LLM-derived policies’ increased speed, initially a stability liability in simula-
tion, was crucial to their improved real-world performance.

5 Conclusion
In this work, we presented the first demonstration of LLM-generated reward functions successfully
guiding a tactile-based in-hand manipulation task in the real world. Our Text2Touch framework
shows that reward code from language models, distilled via a teacher–student pipeline, surpasses
human-engineered baselines in simulation and improves stability and performance on a real-world
tactile Allegro Hand. These outcomes illustrate how tactile feedback enhances the benefits of LLM-
driven rewards, enabling faster and more robust rotations.

By removing the need for expert-crafted reward functions, our Text2Touch framework lowers the
barrier to tactile robotics research, enabling rapid prototyping of complex in-hand manipulations and
faster translation of novel behaviours into reliable real-world systems. Grounding LLM-generated
rewards in rich tactile feedback, it also paves the way for more nuanced in-hand manipulation.
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6 Limitations

While our experiments demonstrate that Text2Touch successfully extends LLM-based reward de-
sign to real-world tactile manipulation, several limitations should be acknowledged. Our evaluation
focuses on a single in-hand rotation task with different hand orientations and object rotation axes
using the tactile Allegro Hand. Although our setup is sufficient to validate that automatically gen-
erated rewards can outperform human baselines in dexterous manipulation, it leaves open questions
regarding the generalization to other tasks and sensor modalities. Future work could explore multi-
stage skills or tasks requiring extensive planning with long-horizon dependencies with a wider range
of hardware, which may benefit from more complex reward structures.

The current study focused on the reward design component while maintaining consistent architec-
ture, curriculum design, and hyperparameters across experiments. While this approach provides a
clear benchmark against prior work, it leaves unexplored the potential benefits of allowing LLMs
to optimise these additional aspects of the training pipeline, such as improved sample efficiency.
That said, our results demonstrate that even with isolated reward function generation, significant
performance improvements are achievable.

Within the current study’s hardware and compute limitations, we evaluated fewer real-world hand
orientations (palm up and palm down) than were considered originally in the baseline study [12].
This decision to consider fewer orientations was to make it practically feasible to evaluate a larger
range of LLM-generated reward functions in the real world, while still having a sufficient number
of orientations to challenge the gravity-independence of the policy. One way to overcome this
limitation in the future would be to automate the real-world assessment techniques, which presently
require significant human intervention, e.g. to replace dropped object in-hand.

Despite advancements in prompt engineering, the LLMs employed in our experiments still fre-
quently produce reward functions that fail to train an agent to task completion, resulting in a rela-
tively low solve rate. This limitation highlights a critical bottleneck in the reward discovery phase,
where computational resources are required to regenerate viable code solutions. Future research
should consider strategies to mitigate these failure modes (e.g., improving exploration efficiency
through RL data augmentation techniques[48, 49]), thereby reducing the computational burden and
enhancing the efficiency of LLM-based reward design.

Our sim-to-real approach faced standard challenges in robotic research regarding domain transfer,
particularly with tactile sensors whose complex contact patterns are difficult to replicate in simu-
lation. This is due to both the simulator’s representation of contact dynamics and the rigid-body
sensors used in simulation. While rigid bodies make for faster simulations, future research could
explore the use of soft body simulators to reduce the domain gap from simulation to real-world. That
said, the teacher-student pipeline achieved successful sim-to-real results that are beyond the state-
of-the-art, demonstrating that LLM-generated rewards can effectively bridge these domain gaps for
tactile-based manipulation.

To summarise the limitations, this work opens up more avenues for future research, including ex-
ploring more complex manipulations, integrating additional sensing modalities, and expanding LLM
roles to guide both reward design and policy optimisation. Together, these would advance LLM-
based methods as versatile tools for enabling efficient and generalisable robot learning.
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A Prompting

Prompting Structure The prompting structure is composed of several component parts. As re-
ferred to in Section 3.1, the Eureka prompting strategy is broadly referred to as l,M , where l is a
natural language task description, and M is the environment as context. In practice there includes
more scaffolding accompanying the core information, appropriately framing the problem to induce
runnable code in the response.

The component parts used to create the Eureka style prompt are for iteration 0:

1. System prompt: High level overview of the context and expectations with tips on providing
good reward code as well as an example reward function template to adhere to.

2. Initial user prompt: Inclusion of environment code as context M and natural language task
description l.

For iterations > 0, we frame the prompt as a conversation in memory where we include:

1. Full initial prompt

2. Best LLM response (as determined via the fitness function F )

3. Policy feedback: Generated metrics that track optimisation of reward components defined
by the LLM in the previous iteration.

4. Code feedback: Instructions to use the previous reward function and returned metrics to
inform the next reward function.

Apart from our innovations, the prompt scaffolding is taken from Eureka [5]. Separately, the com-
ponents look like:

Listing 1: System Prompt. The task reward signature is incorporated later and varies depending on
whether the prompt structure has been Modified (as described in Section 3)

1You are a reward engineer trying to write reward functions to solve reinforcement learning tasks as

effectively as possible.

2Your goal is to write a reward function for the environment that will help the agent learn the task

described in text.

3Your reward function should use useful variables from the environment as inputs. As an example ,

4the reward function signature can be: { task_reward_signature_string }

5Since the reward function will be decorated with @torch.jit.script ,

6please make sure that the code is compatible with TorchScript (e.g., use torch tensor instead of numpy

array).

7Make sure any new tensor or variable you introduce is on the same device as the input tensors.

Listing 2: task reward signature string for standard Eureka experiments M
1@torch.jit.script

2def compute_reward(object_pos: torch.Tensor , goal_pos: torch.Tensor) -> Tuple[torch.Tensor , Dict[str ,

torch.Tensor ]]:

3...

4return reward , {}

Listing 3: task reward signature string for modified Eureka experiments MModified

1@torch.jit.script

2def compute_reward(

3contact_pose_range_sim: torch.Tensor ,

4base_hand_pos: torch.Tensor ,

5base_hand_orn: torch.Tensor ,

6kp_dist: float ,

7n_keypoints: int ,

8obj_kp_positions: torch.Tensor ,

9goal_kp_positions: torch.Tensor ,

10kp_basis_vecs: torch.Tensor ,

11fingertip_pos_handframe: torch.Tensor ,

12fingertip_orn_handframe: torch.Tensor ,

13thumb_tip_name_idx: int ,

14index_tip_name_idx: int ,

15middle_tip_name_idx: int ,

16pinky_tip_name_idx: int ,

17n_tips: int ,

18contact_positions: torch.Tensor ,
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19contact_positions_worldframe: torch.Tensor ,

20contact_positions_tcpframe: torch.Tensor ,

21sim_contact_pose_limits: torch.Tensor ,

22contact_threshold_limit: float ,

23obj_indices: torch.Tensor ,

24goal_indices: torch.Tensor ,

25default_obj_pos_handframe: torch.Tensor ,

26prev_obj_orn: torch.Tensor ,

27goal_displacement_tensor: torch.Tensor ,

28root_state_tensor: torch.Tensor ,

29dof_pos: torch.Tensor ,

30dof_vel: torch.Tensor ,

31rigid_body_tensor: torch.Tensor ,

32current_force_apply_axis: torch.Tensor ,

33obj_force_vector: torch.Tensor ,

34pivot_axel_worldframe: torch.Tensor ,

35pivot_axel_objframe: torch.Tensor ,

36goal_base_pos: torch.Tensor ,

37goal_base_orn: torch.Tensor ,

38net_tip_contact_forces: torch.Tensor ,

39net_tip_contact_force_mags: torch.Tensor ,

40tip_object_contacts: torch.Tensor ,

41n_tip_contacts: torch.Tensor ,

42n_non_tip_contacts: torch.Tensor ,

43thumb_tip_contacts: torch.Tensor ,

44index_tip_contacts: torch.Tensor ,

45middle_tip_contacts: torch.Tensor ,

46pinky_tip_contacts: torch.Tensor ,

47fingertip_pos: torch.Tensor ,

48fingertip_orn: torch.Tensor ,

49fingertip_linvel: torch.Tensor ,

50fingertip_angvel: torch.Tensor ,

51tip_contact_force_pose: torch.Tensor ,

52tip_contact_force_pose_low_dim: torch.Tensor ,

53tip_contact_force_pose_bins: torch.Tensor ,

54n_good_contacts: torch.Tensor ,

55hand_joint_pos: torch.Tensor ,

56hand_joint_vel: torch.Tensor ,

57obj_base_pos: torch.Tensor ,

58obj_base_orn: torch.Tensor ,

59obj_pos_handframe: torch.Tensor ,

60obj_orn_handframe: torch.Tensor ,

61obj_displacement_tensor: torch.Tensor ,

62obj_pos_centered: torch.Tensor ,

63delta_obj_orn: torch.Tensor ,

64obj_base_linvel: torch.Tensor ,

65obj_base_angvel: torch.Tensor ,

66obj_linvel_handframe: torch.Tensor ,

67obj_angvel_handframe: torch.Tensor ,

68goal_pos_centered: torch.Tensor ,

69goal_pos_handframe: torch.Tensor ,

70goal_orn_handframe: torch.Tensor ,

71active_pos: torch.Tensor ,

72active_quat: torch.Tensor ,

73obj_kp_positions_centered: torch.Tensor ,

74goal_kp_positions_centered: torch.Tensor ,

75active_kp: torch.Tensor ,

76obj_force_vector_handframe: torch.Tensor ,

77) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

78# Scaling factors and reward code go here

79
80...

81
82return reward , {}

Listing 4: task reward signature string for modified Eureka experiments including scalable success
bonus and fall penalty variables M(B,P )Modified

1@torch.jit.script

2def compute_reward(

3# termination penalty and success bonus

4success_bonus: torch.Tensor , # To be scaled and added to the final reward.

5early_reset_penalty_value: torch.Tensor , # To be scaled and subtracted from the final reward.

6
7contact_pose_range_sim: torch.Tensor ,

8base_hand_pos: torch.Tensor ,

9base_hand_orn: torch.Tensor ,

10kp_dist: float ,

11n_keypoints: int ,

12obj_kp_positions: torch.Tensor ,

13goal_kp_positions: torch.Tensor ,

14kp_basis_vecs: torch.Tensor ,

15fingertip_pos_handframe: torch.Tensor ,

16fingertip_orn_handframe: torch.Tensor ,

17thumb_tip_name_idx: int ,

18index_tip_name_idx: int ,

19middle_tip_name_idx: int ,

20pinky_tip_name_idx: int ,

21n_tips: int ,

22contact_positions: torch.Tensor ,
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23contact_positions_worldframe: torch.Tensor ,

24contact_positions_tcpframe: torch.Tensor ,

25sim_contact_pose_limits: torch.Tensor ,

26contact_threshold_limit: float ,

27obj_indices: torch.Tensor ,

28goal_indices: torch.Tensor ,

29default_obj_pos_handframe: torch.Tensor ,

30prev_obj_orn: torch.Tensor ,

31goal_displacement_tensor: torch.Tensor ,

32root_state_tensor: torch.Tensor ,

33dof_pos: torch.Tensor ,

34dof_vel: torch.Tensor ,

35rigid_body_tensor: torch.Tensor ,

36current_force_apply_axis: torch.Tensor ,

37obj_force_vector: torch.Tensor ,

38pivot_axel_worldframe: torch.Tensor ,

39pivot_axel_objframe: torch.Tensor ,

40goal_base_pos: torch.Tensor ,

41goal_base_orn: torch.Tensor ,

42net_tip_contact_forces: torch.Tensor ,

43net_tip_contact_force_mags: torch.Tensor ,

44tip_object_contacts: torch.Tensor ,

45n_tip_contacts: torch.Tensor ,

46n_non_tip_contacts: torch.Tensor ,

47thumb_tip_contacts: torch.Tensor ,

48index_tip_contacts: torch.Tensor ,

49middle_tip_contacts: torch.Tensor ,

50pinky_tip_contacts: torch.Tensor ,

51fingertip_pos: torch.Tensor ,

52fingertip_orn: torch.Tensor ,

53fingertip_linvel: torch.Tensor ,

54fingertip_angvel: torch.Tensor ,

55tip_contact_force_pose: torch.Tensor ,

56tip_contact_force_pose_low_dim: torch.Tensor ,

57tip_contact_force_pose_bins: torch.Tensor ,

58n_good_contacts: torch.Tensor ,

59hand_joint_pos: torch.Tensor ,

60hand_joint_vel: torch.Tensor ,

61obj_base_pos: torch.Tensor ,

62obj_base_orn: torch.Tensor ,

63obj_pos_handframe: torch.Tensor ,

64obj_orn_handframe: torch.Tensor ,

65obj_displacement_tensor: torch.Tensor ,

66obj_pos_centered: torch.Tensor ,

67delta_obj_orn: torch.Tensor ,

68obj_base_linvel: torch.Tensor ,

69obj_base_angvel: torch.Tensor ,

70obj_linvel_handframe: torch.Tensor ,

71obj_angvel_handframe: torch.Tensor ,

72goal_pos_centered: torch.Tensor ,

73goal_pos_handframe: torch.Tensor ,

74goal_orn_handframe: torch.Tensor ,

75active_pos: torch.Tensor ,

76active_quat: torch.Tensor ,

77obj_kp_positions_centered: torch.Tensor ,

78goal_kp_positions_centered: torch.Tensor ,

79active_kp: torch.Tensor ,

80obj_force_vector_handframe: torch.Tensor ,

81) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

82# Scaling factors and reward code go here

83
84...

85
86return reward , {}

Listing 5: Code output tip. Persistent across all prompt formats to aid LLM in adjusting reward
function components after each iteration.

1The output of the reward function should consist of two items:

2(1) the total reward ,

3(2) a dictionary of each individual reward component.

4The code output should be formatted as a python code string: "‘‘‘python ... ‘‘‘".

5
6Some helpful tips for writing the reward function code:

7(1) You may find it helpful to normalize the reward to a fixed range by applying transformations

like torch.exp to the overall reward or its components.

8(2) If you choose to transform a reward component , then you must also introduce a temperature

parameter inside the transformation function; this parameter must be a named variable in the

reward function and it must not be an input variable. Each transformed reward component should

have its own temperature variable.

9(3) Make sure the type of each input variable is correctly specified; a float input variable should

not be specified as torch.Tensor

10(4) Most importantly , the reward code ’s input variables must contain only attributes of the

provided environment class definition (namely , variables that have prefix self.). Under no

circumstance can you introduce new input variables.

Listing 6: User Prompt. Specification of environment code as context M and natural language task
description l as described in section 3.
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1The Python environment is { task_obs_code_string } . Write a reward function for the following task:

{ task_description } .

2Remember , you MUST conform to the @torch.jit.script style as mentioned before. Do not prepend any

variables with "self .".

Listing 7: task obs code string for use in User prompt. Lines 191-203 show extra information given
to the LLM when the success bonus B and fall penalty P are included in the prompting strategy.

1class AllegroGaiting(VecTask):

2""" Rest of the environment definition omitted."""

3
4def compute_observations(self):

5
6(self.net_tip_contact_forces ,

7self.net_tip_contact_force_mags ,

8self.tip_object_contacts ,

9self.n_tip_contacts ,

10self.n_non_tip_contacts) = self.get_fingertip_contacts ()

11
12# get if the thumb tip is in contact

13self.thumb_tip_contacts = self.tip_object_contacts [:, self.thumb_tip_name_idx]

14self.index_tip_contacts = self.tip_object_contacts [:, self.index_tip_name_idx]

15self.middle_tip_contacts = self.tip_object_contacts [:, self.middle_tip_name_idx]

16self.pinky_tip_contacts = self.tip_object_contacts [:, self.pinky_tip_name_idx]

17
18# get tcp positions

19fingertip_states = self.rigid_body_tensor [:, self.fingertip_tcp_body_idxs , :]

20self.fingertip_pos = fingertip_states [..., 0:3]

21self.fingertip_orn = self.canonicalise_quat(fingertip_states [..., 3:7])

22self.fingertip_linvel = fingertip_states [..., 7:10]

23self.fingertip_angvel = fingertip_states [..., 10:13]

24
25for i in range(self._dims.NumFingers.value):

26
27# Get net tip forces in tcp frame

28self.net_tip_contact_forces [:, i] = quat_rotate_inverse(self.fingertip_orn [:, i], self.

net_tip_contact_forces [:, i])

29
30# Get fingertip in hand frame

31self.fingertip_pos_handframe [:, i] = -quat_rotate_inverse(self.base_hand_orn , self.

base_hand_pos) + \

32quat_rotate_inverse(self.base_hand_orn , self.fingertip_pos [:, i])

33self.fingertip_orn_handframe [:, i] = self.canonicalise_quat(quat_mul(quat_conjugate(self.

base_hand_orn), self.fingertip_orn [:, i]))

34
35# Get contact information in world and tcp frame

36if self.contact_sensor_modality == ’rich_cpu ’:

37tip_body_states = self.rigid_body_tensor [:, self.tip_body_idxs , :]

38tip_body_pos = tip_body_states [..., 0:3]

39tip_body_orn = self.canonicalise_quat(tip_body_states [..., 3:7])

40
41self.contact_positions_worldframe [:, i] = tip_body_pos [:, i] + \

42quat_rotate(tip_body_orn [:, i], self.contact_positions [:, i])

43self.contact_positions_worldframe = torch.where(

44self.contact_positions == 0.0,

45self.fingertip_pos ,

46self.contact_positions_worldframe ,

47)

48self.contact_positions_tcpframe [:, i] = -quat_rotate_inverse(self.fingertip_orn [:, i],

self.fingertip_pos [:, i]) + \

49quat_rotate_inverse(self.fingertip_orn [:, i], self.contact_positions_worldframe [:,

i])

50
51# Calculate spherical coordinates of contact force , theta and phi

52tip_force_tcpframe = -self.net_tip_contact_forces.clone ()

53contact_force_r = torch.norm(tip_force_tcpframe , p=2, dim=-1)

54contact_force_theta = torch.where(

55contact_force_r < self.contact_threshold_limit ,

56torch.zeros_like(contact_force_r),

57torch.atan2(tip_force_tcpframe [:, :, 1], tip_force_tcpframe [:, :, 0]) - torch.pi/2

58).unsqueeze (-1)

59contact_force_phi = torch.where(

60contact_force_r < self.contact_threshold_limit ,

61torch.zeros_like(contact_force_r),

62torch.acos(tip_force_tcpframe [:, :, 2] / contact_force_r)- torch.pi/2

63).unsqueeze (-1)

64self.tip_contact_force_pose = torch.cat([ contact_force_theta , contact_force_phi], dim=-1)

65self.tip_contact_force_pose = saturate(

66self.tip_contact_force_pose ,

67lower=-self.sim_contact_pose_limits ,

68upper=self.sim_contact_pose_limits

69) # saturate contact pose observation before computing rewards

70
71# ------------ compute low dimentional tactile pose obesrvation from theta and phi ---------

72self.tip_contact_force_pose_low_dim = torch.where(

73self.tip_contact_force_pose > 0.0,

74torch.ones_like(self.tip_contact_force_pose),

75torch.zeros_like(self.tip_contact_force_pose),
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76)

77self.tip_contact_force_pose_low_dim = torch.where(

78self.tip_contact_force_pose < 0.0,

79-torch.ones_like(self.tip_contact_force_pose),

80self.tip_contact_force_pose_low_dim ,

81)

82contact_mask = self.tip_object_contacts.unsqueeze (-1).repeat(1, 1, self._dims.ContactPoseDim.

value)

83self.tip_contact_force_pose_low_dim = torch.where(

84contact_mask > 0.0,

85self.tip_contact_force_pose_low_dim ,

86torch.zeros_like(self.tip_contact_force_pose_low_dim),

87)

88
89# Low dimensional tactile pose obesrvation using rotation , split into 8 bins

90contact_force_rot = torch.where(

91contact_force_r < self.contact_threshold_limit ,

92torch.zeros_like(contact_force_r),

93torch.atan2(tip_force_tcpframe [:, :, 0], tip_force_tcpframe [:, :, 2]) + torch.pi

94).unsqueeze (-1).repeat ((1, 1, self._dims.ContactPoseBinDim.value))

95
96total_bins = 8

97bin_lower = 0.0

98self.tip_contact_force_pose_bins = torch.zeros(

99(self.num_envs , self.n_tips , self._dims.ContactPoseBinDim.value), dtype=torch.float ,

device=self.device)

100for n_bin in range(total_bins):

101bin_upper = bin_lower + 2*np.pi/total_bins

102bin_id = torch.zeros(total_bins , device=self.device)

103bin_id[n_bin] = 1.0

104self.tip_contact_force_pose_bins = torch.where(

105(( bin_lower < contact_force_rot) & (contact_force_rot <= bin_upper)),

106bin_id.repeat ((self.num_envs , self.n_tips , 1)),

107self.tip_contact_force_pose_bins

108)

109bin_lower = bin_upper

110
111# compute tip contacts less than contact_pose_range_sim

112good_contact_pose = torch.abs(self.tip_contact_force_pose) < self.contact_pose_range_sim

113tip_good_contacts = torch.all(good_contact_pose , dim=-1) * self.tip_object_contacts

114self.n_good_contacts = torch.sum(tip_good_contacts , dim=-1)

115
116# Calculate contact pose using sphereical coordinates

117if self.contact_sensor_modality == ’rich_cpu ’:

118contact_r = torch.norm(self.contact_positions_tcpframe , p=2, dim=-1)

119contact_theta = torch.where(

120contact_r < 0.001,

121torch.zeros_like(contact_r),

122torch.atan2(self.contact_positions_tcpframe [:, :, 1], self.contact_positions_tcpframe

[:, :, 0]) - torch.pi/2

123).unsqueeze (-1)

124contact_phi = torch.where(

125contact_r < 0.001,

126torch.zeros_like(contact_r),

127torch.acos(self.contact_positions_tcpframe [:, :, 2] / contact_r) - torch.pi/2

128).unsqueeze (-1)

129self.tip_contact_pose = torch.cat([ contact_theta , contact_phi], dim=-1)

130
131# get hand joint pos and vel

132self.hand_joint_pos = self.dof_pos[:, :] if self.dof_pos[:, :]. shape [0] == 1 else self.dof_pos

[:, :]. squeeze ()

133self.hand_joint_vel = self.dof_vel[:, :] if self.dof_vel[:, :]. shape [0] == 1 else self.dof_vel

[:, :]. squeeze ()

134
135# get object pose / vel

136self.obj_base_pos = self.root_state_tensor[self.obj_indices , 0:3]

137self.obj_base_orn = self.canonicalise_quat(self.root_state_tensor[self.obj_indices , 3:7])

138self.obj_pos_handframe = self.world_to_frame_pos(self.obj_base_pos , self.base_hand_pos , self.

base_hand_orn)

139self.obj_orn_handframe = self.canonicalise_quat(self.world_to_frame_orn(self.obj_base_orn , self

.base_hand_orn))

140
141# Get desired obj displacement in world frame

142self.obj_displacement_tensor = self.frame_to_world_pos(self.default_obj_pos_handframe , self.

base_hand_pos , self.base_hand_orn)

143
144self.obj_pos_centered = self.obj_base_pos - self.obj_displacement_tensor

145self.delta_obj_orn = self.canonicalise_quat(quat_mul(self.obj_base_orn , quat_conjugate(self.

prev_obj_orn)))

146self.obj_base_linvel = self.root_state_tensor[self.obj_indices , 7:10]

147self.obj_base_angvel = self.root_state_tensor[self.obj_indices , 10:13]

148
149self.obj_linvel_handframe = quat_rotate_inverse(

150self.base_hand_orn , self.obj_base_linvel

151)

152self.obj_angvel_handframe = quat_rotate_inverse(

153self.base_hand_orn , self.obj_base_angvel

154)

155
156# get goal pose

157self.goal_base_pos = self.root_state_tensor[self.goal_indices , 0:3]

158self.goal_pos_centered = self.goal_base_pos - self.goal_displacement_tensor
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159self.goal_base_orn = self.canonicalise_quat(self.root_state_tensor[self.goal_indices , 3:7])

160
161self.goal_pos_handframe = self.world_to_frame_pos(self.goal_base_pos , self.base_hand_pos , self.

base_hand_orn)

162self.goal_orn_handframe = self.canonicalise_quat(self.world_to_frame_orn(self.goal_base_orn ,

self.base_hand_orn))

163
164# relative goal pose w.r.t. obj pose

165self.active_pos = self.obj_pos_centered - self.goal_pos_centered

166self.active_quat = self.canonicalise_quat(quat_mul(self.obj_base_orn , quat_conjugate(self.

goal_base_orn)))

167
168# update the current keypoint positions

169for i in range(self.n_keypoints):

170self.obj_kp_positions [:, i, :] = self.obj_base_pos + \

171quat_rotate(self.obj_base_orn , self.kp_basis_vecs[i]. repeat(self.num_envs , 1) * self.

kp_dist)

172self.goal_kp_positions [:, i, :] = self.goal_base_pos + \

173quat_rotate(self.goal_base_orn , self.kp_basis_vecs[i]. repeat(self.num_envs , 1) * self.

kp_dist)

174
175self.obj_kp_positions_centered = self.obj_kp_positions - self.obj_displacement_tensor.unsqueeze

(1).repeat(1, self.n_keypoints , 1)

176self.goal_kp_positions_centered = self.goal_kp_positions - self.goal_displacement_tensor

177self.active_kp = self.obj_kp_positions_centered - self.goal_kp_positions_centered

178
179# append observations to history stack

180self._hand_joint_pos_history.appendleft(self.hand_joint_pos.clone ())

181self._hand_joint_vel_history.appendleft(self.hand_joint_vel.clone ())

182self._object_base_pos_history.appendleft(self.obj_base_pos.clone())

183self._object_base_orn_history.appendleft(self.obj_base_orn.clone())

184
185# Object force direction vector observations (either applied force or gravity)

186self.obj_force_vector = self.current_force_apply_axis.clone()

187self.obj_force_vector_handframe = quat_rotate_inverse(

188self.base_hand_orn , self.obj_force_vector

189)

190
191self.success_bonus , self.early_reset_penalty_value = compute_success_bonus_fall_penalty(

192rew_buf=self.rew_buf ,

193fall_reset_dist=self.cfg["env"]["fall_reset_dist"],

194axis_deviat_reset_dist=self.cfg["env"]["axis_deviat_reset_dist"],

195success_tolerance=self.cfg["env"]["success_tolerance"],

196obj_kps=self.obj_kps ,

197goal_kps=self.goal_kps ,

198reach_goal_bonus=self.cfg["env"]["reach_goal_bonus"],

199early_reset_penalty=self.cfg["env"]["early_reset_penalty"],

200target_pivot_axel=self.pivot_axel_worldframe ,

201current_pivot_axel=quat_rotate(self.obj_base_orn , self.pivot_axel_objframe),

202n_tip_contacts=self.n_tip_contacts ,

203)

204
205self.fill_observation_buffer ()

206
207
208def get_fingertip_contacts(self):

209
210# get envs where obj is contacted

211bool_obj_contacts = torch.where(

212torch.count_nonzero(self.contact_force_tensor [:, self.obj_body_idx , :], dim=1) > 0,

213torch.ones(size=(self.num_envs ,), device=self.device),

214torch.zeros(size=(self.num_envs ,), device=self.device),

215)

216
217# get envs where tips are contacted

218net_tip_contact_forces = self.contact_force_tensor [:, self.tip_body_idxs , :]

219net_tip_contact_force_mags = torch.norm(net_tip_contact_forces , p=2, dim=-1)

220bool_tip_contacts = torch.where(

221net_tip_contact_force_mags > self.contact_threshold_limit ,

222torch.ones(size=(self.num_envs , self.n_tips), device=self.device),

223torch.zeros(size=(self.num_envs , self.n_tips), device=self.device),

224)

225
226# get all the contacted links that are not the tip

227net_non_tip_contact_forces = self.contact_force_tensor [:, self.non_tip_body_idxs , :]

228bool_non_tip_contacts = torch.where(

229torch.count_nonzero(net_non_tip_contact_forces , dim=2) > 0,

230torch.ones(size=(self.num_envs , self.n_non_tip_links), device=self.device),

231torch.zeros(size=(self.num_envs , self.n_non_tip_links), device=self.device),

232)

233n_non_tip_contacts = torch.sum(bool_non_tip_contacts , dim=1)

234
235# repeat for n_tips shape=(n_envs , n_tips)

236onehot_obj_contacts = bool_obj_contacts.unsqueeze (1).repeat(1, self.n_tips)

237
238# get envs where object and tips are contacted

239tip_object_contacts = torch.where(

240onehot_obj_contacts > 0,

241bool_tip_contacts ,

242torch.zeros(size=(self.num_envs , self.n_tips), device=self.device)

243)

244n_tip_contacts = torch.sum(bool_tip_contacts , dim=1)
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245
246return net_tip_contact_forces , net_tip_contact_force_mags , tip_object_contacts , n_tip_contacts ,

n_non_tip_contacts

247
248def fill_observation_buffer(self):

249prev_obs_buf = self.obs_buf[:, self.num_obs_per_step :]. clone()

250buf = torch.zeros((self.num_envs , self.num_obs_per_step), device=self.device , dtype=torch.float

)

251start_offset , end_offset = 0, 0

252
253# joint position

254start_offset = end_offset

255end_offset = start_offset + self._dims.JointPositionDim.value

256buf[:, start_offset:end_offset] = self.hand_joint_pos

257
258# previous actions

259start_offset = end_offset

260end_offset = start_offset + self._dims.ActionDim.value

261buf[:, start_offset:end_offset] = self.prev_action_buf

262
263# target joint position

264start_offset = end_offset

265end_offset = start_offset + self._dims.JointPositionDim.value

266buf[:, start_offset:end_offset] = self.target_dof_pos

267
268# Base hand orientation

269start_offset = end_offset

270end_offset = start_offset + self._dims.OrnDim.value

271buf[:, start_offset:end_offset] = self.base_hand_orn

272
273# boolean tips in contacts

274start_offset = end_offset

275end_offset = start_offset + self._dims.NumFingers.value

276buf[:, start_offset:end_offset] = self.tip_object_contacts

277
278# object position

279start_offset = end_offset

280end_offset = start_offset + self._dims.PosDim.value

281buf[:, start_offset:end_offset] = self.obj_pos_handframe

282
283# object orientation

284start_offset = end_offset

285end_offset = start_offset + self._dims.OrnDim.value

286buf[:, start_offset:end_offset] = self.obj_orn_handframe

287
288# object angular velocity

289start_offset = end_offset

290end_offset = start_offset + self._dims.AngularVelocityDim.value

291buf[:, start_offset:end_offset] = self.obj_angvel_handframe

292
293# object masses

294start_offset = end_offset

295end_offset = start_offset + self._dims.MassDim.value

296buf[:, start_offset:end_offset] = self.applied_obj_masses

297
298# Object dimensions

299start_offset = end_offset

300end_offset = start_offset + self._dims.ObjDimDim.value

301buf[:, start_offset:end_offset] = self.obj_dims

302
303# Object center of mass

304start_offset = end_offset

305end_offset = start_offset + self._dims.PosDim.value

306buf[:, start_offset:end_offset] = self.obj_com

307
308# goal orientation

309start_offset = end_offset

310end_offset = start_offset + self._dims.OrnDim.value

311buf[:, start_offset:end_offset] = self.goal_orn_handframe

312
313# target pivot axel

314start_offset = end_offset

315end_offset = start_offset + self._dims.VecDim.value

316buf[:, start_offset:end_offset] = self.pivot_axel_workframe

317
318# Append to history

319self.obs_buf [:] = torch.cat([ prev_obs_buf , buf], dim=1)

320
321# refill the initialized buffers

322reset_env_ids = self.at_reset_buf.nonzero(as_tuple=False).squeeze (-1)

323self.obs_buf[reset_env_ids , :] = buf[reset_env_ids ].clone().repeat(1, self.

_num_observation_steps)

Listing 8: Natural language task description l (task description).
1To imbue the agent with the ability to reposition and reorient objects to a target position and

orientation by re-grasping or finger gaiting , where contacts with the object must be detached and

re-positioned locally during manipulation.
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Listing 9: Example LLM response with policy training feedback using Deepseek-R1-671B. Lines
176-185 constitute the policy feedback component of the reward reflection iluded to in Section 3.

1‘‘‘python

2@torch.jit.script

3def compute_reward(

4success_bonus: torch.Tensor ,

5early_reset_penalty_value: torch.Tensor ,

6contact_pose_range_sim: torch.Tensor ,

7base_hand_pos: torch.Tensor ,

8base_hand_orn: torch.Tensor ,

9kp_dist: float ,

10n_keypoints: int ,

11obj_kp_positions: torch.Tensor ,

12goal_kp_positions: torch.Tensor ,

13kp_basis_vecs: torch.Tensor ,

14fingertip_pos_handframe: torch.Tensor ,

15fingertip_orn_handframe: torch.Tensor ,

16thumb_tip_name_idx: int ,

17index_tip_name_idx: int ,

18middle_tip_name_idx: int ,

19pinky_tip_name_idx: int ,

20n_tips: int ,

21contact_positions: torch.Tensor ,

22contact_positions_worldframe: torch.Tensor ,

23contact_positions_tcpframe: torch.Tensor ,

24sim_contact_pose_limits: torch.Tensor ,

25contact_threshold_limit: float ,

26obj_indices: torch.Tensor ,

27goal_indices: torch.Tensor ,

28default_obj_pos_handframe: torch.Tensor ,

29prev_obj_orn: torch.Tensor ,

30goal_displacement_tensor: torch.Tensor ,

31root_state_tensor: torch.Tensor ,

32dof_pos: torch.Tensor ,

33dof_vel: torch.Tensor ,

34rigid_body_tensor: torch.Tensor ,

35current_force_apply_axis: torch.Tensor ,

36obj_force_vector: torch.Tensor ,

37pivot_axel_worldframe: torch.Tensor ,

38pivot_axel_objframe: torch.Tensor ,

39goal_base_pos: torch.Tensor ,

40goal_base_orn: torch.Tensor ,

41net_tip_contact_forces: torch.Tensor ,

42net_tip_contact_force_mags: torch.Tensor ,

43tip_object_contacts: torch.Tensor ,

44n_tip_contacts: torch.Tensor ,

45n_non_tip_contacts: torch.Tensor ,

46thumb_tip_contacts: torch.Tensor ,

47index_tip_contacts: torch.Tensor ,

48middle_tip_contacts: torch.Tensor ,

49pinky_tip_contacts: torch.Tensor ,

50fingertip_pos: torch.Tensor ,

51fingertip_orn: torch.Tensor ,

52fingertip_linvel: torch.Tensor ,

53fingertip_angvel: torch.Tensor ,

54tip_contact_force_pose: torch.Tensor ,

55tip_contact_force_pose_low_dim: torch.Tensor ,

56tip_contact_force_pose_bins: torch.Tensor ,

57n_good_contacts: torch.Tensor ,

58hand_joint_pos: torch.Tensor ,

59hand_joint_vel: torch.Tensor ,

60obj_base_pos: torch.Tensor ,

61obj_base_orn: torch.Tensor ,

62obj_pos_handframe: torch.Tensor ,

63obj_orn_handframe: torch.Tensor ,

64obj_displacement_tensor: torch.Tensor ,

65obj_pos_centered: torch.Tensor ,

66delta_obj_orn: torch.Tensor ,

67obj_base_linvel: torch.Tensor ,

68obj_base_angvel: torch.Tensor ,

69obj_linvel_handframe: torch.Tensor ,

70obj_angvel_handframe: torch.Tensor ,

71goal_pos_centered: torch.Tensor ,

72goal_pos_handframe: torch.Tensor ,

73goal_orn_handframe: torch.Tensor ,

74active_pos: torch.Tensor ,

75active_quat: torch.Tensor ,

76obj_kp_positions_centered: torch.Tensor ,

77goal_kp_positions_centered: torch.Tensor ,

78active_kp: torch.Tensor ,

79obj_force_vector_handframe: torch.Tensor ,

80) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

81
82# Adjusted temperature parameters

83pose_temp = torch.tensor (0.3, device=success_bonus.device)

84contact_temp = torch.tensor (0.25 , device=success_bonus.device)

85kp_temp = torch.tensor (0.15, device=success_bonus.device)

86vel_temp = torch.tensor (1.0, device=success_bonus.device)

87
88# -------------------- Enhanced Keypoint Reward --------------------

89kp_errors = torch.norm(active_kp , dim=-1).mean(dim=-1)
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90max_kp_error = kp_dist * 1.732

91normalized_kp_error = kp_errors / max_kp_error

92kp_reward = 3.0 * torch.exp(-normalized_kp_error/kp_temp)

93
94# -------------------- Progressive Success Bonus --------------------

95position_error = torch.norm(obj_base_pos - goal_base_pos , dim=-1)

96orientation_error = 1.0 - torch.abs(torch.sum(active_quat * torch.tensor ([0,0,0,1], device=

active_quat.device), dim=-1))

97success_mask = (position_error < 0.05) & (orientation_error < 0.2)

98progressive_bonus = success_bonus * (1.0 - position_error /0.05) * (1.0 - orientation_error /0.2)

99scaled_success_bonus = torch.where(success_mask , success_bonus * 35.0, progressive_bonus * 10.0)

100
101# -------------------- Contact System Overhaul --------------------

102target_contacts = 2.0 # Reduced ideal contact count

103contact_count_reward = 2.0 * torch.exp(-torch.abs(n_tip_contacts.float () - target_contacts)/

contact_temp)

104contact_variance = torch.var(tip_object_contacts.float(), dim=-1)

105contact_stability = 1.5 * torch.exp(-contact_variance /( contact_temp *0.5))

106
107# -------------------- Balanced Velocity Penalties --------------------

108lin_vel_penalty = torch.norm(obj_base_linvel , dim=-1) * 0.1

109ang_vel_penalty = torch.norm(obj_base_angvel , dim=-1) * 0.05

110total_vel_penalty = torch.exp(-( lin_vel_penalty + ang_vel_penalty)/vel_temp)

111
112# -------------------- Penalty Adjustments --------------------

113non_tip_penalty = n_non_tip_contacts.float () * -0.05

114contact_count_penalty = (n_tip_contacts.float () - target_contacts).abs() * -0.03

115
116# -------------------- Final Reward Composition --------------------

117total_reward = (

118kp_reward +

119contact_stability +

120contact_count_reward +

121scaled_success_bonus +

122total_vel_penalty * 0.5 +

123contact_count_penalty +

124non_tip_penalty -

125early_reset_penalty_value * 0.01

126)

127
128reward_components = {

129"kp_reward": kp_reward ,

130"contact_stability": contact_stability ,

131"contact_count_reward": contact_count_reward ,

132"success_bonus": scaled_success_bonus ,

133"velocity_penalty": -total_vel_penalty * 0.5,

134"contact_count_penalty": contact_count_penalty ,

135"non_tip_penalty": non_tip_penalty ,

136"early_reset_penalty": -early_reset_penalty_value * 0.01

137}

138
139return total_reward , reward_components

140‘‘‘

141
142**Key Analysis & Adjustments :**

143
1441. ** Keypoint Reward Overhaul **

145- Increased weight from 3.0x to standalone component (3.0 base value)

146- Reduced temperature from 0.3 to 0.15 for sharper response

147- Changed error normalization to mean instead of sum

148- Removed competing pose_reward that was dominating rewards

149
1502. ** Success Bonus Enhancement **

151- Added progressive bonus scaling with position/orientation accuracy

152- Increased max bonus multiplier from 25x to 35x

153- Relaxed orientation threshold from 0.15 to 0.2 (~11.5 )

154
1553. ** Contact System Changes **

156- Reduced ideal contacts from 3 to 2 for better gaiting

157- Increased contact_stability weight to 1.5x

158- Halved variance temperature denominator for stricter stability

159
1604. ** Velocity Penalty Relaxation **

161- Reduced linear penalty coefficient from 0.15 to 0.1

162- Increased temperature from 0.6 to 1.0 for smoother penalty

163- Lowered weight from 0.8x to 0.5x

164
1655. ** Penalty Reductions **

166- Non -tip penalty reduced from -0.1 to -0.05 per contact

167- Early reset penalty impact reduced by 50%

168
169** Expected Improvements :**

170- 5-8x increase in kp_reward values (from mean 0.01 to ~0.3 -0.5)

171- More frequent success bonuses through progressive scaling

172- Better contact management with 2-finger target

173- Reduced velocity penalty dominance in total reward

174
175[root][INFO] - Iteration 4: User Content:

176We trained a RL policy using the provided reward function code and tracked the values of the individual

components in the reward function as well as global policy metrics such as success rates and

episode lengths after every 457 epochs and the maximum , mean , minimum values encountered:
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177kp_reward: [’0.43’, ’0.45’, ’0.53’, ’0.54’, ’0.55’, ’0.53’, ’0.59’, ’0.52’, ’0.52’, ’0.52’, ’0.54’],

Max: 0.61, Mean: 0.51, Min: 0.27

178contact_stability: [’0.59’, ’0.71’, ’0.64’, ’0.90’, ’0.78’, ’0.71’, ’0.63’, ’0.81’, ’0.81’, ’0.84’, ’

0.70’], Max: 1.30, Mean: 0.78, Min: 0.51

179contact_count_reward: [’0.56’, ’0.33’, ’0.38’, ’0.21’, ’0.26’, ’0.31’, ’0.41’, ’0.25’, ’0.24’, ’0.23’,

’0.33’], Max: 0.56, Mean: 0.27, Min: 0.03

180success_bonus: [’0.43’, ’1.79’, ’2.05’, ’2.05’, ’2.05’, ’2.73’, ’1.97’, ’2.48’, ’1.20’, ’2.14’, ’1.71’

], Max: 4.19, Mean: 2.01, Min: 0.00

181velocity_penalty: [’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’ -0.49’, ’

-0.49’, ’ -0.49’], Max: -0.49, Mean: -0.49, Min: -0.49

182contact_count_penalty: [’ -0.03’, ’ -0.04’, ’ -0.03’, ’ -0.04’, ’ -0.04’, ’ -0.04’, ’ -0.03’, ’ -0.04’, ’ -0.04’

, ’ -0.04’, ’ -0.04’], Max: -0.03, Mean: -0.04, Min: -0.06

183non_tip_penalty: [’ -0.12’, ’ -0.20’, ’ -0.19’, ’ -0.22’, ’ -0.22’, ’ -0.21’, ’ -0.20’, ’ -0.21’, ’ -0.21’, ’

-0.20’, ’ -0.20’], Max: -0.11, Mean: -0.20, Min: -0.24

184early_reset_penalty: [’ -0.03’, ’ -0.00’, ’ -0.00’, ’ -0.00’, ’ -0.00’, ’ -0.00’, ’ -0.00’, ’ -0.00’, ’ -0.00’,

’ -0.00’, ’ -0.00’], Max: -0.00, Mean: -0.00, Min: -0.03

185task_score: [’0.00’, ’0.77’, ’1.08’, ’1.28’, ’1.50’, ’1.50’, ’1.60’, ’1.31’, ’1.39’, ’1.58’, ’1.69’],

Max: 1.73, Mean: 1.31, Min: 0.00

186Please carefully analyze the policy feedback and provide a new , improved reward function that can

better solve the task. Some helpful tips for analyzing the policy feedback:

187(1) If the success rates are always near zero , then you must rewrite the entire reward function

188(2) If the values for a certain reward component are near identical throughout , then this means RL

is not able to optimize this component as it is written. You may consider

189(a) Changing its scale or the value of its temperature parameter

190(b) Re -writing the reward component

191(c) Discarding the reward component

192(3) If some reward components ’ magnitude is significantly larger , then you must re-scale its value

to a proper range

193Please analyze each existing reward component in the suggested manner above first , and then write the

reward function code. The output of the reward function should consist of two items:

194(1) the total reward ,

195(2) a dictionary of each individual reward component.

196The code output should be formatted as a python code string: "‘‘‘python ... ‘‘‘".

197
198Some helpful tips for writing the reward function code:

199(1) You may find it helpful to normalize the reward to a fixed range by applying transformations

like torch.exp to the overall reward or its components.

200(2) If you choose to transform a reward component , then you must also introduce a temperature

parameter inside the transformation function; this parameter must be a named variable in the

reward function and it must not be an input variable. Each transformed reward component should

have its own temperature variable.

201(3) Make sure the type of each input variable is correctly specified; a float input variable should

not be specified as torch.Tensor

202(4) Most importantly , the reward code’s input variables must contain only attributes of the

provided environment class definition (namely , variables that have prefix self.). Under no

circumstance can you introduce new input variables.

Listing 10: Example of full prompt as conversation history for iterations 0. In these cases, we always
include the initial prompt, the most recent best reward function, training feedback and prompting
for the next iteration.

1- [0]

2role:

3user

4content:

5You are a reward engineer trying to write reward functions to solve reinforcement learning

tasks as effectively as possible.

6Your goal is to write a reward function for the environment that will help the agent learn the task

described in text.

7Your reward function should use useful variables from the environment as inputs. As an example ,

8the reward function signature can be: @torch.jit.script

9def compute_reward(

10# termination penalty and success bonus

11success_bonus: torch.Tensor , # To be scaled and added to the final reward.

12early_reset_penalty_value: torch.Tensor , # To be scaled and subtracted from the final reward.

13
14contact_pose_range_sim: torch.Tensor ,

15base_hand_pos: torch.Tensor ,

16base_hand_orn: torch.Tensor ,

17kp_dist: float ,

18n_keypoints: int ,

19obj_kp_positions: torch.Tensor ,

20goal_kp_positions: torch.Tensor ,

21kp_basis_vecs: torch.Tensor ,

22fingertip_pos_handframe: torch.Tensor ,

23fingertip_orn_handframe: torch.Tensor ,

24thumb_tip_name_idx: int ,

25index_tip_name_idx: int ,

26middle_tip_name_idx: int ,

27pinky_tip_name_idx: int ,

28n_tips: int ,

29contact_positions: torch.Tensor ,

30contact_positions_worldframe: torch.Tensor ,

31contact_positions_tcpframe: torch.Tensor ,

32sim_contact_pose_limits: torch.Tensor ,

33contact_threshold_limit: float ,

34obj_indices: torch.Tensor ,

35goal_indices: torch.Tensor ,

36default_obj_pos_handframe: torch.Tensor ,
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37prev_obj_orn: torch.Tensor ,

38goal_displacement_tensor: torch.Tensor ,

39root_state_tensor: torch.Tensor ,

40dof_pos: torch.Tensor ,

41dof_vel: torch.Tensor ,

42rigid_body_tensor: torch.Tensor ,

43current_force_apply_axis: torch.Tensor ,

44obj_force_vector: torch.Tensor ,

45pivot_axel_worldframe: torch.Tensor ,

46pivot_axel_objframe: torch.Tensor ,

47goal_base_pos: torch.Tensor ,

48goal_base_orn: torch.Tensor ,

49net_tip_contact_forces: torch.Tensor ,

50net_tip_contact_force_mags: torch.Tensor ,

51tip_object_contacts: torch.Tensor ,

52n_tip_contacts: torch.Tensor ,

53n_non_tip_contacts: torch.Tensor ,

54thumb_tip_contacts: torch.Tensor ,

55index_tip_contacts: torch.Tensor ,

56middle_tip_contacts: torch.Tensor ,

57pinky_tip_contacts: torch.Tensor ,

58fingertip_pos: torch.Tensor ,

59fingertip_orn: torch.Tensor ,

60fingertip_linvel: torch.Tensor ,

61fingertip_angvel: torch.Tensor ,

62tip_contact_force_pose: torch.Tensor ,

63tip_contact_force_pose_low_dim: torch.Tensor ,

64tip_contact_force_pose_bins: torch.Tensor ,

65n_good_contacts: torch.Tensor ,

66hand_joint_pos: torch.Tensor ,

67hand_joint_vel: torch.Tensor ,

68obj_base_pos: torch.Tensor ,

69obj_base_orn: torch.Tensor ,

70obj_pos_handframe: torch.Tensor ,

71obj_orn_handframe: torch.Tensor ,

72obj_displacement_tensor: torch.Tensor ,

73obj_pos_centered: torch.Tensor ,

74delta_obj_orn: torch.Tensor ,

75obj_base_linvel: torch.Tensor ,

76obj_base_angvel: torch.Tensor ,

77obj_linvel_handframe: torch.Tensor ,

78obj_angvel_handframe: torch.Tensor ,

79goal_pos_centered: torch.Tensor ,

80goal_pos_handframe: torch.Tensor ,

81goal_orn_handframe: torch.Tensor ,

82active_pos: torch.Tensor ,

83active_quat: torch.Tensor ,

84obj_kp_positions_centered: torch.Tensor ,

85goal_kp_positions_centered: torch.Tensor ,

86active_kp: torch.Tensor ,

87obj_force_vector_handframe: torch.Tensor ,

88) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

89# Scaling factors and reward code go here

90
91...

92
93return reward , {}

94
95Since the reward function will be decorated with @torch.jit.script ,

96please make sure that the code is compatible with TorchScript (e.g., use torch tensor instead of numpy

array).

97Make sure any new tensor or variable you introduce is on the same device as the input tensors. The

output of the reward function should consist of two items:

98(1) the total reward ,

99(2) a dictionary of each individual reward component.

100The code output should be formatted as a python code string: "‘‘‘python ... ‘‘‘".

101
102Some helpful tips for writing the reward function code:

103(1) You may find it helpful to normalize the reward to a fixed range by applying transformations

like torch.exp to the overall reward or its components.

104(2) If you choose to transform a reward component , then you must also introduce a temperature

parameter inside the transformation function; this parameter must be a named variable in the

reward function and it must not be an input variable. Each transformed reward component should

have its own temperature variable.

105(3) Make sure the type of each input variable is correctly specified; a float input variable should

not be specified as torch.Tensor

106(4) Most importantly , the reward code ’s input variables must contain only attributes of the

provided environment class definition (namely , variables that have prefix self.). Under no

circumstance can you introduce new input variables.

107
108The Python environment is class AllegroGaiting(VecTask):

109""" Rest of the environment definition omitted ."""

110
111def compute_observations(self):

112
113(self.net_tip_contact_forces ,

114self.net_tip_contact_force_mags ,

115self.tip_object_contacts ,

116self.n_tip_contacts ,

117self.n_non_tip_contacts) = self.get_fingertip_contacts ()

118
119# get if the thumb tip is in contact
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120self.thumb_tip_contacts = self.tip_object_contacts [:, self.thumb_tip_name_idx]

121self.index_tip_contacts = self.tip_object_contacts [:, self.index_tip_name_idx]

122self.middle_tip_contacts = self.tip_object_contacts [:, self.middle_tip_name_idx]

123self.pinky_tip_contacts = self.tip_object_contacts [:, self.pinky_tip_name_idx]

124
125# get tcp positions

126fingertip_states = self.rigid_body_tensor [:, self.fingertip_tcp_body_idxs , :]

127self.fingertip_pos = fingertip_states [..., 0:3]

128self.fingertip_orn = self.canonicalise_quat(fingertip_states [..., 3:7])

129self.fingertip_linvel = fingertip_states [..., 7:10]

130self.fingertip_angvel = fingertip_states [..., 10:13]

131
132for i in range(self._dims.NumFingers.value):

133
134# Get net tip forces in tcp frame

135self.net_tip_contact_forces [:, i] = quat_rotate_inverse(self.fingertip_orn [:, i], self.

net_tip_contact_forces [:, i])

136
137# Get fingertip in hand frame

138self.fingertip_pos_handframe [:, i] = -quat_rotate_inverse(self.base_hand_orn , self.

base_hand_pos) + \

139quat_rotate_inverse(self.base_hand_orn , self.fingertip_pos [:, i])

140self.fingertip_orn_handframe [:, i] = self.canonicalise_quat(quat_mul(quat_conjugate(self.

base_hand_orn), self.fingertip_orn [:, i]))

141
142# Get contact information in world and tcp frame

143if self.contact_sensor_modality == ’rich_cpu ’:

144tip_body_states = self.rigid_body_tensor [:, self.tip_body_idxs , :]

145tip_body_pos = tip_body_states [..., 0:3]

146tip_body_orn = self.canonicalise_quat(tip_body_states [..., 3:7])

147
148self.contact_positions_worldframe [:, i] = tip_body_pos [:, i] + \

149quat_rotate(tip_body_orn [:, i], self.contact_positions [:, i])

150self.contact_positions_worldframe = torch.where(

151self.contact_positions == 0.0,

152self.fingertip_pos ,

153self.contact_positions_worldframe ,

154)

155self.contact_positions_tcpframe [:, i] = -quat_rotate_inverse(self.fingertip_orn [:, i],

self.fingertip_pos [:, i]) + \

156quat_rotate_inverse(self.fingertip_orn [:, i], self.contact_positions_worldframe [:,

i])

157
158# Calculate spherical coordinates of contact force , theta and phi

159tip_force_tcpframe = -self.net_tip_contact_forces.clone ()

160contact_force_r = torch.norm(tip_force_tcpframe , p=2, dim=-1)

161contact_force_theta = torch.where(

162contact_force_r < self.contact_threshold_limit ,

163torch.zeros_like(contact_force_r),

164torch.atan2(tip_force_tcpframe [:, :, 1], tip_force_tcpframe [:, :, 0]) - torch.pi/2

165).unsqueeze (-1)

166contact_force_phi = torch.where(

167contact_force_r < self.contact_threshold_limit ,

168torch.zeros_like(contact_force_r),

169torch.acos(tip_force_tcpframe [:, :, 2] / contact_force_r)- torch.pi/2

170).unsqueeze (-1)

171self.tip_contact_force_pose = torch.cat([ contact_force_theta , contact_force_phi], dim=-1)

172self.tip_contact_force_pose = saturate(

173self.tip_contact_force_pose ,

174lower=-self.sim_contact_pose_limits ,

175upper=self.sim_contact_pose_limits

176) # saturate contact pose observation before computing rewards

177
178# ------------ compute low dimentional tactile pose obesrvation from theta and phi ---------

179self.tip_contact_force_pose_low_dim = torch.where(

180self.tip_contact_force_pose > 0.0,

181torch.ones_like(self.tip_contact_force_pose),

182torch.zeros_like(self.tip_contact_force_pose),

183)

184self.tip_contact_force_pose_low_dim = torch.where(

185self.tip_contact_force_pose < 0.0,

186-torch.ones_like(self.tip_contact_force_pose),

187self.tip_contact_force_pose_low_dim ,

188)

189contact_mask = self.tip_object_contacts.unsqueeze (-1).repeat(1, 1, self._dims.ContactPoseDim.

value)

190self.tip_contact_force_pose_low_dim = torch.where(

191contact_mask > 0.0,

192self.tip_contact_force_pose_low_dim ,

193torch.zeros_like(self.tip_contact_force_pose_low_dim),

194)

195
196# Low dimensional tactile pose obesrvation using rotation , split into 8 bins

197contact_force_rot = torch.where(

198contact_force_r < self.contact_threshold_limit ,

199torch.zeros_like(contact_force_r),

200torch.atan2(tip_force_tcpframe [:, :, 0], tip_force_tcpframe [:, :, 2]) + torch.pi

201).unsqueeze (-1).repeat ((1, 1, self._dims.ContactPoseBinDim.value))

202
203total_bins = 8

204bin_lower = 0.0

205self.tip_contact_force_pose_bins = torch.zeros(
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206(self.num_envs , self.n_tips , self._dims.ContactPoseBinDim.value), dtype=torch.float ,

device=self.device)

207for n_bin in range(total_bins):

208bin_upper = bin_lower + 2*np.pi/total_bins

209bin_id = torch.zeros(total_bins , device=self.device)

210bin_id[n_bin] = 1.0

211self.tip_contact_force_pose_bins = torch.where(

212(( bin_lower < contact_force_rot) & (contact_force_rot <= bin_upper)),

213bin_id.repeat ((self.num_envs , self.n_tips , 1)),

214self.tip_contact_force_pose_bins

215)

216bin_lower = bin_upper

217
218# compute tip contacts less than contact_pose_range_sim

219good_contact_pose = torch.abs(self.tip_contact_force_pose) < self.contact_pose_range_sim

220tip_good_contacts = torch.all(good_contact_pose , dim=-1) * self.tip_object_contacts

221self.n_good_contacts = torch.sum(tip_good_contacts , dim=-1)

222
223# Calculate contact pose using sphereical coordinates

224if self.contact_sensor_modality == ’rich_cpu ’:

225contact_r = torch.norm(self.contact_positions_tcpframe , p=2, dim=-1)

226contact_theta = torch.where(

227contact_r < 0.001,

228torch.zeros_like(contact_r),

229torch.atan2(self.contact_positions_tcpframe [:, :, 1], self.contact_positions_tcpframe

[:, :, 0]) - torch.pi/2

230).unsqueeze (-1)

231contact_phi = torch.where(

232contact_r < 0.001,

233torch.zeros_like(contact_r),

234torch.acos(self.contact_positions_tcpframe [:, :, 2] / contact_r) - torch.pi/2

235).unsqueeze (-1)

236self.tip_contact_pose = torch.cat([ contact_theta , contact_phi], dim=-1)

237
238# get hand joint pos and vel

239self.hand_joint_pos = self.dof_pos[:, :] if self.dof_pos[:, :]. shape [0] == 1 else self.dof_pos

[:, :]. squeeze ()

240self.hand_joint_vel = self.dof_vel[:, :] if self.dof_vel[:, :]. shape [0] == 1 else self.dof_vel

[:, :]. squeeze ()

241
242# get object pose / vel

243self.obj_base_pos = self.root_state_tensor[self.obj_indices , 0:3]

244self.obj_base_orn = self.canonicalise_quat(self.root_state_tensor[self.obj_indices , 3:7])

245self.obj_pos_handframe = self.world_to_frame_pos(self.obj_base_pos , self.base_hand_pos , self.

base_hand_orn)

246self.obj_orn_handframe = self.canonicalise_quat(self.world_to_frame_orn(self.obj_base_orn , self

.base_hand_orn))

247
248# Get desired obj displacement in world frame

249self.obj_displacement_tensor = self.frame_to_world_pos(self.default_obj_pos_handframe , self.

base_hand_pos , self.base_hand_orn)

250
251self.obj_pos_centered = self.obj_base_pos - self.obj_displacement_tensor

252self.delta_obj_orn = self.canonicalise_quat(quat_mul(self.obj_base_orn , quat_conjugate(self.

prev_obj_orn)))

253self.obj_base_linvel = self.root_state_tensor[self.obj_indices , 7:10]

254self.obj_base_angvel = self.root_state_tensor[self.obj_indices , 10:13]

255
256self.obj_linvel_handframe = quat_rotate_inverse(

257self.base_hand_orn , self.obj_base_linvel

258)

259self.obj_angvel_handframe = quat_rotate_inverse(

260self.base_hand_orn , self.obj_base_angvel

261)

262
263# get goal pose

264self.goal_base_pos = self.root_state_tensor[self.goal_indices , 0:3]

265self.goal_pos_centered = self.goal_base_pos - self.goal_displacement_tensor

266self.goal_base_orn = self.canonicalise_quat(self.root_state_tensor[self.goal_indices , 3:7])

267
268self.goal_pos_handframe = self.world_to_frame_pos(self.goal_base_pos , self.base_hand_pos , self.

base_hand_orn)

269self.goal_orn_handframe = self.canonicalise_quat(self.world_to_frame_orn(self.goal_base_orn ,

self.base_hand_orn))

270
271# relative goal pose w.r.t. obj pose

272self.active_pos = self.obj_pos_centered - self.goal_pos_centered

273self.active_quat = self.canonicalise_quat(quat_mul(self.obj_base_orn , quat_conjugate(self.

goal_base_orn)))

274
275# update the current keypoint positions

276for i in range(self.n_keypoints):

277self.obj_kp_positions [:, i, :] = self.obj_base_pos + \

278quat_rotate(self.obj_base_orn , self.kp_basis_vecs[i]. repeat(self.num_envs , 1) * self.

kp_dist)

279self.goal_kp_positions [:, i, :] = self.goal_base_pos + \

280quat_rotate(self.goal_base_orn , self.kp_basis_vecs[i]. repeat(self.num_envs , 1) * self.

kp_dist)

281
282self.obj_kp_positions_centered = self.obj_kp_positions - self.obj_displacement_tensor.unsqueeze

(1).repeat(1, self.n_keypoints , 1)

283self.goal_kp_positions_centered = self.goal_kp_positions - self.goal_displacement_tensor
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284self.active_kp = self.obj_kp_positions_centered - self.goal_kp_positions_centered

285
286# append observations to history stack

287self._hand_joint_pos_history.appendleft(self.hand_joint_pos.clone ())

288self._hand_joint_vel_history.appendleft(self.hand_joint_vel.clone ())

289self._object_base_pos_history.appendleft(self.obj_base_pos.clone())

290self._object_base_orn_history.appendleft(self.obj_base_orn.clone())

291
292# Object force direction vector observations (either applied force or gravity)

293self.obj_force_vector = self.current_force_apply_axis.clone()

294self.obj_force_vector_handframe = quat_rotate_inverse(

295self.base_hand_orn , self.obj_force_vector

296)

297
298self.fill_observation_buffer ()

299
300
301def get_fingertip_contacts(self):

302
303# get envs where obj is contacted

304bool_obj_contacts = torch.where(

305torch.count_nonzero(self.contact_force_tensor [:, self.obj_body_idx , :], dim=1) > 0,

306torch.ones(size=(self.num_envs ,), device=self.device),

307torch.zeros(size=(self.num_envs ,), device=self.device),

308)

309
310# get envs where tips are contacted

311net_tip_contact_forces = self.contact_force_tensor [:, self.tip_body_idxs , :]

312net_tip_contact_force_mags = torch.norm(net_tip_contact_forces , p=2, dim=-1)

313bool_tip_contacts = torch.where(

314net_tip_contact_force_mags > self.contact_threshold_limit ,

315torch.ones(size=(self.num_envs , self.n_tips), device=self.device),

316torch.zeros(size=(self.num_envs , self.n_tips), device=self.device),

317)

318
319# get all the contacted links that are not the tip

320net_non_tip_contact_forces = self.contact_force_tensor [:, self.non_tip_body_idxs , :]

321bool_non_tip_contacts = torch.where(

322torch.count_nonzero(net_non_tip_contact_forces , dim=2) > 0,

323torch.ones(size=(self.num_envs , self.n_non_tip_links), device=self.device),

324torch.zeros(size=(self.num_envs , self.n_non_tip_links), device=self.device),

325)

326n_non_tip_contacts = torch.sum(bool_non_tip_contacts , dim=1)

327
328# repeat for n_tips shape=(n_envs , n_tips)

329onehot_obj_contacts = bool_obj_contacts.unsqueeze (1).repeat(1, self.n_tips)

330
331# get envs where object and tips are contacted

332tip_object_contacts = torch.where(

333onehot_obj_contacts > 0,

334bool_tip_contacts ,

335torch.zeros(size=(self.num_envs , self.n_tips), device=self.device)

336)

337n_tip_contacts = torch.sum(bool_tip_contacts , dim=1)

338
339return net_tip_contact_forces , net_tip_contact_force_mags , tip_object_contacts , n_tip_contacts ,

n_non_tip_contacts

340
341def fill_observation_buffer(self):

342prev_obs_buf = self.obs_buf[:, self.num_obs_per_step :]. clone()

343buf = torch.zeros((self.num_envs , self.num_obs_per_step), device=self.device , dtype=torch.float

)

344start_offset , end_offset = 0, 0

345
346# joint position

347start_offset = end_offset

348end_offset = start_offset + self._dims.JointPositionDim.value

349buf[:, start_offset:end_offset] = self.hand_joint_pos

350
351# previous actions

352start_offset = end_offset

353end_offset = start_offset + self._dims.ActionDim.value

354buf[:, start_offset:end_offset] = self.prev_action_buf

355
356# target joint position

357start_offset = end_offset

358end_offset = start_offset + self._dims.JointPositionDim.value

359buf[:, start_offset:end_offset] = self.target_dof_pos

360
361# Base hand orientation

362start_offset = end_offset

363end_offset = start_offset + self._dims.OrnDim.value

364buf[:, start_offset:end_offset] = self.base_hand_orn

365
366# boolean tips in contacts

367start_offset = end_offset

368end_offset = start_offset + self._dims.NumFingers.value

369buf[:, start_offset:end_offset] = self.tip_object_contacts

370
371# object position

372start_offset = end_offset

373end_offset = start_offset + self._dims.PosDim.value
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374buf[:, start_offset:end_offset] = self.obj_pos_handframe

375
376# object orientation

377start_offset = end_offset

378end_offset = start_offset + self._dims.OrnDim.value

379buf[:, start_offset:end_offset] = self.obj_orn_handframe

380
381# object angular velocity

382start_offset = end_offset

383end_offset = start_offset + self._dims.AngularVelocityDim.value

384buf[:, start_offset:end_offset] = self.obj_angvel_handframe

385
386# object masses

387start_offset = end_offset

388end_offset = start_offset + self._dims.MassDim.value

389buf[:, start_offset:end_offset] = self.applied_obj_masses

390
391# Object dimensions

392start_offset = end_offset

393end_offset = start_offset + self._dims.ObjDimDim.value

394buf[:, start_offset:end_offset] = self.obj_dims

395
396# Object center of mass

397start_offset = end_offset

398end_offset = start_offset + self._dims.PosDim.value

399buf[:, start_offset:end_offset] = self.obj_com

400
401# goal orientation

402start_offset = end_offset

403end_offset = start_offset + self._dims.OrnDim.value

404buf[:, start_offset:end_offset] = self.goal_orn_handframe

405
406# target pivot axel

407start_offset = end_offset

408end_offset = start_offset + self._dims.VecDim.value

409buf[:, start_offset:end_offset] = self.pivot_axel_workframe

410
411# Append to history

412self.obs_buf [:] = torch.cat([ prev_obs_buf , buf], dim=1)

413
414# refill the initialized buffers

415reset_env_ids = self.at_reset_buf.nonzero(as_tuple=False).squeeze (-1)

416self.obs_buf[reset_env_ids , :] = buf[reset_env_ids ].clone().repeat(1, self.

_num_observation_steps). Write a reward function for the following task: To imbue the

agent with the ability to reposition and reorient objects to a target position and

orientation by re-grasping or finger gaiting , where contacts with the object must be

detached and re -positioned locally during manipulation ..

417Remember , you MUST conform to the @torch.jit.script style as mentioned before. Do not prepend any

variables with "self .".

418- [1]

419role:

420assistant

421content:

422‘‘‘python

423@torch.jit.script

424def compute_reward(

425success_bonus: torch.Tensor ,

426early_reset_penalty_value: torch.Tensor ,

427contact_pose_range_sim: torch.Tensor ,

428base_hand_pos: torch.Tensor ,

429base_hand_orn: torch.Tensor ,

430kp_dist: float ,

431n_keypoints: int ,

432obj_kp_positions: torch.Tensor ,

433goal_kp_positions: torch.Tensor ,

434kp_basis_vecs: torch.Tensor ,

435fingertip_pos_handframe: torch.Tensor ,

436fingertip_orn_handframe: torch.Tensor ,

437thumb_tip_name_idx: int ,

438index_tip_name_idx: int ,

439middle_tip_name_idx: int ,

440pinky_tip_name_idx: int ,

441n_tips: int ,

442contact_positions: torch.Tensor ,

443contact_positions_worldframe: torch.Tensor ,

444contact_positions_tcpframe: torch.Tensor ,

445sim_contact_pose_limits: torch.Tensor ,

446contact_threshold_limit: float ,

447obj_indices: torch.Tensor ,

448goal_indices: torch.Tensor ,

449default_obj_pos_handframe: torch.Tensor ,

450prev_obj_orn: torch.Tensor ,

451goal_displacement_tensor: torch.Tensor ,

452root_state_tensor: torch.Tensor ,

453dof_pos: torch.Tensor ,

454dof_vel: torch.Tensor ,

455rigid_body_tensor: torch.Tensor ,

456current_force_apply_axis: torch.Tensor ,

457obj_force_vector: torch.Tensor ,

458pivot_axel_worldframe: torch.Tensor ,

459pivot_axel_objframe: torch.Tensor ,

460goal_base_pos: torch.Tensor ,
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461goal_base_orn: torch.Tensor ,

462net_tip_contact_forces: torch.Tensor ,

463net_tip_contact_force_mags: torch.Tensor ,

464tip_object_contacts: torch.Tensor ,

465n_tip_contacts: torch.Tensor ,

466n_non_tip_contacts: torch.Tensor ,

467thumb_tip_contacts: torch.Tensor ,

468index_tip_contacts: torch.Tensor ,

469middle_tip_contacts: torch.Tensor ,

470pinky_tip_contacts: torch.Tensor ,

471fingertip_pos: torch.Tensor ,

472fingertip_orn: torch.Tensor ,

473fingertip_linvel: torch.Tensor ,

474fingertip_angvel: torch.Tensor ,

475tip_contact_force_pose: torch.Tensor ,

476tip_contact_force_pose_low_dim: torch.Tensor ,

477tip_contact_force_pose_bins: torch.Tensor ,

478n_good_contacts: torch.Tensor ,

479hand_joint_pos: torch.Tensor ,

480hand_joint_vel: torch.Tensor ,

481obj_base_pos: torch.Tensor ,

482obj_base_orn: torch.Tensor ,

483obj_pos_handframe: torch.Tensor ,

484obj_orn_handframe: torch.Tensor ,

485obj_displacement_tensor: torch.Tensor ,

486obj_pos_centered: torch.Tensor ,

487delta_obj_orn: torch.Tensor ,

488obj_base_linvel: torch.Tensor ,

489obj_base_angvel: torch.Tensor ,

490obj_linvel_handframe: torch.Tensor ,

491obj_angvel_handframe: torch.Tensor ,

492goal_pos_centered: torch.Tensor ,

493goal_pos_handframe: torch.Tensor ,

494goal_orn_handframe: torch.Tensor ,

495active_pos: torch.Tensor ,

496active_quat: torch.Tensor ,

497obj_kp_positions_centered: torch.Tensor ,

498goal_kp_positions_centered: torch.Tensor ,

499active_kp: torch.Tensor ,

500obj_force_vector_handframe: torch.Tensor ,

501) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

502
503# Adjusted temperature parameters

504pose_temp = torch.tensor (0.3, device=success_bonus.device)

505contact_temp = torch.tensor (0.25 , device=success_bonus.device)

506kp_temp = torch.tensor (0.15, device=success_bonus.device)

507vel_temp = torch.tensor (1.0, device=success_bonus.device)

508
509# -------------------- Enhanced Keypoint Reward --------------------

510kp_errors = torch.norm(active_kp , dim=-1).mean(dim=-1)

511max_kp_error = kp_dist * 1.732

512normalized_kp_error = kp_errors / max_kp_error

513kp_reward = 3.0 * torch.exp(-normalized_kp_error/kp_temp)

514
515# -------------------- Progressive Success Bonus --------------------

516position_error = torch.norm(obj_base_pos - goal_base_pos , dim=-1)

517orientation_error = 1.0 - torch.abs(torch.sum(active_quat * torch.tensor ([0,0,0,1], device=

active_quat.device), dim=-1))

518success_mask = (position_error < 0.05) & (orientation_error < 0.2)

519progressive_bonus = success_bonus * (1.0 - position_error /0.05) * (1.0 - orientation_error /0.2)

520scaled_success_bonus = torch.where(success_mask , success_bonus * 35.0, progressive_bonus * 10.0)

521
522# -------------------- Contact System Overhaul --------------------

523target_contacts = 2.0 # Reduced ideal contact count

524contact_count_reward = 2.0 * torch.exp(-torch.abs(n_tip_contacts.float () - target_contacts)/

contact_temp)

525contact_variance = torch.var(tip_object_contacts.float(), dim=-1)

526contact_stability = 1.5 * torch.exp(-contact_variance /( contact_temp *0.5))

527
528# -------------------- Balanced Velocity Penalties --------------------

529lin_vel_penalty = torch.norm(obj_base_linvel , dim=-1) * 0.1

530ang_vel_penalty = torch.norm(obj_base_angvel , dim=-1) * 0.05

531total_vel_penalty = torch.exp(-( lin_vel_penalty + ang_vel_penalty)/vel_temp)

532
533# -------------------- Penalty Adjustments --------------------

534non_tip_penalty = n_non_tip_contacts.float () * -0.05

535contact_count_penalty = (n_tip_contacts.float () - target_contacts).abs() * -0.03

536
537# -------------------- Final Reward Composition --------------------

538total_reward = (

539kp_reward +

540contact_stability +

541contact_count_reward +

542scaled_success_bonus +

543total_vel_penalty * 0.5 +

544contact_count_penalty +

545non_tip_penalty -

546early_reset_penalty_value * 0.01

547)

548
549reward_components = {

550"kp_reward ": kp_reward ,
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551"contact_stability ": contact_stability ,

552"contact_count_reward ": contact_count_reward ,

553"success_bonus ": scaled_success_bonus ,

554"velocity_penalty ": -total_vel_penalty * 0.5,

555"contact_count_penalty ": contact_count_penalty ,

556"non_tip_penalty ": non_tip_penalty ,

557"early_reset_penalty ": -early_reset_penalty_value * 0.01

558}

559
560return total_reward , reward_components

561‘‘‘

562
563**Key Analysis & Adjustments :**

564
5651. ** Keypoint Reward Overhaul **

566- Increased weight from 3.0x to standalone component (3.0 base value)

567- Reduced temperature from 0.3 to 0.15 for sharper response

568- Changed error normalization to mean instead of sum

569- Removed competing pose_reward that was dominating rewards

570
5712. ** Success Bonus Enhancement **

572- Added progressive bonus scaling with position/orientation accuracy

573- Increased max bonus multiplier from 25x to 35x

574- Relaxed orientation threshold from 0.15 to 0.2 (~11.5 )

575
5763. ** Contact System Changes **

577- Reduced ideal contacts from 3 to 2 for better gaiting

578- Increased contact_stability weight to 1.5x

579- Halved variance temperature denominator for stricter stability

580
5814. ** Velocity Penalty Relaxation **

582- Reduced linear penalty coefficient from 0.15 to 0.1

583- Increased temperature from 0.6 to 1.0 for smoother penalty

584- Lowered weight from 0.8x to 0.5x

585
5865. ** Penalty Reductions **

587- Non -tip penalty reduced from -0.1 to -0.05 per contact

588- Early reset penalty impact reduced by 50%

589
590** Expected Improvements :**

591- 5-8x increase in kp_reward values (from mean 0.01 to ~0.3 -0.5)

592- More frequent success bonuses through progressive scaling

593- Better contact management with 2-finger target

594- Reduced velocity penalty dominance in total reward

595- [2]

596role:

597user

598content:

599We trained a RL policy using the provided reward function code and tracked the values of the

individual components in the reward function as well as global policy metrics such as

success rates and episode lengths after every 457 epochs and the maximum , mean , minimum

values encountered:

600kp_reward: [’0.43’, ’0.45’, ’0.53’, ’0.54’, ’0.55’, ’0.53’, ’0.59’, ’0.52’, ’0.52’, ’0.52’, ’0.54’],

Max: 0.61, Mean: 0.51, Min: 0.27

601contact_stability: [’0.59’, ’0.71’, ’0.64’, ’0.90’, ’0.78’, ’0.71’, ’0.63’, ’0.81’, ’0.81’, ’0.84’,

’0.70’], Max: 1.30, Mean: 0.78, Min: 0.51

602contact_count_reward: [’0.56’, ’0.33’, ’0.38’, ’0.21’, ’0.26’, ’0.31’, ’0.41’, ’0.25’, ’0.24’, ’0.23’,

’0.33’], Max: 0.56, Mean: 0.27, Min: 0.03

603success_bonus: [’0.43’, ’1.79’, ’2.05’, ’2.05’, ’2.05’, ’2.73’, ’1.97’, ’2.48’, ’1.20’, ’2.14’,

’1.71’], Max: 4.19, Mean: 2.01, Min: 0.00

604velocity_penalty: [’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’, ’-0.49’,

’-0.49’, ’-0.49’], Max: -0.49, Mean: -0.49, Min: -0.49

605contact_count_penalty: [’-0.03’, ’-0.04’, ’-0.03’, ’-0.04’, ’-0.04’, ’-0.04’, ’-0.03’, ’-0.04’,

’-0.04’, ’-0.04’, ’-0.04’], Max: -0.03, Mean: -0.04, Min: -0.06

606non_tip_penalty: [’-0.12’, ’-0.20’, ’-0.19’, ’-0.22’, ’-0.22’, ’-0.21’, ’-0.20’, ’-0.21’, ’-0.21’,

’-0.20’, ’-0.20’], Max: -0.11, Mean: -0.20, Min: -0.24

607early_reset_penalty: [’-0.03’, ’-0.00’, ’-0.00’, ’-0.00’, ’-0.00’, ’-0.00’, ’-0.00’, ’-0.00’, ’-0.00’,

’-0.00’, ’-0.00’], Max: -0.00, Mean: -0.00, Min: -0.03

608task_score: [’0.00’, ’0.77’, ’1.08’, ’1.28’, ’1.50’, ’1.50’, ’1.60’, ’1.31’, ’1.39’, ’1.58’, ’1.69’],

Max: 1.73, Mean: 1.31, Min: 0.00

609Please carefully analyze the policy feedback and provide a new , improved reward function that can

better solve the task. Some helpful tips for analyzing the policy feedback:

610(1) If the success rates are always near zero , then you must rewrite the entire reward function

611(2) If the values for a certain reward component are near identical throughout , then this means RL

is not able to optimize this component as it is written. You may consider

612(a) Changing its scale or the value of its temperature parameter

613(b) Re -writing the reward component

614(c) Discarding the reward component

615(3) If some reward components ’ magnitude is significantly larger , then you must re-scale its value

to a proper range

616Please analyze each existing reward component in the suggested manner above first , and then write the

reward function code. The output of the reward function should consist of two items:

617(1) the total reward ,

618(2) a dictionary of each individual reward component.

619The code output should be formatted as a python code string: "‘‘‘python ... ‘‘‘".

620
621Some helpful tips for writing the reward function code:

622(1) You may find it helpful to normalize the reward to a fixed range by applying transformations

like torch.exp to the overall reward or its components.

623(2) If you choose to transform a reward component , then you must also introduce a temperature

parameter inside the transformation function; this parameter must be a named variable in the
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reward function and it must not be an input variable. Each transformed reward component should

have its own temperature variable.

624(3) Make sure the type of each input variable is correctly specified; a float input variable should

not be specified as torch.Tensor

625(4) Most importantly , the reward code ’s input variables must contain only attributes of the

provided environment class definition (namely , variables that have prefix self.). Under no

circumstance can you introduce new input variables.

B Commentary on Model Reasoning and Openness

Table 5 distinguishes the five large language models employed in our study by two dimensions:
explicit reasoning capability and degree of openness across weights, training data and licence.
DeepSeek R1 671B [43] is a reasoning model because its reinforcement learning objectives cultivate
a chain of thought procedure that supports self reflection and planning. Its weights are released under
an MIT licence, although the underlying corpus is proprietary. Llama3.1 405B [42] provides open
weights under a community licence yet is non reasoning, since it attains strong reasoning through
scale and instruction tuning rather than an explicit reasoning scaffold. GPT 4o [44] and Gemini 1.5
Flash [46] are non reasoning services whose weights and corpora remain undisclosed. OpenAI’s o3
mini [45] is a closed model trained to produce extended deliberative reasoning traces and is therefore
classified as reasoning, even though its weights and data are unavailable. This comparison demon-
strates that explicit reasoning capability is not synonymous with openness at release, which informs
the selection of models when designing reward functions for robotic manipulation.

Model Reasoning Weights Training Data License

DeepSeek-R1-671B Reasoning Open Closed Open (MIT)
Llama3.1-405B Non-Reasoning Open Closed Open (Community)
GPT-4o Non-Reasoning Closed Closed Closed (Proprietary)
o3-mini Reasoning Closed Closed Closed (Proprietary)
Gemini-1.5-Flash Non-Reasoning Closed Closed Closed (Proprietary)

Table 5: Comparison of large language models by explicit reasoning capability and openness
(weight, data, license).

C Further LLM Experiments

LLM Stage 1 Stage 2 OOD Mass Stage 2 OOD Shape

Rots TTT Rots TTT Rots TTT

GPT-4o 5.46 23.5 3.13 23.0 2.49 24.0
o1 5.41 23.1 3.20 20.3 2.66 22.0
o3-mini 5.38 23.9 3.25 19.2 2.52 21.3
Gemini-1.5-Flash 5.48 23.8 3.38 19.8 2.68 21.3
Gemini-2.0-Flash 5.49 22.8 3.30 17.4 2.59 18.9
Llama3.1-405B 5.42 23.5 3.02 18.1 2.50 20.0
Mistral-Large 5.33 23.3 3.14 18.1 2.50 21.1
Deepseek-R1-671B 5.26 22.9 3.32 22.7 2.47 23.4

Table 6: Further LLM comparisons using the M(B,P )Modified strategy in simulation.

D Reward Functions

Listing 11: Human Baseline Reward Function
1@torch.jit.script

2def compute_reward(

3# standard

4rew_buf: torch.Tensor ,

5reset_buf: torch.Tensor ,

6progress_buf: torch.Tensor ,

7reset_goal_buf: torch.Tensor ,

8successes: torch.Tensor ,
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9consecutive_successes: torch.Tensor ,

10rotation_counts: torch.Tensor ,

11rotation_eval: float ,

12
13# reward curriculum

14lambda_reward_curriculum: float ,

15
16# termination and success criteria

17max_episode_length: float ,

18fall_reset_dist: float ,

19axis_deviat_reset_dist: float ,

20success_tolerance: float ,

21# success_tolerance: torch.Tensor ,

22av_factor: float ,

23
24# success

25obj_kps: torch.Tensor ,

26goal_kps: torch.Tensor ,

27reach_goal_bonus: float ,

28early_reset_penalty: float ,

29
30# precision grasping rew

31tip_object_contacts: torch.Tensor ,

32n_tip_contacts: torch.Tensor ,

33n_non_tip_contacts: torch.Tensor ,

34n_good_contacts: torch.Tensor ,

35finger_tip_obj_dist: torch.Tensor ,

36contact_pose: torch.Tensor ,

37contact_force_mags: torch.Tensor ,

38obj_masses: torch.Tensor ,

39require_contact: bool ,

40require_n_bad_contacts: bool ,

41lamda_good_contact: float ,

42lamda_bad_contact: float ,

43lambda_tip_obj_dist: float ,

44lambda_contact_normal_penalty: float ,

45lambda_contact_normal_rew: float ,

46lambda_tip_force_penalty: float ,

47
48# hand smoothness rewards

49actions: torch.Tensor ,

50current_joint_pos: torch.Tensor ,

51current_joint_vel: torch.Tensor ,

52current_joint_eff: torch.Tensor ,

53init_joint_pos: torch.Tensor ,

54lambda_pose_penalty: float ,

55lambda_torque_penalty: float ,

56lambda_work_penalty: float ,

57lambda_linvel_penalty: float ,

58
59# obj smoothness reward

60obj_base_pos: torch.Tensor ,

61goal_base_pos: torch.Tensor ,

62obj_linvel: torch.Tensor ,

63current_pivot_axel: torch.Tensor ,

64lambda_com_dist: float ,

65lambda_axis_cos_dist: float ,

66
67# hybrid reward

68obj_base_orn: torch.Tensor ,

69goal_base_orn: torch.Tensor ,

70prev_obj_orn: torch.Tensor ,

71lambda_rot: float ,

72rot_eps: float ,

73lambda_delta_rot: float ,

74delta_rot_clip_min: float ,

75delta_rot_clip_max: float ,

76
77# kp reward

78lambda_kp: float ,

79kp_lgsk_scale: float ,

80kp_lgsk_eps: float ,

81
82# angvel reward

83obj_angvel: torch.Tensor ,

84target_pivot_axel: torch.Tensor ,

85lambda_av: float ,

86av_clip_min: float ,

87av_clip_max: float ,

88lambda_av_penalty: float ,

89desired_max_av: float ,

90desired_min_av: float ,

91print_vars: bool ,

92
93) -> Tuple[torch.Tensor , torch.Tensor , torch.Tensor , torch.Tensor , torch.Tensor , torch.Tensor , Dict[str

, torch.Tensor ]]:

94
95# ROTATION REWARD

96# cosine distance between obj and goal orientation

97quat_diff = quat_mul(obj_base_orn , quat_conjugate(goal_base_orn))

98rot_dist = 2.0 * torch.asin(torch.clamp(torch.norm(quat_diff[:, 0:3], p=2, dim=-1), max =1.0))

99rot_rew = (1.0 / (torch.abs(rot_dist) + rot_eps))
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100
101# delta rotation reward

102rot_quat_diff = quat_mul(obj_base_orn , quat_conjugate(prev_obj_orn))

103rpy_diff = torch.stack(get_euler_xyz(rot_quat_diff), dim=1)

104rpy_diff = torch.where(rpy_diff > torch.pi , rpy_diff - 2*torch.pi , rpy_diff)

105delta_rot = torch.sum(rpy_diff * target_pivot_axel , dim=1)

106# delta_rot = torch.sum(rpy_diff * current_pivot_axel , dim =1)

107delta_rot_rew = torch.clamp(delta_rot , min=delta_rot_clip_min , max=delta_rot_clip_max)

108# print(delta_rot_rew [0])

109# print(’rotated_angle: ’, delta_rot [0])

110
111# KEYPOINT REWARD

112# distance between obj and goal keypoints

113kp_deltas = torch.norm(obj_kps - goal_kps , p=2, dim=-1)

114mean_kp_dist = kp_deltas.mean(dim=-1)

115kp_rew = lgsk_kernel(kp_deltas , scale=kp_lgsk_scale , eps=kp_lgsk_eps).mean(dim=-1)

116# print(’key point reward: ’, kp_rew [0])

117
118# ANGVEL REWARD

119# bound and scale rewards such that they are in similar ranges

120obj_angvel_about_axis = torch.sum(obj_angvel * target_pivot_axel , dim =1)

121av_rew = torch.clamp(obj_angvel_about_axis , min=av_clip_min , max=av_clip_max)

122
123# HAND SMOOTHNESS

124# Penalty for deviating from the original grasp pose by too much

125hand_pose_penalty = -torch.norm(current_joint_pos - init_joint_pos , p=2, dim=-1)

126# Penalty for high torque

127torque_penalty = -torch.norm(current_joint_eff , p=2, dim=-1)

128# Penalty for high work

129work_penalty = -torch.sum(torch.abs(current_joint_eff * current_joint_vel), dim=-1)

130# angular velocity penalty masked for over the desired av

131obj_angvel_mag = torch.norm(obj_angvel , p=2, dim=-1)

132av_penalty = (obj_angvel_mag > desired_max_av) * -torch.sqrt(( obj_angvel_mag - desired_max_av)**2)

+ \

133(obj_angvel_mag < desired_min_av) * -torch.sqrt(( desired_min_av - obj_angvel_mag)**2)

134
135# OBJECT SMOOTHNESS

136# distance between obj and goal COM

137com_dist_rew = -torch.norm(obj_base_pos - goal_base_pos , p=2, dim=-1)

138# Penalty for object linear velocity

139obj_linvel_penalty = -torch.norm(obj_linvel , p=2, dim=-1)

140# Penalty for axis deviation

141cos_dist = torch.nn.functional.cosine_similarity(target_pivot_axel , current_pivot_axel , dim=1, eps

=1e-12)

142axis_cos_dist = -(1.0 - cos_dist)

143axis_deviat_angle = torch.arccos(cos_dist)

144# print(cos_dist)

145
146# PRECISION GRASP

147# Penalise tip to obj distance masked for non -contacted tips

148total_finger_tip_obj_dist = -torch.sum(( tip_object_contacts == 0)*finger_tip_obj_dist , dim=-1)

149# print(total_finger_tip_obj_dist)

150
151# Penalise contact pose if not in normal direction: maximum contact penalty if tip is not in

contact

152contact_normal_penalty = torch.abs(contact_pose).sum(-1)

153contact_normal_penalty = -torch.where(tip_object_contacts == 0, torch.pi, contact_normal_penalty).

sum(-1)

154
155# Good contact normal reward , award envs for normal contact and tip contact >=2

156contact_normal_rew = torch.abs(contact_pose).sum(-1)

157contact_normal_rew = torch.where(tip_object_contacts == 0, 0.0, torch.pi - contact_normal_rew).sum

(-1)

158contact_normal_rew = torch.where(n_tip_contacts >= 2, contact_normal_rew /( n_tip_contacts * torch.pi

), 0.0)

159
160# Penalise if total tip contact force is below 2x obj mass

161total_tip_contact_force = torch.sum(contact_force_mags , dim=-1)

162tip_force_penalty = total_tip_contact_force - obj_masses.squeeze () * 2.0 * 10

163tip_force_penalty = torch.where(tip_force_penalty > 0, torch.zeros_like(tip_force_penalty),

tip_force_penalty)

164
165# Reward curriculum: zero penalties below rotation

166lamda_good_contact *= lambda_reward_curriculum

167lamda_bad_contact *= lambda_reward_curriculum

168lambda_pose_penalty *= lambda_reward_curriculum

169lambda_work_penalty *= lambda_reward_curriculum

170lambda_torque_penalty *= lambda_reward_curriculum

171lambda_com_dist *= lambda_reward_curriculum

172lambda_linvel_penalty *= lambda_reward_curriculum

173lambda_av_penalty *= lambda_reward_curriculum

174lambda_contact_normal_penalty *= lambda_reward_curriculum

175lambda_contact_normal_rew *= lambda_reward_curriculum

176lambda_tip_force_penalty *= lambda_reward_curriculum

177
178# Total reward is: position distance + orientation alignment + action regularization + success

bonus + fall penalty

179total_reward = \

180lambda_rot * rot_rew + \

181lambda_delta_rot * delta_rot_rew + \

182lambda_kp * kp_rew + \

183lambda_av * av_rew + \
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184lambda_pose_penalty * hand_pose_penalty + \

185lambda_torque_penalty * torque_penalty + \

186lambda_work_penalty * work_penalty + \

187lambda_av_penalty * av_penalty + \

188lambda_com_dist * com_dist_rew + \

189lambda_linvel_penalty * obj_linvel_penalty + \

190lambda_axis_cos_dist * axis_cos_dist + \

191lambda_tip_obj_dist* total_finger_tip_obj_dist + \

192lambda_contact_normal_penalty * contact_normal_penalty + \

193lambda_contact_normal_rew * contact_normal_rew + \

194lambda_tip_force_penalty * tip_force_penalty

195
196# add reward for contacting with tips

197# total_reward = torch.where(n_tip_contacts >= 2, total_reward + lamda_good_contact , total_reward)

198total_reward = torch.where(n_tip_contacts >= 2, total_reward + (n_tip_contacts - 1) *

lamda_good_contact , total_reward) # Alternative good contact reward hybrid of dense and

binary

199# total_reward += n_tip_contacts * lamda_good_contact # good contact dense

200# total_reward = torch.where(n_good_contacts >= 2, total_reward + (n_good_contacts - 1) *

lamda_good_contact , total_reward) # Alternative good contact reward hybrid of dense and

binary

201
202# add penalty for contacting with links other than the tips

203total_reward = torch.where(n_non_tip_contacts > 0, total_reward - lamda_bad_contact , total_reward)

204# total_reward = torch.where(n_non_tip_contacts > 0, total_reward - (lamda_bad_contact *

n_non_tip_contacts), total_reward) # Bad contact dense

205
206# Success bonus: orientation is within ‘success_tolerance ‘ of goal orientation

207total_reward = torch.where(mean_kp_dist <= success_tolerance , total_reward + reach_goal_bonus ,

total_reward)

208
209# Fall or deviation penalty: distance to the goal or target axis is larger than a threashold or if

no tip is in contact

210early_reset_cond = torch.logical_or(mean_kp_dist >= fall_reset_dist , axis_deviat_angle >=

axis_deviat_reset_dist)

211early_reset_cond = torch.logical_or(early_reset_cond , n_tip_contacts == 0)

212total_reward = torch.where(early_reset_cond , total_reward - early_reset_penalty , total_reward)

213
214# Debug: first env check termination conditions

215# if (mean_kp_dist >= fall_reset_dist)[0]:

216# print(’fallen ’)

217# if (axis_deviat_angle >= axis_deviat_reset_dist)[0]:

218# print(’deviated ’)

219
220# zero reward when less than 2 tips in contact

221if require_contact:

222rew_cond_1 = n_tip_contacts < 1

223rew_cond_2 = axis_deviat_angle >= 0.5

224total_reward = torch.where(torch.logical_or(rew_cond_1 , rew_cond_2), torch.zeros_like(rew_buf),

total_reward)

225
226# zero reward if more than 2 bad/non -tip contacts

227if require_n_bad_contacts:

228total_reward = torch.where(n_non_tip_contacts > 2, torch.zeros_like(rew_buf), total_reward)

229
230# total_reward = torch.where(n_tip_contacts < 1, torch.zeros_like(rew_buf), total_reward)

231
232# Find out which envs hit the goal and update successes count

233goal_resets = torch.where(mean_kp_dist <= success_tolerance , torch.ones_like(reset_goal_buf),

reset_goal_buf)

234successes = successes + goal_resets

235
236# Check env termination conditions , including maximum success number

237resets = torch.zeros_like(reset_buf)

238resets = torch.where(early_reset_cond , torch.ones_like(reset_buf), resets)

239resets = torch.where(progress_buf >= max_episode_length , torch.ones_like(resets), resets)

240
241# find average consecutive successes

242num_resets = torch.sum(resets)

243finished_cons_successes = torch.sum(successes * resets.float())

244cons_successes = torch.where(

245num_resets > 0,

246av_factor * finished_cons_successes / num_resets + (1.0 - av_factor) * consecutive_successes ,

247consecutive_successes ,

248)

249
250# Find the number of rotations over all the envs

251rotation_counts = rotation_counts + delta_rot /3.14

252
253info: Dict[str , torch.Tensor] = {

254
255’successes ’: successes ,

256’successes_cons ’: cons_successes ,

257’rotation_counts ’: rotation_counts ,

258’angvel_mag ’: obj_angvel_mag ,

259
260’total_finger_obj_dist ’: total_finger_tip_obj_dist ,

261’num_tip_contacts ’: n_tip_contacts ,

262’num_non_tip_contacts ’: n_non_tip_contacts ,

263’num_good_contacts ’: n_good_contacts ,

264’contact_normal_penalty ’: contact_normal_penalty ,

265’contact_normal_reward ’: contact_normal_rew ,
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266’tip_force_penalty ’: tip_force_penalty ,

267
268’reward_rot ’: rot_rew ,

269’reward_delta_rot ’: delta_rot ,

270’reward_keypoint ’: kp_rew ,

271’reward_angvel ’: av_rew ,

272’reward_total ’: total_reward ,

273
274’penalty_hand_pose ’: hand_pose_penalty ,

275’penalty_hand_torque ’: torque_penalty ,

276’penalty_hand_work ’: work_penalty ,

277’penalty_angvel ’: av_penalty ,

278
279’reward_com_dist ’: com_dist_rew ,

280’penalty_obj_linvel ’: obj_linvel_penalty ,

281’penalty_axis_cos_dist ’: axis_cos_dist ,

282}

283
284return total_reward , resets , goal_resets , successes , cons_successes , rotation_counts , info

Listing 12: Highest performing reward function generated by Gemini-1.5-Flash
1@torch.jit.script

2def compute_reward(

3# termination penalty and success bonus

4success_bonus: torch.Tensor , # To be scaled and added to the final reward.

5early_reset_penalty_value: torch.Tensor , # To be scaled and subtracted from the final reward.

6
7contact_pose_range_sim: torch.Tensor ,

8base_hand_pos: torch.Tensor ,

9base_hand_orn: torch.Tensor ,

10kp_dist: float ,

11n_keypoints: int ,

12obj_kp_positions: torch.Tensor ,

13goal_kp_positions: torch.Tensor ,

14kp_basis_vecs: torch.Tensor ,

15fingertip_pos_handframe: torch.Tensor ,

16fingertip_orn_handframe: torch.Tensor ,

17thumb_tip_name_idx: int ,

18index_tip_name_idx: int ,

19middle_tip_name_idx: int ,

20pinky_tip_name_idx: int ,

21n_tips: int ,

22contact_positions: torch.Tensor ,

23contact_positions_worldframe: torch.Tensor ,

24contact_positions_tcpframe: torch.Tensor ,

25sim_contact_pose_limits: torch.Tensor ,

26contact_threshold_limit: float ,

27obj_indices: torch.Tensor ,

28goal_indices: torch.Tensor ,

29default_obj_pos_handframe: torch.Tensor ,

30prev_obj_orn: torch.Tensor ,

31goal_displacement_tensor: torch.Tensor ,

32root_state_tensor: torch.Tensor ,

33dof_pos: torch.Tensor ,

34dof_vel: torch.Tensor ,

35rigid_body_tensor: torch.Tensor ,

36current_force_apply_axis: torch.Tensor ,

37obj_force_vector: torch.Tensor ,

38pivot_axel_worldframe: torch.Tensor ,

39pivot_axel_objframe: torch.Tensor ,

40goal_base_pos: torch.Tensor ,

41goal_base_orn: torch.Tensor ,

42net_tip_contact_forces: torch.Tensor ,

43net_tip_contact_force_mags: torch.Tensor ,

44tip_object_contacts: torch.Tensor ,

45n_tip_contacts: torch.Tensor ,

46n_non_tip_contacts: torch.Tensor ,

47thumb_tip_contacts: torch.Tensor ,

48index_tip_contacts: torch.Tensor ,

49middle_tip_contacts: torch.Tensor ,

50pinky_tip_contacts: torch.Tensor ,

51fingertip_pos: torch.Tensor ,

52fingertip_orn: torch.Tensor ,

53fingertip_linvel: torch.Tensor ,

54fingertip_angvel: torch.Tensor ,

55tip_contact_force_pose: torch.Tensor ,

56tip_contact_force_pose_low_dim: torch.Tensor ,

57tip_contact_force_pose_bins: torch.Tensor ,

58n_good_contacts: torch.Tensor ,

59hand_joint_pos: torch.Tensor ,

60hand_joint_vel: torch.Tensor ,

61obj_base_pos: torch.Tensor ,

62obj_base_orn: torch.Tensor ,

63obj_pos_handframe: torch.Tensor ,

64obj_orn_handframe: torch.Tensor ,

65obj_displacement_tensor: torch.Tensor ,

66obj_pos_centered: torch.Tensor ,

67delta_obj_orn: torch.Tensor ,

68obj_base_linvel: torch.Tensor ,

69obj_base_angvel: torch.Tensor ,
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70obj_linvel_handframe: torch.Tensor ,

71obj_angvel_handframe: torch.Tensor ,

72goal_pos_centered: torch.Tensor ,

73goal_pos_handframe: torch.Tensor ,

74goal_orn_handframe: torch.Tensor ,

75active_pos: torch.Tensor ,

76active_quat: torch.Tensor ,

77obj_kp_positions_centered: torch.Tensor ,

78goal_kp_positions_centered: torch.Tensor ,

79active_kp: torch.Tensor ,

80obj_force_vector_handframe: torch.Tensor ,

81) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

82
83device = obj_base_pos.device

84
85#Revised scaling based on analysis. Focus on balancing components.

86pos_scale = 2.0

87orn_scale = 5.0

88contact_scale = 1.0

89sparse_reward_scale = 20.0 #Increased to make sparse reward more impactful.

90
91#Temperature parameters adjusted for better sensitivity.

92pos_temp = 0.5

93orn_temp = 1.0

94contact_temp = 1.0 #Added temperature for contact reward.

95
96#Reward shaping with improved scaling and temperature parameters.

97pos_reward = torch.exp(-torch.norm(active_pos , p=2, dim=-1)**2 * pos_scale / pos_temp)

98orn_reward = torch.exp(-torch.norm(active_quat [..., :3], p=2, dim=-1)**2 * orn_scale / orn_temp)

99contact_reward = torch.tanh(n_good_contacts / n_tips * contact_scale / contact_temp) #Normalized by

n_tips

100
101#Sparse reward adjusted for increased scale.

102dist_to_goal = torch.norm(active_pos , dim=-1)

103sparse_reward = torch.where(dist_to_goal < 0.05, success_bonus * sparse_reward_scale , torch.

zeros_like(success_bonus))

104
105#Combine rewards with adjusted weights

106total_reward = 2 * pos_reward + 3 * orn_reward + contact_reward + sparse_reward

107
108#Early reset penalty reduced to avoid dominance.

109early_reset_penalty = torch.where(n_good_contacts == 0, early_reset_penalty_value * 0.001 , torch.

zeros_like(early_reset_penalty_value))

110total_reward -= early_reset_penalty

111
112reward_components = {

113"pos_reward": pos_reward ,

114"orn_reward": orn_reward ,

115"contact_reward": contact_reward ,

116"sparse_reward": sparse_reward ,

117"early_reset_penalty": early_reset_penalty ,

118}

119
120return total_reward , reward_components

Listing 13: Highest performing reward function generated by GPT-4o
1@torch.jit.script

2def compute_reward(

3success_bonus: torch.Tensor ,

4early_reset_penalty_value: torch.Tensor ,

5contact_pose_range_sim: torch.Tensor ,

6base_hand_pos: torch.Tensor ,

7base_hand_orn: torch.Tensor ,

8kp_dist: float ,

9n_keypoints: int ,

10obj_kp_positions: torch.Tensor ,

11goal_kp_positions: torch.Tensor ,

12kp_basis_vecs: torch.Tensor ,

13fingertip_pos_handframe: torch.Tensor ,

14fingertip_orn_handframe: torch.Tensor ,

15thumb_tip_name_idx: int ,

16index_tip_name_idx: int ,

17middle_tip_name_idx: int ,

18pinky_tip_name_idx: int ,

19n_tips: int ,

20contact_positions: torch.Tensor ,

21contact_positions_worldframe: torch.Tensor ,

22contact_positions_tcpframe: torch.Tensor ,

23sim_contact_pose_limits: torch.Tensor ,

24contact_threshold_limit: float ,

25obj_indices: torch.Tensor ,

26goal_indices: torch.Tensor ,

27default_obj_pos_handframe: torch.Tensor ,

28prev_obj_orn: torch.Tensor ,

29goal_displacement_tensor: torch.Tensor ,

30root_state_tensor: torch.Tensor ,

31dof_pos: torch.Tensor ,

32dof_vel: torch.Tensor ,

33rigid_body_tensor: torch.Tensor ,

34current_force_apply_axis: torch.Tensor ,
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35obj_force_vector: torch.Tensor ,

36pivot_axel_worldframe: torch.Tensor ,

37pivot_axel_objframe: torch.Tensor ,

38goal_base_pos: torch.Tensor ,

39goal_base_orn: torch.Tensor ,

40net_tip_contact_forces: torch.Tensor ,

41net_tip_contact_force_mags: torch.Tensor ,

42tip_object_contacts: torch.Tensor ,

43n_tip_contacts: torch.Tensor ,

44n_non_tip_contacts: torch.Tensor ,

45thumb_tip_contacts: torch.Tensor ,

46index_tip_contacts: torch.Tensor ,

47middle_tip_contacts: torch.Tensor ,

48pinky_tip_contacts: torch.Tensor ,

49fingertip_pos: torch.Tensor ,

50fingertip_orn: torch.Tensor ,

51fingertip_linvel: torch.Tensor ,

52fingertip_angvel: torch.Tensor ,

53tip_contact_force_pose: torch.Tensor ,

54tip_contact_force_pose_low_dim: torch.Tensor ,

55tip_contact_force_pose_bins: torch.Tensor ,

56n_good_contacts: torch.Tensor ,

57hand_joint_pos: torch.Tensor ,

58hand_joint_vel: torch.Tensor ,

59obj_base_pos: torch.Tensor ,

60obj_base_orn: torch.Tensor ,

61obj_pos_handframe: torch.Tensor ,

62obj_orn_handframe: torch.Tensor ,

63obj_displacement_tensor: torch.Tensor ,

64obj_pos_centered: torch.Tensor ,

65delta_obj_orn: torch.Tensor ,

66obj_base_linvel: torch.Tensor ,

67obj_base_angvel: torch.Tensor ,

68obj_linvel_handframe: torch.Tensor ,

69obj_angvel_handframe: torch.Tensor ,

70goal_pos_centered: torch.Tensor ,

71goal_pos_handframe: torch.Tensor ,

72goal_orn_handframe: torch.Tensor ,

73active_pos: torch.Tensor ,

74active_quat: torch.Tensor ,

75obj_kp_positions_centered: torch.Tensor ,

76goal_kp_positions_centered: torch.Tensor ,

77active_kp: torch.Tensor ,

78obj_force_vector_handframe: torch.Tensor ,

79) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

80
81# Initialize temperatures for reward components

82temperature_pos = 0.8 # Increased temperature

83temperature_orn = 3.0 # Further increased temperature

84temperature_contact = 0.5

85temperature_good_contacts = 0.7

86temperature_success = 25.0 # Steady weight for success bonus

87
88# Distance to goal position reward

89dist_to_goal = torch.norm(active_pos , p=2, dim=-1)

90normalized_dist = torch.exp(-temperature_pos * dist_to_goal) # Increased temperature

91reward_goal_pos = 0.5 * normalized_dist # Adjusted weight

92
93# Orientation alignment to goal reward

94quat_diff = torch.norm(active_quat , p=2, dim=-1)

95normalized_orn = torch.exp(-temperature_orn * quat_diff) # Increased temperature

96reward_goal_orn = 0.3 * normalized_orn # Adjusted weight

97
98# Fingertip contact reward

99contact_reward = torch.sum(tip_object_contacts , dim=-1).float ()

100reward_fingertip_contact = torch.log (1.0 + temperature_contact * contact_reward) # Scaled

component

101
102# Reward for maximizing good contacts

103reward_good_contacts = torch.log (1.0 + temperature_good_contacts * n_good_contacts.float()) #

Scaled component

104
105# Composite reward

106total_reward = reward_goal_pos + reward_goal_orn + reward_fingertip_contact + reward_good_contacts

107
108# Add success bonuses and penalties

109total_reward += temperature_success * success_bonus # Constant steady weight for success bonus

110total_reward -= early_reset_penalty_value # Keep the penalty constant

111
112reward_dict = {

113’reward_goal_pos ’: reward_goal_pos ,

114’reward_goal_orn ’: reward_goal_orn ,

115’reward_fingertip_contact ’: reward_fingertip_contact ,

116’reward_good_contacts ’: reward_good_contacts ,

117’success_bonus ’: temperature_success * success_bonus , # Include scaled success bonus

118’early_reset_penalty ’: -early_reset_penalty_value ,

119}

120
121return total_reward , reward_dict

Listing 14: Highest performing reward function generated by Llama-3.1-405B
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1@torch.jit.script

2def compute_reward(

3tip_object_contacts: torch.Tensor ,

4obj_pos_handframe: torch.Tensor ,

5obj_orn_handframe: torch.Tensor ,

6goal_pos_handframe: torch.Tensor ,

7goal_orn_handframe: torch.Tensor ,

8n_good_contacts: torch.Tensor ,

9success_bonus: torch.Tensor ,

10) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

11pos_temperature = 2.0

12orien_temperature = 2.0

13contact_temperature = 1.0

14reward_object_position = torch.exp(-torch.norm(obj_pos_handframe - goal_pos_handframe , p=2, dim=-1)

/ pos_temperature)

15reward_object_orientation = torch.exp(-torch.norm(obj_orn_handframe - goal_orn_handframe , p=2, dim

=-1) / orien_temperature)

16reward_contact_quality = n_good_contacts.float () / contact_temperature

17reward_success = 10.0 * success_bonus

18
19total_reward = (

200.2 * reward_object_position

21+ 0.2 * reward_object_orientation

22+ 0.1 * reward_contact_quality

23+ 0.5 * reward_success

24)

25individual_rewards: Dict[str , torch.Tensor] = {

26"object_position": reward_object_position ,

27"object_orientation": reward_object_orientation ,

28"contact_quality": reward_contact_quality ,

29"success": reward_success ,

30}

31return total_reward , individual_rewards

Listing 15: Highest performing reward function generated by o3-mini
1@torch.jit.script

2def compute_reward(

3# termination bonus and early reset penalty: shape (num_envs ,)

4success_bonus: torch.Tensor ,

5early_reset_penalty_value: torch.Tensor ,

6
7# Object -to -goal errors in position and relative orientation

8active_pos: torch.Tensor , # Shape: (num_envs , 3)

9active_quat: torch.Tensor , # Shape: (num_envs , 4) (relative orientation quaternion)

10
11# Fingertip contact information

12n_good_contacts: torch.Tensor , # Shape: (num_envs ,) number of "good" contacts

13n_tips: int # total number of fingertips (integer)

14) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

15"""

16ANALYSIS & IMPROVEMENTS BASED ON POLICY FEEDBACK:

17
181. Position Reward (pos_reward):

19- Observed values were in a narrow range (0.37 - 0.70).

20- To better differentiate even small improvements , we decrease the temperature.

21- New formulation uses an exponential decay with a lower pos_temp so that errors are penalized

more.

22
232. Orientation Reward (orn_reward):

24- Previous orientation reward using exp(-error ^2/ orn_temp) yielded nearly constant values.

25- New formulation linearly maps the absolute alignment of the quaternion ’s scalar part ,

26i.e. using w = |q_w|. When w is low (<0.5) it outputs 0 reward and linearly scales to 1 when w

reaches 1.

27This provides a wider dynamic range.

28
293. Contact Reward (contact_reward):

30- Prior contact reward squared the ratio; its values spanned a small range.

31- We now use a cubic transformation on the ratio of good contacts to better reward robust

contacts ,

32so that fewer contacts result in very low rewards and only high -quality contact yields a

strong bonus.

33
344. Success Bonus and Early Reset Penalty:

35- We keep the scaling for these sparse reward components but re-balance the overall sum.

36
37The total reward is a weighted sum of these components.

38"""

39
40# Temperature/scaling parameters for exponential/linear transforms:

41pos_temp: float = 0.0002 # lower temperature for position reward -> sharper decay of reward with

error.

42# For orientation , instead of exponential decay we use a linear mapping:

43# when |q_w| (the scalar part) is below 0.5, reward is 0; above that , it scales linearly to 1.

44
45# --- 1. Positional Reward ---

46# Compute L2-norm of the object -goal positional error.

47pos_error: torch.Tensor = torch.norm(active_pos , p=2, dim=-1) # shape: (num_envs ,)

48# Exponential fall -off: perfect alignment (error =0) gives reward 1, larger errors drop quickly.

49pos_reward: torch.Tensor = torch.exp(- (pos_error * pos_error) / pos_temp)
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50
51# --- 2. Orientation Reward ---

52# Use the absolute value of the scalar part of the quaternion as a proxy for alignment.

53# A perfect alignment has |q_w| = 1, while lower values indicate misalignment.

54q_w: torch.Tensor = torch.abs(active_quat [:, 3]) # shape: (num_envs ,)

55# Linearly map from [0.5, 1.0] -> [0, 1]. Values below 0.5 yield 0.

56orn_reward: torch.Tensor = torch.clamp((q_w - 0.5) / 0.5, min=0.0, max =1.0)

57
58# --- 3. Contact Reward ---

59# Compute the ratio of good contacts to total fingertips.

60good_contact_ratio: torch.Tensor = n_good_contacts.to(torch.float32) / float(n_tips)

61# Apply a cubic transformation so that near -complete contact is rewarded substantially.

62contact_reward: torch.Tensor = good_contact_ratio * good_contact_ratio * good_contact_ratio

63
64# --- 4. Weighting factors ---

65# We re-scale each reward component so that no one term dominates excessively.

66weight_pos: float = 3.0

67weight_orn: float = 2.5

68weight_contact: float = 2.0

69weight_success: float = 50.0

70weight_penalty: float = 1.0

71
72# --- Total Reward ---

73total_reward: torch.Tensor = (

74weight_pos * pos_reward +

75weight_orn * orn_reward +

76weight_contact * contact_reward +

77weight_success * success_bonus -

78weight_penalty * early_reset_penalty_value

79)

80
81# Build a dictionary of individual reward components for monitoring and diagnostics.

82reward_components: Dict[str , torch.Tensor] = {

83"pos_reward": pos_reward ,

84"orn_reward": orn_reward ,

85"contact_reward": contact_reward ,

86"success_bonus": success_bonus * weight_success ,

87"early_reset_penalty": early_reset_penalty_value ,

88}

89
90return total_reward , reward_components

Listing 16: Highest performing reward function generated by Deepseek-R1-671B
1@torch.jit.script

2def compute_reward(

3obj_base_pos: torch.Tensor ,

4goal_base_pos: torch.Tensor ,

5obj_base_orn: torch.Tensor ,

6goal_base_orn: torch.Tensor ,

7n_good_contacts: torch.Tensor ,

8n_non_tip_contacts: torch.Tensor ,

9success_bonus: torch.Tensor ,

10tip_object_contacts: torch.Tensor ,

11obj_kp_positions_centered: torch.Tensor ,

12goal_kp_positions_centered: torch.Tensor ,

13) -> Tuple[torch.Tensor , Dict[str , torch.Tensor ]]:

14
15# Temperature parameters

16kp_temp = torch.tensor (5.0, device=obj_base_pos.device)

17orn_temp = torch.tensor (3.5, device=obj_base_pos.device)

18contact_temp = torch.tensor (1.2, device=obj_base_pos.device) # Increased from 0.8

19non_tip_temp = torch.tensor (0.015 , device=obj_base_pos.device) # Reduced penalty

20success_temp = torch.tensor (35.0 , device=obj_base_pos.device) # Increased from 30

21
22# Keypoint alignment

23kp_dist = torch.norm(obj_kp_positions_centered - goal_kp_positions_centered , dim=-1).mean(dim=1)

24kp_reward = torch.exp(-kp_temp * kp_dist)

25
26# Orientation alignment using geodesic distance

27quat_diff = quat_mul(obj_base_orn , quat_conjugate(goal_base_orn))

28rot_angle = 2.0 * torch.asin(torch.clamp(torch.norm(quat_diff[:, 0:3], dim =1), max =1.0))

29orn_reward = torch.exp(-orn_temp * rot_angle)

30
31# Contact quality with increased emphasis

32active_tips = tip_object_contacts.sum(dim =1)

33contact_quality = n_good_contacts.float() / (active_tips + 1e-6)

34contact_reward = contact_temp * torch.tanh (6.0 * contact_quality) # Increased tanh scaling

35
36# Adjusted non -tip penalty

37non_tip_penalty = -non_tip_temp * torch.pow(n_non_tip_contacts.float(), 1.2) # Less severe for few

contacts

38
39# Enhanced success bonus

40scaled_success = success_temp * success_bonus + 0.2 * (kp_reward + orn_reward)

41
42total_reward = kp_reward + orn_reward + contact_reward + non_tip_penalty + scaled_success

43
44reward_components = {

45"kp_reward": kp_reward ,

46"orn_reward": orn_reward ,

39



47"contact_reward": contact_reward ,

48"non_tip_penalty": non_tip_penalty ,

49"scaled_success": scaled_success

50}

51
52return total_reward , reward_components

E Model Training

E.1 Teacher-Student Architecture

In Table 7, we show the architecture setups for the Teacher and Student models in our training
pipeline. This pipeline is exactly as described in AnyRotate. We see that the Goal Update dtol is
0.15 in the Teacher and 0.25 in the Student. This refers to a more relaxed delta between the goal
keypoints and the object kepypoints in the Student model than in the Teacher. This relaxation allows
the goal object orientation to be updated with less accuracy in the student model. In practice, this
makes it easier for the Student model to learn the behaviours of the Teacher. Regardless of the
goal update dtol, we always evaluate the resulting policy on number of full rotations achieved per
episode.

Teacher Student

MLP Input Dim 18 TCN Input Dim [30, N]
MLP Hidden Units [256, 128, 64] TCN Hidden Units [N, N]
MLP Activation ReLU TCN Filters [N, N, N]
Policy Hidden Units [512, 256, 128] TCN Kernel [9, 5, 5]
Policy Activation ELU TCN Stride [2, 1, 1]
Learning Rate 5 × 10−3 TCN Activation ReLU
Num Envs 8192 Latent Vector Dim z 64
Rollout Steps 8 Policy Hidden Units [512, 256, 128]
Minibatch Size 32768 Policy Activation ELU
Num Mini Epochs 5 Learning Rate 3 × 10−4

Discount 0.99 Num Envs 8192
GAE τ 0.95 Batch Size 8192
Advantage Clip ϵ 0.2 Num Mini Epochs 1
KL Threshold 0.02 Optimizer Adam
Gradient Norm 1.0
Optimizer Adam

Goal Update dtol 0.15 0.25
Training Duration 8 × 109 steps 6 × 108 steps

Reward Discovery (like Teacher)
Training Duration 1.5× 108 steps
Num Envs 1024
Minibatch Size 4096

Table 7: Policy training parameters as described in AnyRotate [12] with additional parameters
adapted for our Stage 1 reward discovery as mentioned in Section 3.

E.2 Successes Tracking

As eluded to in Section 3.1, we use a moving-target problem formulation to facilitate continuous
object rotation about a given axis. This is achieved using the keypoint position deltas outlined in
Appendix E.1 to inform a success condition. Success accumulation occurs by incrementing each
environment’s success tally whenever it meets the goal tolerance. Episodes are then identified for
reset when they meet termination conditions or reach their length limit and the total number of resets
and associated successes are recorded. The average successes per reset is computed and blended
with the prior consecutive-successes value via a fixed averaging factor. If no resets occur the prior
value is maintained. Finally the updated values are averaged across all environments to yield the
scalar consecutive-successes metric, which is fed back to the LLM in reward reflection as the task
score s, which can be seen in line 608 of Listing 10.
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F Compute Resources

Training for this project was conducted using a combination of a local desktop workstation and our
institution’s high-performance computing (HPC) cluster. The desktop machine ran Ubuntu 22.04
and was equipped with an Nvidia GeForce RTX 4090 GPU (24 GB VRAM), an Intel Core i7-
13700K (13th Gen) CPU, and 64,GB RAM. On this system, up to four reward functions were trained
concurrently. A full Eureka experiment, comprising five rounds of four reward function trainings,
typically completed in approximately 24 hours. Full policy training to 8 billion environment steps
on this setup took around 12 hours.

Additional experiments were carried out on our institution’s cluster, which operates on Rocky Linux
8.9 and uses Slurm for job scheduling. Each allocated job ran on a single Nvidia Tesla P100-PCIE
GPU (16 GB VRAM). Due to lower computational throughput, a full Eureka experiment on this
cluster required approximately 4.5 days, and full training to 8 billion steps took around 3 days.

All experiments were conducted within a Conda-managed environment running Python 3.9, using
the Isaac Gym [50] simulation framework to leverage GPU-accelerated physics and batch policy
rollouts.

G Real-World Objects

Table 8 shows a complete list of the objects used in real-world testing.

Item Dimensions (mm) Mass (g) Item Dimensions (mm) Mass (g)

Plastic Apple 75 × 75 × 70 60 Tin Cylinder 45 × 45 × 63 30
Plastic Orange 70 × 72 × 72 52 Rubber Duck 110 × 95 × 100 63
Plastic Pepper 61 × 68 × 65 10 Gum Box 90 × 80 × 76 89
Plastic Peach 62 × 56 × 55 30 Container 90 × 80 × 76 32
Plastic Lemon 52 × 52 × 65 33 Rubber Toy 80 × 53 × 48 27

Table 8: Dimensions and mass of real-world objects used for testing.
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