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A Details of the NESYRO Framework

NESYRO enables exploration through a recursive composition of Neuro-symbolic Code Verification
and Neuro-symbolic Code Validation. A policy code produced by the LLM is first subjected to explicit
symbolic verification, which statically checks logical consistency against the task specification. The
verified policy code then enters interactive validation, where each skill is evaluated in neuro-symbolic
manner; if an unmet precondition is detected, the system synthesizes exploratory safe probe policy
code to gather the missing observations. Every probe is fed back through the same verification and
validation (V&V) cycle, producing a policy tree whose nodes are recursively grounded until all skills
achieve a satisfactory Neuro-symbolic Confidence Score. This recursive V&V framework guarantees
that the policy code is both executable and environmentally grounded, even under dynamic, partially
observable conditions.

A.1 NESYRO Algorithm

We provide the full pseudocode for our neuro-symbolic task execution pipeline in Algorithm [I]and
Algorithm 2] Below, we briefly describe the functional roles of each procedure and its interaction
within the recursive planning framework.

Algorithm 1 Task Execution Pipeline

Agent:
env — environment interface D — domain knowledge
Egemo — demonstration set ¢ — confidence threshold
a — primitive action 0<; — observation history up to ¢

A — action set

Returns:
T — executed trajectory Tmain — Policy code

procedure RUNTASK(env, D, Egemo, €)
(0<0,9) < env.reset()
T+ () > Initialize empty trajectory
(Tmain, 0<t, €nv, T) <— NESYRO(g, 0<0, D, Edemo; €, 0, env, )
(Texea O<t+1, env) — EXE(Wmaina 0<t, env)
T T U Texe
return (7, 0<;+1, Tmain)
end procedure

procedure EXE(7, o<y, env)
Texe < []
for each f in 7 do
A < EXPANDSKILL(f, 0<¢)
for each ¢ in A do
Onext <— env.step(a)
Texe € Texe U (av Onext)
0<t < 0<t U Opext
end for
end for
return (7eye, 0<¢, €nv)
end procedure

RunTask and execution loop. The RUNTASK procedure (Algorithm I)) initializes the environment
and launches the neuro-symbolic reasoning process. It first resets the environment to obtain the
initial observation o<( and instruction g, and initializes an empty trajectory 7. The main grounding
routine NESYRO is then called to synthesize a grounded policy code 7y, based on the instruction
and current context. Once obtained, the policy is executed via EXE, which expands symbolic skills
into primitive actions and steps through the environment. The complete trajectory 7 and updated
observation history o< are returned. The EXE procedure handles the execution of symbolic skills. For
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each skill f in 7, it calls EXPANDSKILL to retrieve the sequence of corresponding low-level actions.
These are executed sequentially in the environment, and the resulting observations are appended to
both the trajectory and the observation history.

Algorithm 2 Recursive Neuro-symbolic Verification & Validation

procedure NESYRO(g, 0<¢, D, Egemos €, K, env, 7)
(Tspecs Tmain) — NEURO_SYMBOLIC_VERIFICATION(g, 0<¢, D, k)
(Wmaim 0<t, €NV, T) —
NEURO_SYMBOLIC_VALIDATION(g, 0<¢, D, Edemos Tmain,€, k, €0V, T)
return (Tmyin, O<¢, €NV, T) > grounding policy code Trpain
end procedure

procedure NEURO_SYMBOLIC_VERIFICATION(g, o<, D, k)
(ﬁpeca ’/Tmain) — @Veri(ogta g, _lcot; Dv k)
while Wi (Tspec, Tmain) = fail do
fveri — \Ijveri(ﬁpeca 7Tmain)
(7;1)607 7Tmain) — (I)veri(Ogta 95 leot, D, Timain, Freris k')
end while
return (7;peca 7Tmain)
end procedure

procedure NEURO_SYMBOLIC_VALIDATION(g, 0<¢, D, Edemos Tmain, €, k, env, 7)
n<«k
while n < |mp,in| do
fn <= Tmain [n]
CSC «+ (I)vali(Da gdemo: 0<t, 9, fn)
LC «+ \I’vali(D7 0<t, 9, fﬂ)
NeSyConf «+ CSC x LC
if NeSyConf < € then
Gprobe < MAKEPROBEGOAL( fp, Fesc, Fic)
(Wprobm 0<t, €NV, 7_) — NESYRO(gpmbea 0<t, Dv 5dem07 €, 07 env, T) > recursive
(Texe, O<t+1, env) — EXE(ﬂ'probe, 0<t, env)
T T U Texe
(Tspec> Tmain) <= NEURO_SYMBOLIC_VERIFICATION(g, 0<¢+1, D, n)
else
n+<n+1
end if
end while
return (Tmain, O<t+q, €0V, T) > o: number of recursive mprope €xecuted during validation.
end procedure

Recursive neuro-symbolic reasoning. Algorithm [2] outlines the recursive grounding logic of
NESYRO. The NESYRO procedure first invokes NEURO_SYMBOLIC_VERIFICATION to obtain a
symbolic task specification Tgpe. and initial policy code 7main. Logical correctness is ensured through
iterative verification using ®cr and Wi, which checks whether 7, satisfies Tgpec. After verification,
the policy is passed to NEURO_SYMBOLIC_VALIDATION for skill-wise confidence assessment. For
each skill f,,, the framework computes neuro-symbolic confidence score (NeSyConf). If NeSyConf
falls below threshold ¢, a probing goal gprobe is generated and recursively passed into NESYRO.

To construct this probing goal gprobe, the MAKEPROBEGOAL function synthesizes a new instruction
that addresses the failure feedback. Specifically, it leverages NeSyConf feedback (Fsc, Fic) to
identify missing observations. This recursive routine allows a skill that fails to exceed the confidence
threshold € to be refined and validated using updated observations gathered from safe probe executions.
Once all skills pass validation, the final grounded policy and accumulated trajectory are returned.
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B Environment Settings

B.1 RLBench

We use RLBench [1]] as the simulation environment for our experiments. RLBench offers a wide
range of tabletop manipulation tasks and provides realistic simulations of both robot control and
visual observations. All experiments are performed using a 7-DoF Franka Emika Panda robotic arm,
which is supported natively by RLBench. The environment is particularly suitable for evaluating
planning and interaction under partial observability, as it supports randomized object configurations
and sensor data, including RGB, depth, and segmentation masks. Its compatibility with Python also
allows straightforward integration with our code generation and execution framework.

Figure 1: Example scenes illustrating the "open drawer" task in the RLBench. The top row shows the
overhead view, and the bottom row shows the front view.

Object configuration. Each episode initializes a workspace containing seven unique objects placed
on a table. The objects include two tomatoes, a piece of trash, a bin, a three-level drawer, a desk
lamp, and a switch for the desk lamp. The position of each object is randomized in every episode,
introducing perceptual variability and scene diversity across tasks. Figure[I]shows an example scene
from the RLBench environment used in our experiments.

Task composition. We categorize the tasks into four types to enable structured evaluation, as
summarized in Table[I] Each task type contains multiple language instructions, with associated probe
targets indicating the source of uncertainty that must be resolved during execution.

Table 1: Task types, example of instructions, and associated probe targets in RLBench.

Task Type Example Instructions Probe Target
. . Move two tomatoes onto plate Tomato identity

Object Relocation Put the trash into bin Trash identity

Obicct Interaction Open a drawer Drawer locked/unlocked state
) Open two drawers Drawer locked/unlocked state

e . . Move two tomatoes onto plate in dark room  Missing visual observation (requires light activation)
Auxiliary Manipulation

Open drawer in dark room Missing visual observation (requires light activation)
Lone-Horizon Tasks Move a die into the drawer Die identity, Drawer locked/unlocked state
g Move dice into the drawer Dice identity, Drawer locked/unlocked state

B.2 Real-world

Environment setup. We conducted our real-world experiments using a 7-DoF Franka Emika
Research 3 robotic arm mounted on a tabletop workspace. An Intel RealSense D435 RGB-D camera
was positioned above the table to provide top-down RGB and depth information. This input was
processed by an object detection module to identify the categories and bounding boxes of task-relevant
objects. Depth measurements were used to compute 3D coordinates, which were then transformed
into the robot’s coordinate frame. This setup enabled accurate object localization and real-time
observation grounding, providing the necessary perception for reliable execution.
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Figure 2: Example scenes from the real-world environment used in our experiments.

Object configuration. The real-world environment contains ten unique objects arranged on a tabletop
workspace. These include two dice, two pieces of trash, a bin, a three-level drawer, a small cardboard
box, a paper cup filled with liquid, a roll of tape, and a light switch. The initial positions of all objects
are randomized for each trial, introducing diverse spatial configurations and observation conditions
across task instances. This variability supports evaluation under partial observability and enables
direct comparison with the RLBench-based simulation setup. Figure 2] shows a representative setup
of the real-world environment used in our experiments.

Task composition. We maintain the RLBench task categorization in the real-world setup to ensure
consistency and enable direct comparison. Each of the four task types corresponds to a distinct source
of uncertainty and is associated with multiple language instructions and probe targets, as summarized
in Table

Table 2: Task types, example of instructions, and associated probe targets in real-world.

Task Type Example Instructions Probe Target
. . Place a die into drawer Die identity

Object Relocation Move dice into drawer Dice identity

Obiect Interaction Open a drawer Drawer locked/unlocked state
) Open two drawers Drawer locked/unlocked state

e . . Place a die into drawer in dark room  Missing visual observation (requires light activation)
Auxiliary Manipulation

Open drawer in dark room Missing visual observation (requires light activation)
Lone-Horizon Tasks Place a die into drawer Die identity, Drawer locked/unlocked state
& Move a die into drawer Die identity, Drawer locked/unlocked, empty/occupied state

Low-Level Control. For motion planning and control in the real-world environment, we employed
Movelt [2]], an open-source motion planning framework widely used for robotic manipulation. Once
the target object positions were obtained from the perception pipeline, we invoked parameterized skill
primitives such as pick, place, and open, which are designed to operate over arbitrary object poses.
Each skill was instantiated using the transformed 3D coordinates of the corresponding object and
passed to the planner as goal constraints. Trajectory optimization was handled by Movelt’s built-in
planners, which computed collision-free joint-space paths that respect the robot’s kinematic limits and
workspace constraints. The resulting trajectories were executed using the robot’s internal controller
through ROS. Although continuous force control was not used for the gripper, we implemented
discrete grasping strategies based on object geometry and semantic role (e.g., trash, dice). This
ensured consistent and safe execution across a variety of physical configurations.

Unlike the RLBench setting, where code execution is simulated through parameterized low-level
APIs, our real-world system closes the loop by grounding skill calls with real sensor observations and
executing planned trajectories on physical hardware. This setup allows us to evaluate the reliability of
the proposed planning framework under real-world uncertainties.
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C Experiment Details

C.1 Compute Resources

Most experiments were conducted on a local machine with an Intel(R) Core(TM) 17-9700KF CPU
and an NVIDIA GeForce RTX 4080 GPU (16GB VRAM). Each task instance used a single GPU,
and RLBench simulation was executed with up to 32GB of system memory. Symbolic verification
and PDDL planning were run on the CPU. For experiments using the larger language models listed in
Table 6 in main paper, such as Llama-3.1-8B and Qwen3-30B-A3B, we used a cloud-based CUDA
cluster with GPUs equipped with approximately 82GB of VRAM. All OpenAl models, including
GPT-40 and GPT-4.1, were accessed via the OpenAl APIL.

C.2 NESYRO Implementation

LLM usage overview. Our framework utilizes LLM as core reasoning engines in three tightly
integrated components of the code generation and validation pipeline:

* Code Generation (9. ): Given the instruction g and the current observation history o<,
the verification LLM ®,.; performs chain-of-thought reasoning to produce an intermediate
symbolic task specification Ty, and corresponding Python policy code mmain. If the code
fails symbolic verification via W, structured feedback F is returned and used by the
LLM to iteratively revise the code. Only the unvalidated portion of 7, is regenerated at
each step, preserving previously verified components.

¢ CSC Computation (Pyy;): For each skill f,, in the primary policy mmain, the validation LLM
@i computes CSCy, that estimates the likelihood of successful execution under the current
observation o<; and instruction g. The LLM is prompted with the code for f,,, domain
knowledge D, retrieved demonstrations Egenmo, and task context. Token-level probabilities are
aggregated and transformed into a negative log-likelihood score. This value is normalized to
produce a scalar confidence score CSCy, used for validation. Before normalization, CSCy,
ranges over [0, 00); after normalization, it is scaled to the interval [0, 1].

¢ CSC Feedback Generation (F): If NeSyConf £, <6 the skill f,, is considered to require
a safe probe. In such cases, CSC feedback F. is constructed based on f,,, the failure context,
current observation o<, instruction g, and demonstrations Egemo. This feedback is then used
to prompt the LLM to generate a safe probe policy code mprobe. The resulting policy code is
recursively verified and validated through the NESYRO pipeline before execution.

Example of prompt. Below are the representative prompts used in each stage of our framework:
generating executable robot code, computing CSC for each skill, and generating feedback when the
NeSyConf falls below a threshold.

Code Generator Prompt

Role: You are an Al assistant tasked with generating executable Python code that controls a
robot in a simulated environment.

Task: Complete the executable code using the provided inputs and by implementing any
missing skills. The goal is to ensure the robot can achieve the specified objective by executing
a sequence of actions (plan).

Input Details:

* Domain PDDL: Describes the available actions and predicates in the environment.
It includes information about action parameters, preconditions, and effects. This
provides the symbolic action space for the planner.

Provided domain PDDL: {{domain_pddl}}

* Observation (Initial State Description): Represents the initial state of the envi-
ronment in PDDL format, including locations of objects, robot position, and other
relevant state descriptions.

Provided observation: {{observation}}
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Goal (Natural Language Description): The goal specifies what the robot must
accomplish in plain language.
Provided goal: {{goall}}

Specification (Code Generation Guidelines): Provides strict rules and constraints
that the generated code must follow.
Provided specification: {{spec}}

Skill Code (Python Implementations of Actions): A set of predefined Python
functions that implement low-level skills (e.g., move, pick, place).
Provided skill code: {{skill_code}}

Executable Code Skeleton: A partially completed Python file containing environ-
ment setup and control flow scaffolding.
Provided skeleton: {{skeleton_codel}}

Available Skill Names: A list of all valid skill function names that may be called in
the generated code.
Provided skills: {{available_skills}}

Object List: A list of object names that exist in the environment.
Provided object list: {{object_list_position}}

Feedback: Corrections or issues identified from the previous code generation.
Feedback: {{feedback}}
Previous code: {{prev_code}}

Exploration Knowledge: Optional knowledge to infer or explore missing observa-
tions.
Exploration knowledge: {{exploration_knowledgel}}

Frozen Code: Code that must remain unchanged. New code must follow this
segment.
[Frozen Code Start] {{frozen_code_part}} [Frozen Code End]

Implementation Requirements:

Use only the predefined skills (e.g., move, pick, place) from skill_code; do not
define new functions.

Complete the provided skeleton by inserting plan logic that achieves the specified
goal.

Preserve all existing imports and [Frozen Code] segments.
Output should be plain text only — do not use code blocks.

Handle errors gracefully during skill execution (e.g., invalid arguments or missing
objects).
Use the following external modules as provided:

— env: Environment setup and shutdown.

— skill_code: Contains all callable action implementations.
video: Tools for simulation recording.

object_positions: For retrieving object location information.




CSC Computation Prompt

Role: You are an Al assistant responsible for estimating the likelihood that a specific robotic
skill will succeed in the current environment. Your evaluation will be used to compute a
token-level log-probability—based common sense confidence, rather than to generate output.
Input Details:

¢ Instruction:
{instruction}

¢ Demonstrations:
Demo 1: {demo_1}
Demo 2: {demo_2}

¢ Observation:
{observation}

* Object List:
{object_list}

« Skill Code:
{skill_code}

124

CSC Feedback Prompt

Role: You are an Al assistant responsible for analyzing why a robotic skill code is likely to
fail and for generating feedback to guide its refinement.

Task: Based on the given context and the Neuro-Symbolic Confidence Score (NeSyConf)
being below threshold, provide structured feedback to help revise or improve the given skill
code.

Input Details:

¢ Demonstrations:
Demo 1: {demo_1}
Demo 2: {demo_2}

¢ Observation:
{observation}

e Skill Code:
{skill_code}

* Confidence Score
Current Confidence Score: {NeSyConf}, Threshold: {threshold}

¢ Instruction:
{instruction}

¢ Object List:
{object_list}

Format:
* 1. Problem Identification
* 2. Justification (Why is it a problem?)
* 3. Proposed Solutions (High-level ideas)
* 4. Additional Notes (Optional)

Instruction to Model: Focus on issues such as force calibration, missing objects, logical
flaws, or unsafe execution. For example: “An object declared in the code is not in the actual
object list.” Your feedback will guide the regeneration of this skill step.

125




126
127
128
129
130
131

132
133
134
135
136
137
138

139
140
141
142
143
144
145
146
147
148

149

Hyperparameter setting. The only hyperparameter in our framework is the confidence threshold
€ used during neuro-symbolic validation. For each skill, we perform five safe exploration probes
under varied initial conditions to estimate its execution confidence. To determine a suitable value of €
for a given environment, we exclude outlier trials in which the probe failed due to non-informative
reasons, which could otherwise deflate confidence estimates. This ensures that € reflects a realistic
and actionable lower bound of confidence for successfully grounded skills.

o o o =
> ) © o

Confidence Score

©
[N)

o
o

Skill 1 Skill 2 Skill 3 Skill 4 Skill 5 Skill 6 Skill 7

I Before Probe After Probe 2 I After Probe 4
After Probe 1 [ After Probe 3 Il After Probe 5

Figure 3: Confidence scores over five safe probes for each of 7 skills in a long-horizon task.

Figure [3]illustrates this process using one of the long-horizon tasks in the RLBench environment.
Each of the 7 skills was probed five times, and confidence scores were recorded before and after each
probe. The figure shows that while confidence increases with repeated probing, it typically saturates
after a few trials, indicating convergence. Based on this observation, we compute the final confidence
distribution by averaging only those probe outcomes that resulted in a successful skill grounding. We
then set € to the lower quartile of this filtered distribution, ensuring a conservative yet robust threshold
that filters out unreliable executions while accepting skills with moderately confident grounding.

Demonstrations format. To support symbolic validation and LLM-based reasoning, we constructed
a general-purpose demonstration library consisting of synthetic examples. These demonstrations were
generated entirely via a large language model (GPT-40) [3]], given domain-level PDDL definitions
and representative symbolic contexts, without requiring environment-specific execution or human an-
notation. Each example encodes typical task-relevant transitions across common household activities
(e.g., opening a drawer, placing an object, turning on a light), and captures both successful and failure
cases under varied symbolic states. In total, we synthesized approximately 500 such demonstrations
spanning over 15 diverse skill types. These examples are reused across all tasks to provide reusable
prior knowledge for CSC computation and to guide safe probing decisions when symbolic grounding
confidence is low.

Demonstration Structure

Each demonstration consists of a sequence of transitions. Each transition is represented as a
dictionary with the following fields:

* initial_observation: symbolic or structured observation before executing the
action.

* action: the skill function executed, such as a call to pick(object) or
open(drawer).

* post_observation: symbolic or structured observation after executing the action.

* success: boolean value indicating whether the action was successful.
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C.3 Baselines Implementation

Code as Policies (CaP) [4] serves as the foundation of our framework and is implemented by invoking
the Code Generator Prompt with the frozen code length set to zero. Although a symbolic specification
is also produced, this baseline does not include any verification process.

CaP w/ Lemur [5] extends CaP by performing verification over the generated specification. This
process is conducted in the exact same manner as the Neuro-symbolic verification phase.

CaP w/ CodeSift [[6] extends CaP by incorporating LLM-based verification and validation. In the
verification stage, CodeSift performs static syntax checks using language-specific tools (pylint
for Python, shellcheck for Bash) and prompts the LLM to summarize the code’s functionality.
This summary is then used in the validation stage to assess semantic alignment with the original
task instruction. The validation consists of multiple sub-steps: semantic similarity scoring, listing
all functional mismatches, and determining whether the implementation is exact. If the code fails
validation, the framework automatically generates refinement feedback and prompts the LLM to
revise the code accordingly. The entire process is orchestrated via a modular pipeline that yields
detailed diagnostic outputs and a refined version of the code when necessary.

LLM-Planner [7] follows the same initial procedure as CaP by generating code from the instruction
using a Code Generator Prompt. During execution in the environment, if an action fails, the planner
captures the current observation and provides it as additional context to the LLM. The previously
executed portion of the code is marked as frozen, and a new code segment is generated to continue
the task from the failure point. As in CaP, a symbolic specification is produced, but no verification or
validation is performed throughout the process.

AutoGen [8]] adopts the same iterative replanning strategy as LLM-Planner, where code is regenerated
during execution upon failure by freezing the executed portion and providing the current observation
as context. The key difference is that it uses a dedicated reasoning model, specifically o4-mini, to
enhance task understanding and decision making. This improved reasoning enables more accurate
replanning. As with LLM-Planner, no explicit verification or validation is performed.



176

177

178

179

180
181
182
183
184
185
186
187
188
189
190
191
192
193
194

195

196
197
198
199
200
201
202
203
204
205
206
207

209
210

D Real-world Experiment Details

D.1 Figure 1 in Main Paper Details

In Figure 1 of the main paper, the bottom-right subfigures illustrating the success of the safe probe
were swapped. The updated version is provided as Figure []

® Clean up the desk (1) Naive Code Generation (2) Verified & Validated Code Generation (ours)
o -]
S initial Observation a2 | Clean upithe desk & Clean up the desk
Large Language Models Ungrounded Code '—"s__ Checkif drawers areempty )
e ETIT pick( , wis=0, .) ) ungrounded Code
pull( ) dist=0.1, ) pick(. )
Ungrounded Code o pull )
;.:i.c;« o0, ) Are empty drawers? Are looked drawers? |
pull(  dist=04, .) =l -
There is dice on the table e Grounded Code [} Grounded Code
There is box on the table tr
pick(top_drawer_handle, axis=0, ...) pick(top_drawer_handle, ...)

pull(top_drawer_handle, ast=0., .) pultop_drawer_hande ...)

There is book on the table
book is on the bookshelf

1
: top_drawer is empty 1
1 bottom_drawer is full gast—

Task
Success

There is three-level drawer Recursive I)
Figure 4: Concept of our NESYRO framework illustrated with an example of a room-cleaning task
where drawer states are initially unknown. (Updated version)

In this section, we provide a detailed explanation of Figure ] The complete execution sequence
depicted in Figure []including all safe probes is illustrated in Figure 5] To demonstrate the reliability
of NESYRO in a real-world setting, we tasked an embodied agent with the instruction “Clean up the
desk” and compared NESYRO against a naive code generation approach. As depicted in Figure 4]
the naive approach failed in partially observable environments, leading it to execute an irreversible
action by not recognizing that the middle drawer might be locked. In contrast, NESYRO addresses
this uncertainty using a safe probe pipeline to acquire the missing observations. It initially plans a
safe probe to determine whether the drawers are empty. However, through its recursive validation
phase, it subsequently identifies the need to observe the locked status of the drawers. Consequently,
Safe Probe 1, which checks the locked status of the drawers, is executed first, as shown in Figure@
Upon its completion, the agent adds observations confirming that the middle drawer is locked and
that the top and bottom drawers are unlocked. Subsequently, Safe Probe 2, which checks whether
the drawers are empty, is executed and adds observations confirming that both the top and bottom
drawers are empty. With these observations acquired, the policy code is now grounded. NESYRO
proceeds to successfully execute the “Clean up the desk” instruction.

D.2 Figure 5 in Main Paper Details

This section provides a detailed explanation of Figure 5 in main paper. The complete execution
sequence depicted in Figure 5 of main paper including all safe probes is illustrated in Figure [6] To
further evaluate the robustness of NESYRO in a real-world setting, we implemented the instruction
“Place one dice into a drawer in a dark room” which represents partially observable environments.
This requires auxiliary manipulation such as turning on the light to restore visibility before executing
the main task. The initial policy code 7, Was ungrounded, missing observations regarding drawer
visibility and lock status. To resolve this, NESYRO activates its safe probe pipeline and first generates
Safe Probe 1 to turn on the light, enabling the agent to perceive object locations. However, even
after Safe Probe 1, the NeSyConf for the skill pick(middle_H, ...) remains below a threshold.
In response, NESYRO generates Safe Probe 2 to check the lock status of the drawers. This probe
confirms that the top and bottom drawers are unlocked, while the middle drawer is locked. Based
on these observations, the code is refined by replacing the initial skills that placed one dice into the
middle drawer with new skills that place it into the top drawer. As a result, the skill pick(top_H,
.. .) becomes ready to execute. Subsequently, during the validation of pick(dice, ...),the agent
identifies the need to check whether the drawers are empty. Consequently, NESYRO generates Safe

10



211 Probe 3 to check whether the drawers are empty. This probe detects trash inside the top drawer,
212 leading to the insertion of additional code that removes it. These added skills also undergo the same
213 validation phase in sequence. Once all skills are marked as ready to execute, the policy code is
214 considered grounded. NESYRO proceeds to successfully execute the given instruction.

Instruction: Clean up the desk

r

Safe Probe 1: Are locked drawers?

Figure 5: Real-world execution sequence of the instruction “Clean up the desk”
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Instruction: Place one dice into a drawer in dark room

g )

Safe Probe 1: Turn on light

- J

Figure 6: Real-world execution sequence of the instruction “Place one dice into a drawer in dark
room”
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