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Abstract—Wireless network simulation and optimization are
difficult because they require solving a complex cross-layer
configuration problem while interacting with complex 3D radio
environments. For decades, engineers have relied on channel
models, channel simulators, and extensive standards to guide this
process, but using them correctly still requires substantial domain
expertise and engineering effort. Recent language-model agents
can automate parts of wireless reasoning and code generation,
yet they are not trained for the cross-layer setting in which
an agent must construct a 3D radio environment, bind it to
radio and network assumptions, and run simulations inside it.
We present AutoNetSim, a self-evolving language-agent system
for intent-driven wireless network simulation. Given a natural-
language request, it constructs an executable radio environment
that combines a 3D scene with a cross-layer wireless-system
configuration and optimization. The system uses a multi-agent
architecture with specialized scene-building, simulation, reflection,
planning, and skill-learning agents. It learns from previous
tutorials, worked examples, prior simulation results, and its own
failed trajectories, then updates a procedural skill and knowledge
base through verifier-driven optimization. We evaluate the system
on benchmark suites covering 3D radio environment generation,
wireless simulation, and token efficiency across multiple indoor
and outdoor scenarios. On 3D radio environment generation,
AutoNetSim reaches 72.5% held-out pass rate, whereas both
baselines fail to solve any test task. Across ten ray-tracing, physical-
layer, and network/system-level simulation families, it averages
95.5% pass rate, while both baselines stay below 70.0%.

I. INTRODUCTION

Wireless-network deployment is a high-stakes engineering
task whose difficulty appears before any optimization or
planning algorithm can be run. A deployment question must
first be translated into a faithful cross-layer simulation problem
that specifies the physical environment, the radio-system
configuration operating inside it, and the link- or system-level to
evaluate. This translation is hard not merely because a wireless
network is tied to the physical world, or because it has a
large parameter space. It is a coupled network-system problem
because the behavior of a radio configuration depends on the
physical environment in which it is deployed. Propagation is
shaped by geometry, radio materials, and device placement,
while the meaning of that propagation depends on radio access
choices, physical-layer settings, link behavior, and system-level
objectives [1], [2].

The wireless community has spent decades managing this
complexity through standardization and softwareization. Indus-
trial and academic engineers document common assumptions
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in standards, channel models, and material recommendations,
including 3GPP TR 38.901 [3] and ITU-R P.2040 [4]. They
also release software platforms that encode this expertise into
reusable tools, ranging from packet-level network simulators
and commercial planning suites to channel-sounding and
radio-propagation toolchains [5]-[7]. In this paper, we use
NVIDIA Sionna as the representative backend because it is
an open-source wireless simulation ecosystem that spans radio
environment modeling, link-level communication experiments,
and system-level studies [8], [9]. Recent integrations further
connect Sionna with network simulators and wireless digital-
twin stacks [10], [11]. These efforts make wireless research
reproducible, but they do not make it simple. As networks
become denser and more environment-dependent, users must
still read large bodies of documentation, choose compatible
abstractions across layers, assemble simulator artifacts, and
interpret multi-modal results. The expertise bottleneck therefore
shifts from writing every model from scratch to keeping stan-
dardized knowledge, simulator software, physical assumptions,
and network objectives mutually consistent.

The emergence of large language models has opened a new
path for reducing this burden. LLMs can already generate code
and operate tools in many software-engineering settings [12],
[13], and recent wireless agents use LLMs for network slicing,
mobile service assurance, wireless homework, radio-map gen-
eration, base-station siting, and optimization formulation [14]-
[18]. These systems show that wireless tasks benefit from
structured agent workflows, but they also expose a missing
capability. If an LLM agent is asked only to operate a network
through code or text interfaces, it can remain at the level of
abstract states, logs, and optimization variables. A wireless
simulation agent must instead act more like an embodied
agent living inside a radio environment, where every network
decision is tied to physical geometry, radio materials, device
topology, protocol settings, and downstream objectives. This
requirement is also different from existing language-guided 3D
scene generation, which focuses on visually plausible layouts or
embodied-Al environments [19]-[21]. For wireless simulation,
the scene is not the endpoint; it is the substrate on which the
radio system operates. The agent must understand which objects
matter for propagation, how material choices affect the channel,
how topology changes the wireless network, how physical-layer
choices change the interpretation of the result, and how all of
these choices should be translated into simulator artifacts and
follow-up experiments. Existing wireless agents largely operate
on abstract network states, optimization variables, or existing



Executable
Radio Environment

%b

Agentic
Sionna
Plannmg/Reasoning »
@Build Radio World
@ SYS Simulation

Build a private 5G
office with 1 gNB, 10
UEs, glass walls,

desks, and meeting
rooms. Run simulatiol
to evaluate RSRP

coverage and identify
coverage holes.

User

Optimizati
primization Simulation & Optlmlzatlon
* L I
Experience q lI
— | SkillUpdate
Memory) | | SN UPYA | mm e
{ Y) Covergge Link Network

Fig. 1: AutoNetSim converts natural language into executable
radio environments and learns from experience. A user describes
a wireless simulation goal; the agent builds the 3D radio environment,
binds it to network and experiment assumptions, executes Sionna
simulations, and improves its skill through a self-evolving process
driven by prior cases and current failures.

radio maps; they do not close this language-to-cross-layer-
simulation understanding gap. Existing benchmarks reinforce
the same limitation because they typically evaluate text-level
planning, isolated optimization, existing radio maps, or visually
plausible scenes, so success does not require constructing a
simulator-loadable radio environment, preserving RF-material
and device assumptions, or carrying those assumptions into
link- and system-level metrics. Scaling training alone is also
difficult because wireless simulation lacks a large, high-quality
corpus that pairs tasks, simulator code, radio environment
scenes, and verified outputs, while collecting such experience
from engineers requires domain expertise, simulator execution,
and inspection of the resulting radio map.

To bridge this gap, we present AutoNetSim, a self-evolving
LLM agent for wireless network simulation and planning,
as shown in Fig. 1. AutoNetSim treats wireless simulation
as reasoning inside an editable radio environment, where it
learns from prior materials and its own trials, understands
3D geometry and radio materials, creates and edits radio
environments, runs cross-layer network simulations inside them,
interprets multi-modal outputs, and uses the results to decide
follow-up experiments. AutoNetSim does not introduce a new
general memory mechanism or self-evolving algorithm. Instead,
it applies established ideas such as reusable skills and learning
from failures to wireless simulation. The resulting workflow
connects simulation code generation with validation based on
wireless physics. This distinction matters because the agent
writes simulator code and maintains the environment, system,
and experiment assumptions that make the code physically
meaningful. Realizing this vision requires solving three linked
problems, each paired with a system mechanism.

First, operating a 3D radio environment is difficult because
existing coding agents do not have a reliable interface for
understanding and manipulating coupled radio environments,
where geometry, radio-material assignment, device placement,
network topology, and simulator export must stay consistent.
AutoNetSim addresses this with a Sionna-based radio environ-
ment skill that exposes these operations as procedural tools.
The agent edits a structured scene representation, applies object,
material, and device-topology rules, validates layout constraints,
and uses rendered scenes and radio maps as feedback.

Second, reasoning through wireless simulation tasks requires
more than a general ReAct-style coding loop, because ordinary
software agents do not capture how wireless engineers carry
assumptions from a scenario across radio access choices,
physical-layer parameters, simulator code, metrics, and follow-
up experiments. AutoNetSim adapts this loop into a hierarchi-
cal learning process that bootstraps from retrieved tutorials,
repositories, and prior cases, runs and repairs simulations with
execution feedback, and converts failure cases into auditable
skill updates that can be reused on future tasks.

Finally, benchmarking radio environment competence is itself
missing because there is no standard benchmark for measuring
whether an agent can turn language into executable, physically
meaningful wireless simulations. AutoNetSim therefore builds a
Sionna-centered benchmark in the spirit of execution-grounded
software benchmarks. We distill tasks from public tutorials,
documentation, and worked examples, stratify them by radio
environment, link-level, and system-level difficulty, and eval-
uate them with verifiers that check both executable artifacts
and cross-layer domain constraints.

This paper makes the following three contributions:

1) Executable radio environment generation. AutoNetSim
converts natural-language environment descriptions into
simulation-ready radio environments.

2) Agentic wireless simulation. AutoNetSim turns open-ended
user requests into executable cross-layer network simulation
and optimization experiments with high pass rate.

3) Self-improving simulation skills. AutoNetSim improves the
agent skill substrate through failure-driven discrete updates
scored by execution-based wireless verifiers.

We instantiate AutoNetSim on NVIDIA Sionna with Claude
Sonnet 4.6 [22] as the primary LLM backbone, and evaluate
it on 3D radio environment generation, wireless simulation,
and token efficiency. On 3D radio environment generation,
AutoNetSim reaches 72.5% held-out pass rate, compared with
0.0% for both Naive LLM and Self-Written Skill. Across ten
ray-tracing, physical-layer, and network/system-level simulation
families under simple natural-language prompts, AutoNetSim
averages 95.5% pass rate, while Naive LLM stays at 60.0%
and Self-Written Skill at 66.5%; on system-level tasks even
under heavily engineered prompts AutoNetSim retains a 35.5%
and 29.0% lead over the two baselines, and reduces generated
tokens by 32.0% on average. The codes and demo traces
are available on our project page at pervasive-intelligence-
lab.github.io/agentic-sionna.

II. RELATED WORK

LLM agents for wireless networks. Recent work has
explored LLM agents for wireless-network reasoning, control,
and optimization. WirelessAgent [14] introduces a structured
perception—memory—planning—action architecture for network
slicing, while WirelessAgent++ [15] extends this line by repre-
senting agent workflows as executable programs and optimizing
them through domain-adapted search. WirelessBench [23] pro-
vides a tolerance-aware benchmark for evaluating LLM agents
on wireless-network intelligence. ComAgent [ 18] coordinates
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multiple LLMs to produce solver-ready wireless optimization
formulations, and other efforts target radio-map generation [16],
base-station siting [17], and network-control interfaces [24].
These approaches either rely on predefined agent structures or
optimize workflows in a dedicated design stage; they do not
continuously convert execution failures into reusable procedural
knowledge for future wireless tasks. In contrast, AutoNetSim
uses verifier feedback and failed simulation trajectories to
iteratively improve its procedural skills and memory while
grounding this learning in executable 3D radio environments
and cross-layer wireless simulations.

LLM-assisted wireless and scientific simulation. RadioSim
Agent [25] combines an LLM with deterministic radio simula-
tors and vision-based interpretation, but focuses on interactive
analysis of radio maps in existing scenarios. LLM-ns-3
integration instead generates packet-level simulation code [26],
while VLM-guided differentiable radio simulation estimates
material parameters for a fixed scene [27]. In adjacent scientific
domains, FeaGPT [28], AutoMOOSE [29], MCP-SIM [30], and
COSMO-Agent [31] demonstrate agentic workflows for finite-
element analysis, phase-field modeling, and general physics.
These systems establish the value of LLM-assisted simulation,
but do not jointly construct a 3D radio environment, execute
cross-layer wireless experiments within it, and diagnose the
resulting spatial and numerical artifacts.

Learning reusable agent skills. AutoNetSim builds on the
tool-augmented reasoning paradigm introduced by ReAct [32]
and on work that formalizes agent skills as portable proce-
dural capabilities [33], [34]. AFlow searches over executable
agent workflows [35], whereas SKILLRL distills successful
trajectories into reusable skills [36]. Unlike them, our focus
is verifier-guided skill evolution for wireless simulation: a
proposed update is retained only when execution-based checks
show that it improves simulator-facing artifacts while preserving
geometry, radio configuration, output schemas, and cross-layer
consistency.

Language-guided 3D scene generation. LayoutGPT [19],
FlairGPT [37], Holodeck [20], and OptiScene [2]] generate
visually plausible indoor environments from language. Their
goal is scene layout or embodied-agent interaction, rather
than wireless simulation, so they do not assign materials
according to radio behavior or verify simulator loadability. In
contrast, AutoNetSim treats the generated scene as an executable
simulation input: objects remain individually addressable, carry
radio-material and device metadata, and are checked for
geometric validity before downstream wireless experiments.

III. BACKGROUND: WIRELESS SIMULATION

Wireless network simulation ecosystem. We use NVIDIA
Sionna as the representative backend because it provides a
mature open-source ecosystem for wireless-system research [8],
[38]. As shown in Fig. 2, Sionna connects three levels that
are often handled by separate tools. At the environment level,
its ray-tracing interface builds 3D radio scenes, models prop-
agation through geometry and radio materials, and produces
channels and radio maps [9]. At the communication level, its
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Fig. 2: Sionna Wireless Network Simulator Architecture.

physical-layer and link-level APIs support modulation, coding,
MIMO processing, OFDM chains, and error-rate evaluation.
At the network-abstraction level, its system-level APIs support
studies based on physical-layer abstraction.

From radio environment generation to simulation arti-
facts. A central strength of the ray-tracing simulator is that
it can import customized radio environments and generate
site-specific channels. To build such a radio environment, we
need to build detailed indoor scenes in 3D modelling software
(e.g., Blender) by placing the objects that define each room,
assigning every object a radio material, importing the scenarios
into Sionna with transmitter and receiver locations, and then
generating channels [39]. Outdoor workflows impose a similar
burden at city scale [40]. The conventional workflow, however,
remains engineering-heavy. An engineer must construct or
edit the 3D scene, place each mesh at the right scale and
pose, assign a radio-relevant material to every object, export a
Mitsuba/Sionna-compatible XML scene description, and import
that scene into the simulator. The workflow also requires
configuring transmitters, receivers, antenna arrays, camera or
viewpoint objects, and rendering or radio-map parameters. This
process remains difficult because the environment is not a
passive visual asset. Many studies further require dynamic
scene edits to emulate motion or deployment changes, such as
moving furniture, users, or access points, making the workflow
even more tedious to set up and maintain.

Why the stack is hard for general agents. Sionna exposes
the right abstractions, but it also exposes the main difficulty
for LLM agents because correctness is distributed across the
whole wireless stack. A valid simulation requires consistency
across scene geometry, material models, exported files, device
placement, channel assumptions, physical-layer parameters,
requested metrics, system objectives, and plotting or reporting
code. Many failures are semantic. A scene may load but use
visually plausible materials with implausible radio behavior,
a script may execute but evaluate a mismatched channel
assumption, or a heatmap may look reasonable while answering
the wrong deployment question. This is the documentation-to-
artifact burden that AuroNetSim targets with radio environment
skills, Sionna worked examples, and execution-based checks.

IV. SYSTEM OVERVIEW

AutoNetSim is built on two observations. First, modern agents
can perform multi-step reasoning, but wireless simulation
makes each reasoning chain long because the agent must
coordinate geometry, materials, Sionna APIs, plots, metrics,
and diagnosis. We use a multi-agent workflow to shorten each
worker’s reasoning path and improve stability. Second, agents
can improve through self-iteration when failures are tied to



executable feedback. We use training cases, verifier reports,
and failed trajectories to update a reusable procedural skill.

Fig. 3 shows how these ideas are implemented as a closed-
loop system. (1) The Orchestrator converts a natural-language
request into a typed simulation plan that records the scenario,
required radio environment artifacts, target wireless experiment,
cross-layer assumptions, constraints, expected outputs, and
stopping condition. It dispatches workers with scoped skills and
keeps the session state consistent. (2) The Scene Builder owns
the radio environment: it creates or edits a structured scene
representation, grounds objects in an asset catalog, assigns
radio materials, validates geometry and clearance constraints,
and exports simulator-ready artifacts. (3) The Simulator owns
executable wireless experiments across ray-tracing, physical-
layer, and system-level simulation; it adapts worked examples
to the current task, runs the generated code, and records
parameters, plots, metrics, and provenance. (4) The Verifier
and Reflector check the generated artifacts, interpret heatmaps
and numerical metrics, and hand structured diagnoses to the
Experiment Planner for follow-up actions such as access-point
relocation, carrier changes, or parameter sweeps. (5) The
Skill Learner uses verifier and reflection outputs from failed
trajectories to update the procedural skill and memory bank.
Each subagent can query this memory bank when it is invoked,
so successful patterns, failure cases, and accepted skill edits
become reusable context for later tasks. This architecture
lets AutoNetSim behave as a radio environment agent. It
can understand a prompt, build the environment implied by
the prompt, run the requested wireless simulation inside that
environment, check whether the physical, link-level, and system-
level artifacts are consistent, and improve from the cases where
the workflow fails.

V. SYSTEM DESIGN

AutoNetSim is built around 4 mechanisms that keep wireless
reasoning tied to a coupled radio environment and network
stack. First, a multi-agent network simulation and optimization
architecture specializes the ReAct paradigm [32] into a wireless
plan-act-validate-reflect loop over typed artifacts. Second, a
shared RAG memory loads learned skills, prior cases, Sionna
templates, API notes, and verifier rules without placing the full
memory into every worker context. Third, a radio environment
construction skill turns natural language into a structured
scene coding task whose outputs can be exported to Sionna-
compatible XML. Fourth, a skill-improvement loop converts
failed trajectories into auditable updates to the procedural skill.

A. Multi-Agent Network Simulation Architecture

ReAct shows that language agents can interleave reasoning
with tool actions [32]. Wireless network simulation and opti-
mization need a stricter variant because the intermediate objects
include radio environment states, Sionna scripts, optimization
candidates, plots, numerical metrics, and verifier outcomes
whose assumptions must remain consistent across propagation,
physical-layer, and system-level layers. AutoNetSim therefore
implements plan-act-validate-reflect as the control logic of
a multi-agent architecture with scoped worker contexts. In
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Fig. 3: Architecture of AutoNetSim. A central Orchestrator dispatches
typed tasks to isolated subagents. The outputs form an executable
radio environment, bind it to a cross-layer experiment, and feed a
skill-learning loop that improves future simulations.

the planning step, the Orchestrator translates the user request
into the next typed artifact to produce. In the acting step,
a specialized agent edits a scene state, writes Sionna code,
runs a simulation, evaluates optimization candidates, or pro-
poses a follow-up experiment. In the validation, deterministic
checks and simulator execution decide whether the artifact
is acceptable. In the reflection step, the Reflector explains
why validation failed or why a successful run suggests the
next experiment or optimization move. For example, validation
can flag an invalid material assignment or a missing radio
map, while reflection can attribute a coverage gap to wall loss,
furniture blockage, distance attenuation, or an inconsistent AP
placement assumption.

Runtime workflow. At inference time, the architecture in
Fig. 3 routes each user intent through five named components.
(1) The Orchestrator performs intent understanding, planning
and routing, and memory retrieval. It converts the request into a
typed task plan that records the radio environment, device and
RF settings, simulator layer, expected artifacts, and validation
conditions. (2) The Scene Builder constructs the layout and
radio-material assignments, producing a structured radio scene
while preserving constraints such as locked objects, device
locations, and room dimensions. (3) The Simulator writes and
executes Sionna scripts and produces simulation artifacts for
ray tracing, physical-layer simulation, cross-layer workflows,
and optimization sweeps. (4) The Verify & Reflector validates
prompt preservation, geometry, simulator loadability, execution,
finite outputs, and cross-layer consistency, diagnoses failures
or follow-up needs, and returns feedback to the Orchestrator.
(5) The Skill Learner uses this feedback to fix and update
procedural skills and records API solutions, verified skills,
repairs, and failure root causes in the Memory Bank. Because
the components exchange typed, inspectable artifacts, each
radio scene, simulation artifact, diagnosis, and skill update can
be validated, replayed, and reused. For parameter sweeps, the
Orchestrator can dispatch multiple Simulator runs in parallel
and merge their result schemas.

Shared RAG memory. The agents share an explicit retrieval
memory that stores learned procedures, prior cases, Sionna
templates, verifier rules, and compact session summaries. This
memory contains (1) learned skill blocks, (2) prior successful



and failed trajectories, (3) Sionna templates and API notes, (4)
verifier rules, and (5) compact session summaries. Retrieval is
necessary because this memory is expected to grow. Injecting
the full skill file, all templates, and all failure notes into every
worker would be token-expensive and would distract the worker
with procedures for unrelated tasks. The RAG layer therefore
acts as the multi-agent memory manager by loading only the
procedural knowledge needed by the current worker and leaving
the rest of the memory out of context.

Task-conditioned hierarchical retrieval. Given a user re-
quest, the Orchestrator first normalizes it into a structured query
with fields for task family, simulator layer, wireless entities,
target artifact, scene context, requested metric, and likely
verifier constraints. Following standard RAG and dense retrieval
methods [41], [42], the Orchestrator combines the structured
query with the latest message. All-MiniLM-L6-v2 [43], [44]
encodes this text, averages its token representations, and nor-
malizes the result to produce a 384-dimensional vector. Memory
entries are converted into vectors in the same way and stored
in ChromaDB [45] using HNSW [46]. The system filters the
entries by task family and simulator layer, ranks the remaining
entries by cosine similarity to the query, and returns the top four.
For example, a request such as “generate a 28 GHz coverage
map in a built-in urban scenario and compare two base-station
positions” activates the coverage family, the selected Sionna
scenario, a RadioMapSolver-style template, heatmap and path-
gain outputs, and transmitter-placement checks. Retrieval then
proceeds coarse-to-fine. First, a router searches compact module
cards and selects one or two regions such as radio environment
construction, coverage-map generation, path extraction, cross-
layer channel conversion, BER/BLER simulation, MIMO-
OFDM, or system-level mobility. Second, a procedure search
runs only inside the selected regions to retrieve concrete
skill blocks and worked templates. Third, a failure/verifier
search retrieves narrow notes keyed to the selected procedure,
such as invalid Sionna scene names, incompatible antenna-
array dimensions, LDPC code-rate limits, resource-grid shape
mismatches, or missing radio-map outputs. The Orchestrator
then assembles a worker prompt with the user goal, selected
skill excerpt, reference templates, expected artifact schema,
and verifier checklist. As the skill and failure library grow,
retrieval keeps token cost tied to the task-specific fragments
loaded for each worker.

B. Radio Environment Construction

To simulate a network or optimize a deployment, AutoNetSim
must first construct the radio environment in which candidate
devices, propagation paths, and network decisions are evaluated.
We therefore design a dedicated radio environment construction
skill for simulator-facing scene construction. A naive alternative
would be to call an existing language-driven 3D scene generator,
such as LayoutGPT, FlairGPT, Holodeck, or OptiScene [19]-
[21], [37]. These systems are useful for producing visually
plausible layouts or embodied-Al environments, but visual
plausibility is not the contract required by wireless simulation.
For a radio environment, correctness depends on whether the
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scene can expose object geometry, poses, material behavior,
and device metadata to the simulator and to later deployment-
optimization steps.

Network and radio environment simulators, with Sionna as
one representative backend, typically require a structured scene
with explicit object-level representation. Here, a structured
scene means a collection of individually addressable 3D mesh
objects or geometric primitives, where each object carries
metric geometry, coordinate pose, semantic identity, radio-
material assignment, and optional device metadata. This object-
level structure is what lets the agent independently edit a
transmitter, preserve locked furniture during scene revision,
assign a high-loss material to one partition without changing
the rest of the room, and verify that every RF-relevant object is
covered by a valid material. Naive text-to-3D or image-to-3D
generation is therefore insufficient because it may produce an
attractive visual artifact while entangling multiple objects into
one surface, hiding semantics in texture, omitting controllable
radio-material mappings, and failing to expose the scene graph
that a wireless simulator or verifier needs.

AutoNetSim converts environment generation into a con-
strained scene-programming workflow over a structured scene
state. As shown in Fig. 4, the Scene Builder (1) parses the
prompt into room geometry, architectural elements, furniture
requirements, material hints, device topology, and locked user
constraints; (2) derives a hybrid geometric representation for
architectural envelopes; (3) grounds furniture in a 3D asset
catalog with measured dimensions; (4) assigns object-level
radio materials and device metadata; (5) optimizes layout
under geometric constraints; and (6) exports and validates
the resulting scene through simulator-facing middleware. This
pipeline keeps the generated environment editable at the object
level while still producing the strict simulator artifact needed
for ray tracing and downstream network experiments.

Hybrid geometric representation. AutoNetSim does not
ask the language model to invent every wall mesh directly.
Instead, the Scene Builder emits a compact state with (1) a
floor polygon or connected room polygons, (2) room height,
(3) wall-segment attributes such as windows and doors, (4)
radio-material assignments, (5) furniture categories and selected
mesh IDs, and (6) device locations. Deterministic geometry
code then derives the simulator geometry from this state. For
a rectangular room, the floor polygon contains four vertices;
for an L-shaped or multi-room task, it contains the additional
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concave vertices or connected room polygons. Each adjacent
vertex pair becomes a wall segment that is extruded by the
room height to form a 3D wall surface, while floors and
ceilings are generated from the same polygon. Windows and
doors are stored as attributes on wall segments, allowing
the geometry code to cut openings and insert glass or door
materials while preserving the same wall coordinate system.
This representation is hybrid because architectural envelopes are
programmatic and consistent, while furniture is selected from
the 3D-FUTURE [47] mesh catalog and placed using measured
AABBs. The language model therefore controls semantic and
RF-relevant choices, such as room shape, material assignment,
furniture selection, and placement constraints, while low-level
wall geometry is mechanically derived from the floor plan.

Scene middleware. AutoNetSim maintains the radio envi-
ronment as a structured scene state and exports it through
multiple middleware formats. A 2D floor plan supports quick
human inspection. The Mitsuba representation is the simulator-
facing artifact used by the ray-tracing backend. It assigns ITU
radio materials to walls, floors, windows, ground, and furniture
categories, and reconciles coordinate conventions before Sionna
loads the scene. This middleware is important because it gives
the agent an editable representation of the environment while
still producing the strict file format expected by the simulator.

Layout and material validation. The layout stage uses
deterministic constraints for placement and clearance. The
optimizer combines in-bounds placement, AABB collision
avoidance, door and pathway clearance, wall affinity, room-
shape constraints, and user-specified locks. After export, the
verifier checks whether the generated scene preserves the
prompt, satisfies geometry and capability constraints, covers
architectural and furniture objects with valid radio materials,
and loads through Sionna. This final check closes the con-
struction pipeline by ensuring that visual plausibility, object
semantics, RF material control, and simulator loadability agree
in the same artifact.

C. Simulation Reasoning and Skill Improvement

Once a radio environment exists, AutoNetSim must generate
the cross-layer wireless experiment that answers the user’s
question. The Simulator does not treat worked examples as
fixed templates to copy. Following the multi-step reasoning
used by agents, the Orchestrator decomposes a request into a
task plan and retrieves relevant knowledge for its individual

steps through vector search. A new task may therefore combine
knowledge from coverage-map generation, path extraction, link-
quality evaluation, or system-level aggregation even when no
single example matches the request. The Simulator adapts
and composes the retrieved skills, API notes, and worked
examples into a new program for the current scene and task. The
generated code is screened for valid package imports, network
configurations, and consistency with the radio environment and
the requested link- or system-level objective. Every successful
run emits a result schema containing metrics, plots, simulation
parameters, cross-layer assumptions, and provenance.

Reflection in AutoNetSim operates at two complementary
timescales. Online reflection occurs inside a single trial and
keeps the agent on a feasible execution trajectory, as shown
in Fig. 5. Offline reflection operates across trials and distills
persistent lessons into the procedural skill that governs all
subsequent runs. The two are coupled through a shared verifier:
the same checks that gate a single trial’s success also produce
the structured failure traces that drive offline updates.

Online reasoning with an inline verifier. A runnable script
can still answer the wrong wireless question, and an executable
script can still terminate with a covertly malformed result.
We therefore embed a ReAct-style plan—act—observe loop [32]
inside every trial: the Simulator emits a script and an expected
result schema, the harness executes it, and the inline verifier
inspects both the standard error stream and the structured
outputs against the radio environment and user requirements.
If execution fails because of an unresolved import, a type or
schema mismatch, an infinite or all-zero metric, a dropped user
dimension, or a fairness index inconsistent with the reported per-
user rates, the verifier returns a localized diagnosis. The agent
then edits the code and reruns it within the same turn budget
so that low-level bugs are addressed before they propagate to
the user. On a semantic-level failure, a multi-modal Reflector
consumes numerical metrics, rendered heatmaps, scene context,
and the user prompt to diagnose coverage completeness, signal-
strength uniformity, and blind-spot location, attributing each
blind spot to a closed taxonomy of wall occlusion, furniture
blockage, distance attenuation, interference shadow, or material
penetration loss. The Experiment Planner closes the loop by
running a simulate—reflect—adjust cycle that terminates when
the user’s target is met, the diagnostic confidence falls below
threshold, or the iteration budget is exhausted.

Offline failure-driven skill update. Online reflection cor-
rects per-trial trajectories but cannot prevent the same class
of mistake from recurring across sessions. After each training
batch with ground-truth oracles, AutoNetSim updates the
procedural skill, a human-readable Markdown file kept under
version control. For each failed trajectory, the verifier’s checks,
the captured stdout/stderr, and the oracle comparison are fused
into a five-tuple (OBSERVATION, FAILURE, CORRECTION,
PRINCIPLE, UPDATETARGET). A classifier then routes the
trajectory to one of seven classes, namely skill not consulted,
consulted but ignored, content wrong, coverage gap, model-
capability ceiling, environment error, and reward hacking. Only
the first three drive skill edits; the rest are routed to model or
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harness upgrades, or to a tighter verifier. The orchestrator picks
the dominant editable class, proposes one edit to one active
section, reruns the verifier on the train split, and accepts the
edit only if pass rate improves by at least two percentage points
with no regression. Adopted principles are also embedded into a
per-skill memory index for retrieval at inference time, avoiding
prompt inflation. Fig. 6 shows this loop.

This loop differs from neural training in three ways. The
update unit is a named section, not a gradient step. The rationale
is visible in the iteration log. Rollback is a normal version-
control operation. These properties are useful in wireless
simulation, where users must trust the executed script and
inspect the assumptions behind the run.

VI. IMPLEMENTATION

A. Software Prototype

We implement AutoNetSim as a Python prototype with a
multi-agent plan-act-validate-reflect loop adapted from Re-
Act [32]. The Orchestrator and each worker communicate
through typed JSON artifacts. Scene workers return a structured
scene state, simulator workers return runnable scripts and
result schemas, reflectors return typed diagnoses, and the Skill
Learner returns a proposed Markdown edit plus a verifier
report. The initial task templates and procedural skill are
constructed from tutorials spanning scene-aware propagation,
physical-layer simulation, and system-level network simulation.
The scene-generation stack uses 3D-FUTURE assets [47],
Trimesh for mesh loading and axis-aligned bounding box
(AABB) measurement [48], Shapely and SciPy/SLSQP for
geometric constraints and layout optimization [49]-[51], and
Mitsuba scene descriptions used by the ray-tracing backend [9],
[52], [53]. An AABB is the smallest coordinate-aligned box
enclosing a mesh; we use its width, depth, and height to test
furniture placement, clearance, and collisions without relying
on visual inspection. The SciPy/SLSQP constraints encode
continuous layout rules such as keeping objects inside the
room polygon, maintaining separation between AABBs, leaving
door/pathway clearance, and honoring user-specified object
locks. The wireless stack wraps high-level Sionna templates
for ray tracing, physical-layer simulation, and system-level
simulation, then adapts them to the scenario, devices, metrics,
and output schema requested by the user. Each run records
the prompt, retrieved references, active skill version, generated

artifacts, validation outcomes, and simulator logs so that a
failed task can be replayed during skill iteration. The prototype
also includes a dashboard that displays the generated 3D radio
environment together with simulation results such as coverage
maps, traces, and summary metrics.

B. Model and Hardware Backends

For closed-source model experiments, we call hosted APIs.
The primary backbone in the reported prototype is Claude
Sonnet 4.6, and cross-model checks use OpenAl GPT and
Anthropic Claude API endpoints [22], [54]. For open-source
model experiments, we serve Llama-3.3-70B-AWQ [55] and
Qwen3-Coder-30B-A3B-Instruct [56] on NVIDIA A100 GPUs
and run the same benchmark harness, validators, and Sionna
jobs against the local endpoint. This split keeps the agent code
and verifier code fixed while changing only the model backend.
Ray-tracing, physical-layer, and system-level experiments exe-
cute on GPU-equipped Python environments with TensorFlow
and Sionna 2.0 installed [8], [38], [57]; CPU-only checks
are used for structural validation, JSON/schema validation,
geometry constraints, and artifact existence.

VII. EVALUATION

A. Experimental Benchmark Setup

Benchmark protocol. Each benchmark instance is specified
by a natural-language prompt. The prompt describes the
simulation or generation goal, the relevant scenario assumptions,
and the expected output form. The agent then produces the
required artifact for that stage, which may be a structured
radio environment, an executable Sionna script and reported
metrics, or a structured network/system-level trace. For wireless
simulation and optimization tasks, we evaluate each agent
under two prompt settings. The simple prompt setting gives
a concise natural-language description of the scene, devices,
and desired metric, but leaves most implementation details
implicit. The enhanced prompt setting gives an engineer-
written structured input with explicit Sionna APIs, physical
parameters, output schema, forbidden shortcuts, and verifier-
facing requirements. All conditions receive the same task
prompt, model backbone, tool access, and verifier harness
unless a task explicitly evaluates enhanced prompting.

Baselines. We compare three agent settings: (1) Naive LLM
is a plain coding agent that receives the task prompt and
directly writes the requested scene artifacts or Sionna scripts.
(2) Self-Written Skill first reads the available Sionna/domain
documentation and writes its own procedural skill, then uses
that self-authored skill to solve the task. (3) AutoNetSim uses
our verifier-improved procedural workflow, initialized from
tutorials and worked examples and refined through at most five
accepted updates before frozen evaluation.

Verification. The benchmark uses execution-based verifi-
cation with task-specific checks. The primary score is pass
rate, defined as the fraction of trials that satisfy all required
checks. A trial passes only if it produces the required files, the
generated code, the returned schema has the required fields
and dimensions, all reported values are finite and accurate, and



TABLE I: Pass rate and error-category rates.

Pass Geometric Structural Semantic Executability

Condition rate T error | error | placement | error |
Naive LLM 0.0%  80.0% 27.5% 15.0% 27.5%
Self-Written Skill 0.0%  87.5% 35.0% 12.5% 27.5%
AutoNetSim 725% 15.0% 17.5% 7.5% 10.0%

the task-specific metrics satisfy the verifier. Each task has an
independent reference or oracle. Radio environment tasks check
structured scene state and Sionna loadability, deterministic
simulation tasks are compared with a trusted reference run, and
optimization tasks are compared with a brute-force reference.
Boundary-condition checks enforce domain sanity across
geometry validity, power and rate ranges, monotonic trends,
scheduler dimensionality, and fairness arithmetic. An audited
tolerance window defines the acceptable difference between a
generated result and its reference output for each task family.
The same frozen thresholds are applied to AutoNetSim and all
baselines.

B. Radio Environment Generation Evaluation

Setup. This stage evaluates whether the agent can turn
natural language into a simulator-facing 3D radio environment.
The suite contains 100 tasks over 20 seed scene templates,
split into 60 train tasks for skill improvement and 40 for test.
The tasks abstract common scene-generation operations into
seven families, including basic single-room generation, RF-
material variation, partitioned rooms, L-shaped rooms, multi-
room apartments, building-code-style window constraints, and
locked scene edits.

Verification. The verifier checks the structured scene state
and exported simulator artifacts. It requires valid artifacts,
prompt preservation, legal room polygons, in-bounds and
collision-free furniture AABBs, valid radio-material assign-
ments, task-specific geometry constraints, and Sionna loadabil-
ity. For example, L-shaped, partition, multi-room, and scene-
edit tasks are checked against their requested footprint, material,
connectivity, and locked-object constraints.

Results. To explain the pass-rate difference, we group failed
verifier checks into four non-exclusive categories: (1) Geometric
errors include object overlap, out-of-bounds placement, and
clearance violations; (2)Structural errors include incorrect
room footprints, partitions, or multi-room connectivity; (3)
Semantic-placement errors place requested objects in locations
inconsistent with the prompt; (4)executability errors prevent
the exported scene from loading in Sionna.

Table I shows that AutoNetSim reduces geometric errors
to 15.0%, compared with 80.0% for Naive LLM and 87.5%
for Self-Written Skill, through structured scene representation,
deterministic placement constraints, and verifier feedback. It
also reduces the other error types and achieves a 72.5% pass
rate, while neither baseline produces a fully valid environment.

The skill-evolution process on the 60-task training split
reveals what the agent learns. As shown in Fig. 7a, the accepted
skill iterations steadily improve the pass rate from 57.8% at
VO to 75.0% at V5. Early accepted edits add naming and
prompt-preservation rules so verifier-visible objects match
the user’s request, later iterations compress the capability
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(a) Skill evolution.

Fig. 7: Effects of skill evolution and model backbone. (a) Pass-rate

improvement across accepted skill versions. (b) Pass rates of Naive
LLM and AutoNetSim with two open-source backbones.

(b) Backbone impact.

glossary so relevant rules remain active without consuming the
context budget, and the final edit adds a fast path for locked
scene edits. The largest gains occur in window/clearance rules,
multi-room topology, and partitioned spaces, where the skill
translates natural language into executable radio environment
requirements that are not explicit in the original prompt.

C. Ray-Tracing and Physical-Layer Simulation

Setup. The second evaluation stage measures whether
AutoNetSim can generate executable Sionna experiments for
ray tracing and physical-layer simulation. Ray-tracing tasks
exercise scene-aware propagation, coverage maps, path ex-
traction, and received-power/SINR metrics [9]; physical-layer
tasks exercise link-level computations such as BER/BLER,
OFDM throughput, and spectral efficiency [2], [8]. We use four
Sionna built-in scenarios, including two indoor testbeds and two
outdoor city scenes, which isolates simulation-coding failures
from scene-construction failures. The ray-tracing and physical-
layer suite contains 28 base prompts; Table III summarizes the
simulation and optimization families and their prompt counts.
The simulation families cover common radio-map, ray-tracing,
and OFDM/NR evaluation practice, while the optimization
families instantiate standard beamforming and power-control
objectives [2], [9], [58]-[60]. We run each prompt five times
under each of the three agent settings.

Verification is tied to physical behavior. For each task,
a human-written reference script produces the ground-truth
output, and the verifier accepts an agent run only when its
reported metrics match that reference within audited tolerance
windows and satisfy basic boundary checks. For P1/P2, the
reference additionally sweeps the allowed control variables,
including antenna orientation, beam angle, and TX power, and
compares the agent’s selected configuration with the brute-
force optimum or Pareto frontier. To complement the binary
pass rate, we also measure continuous result error against the
reference outputs. We report path-gain MAE and RSS-grid
MAE for channel quality, SINR error and BER log-domain
error for link quality, and throughput relative error for end-to-
end performance. Each metric is pooled over the benchmark
cells for which the corresponding output is defined. These
metrics reveal how close a result is to the reference even when
one verifier condition causes the complete trial to fail.

Results. Table IV reports pass rates by task family, prompt
type, and agent condition. Under simple prompts, AutoNetSim
averages 82.5% across the simulation families N1 to N4,



TABLE II: Continuous wireless-result error (mean =+ standard
deviation); lower is better.

Conditi Path-gain RSS-grid SINR BER Throughput
ondition MAE (dB) MAE (dB)  error (dB) log-error RE (%)
Naive LLM 1.48 +3.11 7.86410.70 1.27+£1.78 0.25+0.71 10.88 % 16.20

Self-Written Skill 0.97 £ 1.68 7.21 +£10.05 0.77 £1.54 0.02+0.01 8.91+17.91
AutoNetSim 0.75+1.93 4.03 +8.53 0.43+0.95 0.01 +0.00 3.30 +8.17

TFor throughput, mean =+ standard deviation is computed over trials with RE < 100%.
Larger errors predominantly reflect unit-conversion failures; their rates are 6.9% (Naive
LLM), 11.4% (Self-Written Skill), and 5.8% (AutoNetSim).

TABLE III: Ray-tracing and physical-layer simulation and
optimization task families.

ID Type # Task

N1 Sim. 8 Single-AP coverage map or point-level link probe

N2 Sim. 4 AP configuration edit and before/after rerun

N3 Sim. 4 Multi-AP coverage, interference, or serving-AP assignment
N4 Sim. 4 BER/BLER, throughput, SINR, or spectral efficiency

Pl Opt. 4 AP azimuth/downtilt — maximize one-UE OFDM throughput
P2 Opt. 4 Beam angle + TX power — rate/power Pareto trade-off

compared with 0.0% for Naive LLM and 1.25% for Self-
Written Skill. The gain appears on both AP-centric tasks
(80.0% on N1 and 90.0% on N2) and harder cross-layer tasks
(85.0% on N3 and 75.0% on N4). On the simple optimization
families P1/P2, AutoNetSim reaches 75.0% average pass rate,
and both baselines remain at 0.0%. Enhanced prompts improve
the completed N1/N2 simulation rows: Naive LLM averages
35.0%, Self-Written Skill averages 47.5%, and AutoNetSim
averages 97.5%. The enhanced N3/N4 simulation rows average
22.5%/32.5%/90.0% for Naive LLM, Self-Written Skill, and
AutoNetSim, respectively, and the enhanced P1/P2 optimization
rows average 92.5%/75%/100%. These results support the
same conclusion as the system-level study: structured prompts
help, but verifier-trained procedural memory is needed for
robust executable simulation. The baseline failures are typically
analytical shortcuts, such as replacing ray tracing with closed-
form path loss or replacing coded-link throughput with a
BER curve or theory channel estimate. The verifier rejects
these shortcuts because they ignore multipath, wall attenuation,
finite-blocklength coding gain, or the required sweep over the
specified physical controls. Table II shows that AutoNetSim
achieves the lowest mean error on all five metrics. The largest
differences appear in RSS-grid MAE, which falls to 4.03 dB
from 7.86dB for Naive LLM and 7.21dB for Self-Written
Skill, and in throughput relative error, whose filtered mean
falls to 3.30% from 10.88% and 8.91%, respectively.

D. Network/System-Level Verification

Setup. The third stage evaluates whether the agent can
preserve assumptions at the network and system level. The
network suite has the same two task types, summarized in
Table V. Simulation tasks ask the agent to run the network as
specified. One reports overall system throughput and per-user
rates for a fixed multi-AP/multi-user deployment, and the other
reports scheduler behavior, SINR, and fairness metrics under a
fixed resource-allocation rule. Optimization tasks ask the agent
to change the network configuration. The single-objective task
tunes multi-cell beamforming vectors to maximize sum capacity
under co-channel interference, while the multi-objective task
allocates OFDM resource blocks and power across users to

TABLE IV: Ray-tracing and physical-layer task pass rate.

ID Naive LLM Self-Written Skill AutoNetSim
Simulation tasks: simple prompts

N1 0.0% 5.0% 80.0%
N2 0.0% 0.0% 90.0%
N3 0.0% 0.0% 85.0%
N4 0.0% 0.0% 75.0%
Simulation tasks: enhanced prompts

N1 35.0% 40.0% 95.0%
N2 35.0% 55.0% 100.0%
N3 25.0% 30.0% 90.0%
N4 20.0% 35.0% 90.0%
Optimization tasks: simple prompts

P1 0.0% 0.0% 75.0%
P2 0.0% 0.0% 75.0%
Optimization tasks: enhanced prompts

Pl 85% 50% 100%
P2 100% 100% 100%

TABLE V: Network simulation and optimization task families.

ID Type # Task

S1 Sim. 4 Fixed deployment — system throughput and per-user rates
S2 Sim. 4 Fixed scheduler — SINR, RB usage, and fairness trace
S3 Opt. 4 Multi-cell beamforming — maximize sum capacity

S4 Opt. 4 RB scheduling — throughput/fairness trade-off

balance total throughput against edge-user fairness. These tasks
are different from the ray-tracing and physical-layer stage
because the desired answer is often a structured system trace
or aggregate network metric.

Verification. Each S trial must pass three verifier layers.
First, the expected artifacts must be present and follow the
required result schema. Second, the generated artifacts must
execute successfully in the benchmark environment and produce
finite structured outputs. Third, the verifier compares those
outputs against a task-specific oracle. For S1, it checks per-user
rates, sum throughput, and Jain’s fairness, including fairness
self-consistency from the reported rates. For S2, it checks
the scheduler trace, per-user throughput, sum throughput, and
fairness. For S3, it checks the beamforming sweep table and
verifies that the reported best point is supported by the agent’s
own sweep. For S4, it checks the resource-allocation sweep
and verifies that the reported Pareto set contains valid, non-
dominated entries. For S1-S3, we additionally use relative
throughput error to quantify the distance from the reference
beyond the binary tolerance decision; fairness remains checked
both against the reference and against the value recomputed
from the submitted per-user rates.

Results. Table VI summarizes the system-level stage, re-
porting pass rates over 20 trials per task family and separating
simple-prompt from enhanced-prompt variants. Under simple
prompts, AutoNetSim attains a perfect 100.0% pass rate on both
simulation tasks (S1, S2) and reaches 45.0% and 50.0% on the
substantially harder optimization tasks (S3, S4), whereas both
baselines collapse to 0.0% across all four families. This contrast
indicates that, absent explicit scaffolding, neither a Naive LLM
nor a Self-Written Skill can recover the structured outputs
required by network/system-level workloads. Enhanced prompts
render S1 and S2 tractable for every agent, with all methods
clustered between 95% and 100%. The discriminative regime,
therefore, lies in the optimization tasks: on S3, AutoNetSim
achieves 90% versus 35% (Naive LLM) and 55% (Self-



TABLE VI: Network/system-level task pass rate.

Family Naive LLM Self-Written Skill AufoNetSim
Simulation tasks: simple prompts

S1 0.0% 0.0% 100.0%
S2 0.0% 0.0% 100.0%
Simulation tasks: enhanced prompts

S1 95% 100% 95%
S2 100% 100% 100%
Optimization tasks: simple prompts

S3 0.0% 0.0% 45%
S4 0.0% 0.0% 50%
Optimization tasks: enhanced prompts

S3 35% 55% 90 %
S4 70% 90% 95%

Written Skill); on S4, AutoNetSim attains 95% versus 70%
and 90%, respectively. Averaged over the enhanced-prompt S1—
S4 suite, AutoNetSim yields a 95.0% pass rate, compared with
75.0% for the Naive LLM and 86.25% for the Self-Written
Skill, corresponding to absolute gains of 20.0% and 8.75%.
These results corroborate the hypothesis that system-level
tasks demand structural consistency of outputs in addition to
syntactically executable code. Concretely, an agent may produce
a plausible aggregate throughput while silently dropping users,
report a fairness index inconsistent with its own per-user rates,
or emit malformed scheduling traces.

E. Representative Failure Analysis

Across the 440 trials reported in Tables IV and VI, 59
trials (13.4%) fail. The observed failures include bypassing
the requested Sionna solver with an analytical model such
as FSPL or TR 38.901, producing incomplete or misaligned
structured outputs, terminating before producing a valid result
file, and returning values outside the audited tolerance window.
These cases show that the agent does not always strictly follow
the skill during execution. System-level optimization tasks S3
and S4 account for 24 of the 59 failures (40.7%), reflecting
the difficulty of combining ray tracing with multi-user sweeps
and Pareto-frontier search. The main remaining weaknesses
are therefore enforcing the requested simulator backend and
ensuring complete sweeps and structured outputs.

E Impact of Model

Setup. The main results above use Claude Sonnet 4.6 as
the default backbone. To separate the effect of the procedural
skill from the effect of the underlying model, we also run
cross-model checks while keeping the prompts, tools, verifier,
and benchmark harness fixed. Closed-source checks use hosted
Claude and OpenAl GPT endpoints, while open-source checks
serve the model locally on A100 GPUs.

Results. Fig. 7(b) summarizes the open-source model checks.
Llama-3.3-70B improves with AutoNetSim, while the Qwen3-
Coder-30B partial run regresses under the same harness. The
procedural skill exceeded the context window of our local
Qwen deployment, so part of the skill was truncated.

G. Efficiency and Usability

We evaluate the efficiency of AutoNetSim through token
and tool-use accounting. Token efficiency is also part of the
skill-optimization objective. When proposing skill updates,
AutoNetSim tracks token usage and prefers edits that preserve

TABLE VII: Token economy and tool calling.

Per-trial mean Naive LLM Self-Written AutoNetSim
Cache-read tokens 1.13M 1.27M 1.56 M
Live input tokens 53 56 49

Output tokens 125K 12.1K 85K
Tool-use turns 30.1 29.6 29.1
Time per turn 6.8s 7.1s 7.0s
Wall-clock time 205s 210s 204s

verifier pass rate while reducing generated tokens. The resulting
skill can add cached context at input time, but it makes the
correct API sequence and verifier-facing invariants available
up front, shortening the agent’s reasoning and repair trajectory.
Table VII reports per-trial means over the ray-tracing and
physical-layer Sionna script generation benchmark (N1 to N4
and P1 to P2, 420 trials), using Claude Sonnet 4.6 as the
default backbone.

The main trade-off is that AutoNetSim reads more cached
context but generates fewer new tokens. Compared with Naive
LLM, cache-read tokens increase from 1.13M to 1.56 M per
trial (38.1%) because of the multi-turn repair loop and cached
procedural skill. In contrast, generated tokens decrease from
12.5K to 8.5K, a reduction of 32.0% relative to Naive LLM
and 29.8% relative to Self-Written Skill. Tool-use turns also
decrease slightly from 30.1 to 29.1 per trial. The three methods
require similar wall-clock time: 205, 210, and 204 seconds per
trial, respectively. Because human-expert completion time was
not measured, we do not claim a speedup over experts.

VIII. DISCUSSION AND CONCLUSION
Discussion: (a) Backend compatibility: AutoNetSim is a
methodology for constructing and verifying wireless simulation
workflows rather than a system that depends on Sionna alone.
Its agent coordination, skill management, and verifier-guided
refinement can also be used with other wireless simulators. (b)
Real world Alignment: The current system begins with a natural-
language description or a simulator-compatible structured scene
and does not process raw geometry captured from the real
world. Future work can extend the scene-input stage to support
captured environments and evaluate the resulting simulations
against measurements. (c) Scalability: The present training set
and skill bank are relatively small. As the system supports
more scenarios and cross-layer tasks, hierarchical retrieval
and agent-memory designs [61], [62], together with skill
deduplication, merging, pruning, and removal of outdated
entries, can help manage a larger skill bank and support more
complex workflows.

Conclusion: We presented AutoNetSim, a self-evolving agent
architecture for intent-driven wireless network simulation.
AutoNetSim translates natural-language requests into executable
wireless simulations and iteratively improves its procedural
skills through execution feedback and failed trajectories. More
broadly, this work points toward a new direction in which
self-evolving agents can serve as intelligent interfaces to
complex simulators, potentially benefiting network simulation,
optimization, and management beyond the wireless setting.
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Supplementary Materials

AutoNetSim: Intent-Driven Wireless Network
Experimentation with Self-Evolving Agents

These supplementary materials provide additional repro-
ducibility details for the paper “AutoNetSim: Intent-Driven
Wireless Network Experimentation with Self-Evolving Agents.”
Section I presents the prototype interface and representative
prompts across the benchmark task families, and Section II
reports the complete frozen acceptance rules used by the
benchmark verifier.

I. SYSTEM INTERFACE AND PROMPT SPECIFICATIONS

This section shows how requests are presented to the agent
and how a user inspects an AutoNetSim run. The request and
prompt examples make the evaluation inputs concrete, while
the dashboard illustrates the user-facing interface.

A. Representative Dashboard Request

Table S1 gives the request used to generate the interactive
example. It specifies the scene, controls, overlays, and reported
metrics shown in the dashboard.

TABLE S1: Representative interactive simulation prompt.
Prompt

Create an indoor Sionna dashboard for a furnished room.
Build the 3D radio environment with walls, furniture, and a
TX marker; expose web controls for transmit power, array
size, TX position, coverage-grid height/depth/cell size, z-
slice, and layer visibility; run the ray-tracing computation
on demand; overlay the coverage heatmap and optional ray
paths in the 3D viewport; and report BER-vs-SNR, coverage
distribution, PDP/OFDM traces, peak signal, mean loss,
coverage, frequency, and array statistics so the user can
adjust the scenario and recompute.

B. Representative Benchmark Prompts

The following prompts show how the benchmark expresses
simulation and optimization requests. The two prompt con-
ditions use the same task and verifier: an enhanced prompt
provides implementation details, output fields, and prohibited
shortcuts, whereas a natural-language prompt states the scenario
and requested outputs more concisely.

1) S1 Fixed Deployment: Enhanced Prompt:

TASK: Compute system-level downlink metrics for a 2-AP /
4-UE deployment

on the Sionna built-in scene "simple_street_canyon" using
sionna.rt.PathSolver.

PARAMETERS:
— Scene: sionna.rt.scene.simple_street_canyon
(outdoor street canyon ~186x121 m)

- AP positions: APO=(-15.0, 0.0, 15.0), AP1l=(+15.0, 0.0,

15.0) m

- UE positions: (-20.0, 0.0, 1.5), (-5.0, 0.0, 1.5),
(+5.0, 0.0, 1.5), (+20.0, 0.0, 1.5) m

- Frequency: 5 GHz; TX power per AP: 0 dBm; noise floor:

-85 dBm

- Antenna: PlanarArray(l, 1, "iso", "V"); max_depth=3;

samples_per_src=500000

COMPUTATION:

1. PathSolver per (AP, UE) -> path_gain_db =
10+x1logl0(sum |a|”"2 over valid paths). paths.a =
a_im) .

(a_re,

2. serving_ap[j] = argmax over APs by received_dbm =
tx_power_dbm + path_gain_db.

3. SINR with the other AP as interference + thermal noise.
Shannon rate = log2 (1+SINR_linear).

4. sum/mean throughput; Jain's fairness.

OUTPUT FILES:
schema
{task_family="S1_fixed_deployment",
scene_name="simple_street_canyon",
ap_positions, ue_positions, tx_power_dbm=0.0
noise_dbm=-85.0,

simulation.py, simulation_result.json with

frequency_hz=5e9, path_gain_db (2x4), serving_ap (len-4
ints),
sinr_db (len-4), per_user_rate_bps_hz (len-4),

sum_throughput_bps_hz,
fairness_index,
method="sionna_rt"}.

mean_throughput_bps_hz,

CONSTRAINTS:
— MUST use Sionna RT.
38.901
closed-form.
— \$RF_SIONNA_PY simulation.py to run.
- paths.a is (a_re, a_im), not polarization.

Do NOT fall back to FSPL or 3GPP TR

2) S1 Fixed Deployment: Natural-Language Prompt:

Two access points are deployed in the simple_street_canyon
scene at

(-15, 0, 15) m and (+15, 0, 15) m,
omnidirectional isotropic
antennas at +0 dBm, with a thermal noise floor of -85 dBm.
Four users

both with

sit on the ground at (-20, 0, 1.5), (-5, 0, 1.5), (+5, O,
1.5),

(+20, 0, 1.5) m. Each user associates with the highest-RSS
access

point. Compute per-user SINR, per-user Shannon rate, total
system

throughput, and Jain's fairness index. Use Sionna's ray
tracer

(sionna.rt.PathSolver) for every (AP, UE) path gain in this
simulation;

the verifier compares against a Sionna reference and will
reject

closed-form FSPL or 3GPP TR 38.901 path-loss output.

3) N2 Frequency Edit: Enhanced Prompt:

TASK: Compute a baseline single-AP coverage map at 5 GHz on
the Sionna

built-in scene "box_two_screens",
setup at 2.4 GHz

and emit a delta map showing the frequency-induced coverage
change.

then re-run the same

SETUP (identical at both frequencies):

— Scene: sionna.rt.scene.box_two_screens

- AP: (0.0, 0.0, 4.5) m; TX power: 20 dBm

- Antenna: PlanarArray(l, 1, "iso", "V")

— RadioMapSolver: max_depth=3, samples_per_tx=100000,
cell_size=(0.25, 0.25) m

SOLVER CALL:

— Use the default grid derived from the scene bounding box.

Do not pass
center or size; the verifier uses the default settings.

STEP 1: Set scene.frequency=5e9,

convert the map to

dBm, and save coverage_5ghz.npy and coverage_5ghz.png.

STEP 2: Set scene.frequency=2.4e9 without reloading the

scene, rerun the

same solver, and save coverage_2ghz.npy and

coverage_2ghz.png.

STEP 3: Compute coverage_delta=coverage_2ghz-coverage_5ghz

and save a

zero-centered RdBu_r visualization as coverage_delta.png.

run RadioMapSolver,

OUTPUT: simulation.py and simulation_result.json containing
scene_name,

edit_action="frequency 5GHz -> 2.4GHz",
freq_after_hz,

before/after RSS min/max/mean,
method="sionna_rt".

freq _before_hz,

delta_dbm_mean, and

CONSTRAINTS:

- MUST use Sionna RT for both frequencies.

— Set scene.frequency before each solver call.
- Do not reload the scene between the two runs;
in place.

4) N2 Frequency Edit: Natural-Language Prompt:

retune it



TABLE S2: Task-specific audited tolerance windows used by the benchmark verifiers.

Task family

Compared quantity

Acceptance window or boundary

General physical bounds

Reported wireless metrics

BER/BLER and Jain’s fairness lie in [0, 1]; coverage lies in [0, 100]%; RSS lies in
[—120, 30] dBm and does not exceed transmit power by more than 5dB; throughput
lies in [0, 30] bps/Hz; and SINR lies in [—20, 60] dB.

NI-N3: coverage/RSS

Radio-map cells and summary statis-
tics

MAE over jointly valid cells < 3 dB; at least 80% of jointly valid cells within +5 dB;
mean difference < 3 dB; standard-deviation difference < 2dB; valid-cell fraction
difference < 25 pp.

NI1-N3: physical trends

Frequency and material comparisons

Low-frequency coverage may be at most 5 pp below high-frequency coverage; drywall
coverage may be at most 3 pp below concrete coverage.

NI1/N3: path statistics

Path gain, path count, mean delay,
and delay spread

Path-gain error < 2dB; path-count difference < 2 or recovered count > 70% of
reference; mean-delay relative error < 15%; delay-spread relative error < 20%.

N2: configuration edit

Before/after coverage or link change

Reported change differs from the change recomputed from the submitted before/after
results by at most 2 pp (or 2dB for power-domain metrics).

N4: BER/BLER curve

SNR grid and per-point curve values

Maximum SNR/EbNO grid mismatch < 0.1 dB; per-point error < 0.5 decades in the
log domain or relative error < 15%; at least four curve points must pass.

P1: single-objective optimiza-
tion

Best throughput and submitted sweep

Best throughput is between 95% and 105% of the reference optimum; path-gain MAE
< 3dB on at least 12 of 15 matched sweep configurations; the reported optimum must
appear in the submitted sweep within 0.51° and 0.02 bps/Hz.

P2: rate/power Pareto opti-
mization

Pareto frontier and submitted sweep

Hypervolume > 90% of the reference; returned Pareto-set size > 50% of the reference
set; path-gain MAE < 3dB on at least 12 of 15 matched sweep configurations.

S1: fixed deployment

Sum throughput and fairness

Sum-throughput relative error < 30%; fairness absolute error < 0.15; reported fairness
differs from fairness recomputed from per-user rates by at most 0.02.

S2: fixed scheduler

Sum throughput and fairness

Sum-throughput relative error < 40%; fairness absolute error < 0.20; reported fairness
differs from fairness recomputed from per-user throughput by at most 0.03.

S3: beamforming optimiza-
tion

Best sum rate and submitted sweep

Best sum rate is between 85% and 115% of the reference; the reported optimum must
appear in the submitted sweep within 0.51° per beam angle and 0.05 bps/Hz.

S4: network Pareto optimiza-
tion

Submitted Pareto set

All indices must be valid and all returned points must be non-dominated; returned
Pareto-set size must be at least 50% of the reference set.

Using Sionna's built-in box-with-two-screens indoor

testbed, place a

base-station transmitter at (0, 0, 4.5) m with 100 mW

transmit power and

isotropic antenna arrays.

then retune

between downlink throughput and transmit power, and report
the full sweep

and all non-dominated configurations. Use Sionna RT for
path gain and

Generate the 5 GHz coverage map, Sionna PHY (LDPC5G, Mapper, and AWGN) for throughput; do

not substitute

the transmitter to 2.4 GHz and generate that coverage map. FSPL or Shannon rate.

Return both

maps and the per-cell delta.

5) Additional Natural-Language Prompts: NI: single-AP

radio map.

Using Sionna's built-in box-with-two-screens indoor

testbed, place a

base-station transmitter at (0, 0, 4.5) m with 100 mW

transmit power and

isotropic antenna arrays.

for this base

Generate the 5 GHz coverage map

station and return the map and visualization.

N4: physical-layer BER curve.

Run a Sionna PHY simulation with uncoded QPSK modulation

over an AWGN

channel. Compute the bit error rate at Eb/NO = [0, 2,

8] dB using

approximately one million bits per SNR point.

BER curve.

P1: single-objective orientation optimization.
An indoor low-power access point sits at (-2, 0, 4.5)

a user is at

(2, 0, 1.5) m inside the box_one_screen scene.

rotate its

antenna over a 5x3 grid of azimuth and downtilt angles.

Find the

Return the

m and

The AP can

C. Interactive Dashboard Example

Fig. S1 shows how the prototype presents the generated
3D radio environment, coverage results, traces, and summary
metrics in one interface. A user can inspect these outputs,
adjust the scenario, and rerun the simulation; the dashboard
itself is not used to determine benchmark pass rates.

orientation that maximizes the user's downlink throughput

and report the

full sweep. Use Sionna RT for each path gain and Sionna PHY

(LDPC5G,

Mapper, and AWGN) for throughput;

Shannon rate.

P2: rate/power Pareto optimization.
An indoor access point sits at (-2, 0, 4.5) m and a user is

at

(2, 0, 1.5) m inside the box_one_screen scene.

choose its

antenna azimuth and transmit power.

trade-off

do not substitute FSPL or

Fig. S1: Interactive radio environment dashboard. The prototype
dashboard displays the generated 3D radio environment together with
simulation results.

The AP can

Find the Pareto-optimal



II. COMPLETE VERIFIER THRESHOLDS

This section records the complete frozen acceptance rules
used to reproduce the benchmark decisions. An audited
tolerance window is the task-specific acceptable deviation
between an agent-generated result and its independently pro-
duced reference output; exact equality is inappropriate for
stochastic sampling and numerical computation. Table S2 lists
the compared quantity and numerical or structural boundary for
every task family. The general physical bounds apply to every
trial, and each task-family row adds the checks specific to
that task. A trial passes only when every applicable condition
is satisfied. The verifier applies these rules identically to
AutoNetSim and all baselines; “pp” denotes percentage points.
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