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Abstract: Radar perception requires labeled data for difficult scenes that are
costly to collect on physical robots. We present Prompt-to-Radar, a generative
radar world model that reconstructs real scenes, varies obstacles and trajectories,
and renders labeled radar through a configurable physical sensor model. The gen-
erated data improves real RADIal detection by 15-16 percentage points in AP
and F1 across three detector architectures. We also complete a Real2Sim2Real
deployment on a LoCoBot: with an identical navigation policy, combining gener-
ated and real radar raises success in unseen corridors from 87/100 to 95/100 runs
and reduces runs with a collision from eight to two. These results demonstrate
transfer of learned radar perception to physical navigation and motivate control-
lable hard-scene generation for robot learning.
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1 Real2Sim2Real Radar Learning

Radar measurements depend on scene geometry, materials, multipath, and sensor configuration. A
useful training simulator must therefore connect editable scenes to the observations of a particu-
lar radar. Prompt-to-Radar combines real-scene reconstruction with generative scene variation and
radar synthesis. Building on Real2Sim2Real learning [1], the transferred component is learned per-
ception: we train SSMRadNet [2] on generated radar and deploy it on a LoCoBot [3] while retaining
the same navigation policy (Fig. 1). The new evidence is improved real-data detection across archi-
tectures and successful navigation transfer to unseen corridors.
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Figure 1: Real2Sim2Real with a fixed navigation policy. Real observations anchor an editable
scene. Radar synthesis supplies labeled data for perception training, and the trained detector returns
to the physical robot. The scene drawing is schematic; photographs show the LoCoBot and a corridor
run.
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2 Radar Simulator and Evaluation Protocol

Scene, materials, pose Carrier / array

|
\
Sionna RT
- . Cached paths
7 ray tracing
Waveform Channel RF receiver ADC
FMCW / OFDM path-based propagation amplifier + mixer samples

Figure 2: Physics-based radar simulator. Scene geometry, materials, pose, and array configuration
determine ray-traced paths. Cached paths drive the propagation channel; waveform and receiver
models produce ADC samples. Labels come from the same scene.
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Scene generation and radar synthesis: Inputs are real video, a robot map, or video from a
prompt-conditioned diffusion transformer [4, 5] trained on nuScenes, Waymo, Argoverse 2, and
BDDI100K [6, 7, 8, 9]. We lift observations into a coarse 3D layout and vary obstacles and trajec-
tories to generate hard scenes with matched labels. The world model couples this scene generator
to Sionna RT [10], cached propagation paths, and a configurable waveform/receiver/ADC chain.
Re-running a frame takes 0.7-2.2 s versus 74-96 s for re-tracing, enabling offline data generation.

Physical-robot protocol: The LoCoBot uses a TIIWR1443BOOST radar [11]: 76-81 GHz, three
transmitters and four receivers in TDM-MIMO, yielding 12 virtual channels. We evaluate SSMRad-
Net trained with real radar only, generated radar only, or both. Each condition has 100 navigation
trials in unseen corridors containing boxes and chairs. The navigation policy is identical across
conditions. We report successful runs and runs with a collision as separate outcomes. We also eval-
uate FFT-RadNet [12], T-FFTRadNet [13], and SSMRadNet on real RADIal test data using AP and
FI1.

3 Results

Table 1: RADIal test detection. AP/F1 (%). Table 2: LoCoBot navigation. SSMRadNet,
Both training conditions are from this study. 100 trials per condition. Collisions count af-
fected runs.

Real only + World model

Detector AP Fl AP Fl Training data Success Collisions
FFT-RadNet 75 77 91 93 Real only 87/100 (87%) 8

World model only ~ 83/100 (83%) 6
T-FFTRadNet 77 79 92 95 World model + real 95/100 (95%) 2
SSMRadNet 78 80 94 95

World-model-assisted training improves AP and F1 by 15-16 points across detectors (Table 1).
On LoCoBot, combined training raises success from 87% to 95% and reduces collision runs from
eight to two; generated-only training reaches 83% success (Table 2). This demonstrates perception
transfer under a fixed navigation policy.

Scope: Results cover one robot in indoor corridors. Coarse reconstruction can affect radar fidelity,
and the gains do not isolate hard-scene selection from additional training data. Broader environments
and controlled ablations remain future work.
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