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Autonomous Vehicle

Validate Edge Case Scenario
& Integrate SIL/HIL Platform
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XIL Environments

SIL / MIL

(Software-In-the Loop)

(Model-In-the Loop )

(Mixed Reality)
(Vehicle-In-the Loop)

Traffic Sensors Dataset
XIL SIL / MIL HIL VIL Field Of Test
Driver Virtual Virtual Virtual (ADAS/AD) Real Real
Systems Virtual Real Real Virtual / Real Real
Dynamics Virtual Virtual / Real Real Virtual / Real Real
Traffic Virtual Virtual / Real Virtual / Real Virtual / Real Real
Sensors Virtual Virtual / Real Virtual / Real Virtual / Real Real
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St& 2 28t Synthetic Dataset Generation
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NVIDIA COSMOS

« A world foundation model platform for physical Al

« COSMOS WFM(World Foundation Model)
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Source: https://youtu.be/9Uch931cDx8?feature=shared




COSMOS-Drive-Dreams

» Scalable Synthetic Driving Data Generation with World Foundation Models

+ COSMOSE 0|83 Xt2F8 SDG(Synthetic Generation Pipeline)

Autonomous Vehicle Data Flywheel with Cosmos-Drive-Dreams

Scale by Cosmos World Train Downstream Models

Foundation Models Train downstream tasks

Scale up the dataset using critical to autonomous

Cosmos-Drive-Dreams, a driving, including scene .
WFM based synthetic data understanding, motion lokyo

generation (SDG) pipeline.

planning.

¥

-

.
-

Cross-Left Front

“Near Collision.."

Curate Dataset Evaluate for Data Gap
Enhance the training dataset Evaluate downstream task
through simulation or curated performance and detect
real-world data. long-tail edge cases.
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Source: https://github.com/nv-tlabs/Cosmos-Drive-Dreams



COSMOS-Drive-Dreams

 Cosmos-Transferl

- A3 MOl Md2 ?$t COSMOS2| Downstream Model
* Input/ Output 25 & =oH
* Input: LIDAR(Depth map), HD Map(3D BBox + 3D Map feature), Text Prompt
« Output: 4 AH

The video shows a night-time driving scene where a vehicle is about to make a left turn ....

v LiDAR PCDE Depth map2 2 HSt510 ALE v &% Image plane0] transfer I Single-view g4 =
v Image planed| &&= BBox & Map feature AtE v Multi-view Z3 2 Single-view M4 = ¥x NzZ| 2@

v X2 S, XM, #X®, UMD E, FHEE § 77HX| v Real-to-Real, Sim-to-Real 25 7ts
v Input FEHE H2EE L[t toolkit M-S

Source: https://github.com/nvidia-cosmos/cosmos-transfer1



COSMOS-Drive-Dreams

« Sim-to-Real Demo Using Cosmos-Transferl
* Input: MORAI Data Clip, Output: Style-transferred MORAI

Converting

W Cosmos-transfer1 Input

—

SDG by Cosmos-transfer1




COSMOS-Drive-Dreams

« SDG Method and Validation Result
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l € Multi-View Expansion
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- +  Cross-Right

Condition Video
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Prompt Rewriter

Infer &
Video Generation

Synthetic

Training
Data

In-the-wild Video o A e s i s

Cosmos-Drive-Dreams SDG Pipeline

Dataset | Waymo \ RDS-HQ (2k) | RDS-HQ (20k) | RDS-HQ (2k, MV)

LET-AP 1 | All Ext. Wea. Night‘ All Rainy Foggy Nightl All Rainy Foggy Night| All Rainy Foggy Night

w/0 SDG 0.625 0.642 0.580 | 0.299 0.280 0.265 0.285 | 0.459 0.432 0.418 0448 | 0.333 0.319 0.320 0.324
Rgar = 0.5 0.634 0.650 0.599 | 0.332 0.316 0.305 0.311 | 0.477 0.456 0.435 0.460 | 0.345 0.330 0.328 0.330
Reapr =1 0.627 0.650 0.598 | 0.337 0.323 0.308 0.321 | 0.489 0.468 0.442 0.478 | 0.335 0.324 0.317 0.330

Validation on Camera-based 3D Object Detection

Source: https://github.com/nv-tlabs/Cosmos-Drive-Dreams



COSMOS-Drive-Dreams

* Sim-to-Real Demo Using Cosmos-Transferl
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MORDA (ICRA 2025) - Overview

* Q. MORAI HO|H 50| =ZE[LIR?

« In-distribution ¥ Out-of-distribution 25 H= 3
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ro

: Tr :
Real Target Domain (South Korea), D R'e;gzl + : Dataset concatenation

=P : Synthetic dataset generation

: Training pipeline

Deploying
Detector

1Reconstruct target region as Digital-twin

Reproduce sensor suite, object categories and labeling rules Training

|Generate synthetic data

1 Training Dataset

Src+Trg
Syn

Synthetic Fusion Domain (MORDA), D

._,f\i" d /-;,,.\\\.'
> L ) - 2=l b
- 1 - + ¥ .’/ R
\;“‘» o f - -
— .
6 Cameras LiDAR 6 Cameras LiDAR

Source: https://arxiv.org/abs/2501.04950



Method: Synthetic Fusion Domain

» Architecture of The Proposed Method

Synthetic Fusion Domain, Dfn;:”r‘q

Simulator
Dataset

o S
Real Source Domain, Dgpq Sensor Suite

(nuScenes) CAM

Kront Right

Sensor suite
Instance Seg.

CAM
Front

Truck & Trailer
I

i g gy

e b 2 2 20 A0 I W . S "]

Bendy bus Road object '
Converted to nuScenes Dataset Format

Object categories

CAM— 71
Front Left— Back +eft

Labeling rule

o @Downward Point Cloud Semantic Seg. Instance Seg. 2D/3D BBox
-axis  OUpward
= Z-axis

Scene Construction

. Trg
Real Target Domain, D, =,
(South Korea)

HD map data

) Urban 1

Highway

3D-building data

- Reproducing characteristics (data-acquisition framework and labeling policy) of Real Source Domain, nuScenes (D3.¢,)

v To suppress discrepancies in data distribution caused by different sensor spec, placement, and annotation rules.
« Reproducing characteristics (map) of Real Target Domain, South Korea (D;Zﬂl)

v To reflect the geographical features of D;9, in the virtual environment.
+ Blend the mentioned characteristics in a simulator to construct the Synthetic Fusion Domain (Dgf:’Trg)

v" To mimic real-world data that could be obtained by deploying sensors of D5%¢, to target region of D,fggl.



Method: Synthetic Fusion Domain

» Reproducing Characteristics of Real Source Domain: Sensor Suite
nuScenes ours

CAM
Front Right CAM -
SN Back— ——

>
-’

CAM
Front &

CANTT _CAM —~—
Front Left BackTeft

— X-axis %

) Downward -~ Y-axis

® Upward — Z-axis [ ]

T:‘”’

* Sensor
v' 6x cameras (1600 x 900 resolution)
v 1x LiDAR (32-channel spinning type)
* Placement (Position & Orientation)

v Following the configuration of nuScenes



Method: Synthetic Fusion Domain

« Reproducing Characteristics of Real Source Domain: Object Category & Labeling Rule
nuScenes

Truck & Trailer

Bendy bus
X2
1 [l r'w‘ﬁ@:g

[
[ J
L]

. / }//‘

Road object & p —%/

Construction vehicle

* 10 detection classes of nuScenes are supported.
v" Including rare classes like construction vehicles.
« 3D-BBox annotation policy is reimplemented.

v" Including those for objects with two rigid sections (e.g., truck&trailer and bendy bus).



Method: Synthetic Fusion Domain

» Reproducing Characteristics of Real Target Domain: Virtual Environment

i T
Real Target Domain, DRZZ[

(South Korea)

HD map data

Geographical survey data ‘ -
5 — == : L™ -
1 D S — \
— ‘I i . : \\\‘

ERXRRASS

e

3D-building data

Highway Urban 1

* In total, 4 digital-twin cities are leveraged.

« They are enriched with geographical features including lane markings, road surface, traffic infrastructure, and terrain.




Method: Synthetic Fusion Domain

* Scene Construction & Sensor Data Generation

Static Scene Dynamic Scene

* Only ego vehicle is moving. « Surrounding vehicles are also moving.

» Larger number of barrier, traffic cone, truck&trailer, construction « Density around ego vehicle is maintained to mimic dense

vehicles. traffic scene.



MORDA Dataset

+ MORDA Dataset from Synthetic Fusion Domain

Content
« Total Frames : ~37K frames

» Sensor data at 20Hz
v 6x camera image (1600 x 900 resolution)
v 1x 32-channel spinning LIDAR point cloud
» Corresponding GT labels
v Semantic segmentation
v" Instance segmentation
v 2D / 3D BBox annotation
v" Pixel-wise depth
+ Vehicle Info

v’ Ego-vehicle pose data

Synthetic Fusion Domain, Dﬁﬁf"‘"

MORDA Dataset

Instance Seg.

Point Cloud Semantic Seg. Instance Seg.

2D/3D BBox

v

Converted to nuScenes Dataset Format

Conversion to nuScenes Format
Frames : ~3.7K keyframes and ~33K sweeps

Frequency: 20Hz - 2Hz



Experiment

+ Datasets and Pre-processing

« Al-Hub Dataset*
v" Employed to evaluate the efficacy of our method (MORDA).

v Collected in real-target domain (D;.9,) of this research, South Korea.

v Real-world multimodal driving dataset (5x cameras, 1x LiDAR).
v All data are used solely for validation, not training.
* Pre-processing details
v Only images from the front camera, which co-exist in all datasets, are used.
v" For Al-Hub, images are cropped to 1600x900.
v For Al-Hub, only annotations whose class labels are one of car, truck, bus, or pedestrian are kept.
v Annotated frames in original format are divided into Keyframes (w/ annotation) and sweeps (w/o annotation), following nuScenes's

frequency of 2Hz.

Summary of properties by dataset. The arrow indicates the applied pre-processing.
T and \/ denote train and validation res_p,erﬁ\/el\/

#Annot. Frame #CAM. Resolution #Beam J#Det. Class Freq. (Hz)
nuScenes (T) _ D Src 28K 6—1 1600900 32 10 2
Real
MORDA (T)DSTC+T7”g 37K—3.7K 6 —1 1600900 32 10 20 —2

SYyT
Al-Hub (V)* _DTT'g 80K—8.8K 5—1 1920x 1200 —1600x900 128 8—4 10—2

TvCCre




Results

Impact of MORDA in 2D/3D object-detection performance (trained and evaluated on nuScenes).
C, L, CV, and MC denote Camera, LiDAR, Motorcycle and Construction Vehicle, respectively. mAP is computed by averaging Aps for all
10 detection classaes.

| Evaluation Dataset

Task  Modality Model Remark Training Dataset ‘ 1 nuScenes ( Ds;i z)l
Truck  Bus  Trailer CV MC  Bicycle | mAPT NDS
2D C Faster-RCNN X nuScenes 314 48.0 16.1 4.2 209 19.8 273 X
2D C Faster-RCNN X nuScenes + MORDA 31.0 50.0 16.5 3.7 22.0 20.7 27.8 X
| 04 0.5 I
3D L PointPillars SECFPN nuScenes 39.2 51.7 28.6 54 21.5 0.9 3494 50.02
iD L PointPillars SECFPN nuScenes + MORDA 40.5 53.1 30.8 7.3 229 0.8 3545 50.44
-0.1 1
3D L SSN X nuScenes 49.5 65.8 337 17.1 52.6 233 48.29 59.42
3D L SSN X nuScenes + MORDA 52.2 66.4 33.1 16.8 525 24.6 48,92  60.41
\ 06 03 01 I
3D L CenterPoint Pillar (0.2m) nuScenes 49.0 63.3 31.4 109 414 18.6 4896 5942
3D L CenterPoint Pillar (0.2m) nuScenes + MORDA 49.5 64.3 328 143 444 13.9 49.43 59.76
| 4.7 |
3D L CenterPoint Voxel (0.1m) nuScenes 53.2 66.5 36.0 150 552 36.8 56.23 64.51
3D L CenterPoint Voxel (0.1m) nuScenes + MORDA 55.1 69.2 37.3 18.5 57.0 38.1 57.80  65.47
|
3D L CenterPoint Voxel (0.075m)  nuScenes 55.1 67.9 34.9 152 558 36.1 5695 6540
iD L CenterPoint Voxel (0.075m)  nuScenes + MORDA 55.9 67.1 35.7 16.1 584 40.1 58.02  66.02
\ 038 1

* When MORDA is incorporated during training,
v Classwise AP scores fluctuate but meaningful AP gain can be observed in general.

v mAP and NDS scores on nuScenes consistently increase across modalities and networks.

« Overall, MORDA does not degrade the detection ability on D3¢, (nuScenes).



Results

Impact of MORDA in 2D/3D object-detection performance (trained on nuScenes and evaluated on

unforeseen Al-Hub).

| Evaluation Dataset

Task  Modality Model Remark Training Dataset ‘ 1 AL-Hub ( Dgzgl) I
Car Truck Bus Ped mAP* NDS
2D C FasterrRCNN X nuScenes 19.5 13.8 16.8 33 13.35 X
2D C Faster-RCNN X nuScenes + MORDA 272 18.6 245 8.3 19.7 X
I x
3D L PointPillars SECFPN nuScenes 24.93 3.425 11.70 10.93 12.74 21.95
3D L PointPillars SECFPN nuScenes + MORDA | 29.67 5.59 12.28 1199 | 1488  22.63
|
3D L SSN X nuScenes 27.30 9.93 19.94 15.48 18.16 26.92
3D L SSN X nuScenes + MORDA | 36.76 13.79 2416 2076 | 23.87 3021
|
iD L CenterPoint Pillar (0.2m) nuScenes 0.0° 0.0" 0.065 0.0" 0.016 2.64
3D L CenterPoint Pillar (0.2m) nuScenes + MORDA 14.73 0.012 2.01 0.0 4.19 11.38
0.0 ':
iD L CenterPoint Voxel (0.1m) nuScenes 0.717 0 0° 0* 0.179 7.203
3D L CenterPoint Voxel (0.1m) nuScenes + MORDA | 63.44 5.682 4.264 0" 18.34 2293
0.0 ]
3D L CenterPoint Voxel (0.075m)  nuScenes 0.197 0.0 0.0 0.0 0.049 4.19
3D L CenterPoint Voxel (0.075m)  nuScenes + MORDA | 63.28 1.0 24.6 0.0 22.22 23.71
0.0 i 'i

*  When MORDA is incorporated during training, mAP and NDS on Al-Hub increase across modalities and networks.

Trg
Real

* In other words, MORDA provides useful synthetic features for previewing and indirectly learning about unforeseen D

(Al-Hub).



Results

q 7
. 1/ v+« Train(nuScenes) — Eval(nuScenes)
) . | Evaluation Dataset / ++ @+ Train(nuScenes + MORDA) — Eval(nuScenes)
Task  Modality Model Remark Training Dataset ‘ AL-Hub (Dﬁlfil) 60l |—o Train(nuScenes) — Eval(Al-Hub) Improved performance
[Ca  Tuck Bus  Ped | mAP®  NDS / === Train(nuScenes + MORDA) — Eval(AI-Hub) . t--:.l""""- i . ok P-
o, @0t s N HHL LEeEl LLl
2D C Faster-RCNN X nuScenes 19.5 13.8 16.8 33 13.35 X / o -'_'_".'.'-: ""0""‘
m C FasterRCNN X nuScenes + MORDA | 272 186 245 83 | 197 x 50 _,,=‘...=.=:::'---"' 58
X e £ M 5
ib L PointPillars SECFPN nuScenes 2493 3425 1170 1093 | 1274 2195 !/ ..' S 5
3D L PointPillars SECFPN nuScenes + MORDA | 29.67 5.59 1228 1199 | 1488  22.63 ,\a\ 40) & Z\:
qu’ % 3 T °
3D L SSN X nuScenes 27.30 9.93 1994 1548 | 18.16  26. Src s
DL SSN X nuScenes + MORDA | 3676 1379 2416 2076 | 2387 3021 <é 20 Evaluated on nuScenes (Dgeqy
¥y Trg
; n P - D
iD L CenterPoint  Pillar (0.2m) nuScenes 0.0 00° 0065 00" | 0016 264 Evaluated on Al-Hub (Dpey
ib L CenterPoint  Pillar (0.2m) nuScenes + MORDA | 1473 0.012 201 00" | 419 / 11.38
20
00 il g
ib L CenterPoint  Voxel (0.1m) nuScenes 0.717 0 0° 0" o179 § 7203 - s
DL CenterPoint  Voxel (0.Im)  muScenes + MORDA | 6344 5682 4264 00 N 18341 2093 Enhanced generalization ability
00 st 10
Iy
3D L CenterPoint Voxel (0.075m)  nuScenes 0.197 00" 0.0° 00" | 0.049 N\ 419
3D L CenterPoint Voxel (0.075m)  nuScenes + MORDA | 63.28 1.0 24.6 00" | 2222 W1 0
0.0 3N oo o "o o —9—9¢—0—9—9—9
N 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
N\
\ Epoch

* \We observe that incorporating MORDA during training could mitigate this generalization failure.
 Inshort, MORDA contributes to mitigating the impact of domain shift without degrading the detection performance on the trained domain

(nuScenes).



Results

. Src
Trained on nuScenes (Do

s
nuScenes (D R’;fl D

Deploying

Reliable detection performance

Trained on nuScenes (D35;) + MORDA (D

nuScenes (D;?;Z 2

Src+Trg)
Syn

Deploying

Reliable detection performance

Generalization failure

(DTrg

Il Car
Truck

I Bus

Il Pedestrian

I Others

Better generalization

and adaptation




Results

Comparison on mAP gains for Faster-RCNN with respect to synthetic datasets.

MAP is calculated averaging AP scores for 10 detection classes of nuScenes.

Training Dataset #Frame mAP (%, 1)
nuScenes 28K 27.3

nuScenes + VKITTI2 28K + 2.5K | 27.0 (-0.3)
nuScenes + SYNTHIA-AL 28K + 73K | 274 (+0.1)
nuScenes + SHIFT 28K + 30K 27.7 (+0.4)
nuScenes + MORDA (Ours) 28K + 3.7K | 27.8 (+0.5)

* Compared with Virtual KITTI2 (VKITTI2), SYNTHIA-AL, and SHIFT Datasets.
* Pre-processing
v Only images from the front camera are used.
v VKITTI2 (Assumed to be 10 Hz as KITTI), SYNTHIA-AL, and MORDA are downsampled to 2 Hz.
v SHIFT is downsampled by a factor of 5 due to its exceptional size.
v" Class mapping
v 2D BBoxes for Cyclist and Bicycle of SYNTHIA-AL are merged to bicycle.

v 2D BBoxes for car and van of VKITTI2 are merged to car.

« MORDA brings the biggest gain in mAP amongst compared synthetic datasets.

v SHIFT presents comparable gain but with ~8x more images.
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« Image-to-Image Translation (Camera Sim-to-Real)  SODA (IV2025)
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Sensor-aware Offline Synthetic-to-Real Adaptation for Multimodal Driving Datasets: Shape Preserved, Signal Improved, V2025, Hojun Lim et al.
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« LIiDAR Intensity Refinement (LIDAR Sim-to-Real)

t: Target dataset (nuScenes)
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Results

Similarity Perception
Training Dataset Image Point Cloud BEVFusion (Camera + LIiDAR)
FID (1) Wi Ly (1) NDS (%, 1) mMAP (%, 1)
nuScenes N/A N/A N/A 70.4 66.8
+ MORDA 73.1 0.3478 11.41 71.1 67.9
+ MORDA (SODA) 62.9 0.1606 6.68 71.1 68.3

*Wasserstein-1 Distance (W) and L1 distance compute the distance between two intensity distributions from
MORDA and nuScenes. For better readability, W, scores are scaled by factor of 100.

» No training strategy to explicitly bridge the domain gap other than simple dataset concatenation was used.

» Consistent Improvement of fidelity in image (FID), intensity distribution (W and L), and perception performance (mAP)



Results

Rainy Night
Training Dataset
NDS (%, 1) MAP (%, 1) NDS (%, 1) MAP (%, 1)
nuScenes 72.0 67.5 45.0 41.2
+ MORDA 71.8 (-0.2) 68.5 (+1.0) 45.3 (+0.3) 41.4 (+0.2)
+ MORDA (SODA) 72.1(+0.1) 69.6 (+2.1) 46.1 (+1.1) 43.1(+1.9)

Perception performance of BEVFusion evaluated on subsets (rainy and night) of nuScenes’s validation set.
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