DriveGEN: Generalized and Robust 3D Detection in Driving
via Controllable Text-to-Image Diffusion Generation

Supplementary Material

In the supplementary, we first provide more related work
and discussions to clarify existing vision-centric 3D object
detection methods. In addition, we provide more experi-
mental details, visualizations, and results of Drive GEN. We
organize our supplementary materials as follows.

* In Appendix A, we review vision-centric 3D object detec-
tion and provide more discussions.

* In Appendix B, we provide more details of KITTI-C and
the real-world scenarios of nuScenes.

* In Appendix C, we provide more details and results of
DriveGEN based on Stable Diffusion 2.1 and XL.

e In Appendix D, we show more experimental results to
demonstrate the effectiveness of the proposed DriveGEN.

* In Appendix E, we show more qualitative results of our
DriveGEN.

A. More Related Work and Discussions

In this section, we first provide more related work and dis-
cussions to clarify existing solutions to 3D object detection.
Vision-Centric 3D Object Detection. In autonomous driv-
ing, vision-centric 3D object detection is essential for accu-
rate environment understanding. Traditional methods have
often relied on LiDAR data, which provides precise depth
information but necessitates costly hardware. Recently,
there has been a shift toward using monocular and stereo
cameras to reduce hardware dependency, but these meth-
ods struggle with depth accuracy, particularly at longer dis-
tances. Based on advances in transformer architectures, cur-
rent approaches [7, 13, 35, 38, 40, 48] attempt to bridge
the gap between 2D images and 3D spatial reasoning using
feature extraction and spatial alignment. However, these
models often demand high computational resources, mak-
ing them challenging for real-time application. Diffusion-
based models contribute to this task by offering a robust
generation of 3D scene layouts capable of simulating di-
verse environments [45, 55], while advances in multimodal
integration [18, 23, 26] enable the use of additional sensory
data to enrich 3D object detection frameworks. The increas-
ing trend of vision-centric 3D perception systems of au-
tonomous vehicles further proves the effectiveness of model
robustness.

However, they still fall short in effectively capturing and
aligning spatiotemporal features, which reduces overall ac-
curacy and contextual understanding in complex environ-
ments. As discussed in the manuscript, existing 3D detec-
tors often fail to maintain stable performance in OOD sce-
narios, which raises concerns about safety risks.

Figure 7. Illustration of the real-world scenario Daytime, Night
and Rainy of the nuScenes dataset. Given a pre-trained multi-
view 3D detector, we enhance the detector with the augmented
data from DriveGEN. Even if the augmented data never appears in
the validation set (e.g., Snow), DriveGEN still improves the model
performance, which shows the robustness and generalizability im-
provement of the augmented detector.

B. More Details on Dataset Construction

In this section, we first provide more visualizations of the
KITTI-C dataset to illustrate the OOD scenarios. Then, we
offer more details of the real scenarios (i.e., Daytime, Night
and Rainy) of the nuScenes dataset.

For the KITTI-C dataset, as shown in Figure 8, we follow
MonoTTA to build 13 OOD scenarios based on the original
KITTT validation set [22], which is able to fully verify the
effectiveness of each method in addressing dataset distribu-
tion shifts for Monocular 3D Object Detection.

As for the nuScenes dataset, we split images into Night
and Rainy scenarios according to their descriptions, follow-
ing [24], as shown in Figure 7. To be specific, given a pre-
trained multi-view 3D detector, DriveGEN first augments
the original training data into various OOD scenarios and
then mixes the augmented data with the original training
data for the model retraining. It is worth mentioning that
even if the augmented scenarios never appear in the vali-
dation set, DriveGEN still consistently improves the model
performance, demonstrating that DriveGEN improves the
robustness and generalizability of the augmented detector
by injecting the knowledge from diffusion models.
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Figure 8. Illustration of 13 distinct OOD scenarios of the KITTI-C [22] dataset.
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Figure 9. Qualitative results of DriveGEN based on Stable Diffusion 2.1 and Stable Diffusion XL.

C. More Details and Results with Stable Diffu-
sion 2.1 and Stable Diffusion XL

More Implementation Details. Based on PyTorch [29],
we conduct experiments with NVIDIA A100 (80GB of
memory) GPUs and each method is executed on a single
GPU. To be specific, we adopt keys from the first self-
attention layer of the U-Net decoder as the features fol-
lowing Freecontrol [25]. Besides, the number of steps for
DDIM inversion and DDIM sampling is 200. We set s and
7 to 7.5 and 0.3 following existing method [25], while o is
set to 0.1. The corresponding ablation studies are put in Ap-
pendix D. All images of KITTI and nuScenes have the fixed
generation size of 368 x 1240 and 896 x 1600, respectively.

As for the training of 3D detectors, we follow their
original settings without any hyper-parameter modification.
Specifically, given the augmented training data, we mix the
original training data with all augmented OOD scenario for
model training. Then, we validate all models on the original
validation set to choose the best model because the original
training data predominantly represents the most commonly
occurring scenarios.

Stable Diffusion 2.1 and XL 1.0 In this section, we present
additional quantitative results based on Stable Diffusion 2.1
and Stable Diffusion XL. Since DriveGEN requires no ad-
ditional diffusion model training, it is straightforward to ex-
tend DriveGEN to the U-Net architecture [36] based diffu-
sion model, as shown in Figure 9. These results demonstrate
that DriveGEN effectively supports Stable Diffusion mod-
els across different versions (i.e., U-Net-based), showcas-
ing its flexibility and scalability for integrating with vision-
centric 3D detection methods.

D. More Experimental Results

In this part, we conduct ablation studies to show the effec-
tiveness of DriveGEN, like enhancing training data via var-
ious single OOD scenarios as shown in Table 3, as well as
enhancing training data by three additional OOD scenar-
ios as shown in Table 4. Meanwhile, we provide more
detailed experimental results of the Cyclist category and
the results regarding Moderate AP;p|g,, on the KITTI-C
dataset. Eventually, we provide more results of nuScenes
with the BEVFormer-small [20].



Figure 10. DriveGEN is able to control the severity of corruptions while still preserving all objects.

Table 3. Comparison on the KITTI-C dataset, severity level 1 regarding Mean APsp|g,,. Each scenario represents the training of the 3D
detector, which is enhanced with corresponding OOD data. The bold number indicates the best result.

Car, IoU @ 0.7, 0.5, 0.5

Method ‘ Noise ‘ Blur ‘ ‘Weather ‘ Digital ‘ Ave.
‘ Gauss.  Shot  Impul ‘ Defoc. Glass Motion ‘ Snow  Frost Fog Brit. ‘ Contr.  Pixel Sat.
Monoflex [63] ‘ 13.06 2091  14.09 ‘ 20.17 2859  30.34 ‘ 33.64 3031 19.58 4522 ‘ 20.01  29.07 38.85 ‘ 26.45
e Snow 17.07 2678  23.78 3289 3752 39.06 | 40.61 3491 2529 4621 | 27.12 3825 4445 | 33.38
e Fog 17.98  29.72  20.66 3410 3925 3847 | 3949 3848 30.05 4790 | 30.71 37.02 45.19 | 34.54
e Rainy 19.49  31.10 27.44 | 3334 3955 3941 4142 4110 37.11 4759 | 38.69 41.05 4535 | 37.13
e Night 2328 3521 2682 3513 3924 39.62 | 40.69 40.77 34.68 4746 | 36.06 4240 4555 | 37.46
e Defocus 2206 32.16  26.64 3445 37771 40.69 | 4037 3794 31.63 4849 | 34.88 41.19 4423 | 36.34
e Sandstorm 2446 3396  26.09 3150 37.18  37.07 | 40.79 38.83 32.65 43.85 | 3344 3798 42.60 | 3541

Table 4. Comparison on the KITTI-C dataset, severity level 1 regarding Mean APsp)|r,,. Each setting represents the training of the 3D
detector is enhanced with corresponding mixed OOD data. The bold number indicates the best result.

Car, IoU @ 0.7, 0.5, 0.5
Blur ‘

‘ Noise ‘ ‘Weather ‘ Digital ‘ Ave

Method
‘ Gauss.  Shot  Impul. ‘ Defoc. Glass  Motion ‘ Snow  Frost Fog Brit. ‘ Contr.  Pixel Sat.
Monoflex [63] | 1306 2091 1409 | 20.17 2859 30.34 | 33.64 3031 19.58 4522 | 2001 29.07 3885 | 2645
o Snow & Fog & Rain 2563  37.04 29.13 | 3413 3915 36.81 | 38.58 3798 3393 4539 | 3466 3936 43.81 | 36.58
o Defocus & Night & Sandstorm | 28.93  37.91 32.12 | 31.59 37.66 39.27 | 40.34 40.88 37.72 47.15 | 38.00 4234 4558 | 38.42
Sei8 S=48 Se78 S=108 other hand, if we enhance the 3D detector with another three
%%%% scenarios (i.e., Defocus, Night, Sandstorm), DriveGEN still
= e e & . . . .
5=001 o=01 s=05 0=10 achieves significant performance improvement compared

with the pre-trained 3D detector as shown in Table 4.

Figure 11. More ablation studies of DriveGEN regarding hyper-
parameters s and o.

Ablation Study on Hyper-parameters. One intuitive con-
cern is whether the severity of corruptions can be controlled
by DriveGEN while still preserving all annotated objects
with precise geometry. To this end, we provide more qual-
itative results regarding various values of 7 as shown in
Figure 10. It is clearly observed that the corresponding
corruption progressively exerts a more severe impact on
the background with the increasing of 7. However, Drive-

Ablation Study on Augmented OOD Scenarios. To fully
validate the effectiveness of DriveGEN, we provide more
results of enhancing training data via various single OOD

scenarios as shown in Table 3 and enhancing training data
by three additional OOD scenarios as shown in Table 4.
On the one hand, compared with the Snow augmentation.
setting in the manuscript, DriveGEN improves the 3D de-
tection model with stable performance improvement by the
other 5 OOD scenarios. In Table 3, even with a single aug-
mentation, DriveGEN improves the 3D detector [63] up to
11.01 mAP (i.e., Night) across 13 OOD scenarios. On the

GEN maintains all objects well with their precise 3D ge-
ometry, thereby demonstrating the effectiveness of the pro-
posed method. Meanwhile, we also analyze the effects of
s and o as shown in Figure 11. As s increases, corruptions
intensify while larger o retains more original object details.
It also shows that DriveGEN consistently preserves objects
across various settings, validating its insensitivity to hyper-
parameters.



Table 5. Comparison on the Cyclist category of the KITTI-C dataset regarding Mean AP;3p|g,,. Bold number indicates the best result.

Cyclist, IoU @ 0.7, 0.5, 0.5

Training-free Noise Blur Weather Digital
Method di [Tusg;on ‘ ‘ ‘ ‘ g ‘ Avg.
‘ Gauss.  Shot  Impul. ‘ Defoc. Glass  Motion ‘ Snow  Frost Fog  Brit. ‘ Contr.  Pixel  Sat.
Monoflex [63] | 043 241 064 | 276 830 9.4 | 1285 1109 573 1744 | 484 325 989 | 6383
e Color Jitter (Traditional aug.) 0.63 3.15 1.91 1.62 343 7.92 11.03  10.09 4.60 1241 4.61 143 1023 | 5.62
® Brightness (Traditional aug.) 0.21 1.16 0.25 1.33 3.45 6.14 9.67 881 489 13.66 | 5.82 202 793 | 503
e ControlNet (Only Snow aug.) X 0.00 0.30 0.00 0.00 3.77 4.29 727 647 697 1579 | 6.49 1.67 254 | 427
o ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 0.00 250 150 1.82 1.35 0.00  0.00 | 0.55
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  0.00 | 0.00
e Freecontrol (Only Snow aug.) v 1.58 4.43 1.72 0.00 0.39 0.94 3.97 1.52 054 526 0.68 1.07 750 | 2.28
e Freecontrol (3 scenarios aug.) v 0.00 0.00 0.00 0.00 2.50 0.00 1.25 1.04 191 382 1.78 0.00 247 1.14
e Freecontrol (6 scenarios aug.) 4 0.19 0.24 0.45 0.00 0.31 0.00 0.55 0.52 1.01 2.13 2.12 0.61 0.81 0.69
® DriveGEN (Only Snow aug.) v 0.70 1.27 0.61 1.34 5.26 527 1090 7.12 373 1514 | 437 1.74  11.24 | 528
e DriveGEN (3 scenarios aug.) v 1.04 3.42 1.53 2.36 5.62 7.69 8.14 417 520 1324 | 523 458 1107 | 5.64
o DriveGEN (6 scenarios aug.) v 0.53 0.93 0.54 3.07 10.95 9.38 11.12° 1260 9.07 1539 | 10.81 1.99 8.05 | 7.26
MonoGround [31] | 021 18 134 | 083 293 223 | 500 343 094 1148 | 121 204 592 | 3.03
e Color Jitter (Traditional aug.) 0.39 2.67 2.11 0.31 2.03 2.19 5.38 463 112 13.64 1.67 289  5.00 | 3.39
® Brightness (Traditional aug.) 0.06 0.61 0.22 0.36 1.33 1.06 4.72 232 141 687 0.78 090 281 1.80
e ControlNet (Only Snow aug.) X 0.00 0.00 0.52 0.00 0.77 1.33 0.44 1.10  0.14  6.77 0.30 050 0.54 | 095
e ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 0.00 0.30 0.00 0.83 1.50  0.00 1.70 0.00 0.37 0.00 | 0.36
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  0.00 | 0.00
e Freecontrol (Only Snow aug.) v 0.46 0.70 0.32 1.07 0.17 0.50 1.60 091 0.21 4.48 0.17 1.93 4.50 1.31
o Freecontrol (3 scenarios aug.) v 0.19 0.33 0.43 0.00 0.52 0.50 0.51 033 058 1.32 0.42 038 038 | 045
e Freecontrol (6 scenarios aug.) v 0.00 0.34 0.62 0.00 0.42 0.56 0.00 0.00 1.00  2.07 0.83 1.25 0.74 0.60
e DriveGEN (Only Snow aug.) v 0.13 0.81 0.38 0.31 2.23 3.66 3.96 202 090 846 1.74 207 458 | 240
e DriveGEN (3 scenarios aug.) v 0.61 2.17 1.51 1.09 3.24 2.73 5.57 530 105 979 1.33 466  6.10 | 3.47
e DriveGEN (6 scenarios aug.) v 1.49 2.16 1.66 3.30 5.97 5.55 5.64 549 249 937 3.48 379 565 | 431

Table 6. Detection results on nuScenes-C and real-world scenarios of nuScenes, regarding mAP and NDS.

Metric ‘ Method ‘ nuScenes-C Real-world Scenarios
‘ ‘ Brightness ~ CameraCrash ~ ColorQuant Fog FrameLost ~LowLight  MotionBlur ~ Snow  Avg. ‘ nuScenes-Night
mAP BEVFormer-small 36.12 23.25 36.05 3270 32.16 23.61 32.03 13.66  28.70 19.59
o DriveGEN (3k Snow) 37.99 24.20 37.66 34.60 31.74 25.82 32.89 17.63  30.32 22.39
NDS BEVFormer-small 47.36 39.49 47.28 45.01 44.05 38.62 44.46 2845 41.84 27.27
® DriveGEN (3k Snow) 48.90 40.44 48.63 46.56 43.72 39.67 45.47 3232 4321 28.86

To summarize, DriveGEN enhances the generalizability
and robustness of vision-centric 3D detectors with diverse
augmented OOD scenarios, achieving stable performance
improvement within various training data settings. These
experimental results further demonstrate the effectiveness
of DriveGEN.

Model Performance on Cyclist. We further provide more
results of the cyclist category of the KITTI-C dataset as
shown in Table 5. As mentioned in MonoTTA [22], even
Fully Test-Time Adaptation methods (i.e., allowed to access
test data for model adaptation ) only gain limited perfor-
mance improvement on the Cyclist category. Table 5 gives
a similar observation: even if DriveGEN achieves the best
performance in these extremely difficult cases, all methods
only gain limited performance improvement, which indi-
cates that the challenge of minority-class object detection
still requires further investigation.

Model Performance Regarding the Moderate Level. In
3D object detection, the performance for the Moderate dif-
ficulty level of the KITTI dataset is one of the most signifi-
cant indicators of model effectiveness. To this end, we pro-

vide more experimental results as shown in Table 9. This
table shows that DriveGEN still achieves the best average
performance within various augmentation settings and base
models, demonstrating the effectiveness of our method.
More Results on NuScenes and NuScenes-C. Based on
BEVFormer-small [20], we apply the Snow augmentation
(3k Snow) to enhance the detector as mentioned in the
manuscript. Table 6 shows that DriveGEN consistently en-
hances BEVFormer-small across 8 OOD scenarios with an
average of 1.62 mAP and 1.37 NDS, and across the real-
world scenario of nuScenes (i.e., Night) with 2.80 mAP and
1.59 NDS. These results further demonstrate our effective-
ness and superiority.

E. More Qualitative Results

As shown in Figure 12, we first provide more qualitative
results based on the training images of the KITTI dataset.
In addition, we also offer more qualitative results based on
the training images of the nuScenes dataset as shown in Fig-
ure 13. Itis evident that DriveGEN supports existing vision-
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Figure 12. More qualitative results of DriveGEN for the training data of the KITTI dataset.

centric 3D detection tasks (i.e., monocular 3D object detec-
tion and multi-view 3D object detection) since our method
only requires input images and corresponding object an-
notations without any additional diffusion model training,
demonstrating that DriveGEN can preserve all objects and
enhance training data, thus achieving superior results even
in challenging multi-view tasks.

Table 7. The quality comparisons of object regions based on
PSNR and SSIM.

Metric ‘ Method

ControlNet | 7.671  7.551 8.130 7.764 7.825 8.129 7.845
PSNR | FreeControl | 11.883 10.601 12.529  11.957  11.515 12.119 11.767
DriveGEN | 19.584 18.963 19.528 19.551 18.906 19.308 19.306

ControlNet | 0.077  0.069 0.081 0.073 0.074 0.080 0.075
SSIM | FreeControl | 0.119  0.067  0.144 0.143 0.106  0.097 0.113
DriveGEN 0.641  0.616 0.632 0.633 0.614  0.627 0.627

‘Dcfocus Snow  Fog SandStorm Night Rainy Avg.

More Discussions on Image Quality. We first report PSNR
and SSIM for object regions between generated and original
images. Table 7 reveals DriveGEN stably preserves object

geometries within all scenarios without compromising the
quality. Note that preserving object information is crucial
for reusing annotations, as misaligned objects may intro-
duce bias as shown in Figure 2 in the manuscript.

Table 8. Comparisons of the detector performance enhanced by
DriveGEN with various diffusion steps.

KITTI-C ‘ MonoFlex ‘ FreeControl(200 steps) ‘ DriveGEN-50 DriveGEN-100 DriveGEN-200

Time (hour)

Car (mAP) 26.45 22.44 32.48 33.93 34.07

36.85 ‘ 43.97 8.69 32.40 52.97

Besides, to explore the computation cost and improve
efficiency, we provide further analysis of DriveGEN with
different diffusion step settings. As shown in Table 8,
we conduct experiments with 50 and 100 generation steps
(8x3090 GPUs). With fewer steps, DriveGEN drastically
reduces time consumption while still achieving sufficient
gains. To further validate DriveGEN, we also present ad-
ditional qualitative results obtained with varying numbers
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Figure 13. More qualitative results of DriveGEN for multi-view training images of the nuScenes dataset.
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Figure 14. More qualitative results of DriveGEN with varying numbers of diffusion steps.

of diffusion steps as shown in Figure 14. It is observed that These results reveal the inherent trade-off between image
DriveGEN consistently preserves objects even when only quality and efficiency, thereby enabling users to tailor the
50 steps (N; = 50) are used. Moreover, increasing the num- approach according to their application demands.

ber of steps leads to progressively enhanced image quality.



Table 9. Comparison on the KITTI-C dataset, severity level 1 regarding Moderate AP3p|g,,. The bold number indicates the best result.

Car, IoU @ 0.7,0.5,0.5

Training-free Noise Blur Weather Digital
Method diffusgion ‘ ‘ ‘ ‘ 8 ‘ Avg.
; ‘ Gauss.  Shot  Impul. ‘ Defoc.  Glass  Motion ‘ Snow  Frost Fog Brit. ‘ Contr.  Pixel Sat. ‘
Monoflex [63] | 1269 1965 13.88 | 17.81 2586 2744 | 3153 2877 1890 4236 | 1894 2648 3551 | 24.60
o Color Jitter (Traditional aug.) 9.75 1531 11.84 | 2055 23.02 27.19 | 31.55 28.69 18.62 3922 | 19.32 1585 3295 | 22.61
® Brightness (Traditional aug.) 10.76 17.60 11.99 10.06 17.14 19.25 2522 2077 1255  36.73 12.38 19.35  27.79 | 18.58
o ControlNet (Only Snow aug.) X 0.33 1.21 1.44 3.99 10.07 1537 | 21.99 19.16 920 3235 | 886 1.30  16.00 | 10.87
e ControlNet (3 scenarios aug.) X 1.01 1.10 0.48 0.39 0.41 0.84 4.04 3.20 1.24 9.03 1.11 0.46 3.60 2.07
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 1.88 000 0.00 0.00  0.00 0.00 0.00  0.00 | 0.14
o Freecontrol (Only Snow aug.) v 1831 2511 1997 1137 19.31 18.88 | 2529 1656 930 3185 | 9.3 2537 3173 | 20.17
e Freecontrol (3 scenarios aug.) v 13.39 18.37 11.69 14.06 17.39 14.96 19.65 15.63 14.17 2149 1540 2221 27.72 | 17.39
o Freecontrol (6 scenarios aug.) v 11.48 16.64 14.79 11.25 14.73 11.51 16.06 1493 13.18 21.69 13.83 20.03 21.74 | 1553
e DriveGEN (Only Snow aug.) v 1582 2472 2333 28.17 3242 34.85 38.00 3539 2590 4599 | 2751 3555 4041 | 31.39
o DriveGEN (3 scenarios aug.) v 2371 3355 2680 | 3026 3520 33.15 | 3560 3468 31.59 41.10 | 31.70 3550 39.92 | 33.29
o DriveGEN (6 scenarios aug.) v 2324 3124 2640 | 3348 3620 37.00 | 37.21 37.10 3516 41.00 | 3593 38.92 4030 | 34.86
MonoGround [31] | 1230 2027 17.08 | 1841 2722 29.04 | 3216 2556 1334 4341 | 1414 3121 3255 | 2436
o Color Jitter (Traditional aug.) 1196 2217 17.69 | 20.67 27.17 2847 | 3293 2837 19.10 4185 | 1958 27.59 3342 | 2546
o Brightness (Traditional aug.) 13.08 2153 1818 | 21.98 2858  26.12 | 3229 30.67 1775 3947 | 1692 2405 3425 | 2499
o ControlNet (Only Snow aug.) X 1.81 272 4.08 5.02 1218 13.18 1651 1140 268 3323 | 2.69 652 1253 | 9.58
e ControlNet (3 scenarios aug.) X 0.00 0.00 0.27 1.49 1.76 1.86 5.16 529 0.59 17.31 1.29 7.63 6.00 3.74
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 1.83 1.05 0.40 144 053 045 347 0.38 2.17 1.52 1.02
o Freecontrol (Only Snow aug.) v 11.09 1954  14.50 1584 1897  19.18 | 29.09 1934 13.10 3239 | 13.07 24.27 34.87 | 2040
o Freecontrol (3 scenarios aug.) v 1422 1836 1544 1134 1479  12.63 1589 1480 11.07 22.18 | 1262 1993 21.82 | 1578
e Freecontrol (6 scenarios aug.) v 13.30 19.87 13.29 19.34 18.40 16.58 1559 13.14 1322 21.52 1549 2072 2359 | 17.24
o DriveGEN (Only Snow aug.) v 1553 2435 21.67 | 2967 33.88 3540 | 37.81 3255 2375 43.15 | 2575 3480 41.17 | 30.73
e DriveGEN (3 scenarios aug.) v 1812 29.12 2530 | 33.18 36.06 3528 | 36.08 33.67 2657 4140 | 27.03 39.13 41.57 | 32.50
© DriveGEN (6 scenarios aug.) v 2178 2921 27.16 | 3457 3652 3591 | 3470 3491 2974 39.94 | 31.94 40.06 40.69 | 33.63
Pedestrian, IoU @ 0.7, 0.5, 0.5
Monoflex [63] | 098 379 081 | 791 1725 1460 | 1323 909 499 1951 | 534 163 864 | 829
o Color Jitter (Traditional aug.) 0.88 3.59 1.61 9.86 1448 12,12 | 1486 1194 751 1839 | 9.29 097 1111 | 897
® Brightness (Traditional aug.) 0.79 1.88 1.08 4.80 13.74 12.14 7.54 5.85 1.70 16.75 2.57 0.62 3.69 5.62
e ControlNet (Only Snow aug.) X 0.00 0.00 0.00 1.74 7.92 5.23 3.62 3.52 141 10.79 1.54 0.00 0.66 2.80
o ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 1.19 278 1.15 1.67 132 083 411 2.05 0.00  0.00 1.16
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.36 0.00 000 0.00 000 250 0.00 0.00  0.00 | 0.22
o Freecontrol (Only Snow aug.) v 3.87 5.18 352 3.20 5.07 5.66 4.75 344 394 742 3.77 8.07 7.44 5.03
e Freecontrol (3 scenarios aug.) v 2.69 3.74 3.06 3.07 5.01 4.22 7.44 4.62 7.18 10.45 6.07 6.82 7.28 551
o Freecontrol (6 scenarios aug.) v 5.17 871 8.56 4.18 6.82 5.08 698  7.18 635 1019 | 9.18 9.45 9.32 7.47
® DriveGEN (Only Snow aug.) v 1.10 3.17 4.32 16.14 19.36 20.31 1945 1444 877 2407 8.86 9.59 17.64 | 12.86
o DriveGEN (3 scenarios aug.) v 5.60 9.66 9.01 1473 1829 1645 1530 1581 1530 21.73 | 1681 13.84 17.73 | 14.63
e DriveGEN (6 scenarios aug.) v 6.44 9.32 7.10 17.46 19.25 19.89 16.89 1551 15,50 2348 | 16.64 14.37 17.12 | 15.31
MonoGround [31] | 281 3.40 576 | 1746 1840 1740 | 1264 906 401 2333 | 551 308  7.06 | 9.99
o Color Jitter (Traditional aug.) 2.44 335 3.67 1485 18.04 1569 | 1463 1206 9.01 2426 | 9.34 206  7.76 | 10.55
o Brightness (Traditional aug.) 2.85 423 7.50 13.84 1378 1396 | 1152 1234 560 2039 | 527 225 1040 | 953
o ControlNet (Only Snow aug.) X 1.88 1.03 0.80 7.44 9.68 8.30 0.91 2.93 125 1278 1.42 026  0.96 3.82
e ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 3.32 3.85 2.32 1.17 1.05 1.50 4.69 1.25 0.26 0.77 1.55
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 2.50 000 0.00 000  0.00 0.00 0.00  0.00 | 0.19
o Freecontrol (Only Snow aug.) v 9.63 12.34  10.78 14.08  12.11 1279 | 1508 1235 7.72 1506 | 11.47 1599 14.16 | 12.58
e Freecontrol (3 scenarios aug.) v 0.82 1.80 1.84 2.30 3.14 3.77 3.75 0.40 2.84 3.73 343 3.78 5.49 2.85
e Freecontrol (6 scenarios aug.) v 6.48 7.49 7.75 5.51 5.44 4.85 2.72 1.36 4.16 8.23 4.88 9.02 6.30 5.71
® DriveGEN (Only Snow aug.) v 6.11 6.69 8.96 14.75 16.80 18.38 1623 1299 9.64 2273 1125 11.78 14.07 | 13.11
o DriveGEN (3 scenarios aug.) v 6.53 9.20 10.90 1578 19.10  20.51 | 18.01 1579 1298 24.46 | 13.92 1926 19.29 | 15.83
o DriveGEN (6 scenarios aug.) v 9.49 1328  13.02 | 1633 1710  19.67 16,70 18.02 1535 2242 | 1499 1972 17.80 | 16.45
Cyclist, IoU @ 0.7, 0.5, 0.5
Monoflex [63] | 048 159 053 | 205 641 745 | 993 861 470 1408 | 354 280 7.82 | 5.38
o Color Jitter (Traditional aug.) 0.52 245 1.51 1.29 2.79 6.36 8.72 8.08 355 10.00 | 3.62 084 792 443
® Brightness (Traditional aug.) 0.16 0.83 0.19 1.26 2.63 4.81 7.67 6.91 3.64 1067 | 430 1.68 6.22 3.92
e ControlNet (Only Snow aug.) X 0.00 0.26 0.00 0.00 3.13 3.20 595 4.85 5.67 12.72 4.88 1.67 1.68 3.39
o ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 0.00 250 1.50 1.58 1.35 0.00  0.00 | 0.53
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 000  0.00 000  0.00 0.00 0.00  0.00 | 0.00
o Freecontrol (Only Snow aug.) v 1.13 3.22 1.34 0.00 0.39 0.67 2.89 1.06 0.29 4.07 0.33 0.65 6.16 1.71
e Freecontrol (3 scenarios aug.) v 0.00 0.00 0.00 0.00 2.50 0.00 0.91 1.04 1.43 3.03 1.33 0.00 2.05 0.95
o Freecontrol (6 scenarios aug.) v 0.20 0.18 0.22 0.00 0.31 0.00 052 052 076 1.61 1.82 0.60  0.61 0.57
© DriveGEN (Only Snow aug.) v 0.43 0.99 0.50 1.02 4.09 4.70 848 543 269 1212 | 335 142 852 4.13
o DriveGEN (3 scenarios aug.) v 0.87 2.70 1.07 1.66 4.01 5.98 622 287 372 1014 | 353 359 840 | 421
e DriveGEN (6 scenarios aug.) v 0.50 1.62 0.64 3.06 6.00 7.73 7.46 8.11 814 1155 9.11 4.16 8.82 5.92
MonoGround [31] | 013 139 101 | 063 251 182 | 390 281 066 891 | 090 184 433 | 237
o Color Jitter (Traditional aug.) 0.30 2.00 1.59 0.25 1.60 1.73 4.00 360 074 1033 1.30 219 396 2.58
® Brightness (Traditional aug.) 0.04 0.47 0.17 0.36 1.05 0.84 3.67 1.69 1.12 5.30 0.55 0.67 2.15 1.39
o ControlNet (Only Snow aug.) X 0.00 0.00 0.67 0.00 0.56 1.25 0.39 0.44 0.12 5.12 0.28 0.37 0.51 0.75
o ControlNet (3 scenarios aug.) X 0.00 0.00 0.00 0.00 0.30 0.00 0.83 1.50  0.00 1.22 0.00 0.31 0.00 | 032
o ControlNet (6 scenarios aug.) X 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00  0.00 0.00 0.00  0.00 | 0.00
o Freecontrol (Only Snow aug.) v 0.33 0.42 0.29 1.07 0.16 0.26 142 063 020 359 0.17 134 3.65 1.04
e Freecontrol (3 scenarios aug.) v 0.14 0.37 0.32 0.00 0.37 0.50 0.37 0.33 0.58 1.09 0.42 0.27 0.29 0.39
o Freecontrol (6 scenarios aug.) v 0.00 0.32 0.65 0.00 0.42 0.54 0.00  0.00 1.00 1.70 0.83 1.25 0.74 | 057
e DriveGEN (Only Snow aug.) v 0.10 0.54 0.29 0.31 1.45 2.89 2.92 1.48 0.74 6.44 1.04 1.39 3.66 1.79
o DriveGEN (3 scenarios aug.) v 0.43 1.41 1.12 0.80 237 2.10 413 412 078 7171 0.85 322 472 | 260
® DriveGEN (6 scenarios aug.) v 1.17 152 1.25 2.88 4.62 4.25 4.54 4.37 1.79 7.43 2.65 2.63 4.17 3.33
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