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form semantic-aware feature alignment and shallow feature
alignment during denoising. Extensive experiments demon-
strate our effectiveness in improving 3D detection. The code
is available at github.com/Hongbin98/DriveGEN.

1. Introduction
Three-dimensional (3D) object detection intends to identify
objects and assess their spatial and dimensional attributes
via various sensor inputs, which is widely explored in Au-
tonomous Driving (AD) and robotics [3–5, 19, 49, 50, 58].
To save sensor costs, there is a growing trend towards im-
plementing perception systems by vision-centric 3D detec-
tion which relies solely on single or multi-view RGB im-
ages along with camera calibration information. Despite
challenges in this field, existing methods [53, 56, 60] have
demonstrated promising results across various benchmarks.

Behind the success, one prerequisite is that test images
share the same distribution as training images. However,
this assumption is often not held in diverse real-world sce-
narios [21, 32, 62, 64], especially for perception systems
that are required for long durations, like autonomous vehi-
cles navigating through different weather conditions. Once
the environment changes, well-trained detectors may suffer
performance degradation due to the existence of data distri-
bution shifts between training images and test images. As
shown in Figure 1, the original detector performs well in
the ideal (sunny) scenario while failing to maintain stable
performance in the Snow and Fog scenario due to the out-
of-distribution (OOD) issue. Considering the widespread
application of 3D detection, significant performance degra-
dation on OOD test data may result in traffic accidents and
serious safety risks. Thus, it is essential to address the OOD
generalization problem of vision-centric 3D detection.

Recently, two attempts sought to solve the distribution
shifts in AD by test-time model adaptation [22] or restoring
OOD scenarios to ideal conditions with a weather-adaptive
diffusion model [28]. However, they require additional con-
sumption during the test phase, leading to additional en-
ergy costs while the driving range is crucial in AD. To
save test-time computation costs, we explore controllable
Text-to-Image (T2I) diffusion generation for training data
augmentation, thereby improving the robustness of 3D de-
tectors. Prior training-based controllable T2I approaches
such as ControlNet [59] and T2i-adapter [27] offer users
fine-grained spatial control but rely on substantial training
data to train auxiliary modules, making them impractical for
handling OOD scenarios in AD. As for training-free meth-
ods, they [25, 46] leverage low-resolution self-attention fea-
tures to capture image structures for diffusion model guid-
ance. However, these features are relatively coarse for pre-
serving object geometric characteristics of different classes
in 3D object detection. As shown in Figure 2, the object

geometry may be lost after multiple rounds of downsam-
pling (32x), leading to severe orientation error, position
misalignment and omissions, particularly for tiny objects.
Therefore, an eligible training-free controllable T2I diffu-
sion method for training data enhancement in 3D detection
should preserve all objects with precise 3D geometry.

To address these challenges, we propose a method
namely DriveGEN for Generalized and Robust 3D De-
tection in Driving via Training-Free Controllable Text-to-
Image Diffusion GENeration. DriveGEN enhances the
model robustness within various OOD scenarios genera-
tion, consisting of two stages: 1) Self-Prototype Extrac-
tion. To capture accurate object geometric characteristics,
we first extract principal components of self-attention fea-
tures [25, 46] to obtain coarse semantic-aware features.
Then, we adopt layouts (i.e., bounding boxes) to re-weight
features in object regions via a peak function, termed self-
prototypes. 2) Prototype-Guided Diffusion. To preserve ob-
jects with precise 3D geometry, we perform semantic-aware
feature alignment with self-prototypes during the denoising
phase. However, these semantic-aware features are rela-
tively coarse to represent tiny objects as shown in Figure 2.
Therefore, we devise a shallow feature alignment strategy
to constrain the diffusion process and retrain tiny objects.

Contributions: 1) To the best of our knowledge, we
are the first to explore training-free controllable T2I diffu-
sion generation to enhance the model robustness of vision-
centric 3D detection. Even with a single augmentation,
DriveGEN improves the 3D detector [63] by an average of
7.6 mAP across 13 OOD scenarios. 2) With self-prototype
extraction and prototype-guided diffusion stages, Drive-
GEN enables OOD scenario augmentation while preserving
precise 3D geometry for all objects, enhancing the applica-
bility of diffusion models in autonomous driving. 3) Ex-
tensive experiments show DriveGEN significantly improves
existing monocular 3D detectors across 13 OOD corruption
on KITTI and multi-view 3D detectors on the real scenarios
(Night, Rainy) of nuScenes, demonstrating the effectiveness
of DriveGEN in boosting model generalizability.

2. Related Work
We first review the literature on explorations of model ro-
bustness in autonomous driving, and then discuss control-
lable T2I diffusion generation methods. More discussions
on vision-centric 3D object detection are in Appendix A.
Model Robustness in Autonomous Driving. The reliabil-
ity of vision-centric autonomous driving systems depends
on the robustness of perception models, especially under
challenging scenarios like adverse weather, varied lighting,
and complex urban environments [52]. To improve robust-
ness, existing methods employ diffusion models to gener-
ate synthetic driving scenes for training data augmentation.
Specifically, BEVGen [44] and BEVControl [57] employ
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4.3. Self-Prototype Extraction
To accurately capture the geometric characteristics of multi-
ple objects, we propose a self-prototype extraction strategy
that consists of two components: 1) Image structure extrac-
tion and 2) Object region re-weighting.
Image Structure Extraction. To achieve zero-shot spatial
control, capturing the semantic structures of input images
is essential. Prior works [25, 46] demonstrate that self-
attention features (e.g., keys) of the T2I diffusion model
ϵθ are semantic-aware [35]. Thus, given the input image
xi, we first generate the text prompt ci via a simple tem-
plate ‘A photo of {object}, ..., and {object}’. Then, we
leverage DDIM Inversion [39] to achieve a series of time-
dependent diffusion features {zIt ∈ RNc×H×W }Nt

t=1 where
Nt denotes the number of DDIM inversion and sampling
steps, Nc represents the number of feature channels, and
H,W indicate the height and width, respectively. During
sampling, we apply PCA on self-attention features to extract
principal components {Pt}

Np

t=1, each Pt ∈ RNb×H×W and
Pt = {p1

t , . . . ,p
Nb
t }. Here Nb denotes the number of prin-

cipal components and we store Pt of the initial Np steps.
Object Region Re-weighting. Existing methods [9, 25] se-
lect foreground regions by leveraging cross-attention maps
between specific words (i.e., object names) and image fea-
tures to derive a concept region mask M. However, relying
solely on such attention maps may result in omissions and
misalignment of object regions, as illustrated in Figure 2.
To address this, we introduce a peak function m(·) to re-
weight M for each object region based on layouts L after
the coordinate transformation through downsampling. To
be specific, given a point (p, q) from Li of xi, the corre-
sponding object center is defined as (p̂, q̂) and then we can
calculate m(p, q) by:

m(p, q) = exp

(
− (p− p̂)2 + (q − q̂)2

2σ2

)
(1)

where σ ∈ (0, 1) controls the range of the influence area.
Then, we update the concept token mask M by:

M̂(p, q) = M(p, q) +m(p, q) · Li(p, q). (2)

The object regions in Li are marked as 1 while all other
regions as 0. Eventually, we obtain the self-prototypes by
{P̂t}

Np

t=1 = {Pt}
Np

t=1

∣∣
M̂

which guide the diffusion model
to localize precise locations of objects and combine M̂ for
accurate object region selection.

4.4. Prototype-Guided Diffusion
To preserve all objects with precise 3D geometry during dif-
fusion, we leverage the self-prototypes {P̂t}

Np

t=1 and time-
dependent diffusion features {zIt }

Nt
t=1 for feature alignment,

including: 1) semantic-aware feature alignment and 2) shal-
low feature alignment.

Algorithm 1 The pipeline of the proposed DriveGEN

Require: Training data {(xs
i , ysi )}Ni=1; Pretrained T2I diffusion model

ϵθ ; Hyper-parameters s, σ, τ ; The OOD scenario.
## Stage 1: Self-Prototype Extraction ##

1: for each training image xi do
2: Get the text prompt ci and layout Li based on yi;
3: Undergo DDIM Inversion to get Pt;
4: Get updated M̂ via Eqn. (1), Eqn. (2) for self-prototypes P̂t.
5: end for

## Stage 2: Prototype-Guided Diffusion ##
6: for each training image xi do
7: Update ci with specific OOD type;
8: for diffusion step t = 1 → Nt do
9: if t ≤ Np then

10: Calculate gsa, gsl based on Eqn. (3), Eqn. (4);
11: Get the gradient based on Eqn.(5);
12: end if
13: Update the noisy latent zt → zt−1;
14: end for
15: end for
16: return Output images for all xi in the OOD scenario.

Semantic-aware Feature Alignment. As mentioned be-
fore, the self-attention features of the first decoder layer can
represent the semantic structures of input images. Thus, we
first initialize the noisy latent zNt

via the zINt
. For the step

t ≤ Np, we perform PCA to obtain the principal compo-
nents Pt of the self-attention features. Then, we adopt a
pre-defined threshold τ following [9] to select informative
regions by M̂ = I(M̂ > τ). Specifically, we calculate the
semantic-aware feature alignment loss with Pt and P̂t:

gsa = ∥M̂⊙ (Pt − P̂t)∥22, (3)

where ⊙ represents element-wise multiplication, applying
the mask M̂ to the difference between Pt and P̂t.
Shallow Feature Alignment. As shown in Figure 2, we
empirically find that principal components lack sufficient
details to represent objects, especially tiny objects. For in-
stance, given a bounding box of a cyclist with a height of
20 pixels and a width of 5 pixels, this object is unable to
occupy even one element within principal components after
multiple rounds of downsampling (e.g., 32x).

Therefore, DriveGEN introduces shallow feature align-
ment before the forward process of diffusion, which aims
to preserve fine-grained object details by constraining the
noisy latent. Specifically, based on the layout Li with Ni

objects, we calculate the shallow feature alignment loss by:

gsl=
1

Ni

∑
p,q

∥Li(p, q)⊙ (zIt (p, q)− zt(p, q))∥22, (4)

Overall, the total scheme of DriveGEN is as follows:

ϵ̂t = (1 + s)ϵθ(zt; t, c)− sϵθ(zt; t, ∅) + gsa + gsl. (5)

Note that ∅ denotes null and DriveGEN is a classifier-free
guidance [12] process with hyper-parameters s, σ and τ .
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Table 1. Comparison on the KITTI-C dataset, severity level 1 regarding Mean AP3D|R40
. The bold number indicates the best result.

Car, IoU @ 0.7, 0.5, 0.5

Method
Training-free

diffusion
Noise Blur Weather Digital Avg.

Gauss. Shot Impul. Defoc. Glass Motion Snow Frost Fog Brit. Contr. Pixel Sat.

Monoflex [63] 13.06 20.91 14.09 20.17 28.59 30.34 33.64 30.31 19.58 45.22 20.01 29.07 38.85 26.45

• Color Jitter (Traditional aug.) 9.55 15.81 11.90 22.67 25.38 30.12 34.08 30.00 19.29 42.10 19.93 17.17 36.48 24.19
• Brightness (Traditional aug.) 11.44 19.42 12.73 11.18 18.95 22.03 26.64 21.70 13.04 39.61 13.08 21.11 29.73 20.05

• ControlNet (Only Snow aug.) ✗ 0.32 1.18 1.28 4.65 11.32 17.04 22.84 19.72 9.53 34.79 8.73 1.25 16.88 11.50
• ControlNet (3 scenarios aug.) ✗ 0.70 1.14 0.29 0.35 0.37 0.83 4.07 3.05 1.20 9.43 0.94 0.48 3.20 2.00
• ControlNet (6 scenarios aug.) ✗ 0.00 0.00 0.00 0.00 0.00 1.94 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15

• Freecontrol (Only Snow aug.) ✓ 20.39 28.05 22.27 12.52 21.67 21.09 27.97 17.91 10.07 35.99 9.90 28.56 35.27 22.44
• Freecontrol (3 scenarios aug.) ✓ 15.43 21.25 14.04 15.33 19.22 16.53 22.01 17.41 15.18 24.66 16.66 25.39 31.44 19.58
• Freecontrol (6 scenarios aug.) ✓ 12.85 18.71 16.31 12.06 16.31 12.86 17.64 16.18 14.23 24.52 15.64 22.56 24.28 17.24

• DriveGEN (Only Snow aug.) ✓ 16.48 26.72 24.98 31.17 35.55 38.13 41.39 38.61 27.85 49.76 29.28 38.88 44.12 34.07
• DriveGEN (3 scenarios aug.) ✓ 25.63 37.04 29.13 34.13 39.15 36.81 38.58 37.98 33.93 45.39 34.66 39.36 43.81 36.58
• DriveGEN (6 scenarios aug.) ✓ 24.77 33.79 28.27 36.92 40.33 40.45 40.60 40.56 38.10 44.83 39.28 41.81 44.05 37.98

MonoGround [31] 13.05 21.77 18.87 20.79 30.74 32.02 34.43 27.02 14.15 46.21 14.63 33.41 35.60 26.36

• Color Jitter (Traditional aug.) 12.88 24.31 18.95 23.07 30.44 31.42 35.94 30.43 19.89 44.66 20.61 29.75 36.65 26.36
• Brightness (Traditional aug.) 14.02 23.52 20.14 23.95 31.78 28.79 35.08 31.87 18.87 42.94 17.75 25.55 37.18 27.03

• ControlNet (Only Snow aug.) ✗ 1.76 3.23 4.63 5.20 12.95 14.11 17.70 11.58 3.04 35.21 2.98 7.29 13.98 10.28
• ControlNet (3 scenarios aug.) ✗ 0.00 0.00 0.24 1.42 1.68 1.61 4.90 5.40 0.57 17.90 1.12 7.79 6.82 3.80
• ControlNet (6 scenarios aug.) ✗ 0.00 0.00 0.00 1.68 1.26 0.35 1.13 0.52 0.44 4.08 0.38 2.22 1.77 1.06

• Freecontrol (Only Snow aug.) ✓ 11.75 21.89 15.76 17.70 21.45 21.69 32.08 20.60 13.57 36.05 14.03 26.75 38.35 22.43
• Freecontrol (3 scenarios aug.) ✓ 16.31 20.75 17.61 13.10 16.84 14.82 17.72 15.89 11.87 25.20 13.55 22.57 24.49 17.75
• Freecontrol (6 scenarios aug.) ✓ 15.20 22.59 15.35 22.00 21.18 18.95 17.69 14.85 14.82 24.02 16.97 22.99 26.12 19.44

• DriveGEN (Only Snow aug.) ✓ 17.07 26.78 23.78 32.89 37.52 39.06 40.61 34.91 25.29 46.21 27.12 38.25 44.45 33.38
• DriveGEN (3 scenarios aug.) ✓ 19.79 31.44 27.63 36.84 40.10 39.35 39.17 36.42 28.79 45.42 29.29 42.60 44.99 35.53
• DriveGEN (6 scenarios aug.) ✓ 23.84 32.59 30.34 38.57 41.20 40.19 38.16 38.40 32.53 43.95 34.80 44.10 45.13 37.21

Pedestrian, IoU @ 0.5, 0.25, 0.25

Monoflex [63] 1.16 3.54 0.78 8.06 17.70 15.26 12.72 9.25 5.61 19.87 5.35 1.49 8.65 8.42

• Color Jitter (Traditional aug.) 0.99 3.53 1.41 10.05 14.63 12.00 14.73 12.13 7.72 19.02 9.23 1.11 11.29 9.07
• Brightness (Traditional aug.) 0.63 1.85 1.20 5.01 13.72 12.15 7.93 5.84 1.87 16.89 2.30 0.48 3.77 5.67

• ControlNet (Only Snow aug.) ✗ 0.00 0.00 0.00 1.78 8.32 5.84 4.03 3.75 1.31 11.00 1.23 0.00 0.93 2.94
• ControlNet (3 scenarios aug.) ✗ 0.00 0.00 0.00 1.15 3.23 1.14 1.64 1.35 0.83 4.06 2.01 0.00 0.00 1.19
• ControlNet (6 scenarios aug.) ✗ 0.00 0.00 0.00 0.00 0.36 0.00 0.00 0.00 0.00 2.50 0.00 0.00 0.00 0.22

• Freecontrol (Only Snow aug.) ✓ 3.62 5.17 3.21 3.23 5.16 5.94 4.68 3.52 4.28 7.70 4.22 8.51 7.70 5.15
• Freecontrol (3 scenarios aug.) ✓ 2.26 3.54 3.04 3.27 4.97 4.25 7.42 4.41 7.27 10.91 6.18 6.83 7.43 5.52
• Freecontrol (6 scenarios aug.) ✓ 5.99 9.10 9.08 4.80 7.36 5.84 7.22 7.58 7.10 10.81 9.40 9.90 10.24 8.03

• DriveGEN (Only Snow aug.) ✓ 1.25 3.22 4.56 16.21 19.88 20.61 19.80 14.46 8.80 24.62 9.11 9.77 18.04 13.10
• DriveGEN (3 scenarios aug.) ✓ 6.09 9.85 9.60 14.96 18.59 16.47 15.45 16.39 15.88 21.98 16.85 14.55 18.13 14.98
• DriveGEN (6 scenarios aug.) ✓ 6.34 9.22 7.71 17.60 19.21 20.20 16.88 16.19 15.72 23.57 16.75 14.37 17.31 15.47

MonoGround [31] 2.67 3.25 5.76 17.57 18.91 17.71 12.96 9.35 4.37 24.15 5.89 3.27 7.16 10.23

• Color Jitter (Traditional aug.) 2.44 3.24 4.11 15.37 18.46 16.50 15.45 12.38 9.14 24.71 9.82 2.07 7.81 10.89
• Brightness (Traditional aug.) 2.79 4.10 7.61 14.51 14.13 14.52 12.12 12.66 5.55 20.80 5.36 2.36 10.31 9.75

• ControlNet (Only Snow aug.) ✗ 1.85 1.03 0.81 7.18 9.97 8.32 1.32 2.92 1.37 12.99 1.40 0.28 0.90 3.87
• ControlNet (3 scenarios aug.) ✗ 0.00 0.00 0.00 3.60 3.89 1.96 1.14 1.03 1.50 4.21 1.25 0.26 0.77 1.51
• ControlNet (6 scenarios aug.) ✗ 0.00 0.00 0.00 0.00 0.00 1.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13

• Freecontrol (Only Snow aug.) ✓ 10.04 13.09 11.70 14.91 12.61 13.03 15.14 12.35 8.13 15.69 12.34 16.32 14.57 13.07
• Freecontrol (3 scenarios aug.) ✓ 0.77 1.81 1.98 2.19 3.08 3.96 3.29 0.52 2.55 3.76 3.10 4.10 5.37 2.81
• Freecontrol (6 scenarios aug.) ✓ 6.81 7.54 7.67 5.54 5.45 5.10 2.19 1.31 3.63 8.59 5.35 8.86 6.26 5.72

• DriveGEN (Only Snow aug.) ✓ 6.22 6.89 9.27 15.03 17.24 18.81 16.40 13.38 9.81 23.28 11.50 12.04 13.92 13.37
• DriveGEN (3 scenarios aug.) ✓ 6.53 9.26 11.17 16.15 19.60 21.02 18.67 16.17 13.72 24.80 14.52 19.98 19.36 16.23
• DriveGEN (6 scenarios aug.) ✓ 9.70 13.68 13.52 17.00 17.74 20.39 17.23 18.79 15.50 23.09 15.80 20.99 18.34 17.06

5. Experiments

We conduct experiments to validate DriveGEN on monoc-
ular and multi-view 3D object detection, including four dif-
ferent training settings with various augmented OOD sce-
narios: 1) Augmented with traditional techniques (Tradi-
tional aug.); 2) Only augmented with Snow (Only Snow
aug.); 3) Augmented with Snow, Rain and Fog (3 scenarios
aug.); 4) Augmented with Snow, Rain, Fog, Night, Defocus
and Sandstorm (6 scenarios aug.).

Datasets. For monocular 3d object detection, we split the
images of KITTI [10] into a training set (3712 images) and
a validation set (3769 images) following the protocol from

Monoflex [63], encompassing three classes: Car, Pedes-
trian, and Cyclist. We adopt the KITTI-C dataset [22]
for validation, which includes 13 types of data corruptions
on the validation set across four categories: Noise, Blur,
Weather, and Digital [11].

As for multi-view 3D object detection, we first split real-
world Night and Rainy validation scenarios based on de-
scriptions of nuScenes [1] following [24]. Next, we aug-
ment 500 daytime training scenes under the Snow condi-
tion. The augmented detectors are then evaluated on real-
world Night and Rainy scenarios, as well as on the widely
used Robo3D benchmark [52]. More details of datasets are
provided in Appendix B.
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