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Abstract

Controllable generation is considered a potentially vital ap-
proach to address the challenge of annotating 3D data, and
the precision of such controllable generation becomes par-
ticularly imperative in the context of data production for
autonomous driving. Existing methods focus on the integra-
tion of diverse generative information into controlling in-
puts, utilizing frameworks such as GLIGEN or ControlNet,
to produce commendable outcomes in controllable genera-
tion. However, such approaches intrinsically restrict gen-
eration performance to the learning capacities of prede-
fined network architectures. In this paper, we explore the
innovative integration of controlling information and in-
troduce PerLDiff (Perspective-Layout Diffusion Models), a
novel method for effective street view image generation that
fully leverages perspective 3D geometric information. Our
PerLDiff employs 3D geometric priors to guide the genera-
tion of street view images with precise object-level control
within the network learning process, resulting in a more ro-
bust and controllable output. Moreover, it demonstrates su-
perior controllability compared to alternative layout con-
trol methods. Empirical results justify that our PerLDiff
markedly enhances the precision of controllable generation
on the NuScenes and KITTI datasets.

1. Introduction

The advancement of secure autonomous driving systems is
fundamentally dependent on the accurate perception of the
vehicle’s environment. Recently, perception utilizing Bird’s
Eye View (BEV) has seen rapid progress, markedly push-
ing forward areas such as 3D object detection [13, 15] and
BEV segmentation [37]. Nonetheless, these systems neces-
sitate extensive datasets with high-quality 3D annotations,
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Figure 1. PerLDiff enhances controllability over BEVControl*
and MagicDrive using geometric priors. : Demonstrates object
controllability by adjusting the 3D annotation yaw by 90 degrees.

: Shows scene controllability through the alignment of the
street map with the generated image. Regions highlighted by rect-
angles indicate areas where the generated images fail to achieve
control and alignment with ground truth conditions.

the acquisition of which typically involves two consecutive
steps: data scene collection and subsequent labeling. Each
of these steps incurs significant expenses and presents con-
siderable challenges in terms of data acquisition.

To mitigate issue of data scarcity, the adoption of gen-
erative technologies [5, 9, 29] has proven practical for re-
versing the order of data annotation. The paradigm of this
approach is to use the collected annotation as controlling
information to generate the corresponding lifelike images
depicting urban street scenes. By implementing this strat-
egy, it is possible to dramatically lower the costs associ-
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ated with data annotation while also facilitating the gener-
ation of extensive long-tail datasets, subsequently leading
to improvements in the perception model’s performance.
Pioneering research, exemplified by BEVGen [27], har-
nesses the capabilities of autoregressive transformers [5, 29]
to render detailed visualizations of street scenes. Addi-
tionally, subsequent studies such as BEVControl [34] and
MagicDrive [0] employ diffusion-based techniques, includ-
ing GLIGEN [12] and ControlNet [35], to integrate con-
trolling information through a basic cross-attention mech-
anism. However, these methods simply extract integrated
conditional features from controlling information to adjust
the generation process and are limited in making full use
of detailed geometric layout information for accurate at-
tention map manipulation. While these techniques make
strides towards meeting the requirements toward generating
data from 3D annotations, Fig. 1 demonstrates that there
remains significant potential for improvement in scene and
object controllability.

To this end, in this paper, we introduce the perspective-
layout diffusion models (PerLDiff), a novel method specifi-
cally designed to enable precise control over street view im-
age generation at the object level. In addition to extracting
integrated conditional features from controlling condition
information, i.e. 3D annotations, our PerLDiff explicitly
renders perspective layout masking maps as geometric pri-
ors. Subsequently, a PerL-based controlling module (PerL-
CM) is proposed to leverage the geometric priors, i.e. per-
spective layout masking maps. Within PerL-CM, an innova-
tive PerL-based cross-attention mechanism is utilized to ac-
curately guide the generation of each object with their cor-
responding condition information. We integrate PerL.-CM
into the pre-trained Stable Diffusion model [22] and fine-
tune it on our training dataset. Consequently, our PerLDiff
incorporates the formidable generative capabilities of Sta-
ble Diffusion with the finely detailed geometric priors of
perspective layouts, effectively harnessing their respective
strengths for precise object-level image synthesis. Overall,
our PerLDiff is capable of generating precise, controllable
street view images while also maintaining high fidelity (see
Section 3 for details).

The main contributions of this paper are summarized as
following three-folds:

* We present PerLDiff, a newly developed framework
crafted to synthesize street view images from user-defined
3D annotations. Our PerLDiff carefully orchestrates the
image generation process at the object level by leveraging
perspective layout masks as geometric priors.

* We propose a PerL-based cross-attention mechanism that
utilizes perspective layout masking maps from 3D anno-
tations to enhance the underlying cross-attention mecha-
nism within PerL.-CM. This method enables precise con-
trol over the street view image generation process by in-

tegrating road geometry and object-specific information
derived from 3D annotations.

* Our PerLDiff method attains state-of-the-art performance
on the NuScenes [!] and KITTI [7] dataset compared
to existing methods, markedly enhancing detection and
segmentation outcomes for synthetic street view images.
Furthermore, it holds the potential to function as a robust
traffic simulator in the future.

2. Related Work

Diffusion-based Generative Models in Image Synthe-
sis. Initially developed as a method for modeling data dis-
tributions through a sequence of Markov chain diffusion
steps [24-26], diffusion models have undergone rapid ad-
vancement. Ho et al. [9] introduced denoising diffusion
probabilistic models (DDPMs), which have established new
benchmarks in the quality of image synthesis. Following
efforts have aimed to enhance the efficiency and output di-
versity of these models by investigating various condition-
ing strategies [2, 4], architectural adjustments, and training
methodologies to refine the image synthesis process [10].
Nichol and Dhariwal [4] proved that diffusion models can
be text-conditioned to produce coherent images that are
contextually appropriate. Furthermore, advances such as
multimodal-conditioned diffusion models have effectively
utilized layout images [12, 20, 22, 35], semantic segmen-
tation maps [12, 35], object sketches [12, 17, 30, 35], and
depth maps [12, 17, 35] to inform the generative process.
These methods enable more targeted manipulation of the
imagery, thus yielding complex scenes characterized by en-
hanced structural integrity and contextual pertinence.

Data Generation for Autonomous Driving. BEVGen [27]
represents the pioneering endeavor to harness an autoregres-
sive Transformer [5, 29] for synthesizing multi-view im-
ages pertinent to autonomous driving. Building upon this,
BEVControl [34] introduces a novel method that incorpo-
rates a diffusion model [9] for street view image generation,
and integrates cross-view attention mechanisms to maintain
spatial coherence across neighboring camera views. Subse-
quently, MagicDrive [0] propels the field forward by refin-
ing the method for controlling input conditions, drawing in-
sights from ControlNet [35]. DrivingDiffusion [! 1] further
augments the framework by introducing a consistency loss
designed to achieve the perceptual uniformity requisite for
high precision in the generation of video from autonomous
driving. Panacea [32] broadens the capabilities of the model
by tackling the challenge of ensuring temporal consistency
in video. In contrast to the above approaches, which pri-
marily utilize controlling input conditions to steer the image
generation process, our PerLDiff exploits detailed geomet-
ric layout information from the input to directly guide object
generation with higher precision.

Geometric Constraints in Image Generation. Incorpo-
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Figure 2. Overview of PerLDiff framework for multi-view street image generation (multi-view dimension omitted for simplicity). PerLDiff
utilizes perspective layout masking maps derived from 3D annotations to integrate scene information and object bounding boxes. PerL-
CM is responsible for integrating control information through employing PerL-based cross-attention (Scene & Object) mechanism,
using PerL masking map (road & box) as geometric priors to guide object-level image generation with high precision. View cross-attention
ensures consistency across multiple views, while Text cross-attention integrates textual scene descriptions to facilitate further adjustments.

rating geometric priors into image synthesis has been ex-
plored to a lesser extent. Work on 3D-aware image genera-
tion [18, 19] suggests the feasibility of integrating geomet-
ric information into generative processes to improve spatial
coherence. Nevertheless, these methods often rely on com-
plex 3D representations and may not be directly applied to
diffusion model frameworks. Recently, BoxDiff [33] re-
veals a spatial correspondence between the attention map
produced by the diffusion model and the corresponding gen-
erated image. During the testing phase, the geometric con-
figuration of the attention map’s response values is adjusted
to yield a more precise image generation. ZestGuide [3]
introduces a loss function that enforces a geometric pro-
jection onto the attention map, further refining the shape
of the attention map’s response values to closely approx-
imate the geometric projection of the control information
during the inference stage. However, utilizing text prompts
to facilitate the generation of complex urban environment
layouts poses inherent challenges, owing to the need for
crafting intricate prompts to accurately depict urban envi-
ronments. Furthermore, modifying the cross-attention map
to impose strict constraints during the denoising phase of
inference can disrupt the intrinsic relationships, leading to
a suboptimal approach to synthesizing controllable images.
In contrast, PerLDiff incorporates geometric prerequisites
as training priors to guide the generation of street view im-
ages, offering a more effective solution.

3. Controllable Street View Generation Based
on Perspective Layout

In this paper, we introduce PerLDiff, depicted in the Fig. 2,
which is designed to enable controllable multi-view street
scene image generation using 3D annotations. Specifically,
our PerLDiff leverages perspective projection information
from 3D annotations as controlling condition within the
training regimen and utilizes perspective layout masks as
geometric priors, enabling accurate guidance in object gen-
eration. In the following sections, we delineate the process
of encoding the controlling condition information from the
3D annotations in the Section 3.1. Additionally, we explain
how incorporating the perspective layout knowledge to en-
sure scene and object controllability in street view image
generation in the Section 3.2,

3.1. Controlling Conditions Encoding

Given 3D annotations of a street scene, our goal is to gen-
erate multi-view street images. To be more specific, for
controllable street view image generation, we extract not
only scene information (i.e., textual scene descriptions Sy
and street maps M revealing features such as road mark-
ings and obstacles) but also object information (i.e., bound-
ing box parameters P and the associated object category Y)
from 3D annotations as controlling conditions. These con-
trolling conditions encompass rich semantic and geomet-
ric information, so establishing a robust encoding method



to utilize this information is essential for generating street
view images. Hereafter, we present our controlling condi-
tion encoding approach. For simplicity, we omit the details
of multi-view perspectives.

PerL. Scene Information encompasses perspective scene
images and supplemental data specific for the whole scene.
Typically, the selected scene for annotation is coupled with
a street map of the driving environment, which visually
differentiates between the road and other background ele-
ments using distinct colors. In addition, a generic textual
description of the scene is customizable to align with par-
ticular scenarios. We employ ConvNext [14] and the CLIP
text encoder [21] to encode the perspective road map, de-
noted as S,,, derived from the projection of the street map
and the textual scene description Sy, respectively. This ap-
proach results in the generation of encoded scene features
H,, € R'*Y for the road map and H; € R'*¢ for the
textual scene description:

H,,, = ConvNext(S,,), H;=¢(Sq). (1)

PerLL Object Information encapsulates perspective geo-
metric data alongside object category information, which
stems from the projections of annotated 3D boxes. Through
projecting 3D annotations onto their corresponding per-
spective images, we ascertain eight 2D corner points for
each bounding box within a single image, denoted as P, €
RMx2x8 “where M represents the maximum number of
bounding boxes and eight corresponds to the number of cor-
ners per bounding box. In conjunction with the object’s cat-
egorical text P. = {P.,}},, we derive the encoded box
geometric features H, € RM % and the box categorical
features H, € RM*C which are illustrated as follows:

H, = 7(Py), H. = ¢(P.), 2

where F(-) is the Fourier embedding function [16], ¢(+)
represents the pre-trained text embedding encoder of
CLIP [21] and C representing the dimension of features.
Furthermore, we concatenate the encoded geometric fea-
tures H, and categorical features H, and subsequently pass
the concatenated vector through a Multilayer Perceptron
(MLP) [28] F, to achieve feature fusion H, € RM*C The
resulting fused box feature representation is given by:

H, = F([Hy, H]). 3)

We subsequently input the encoded conditions into the de-
noising diffusion model to guide the generation process.
This is achieved utilizing PerL-based cross-attention that in-
corporates PerL. masking maps, as detailed below.

3.2. Object Controllability via PerL-based Control-
ling Module

PerL-based Controlling Module (PerL-CM) is responsible
for integrating controlling condition information, which en-
compasses both the PerL. scene and object information,

into the latent feature maps of noisy street view images.
This integration is primarily achieved via the scene and
object PerL-based cross-attention mechanism. Initially,
this mechanism assigns initial values to the attention maps,
under the guidance of road and box PerL masking maps.
Throughout the training of the network, these values are
optimized to ensure that the response of the attention map
accurately corresponds to the regions where the objects are
located. Subsequently, the information from both the road
map and the bounding box are sequentially integrated into
the noise street view image. To more effectively integrate
PerL scene and object information, a gating operation sim-
ilar to GLIGEN [12] is used, which dynamically adjusts
the contribution of condition information according to the
adaptive process. To ensure multi-view consistency, View
Cross-attention leverages information from the immediate
left and right views for uniformity across various perspec-
tives. Additionally, Text Cross-attention manipulates the
weather and lighting conditions of street scenes using tex-
tual scene description. The details of the PerL.-CM process
are delineated in the Appendix.

Per. Masking Map (road & box) is comprised of PerL
road masking map M, € R¥W>1 and PerL box masking
map M, € REWXM 'where H and W represent the height
and width dimensions of the image, respectively. These
masking maps are articulated as follows:

Ms = T(Sm)7 Mb - CI)(Pg)» (4)

where Y'(-) generates the masking map for the non-empty
regions of the projected road maps. Meanwhile, ®(-) pro-
duces the masking map corresponding to the inner region
of each projected 3D bounding box for every perspective
image, enabling precise control at the object level.
PerL-based Cross-attention (Scene & Object) leverages
the prior masking maps to enhance the learning of cross-
attention between the input controlling conditions and the
noisy street view images. As depicted in Fig. 3, the cross-
attention map exhibits perceptual equivalence with the gen-
erated street view image. However, this correspondence
is imprecise and lacks the necessary alignment during the
training stage. To this end, our approach utilizes a PerL-
based cross-attention mechanism that incorporates geomet-
ric knowledge derived from both the scene context and the
bounding box into the computation of the cross-attention
map. In PerLDiff, the road map and object bounding box
data are seamlessly merged with the noisy street view im-
ages throughout each stage of the denoising process. For
the sake of notational simplicity, the linear embeddings
and normalization steps typically involved in the attention
mechanism have been omitted.

A, = softmax(\s - M, + ZHE /V/d), 3)
Ay = softmax(Ny, - My, + ZHE /Vd), (6)
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Figure 3. Visualization of cross-attention maps reveals perceptual congruency with the generated image. BEVControl* produces disorga-
nized and vague attention maps, which result in inferior image quality. Conversely, our PerLDiff method fine-tunes the response within the
attention maps, resulting in more accurate control information at the object level and improved image quality. Please see more qualitative

examples in the Appendix.

where )\ and )\, are weight parameters that control the in-
fluence of the masking map, d denotes the dimensionality,
and Z, Zy, Z, € RTWXC represent different noisy street
view images. Here, A, € R”WX! characterizes the asso-
ciation between the road map and the noisy image, while
Ay € REWXM (larifies the relationship between the con-
ditions of the object bounding box and the noisy image. For
visualization purposes, as shown in Fig. 3, we average A
along the second dimension and merge all object attention
maps into one representation at step 50 of the DDIM pro-
cess in the last block of U-Net. The final noisy street view
image is synthesized through an attention-based aggrega-
tion mechanism enhanced by a residual connection, which
can be expressed as:

Zs = Vs AsHm + Zv Zy, = Vb - Abe + st @)

where 4 and ~; represent learnable parameters modulating
the influence of respective conditions.

View Cross-attention is corroborated by preliminary
works such as BEVControl [34], MagicDrive [6], Driv-
ingDiffusion [ 1], and Panacea [32], plays an instrumental
role in facilitating the synthesis of images that maintain vi-
sual consistency across varying camera perspectives. For
additional information, please see the Appendix.

Text Cross-attention enhances Stable Diffusion [22]
model’s ability to modulate street scenes through textual
scene description. This capability is crucial for dynami-
cally adapting the rendering of street scenes to accommo-
date various lighting and weather conditions. By integrat-
ing detailed textual scene description, PerLDiff can alter vi-
sual elements such as illumination and atmospheric effects,
ensuring that the generated images reflect the specified con-
ditions. For qualitative examples, see the the Appendix.

3.3. Discussion

In contrast to previous approaches for autonomous driving
such as BEVControl [34], MagicDrive [6], DrivingDiffu-
sion [11], and Panacea [32], which employ a basic cross-
attention mechanism to integrate controlling condition in-

formation, our PerLDiff leverages geometric priors via PerL
masking map. This approach directs the generation of
each object with its respective control information during
the training phase, effectively countering the common mis-
alignment between the attention map and condition infor-
mation that often results in compromised image controlla-
bility. For instance, the attention map of BEVControl [34],
illustrated in Fig. 3, demonstrates disorganized patterns and
lacks precision. Conversely, our PerLDiff markedly en-
hances the accuracy of generated images and the granular-
ity of condition information at the object level by ensuring
meticulous guidance within the attention map. For more
qualitative results, please see the Appendix.

4. Experiments

We assess PerLDiff’s ability to control quality across mul-
tiple benchmarks, including multi-view 3D object detec-
tion [13, 15, 31, 36], BEV segmentation [37] and monoc-
ular 3D object detection [36]. Subsequently, we conduct
ablation studies to ascertain the contribution of each com-
ponent within our proposed methodology.

4.1. Datasets

NuScenes dataset comprises 1,000 urban street scenes, tra-
ditionally segmented into 700 for training, 150 for valida-
tion, and 150 for testing. Each scene features six high-
resolution images (900x1600), which together provide a
complete 360-degree panoramic view of the surroundings.
Additionally, NuScenes includes comprehensive road maps
of the driving environment, featuring details such as lane
markings and obstacles. We extend the class and road type
annotations similar to MagicDrive [60] and NuScenes, incor-
porating ten object classes and eight road types for map ren-
dering. To address the resolution limitations of the U-Net
architecture in Stable Diffusion [23], we adopt image res-
olutions of 256 x384 as in BEVFormer [13], and 256 x704
following BEVFusion (Camera-Only) [15].

KITTI dataset contains 3,712 images for training and 3,769
images for validation. KITTT has only one perspective im-
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Method Detector FIDJ ‘ mAPT NDST mAOE|
Oracle BEVFormer - 27.06 41.89 0.54
Oracle BEVFusion - 35.54 41.20 0.56

BEVFusion 16.20 | 12.30  23.32

MagicDrive [6] -
BEVFusion 15.92 | 10.27 20.42 0.78

MagicDrive*
BEVControl* BEVFusion 13.05 | 9.98 19.61 0.94
PerLDiff (Ours)  BEVFusion 13.36 | 15.24 24.05 0.78

BEVGen [27] - 25.54 - - -
BEVControl [34] BEVFormer 24.85 | 19.64 28.68 0.78

BEVControl* BEVFormer 13.05 | 1648 28.08 0.88
MagicDrive* BEVFormer 1592 | 15.21 28.79 0.81
PerLDiff (Ours) BEVFormer 13.36 | 25.10 36.24 0.72

Table 1. Comparison of the controllability on NuScenes valida-
tion set. BEVControl*, serving as the baseline, employs standard
cross-attention mechanisms contrary to PerL-based cross-attention
utilized in PerLDiff. MagicDrive* represents our replication using
the official configuration. Bold indicates the best result.

age and does not have road map information. Given the var-
ied image resolutions in KITTI (approximately 375x 1242),
we pad them to 384 x 1280 for generative learning.

4.2. Main Results

In this subsection, we assess PerLDiff’s generative quality
through the perception results of several pre-trained meth-
ods: BEVFormer [13], BEVFusion (Camera-Only) [15],
and StreamPETR [31] for multi-view 3D detection;
CVT [37] for BEV segmentation; and MonoFlex [36] for
monocular 3D detection trained on the KITTI. Addition-
ally, we leverage synthesized dataset to enhance the per-
formance of various 3D detection models (i.e., BEVFormer
and StreamPETR) on the NuScenes fest, validating the ef-
fectiveness of our PerLDiff.

4.2.1. Controllable Generation on NuScenes

To evaluate the effectiveness of PerLDiff, we trained the
model on the NuScenes train set and subsequently gener-
ated a synthetic validation set using the provided road maps
and 3D annotations. The controllability of PerLDiff was
examined by applying perception models, originally trained
on the real train set, to our synthetic validation set. As sum-
marized in Tab. 1, PerLDiff outperforms competing meth-
ods across most metrics, as tested with BEVFormer [13]
and BEVFusion [15]. In a rigorous comparison, we repli-
cated BEVControl [34] using identical settings, with the ex-
ception of our innovative element: the PerL-based cross-
attention mechanism. PerLDiff demonstrates notable im-
provements, with increases of 8.62%, 8.16%, and 0.16% in
mean Average Precision (mAP), NuScenes Detection Score
(NDS), and mean Average Orientation Error (mAOE), re-
spectively, compared to BEVControl* when using BEV-
Former. With BEVFusion, it achieves gains of 5.26%,
4.44%, and 0.16% in these metrics against BEVControl*,
confirming its effectiveness at a resolution of 256 x 384.

Method Oracle ‘ BEVGen BEVControl BEVControl* MagicDrive*  PerLDiff (Ours)

Road mloU?T 70.35 50.20 60.80 60.74 55.56 61.26
Vehicle mIoUtT  33.36 5.89 26.86 2247 24.81 27.13

Table 2. Comparison of the controllability performance on the
NuScenes validation set using BEV segmentation metrics in
CVT [37]. Bold indicates the best result.

KITTI NuScenes — KITTI
Method
Easyt Mod.t Hard? FID| Easyt Mod.t Hardt FID|
Oracle 2229 1554 1338 - 2229 1554 1338 -
BEVControl* 0.33 0.29 0.39 3947 132 1.51 1.64 3296

PerLDiff (Ours) 11.04  7.44 6.03 39.03 1312 9.24 759 31.70

Table 3. Controllability comparison on KITTI [7] validation set,
showcasing vehicle mAP obtained by MonoFlex [36] using data
generated by PerLDiff and the baseline BEVControl*. “NuScenes
— KITTI” denotes initial training on NuScenes rain set followed
by fine-tuning on KITTI train set. Bold indicates the best result.

The superiority of PerLDiff is further affirmed by BEV
segmentation metrics [37] presented in Tab. 2. It signifi-
cantly outperforms BEVControl* with a 0.52% increase in
Road mloU and a 4.66% increase in Vehicle mloU, vali-
dating the efficacy of the PerL-based cross-attention mech-
anism in enhancing scene controllability. Regarding the
Fréchet Inception Distance (FID) [8] metric, our results
are comparable to those of BEVControl*. While PerL.D-
iff incorporates prior constraints to ensure accuracy in ob-
ject detection, this may adversely affect the details in the
background of the images. As illustrated in the Appendix,
PerLDiff produces background details that do not align with
those of real images.

Compared to the state-of-the-art MagicDrive [6], our
method demonstrates superior performance across all met-
rics, particularly in the FID metric, reflecting an improve-
ment of 2.84%. Additionally, we achieve a 2.94% improve-
ment in mAP and a 0.73% increase in NDS. These results
substantiate the strengths of PerLDiff in terms of both gen-
eration quality and controllability.

4.2.2. Controllable Generation on KITTI

The scarcity of training data in the KITTI dataset [7] often
limits a generative model’s ability to understand the rela-
tionship between control information and image synthesis.
To address this challenge, we implement two distinct strate-
gies for generating images within the KITTI framework:
one strategy involves direct training using the KITTI train
set, while the other entails initial training on the NuScenes
train set followed by fine-tuning on the KITTI train set. In
Tab. 3, we present the results of monocular 3D object de-
tection on the KITTI validation set, utilizing a pretrained
MonoFlex [36] detector. As illustrated in Fig. 4, the naive
approach results in significant misalignment between the la-
bels and the corresponding generated images, leading to a
considerable performance gap: 11.04 vs. 0.33 for one met-
ric and 13.12 vs. 1.32 for another. There are two main
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Training ‘ Detector ‘ mAP?T NDS?T mATE| mASE| mAOE|
train 28.97 42.52 72.90 28.15 56.34
train + Real val BEVFormer 32.20 45.44 69.43 27.40 52.88
train + Syn. val* 29.92 43.20 70.76 27.69 57.57

train + Syn. val (Ours) 31.66 4491 70.09 27.56 55.05

train 47.84 56.66 55.91 25.81 47.40
train + Real val StreamPETR 50.92 58.68 54.36 25.12 45.36
train + Syn. val* 47.37 56.40 56.99 25.58 47.69

train + Syn. val (Ours) 49.07 57.92 55.71 25.57 47.08

Table 4. Performance comparison for the boosting performance of 3D detection models using synthesized dataset on NuScenes [1] test set
using BEVFormer [13] and StreamPETR [31]. The “train + Real val” configuration serves as a benchmark, representing the ideal upper

performance limit achievable. “Syn. val*” represents the synthetic validation set generated by BEVControl. The

in parentheses

indicate the performance disparity relative to the “srain + Real val” configuration. Bold indicates the best result.

BEVControl*

PerLDiff (Ours)
Figure 4. Qualitative visualization comparison on KITTI [7]
dataset. markers denote instances where BEVControl* in-
accurately generates output compared to PerLDiff.

reasons for the observed differences. First, the limited size
of the KITTI dataset, which contains just 3,712 training im-
ages, impedes the learning process of traditional methods
that do not utilize PerL. masking map. Second, monocu-
lar 3D object detection is highly sensitive to accurate depth
prediction. Depth is derived from the 2D projected size
and the estimated 3D size through perspective projection.
Our method produces more precise object sizing, thereby
enhancing detection performance. More visual results on
KITTI can be found in the Appendix.

4.2.3. Boosting Perception Models Using Synthesized
Dataset

Generative models have become widely acknowledged as
effective tools for data augmentation, thereby improving the
generalization capabilities of perception models. To evalu-
ate this, we leverage synthesized image dataset to improve
the performance of various detection models on NuScenes
test set. The gains presented in the second row of Tab. 4

confirm that augmenting with data annotated optimally (i.e.,
using the combined real NuScenes train + Real val set)
is beneficial. The performance of BEVFormer [13] and
StreamPETR [3 1] improved significantly after the dataset
was augmented with real validation set. The most notable
gains for BEVFormer were observed in the mAP and NDS
metrics, which increased by 3.23% and 2.92%, respectively.
Similarly, for StreamPETR, increases in mAP and NDS
were recorded at 3.08% and 2.02%, respectively.

Furthermore, augmentations using synthetic validation
set yielded competitive improvements that almost matched
the performance gains observed with real validation set.
The gaps in performance metrics, such as mAP, NDS, and
mAOE, were minimal, thus solidifying the value of syn-
thetic augmentation compared to the train-only baseline.
Specifically, BEVFormer and StreamPETR exhibited only
slight gaps in mAP (0.54% and 1.85%), NDS (0.53% and
0.76%) and mAOE (2.17% and 1.72%), respectively. In ad-
dition, these discrepancies were even less pronounced com-
pared to BEVControl*, highlighting the effectiveness of the
PerL-based cross-attention mechanism.

4.3. Ablation Study

To determine the effectiveness of the key components
within PerLDiff, we perform ablation studies concentrated
on key elements: PerL-based cross-attention. Additionally,
we provide more qualitative results in the Appendix to fur-
ther demonstrate the efficacy of PerLDiff compared to the
baseline approaches, BEVControl* and MagicDrive.

4.3.1. Effectiveness of PerL-based Cross-attention

To illustrate the impact of PerL-based cross-attention, we
devised a comprehensive comparative experiment, the re-
sults of which are presented in Tab. 5. Method (a) employs
road map and 3D box as conditions, which are integrated
into the model using standard cross-attention [6, 34] with
the configuration mirroring that of BEVControl*. “Box
Mask™ and “Road Mask” denote the process wherein the
control information is merged with the model through PerL-
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Road Box Road Vehicle
Method Mask  Mask FIDJ mAPT NDS?T mAOE| mloUt mloU?
Oracle - 27.06 41.89 0.54 ‘ 70.35 33.36
(a) 13.05 16.48 28.08 0.88 60.74 22.47
(b) N 13.20 16.27 28.40 0.86 61.18 23.14
(c) v 13.54 26.07 36.07 0.74 61.21 26.27
(d) v v 13.36 25.10 36.24 0.72 61.26 27.13

Table 5. Ablation of the PerL-based cross-attention, reporting 3D object detection improvements using BEVFormer and BEV segmentation

enhancements using CVT.

in parentheses indicate performance gains over the baseline. Bold indicates the best result.

Road  Vehicle
mloUT mloUt

Oracle - | - 2706 4189 054 | 7035 3336

(a) 1.01.0 | 12.87 2230 34.08 0.73 61.31 25.03
(b) 3.03.0 14.03 2441 3575 0.74 60.58 26.82
(c) 5050 | 1336 2510 36.24 0.72 61.26 27.13
(d) 10.010.0 | 1424 2498 35.52 0.76 61.75 26.62

Method A A\, | FID] mAP} NDST mAOE]

Table 6. Ablation of different values of masking map weight coef-
ficients A\ and A, in PerL-based cross-attention. We report the 3D
object detection results based on BEVFormer and BEV Segmen-
tation results based on CVT. Bold indicates the best result.

based cross-attention. Method (a)—(b) signifies the adop-
tion of PerL-based cross-attention for the road map, lead-
ing to improvements of 0.44% in Road mloU and 0.32% in
NDS. These gains underscore the augmented controllabil-
ity achieved by combining the road map with PerL-based
cross-attention and its efficacy in aligning generated data
with real observations. Additionally, Method (a)—(c) re-
sults in marked improvements of 9.59% in mAP, 7.99%
in NDS, 0.14% in mAOE and 3.80% in Vehicle mloU,
strongly supporting the utility of PerL-based cross-attention
in producing accurate data-annotation alignments for ob-
jects. To optimally regulate elements of the background
and foreground, Method (c), in contrast to baseline Method
(a), indicates increases of 8.62% in mAP, 8.16% in NDS,
0.16% in mAOE, 0.52% in Road mloU and 4.66% in Ve-
hicle mIoU. These results validate the efficiency of PerL-
based cross-attention in enhancing image controllability.

4.3.2. Effectiveness of Masking Map Weight Coefficients

Tab. 6 examines the effects of varying the masking map
weight coefficients \s and ), where higher values indi-
cate a greater integration of PerL knowledge into network
learning. The table demonstrates that detection metrics im-
prove with increasing values of A\; and A, within a certain
range. However, the FID score also increases, underscoring
the significant role of PerL knowledge in the controllable
learning process. For optimal controllability, we set the de-
fault values of \; and A\ to 5.0 in the main text.

Method Detector ‘ Parameter (M) FID] mAPT NDST mAOE]
CLIP encoder BEVFormer 303.97 12.77 2541 36.26 0.73
ConvNext encoder 27.82 1336 25.10 36.24 0.72
CLIP encoder BEVFusion 303.97 12.77 1580 2445 0.81
ConvNext encoder 27.82 1336 1524 24.05 0.78

Table 7. Ablation study comparing different road map encoders
with frozen weights. We present 3D object detection results based
on BEVFormer and BEVFusion. Bold indicates the best result.

4.3.3. Effectiveness of Different Road Map Encoders

In Tab. 7, we present an ablation study comparing differ-
ent road map encoders, replacing ConvNext [14] with al-
ternatives such as the CLIP image encoder. ConvNext was
initially chosen for its ability to effectively extract image
features while maintaining a relatively low parameter count
(27.82M). Additionally, it has demonstrated strong perfor-
mance in downstream segmentation tasks, particularly in
capturing edge information [14]. As shown in Tab. 7, the
results indicate that the choice of feature extraction net-
work has minimal impact on PerLDiff, with only a +0.02
NDS difference between the CLIP and ConvNext encoders.
Therefore, we adopt ConvNext as the road map encoder and
freeze its weights in the main results.

5. Conclusion

In conclusion, PerLDiff introduces a streamlined frame-
work that adeptly merges geometric constraints with syn-
thetic street view image generation, harnessing diffusion
models’ power for high-fidelity visuals. The architec-
ture boasts a PerL-based controlling module (PerL-CM),
through training, becomes seamlessly integrated with Sta-
ble Diffusion. Meanwhile, a cutting-edge PerL-based cross-
attention mechanism guarantees meticulous feature guid-
ance at the object level for precise control. Experiments on
NuScenes and KITTT datasets confirm PerLDiff’s enhanced
performance in image synthesis and downstream tasks like
3D object detection and segmentation. Flexible yet precise,
PerLDiff’s method of PerL-based cross-attention with ge-
ometric perspective projections during training finely bal-
ances image realism with accurate condition alignment.
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