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Abstract

Recent advances in text-to-image diffusion models have
shown an outstanding ability in zero-shot style transfer. How-
ever, existing methods often struggle to balance preserving
the semantic content of the input image and faithfully trans-
ferring the target style in line with the edit prompt. Especially
when applied to complex traffic scenes with diverse objects,
layouts, and stylistic variations, current diffusion models tend
to exhibit Style Neglection, i.e., failing to generate the re-
quired style in the prompt. To address this issue, we propose
Style Nursing, which directs the model to focus on style sub-
ject tokens in the text prompt and excites their corresponding
visual activations. Moreover, we introduce Spatial and Se-
mantic Guidance to guide the preservation of content after
editing, which utilizes spatial features from the DDIM sam-
pling process together with attention maps from the semantic
reconstruction. To evaluate the performance of zero-shot style
transfer methods in traffic scenes, we present STREET-6K, a
new benchmark dataset comprising 6000 images showcasing
diverse traffic scenes and style transfer variations, accompa-
nied by comprehensive annotations and evaluation metrics.
Our approach beats state-of-the-art image translation meth-
ods in comprehensive quantitative metrics and human eval-
uations on traffic scene image synthesis while seamlessly
generalizing to various other types of images without train-
ing or fine-tuning. Further experiments on detection and seg-
mentation tasks show that fine-tuning perception models on
our synthesized images improves Recall and mean Intersec-
tion over Union (mIoU) by over 10% and 3% respectively in
rarely-seen traffic scenes.

Introduction
As visual data of real-world traffic scenes tend to have
skewed data with long-tailed characteristics, acquiring im-
age datasets depicting various traffic scene styles (e.g., ex-
treme weather conditions and complex lighting scenarios) is
of great significance to autonomous driving testing. Several
studies (Jeon et al. 2023; Zheng, Lu, and Narasimhan 2024;
Lee et al. 2023; Zhang et al. 2022) used image-to-image
translation techniques to generate images containing rarely-
seen traffic layouts, styles, or conditions from normal traf-
fic images. While these methods excel in traffic scene style
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transfer, they often necessitate tailored methods or datasets
for specific styles, limiting their generalizability to other
traffic scene style transfers.

Recent advancements in text-guided image generation
models (Rombach et al. 2022; Ruiz et al. 2023; Gal et al.
2023a; Voynov et al. 2023; Gal et al. 2023b; Kang et al.
2024) have showcased an unparalleled zero-shot style trans-
fer capability to produce high-quality and diverse images.
However, the intrinsic challenge still lies in maintaining
the essential content of the source image while ensuring
fidelity to the target prompt. Several prior and concurrent
studies (Geng et al. 2024; Mou et al. 2024; Zhang, Rao, and
Agrawala 2023; Parmar et al. 2023; Zhang et al. 2024; Wei
et al. 2023) have sought to address these issues. P2P (Hertz
et al. 2023) keeps the original image content intact by
manipulating the cross-attention layers. Plug-and-Play (Tu-
manyan et al. 2023) presents feature injection to retain
the content of the guidance image. InstructPi2Pix (Brooks,
Holynski, and Efros 2023) achieves preserving the original
content by training a conditional diffusion model.

However, when applied to complex traffic scenes with di-
verse objects, layouts, and stylistic variations, current diffu-
sion models tend to exhibit Style Neglection, failing to gener-
ate one or more style subjects from the prompt, as illustrated
in Fig. 1. To mitigate this issue and enhance style generation,
we introduce the concept of Style Nursing, drawing inspi-
ration from (Chefer et al. 2023). Intuitively, for a style to
be present in the generated image, the model should assign
at least one image patch to the style token. Style Nursing
embodies this intuition by demanding that each style token
be dominant in some image patches, which carefully guides
the denoising process and encourages the model to focus on
style tokens by enhancing their activations.

Moreover, we propose Spatial and Semantic Guidance to
preserve the detailed content structure of the input image,
which retains both the spatial features of the input image
and self-attention maps of the corresponding semantic im-
age throughout the diffusion process. We investigate the in-
ternal encoding of content information in a pre-trained text-
to-image diffusion model and delve into the spatial features
formed during the generation process. Manipulating these
features enables fine-grained control over the generated con-
tent (Tumanyan et al. 2023). In addition, our empirical anal-
ysis reveals that spatial features from different U-Net lay-
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Prompt: “A photo of a flooded road with a beautiful rainbow in the sky.”

flooded rainbowflooded rainbow

Plug-and-Play
with Style Nursing

Plug-and-Play Input image

“A car driving on
a suburban road 
on a foggy day.”

Input image
Plug-and-Play 

with Style Nursing

(a) Visualization of the fact of Style Neglection (b) The effect of our Spatial and Semantic Guidance

Our method

Figure 1: Illustration on the Style Neglection phenomenon and the superiority of Style Nursing with Spatial and Semantic
Guidance. (a) illustrates the existence of Style Neglection in current diffusion-based image translation method, e.g., Plug-and-
Play (Tumanyan et al. 2023). Visualization of the cross-attention maps for each style token demonstrates the effect of Style
Nursing. (b) illustrates the effectiveness of the proposed Spatial and Semantic Guidance. Our method preserves the detailed
content of traffic scenes compared with others, ensuring that the trees and houses in the background do not deform or disappear.

ers have varying degrees of control over the attributes of the
synthesized image, i.e., the coarse layers primarily affect its
content structure while the fine layers predominantly influ-
ence its appearance. Therefore, we propose Spatial Guid-
ance to keep the spatial features consistent before and after
translation. Specifically, spatial features from coarse layers
of U-Net during the image reconstruction process are ex-
tracted as guidance features, which guarantees the image
content does not deviate by spatial gradient optimization
in the process of text-guided generation. However, Spatial
Guidance is insufficient to better preserve the object struc-
ture in complex traffic scenes, e.g., Fig. 5(a). To address
this issue, we employ Semantic Guidance to ensure precise
preservation of semantic structure. The self-attention maps
of the semantic image reconstruction process are utilized
to guide the latent sample during the style transfer process
by gradient optimization. To address the lack of standard-
ized benchmarks for image translation in traffic scene style
transfer, we introduce STREET-6K (Stylized TRaffic ScEne
Editing Test Benchmark with 6K images) from diverse traf-
fic scenes spanning 10 style categories. Each entry includes
a source image, source prompt, target prompt, editing in-
struction and editing type. As a training-free approach, our
method outperforms existing techniques in traffic scene style
transfer on 7 metrics and can generalize to other forms of
style transfer robustly. To validate the effectiveness of data
generated by our method, we further fine-tune autonomous
driving perception models Yolop (Wu et al. 2022) and Hy-
bridNets (Vu, Ngo, and Phan 2022) with STREET-6K, miti-
gating the performance degradation problem due to lack for
data under rarely-seen traffic scenes. Our key contributions
are summarized as follows:

(i) We identify the Style Neglection phenomenon in current
diffusion models when applied to traffic scene style transfer.
To address this, we propose Style Nursing, which ensures

each style token is dominant in specific image patches.
(ii) We propose the Spatial and Semantic Guidance for con-
tent preserving, utilizing spatial features and self-attention
maps to direct the gradient optimization without extra train-
ing or fine-tuning.
(iii) We introduce STREET-6K which fills the gap in stan-
dardized benchmarks for image editing in the traffic do-
main and we validate the significance of our approach to
autonomous driving with it.

Preliminary
Latent diffusion model. Our method leverages a pre-
trained text-conditioned Latent Diffusion Model (Rombach
et al. 2022), the Stable Diffusion (SD), which operates in
the latent space of an autoencoder. SD aims to map a ran-
dom noise vector zt and textual condition P to an output
image z0. To perform sequential denoising, the network ϵθ
is trained to predict artificial noise, following the objective:

min
θ

Ez0,ϵ∼N(0,1),t∼Uniform(1,T )||ϵ− ϵθ(zt, t, C)||22 (1)

Note that C is the embedding of the text condition and zt is
a noised sample, where noise is added to the sampled data
z0 according to timestamp t. At inference, given a noise
vector zt, The noise is gradually removed by sequentially
predicting it using our trained network for T steps. Here, ϵθ
is a U-Net network, and each layer of the U-Net comprises
a residual block, a self-attention block, and a cross-attention
block. The residual block will compute spatial features f l

t
by convolv latent features from the previous layer l − 1.

Self-attention block. In the self-attention block, it propa-
gates the feature at each spatial location to a similar region
in the feature map. The spatial features f l

t of the network at
layer l are first projected into queries Ql

t = fQ(f
l
t), keys
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Figure 2: Style Nursing with Spatial and Semantic Guidance. Our framework takes a source image IG and a text prompt that
describes the desired style as input. Firstly, IG is inverted to the latent sample ZG

T and then updated by Style Nursing shown in
the bottom right, which enhances the maximal activation for the style token from the cross-attention map. After that, Spatial and
Semantic Guidance is introduced to prevent the content and structure of output images from changing dramatically. As shown
in the top right, spatial features from the coarse layers of the U-Net during the reconstruction of IG together with attention
maps from the reconstruction of the semantic image are used as guidance through gradient optimization.

Kl
t = fK(f l

t), and values V l
t = fV (f

l
t) through learned lin-

ear projections fQ, fK ,fV , and the output of the block and
self-attention map Al

t are given by:

f l
t = Al

t · V l
t ,

where Al
t = Softmax

(
Ql

t ·Kl
t
T

√
d

)
.

(2)

This process is applied independently for all queries,
enabling the model to capture correspondences across the
entire image.

Cross-attention block. Finally, text guidance in SD is per-
formed using the cross-attention mechanism. Specifically, a
pretrained CLIP encoder (Radford et al. 2021) is usually
used to encode the guided prompt P and obtain the text
embeddings C. The keys and values are obtained from text
embedding C with a linear mapping. Denote by D the spa-
tial dimension of the intermediate feature map (i.e.,D ∈
64, 32, 16, 8), and by N the number of text tokens in the
guided prompt P . Then, we can get a cross-attention map
Act ∈ RD×D×N by queries computed from the output of
self-attention block f l

t with the keys computed from text em-
bedding C at timestep t. Act defines a distribution over the
text tokens for each spatial patch (i, j). Specifically, An

ct[i,j]
denotes the probability assigned to token n for the (i, j)-th
spatial patch of the intermediate feature map. Intuitively, this
probability indicates the amount of information that will be
passed from token n to patch (i, j). Note that the maximum
value of each of the D ×D cells is 1.

Method
We propose Style Nursing with Spatial and Semantic Guid-
ance as illustrated in Fig. 2, given an input image I G and a
target style prompt P , our goal is to generate a new image
I ∗ with different style that complies with P and preserves
the content and spatial semantic layout of I G.

Style Nursing
The core of Style Nursing is gradually shifting the noised
latent at each timestep t toward a more semantically
faithful generation. At each denoising step, we consider
the cross-attention maps of the style subject tokens in the
prompt P. Intuitively, visual information in the synthesized
image should strongly influence some patches. As such,
we define a loss objective that attempts to maximize the
cross-attention values for each style subject token. We then
update the noised latent at time t according to the gradient
of the computed loss. This encourages the latent at the next
timestep to better generate the forgotten style described in
the prompt.

Cross-Attention Maps. Given the input prompt P , we
consider the set of style tokens S = s1, ..., sk present in
P . Then, we extract cross-attention maps As

ct for each
token s ∈ S, indicating the influence of s on each image
patch. After the Softmax operation, the (i, j)-th entry of the
resulting matrix As

ct indicates the probability of each textual
token being present in the corresponding image patch.
We then extract the 16 × 16 normalized attention maps
As

ct for each style subject token s. We apply a Gaussian
filter over As

ct to obtain smooth attention maps. After that,
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Input Image Layer = 1 Layer = 4 Layer = 7 Layer = 11 Layer = 1 Layer = 4 Layer = 7 Layer = 11

U-Net Encoder U-Net Decoder

Figure 3: Visualizing spatial features. We collect different types of real traffic scene images and extract spatial features from
different U-net layers at roughly 80% of the generation process (t = 200). For each block, we applied PCA on the extracted
features across all images and visualized the top three leading components.

Input Image P2P
P2P 

w/ Style Nursing Our method

Prompt: “ A car driving on a jungle road with a beautiful rainbow in the sky .”

Input Image PnP
PnP

w/ Style Nursing
Our method

Prompt: “A photo of many cars driving on a city road on a heavily rainy day.”

Figure 4: The effect of our proposed method. Although
Style Nursing can address the challenge of Style Neglec-
tion, current diffusion-based image translation methods (e.g.
P2P (Hertz et al. 2023), PnP (Tumanyan et al. 2023)) cannot
well preserve the content structure of the input image.

the attention value of the maximally-activated patch is
dependent on its neighboring patches since each patch is a
linear combination of its neighboring patches.

Gradient Adjustment. Successfully generated styles
should have an image patch that significantly attends to their
corresponding token. For each style token in S, we promote
the presence of at least one patch in As

ct exhibiting a high
activation value. The corresponding loss function is as fol-
lows:
L = max

s∈S
Ls where Ls = 1−max(As

ct). (3)

Specifically, the loss enhances the activations of the most
neglected style token at timestep t. After computing the loss
L, the latentzt is updated as:

z′t ← zt − αt · ∇ztL. (4)
where αt is a scalar that determines the step size for the gra-
dient update. Subsequently, a forward pass through ϵθ is per-

formed using z′t to compute zt−1 for the next denoising step.
This update process is repeated over a subset of timesteps,
based on the observation that the final timesteps have mini-
mal impact on the spatial arrangement of objects in the gen-
erated image.

Spatial and Semantic Guidance

Although Style Nursing can address the challenge of
Style Neglection, current diffusion-based image translation
methods can not better preserve the content structure of
the input image, as shown in Fig. 4. Therefore, to preserve
the detailed content structure of the input image after
ensuring fidelity to the target prompt, we propose Spatial
and Semantic Guidance, which aims to retain the spatial
features of the input image and self-attention maps of the
semantic image throughout the diffusion process.

Spatial Guidance. Each U-Net layer contains a resid-
ual, self-attention, and cross-attention block. Spatial features
from the residual block can fine-grained control spatial con-
tent information during the generation process (Tumanyan
et al. 2023). Inspired by (Voynov et al. 2023), which ana-
lyzes different U-net layers with varying degrees of control
over the attributes of the synthesized image. But these exper-
iments happen in cross-attention blocks. Therefore, we delve
into how spatial features from different U-Net layers affect
the preservation of content information of the input image.
To this end, we perform a simple PCA analysis shown in
Fig.3, which allows us to reason that spatial features from
U-Net coarse layers most reveal semantic structure and lay-
out. Deeper features from U-Net fine layers capture more
high-frequency information, such as appearance color.

Based on these observations, we propose Spatial Guid-
ance. First, let ZG

T be their initial noise, obtained by invert-
ing IG using DDIM. Given the target prompt P , the genera-
tion of the translated image I∗ is carried with the same initial
noise, i.e., Z∗

T =ZG
T ; At each step t of the backward process,

we extract the guidance features f l
t from the denoising step:

ZG
t-1 = ϵθ(Z

G
t ,∅, t). Then, in the denoising step of Z∗

t , we
take a gradient step with f *l

t from Z∗
t towards matching the
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“A photo of a 
car driving on 
a traffic scene 

road in 
autumn.”

Input Image Layer 4 Coarse Layer All Layer

(a) Spatial Guidance, no Semantic Guidance

(c) Spatial Guidance + Semantic Guidance(All Layer)

(b) Semantic Guidance, no Spatial Guidance

Input Prompt

Figure 5: Ablating Spatial and Semantic Guidance. (a) Spa-
tial features extracted from the input image guide the gener-
ation process of the translated image. While features at layer
4 exhibit localized semantic information (Fig. 3), sole use of
these features is insufficient for retaining the structure of the
input traffic scene. Incorporating more features from U-Net
layers leads to better content preservation, but style trans-
fer results will be affected by the appearance information of
the input image (All layers). (b) Generation using seman-
tic self-attention maps as guidance without spatial features.
(c) Guiding self-attention maps at all layers and gradually
adding spatial features from different layers.

reference f l
t , reducing the spatial feature loss Lfea below.

Lfea = ||f *l
t − f l

t ||2. (5)

This loss encourages f *l
t to not deviate from f l

t after
applying the edit. As seen in Fig. 5, guidance features only
at layer 4 are insufficient for preserving the structure of
the input. The structure is better preserved as we guide
features in all U-Net layers. Yet spatial features from input
contain much appearance information, which leaks into the
generated image. As a result, the generated image is very
close to the input, and the effect of text guidance is not
obvious. To better balance preserving the content of IG and
style transfer by prompt, we do not modify spatial features
at deep layers but rather leverage the Semantic Guidance as
discussed below.

Semantic Guidance. Self-attention modules compute the
affinities Al

t between the spatial features after linearly
projecting them into queries and keys. These affinities
are tightly connected to the established concept of self-
similarity, which has been used to design structure descrip-
tors by classical and modern works (Tumanyan et al. 2023,
2022; Shechtman and Irani 2007). This motivates us to con-
sider self-attention maps Al

t to fine-grained control of the
structure of the generated content. To allow the diffusion

Semantic Image Encoder Layer 1 Encoder Layer 4 Encoder Layer 8

Decoder Layer 3 Decoder Layer 5 Decoder Layer 8 Decoder Layer 11

Figure 6: Self-attention visualization. Showing leading com-
ponents of the self-attention map Al

t computed for the se-
mantic image for different U-Net layers.

model to better identify semantic structure in the image, we
use SAM(Kirillov et al. 2023) to obtain the semantic image
and reconstruct it in the denoising process to get reference
self-attention maps Al

t. As seen in Fig. 6, self-attention cap-
tures the detailed semantic structure.

Similar to Spatial Guidance, we extract the guidance
self-attention maps Al

t from the denoising step: ZS
t-1 =

ϵθ(Z
S
t ,∅, t). Then in the denoising step of Z∗

t , we take a
gradient step with A*l

t from Z∗
t towards matching the guid-

ance Al
t , reducing the self-attention loss Lself below.

Lself = ||A*l
t −Al

t||2. (6)

This loss encourages A*l
t to not deviate from Al

t after apply-
ing the edit.

Results
Benchmark. Since there is no existing benchmark for
image translation in diverse traffic scene, to systematically
validate our proposed method for traffic scene style transfer
and compare our method with existing image translation
methods, as well as compensate for the absence of stan-
dardized performance criteria for traffic scene style transfer,
we construct a benchmark dataset, named STREET-6K. It
comprises 6K images featuring 10 distinct editing types,
accompanied by versatile annotations and comprehensive
evaluation metrics. All the images in STREET-6K from
large-scale autonomous driving open-source datasets, such
as KITTI (Liao, Xie, and Geiger 2022) and nuScenes (Cae-
sar et al. 2020). Additionally, to prove our method has better
generalization on synthetic images, we created a synthetic
dataset for style transfer and baseline comparisons.

Qualitative Comparisons. We focus qualitative compar-
isons on some previous and concurrent diffusion-based
image editing methods as illustrated in Fig. 7. As can be
seen, our method successfully translates diverse traffic scene
images and works well for both real and synthetic images.
Contrasts SDEdit, which suffers from an inherent tradeoff
between the two. With a low noise level, the input content
structure is well preserved, but in the expanse of hardly
changing appearance, larger appearance deviations can be
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Figure 7: Comparison with different baselines for real and synthetic images. Our method successfully applies the style transfer
while fine-grained preserving the content structure of the input image.

Input image ControlNet

Transfer to
 a foggy day 

OursT2I-Adapter DreamBooth

Transfer to a 
flooded road

Figure 8: Qualitative comparisons to additional baselines.

achieved with a higher noise level, yet the content structure
is damaged. Pix2Pix-zero exhibits the same behavior, with
overall lower edit effects. Similarly, DiffuseIT has trouble
preserving the content of the input. InstructPix2Pix and
InstructDiff are greatly affected by the editing prompt and
cannot better preserve the content information of the input,
e.g., the trees beside the road in the input have changed in
Fig. 7 (row 4). P2P cannot preserve the content of input well
in some style transfer tasks due to the interference of text
on the DDIM image reconstruction process. In contrast, our
method performs DDIM inversion with an empty prompt,
allowing us to use arbitrary guidance scales or prompts
at generation. Additionally, To prove the effectiveness
of our method in traffic scene style transfer, we expand
our qualitative comparison to ControlNet (Zhang, Rao,
and Agrawala 2023), T2I-Adapter (Mou et al. 2024), and

DreamBooth (Ruiz et al. 2023). As shown in Fig. 8. These
methods severely deviate from the content of the input
image or result in noticeable visual artifacts.

Quantitative Analysis. Since ground truth is not avail-
able for text-based image editing, quantitative evaluation re-
mains an open challenge. We present a user study in Tab.
2. 70 participants have rated a total of 50 images from the
style fidelity, prompt fidelity, content fidelity, and whole
quality. It can be observed that our method performs very
well among these metrics. Besides, we numerically evalu-
ate these results using seven metrics from three criteria: (i)
whether the structure of the input is retained in the edited
image. (ii) if the background content of the image stays un-
changed. (iii) whether the edit is applied successfully. The
structural consistency is measured using Structure Dist (Tu-
manyan et al. 2022). To ensure that we retain the content
after edits, we calculate PSNR, LPIPS (Zhang et al. 2018),
MSE, SSIM (Wang et al. 2004), and the CLIP image sim-
ilarity. We measure the extent of the edit applied with the
text-image CLIP Score, which calculates the percentage of
instances where the edited image has a higher similarity to
the target text, as measured by CLIP, than to the source text.
Tab. 1 shows quantitative comparisons. Results show that
our methods perform better in retaining content and struc-
ture while improving or maintaining editability compared
with other methods.
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Image
Translation Method

Structure Background Preservation CLIP Similarity↑
Distance ↓ PSNR ↑ LPIPS ↓ MSE×104 ↓ SSIM×102 ↑ Image Text-Image

Plug-and-Play 0.018 22.29 0.142 84.64 76.77 87.4% 88.9%
Prompt-to-Prompt 0.022 18.97 0.164 91.25 77.23 84.1% 88.1%

InstructPix2Pix 0.026 20.12 0.166 88.79 77.65 87.7% 90.5%
DiffuseIT 0.052 17.56 0.261 182.44 70.98 80.1% 86.7%

Pix2Pix-zero 0.016 20.22 0.155 144.24 77.89 90.6% 79.9%
SDEdit 0.032 20.12 0.182 98.32 76.56 87.9% 87.7%

InstructDiffusion 0.044 18.67 0.229 94.08 71.14 84.5% 86.1%
Ours (w/o Spatial Guidance) 0.111 16.18 0.314 189.88 62.59 67.2% 87.8%

Ours (w/o Semantic Guidance) 0.056 20.11 0.206 147.28 73.12 84.2% 89.9%
Ours (w/o Style Nursing) 0.011 26.56 0.114 80.89 79.21 91.7% 88.3%

Ours (full) 0.014 25.28 0.126 80.24 79.46 89.7% 92.6%

Table 1: Quantitative comparison. We compare our method with other diffusion-based image translation methods in various
metrics. We also conduct an ablation study where we remove different components of our method and observe the effects.

Metric Plug-and-Play DiffuseIT Ours
Style Fidelity↑ 0.149 0.092 0.759

Prompt Fidelity↑ 0.189 0.117 0.694
Content Fidelity↑ 0.235 0.108 0.657
Whole Quality↑ 0.192 0.127 0.681

Table 2: Human Evaluations. The participants were asked to
select the best editing result.

Perception
Model

Testing
Data

Object Detection
Recall ↑ mAP50 ↑

w/o ft w ft w/o ft w ft

Yolop
Snowy 75.8 82.0 60.8 64.7
Rainy 60.5 76.5 44.1 53.5
Foggy 52.4 74.7 36.5 52.3

HybridNets
Snowy 88.7 88.5 64.1 64.7
Rainy 84.3 85.3 49.1 50.8
Foggy 80.4 83.5 43.6 49.9

Table 3: Comparison of performance of perception models
in extreme weather conditions before and after fine-tuning.

Ablation Study. We ablate our key design choices by
evaluating our performance for the following cases: (i)
w/o Spatial Guidance, (ii) w/o Semantic Guidance, (iii)
w/o Style Nursing. The metrics are reported in Tab. 1 and
a representative example is shown in Fig. 5. The results
demonstrate that spatial features and attention maps are
critical for preserving the input content, and Style Nursing
effectively addresses the issue of Style Neglection.

Autonomous Driving Testing. To demonstrate the signif-
icance of our approach in autonomous driving testing, we
conduct further study on downstream tasks with pre-trained
SOTA perception models Yolop (Wu et al. 2022) and Hy-
bridNets (Vu, Ngo, and Phan 2022), which support basic
perception tasks including object detection, lane segmenta-
tion and driving area segmentation. Specifically, we report

Input Image “A photo of a 
tiger”

“A photo of a 
golden robot”Input Image “A photo of a 

wooden statue”
“A cartoon style 
of spiderman”

“A bear in the 
Picasso Style”

“A photo of a 
bear in snow”

Figure 9: The performance of our method on general image
translation. Input image from dataset ImageNet.

that poor visibility under extreme weather conditions (e.g.,
heavily snowy) indeed leads to a drastic decrease in the per-
formance of perception models. For comparison shown in
Tab. 3, we fine-tune the pre-trained models on images in ex-
treme weather from STREET-6K, and the performance of all
three tasks is significantly improved, which validates the ef-
fectiveness of our approach as a tailed weather data augmen-
tation method in autonomous driving tests.

Discussion and Conclusion
We propose an image translation method for text-guided
traffic scene style transfer, which can be generalized to gen-
eral image translation tasks as Fig. 9 shows. We introduce
the method of Style Nursing to address the phenomenon of
Style Neglection and propose Spatial and Semantic Guid-
ance to preserve the content structure of the input. Moreover,
we present STREET-6K to address the lack of standardized
benchmarks for image editing in traffic scenes. Our work
demonstrates the balance of preserving the content of the in-
put and achieving edit fidelity. We hope it will provide new
insights for real-world content creation tasks.
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