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Abstract. Simulation is indispensable for autonomous driving, yet the
pronounced visual Sim2Real gap severely limits the cross-domain gen-
eralization of perception models. To bridge this gap, we propose Cross-
Domain Control Transfer (CDCT), a diffusion-based Sim2Real frame-
work for translating synthetic images into realistic counterparts without
paired supervision. CDCT features a novel cross-domain score composi-
tion mechanism that injects domain-agnostic geometry guidance, derived
from synthetic-domain score differences, into a real-world appearance
prior. This ensures strict geometric and semantic consistency without
paired real-world spatial conditions. However, naively incorporating mul-
tiple geometric conditions often incurs a prohibitive parameter overhead.
To address this, our Lightweight Multi-Condition Adapter (LMCA) mod-
ule processes diverse rendering buffers simultaneously, eliminating the
computational redundancy of standard multi-branch architectures. Ex-
tensive experiments on the CARLA-to-Cityscapes benchmark demon-
strate that CDCT yields substantial zero-shot performance gains on
downstream perception tasks. Crucially, joint training with our generated
data surpasses the performance of real-world-only training, showcasing
its immense potential for autonomous driving.
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1 Introduction

Simulation provides a critical, controllable platform for training autonomous
driving perception models. Crucially, it enables the evaluation of rare corner
cases and facilitates large-scale data generation with precise, cost-free annota-
tions that are prohibitively expensive to acquire in the real world.

* Equal contribution, fCo-corresponding authors.
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(a) Overview of Cross-Domain Control Transfer (b) Performance Comparison

Fig. 1: (a) Cross-Domain Control Transfer bridges the Sim2Real gap by injecting ge-
ometry guidance from the Synthetic Branch into the real-world appearance prior of the
Real Branch. This enables the generation of high-fidelity images that strictly preserve
simulated semantic layouts without paired supervision. (b) Performance comparison
with Sim2Real methods across multiple metrics.

Despite rapid advances in computer graphics and rendering technologies, a
substantial Sim2Real gap fundamentally limits the zero-shot de-
ployment of perception models trained purely on synthetic data. Prior analyses
categorize this discrepancy into two complementary aspects: the content gap
and the appearance gap . The content gap refers to differences in scene com-
position, object distribution, and behavioral patterns between simulated and
real-world data. In contrast, the appearance gap stems from discrepancies in
low-level image formation factors, such as texture statistics, illumination dis-
tributions, and material reflectance properties. Modern deep perception models
are profoundly sensitive to these low-level statistics, causing severe performance
degradation during real-world deployment. Consequently, bridging this appear-
ance gap remains a pervasive bottleneck.

Recently, generative models, particularly diffusion models, have made image-
to-image translation a promising approach for narrowing the appearance gap
50|, owing to their superior capacity to represent complex textures and illumi-
nation statistics in real-world scenes. However, two critical challenges arise when
extending generative models to Sim2Real translation under autonomous driving
scenarios.

First, the dilemma of unpaired conditional guidance. To ensure strict
geometry consistency, conventional Sim2Real translation paradigms heavily rely
on paired simulated-real data for pixel-aligned supervision, which is practically
impossible to satisfy in dynamic, large-scale driving environments. While per-
fect geometry conditions like G-buffers are abundant in simulators, the core
difficulty lies in establishing a mapping that utilizes precise simulation geometry
to guide real-world texture synthesis without access to ground-truth real-world
conditions. Second, the computational redundancy in multi-condition
control. Complex driving scenes require diverse geometry constraints; a single
modality is often insufficient. While multi-condition frameworks exist, naively
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stacking control branches leads to prohibitive computational costs and memory
usage.

In response to these challenges, we propose Cross-Domain Control Transfer
(CDCT), a multi-conditional geometry-aware Sim2Real diffusion framework as
shown in Fig. [l Our contributions are:

1. Cross-domain score composition for unpaired geometry control. We
derive a cross-domain score composition function that estimates a domain-
agnostic geometry guidance term from synthetic-domain score differences
and injects it into a real-domain appearance prior during sampling, enabling
geometry-consistent Sim2Real translation without paired real conditions.

2. Parameter-efficient multi-condition control. We introduce the Lightweight

Multi-Condition Adapter (LMCA), trained on synthetic G-buffers with a
frozen backbone, supporting dense multi-condition guidance at high resolu-
tion while avoiding the redundancy of stacking multiple control branches.
Specifically, our LMCA introduces only 2.8% additional parameters per
condition, in stark contrast to the massive overhead of standard control
paradigms.

3. Superior data utility for downstream perception tasks. Extensive
experiments on the CARLA-to-Cityscapes benchmark demonstrate the su-
periority of CDCT over recent Sim2Real baselines. By narrowing the ap-
pearance gap, models trained solely on our generated data achieve remark-
able zero-shot performance gains across multiple perception tasks, including
semantic segmentation, object detection, and monocular depth estimation
(+33.7 mIoU in semantic segmentation, +20.3 mAP5; in object detec-
tion, and reducing AbsRel from 0.56 to 0.16 in depth estimation compared
to simulation-only training). Crucially, augmenting real-world datasets with
our translated data further surpasses the performance of models trained ex-
clusively on real data, validating the practical value of CDCT for scalable
autonomous driving perception.

2 Related Work

Unpaired image-to-image translation for Sim2Real. Sim2Real transla-
tion is commonly formulated as an unpaired image-to-image translation prob-
lem, since paired synthetic-real images with identical geometry are difficult to
obtain. Generative image-to-image translation models have therefore been widely
adopted to bridge the Sim2Real appearance gap |[5123}32,|46//50]. Early GAN-
based [10] unpaired methods, such as CycleGAN [52] and CUT |[30], eliminate
the requirement for strictly paired data. However, lacking explicit spatial con-
straints, these methods tend to inadvertently alter object layouts.

To improve structural consistency, subsequent studies enforce task-level se-
mantic consistency |14] or incorporate intermediate G-buffers [1432] for geometric
guidance. Beyond external conditioning, other works have explored specialized
architectures and generative frameworks to prevent semantic distortion. Specif-
ically, Hierarchy Flow [9] utilizes reversible normalizing flows [20] for lossless
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feature extraction and reconstruction, VSAIT [40] leverages vector symbolic ar-
chitectures to explicitly preserve structural bindings, and UNSB [19] formulates
the translation as a Neural Schrodinger Bridge regularized by contrastive learn-
ing to maintain structural integrity across the iterative generation process.

Although preserving layout consistency, these methods struggle with unstable
optimization and limited capacity, falling short in synthesizing complex, photo-
realistic appearances.

Recently, diffusion models [12}[33] have achieved state-of-the-art performance
in generative modeling. Nevertheless, few studies [5,/50] have explored the ap-
plication of diffusion models to Sim2Real translation. Furthermore, existing un-
paired diffusion frameworks such as DDIBs [38] and CycleDiff [53] primarily rely
on probability flow ODEs or cyclic constraints. Lacking explicit geometric guid-
ance, these methods frequently introduce semantic distortions and struggle to
strictly preserve the complex spatial layouts required for autonomous driving.

Controllable Image Generation with Diffusion. To guide diffusion models
beyond text prompts, foundational works like ControlNet [47] and others |22]
27,(281|36},137,/51] directly align conditional inputs (e.g., depth, semantic maps)
with the generated output and enforce pixel-level alignment. The architectural
shift to Diffusion Transformers (DiT) [31], which surpass conventional UNet-
based design [34] in scalability and representation capacity, has enabled signifi-
cant progress. Recent advancements like OminiControl [39] propose parameter-
efficient architectures, and frameworks like UniCombine [41] and EasyControl [49]
enable multi-conditional generation. However, they are primarily designed for
open-domain artistic synthesis and fail to preserve the precise scene geometry
required in autonomous driving Sim2Real translation.

3 Method

3.1 Preliminaries

Our framework builds upon the latest generation of diffusion models, specifically
those utilizing the Multi-Modal Diffusion Transformer (MM-DiT) [8] architec-
ture and the Rectified Flow [24,[25] training strategy such as Stable Diffusion
3 |8] and Flux.1 [21]. Instead of the single-branch architecture [33] where the
text prompt is injected into the denoising branch via cross-attention, MM-DiT
uses two independent transformers to construct the text branch and the image
denoising branch.

Within each MM-DiT block, noise image tokens X and text tokens T are
projected into their respective queries @, keys K, and values V representations.
It enables the computation of attention between all tokens by Multi-Modal At-
tention (MMA):

1

MMA[X;T] = softma;
T (V3

Qx&tK;&t) Vx&t (1)
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Fig. 2: Overview of CDCT framework. Stage-1 learns domain-specific appearance
priors via pretrained diffusion fine-tuning on unpaired real and synthetic data. Stage-2
trains a control module on synthetic G-buffers to capture geometry-conditioned score
modulation while freezing the backbone. Stage-3 transfers geometric control to the
real-domain prior through score composition, enabling geometry-consistent Sim2Real
synthesis without paired supervision.

where [X; T| denotes the concatenation of image and text tokens. This formula-
tion enables bidirectional attention.

3.2 Cross-Domain Control Transfer

Problem Formulation. Let x € X be an image and g € G be structured
geometry conditions extracted from simulation. We consider two domains indi-
cated by d € {dsynth, dreal }, Where dgynen denotes synthetic renderings and dyeal
denotes real images. Our training set is unpaired: we have synthetic images with
geometry annotations (Zsynth,g) and real images without g; no synthetic-real
correspondences are assumed. In the framework of score-based generative mod-
els such as diffusion models, the sampling distribution is characterized by its
score function [35] and conditional generation can be achieved by composing
score estimates from different conditioning variables . The objective is to
sample from p(x | dyeal, g), i-€., produce real-looking images while preserving the
geometry specified by g.
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The fundamental challenge lies in the domain mismatch: geometry super-
vision is only available in the synthetic domain, but the target distribution is
real-domain conditional generation. As shown in Fig. 2] our framework tackles
this through three sequential stages: (1) learn domain-specific appearance priors
in a unified diffusion backbone, (2) learn geometry controllability only where
supervision exists (synthetic), and (3) transfer the learned geometric control to
real-domain sampling by composing scores during inference.

Domain-Specific Prior Learning. In Stage-1, we fine-tune a pretrained diffu-
sion backbone on the unpaired real and synthetic datasets. We inject the discrete
domain indicator d € {dycal, dsyntn } through a lightweight learnable embedder (a
linear projection) that maps d to a continuous vector d*™P, which is broadcast to
all MM-DiT blocks. Since we utilize the SD3 backbone, the model is optimized
using the Rectified Flow velocity prediction objective, learning vg (2, t, d), where
z; is the noise latent at timestep t.

This stage aligns a unified backbone to model both geometry-marginalized
distributions, p(z | drea1) and p(« | dsyntn). By switching d, the model can gen-
erate images with either real or synthetic appearances.

However, this generation is purely appearance-driven and geometrically un-
constrained, which leads to the generated scene structure remaining stochastic.
To achieve controllable generation, we must introduce explicit geometry guid-
ance, which is the focus of the next stage.

Synthetic-Domain Control Learning. To enforce geometry constraints, Stage-
2 leverages the paired synthetic data (zsyneh, g). We freeze the backbone trained
in Stage-1 and introduce a control branch. This branch encodes the structured
G-buffer g and injects the conditional features into the backbone. During this
stage, the domain embedding is fixed to dgynth.

Freezing the backbone preserves the domain-specific appearance priors learned
in Stage-1 and forces the control module to capture geometry-conditioned mod-
ulation. The model now effectively samples from p(x | dsynth, 9)-

Although we achieve controllable generation in the synthetic domain, this
control does not trivially generalize. If we directly switch d to d;ea and apply the
same control module during inference, the generation typically fails. The control
module was optimized solely under synthetic statistics and suffers from severe
domain shift. This necessitates a principled approach to transfer the synthetic
control signal without requiring the control module to generalize across domains.

Cross-Domain Score Composition. Our goal is to sample from the un-
seen distribution p(x | dyeal,g). We observe that Stage-1 provides a reliable
real-domain appearance prior d,e,, while Stage-2 provides accurate geometric
modulation solely under the synthetic domain dgynen. Rather than forcing the
control module to generalize across domains, we achieve transfer directly in the
score space.
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We assume: given the image z, its domain indicator d and underlying geom-
etry g are conditionally independent. That is,

p(d,g | x) =p(d|z)p(g | z) (2)

This assumption is reasonable in our setting because geometry is deterministi-
cally derived from scene structure and is independent of the domain indicator.
Under this assumption, applying Bayes’ rule yields the conditional score decom-
position:

Velogp(z | d,g) = Ve logp(z) + Ve logp(d | x) + Valogp(g [z)  (3)
For single-domain conditioning, we naturally have:
Vi logp(z | d) = Vi logp(z) + Vg logp(d | z) (4)
Combining the above equations, we can isolate the geometry term:
Valogp(z | d,g) = Valogp(z | d) + Vi logp(g | ) (5)

Crucially, the geometry score V, logp(g | ) is independent of d. Therefore, we
can reliably estimate it using the conditional and unconditional predictions from
the synthetic domain:

v:c Ing(g | :L') ~ vz logp(x | dsynthag) - vz Ing(f | dsynth) (6)

Substituting this back into Eq. (4) for the real domain (d = dyea1), we derive our
cross-domain inference formulation:

Vi logp(@ | dreat, 9) = Vi log p(2 | dreal)
+ X (Vo 10g p(3 | dgnins 9) = Vo log ple | deun))  (7)

Geometry Guidance

where A controls the strength of geometry guidance.

Implementation. In practice, for flow-based models like SD3, this score com-
position is equivalently implemented using velocity predictions. We run three
forward passes at each timestep: (i) an unconditional real branch vg(x¢,t, drea),
(ii) an unconditional synthetic branch wvg(x¢,t, dsyntn), and (ili) a conditional
synthetic branch with control module vg(x4,t, dsyntn, g). Following Eq. , the
final predicted velocity is composed as:

8(@1,1) = vo(wr,ty dreat, 0) + A0 (@, deyurn 9) = Vo1t dyuns 0) - (8)

This formulation elegantly uses the real branch to anchor the photorealistic
appearance, while extracting a pure geometry correction term from the synthetic
predictions. As a result, the framework successfully yields geometry-consistent
Sim2Real synthesis without any paired supervision.
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Image BaseColor Depth Segmentation Normal Material

Fig. 3: Visualization of multi-modal geometry conditions. An original synthetic
rendered image (left) and its corresponding G-buffers extracted via a deferred rendering
pipeline.

3.3 Lightweight Multi-Condition Adapter

While the CDCT framework provides a principled mechanism for geometry-
guided Sim2Real translation, directly adopting a standard ControlNet architec-
ture leads to severe computational overhead. Conventional ControlNet replicates
the entire encoder branch of the base model. For large Diffusion Transformers
such as MM-DiT, especially under multiple dense geometric conditions, this du-
plication introduces prohibitive memory and computation costs.

A simple alternative is to append geometry condition tokens (e.g., G-buffers)
to the input sequence. However, this approach also scales poorly. As the number
of conditions increases, the attention cost grows quadratically, and features from
different modalities become entangled.

To make the framework practical and scalable, the condition injection mech-
anism must be redesigned. In this subsection, we introduce the Lightweight
Multi-Condition Adapter (LMCA), a parameter-efficient approach that injects
multi-modal geometric guidance directly into attention layers. It avoids backbone
duplication and reduces the complexity from O(N?) to O(N) as the number of
conditions increases.

Geometry Conditions. We represent structured scene information using G-
buffers derived from deferred rendering, including camera-space surface normals,
depth, semantic segmentation, base color, and material buffers as shown in Fig.
Specifically, BaseColor € R7*Wx3 corresponds to intrinsic albedo decoupled
from illumination; Depth € RZ*WX1 captures scene layout and inter-object
spatial relationships; Segmentation € R *W>1 provides object-level structural
priors; Normal € R7*WX3 encodes local surface orientation and fine-scale geo-
metric structure; Material € R¥*W 3 contains metallic, specular, and roughness
components in the RGB channels.

Condition Injection. To incorporate multiple geometry conditions without
duplicating the MM-DiT backbone, we directly inject conditional signals through
Low-Rank Adaptation (LoRA) . Our approach reuses the frozen, pretrained
attention projections and augments them with condition-specific LoRA weights
as shown in Fig. ] Rather than adding spatial residual features at the block
outputs, we inject the geometric guidance strictly into the attention compu-
tation by projecting the condition embeddings into auxiliary key-value pairs.
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Fig.4: Architecture of the MM-DiT with Lightweight Multi-Condition
Adapter. Multiple conditions are processed through LoRA-augmented projections and
a Zero Linear layer. The output scalar « scales the auxiliary Value component (V),
while the Key component (K) remains unscaled. These conditional features are con-
catenated with the original keys and values (K, V') for the final attention computation.
We extract the text prompt from the synthetic image using a large captioning model .

Concretely, for the i-th geometry condition, we generate condition-specific key
and value features by applying low-rank adaptations to the pretrained attention
projections. Formally, the conditional projections are defined as

K, Vg = (Wi + AWi)g',  (Wy + AW )g'. )

where Wy, Wy, are the shared projection matrices across image denoising branches.
AW}, and AW/, are low-rank updates associated with the i-th condition, and
g* represents the embeddings corresponding to the i-th geometry condition.
This formulation preserves the pretrained backbone structure while enabling
condition-specific representation learning.

To ensure stable optimization while enabling adaptive multi-condition fusion,
we introduce a zero-initialized linear layer for each condition:

o = ZeroLinear(g'), V]« o' -V (10)

Crucially, only the Value component is modulated by the o, while the Key com-
ponent K; retains its projected structural information. This design ensures that
at the start of training (where o' = 0), the condition has almost no contribution
to the attention output, effectively preserving the pre-trained behavior of the
base model. As training progresses, the layer learns non-zero scaling coefficients
that implicitly allocate relative importance across different geometric modalities.
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With the condition-specific key—value pairs constructed as above, we extend
the original attention by concatenating all conditional keys and values with the
pretrained text—mnoise tokens, and compute attention over the aggregated token
set:

1
Vd

Under this formulation, each condition is incorporated as additional tokens
within the same attention space rather than as a separate branch. The query
Rx&t attends jointly to the original text—noise keys and the condition-specific
keys, with geometry guidance carried by the corresponding conditional values.
This design enables efficient multi-conditional fusion while preserving structural
disentanglement in large MM-DiT backbones, without auxiliary fusion modules
or explicit cross-condition weighting.

softmax( Qx&t[Kx&t,K;,...,KéV]T> Vit Vg s VY] (11)

4 Experiments

4.1 Experimental Setup

Datasets. To evaluate the effectiveness of our method and baseline methods in
practical Sim2Real transfer, we construct a training setup consisting of synthetic
source data and real target data. For synthetic data, we generate driving scenes
using the CARLA simulator |7]. CARLA is a widely adopted open-source au-
tonomous driving simulator that provides high-fidelity urban environments and
precise control over scene configurations. Through its Python API, we render
RGB images together with structured annotations, including semantic segmenta-
tion maps and G-buffers, which serve as geometric conditions in our framework.
For real-world data, we use the Cityscapes dataset |6] due to its high-quality
urban street imagery and strong compatibility with CARLA scene layouts. All
semantic maps and G-buffers required by competing methods are obtained di-
rectly from the CARLA API to ensure consistency across baselines.

Implementation Details. We build our method upon Stable Diffusion 3 [§],
and employ LENS [2] for image captioning. We utilize LoRA [15] with a default
rank of 4 for the condition injection module. The training is performed in two
stages: Stage-1 uses a learning rate of le-5, while Stage-2 adopts le-4. During
inference, the sampling is applied with 25 steps and the guidance strength A is
set to 6—a value that strikes a good trade-off between fidelity, controllability,
and image quality. All experiments are conducted on 4 NVIDIA L40S GPUs
(48GB).

Baselines. For the comparison to the previous work, we select several generic
unpaired image-to-image translation models that focus on better semantic align-
ment. Specifically, we compare our approach with several representative Sim2Real
and unpaired image-to-image translation methods, including EPE [32], VSAIT [40],
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and HIE [9], which focus on structural consistency in driving scenes, as well as
unpaired image-to-image translation framework based on the Neural Schrédinger
Bridge UNSB [19] and the diffusion-based CACTIp [5].

Metrics. To evaluate Sim2Real performance, it is crucial to adopt appropriate
and complementary criteria. We assess results from three dimensions: Controlla-
bility, Generative Quality, and Similarity. Controllability measures consistency
between generated images and original input CARLA images. We use SSIM [42]
to quantify structural alignment and LPIPS [48] to evaluate perceptual similar-
ity in feature space. Generative Quality evaluates intrinsic image quality, focus-
ing on artifacts, distortions, and perceptual naturalness. We employ NIQE [26]
and MANIQA [43] as no-reference quality metrics. Similarity measures distri-
bution alignment between translated images and Cityscapes dataset, reflecting
the reduction of the Sim2Real gap across domains. We report FID [11] and
KID(x10%) [3] to quantify cross-domain similarity at the feature-distribution
level.

Additionally, we conduct downstream perception evaluation. For each method,
we train Mask2Former models [4] for semantic segmentation, YOLOv8 mod-
els |17] for object detection, and NeWCRFs models [45] for monocular depth
estimation on translated CARLA images with their corresponding annotations,
and evaluate them on the Cityscapes validation set. We report mIoU for semantic
segmentation and mAP5q for object detection. For depth estimation, we report
AbsRel, SILog, RMSE),,, and threshold accuracies under § < 1.25, § < 1.252,
and § < 1.253. These metrics jointly assess whether translated synthetic data im-
proves real-world perception across dense semantic understanding, object-level
recognition, and geometry-sensitive prediction.

4.2 Comparison with Other Sim2Real Methods

As shown in Table[I] we compare our method against existing approaches across
three dimensions. Our method consistently outperforms others in Generative
Quality and Similarity, while maintaining competitive performance in Control-
lability. This indicates that our approach effectively reduces the Sim2Real gap

Table 1: Quantitative comparison with baseline methods on CARLA to Cityscapes.

Method Controllability Generative Quality Similarity
SSIMT  LPIPS| | NIQE] MANIQA?T FIDJ KID|
EPE |32] 0.82 0.26 4.19 0.32 34.78 25.23
VSAIT |40] 0.89 0.18 3.26 0.41 29.45 27.67
HIE |9 0.84 0.26 4.87 0.33 32.76 42.05
UNSB [19] 0.73 0.34 5.44 0.37 41.62 39.46
CACTIF |5] 0.69 0.39 6.63 0.31 50.91 36.06
Ours 0.85 0.17 3.21 0.44 26.45 22.17
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Cityscapes

Fig. 5: Visual results of Sim2Real translation. Our approach synthesizes highly
photorealistic appearances and better preserves structural details than baselines.

without sacrificing structural consistency with the source domain. Fig. [p| presents
qualitative comparisons. Most methods are able to preserve the overall scene lay-
out and major semantic structures. However, clear differences emerge in image
quality. UNSB and CACTIf tend to produce blurry results with limited high-
resolution details. EPE often introduces noticeable artifacts and unstable tex-
tures. HIE shows inconsistencies in fine-grained structures and local appearance.
VSAIT, although relatively stable, struggles to reproduce realistic glossiness and
material properties. This is likely because its model does not incorporate explicit
geometry or material-related conditional inputs, limiting its ability to capture
fine-grained appearance variations. In contrast, our method generates sharper
details, more natural textures, and improved material realism, while maintaining
structural alignment, leading to more convincing Sim2Real translation results.

4.3 Sim2Real Methods for Perception Tasks

Semantic Segmentation. Table[2]shows that models trained on original CARLA
data generalize poorly to Cityscapes, yielding near-random predictions for most
categories. Although certain classes such as vegetation retain limited consistency,
the overall performance indicates a severe Sim2Real gap. Compared with base-
line methods, our translated data leads to the strongest overall segmentation
performance, with consistent gains across major categories such as road, car,
vegetation, and building. Some methods like UNSB and HIE improve specific
classes yet remain limited by blurred details or unstable appearance, which af-
fects dense prediction quality. However, a noticeable gap remains compared with
models trained directly on Cityscapes. This discrepancy can be attributed to the
inherent content gap between CARLA and Cityscapes. The two datasets de-
pict different geographic regions and traffic environments, leading to mismatches
in region-specific categories such as traffic signs and traffic lights. In addition,
certain object categories in CARLA exhibit limited intra-class diversity (e.g.,
pedestrians and buses), restricting generalization. By contrast, some classes are
both region-invariant and well represented in CARLA. These include road, vege-
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Table 2: Semantic segmentation results of Mask2Former models trained on original
CARLA, translated CARLA, Cityscapes data and evaluated on the Cityscapes valida-
tion set.

N S %
& & < 4$ &4 o %
Training Set|mIoU?t ‘Léé & § @O Q? § 5 ¥ A 2 '@Q" '\~§
g & &5 & &y LTy & &
[ [ [ (] | [ [ ]
CARLA 14.6 |11.9 22.1 1.8 1.6 40.2 27.9 36.1 3.2 40.7 4.7 29 20
EPE |32] 36.9 |35.0 81.4 45.8 9.4 72.3 48.4 40.1 22.6 60.6 26.4 5.1 8.9
VSAIT |40] | 33.8 [29.8 78.9 40.0 18.3 59.6 43.5 48.2 22.1 68.8 8.1 7.9 8.3
HIE |9 30.5 |28.3 60.6 30.6 10.9 60.7 39.4 50.7 18.1 54.6 19.2 3.1 4.9

UNSB [19] 26.4 |21.4 44.8 354 22.7 44.6 33.7 55.4 13.2 51.1 13.9 85 6.9
CACTIr [5] | 32.1 [27.3 74.2 60.1 16.5 51.1 46.4 38.4 20.6 54.9 12.6 7.0 10.1
Ours 48.3 [42.1 83.9 70.3 38.4 68.7 69.5 79.5 28.2 60.3 24.9 29.3 27.8
Cityscapes | 65.2 |59.6 89.6 76.2 66.8 72.6 75.5 87.3 45.4 76.4 66.8 50.2 54.6

Table 3: Object Detection results of YOLOv8 models trained on original CARLA,
translated CARLA, Cityscapes data and evaluated on the Cityscapes validation set.

Training Set ‘ mAPs50T ‘ Person Car Truck Bus Motor. Bicycle Rider

CARLA 20.2 109  50.1 234 317 10.1 9.2 5.9
EPE [32] 33.9 21.3 652 43.4 40.3 304  24.6 11.8
VSAIT 40| | 35.7 29.7 67.8 392 378 39.7 189 185
HIE [9) 31.8 249 632 374 362 337 164 108
UNSB |19 28.6 135 584 307 381 345 159 9.1
CACTIf |5] | 317 225 574 397 364 299 190  16.7
Ours 40.5 | 36.9 70.1 45.2 44.8 385 29.4 18.6
Cityscapes 48.8 481 853 50.6 523 43.1 388  23.7

tation, and car. Such classes benefit most from the translation and can approach
real-data performance.

Object Detection. A similar trend is observed in Table 3| Training on raw
CARLA data results in limited detection performance on real images. Translated
data consistently improves detection accuracy across most categories, especially
for common traffic participants (e.g., cars). This confirms that narrowing the ap-
pearance gap leads to better cross-domain detection performance. Nevertheless,
the remaining gap to Cityscapes-trained models again reflects the content gap.

Depth Estimation. Table[d]reports the monocular depth estimation results of
NeWCRFs models trained on different translated datasets and evaluated on the
Cityscapes validation set. Training directly on raw CARLA images leads to poor
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Table 4: Depth estimation results of NeWCRFs mod- Table 5: Impact of training

els on the Cityscapes validation set. data composition on object
detection and semantic seg-

Training Set | AbsRel| SILogl RMSEigl 6 < 1.251 §<1.25%1 § < 1.25° mentation performance.

CARLA | 056 4418  0.53 0.29 0.55 0.77

EPE [32 020 2504 0.2 0.73 0.84 0.91 Training Set mAPsot mloUt
VSAIT40] | 019 2115 04 0.78 0.85 0.92 - -
HIE [o] 021 2893 025 0.68 0.77 0.85 Cityscapes 488 65.2
UNSB [19 0.25 3911 027 0.51 0.67 0.79 CARLA 202 14.6
CACTIF [5] | 0.23 18.06  0.26 0.60 0.71 0.81 Ours 40.5 48.3
Ours 016 1924  0.23 0.81 0.91 0.96 CARLA + Cityscapes  38.9 498
Cityscapes ‘ 0.11 14.92 0.19 0.87 0.96 0.99 Ours + Cityscapes 52.5 67.0

cross-domain generalization, with high AbsRel and SILog errors, indicating that
the synthetic-to-real appearance gap also substantially affects geometry-sensitive
perception tasks.

Our method achieves the best overall performance among translated-data
methods, obtaining the lowest AbsRel of 0.16, the lowest RMSE), of 0.23, and
the highest accuracy under all three threshold metrics. Although CACTIr ob-
tains slightly lower SILog, its threshold accuracies remain notably lower than
ours, indicating less stable depth prediction across pixels.

Combined Data Training. Table [ highlights the practical value of Sim2Real
translation. Although translated data alone does not match performance achieved
by training solely on real data, combining translated CARLA data with Cityscapes
yields further improvements over using real data alone. This indicates that trans-
lated synthetic data provides complementary diversity and scale, serving as an
effective data augmentation strategy for real-world autonomous driving percep-
tion tasks.

4.4 Ablation Study

Effect of Cross-Domain Score Composition. Table [6] studies the effect of
the proposed score composition mechanism. In this ablation, we remove score
composition and directly feed the geometry conditions together with the real-
domain indicator dye, during inference. As shown in Fig. [6] without score com-
position, the model tends to prioritize satisfying the G-buffers constraints while

Table 6: Ablation study on the Table 7: Parameter overhead compared with

effect of Score Composition in the standard ControlNet (M.Cond.: multi-condition
data generation pipeline. support; N: number of conditions).

Ablation FID| KIDJ Method M.Cond. Params

w/o Score Comp. 63.77 57.11 ControlNet |47 X 1.1B (+55%)

w/ Score Comp. 26.45 22.17 Ours v 57TM (+2.8%)x N
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Original CARLA w/o Score Composition w/ Score Composition

Fig. 6: Qualitative examples of Score Composition.

largely ignoring the real-domain appearance prior. In contrast, our cross-domain
score composition explicitly combines the real-domain appearance prior with
the geometry correction term extracted from the synthetic domain, enabling
geometry-consistent synthesis while effectively improving realism.

Effect of Lightweight Multi-Condition Adapter. Table [7] compares the
parameter overhead of our LMCA with standard ControlNet. Conventional Con-
trolNet requires duplicating a large portion of the backbone, resulting in sub-
stantial parameter growth. In contrast, our design injects multiple conditions
through lightweight LoRA-based projections within the attention layers. This
introduces only a small number of additional parameters and minimal compu-
tational overhead, both scaling linearly with the number of conditions. This
validates that direct key—value augmentation within the attention space pro-
vides a more scalable and computation-efficient alternative while maintaining
performance.

5 Conclusion

In this paper, we presented Cross-Domain Control Transfer (CDCT), a novel
diffusion-based Sim2Real translation framework tailored for autonomous driv-
ing. This framework combines cross-domain score composition and LMCA to
ensure unpaired spatial consistency with minimal parameter overhead. Exten-
sive CARLA-to-Cityscapes evaluations validate its superiority. CDCT not only
delivers substantial zero-shot performance improvements for downstream per-
ception models but also demonstrates that joint training with our generated
data can successfully surpass the performance of models trained exclusively on
real-world datasets.

While our method effectively narrows the appearance gap, the inherent con-
tent gap, such as discrepancies in scene layouts and object distributions, remains
an open challenge.
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