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Abstract

Multi-domain image-to-image translation re-
quires grounding semantic differences ex-
pressed in natural language prompts into
corresponding visual transformations, while
preserving unrelated structural and seman-
tic content. Existing methods struggle to
maintain structural integrity and provide fine-
grained, attribute-specific control, especially
when multiple domains are involved. We
propose LACE (Language-grounded Attribute-
Controllable Translation), built on two compo-
nents: (1) a GLIP-Adapter that fuses global
semantics with local structural features to pre-
serve consistency, and (2) a Multi-Domain
Control Guidance mechanism that explicitly
grounds the semantic delta between source and
target prompts into per-attribute translation vec-
tors, aligning linguistic semantics with domain-
level visual changes. Together, these modules
enable compositional multi-domain control
with independent strength modulation for each
attribute. Experiments on CelebA(Dialog) and
BDD100K demonstrate that LACE achieves
high visual fidelity, structural preservation, and
interpretable domain-specific control, surpass-
ing prior baselines. This positions LACE as
a cross-modal content generation framework
bridging language semantics and controllable
visual translation.

1 Introduction

Image-to-image (I2I) translation is a fundamen-
tal task in computer vision that aims to alter spe-
cific visual attributes of an image while preserving
its structural and semantic integrity (Huang et al.,
2018; Lee et al., 2018). It has a wide range of ap-
plications, including facial attribute editing (Choi
et al., 2018), weather or time simulation in driving
scenes (Sun et al., 2022), and artistic style trans-
fer (Zhang et al., 2023b, 2024, 2025). In many

*Equal contribution

Figure 1: Multi-domain translation results with pro-
gressive attribute modifications. Our method enables
compositional editing of multiple attributes while pre-
serving non-target regions and structural consistency.

real-world settings, images are influenced by multi-
ple entangled domain attributes (e.g., "snowy night
city"), which calls for models capable of modifying
several attributes simultaneously without disrupt-
ing non-target content, and crucially, grounding
semantic differences expressed in natural language
prompts into corresponding visual transformations.

Compared to traditional GAN-based meth-
ods (Goodfellow et al., 2014), diffusion-based gen-
erative models provide more stable training and
higher-quality results in image-to-image transla-
tion (Saharia et al., 2022; Rombach et al., 2022).
Nevertheless, current diffusion frameworks still
struggle with controllable and structure-preserving
multi-attribute translation. Most are designed for
single-attribute editing and rely heavily on text
prompts or class labels (Nichol et al., 2021; Kim
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et al., 2022), which limits their flexibility in multi-
domain scenarios. Some recent approaches at-
tempt to preserve overall image content by in-
verting inputs into noise and leveraging attention-
based mechanisms for domain-specific attribute
editing (Mokady et al., 2023; Hertz et al., 2022),
but they often fail to retain fine-grained structures
such as small yet semantically critical elements
in complex scenes (Gómez et al., 2023). In ad-
dition, they lack mechanisms for prompt-driven
per-attribute control and fine-grained adjustment
of translation strength (Tumanyan et al., 2023;
Cao et al., 2023). Their reliance on segmenta-
tion masks (Choi et al., 2020) or spatial annota-
tions (Chen, 2017; Ren et al., 2016) further limits
applicability in unstructured real-world settings.
Consequently, existing models often fail to achieve
precise and coherent multi-domain translation. As
shown in Figure 1, they yield entangled or distorted
outputs when editing multiple attributes simultane-
ously, underscoring the need for a framework that
preserves structure while enabling prompt-level
controllability.

To overcome these limitations, we propose
LACE (Language-grounded Attribute-Controllable
Translation), a diffusion-based framework for
multi-domain I2I translation that enables attribute-
wise control, including selective editing and per-
domain strength modulation. LACE performs
multi-attribute translation without relying on re-
gion masks or supervision, while preserving the
structural integrity of the input image. The LACE
introduces two key components: (1) a Global-Local
Image Prompt Adapter (GLIP-Adapter) that ex-
tracts visual cues by combining global semantics
and local structures from a source image, and (2)
a Multi-Domain Control Guidance (MCG) mod-
ule that explicitly grounds the semantic delta be-
tween source and target prompts into noise-space
translation vectors, thereby aligning linguistic se-
mantics with domain-level visual changes. This
design allows our model to support targeted edit-
ing, compositional prompt control, and domain-
specific strength adjustment, making it suitable for
complex real-world scenarios involving entangled
visual factors.

We validate our approach on
CelebA(Dialog) (Jiang et al., 2021), which
involves fine-grained facial attribute editing (e.g.,
age, gender), and BDD100K (Yu et al., 2020),
which requires broader domain-level translation
across scene factors such as weather and time.

This choice of datasets allows us to demonstrate
the versatility of our method across both local
attribute manipulation and global background/style
translation. Our experiments involve up to three
simultaneous attribute translations per image, and
the results show that our method surpasses prior
work in translation fidelity, structural consistency,
and interpretability of domain-level control,
establishing a strong benchmark for controllable
diffusion-based multi-domain image translation.

2 Related work

2.1 Conditional Diffusion for I2I Translation

Diffusion models have recently emerged as a pow-
erful alternative to GANs for image-to-image (I2I)
translation, offering improved training stability
and high-quality outputs (Ho et al., 2020; Saharia
et al., 2022). Conditional diffusion methods such
as DiffEdit (Meng et al., 2021), Pix2PixDiff (Tu-
manyan et al., 2023), and ControlNet (Zhang et al.,
2023a) enable task-guided or paired I2I generation
by injecting structural inputs like edges or pose
maps. However, these approaches are primarily
designed for one-to-one or task-specific translation,
and often lack scalability to more general multi-
domain or compositional scenarios. While models
like DiT-Image2Image incorporate CLIP guidance
to align with visual semantics, they do not explicitly
model domain-aware or attribute-wise transforma-
tion, limiting their controllability in multi-attribute
editing tasks.

2.2 Prompt-Based Guidance and Domain
Control

Classifier-Free Guidance (CFG) (Ho and Salimans,
2022) introduced a simple yet effective method
for prompt-based conditioning in diffusion mod-
els, interpolating between unconditional and con-
ditional predictions. While widely adopted, CFG
is inherently limited to single-attribute control and
lacks compositionality. Follow-up methods such as
Blended CFG (Hertz et al., 2022) and FlexiDiffu-
sion (Cao et al., 2023) extend this idea by mixing
multiple prompt embeddings, but without explic-
itly disentangling or controlling individual domain
attributes.

Image-conditioned adapters such as IP-
Adapter (Ye et al., 2023) and T2I-Adapter (Mou
et al., 2024) use CLIP-based embeddings from
a reference image to preserve identity or style
during generation. However, these approaches
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Figure 2: Overview of our proposed multi-domain I2I translation framework. The GLIP-Adapter projects global
(CLIP) and local (DINOv2) features into a linear projection, which together with the source text prompt is used to
train the U-Net’s cross-attention layers. At inference, the MCG module leverages source–target prompt differences
to guide controllable multi-attribute translation.

offer limited control over which attributes to
modify and lack explicit mechanisms for modeling
domain-wise transformation strength or direction.

3 Method

3.1 Preliminaries

Diffusion models (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Rombach et al., 2022) are generative
models that learn to reverse a stochastic noising
process by predicting the noise added to clean data.
Given an image x0, a forward process progressively
adds Gaussian noise to obtain a noisy image xt at
time step t. The reverse process, parameterized
by ϵθ, is trained to predict the added noise ϵ given
the noisy input xt, a conditioning signal c, and
timestep t. The training objective is the denoising
score matching loss:

L = Ex0,ϵ∼N (0,I),c,t ∥ϵ− ϵθ(xt, c, t)∥2 , (1)

where c can be interpreted as a linguistic con-
dition, where semantic differences across prompts
define the attribute shifts to be grounded in the
visual domain.

In multi-domain image-to-image (I2I) transla-
tion, the goal is to selectively modify specific do-
main attributes (e.g., weather, expression, or light-
ing) of an input image while preserving its struc-
tural layout and semantic content. This task in-
volves three key challenges: (1) isolating and edit-
ing only the intended target attributes, (2) main-
taining the integrity of non-target regions, and (3)
enabling compositional and fine-grained control
across multiple domain axes.

Previous diffusion-based translation methods
typically rely on single text prompts or global vi-
sual features, limiting their applicability in multi-
attribute translation. Approaches such as Control-
Net (Zhang et al., 2023a) or IP-Adapter (Ye et al.,
2023) introduce strong spatial or identity condi-
tioning but lack explicit mechanisms for prompt-
driven, compositional control across domains. To
overcome these limitations, we propose a LACE
(Language-grounded Attribute-Controllable Trans-
lation). An overview of our proposed architecture
is shown in Figure 2.
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3.2 Global-Local Image Prompt Adapter
(GLIP-Adapter)

To preserve structural and semantic details during
translation, we introduce the Global-Local Image
Prompt Adapter (GLIP-Adapter), which injects
visual prompts from a source image into the dif-
fusion model alongside text conditions. Inspired
by prior adapter-based methods (Mou et al., 2024;
Ye et al., 2023), GLIP-Adapter enables image-to-
image translation guided by example-based visual
conditioning.

We design GLIP-Adapter to leverage two com-
plementary sources of information: global seman-
tic context and local structural detail. Specifically,
we extract:

• Global tokens from CLIP (Radford et al.,
2021), which capture high-level semantic con-
tent (e.g., scene category, weather type) based
on joint image-text alignment.

• Local tokens from DINOv2 (Oquab et al.,
2023), which encode fine-grained spatial fea-
tures such as object shape, boundary, and ar-
rangement via self-supervised learning.

These global and local tokens are concatenated
and projected via a lightweight adapter network,
which is trained while keeping the image encoders
and diffusion backbone frozen. The resulting
prompt embedding ci is injected into the denois-
ing model through cross-attention layers, alongside
the text prompt ct. The modified loss function be-
comes:

L = Ex0,ϵ∼N (0,I),ct,ci,t ∥ϵ− ϵθ(xt, ct, ci, t)∥2 ,
(2)

By combining CLIP’s global semantic awareness
with DINOv2’s fine-grained spatial representation,
GLIP-Adapter enables the model to maintain the
layout, structure, and visual identity of the input im-
age throughout the translation process. This design
improves upon prior prompt-based methods (e.g.,
IP-Adapter) that rely solely on global-level image
embeddings and often fail to preserve object-level
consistency in multi-domain scenarios. To sup-
port downstream cross-attention operations such
as those in our Multi-Domain Control Guidance
(MCG), we apply a linear projection to align the
prompt embeddings to a unified feature dimension.

3.3 Multi-Domain Control Guidance (MCG)
To enable flexible and interpretable control over
domain-specific attribute translation, we propose
Multi-Domain Control Guidance (MCG), a prompt-
driven conditioning mechanism that operates on
the difference between noise predictions guided
by source and target prompts. Unlike traditional
classifier-free guidance (CFG) (Ho and Salimans,
2022), which interpolates between unconditional
and conditional predictions, MCG explicitly mod-
els the domain shift between attributes in the noise
space.

Given a source domain prompt r (e.g., cloudy)
and a target domain prompt r̂ (e.g., sunny), the
diffusion model computes two conditional noise
predictions:

ϵθ(xt, r, ci, t) and ϵθ(xt, r̂, ci, t),

where ci is the image prompt from GLIP-
Adapter. The translation direction is derived from
the difference between these two predictions. The
final guided noise is obtained by adding a scaled
difference to the source-prompt prediction:

ϵ̂θ(xt, r̂, ci, t) = ϵθ(xt, r, ci, t)+

s · (ϵθ(xt, r̂, ci, t)− ϵθ(xt, r, ci, t)) , (3)

where s is a translation scale parameter that con-
trols the strength of attribute change. This formula-
tion enables the model to retain source characteris-
tics and apply only the directional change specified
by the prompt difference.

To extend this mechanism to multi-domain trans-
lation, we introduce compositional control via lin-
ear combination. Let {(rd, r̂d)}Dd=1 be a set of D
source-target domain prompt pairs (e.g., cloudy →
sunny, day → night). We apply independent noise
deltas for each attribute dimension and scale them
with domain-specific strengths {sd}Dd=1:

ϵ̂θ(xt, r̂d ci, t) = ϵθ(xt, r, ci, t)+

D∑

d=1

sd · (ϵθ(xt, r̂d, ci, t)− ϵθ(xt, r, ci, t)) . (4)

This design enables three core capabilities:

• Selective translation: Only attributes with
differing source-target prompts are modified.
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Number of
translations Methods FID↓ FIDclip↓ Structure

Distance↓
Background Preservation CLIP

Similarity↑ Human↑
PSNR↑ LPIPS↓ MSE↓ SSIM↑

1 domain

SDEdit (Meng et al., 2021) 53.09 15.59 0.1374 13.73 0.49 0.0278 0.58 21.74 0.78
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 69.10 25.00 0.1455 15.01 0.40 0.0273 0.60 22.04 0.82
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 164.74 53.96 0.1747 15.58 0.49 0.0962 0.60 15.83 0.65
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 60.52 15.59 0.1195 15.34 0.37 0.0438 0.77 20.31 0.81
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 49.31 17.29 0.0854 10.75 0.36 0.0336 0.68 17.29 0.79
IP-Adapter (Ye et al., 2023) 47.53 11.38 0.0629 15.34 0.32 0.0257 0.56 17.73 0.88
LACE (Ours) 45.50 10.61 0.0622 16.24 0.30 0.0252 0.73 23.12 0.91

2 domains

SDEdit (Meng et al., 2021) 56.97 18.31 0.1465 14.12 0.52 0.0359 0.55 22.35 0.61
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 79.53 28.92 0.1533 15.97 0.41 0.0342 0.57 22.70 0.68
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 159.98 54.01 0.1820 15.40 0.49 0.0983 0.59 16.56 0.48
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 70.03 19.38 0.1175 11.89 0.41 0.0473 0.73 20.90 0.66
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 56.12 19.88 0.0981 10.55 0.39 0.0381 0.64 16.09 0.63
IP-Adapter (Ye et al., 2023) 46.57 13.45 0.0783 16.35 0.38 0.0315 0.57 17.87 0.70
LACE (Ours) 45.77 11.98 0.0761 16.90 0.33 0.0340 0.69 23.38 0.92

3 domains

SDEdit (Meng et al., 2021) 58.97 19.74 0.1485 13.85 0.53 0.0398 0.54 22.27 0.45
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 76.28 28.65 0.1553 15.75 0.41 0.0397 0.55 22.60 0.54
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 158.40 53.86 0.1864 15.26 0.50 0.1009 0.58 16.83 0.32
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 73.93 21.71 0.2219 10.58 0.43 0.0495 0.70 21.22 0.51
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 54.94 22.49 0.1168 10.86 0.42 0.0451 0.60 14.01 0.48
IP-Adapter (Ye et al., 2023) 47.56 15.84 0.0957 16.28 0.47 0.0392 0.55 17.62 0.52
LACE (Ours) 46.17 13.32 0.0833 16.31 0.34 0.0388 0.68 23.24 0.92

Table 1: Quantitative evaluation for multi-domain image-to-image translation methods on CelebA. The best
results are highlighted in bold, the second best results are marked with an underline.

Number of
translations Methods FID↓ FIDclip↓ Structure

Distance↓
Background Preservation CLIP

Similarity↑ Human↑
PSNR↑ LPIPS↓ MSE↓ SSIM↑

1 domain

SDEdit (Meng et al., 2021) 42.95 11.50 0.0389 20.87 0.23 0.0157 0.66 17.99 0.75
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 48.36 8.49 0.0737 14.80 0.34 0.0392 0.53 18.68 0.81
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 112.53 27.52 0.1196 12.22 0.43 0.0664 0.43 15.37 0.62
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 40.56 6.11 0.0719 15.13 0.31 0.0372 0.54 18.29 0.83
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 73.44 15.75 0.0959 13.59 0.38 0.0531 0.49 16.00 0.79
IP-Adapter (Ye et al., 2023) 54.05 12.59 0.065 17.34 0.32 0.022 0.56 18.71 0.88
LACE (Ours) 40.15 7.53 0.0453 21.96 0.21 0.0092 0.73 18.82 0.91

2 domains

SDEdit (Meng et al., 2021) 44.53 11.92 0.0389 20.87 0.23 0.0099 0.66 16.04 0.58
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 49.62 9.15 0.0752 14.93 0.34 0.0378 0.54 17.29 0.64
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 113.84 27.54 0.1213 12.25 0.43 0.0663 0.43 14.85 0.45
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 43.83 7.07 0.0736 15.21 0.31 0.0367 0.55 16.88 0.67
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 63.53 13.61 0.0932 13.61 0.37 0.0499 0.49 13.86 0.61
IP-Adapter (Ye et al., 2023) 54.72 12.68 0.0652 17.35 0.32 0.022 0.56 16.55 0.70
LACE (Ours) 40.53 7.64 0.0466 21.98 0.21 0.0091 0.72 18.80 0.90

3 domains

SDEdit (Meng et al., 2021) 45.61 11.87 0.039 20.87 0.23 0.0132 0.66 12.99 0.44
DDIM (Song et al., 2020)+PnP (Tumanyan et al., 2023) 51.00 9.71 0.0759 15.01 0.34 0.0372 0.53 15.09 0.54
DDIM (Song et al., 2020)+MasaCtrl (Cao et al., 2023) 115.11 27.97 0.1234 12.18 0.44 0.0673 0.43 12.39 0.31
Direct (Ju et al., 2023)+PnP (Tumanyan et al., 2023) 46.61 7.83 0.075 15.25 0.31 0.0363 0.55 14.37 0.53
Direct (Ju et al., 2023)+MasaCtrl (Cao et al., 2023) 62.71 13.16 0.0905 13.69 0.37 0.0492 0.49 10.61 0.48
IP-Adapter (Ye et al., 2023) 55.09 12.88 0.0654 17.35 0.32 0.0219 0.56 13.15 0.52
LACE (Ours) 42.53 7.76 0.0494 21.95 0.22 0.0106 0.69 17.75 0.90

Table 2: Quantitative evaluation for multi-domain image-to-image translation methods on BDD100K. The
best results are highlighted in bold, the second best results are marked with an underline.

• Compositional control: Multiple attributes
(e.g., weather, time, style) can be changed
simultaneously via prompt composition.

• Per-attribute scaling: Each domain axis can
be independently modulated using sd, allow-
ing fine-grained control over translation inten-
sity.

Unlike prior approaches that rely on binary class
labels or segmentation masks to isolate attributes,
MCG enables soft, interpretable guidance using
domain-aware prompt differences. Combined with
GLIP-Adapter, this module provides a unified
mechanism for structure-preserving, multi-domain
translation with precise attribute-level control.

4 Experiments

We evaluated our model on two real-world datasets,
CelebA(Dialog) and BDD100K, each featuring
multiple domain attributes such as facial expres-
sion, identity, weather, time, and scene type. Our
experiments are designed to assess the model’s abil-
ity to (1) perform multi-attribute translations while
preserving structural integrity, (2) enable compo-
sitional control across multiple domains, and (3)
support fine-grained per-domain strength adjust-
ment.

4.1 Implementation Details
Our method is implemented using the Hugging-
Face Diffusers library (von Platen et al., 2022),
with Stable Diffusion v2.1 as the base model. Dur-
ing training, all images are resized to 512 × 512
and encoded into a latent space using the pretrained
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Source SDEdit DDIM+MasaCtrl Direct+PnP IP-Adapter LACE (Ours)

1
do

m
ai

n

no smile / young / no glasses→glasses / female/ extremely long bangs

2
do

m
ai

n

no eyeglasses→thin frame eyeglasses / no bangs→short bangs / beaming face / female / middle age

3
do

m
ai

n

without eyeglasses→glasses / visible forehead→long bangs / smile→serious face / female / young

Figure 3: Qualitative evaluation for multi-domain image-to-image translation methods on CelebA.

VAE. The model is fine-tuned using two NVIDIA
A6000 GPUs for 200,000 steps with a batch size of
24 per GPU and a fixed learning rate of 1× 10−5.
The adapters were trained using two A6000 GPUs
for 200,000 steps, with a batch size of 24 per GPU,
using CLIP-ViT-H/14 (Ilharco et al., 2021) and
DINOv2-Large (Oquab et al., 2023) as image en-
coders. For compatibility with baseline models,
we utilized the HuggingFace Diffusers library (von
Platen et al., 2022) for all diffusion-based experi-
ments. We also conducted additional experiment
on animal face dataset to compare with existing
text-guided translation models, which are described
in the supplementary material.

4.2 Multi-Domain Image to Image
Translation

We conducted comparative experiments with exist-
ing multi-domain I2I translation models to evalu-
ate the effectiveness of our method. For baseline
models, we included SDEdit (Meng et al., 2021),
DDIM, Direct Inversion (Song et al., 2020; Ju et al.,
2023) with editing methods MasaCtrl (Cao et al.,
2023), Plug-and-Play (Tumanyan et al., 2023), and
IP-Adapter (Ye et al., 2023) to compare perfor-
mance across a diverse range of models. Lever-
aging the multiple domain characteristics of our
dataset, we conducted model performance evalu-
ations by adjusting the number of translated do-
mains. From 500 validation scenarios, we ran-
domly selected one image and applied translations

across a randomly chosen set of 1, 2 or 3 domains.
Table 1,Table 2 show the results, indicating that our
method achieved sota in most metrics, or second-
best performance across most evaluation metrics.
This suggests that our model not only preserves
the structural and contextual content of the source
image, but also performs accurate and effective
multi-domain translation.

Furthermore, we observed that standard metrics
such as FID and CLIP similarity may not fully cap-
ture the increasing difficulty of multi-attribute edit-
ing, as they often reward conservative, under-edited
results that maintain high visual stability but fail to
accurately reflect semantic changes. To address this
limitation and better assess the true effectiveness of
multi-domain translation, we conducted a human
evaluation focusing on attribute correctness and vi-
sual naturalness. Five human evaluators assessed
100 samples from CelebA, BDD100K dataset. The
evaluators rated the degree of semantic alignment
between the visual outputs and the text prompts on
a scale of 0 to 10, which were subsequently normal-
ized to a range of [0, 1]. As shown in the Human
column of Table 1 and Table 2, while the perfor-
mance of most baselines degrades significantly as
the number of edited domains increases. For in-
stance, IP-Adapter’s score drops from 0.88 to 0.52,
LACE maintains a nearly constant high level of
correctness (from 0.92 to 0.90). These results con-
firm that LACE is robust in accurately applying
all requested attributes, a characteristic that human
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Source SDEdit DDIM+MasaCtrl Direct+PnP IP-Adapter LACE (Ours)

1
do

m
ai

n

daytime→dawn/ highway / clear

2
do

m
ai

n

daytime→dawn/ residential / clear→snowy

3
do

m
ai

n

dawn→daytime / citystreet→highway /clear→rainy

Figure 4: Qualitative evaluation for multi-domain image-to-image translation methods on BDD100K.

Source Baseline +CLIP-Full+GLIP-Adapter +MCG +DDIM(Ours)

C
el

eb
A

female / thirties/ mild smile→serious face /

no glasses→black glasses / no bangs→long bangs

B
D

D
10

0K

daytime→dawn /highway→residential/clear→overcast

Figure 5: The ablation study of multi-domain image-
to-image translation methods

evaluation highlights even when standard metrics
remain relatively stable.

Qualitative evaluation was performed on four
popular criteria: image quality (FID (Heusel et al.,
2017), FIDclip(Kynkäänniemi et al., 2022)), struc-
ture distance(Tumanyan et al., 2022), background
preservation (PSNR, LPIPS (Zhang et al., 2018),
MSE, SSIM (Wang et al., 2004)), translation qual-
ity (CLIP Similarity (Hessel et al., 2021)) to mea-
sure how well the visual outputs align with the lin-
guistic semantics of the target prompt. Qualitative
results in Figure 3,Figure 4 further demonstrate
that our method produces visually coherent and
attribute-consistent outputs across diverse transla-
tion scenarios.

4.3 Ablation Study

We conduct a series of ablation studies to evaluate
the contribution of each component in our frame-

work. The baseline is IP-Adapter (Ye et al., 2023),
which uses CLIP-based global visual prompts. We
progressively introduce modifications and measure
performance changes across 3 domain translation
settings.

• CLIP-Full: We first enhance the baseline
by incorporating patch-wise local tokens ex-
tracted from the CLIP encoder, in addition to
the original global token. This modification
improves both FID and FID-CLIP scores, in-
dicating better image quality and structural
preservation.

• DINOv2-Full: Next, we replace CLIP with
DINOv2 as the visual encoder, which provides
stronger spatial features. This leads to further
improvements in structure-sensitive metrics
and better preservation of Local-level details
such as object color and shape visualized in
fig. 5.

• GLIP-Adapter: GLIP-Adapter builds on
DINOv2-Full by replacing the global token
with that of CLIP while retaining the local
tokens from DINOv2.

• MCG: We compare our Multi-Domain
Control Guidance (MCG) with traditional
Classifier-Free Guidance (CFG) (Ho and Sal-
imans, 2022). While CFG interpolates be-
tween unconditional and conditional denois-
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CelebA

Background Preservation

Method FID↓ FIDclip↓ Structure
Distance↓ PSNR↑ LPIPS↓ MES↓ SSIM↑ ClIP Sim↑

Baseline 47.22 13.55 0.0789 15.99 0.39 0.033 0.56 17.74

+CLIP-Full ∆ -1.35 -1.36 -0.0032 +0.22 -0.0099 -0.0072 +0.05 +3.52

+DinoV2-Full ∆ -0.02 +0.09 -0.0002 +0.09 -0.0132 +0.0021 +0.01 +0.73

+GLIP-Adapter ∆ -0.02 -0.06 -0.0007 0.00 0.0000 -0.0017 0.00 +0.15

+MCG ∆ -0.57 -0.24 -0.0013 +0.18 -0.0169 -0.002 +0.06 +0.91

+DDIM ∆ - 0.08 - 0.58 - 0.0002 + 0.10 - 0.0008 - 0.0001 + 0.14 +0.19

Ours 45.18 11.97 0.0738 16.48 0.32 0.0318 0.7 23.24

BDD100K

Background Preservation

Method FID↓ FIDclip↓ Structure
Distance↓ PSNR↑ LPIPS↓ MES↓ SSIM↑ ClIP Sim↑

Baseline 54.62 12.71 0.0652 17.34 0.32 0.0219 0.56 16.13

+CLIP-Full ∆ -10.14 -3.16 -0.0045 +2.51 -0.03 +0.0010 -0.03 +1.37

+DinoV2-Full ∆ -0.19 +0.20 -0.0022 +0.36 -0.04 -0.0026 +0.01 +0.67

+GLIP-Adapter ∆ -0.26 -0.14 -0.0021 +0.02 -0.02 -0.0015 0.01 +0.17

+MCG ∆ -7.03 -0.57 -0.0040 +1.88 -0.09 -0.0032 +0.06 +0.27

+DDIM ∆ -0.98 -0.08 -0.0020 +0.30 -0.08 -0.0031 +0.14 +0.37

Ours 41.07 7.64 0.0471 21.96 0.21 0.0096 0.71 23.24

Table 3: Ablation study results showing performance metric variations in the multi-domain i2i translation
methods. ∆ denotes the performance difference relative to the previous experiment.

ing, MCG explicitly models attribute shift us-
ing the difference between source and target
prompt predictions. Our experiments show
substantial performance gains in FID and
CLIP similarity when using MCG.

• DDIM: Finally, we incorporate DDIM In-
version (Song et al., 2020) to accurately re-
construct the initial noise from the input im-
age. This further enhances the preservation of
structural and contextual details in complex
scenes.

Quantitative results are reported in Table 3, and
visual comparisons are shown in fig. 5, both demon-
strating the effectiveness of each proposed compo-
nent in improving translation fidelity, structural
consistency, and controllability.

4.4 Translation Scale Control

We demonstrate the model’s capability to adjust
the strength of domain translation via the scaling
factor s on the CelebA dataset. As shown in fig. 7,
increasing s amplifies the degree of stylistic trans-
fer from the target domain while maintaining the
structural integrity of the source image. Lower val-
ues of s result in subtle modifications, preserving
more of the original domain’s appearance, whereas
higher values push the model to emphasize features
more closely aligned with the target domain. This
behavior validates the model’s ability to perform
controllable and progressive translation, which is
particularly important for applications requiring
user-interactive manipulation or gradual domain
adaptation. The use of a continuous scalar s intro-
duces a simple yet effective mechanism to traverse
the interpolation space between source and target
domains without retraining the model.
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4.5 Per-Domain Scaling

While global scaling via a single s value is effec-
tive for coarse control, many real-world applica-
tions demand finer, attribute-specific adjustments,
especially in complex multi-domain translation set-
tings. To address this, we introduce a differential
translation scaling mechanism by assigning sepa-
rate scaling factors s1, s2, . . . , sD for each of the
D domain attributes. On the BDD100K dataset,
we apply distinct scaling coefficients to individual
domain factors such as weather and time-of-day.
As illustrated in fig. 8, this allows precise, indepen-
dent modulation of each attribute’s transformation
strength, enabling complex yet interpretable com-
positions, for instance, increasing snowfall while
keeping the scene at dusk. Such capability facili-
tates tailored image generation that adapts to spe-
cific user intents or context-aware conditions.

Unlike traditional methods that use a single uni-
fied scaling parameter, our approach disentangles
the contribution of each domain axis, allowing di-
verse combinations of partial translations within a
single forward pass. This fine-grained translation
control significantly expands the model’s expres-
siveness.

5 Conclusion

We presented LACE, a diffusion-based framework
for controllable multi-domain image-to-image
translation, addressing both structural preservation
and fine-grained attribute control. Our approach in-
troduces two key components:(1) the Global-Local
Image Prompt Adapter (GLIP-Adapter), which
fuses semantic and spatial cues from the input im-
age to guide structure-aware translation, and(2) the
Multi-Domain Control Guidance (MCG), which
enables targeted and compositional editing via
prompt-driven attribute steering. Unlike prior meth-
ods that rely on spatial masks or support only
single-attribute editing, our framework enables flex-
ible and interpretable translation across multiple
domain axes without compromising scene consis-
tency. Experiments on CelebA and BDD100K
demonstrate superior performance in visual fidelity,
structural integrity, and multi-attribute controlla-
bility. Further, ablation and scale control studies
confirming that controllable image translation can
be framed as a language grounding problem, where
semantic differences between prompts drive struc-
tured, domain-specific transformations.

Limitations

While LACE demonstrates strong controllability
and structural preservation across both fine-grained
attribute editing (CelebA) and domain-level trans-
lation (BDD100K), several limitations remain.

First, the framework introduces additional com-
putational overhead: the GLIP-Adapter and multi-
domain guidance require multiple noise predictions
per domain, and inference cost grows as more at-
tributes are edited simultaneously, limiting real-
time applicability.

Second, our evaluation is restricted to three
datasets (CelebA, BDD100K, Animal Faces). Al-
though these cover both local attributes and global
style/background domains, broader validation on
more diverse domains (e.g., medical images, art-
work, video) is left for future work.

Third, attribute interference may arise when
editing multiple factors simultaneously: While
per-domain scaling alleviates this issue, semantic
conflicts between attributes (e.g., gender and hair
length) remain a challenge.

Fourth, the framework depends on source–target
prompt differences, making it sensitive to linguistic
ambiguity; future work could incorporate advances
in natural language understanding or prompt para-
phrasing to improve robustness; better prompt ro-
bustness or automatic prompt refinement could fur-
ther improve stability.

Ethical Considerations

As a controllable image translation framework,
LACE could be misused for generating or altering
visual content in deceptive ways. While our work
is intended for research and data augmentation un-
der ethical use, future extensions should include
watermarking or misuse detection mechanisms to
mitigate potential risks.
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Figure 6: Qualtitative comparison with text-guided translation models on Animal Faces dataset, such as
DiffuseIT. Given limitations in computational resources, we leveraged the experimental setup used in DiffuseIT,
training our model under identical conditions to compare results with previously evaluated models. We selected
Animals Faces dataset for comparison to showcase the effectiveness of our method on more diverse datasets. Our
model effectively preserves the structural content from the source image while performing accurate translations.
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Source Target s = 10 s = 20 s = 30

Figure 7: Variations in image translation results on CelebA across the translation scale s. As the translation
scale increases, the visual results show stronger translations in each domains guided by the target.

Source Target s1 = 10 , s2 = 10 s1 = 30 , s2 = 10 s1 = 10 , s2 = 30

Figure 8: Variations in image translation results on BDD100K across the differential translation scales s1, s2.
The two differential translation scales, s1 and s2, control the degree of translation for the weather and time of day
domains, respectively.
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