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Abstract

We introduce a model named DreamLight for universal image relighting in this
work, which can seamlessly composite subjects into a new background while main-
taining aesthetic uniformity in terms of lighting and color tone. The background
can be specified by natural images (image-based relighting) or generated from
unlimited text prompts (text-based relighting). Existing studies primarily focus
on image-based relighting, while with scant exploration into text-based scenarios.
Some works employ intricate disentanglement pipeline designs relying on environ-
ment maps to provide relevant information, which grapples with the expensive data
cost required for intrinsic decomposition and light source. Other methods take this
task as an image translation problem and perform pixel-level transformation with
autoencoder architecture. While these methods have achieved decent harmoniza-
tion effects, they struggle to generate realistic and natural light interaction effects
between the foreground and background. To alleviate these challenges, we reorga-
nize the input data into a unified format and leverage the semantic prior provided
by the pretrained diffusion model to facilitate the generation of natural results.
Moreover, we propose a Position-Guided Light Adapter (PGLA) that condenses
light information from different directions in the background into designed light
query embeddings, and modulates the foreground with direction-biased masked
attention. In addition, we present a post-processing module named Spectral Fore-
ground Fixer (SFF) to adaptively reorganize different frequency components of
subject and relighted background, which helps enhance the consistency of fore-
ground appearance. Extensive comparisons and user study demonstrate that our
DreamLight achieves remarkable relighting performance.

1 Introduction

With the rapid development of generative models in recent years [1, 2, 3, 4], image composition has
received increasing attention owing to its capacity for controlled generation [5, 6, 7]. However, since
the implanted foreground and the new background originate from different sources, this discrepancy
can easily lead to an unrealistic perception of the composite image. In this paper, we focus on a
challenging task named universal image relighting, which aims to seamlessly composite a subject into
a new background while maintaining realism and aesthetic uniformity in terms of lighting and color
tone. The background can either be specified by provided natural images (image-based relighting),
or be created from unlimited text prompts (text-based relighting). This task ensures that users and
digital elements coexist naturally within any environment and has wide application in virtual reality
and intelligent editing for the film and advertising industries [8, 9, 10, 11, 12, 13].
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Figure 1: Our DreamLight is a unified image relighting model capable of performing relighting
guided by arbitrary text or natural background images without any other prior such as HDR maps.
The top left of each set of figures is the original picture of the foreground, the bottom left is the given
condition, and the right is the generated result.

Early researches about relighting tend to focus on the image condition, e.g., image harmonization
and portrait relighting, while with scant exploration into text-based scenarios. Portrait relighting
methods [14, 15, 16, 17] mainly take the idea of physics-guided design that explicitly models the
image intrinsics and formation physics. They decompose the input images into several components
and leverage a phased pipeline to incrementally learn image components such as surface normals and
albedo maps. Some harmonization methods [18, 19] also take similar disentanglement idea. Despite
the promising results achieved by these approaches, obtaining training data with pairs of high-quality
relighting images and their corresponding intrinsic attributes from light stage is expensive and difficult.
Most harmonization methods [20, 21, 22, 23] take this task as an image-to-image translation paradigm
and propose to perform pixel-level transformation based on autoencoder architecture. However, they
lack object semantic guidance and tend to overlook distinct variations in illumination. Recently, some
works [24, 8, 25] exploit the powerful semantic modeling ability of generative diffusion models [1]
to enhance relighting effect, but their light source relies on the given environment maps and such
maps are not always feasible to acquire in real world. IC-Light [26] is proposed to address both
image-based and text-based relighting for natural images without introducing other signal guidance.
It imposes light alignment training strategy to enhance the light consistence. However, IC-Light takes
two separate models for different conditions and does not tailor the structure. Simply concatenating
foreground, background, and noise limits the model’s understanding of foreground-background
interactions, leading to severe color bleeding and foreground distortions in some scenarios.

To address the above challenges, we present a model named DreamLight that can perform both
image-based and text-based relighting. In DreamLight, to generate natural interaction effects of light
and color tone between the foreground and the background, we propose a Position-Guided Light
Adapter (PGLA), which condenses light information from different directions in the background
into several groups of light query embeddings and selectively modulates the foreground area with
direction-biased masked attention. In addition, we present an effective Spectral Foreground Fixer
(SFF) as a post-processing module to enhance the consistency of foreground appearance and avoid
subject distortion. Based on the wavelet transform, SFF is trained to learn dynamic calibration
coefficients for high-frequency textures of input foreground and relighted low-frequency light. By
adaptively reorganize these information, SFF can output stunningly consistent foreground. Besides,
to facilitate the training of our model, we develop different kinds of data generation processes, e.g.,
3D rendering and training relighting lora, to produce diverse training samples.

We have performed extensive quantitative and qualitative comparisons. Experiment results demon-
strate that our DreamLight exhibits superior generalization and performance on the universal relighting
of natural images. Related ablations also prove the rationality and effectiveness of the proposed
designs. Furthermore, we observe that thanks to the unified learning of text and image conditions in a
single model, our DreamLight can generate results with the guidance of both conditions.
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Our contributions can be summarized as follows:

• We propose a model named DreamLight for universal image relighting, which can seamlessly
composite a subject into a new background with either image or text conditions. We also
develop high-quality data generation process to bene�t the training of our model.

• We introduce a Position-Guided Light Adapter (PGLA), which is designed to enable fore-
ground elements at different positions to interact with background light from various direc-
tions in a tendentious manner for generating more natural lighting effects.

• We propose a Spectral Foreground Fixer (SFF) module to adaptively reorganize different fre-
quency components of the input and relighted subjects, which helps enhance the consistency
of foreground textures.

2 Related Work

Image-based Relighting:There are two principal sets of related image-based relighting methods.
The �rst is portrait relighting approaches [15, 14, 16, 27, 28, 29, 30, 8, 17, 31]. They mainly take
the idea of physics-guided model design that typically involve the intermediate prediction of surface
normals, albedo, and a set of diffuse and specular maps with ground truth supervision. To achieve that,
some methods rely on the paired training data acquired with the light stage system [32] and a target
HDR environment map as the external light source. However, the dependence on light stage data
and HDR maps incurs substantial data collection cost and signi�cantly limits their implementation in
real-world situations, where obtaining HDR maps may not always be feasible. Some methods [33, 31]
employ multi-stage frameworks. As a result, the accuracy and performance of these systems hinge
on the precision of each individual stage. This makes the entire process complex and susceptible to
errors that could propagate throughout these intermediate steps. The second is image harmonization
methods that aim to match the color statistics of the foreground object with those of the background
for natural composition [18, 20, 22, 23, 34, 21, 19, 35, 36, 37, 38]. These methods tend to take this
task as an end-to-end image-to-image translation paradigm, where the network is trained to predict a
harmonized image from the input composite. Some works [39, 40] collect pixel-aligned paired data by
color transfer or altering foreground color in real images with pre-designed or learned augmentations.
While these methods have achieved decent harmonization effects, they struggle to generate realistic
and natural light interaction effects between the foreground and the background. Recently, some
works [24, 8, 25] exploit generative models [1] to enhance relighting effect, but most of them still rely
on the given environment maps for lighting guidance, which limits the potential application scenarios.
IC-Light [26] proposes to perform pure natural image relighting by imposing light alignment training
strategy and achieves excellent performance for scenarios with strong lighting. However, its simple
network design limits the model's performance and is prone to generating severe color bleeding. To
alleviate above issues, we propose DreamLight designed for natural images without any additional
prior source. A position-guided light adapter is introduced to boost the reasonable interaction between
subjects and backgrounds, thus contributing to generating natural and harmonious lighting effect.

Text-based Relighting:Currently, there is relatively less research focused on text-based relighting.
Although Lasagna [41] takes text as input, the text serves to indicate the light direction rather than to
describe the target background. The pioneer IC-Light [26] utilizes two separate models to handle
image-based and text-based relighting. Actually, some text-guided inpainting methods [42, 43] can
achieve similar effect. However, they tend to preserve the original lighting and color of the subject,
which may result in unnatural results. Conversely, our DreamLight achieves powerful relighting
performance of natural images using a single model for both image-based and text-based situations.

3 Method

3.1 Overview

Figure 2 illustrates the pipeline of our DreamLight. It takes a triplet of foreground image, background
image, and text prompt as input. For image-based relighting, the text prompt is set to “blend these
two images". For text-based relighting, the background image is designed as an all-black image.
Thegreenandbrown lines show the speci�c processes of image-based and text-based relighting,
respectively. In detail, we �rst utilize a pretrained segmentation model [26, 44] to extract the subject
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Figure 2: Pipeline of our DreamLight. It takes the foreground image, background image, and text
prompt as input. The masked foreground and background images are encoded by pretrained VAE and
concatenated with the random noise to serve as the input of UNet. The Position-Guided Light Adapter
is proposed to selectively inject background light from different directions into the foreground at
different locations for more natural relighting results. The Spectral Foreground Fixer is utilized to
enhance the consistency of the subject.

region and remove the original background from the input image. Following [45, 26], the masked
subject and background are encoded by VAE and then concatenated with the random noise to serve as
the input for diffusion UNet. For image-based relighting, a Position-Guided Light Adapter (PGLA)
is proposed to selectively inject background light information from different directions into the
foreground with direction-biased masked attention. Finally, a Spectral Foreground Fixer (SFF) is
utilized to enhance the consistency of the foreground.

3.2 Position-Guided Light Adapter

Although simply concatenating the background with random noise can convey some information
about environment lighting, it imposes pixel-aligned light prior and overlooks the natural interaction
between the subject and light from various directions in the background, thus resulting in undesirable
relighting results in some scenes. To alleviate this problem, we propose the Position-Guided Light
Adapter (PGLA), which enhances the foreground's response to light sources from different directions
in background while reducing potential unreasonable light alignment. This is achieved by additional
encoding and organization of the background light information.

Speci�cally, the overall pipeline of our PGLA is based on the process of IP-Adapter [46]. We
�rst utilize a CLIP image encoder to encode the target background image into a feature mapf b 2
RH � W � C , whereC indicate the embedding dimension.H , W denote the spatial size of feature map.
To mitigate the potential noise effects of background textures on light information extraction, we
perform a low-frequency enhancement operation on the encoded background features, which helps
emphasize the high-level lighting and color tones information. The process can be formulated as:

g = Gaussian(H; W; � );
f bl = FFT (f b) � g;
f bl = IFFT (ReLU (Conv(f bl ))) + f b;

(1)

whereFFT andIFFT are Fourier transform and Fourier inverse transform.g denotes the �ltering
coef�cient map. � is cutoff frequency and� means element-wise product.Conv and ReLU
operations are utilized to update the features in the spectral domain for ef�cient global interaction.

Then, we restructure the background features and encode light information from different direc-
tions into prede�ned light queriesf Q , which are randomly initialized learnable embeddings. Con-
sidering that the condition is vanilla 2D natural background images, we assume that the light
sources can be split into four basic directions: left, right, top, and down. Thus, we leverage
four sets of query embeddings to selectively extract light information from background features.
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Figure 3: Process of direction-biased masked attention.
The upper �gure is the design of the attention mask in
cross attention. Here the darker color indicates the ten-
dency toward 0. To allow different groups of query to per-
ceive different directions of light, we generate coef�cient
maps with different attenuation directions and multiply
them to the original attention weight. For ease of un-
derstanding, we note the transformation of the left decay
map in the �gure. Besides, the attention weight between
different queries has not been modi�ed for overall light
information harmonization.

To achieve that, we propose a direction-
biased masked attention. As shown in
Figure 3, we use cross attention mech-
anism to condense the information of
background into the light query. In de-
tail, we initialize four sets of light query
and design them to separately perceive
the background light sources of the four
directions,i.e., left, right, top, and down.
Taking the queryf lef t

Q corresponding to
the left light as an example, we generate
a coef�cient map that decays from left
to right with the same size as the back-
ground feature, as shown by the “left
decay map" in Figure 3. It is then �at-
tened and multiplied with the initial at-
tention weight of corresponding regions
to modulate the cross attention, making
the queryf lef t

Q focus more on the infor-
mation on the left side of the background
feature. Similarly for the light query re-
sponsible for the other directions. Be-
sides, we concatenate the light query and
background features as Key and Value to
ensure the interaction between different
group of queries, which contributes to
the overall harmonization.

Having these condensed light queries,
the next step is to inject their informa-
tion into the foreground area of the latent features in UNet with similar masked attention. That is, we
adjust the attention weight of condition cross attention so that different regions of the foreground
object have a stronger response to nearby light sources. In addition to the exchange of Q and KV,
we additionally add a mask to the background area to ensure that the background is not changed.
Furthermore, as shown in Figure 2, we only inject these light prior in the middle and up block of the
UNet. This is due to the fact that feature changes in down blocks may have an impact on the overall
semantics [47]. We only need to make changes to the object's light based on its overall representation,
which helps to avoid the potential distortion problems caused by extra information injection.

With such designs, the combined subject elements can perform selective interaction with the back-
ground to produce more natural relighting results. Related experiments in Section 4.3 also justify the
rationality of our designs.

3.3 Spectral Foreground Fixer

Diffusion-based methods tend to face the problem of foreground distortion, especially in small and
detailed areas such as face and text. On the one hand, the latent space of large-scale pre-trained
models tends to embellish the foreground, which can lead to inconsistency and ID variation with
the input. On the other hand, the encoding process of VAE may cause information loss in small
regions with high information density, leading to dif�culties in maintaining the texture of the subject.
Therefore, we propose a Spectral Foreground Fixer (SFF) to address this challenge. This module is
based on the assumption that the high-frequency components of an image correspond to the pixels
varying drastically, such as object boundaries and textures, while the low-frequency components
correspond to the general semantic information such as the color and light.

As shown in Figure 4, we utilize Wavelet Transform to extract the high-frequency and low-frequency
components of the input foreground image and the initial predicted results. It can be seen that the
high-frequency part maintains the details and textures, while low-frequency part indicate rough
colors and tones. Then we combine the high-frequency part of input foreground image with the
low-frequency component of the initial relighting result and feed them into a Modulator, which takes
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Figure 4: Process of Spectral Foreground Fixer. The modulator is utilized to predict a set of
coef�cients for modulating the textures of foreground with the light of background.

image-to-image generation paradigm and is trained to predict a set of coef�cients to reorganize these
information. The reorganization process can be formulated as:

�; � = M (HQ in ; LQ out );

HQ 0
in = HQ in � � + �;

I 0
out = HQ 0

in + LQ out ;

(2)

whereHQ andLQ denote the high-frequency and low-frequency part extracted by Wavelet Transform,
respectively.M is the modulator.� 2 RH � W � 3 and� 2 RH � W � 3 are the predicted modulation
coef�cients. � is utilized to control the in�uence degree of foreground texture and� contains the
balance information for harmonizing the foreground. Compared to directly reorganize the foreground
texture and background semantics, such design helps to output more consistent and natural results,
avoiding artifacts from forced combination. Finally, we replace the foreground region of initial
relighting images by the predictedI 0

out according to the foreground mask.

The modulatorM is individually trained in a self-supervised manner. Speci�cally, we perform
random color transformation on arbitrary natural images to obtain pseudo pairs of relighting data,
where the transformed image is input and original image serves as target. Then we extract the high-
frequency component of the transformed image and the low-frequency component of the original
image as inputs to the modulator for modulation coef�cient prediction. The modulator is expected
to adaptively combine the high-frequency and low-frequency parts from different source and avoid
potential color noise or artifacts. We utilize MSE and perceptual loss [48] to supervise the learning of
the modulator. Furthermore, to promote training stability and improve coordination, the supervision
is applied on both the predicted high-frequency partHQ 0

in and entire output imageI 0
out .

3.4 Data Generation

We design data generation pipeline to facilitate the training of our model. Our data has three sources.
Firstly, we construct pairs by training a relighting ominicontrol [49] lora in a bootstrapping manner,
i.e., training – incorporating results into training set – continue training. The initial set consists
of 100 image pairs collected from time-lapse photography videos and self-photographed photos.
After each training, the model is used to relight vanilla images. High quality pairs are selected and
incorporated into the training set for continue training. We will open source this relighting lora to
bene�t community. Secondly, we utilize available 3D assets [50] to render a number of consistent
images with lighting of different color and directions. We construct an automatically rendering
pipeline on 3D Arnold Renderer, and generate various lighting effects with random light sources
and HDR images for corresponding pairs. Finally, to enhance data diversity, we also process vanilla
images with IC-Light [26] and �lter out high-quality synthetic data pairs with aesthetic score [51].
The prompts are generated through a two-step process: GPT-4 [52] initially brainstorms over 200
fundamental scenarios, which are then tailored by LLaVA [53] according to the main subjects present
in the images. Totally, the quantities of the three types of data are about 600k, 150k, and 300k,
respectively. Please see the supplementary material for detailed analysis about the training data.
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Figure 5: Image-based relighting results. (a) and (b) demonstrate the comparisons with popular
available image-based relighting methods,i.e., Harmonizer [38], INR [21], PCT [20], and IC-
Light [26]. (c) shows the generalizability of our DreamLight to foregrounds of different categories
and various styles of images. Please see the supplementary material for more qualitative results.

4 Experiment

4.1 Implementation Details

Our model is implemented in PyTorch [54] using 8� A100 at 512� 512 resolutions. The main
model and �xer model are trained separately. The main model is trained end-to-end with the batch
size of 512. The learning rate is set to 5e-5. We leverage StableDiffusion-v1.5 [1] as the base
generative model and CLIP-H [55] as the encoder for position-guided light adapter. Following [26],
we takes RMBG-1.4 as the segmentation model for extracting the region of subject. The spectral
foreground �xer is �netuned on the VAE model of StableDiffusion-v1.5. The cutoff frequency of
spectral �lter is set to 5 in default. The number of light query is set to 4 for each direction. The
evaluation benchmark contains 600 high-quality image pairs rendered by Arnold Renderer from real
objects. For image-based relighting, we take the popular metrics of standard Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity (SSIM), Learned Perceptual Image Patch Similarity (LPIPS) [56],
and image similarity score calculated by CLIP [55] (CLIP-IS) to verify the effectiveness of our
method. For text-based relighting, we utilize image-text matching CLIP score, aesthetic score [51],
and Image Reward (IR) [57] score to assess the plausibility of the generated results. IR score is
calculated by text-to-image human preference evaluation models trained on large-scale datasets of
human preference choices. Aesthetic score is a linear model trained on image quality rating pairs of
real images. Please refer to the supplementary material for more details and illustrations.

4.2 Main Results

Qualitative Comparison: In Figure 5 and Figure 6, we present relighting results of our method
and the comparison with existing methods. Our DreamLight achieves excellent performance of both
image-based and text-based relighting in a single model. More relighting results can be found in
the supplementary materials. From (a) and (b) in Figure 5 we can see that our method not only
harmonizes the lighting of the foreground and background, but also more effectively models the
interaction between light sources and objects within images. In addition to human and natural
backgrounds, we illustrate the generalization ability of our model for foregrounds of different
categories and other stylistic images in (c). In Figure 6 we compare our method with IC-Light [26]
and existing state-of-the-art prompt-guided inpainting methods since existing studies have paid
limited attention to relighting based on given prompts. Although inpainting-based methods are
capable of generating backgrounds that are in accordance with text prompts, they exhibit a propensity
towards maintaining the color and lighting of the foreground unchanged, leading to an incongruity
with the background. IC-Light, in contrast, grapples with issues of excessive color variations in
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