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Figure 1. We propose UNILIGHT: A joint latent space unifying previously incompatible lighting representations. Our joint lighting em-

bedding enables retrieval, example-based light control during image generation, and environment-map generation from various modalities.

Abstract

Lighting has a strong influence on visual appearance, yet

understanding and representing lighting in images remains

notoriously difficult. Various lighting representations exist,

such as environment maps, irradiance, spherical harmon-

ics, or text, but they are incompatible, which limits cross-

modal transfer. We thus propose UNILIGHT, a joint la-

tent space as lighting representation, that unifies multiple

modalities within a shared embedding. Modality-specific

encoders for text, images, irradiance, and environment

maps are trained contrastively to align their representa-

tions, with an auxiliary spherical-harmonics prediction task

reinforcing directional understanding. Our multi-modal

data pipeline enables large-scale training and evaluation

across three tasks: lighting-based retrieval, environment-

map generation, and lighting control in diffusion-based im-

age synthesis. Experiments show that our representation

captures consistent and transferable lighting features, en-

abling flexible manipulation across modalities.

Project page: https://lvsn.github.io/UniLight.

1. Introduction

Lighting plays a central role in determining the visual ap-

pearance of images. Consequently, lighting representa-

tion and control are fundamental for image understanding,

generation, and editing. However, lighting is inherently

difficult to represent and can take many forms, including

environment maps [37], text descriptions [71], irradiance

maps [68], or simply reference images depicting example il-

lumination [63]. Each representation has distinct, and often

complementary, advantages and limitations, which makes

them largely incompatible with one another. As a result,

most lighting estimation or control methods are designed

around a single representation and cannot easily adapt to

others, limiting their flexibility [37, 68].

Several works attempt to mitigate the limitations of the

traditional lighting representations. For example, Li et al.

[34] extend spherical Gaussians by estimating them locally

over each pixel in the image, thus making them spatially-

varying. More recently, inspired by Neural Radiance Fields

(NeRFs) [43], researchers have begun encoding lighting im-

plicitly using a neural network [3, 35, 64]. While these im-

plicit representations can capture complex illumination ef-

fects, they are typically task-specific and are not compatible

with other lighting representations.

In this work, we propose a joint latent space that unifies

multiple lighting modalities (Fig. 1). We train modality-

specific encoders for text, environment maps, irradiance

maps, and images, to extract lighting information into a

common high-dimensional embedding. Our encoders build

on vision transformers (ViTs) [45] and text encoders [60],

and are jointly trained with a contrastive learning objective

across all modalities. To further improve light direction un-

derstanding, an auxiliary task predicts degree-3 spherical
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harmonics coefficients from the joint embedding.

We devise a multi-modal data pipeline to support

training and to evaluate the learned representation on

three downstream tasks: (a) lighting-based retrieval,

which retrieves modalities with similar illumination;

(b) environment-map generation, conditioned on any sup-

ported modality; and (c) flexible lighting control for

diffusion-based image synthesis [68]. We further ablate our

design decisions and demonstrate that both the contrastive

and auxiliary training objectives are critical to learn a latent

space that captures accurate lighting structure and direction.

In summary, we make the following contributions:

• A multi-modal data pipeline for unified lighting repre-

sentation learning.

• A contrastive framework aligning the representation of

lighting across text, image, irradiance, and environ-

ment map modalities.

• An auxiliary spherical harmonics prediction loss en-

hancing directional encoding.

• Extensive experiments demonstrating versatility

across lighting-related applications.

2. Related work

Lighting modeling and estimation have been long-

standing challenges in computer vision and graphics. Early

approaches often relied on simplified illumination models

such as point or directional light sources to infer scene ge-

ometry from shading cues [24, 61]. In his seminal work,

Debevec [10] introduced the use of environment maps to

capture real-world illumination, enabling realistic image-

based lighting. Subsequent work extended this idea by es-

timating environment lighting from images using cues such

as reflections, shadows, and geometry [28, 29, 56].

Recent work has demonstrated strong performance in es-

timating lighting using learning-based methods, targeting

indoor scenes [17, 18, 36, 58, 69], outdoor environments

[23, 70, 76], or both [9, 30, 47]. Contemporary approaches

further leverage NeRFs [26, 55, 64] or 3D Gaussian Splats

[2] to model high-frequency, spatially-varying illumination.

For more details, we refer the reader to the comprehensive

survey of Einabadi et al. [13] on light representations.

Recent approaches attempt implicit latent-space disen-

tanglement, for instance using PCA [21] or optimization

[8, 31]. While these methods yield promising interpretable

directions, they still require manual annotations. In this

work, we propose to extract an implicit joint latent space

that can serve as unified representation for disentangled

lighting control in image generation.

Relighting aims to modify the illumination conditions of

an image while preserving the intrinsic identity of its ele-

ments. Traditional methods leverage inverse rendering tech-

�Natural light from the large windows on the right side of the room
 provides bright, neutral white illumination, enhancing the overall

 brightness of the space. A recessed strip light on the ceiling, 
positioned centrally, emits a soft, neutral white light, contributing 
to the ambient lighting. The scene has a neutral color tone, with

natural and artificial light creating a well-lit environment.�

�Indoor, natural light from a large window on the left side of the
scene is the dominant light source, providing bright, neutral

white illumination. Additional recessed strip lights on the ceiling
contribute soft, warm yellow light, enhancing the overall brightness
and warmth of the room. The scene has a neutral white color tone,

with the natural light creating a bright and airy atmosphere.�
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�Indoor, natural light from the large windows on the left side
of the room provides a bright and even illumination, casting a soft,

neutral white glow throughout the space. A pendant light
above the bed adds a warm, yellow hue, contributing to a cozy

ambiance. The overall color of the scene is neutral, with a balance
of natural and artificial light creating a serene atmosphere.�
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Figure 2. Dataset creation. Starting from an environment map,

we extract 9 images and use Prism [11] to estimate their intrin-

sics. The images further serve as input to DiffusionLight-Turbo [6]

for environment-map estimation and to a vision-language model

(VLM) [60] to produce a text description (see Sec. 3 for details).

niques to estimate normals, materials, and lighting proper-

ties [38, 56], enabling re-illumination. These approaches,

however, are typically sensitive to reconstruction accuracy:

minor errors in geometry or material estimation can lead to

implausible results, substantially reducing robustness.

Portrait relighting has received particular attention [5,

25, 41, 42, 44, 49, 52, 59, 71, 74] and attracted interest for

digital avatars, virtual presence, and entertainment. In re-

cent years, the relighting of generic scenes has gained trac-

tion [7, 19, 27, 40, 63, 67]. In this context, the generation

of shadows and coherent indirect illumination has emerged

as a key challenge, with dedicated methods tackling shadow

generation [4, 57] and removal [20, 65].

In parallel with the rise of generative modeling, newer

methods have begun to incorporate generative priors to

achieve greater semantic consistency in relighting. For in-

stance, latent-space editing in StyleGAN has been used for

relighting [1]. More recent works apply diffusion-based

models [15, 54] to relight by editing intrinsic image prop-

erties [39, 68, 73] or by guiding lighting changes via user-

specified cues such as shadows [16]. For video and dynamic

scenes, approaches leveraging diffusion models have even

tackled video inverse-rendering, enabling relighting in the

temporal domain [22, 37]. A related line of work estimates

geometry first, then conditions a diffusion model on radi-

ance hints to produce relit imagery [14].

These methods are typically designed for a single type of

lighting control, limiting users’ ability to use their preferred

lighting representation. We show that our joint lighting rep-

resentation facilitates the design of multi-modal lighting ap-

plications for illumination control in both indoor and out-

door scenarios but also for environment-map generation or

light-driven retrieval.



3. Dataset

We aim to develop a joint embedding space that represents

illumination across several modalities: 360◦ environment

maps, regular images, irradiance maps, and text descrip-

tions. In this section, we describe how we construct our

dataset that encompasses and aligns these modalities.

Specifically, we construct a new dataset to train and eval-

uate our multi-modal encoders, derived from a set of 8,020

high-dynamic-range (HDR) environment maps combining

both outdoor (ULaval Outdoor [23], Polyhaven [48], Dome-

ble [12]) and indoor sources (ULaval Indoor [17], Poly-

haven [48], and pictures we acquired ourselves using a Ri-

coh Theta Z1 camera). We take 9 crops per environment

map to generate a total of 72,180 multi-modal samples, each

consisting of: (1) the environment map itself, (2) an im-

age extracted from it, (3) an irradiance representation of the

image, and (4) a text description for the image. Figure 2

shows an overview of our data generation pipeline; next we

describe how we derive each aforementioned modality.

Image. We extract perspective images from an environ-

ment map by rotating the map about the vertical axis in 40◦

intervals and projecting it onto an image plane. Each ex-

tracted image has a resolution of 512× 512 pixels and a

90◦ field of view. We auto-expose the extracted image with

Reinhard’s luminance mapping [51] with a scale Fd=0.35,

and tone-map the result using γ = 2.2.

Irradiance. For each image, we compute the correspond-

ing irradiance map using Prism [11], a recent intrinsic de-

composition method that can estimate spatially varying il-

lumination. We include this representation as it is common

in generative rendering pipelines [11, 68].

Text. We generate natural-language descriptions of the

lighting in each image using the InternVL3-38B VLM [60].

The bright light sources in the corresponding HDR environ-

ment map are identified by detecting large connected com-

ponents above an intensity threshold [18]. The threshold is

initialized at a high value (τ0 = 4) and lowered by one stop

(τi+1 = τi/
√
2) until pixels above that value are found.

The brightest point in each region above τ is kept as the

dominant light source. The dominant positions are then in-

tegrated into a structured prompt for the VLM to describe

the illumination of the images extracted from the environ-

ment map, emphasizing directional cues. The VLM is then

queried with this prompt, the Reinhard-tone-mapped [51]

environment map, and the extracted image. This procedure

yields text descriptions that accurately capture key lighting

directions, as illustrated in Fig. 2. The full prompt, our al-

gorithm for brightest-region identification, and examples of

text descriptions are detailed in the supplementary material.

Spherical harmonics. To better capture directional light-

ing information, our model also estimates spherical har-

monics (SH) coefficients, as described in Sec. 4.2. We fit

SH coefficients up to degree 3 to each environment map, to

obtain a compact representation of the scene illumination.

Estimated environment map. To complement the high-

quality environment maps in our dataset, we also esti-

mate an environment map for each extracted image using

DiffusionLight-Turbo [6]. These estimated maps are in-

cluded during training to ensure encoder compatibility with

them, as they can be easily generated from an image.

4. Multi-modal embedding

We propose a multi-modal embedding model that maps di-

verse lighting-related modalities - environment maps, irra-

diance maps, images, and text descriptions - into a shared

latent space. Separate encoders are fine-tuned for image-

based modalities and text, and their outputs are aligned us-

ing a lightweight transformer-based fusion module trained

with a contrastive objective. The resulting latent space

should place aligned lighting modalities, e.g. correspond-

ing environment maps and text descriptions, close to each

other. We show an overview of our method in Fig. 3.

4.1. Encoders

Image-based encoders. We employ a separate DINOv2-

B [45] backbone for each image modality: environment

map, image, and irradiance map.

To represent HDR information from an environment map

Ihdr, we convert it into both a low-dynamic-range (LDR)

image Ildr using Reinhard [51] tone-mapping, and a loga-

rithmic encoding Ilog = log(Ihdr + 1)/ log(Imax) following

prior work [26, 37]. We set Imax = 1000 as a normal-

ization constant defining the upper bound of HDR values,

above which values are clipped. In addition, we provide a

per-pixel x,y,z coordinate encoding Idir that corresponds to

the latitude–longitude projection of the environment map,

supplying explicit directional information. The complete

encoder input for environment maps is thus {Ildr, Ilog, Idir}
combining LDR, HDR, and directional cues. During train-

ing, environment maps are randomly sampled from either

ground-truth data or DiffusionLight-Turbo [6] estimates to

improve robustness to different input formats. We also ap-

ply random dropout to the Ilog channels to ensure compati-

bility with purely LDR inputs.

For the image and irradiance-map input modalities, the

DINOv2-B encoders are simply given their respective im-

ages as input with no further change.

Text encoder. We encode textual lighting descriptions us-

ing the 0.6B-parameter Qwen3 Embedding [72], a large lan-



�The primary natural light source is the sun, 
positioned high in the sky to the right, casting 

bright and direct light with a warm golden 
hue. There are no visible artificial lights 
active in the scene. The overall color...�

Contrastive objective

DINOv2

UNILIGHT 
latent space

Qwen3Image Irradiance

Text description

SH head 

SH extraction
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Figure 3. Overview of our embedding approach. Image- and text-based lighting modalities (see Sec. 4.1) are first embedded using DINOv2

and Qwen3, respectively. All modalities are then processed by lightweight fusion modules which are trained contrastively to output into

our joint latent space, UNILIGHT. To improve latent-space coherence, a prediction head estimates spherical-harmonics (SH) coefficients

from the latents, and a dedicated loss aligns these coefficients to ground-truth coefficients extracted from the environment map.

guage model that produces general-purpose semantic em-

beddings from natural language. More specifically, we

prompt the model with the lighting description and add ad-

ditional instructions to encode the scene lighting, dominant

light positions and overall brightness and color temperature.

We include the exact prompt formatting in the supplemental

material. We fine-tune this encoder within our multi-modal

framework to better capture lighting-related semantics.

4.2. Architecture

The modality-specific backbones (DINOv2 and Qwen3)

produce features with varying sequence lengths Tbackbone

and dimensions Dbackbone. To unify these outputs, we in-

troduce a summary module comprising T learnable query

tokens [32, 46] per modality that attend to the backbone fea-

tures through a multi-head attention layer followed by layer

normalization. A linear projection then maps the resulting

token features to a shared latent embedding E ∈ R
T×D,

where we set T = 8 and D = 512 unless otherwise stated.

We ablate the impact of the number of tokens in Sec. 5.1.

To encourage the latent space to capture directional lighting

cues, we add a spherical-harmonics (SH) prediction head

which takes our embedding tokens as input. The head esti-

mates SH coefficients up to degree l = 3, providing explicit

supervision on lighting directionality during training.

Loss function. To force UNILIGHT to closely align the

latent codes for different modalities describing the same

lighting condition, we employ a contrastive objective across

all lighting modalities. Given a batch of samples, each con-

taining an image, irradiance map, environment map, and
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Figure 4. Analysis of light direction encoding in our unified repre-

sentation. The environment map is rotated about the vertical axis

(x-axis), and the resulting cosine similarity against the original ori-

entation is shown. Similarity decreases with increasing rotation,

indicating that the latent features explicitly encode light direction.

lighting description, each modality is passed through its cor-

responding encoder (DINOv2 or Qwen3). We then compute

pairwise cosine similarities between all modality embed-

dings and apply a cross-entropy contrastive loss LC to max-

imize agreement between matching pairs. To enforce direc-

tional consistency, we add an SH supervision term based on

the mean squared error between the predicted and ground-

truth coefficients: LSH = ∥SHpred − SHGT∥22. The total loss

combines both objectives: L = LC + LSH.

5. Experiments

We evaluate our model and demonstrate our joint latent

embedding on three applications: cross-modal retrieval,

environment-map generation, and image relighting. We

show that our UNILIGHT representation enables both light

understanding and editing with diffusion models [15].
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Figure 5. Recall rate (top, higher is better), mean reciprocal rank

(bottom left, higher is better), and median rank (bottom right,

lower is better) between different modalities.

Table 1. Ablation study. Retrieval metrics for varying num-

bers of tokens or SH degrees, computed over 603 test-data

points. We report averaged retrieval statistics for Image→Text and

Text→Image on CLIP embeddings for comparison.

Variant R@1 R@5 R@10 MRR Median rank Mean rank

CLIP VIT-B/32 2.6 10.8 16.9 0.077 72.0 107.3

Qwen3-VL 2B 8.9 26.3 37.1 0.179 36.6 56.4

1 tokens, SH3 23.8 47.4 58.9 0.355 10.7 22.2

2 tokens, SH3 24.3 48.7 60.1 0.362 9.9 21.2

4 tokens, SH3 25.1 49.0 60.5 0.369 10.1 21.5

8 tokens, SH3 24.9 49.0 60.6 0.367 9.8 21.2

16 tokens, SH3 26.5 50.7 61.4 0.382 9.6 21.2

8 tokens, NOSH 10.2 31.9 45.0 0.215 15.5 29.7

8 tokens, SH1 20.7 43.3 54.4 0.320 14.2 25.9

8 tokens, SH3 24.9 49.0 60.6 0.367 9.8 21.2

8 tokens, SH5 24.1 47.7 59.5 0.358 10.2 21.5

5.1. Model evaluation

Our approach encodes multiple lighting modalities into a

joint latent space. We evaluate the sensitivity of our la-

tent embeddings to lighting direction and analyze our de-

sign choices through ablation studies.

Light direction. We rotate environment maps from our

test set horizontally from −180◦ to +180◦ in 30◦ incre-

ments and compute cosine similarity between transformed

and initial (i.e., 0◦) embeddings. Figure 4 shows that simi-

larity decreases with larger rotations, indicating our embed-

dings successfully capture directional lighting information.

SH reconstruction. We evaluate the light-encoding ca-

pabilities of our representation using our model’s SH-

prediction head. For a sample in our test dataset, we ob-

tain embeddings for all modalities and render environment

maps from the SH representations predicted from each em-

bedding. In Fig. 6 we compare these maps to a ground truth

rendered from the SH representation extracted directly from

the environment map in the dataset sample. We additionally

mark the location of the dominant light direction in each

map (given by the order-1 SH coefficients) with a red cross.

We observe close alignment between all modalities and the

ground truth, indicating that our embeddings accurately en-

code structural lighting information. Even though the text

description carries much less information than other modal-

ities, its SH representation exhibits good alignment.

Ablation study. We ablate our UNILIGHT encoders on

the number of embedding tokens (1, 4, 8, or 16), and

spherical harmonics degree supervision by comparing re-

trieval statistics in Tab. 1. The retrieval is performed on

our test set, containing 603 data points, across all modal-

ity pairs bidirectionally (e.g., environment map→ text and

text→ environment map), and averaged. We can see that in-

creasing the number of tokens offers small improvements in

retrieval accuracy at the cost of dimensionality/memory. We

chose 8 tokens, but different methods may prefer a tighter

or larger representation to satisfy memory or precision con-

straints. In which case, 1 or 16 token(s) may respectively

be preferred. We also show that spherical harmonics of de-

gree 3 (SH3) yield the greatest improvement in retrieval,

while removing the spherical harmonics direction supervi-

sion (NOSH) significantly degrades retrieval accuracy.

5.2. Retrieval

We evaluate our shared latent space through cross-modal

retrieval. Given a query embedding obtained from an in-

put lighting modality, we aim to retrieve other modalities

with similar lighting. We first extract embeddings from all

modalities in our test set, consisting of 603 entries. We then

compute pairwise cosine similarities between the query em-

bedding and all other embeddings.

Qualitative results of this retrieval task are shown in

Fig. 8. From the query in the leftmost column, we retrieve

the elements from another modality and show the top-3 and

bottom-3 matching illumination. We observe that the light-

ing direction and color are very similar across the top re-

trieved results, regardless of scene content, highlighting the

focus of our representation on lighting.

We report standard retrieval metrics in Fig. 5, includ-

ing Recall@K (R@K, whether the correct match appears

among the top K results), Mean Reciprocal Rank (MRR),

and the median ranks of the ground truth match. Evalua-

tion is performed bidirectionally for each modality pair. The

“Est. Env. map” modality corresponds to an environment

map estimated from the image using DiffusionLight-Turbo

[6]; as an estimation, it naturally yields lower similarity

scores. The recall rate for text is also lower than that of other

modalities, likely due to the inherent ambiguity of text de-
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Figure 6. We visualize the SH coefficients extracted by our SH head (see Fig. 3) from the UNILIGHT embeddings of the input modalities

(rows 1 and 3). We render the predicted SH to an environment map (rows 2 and 4) and visualize the dominant light direction as a red cross.

Note how both the reconstructed environment maps and the dominant light directions align across modalities as well as with the reference,

indicating that they indeed have similar latent embeddings.
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�indoor, warm yellow 

light on the walls and 

floor, from the left, ...� 
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X - RGB (SD 3.5)
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Figure 7. Image relighting pipeline using our X→RGB model.

scriptions. Despite these differences, similarity scores and

ranks across modalities indicate strong cross-modal align-

ment, effectively translating lighting concepts between en-

vironment maps, images, irradiance, and text. As shown in

Tab. 1, our lighting-specific embedding achieves markedly

higher performance than the 2B-parameter embedding ver-

sion of Qwen3-VL [33] on all retrieval tasks, and CLIP [50]

on image↔text retrieval across all configurations, demon-

strating its effectiveness for lighting-related tasks.

5.3. Environment­map generation

We fine-tune Stable Diffusion 3.5 Medium [15] to gen-

erate 360◦ LDR environment maps, repurposing its text-

Table 2. Metrics on the renders of HDR env. map estimations.

Method PSNR↑ RMSE↓ SI-RMSE↓ SSIM↑ MAE↓ LPIPS↓

DiffusionLight-Turbo 27.77 0.157 0.062 0.902 0.148 0.088

UniLight 28.85 0.133 0.060 0.915 0.124 0.079

conditioning branch to accept our lighting embedding. This

approach produces structurally coherent maps consistent

with diverse input modalities (Fig. 9). To achieve HDR, we

employ a separate multi-exposure reconstruction model. As

shown in Fig. 10 and Tab. 2, our renders significantly out-

perform DiffusionLight-Turbo [6, 47] in both visual quality

and quantitative metrics. A detailed pipeline diagram is in-

cluded in the supplementary.

5.4. Light control for image generation

To assess the utility of our representation for relighting, we

integrate it into the X→RGB framework [68] based on Sta-

ble Diffusion 3.5 Medium [15], fine-tuned in two stages.

First, a base X→RGB model is trained to generate renders

from intrinsics (depth, normal, albedo, and irradiance), us-

ing InteriorVerse [75], Hypersim [53], our own synthetic

data, and real images with estimated intrinsics. Second,

we repurpose the text-conditioning branch to accept our
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serene atmosphere.”

-0.589

“indoor, natural light

from large windows,

soft shadows, recessed

strip lights, warm

inviting tone.”

-0.513

“outdoor, bright sun

from the upper right,

warm golden hue,

direct illumination,

natural ambiance,

warm tones dominate.”

-0.512

Query Top 1 Top 2 Top 3 Worst 1 Worst 2 Worst 3

Figure 8. Top-three retrieval comparisons across different modalities in the rows. For example, the first row embeds an image and retrieves

environment maps, using the image’s UNILIGHT embedding as a query. Columns show the three best and worst matches. The inset values

are the cosine similarities between query and result embeddings.
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Input modality Reference Ours (seed 1) Ours (seed 2) DL-Turbo [6]

Figure 9. Environment-map generation using our UNILIGHT-

conditioned diffusion model with four control modalities, for two

different seeds. We compare to DiffusionLight-Turbo [6] which

supports only image conditioning.

Input image UniLight DiffusionLight-Turbo Ground truth

Figure 10. HDR environment-map estimations and their corre-

sponding renders.

UNILIGHT embeddings instead of prompts, fine-tuning on

our multi-modal dataset to reconstruct images from intrin-

sics with zeroed irradiance (Fig. 7). While alternatives like

Qwen3-VL [33] capture general semantics, they struggle

with precise lighting control, often leaving shadows and

highlights static during environment-map rotation (Fig. 12).

For outdoor scenes, we apply a sky masking model [62] to

ensure lighting coherence. Our approach significantly out-

performs baselines qualitatively (Fig. 11).



�The sun, positioned high in the sky, 
casts bright and direct light with a 
warm golden hue, illuminating the 

scene from above. No artificial lights 
are visible, contributing to the 

natural ambiance. The overall color 
of the scene is dominated by warm 

tones, reflecting the sunlight's 
influence on the landscape.�

Input image

Irradiance Image Env. map

LumiNet DiffusionRenderer X→RGB

Ours Ours Ours Ours

Input image LumiNet DiffusionRenderer X→RGB

Ours Ours Ours Ours

Input image LumiNet DiffusionRenderer X→RGB

Ours Ours Ours Ours

Input image LumiNet DiffusionRenderer X→RGB

Ours Ours Ours Ours

�The primary natural light source is 

the sun, positioned high in the sky to 

the right, casting bright and direct 

light with a warm golden hue. There 

are no visible artificial lights in the 

scene. The overall color of the scene 

is dominated by warm earth tones, 

accentuated by the sunlight.�

�A bright window on the right side of 
the scene provides natural light, casting 

a soft, warm glow into the room. A 
recessed strip light above the kitchen 
cabinets emits a bright, neutral white 
light, illuminating the countertop and 

cabinets below. The overall color of the 
scene is warm and inviting, with a 

balance of natural and artificial light 
creating a cozy atmosphere.�

�A recessed strip light positioned near 
the ceiling on the right side emits a 

bright, neutral white light, 
illuminating the hallway. Another 

recessed strip light further down the 
hallway also provides bright, neutral 

white light. The scene has a warm 
yellow overall color due to the 

combination of artificial lighting and 
wall colors.�

Irradiance Image Env. map

Irradiance Image Env. map Irradiance Image Env. map

Figure 11. Image relighting using our UNILIGHT-conditioned X→RGB model (see Fig. 7) with different lighting modalities. We apply

four lighting conditions on two images (rows) and compare against three baselines (columns): LumiNet [63] (image modality), Diffu-

sionRenderer [37] (environment map), and original X→RGB [68] (text). We also show irradiance-conditioned generation with our model;

comparing to original X→RGB [68] here is moot as that model requires the irradiance to be aligned with (the intrinsics of) the input image.
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Figure 12. Comparison on image relighting using Qwen3-VL and

our embeddings, with env. map rotated in 60
◦ intervals.

6. Discussion

Our work represents a step toward a unified representation

of lighting, demonstrating a shared latent space that bridges

different modalities. Despite this advance, some limitations

remain. First, although our current representation encodes

light direction effectively, it does not represent the light spa-

tial variation, which can be important for complex indoor

scenes. This could be improved by attempting to merge

more spatial modalities [40] for local control and our sup-

ported high-level representations (e.g., environment map,

text) for global control. More generally, including addi-

tional representations (e.g., shading-based [16]) to further

facilitate user interaction is an interesting avenue for future

work. Finally, aligning our embeddings to existing popular

encoders [66] may simplify the diffusion model fine-tuning

using our lighting embeddings or enable zero-shot use.

7. Conclusion

We presented UNILIGHT, a unified latent lighting repre-

sentation that operates across multiple modalities, including

text, images, environment maps, and irradiance. Our latent

space is learned through a contrastive framework grounded

with a spherical harmonics loss. We demonstrated the ac-

curacy of our representation through multi-modal light re-

trieval and showcased its effectiveness in downstream tasks

such as light generation and relighting. We believe our

contributions lay the groundwork for flexible physically

grounded control of generative models, opening new pos-

sibilities for lighting-aware synthesis and editing.
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[17] Marc-André Gardner, Kalyan Sunkavalli, Ersin Yumer, Xi-

aohui Shen, Emiliano Gambaretto, Christian Gagné, and
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[21] René Haas, Inbar Huberman-Spiegelglas, Rotem Mulayoff,

Stella Graßhof, Sami S Brandt, and Tomer Michaeli. Discov-

ering interpretable directions in the semantic latent space of

diffusion models. In Int. Conf. Aut. Face Gest. Recog., 2024.

2

[22] Kai He, Ruofan Liang, Jacob Munkberg, Jon Hasselgren,

Nandita Vijaykumar, Alexander Keller, Sanja Fidler, Igor

Gilitschenski, Zan Gojcic, and Zian Wang. UniRelight:

Learning joint decomposition and synthesis for video relight-

ing. arXiv preprint arXiv:2506.15673, 2025. 2

[23] Yannick Hold-Geoffroy, Akshaya Athawale, and Jean-

François Lalonde. Deep sky modeling for single image out-

door lighting estimation. In IEEE/CVF Conf. Comput. Vis.

Pattern Recog., 2019. 2, 3

[24] Berthold KP Horn. Shape from shading: A method for ob-

taining the shape of a smooth opaque object from one view.

1970. 2

[25] Andrew Hou, Zhixin Shu, Xuaner Zhang, He Zhang, Yan-

nick Hold-Geoffroy, Jae Shin Yoon, and Xiaoming Liu.

COMPOSE: Comprehensive portrait shadow editing. In Eur.

Conf. Comput. Vis., 2024. 2

[26] Haian Jin, Yuan Li, Fujun Luan, Yuanbo Xiangli, Sai Bi,

Kai Zhang, Zexiang Xu, Jin Sun, and Noah Snavely. Neural

gaffer: Relighting any object via diffusion. In Adv. Neural

Inform. Process. Syst., 2024. 2, 3

[27] Peter Kocsis, Julien Philip, Kalyan Sunkavalli, Matthias

Nießner, and Yannick Hold-Geoffroy. LightIt: Illumination

https://www.domeble.com/tag/hdri/
https://www.domeble.com/tag/hdri/


modeling and control for diffusion models. In IEEE/CVF

Conf. Comput. Vis. Pattern Recog., 2024. 2

[28] Jean-François Lalonde and Iain Matthews. Lighting estima-

tion in outdoor image collections. In Int. Conf. 3D Vis., 2014.

2

[29] Jean-François Lalonde, Alexei A Efros, and Srinivasa G

Narasimhan. Estimating the natural illumination conditions

from a single outdoor image. Int. J. Comput. Vis., 98(2):

123–145, 2012. 2

[30] Chloe LeGendre, Wan-Chun Ma, Graham Fyffe, John

Flynn, Laurent Charbonnel, Jay Busch, and Paul Debevec.

DeepLight: Learning illumination for unconstrained mobile

mixed reality. In IEEE/CVF Conf. Comput. Vis. Pattern

Recog., 2019. 2

[31] Hang Li, Chengzhi Shen, Philip Torr, Volker Tresp, and

Jindong Gu. Self-discovering interpretable diffusion la-

tent directions for responsible text-to-image generation. In

IEEE/CVF Conf. Comput. Vis. Pattern Recog., 2024. 2

[32] Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi.

Blip-2: Bootstrapping language-image pre-training with

frozen image encoders and large language models. In Int.

Conf. Learn. Represent., pages 19730–19742. PMLR, 2023.

4

[33] Mingxin Li, Yanzhao Zhang, Dingkun Long, Chen Keqin,

Sibo Song, Shuai Bai, Zhibo Yang, Pengjun Xie, An Yang,

Dayiheng Liu, Jingren Zhou, and Junyang Lin. Qwen3-

vl-embedding and qwen3-vl-reranker: A unified framework

for state-of-the-art multimodal retrieval and ranking. arXiv

preprint arXiv:2601.04720, 2026. 6, 7

[34] Zhengqin Li, Mohammad Shafiei, Ravi Ramamoorthi,

Kalyan Sunkavalli, and Manmohan Chandraker. Inverse ren-

dering for complex indoor scenes: Shape, spatially-varying

lighting and svbrdf from a single image. In IEEE/CVF Conf.

Comput. Vis. Pattern Recog., 2020. 1

[35] Zhong Li, Liangchen Song, Celong Liu, Junsong Yuan, and

Yi Xu. Neulf: Efficient novel view synthesis with neural 4d

light field. arXiv preprint arXiv:2105.07112, 2021. 1

[36] Zhengqin Li, Li Yu, Mikhail Okunev, Manmohan Chan-

draker, and Zhao Dong. Spatiotemporally consistent hdr in-

door lighting estimation. ACM Trans. Graph., 42(3):1–15,

2023. 2

[37] Ruofan Liang, Zan Gojcic, Huan Ling, Jacob Munkberg, Jon

Hasselgren, Zhi-Hao Lin, Jun Gao, Alexander Keller, Nan-

dita Vijaykumar, Sanja Fidler, and Zian Wang. Diffusion-

Renderer: Neural inverse and forward rendering with video

diffusion models. In IEEE/CVF Conf. Comput. Vis. Pattern

Recog., 2025. 1, 2, 3, 8

[38] Stephen Lombardi and Ko Nishino. Reflectance and illumi-

nation recovery in the wild. IEEE Trans. Pattern Anal. Mach.

Intell., 38(1):129–141, 2015. 2

[39] Linjie Lyu, Valentin Deschaintre, Yannick Hold-Geoffroy,

Miloš Hašan, Jae Shin Yoon, Thomas Leimküehler, Chris-
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