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Abstract. Universal photometric stereo (UniPS) aims to recover sur-
face normals from images captured under unconstrained illumination,
which fundamentally differs from calibrated photometric stereo (CPS),
where lighting conditions are known. This gap forces most existing UniPS
methods to adopt fully end-to-end learning that struggles to disentangle
illumination and surface geometry due to the lack of explicit physical con-
straints. In this paper, we propose Bridge-UniPS, a novel framework
that bridges CPS and UniPS through a lighting adapter trained without
direct intermediate supervision. The adapter transforms images captured
under unconstrained illumination into a sequence of image–illumination
pairs directly compatible with CPS models, allowing CPS to act as a
physics-aligned intermediate representation and thereby improving the
accuracy of surface normal recovery. The lighting adapter receives no
direct supervision on Bridge Images or target lighting directions, but
is optimized through the final normal-estimation objective with gra-
dients propagated through a frozen CPS network. It can still produce
CPS-compatible Bridge Images while preserving illumination-geometry
consistency. This behavior suggests that modern learning-based CPS
models provide useful physical priors to guide the reconstruction. Ex-
tensive experiments on multiple benchmarks demonstrate that Bridge-
UniPS achieves state-of-the-art performance under unconstrained illu-
mination, exhibiting strong generalization and significantly improving
fine-scale surface normal accuracy.

Keywords: Photometric Stereo, Normal Estimation, Deep Learning,
Intermediate Representation

1 Introduction

Photometric stereo (PS) estimates pixel-wise surface normals from images cap-
tured under varying illumination [23,43]. Traditional Calibrated PS (CPS) [8,20,
21] and Uncalibrated PS (UPS) [1,17,37,38] achieve high precision under ideal-
ized lighting models (e.g., directional illumination), but their reliance on strong
lighting assumptions limits real-world applicability. To address this limitation,
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Fig. 1: Overview of Bridge-UniPS. We transform unconstrained images into CPS-
compatible image-illumination pairs. The adapter leverages inherent physical priors
in pretrained CPS models to guide the illumination-consistent transformation.

Universal PS (UniPS) [18, 19] has emerged as a practical paradigm that aims
to recover high-fidelity normals directly from images captured under arbitrary,
unknown illumination. By removing controlled acquisition requirements, UniPS
enables scalable 3D capture in unconstrained environments.

Most existing UniPS methods [11, 28] adopt end-to-end learning formula-
tions that implicitly infer illumination while predicting surface normals. These
approaches typically rely on global illumination contexts or latent tokens to
guide normal estimation.

Despite promising benchmark results, such end-to-end designs exhibit two
inherent limitations. Firstly, the absence of explicit, physically grounded inter-
mediate representations forces illumination and geometry to be learned in a
highly coupled manner, making models sensitive to distribution shifts and
prone to geometric ambiguities in real-world scenarios. Secondly, representing
illumination through global statistical summaries often suppresses local pho-
tometric variations that are essential for recovering fine-scale geometry.

Motivated by the limitations of end-to-end paradigms, we propose Bridge-
UniPS, which introduces a lighting adapter to transform raw observations into
image–illumination pairs that are directly compatible with CPS models. This
establishes a physics-aligned intermediate representation, allowing the
adapter to be guided by the physical priors implicitly encoded in CPS networks
and thereby improving the accuracy of surface normal recovery, as illustrated in
Fig. 1.

To preserve high-frequency geometry, we design a Dynamic Neural Query
module. Unlike prior approaches that aggregate features globally, this module
uses predefined target light directions as queries to adaptively retrieve physically
informative fragments from raw observations. This selective retrieval mechanism
filters out redundant noise and forms a more robust feature representation.

Crucially, the adapter is optimized in a task-driven manner without direct
intermediate supervision. During training, the final normal-estimation objective
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is supervised by ground-truth normals, while no ground-truth Bridge Images or
intermediate illumination annotations are provided. The adapter is optimized
through gradients propagated through a frozen pre-trained CPS network, which
constrains the generated image–illumination pairs to remain compatible with
CPS inference. Despite the absence of direct supervision on intermediate repre-
sentations, the adapter learns to generate light-conditioned and CPS-compatible
Bridge Images that preserve image–illumination consistency, suggesting that
modern CPS models can provide useful priors to guide this transformation.

Our main contributions are summarized as follows:
– We propose a bridging paradigm for universal photometric stereo, which

maps unconstrained observations into a CPS-compatible intermediate repre-
sentation, allowing high-precision CPS models to be applied in unconstrained
settings.

– We introduce a Dynamic Neural Query module that selectively retrieves
informative features based on target light directions, enabling more robust
representations of both global and local information.

– We develop a task-driven lighting transformation framework through a frozen
CPS network, in which the lighting adapter is optimized without direct su-
pervision on intermediate Bridge Images or illumination annotations, en-
abling the learned Bridge Image–Illumination pairs to serve as CPS-compatible
intermediate representations.

2 Related Works

2.1 Calibrated Photometric Stereo

Calibrated photometric stereo (CPS) recovers surface normals from multiple
images captured under known illumination conditions, typically assuming direc-
tional or point light sources with calibrated parameters [43]. Early extensions
of Woodham’s paradigm addressed increasingly complex reflectance behaviors,
including non-Lambertian materials and specularities, through robust estima-
tion [44], reflectance modeling [20], and example-based priors [15]. These ap-
proaches [13, 40] explicitly enforce physical constraints at each surface point,
enabling accurate normal estimation in controlled environments.

With the emergence of deep learning [12,27], modern CPS methods [4,14,45]
further improve the performance on complex BRDFs [32,39,46] while still relying
on calibrated lighting, thereby preserving physical interpretability. The require-
ment for precise lighting calibration largely confines CPS methods to laboratory
settings, limiting their applicability in uncontrolled real-world scenarios.

2.2 Uncalibrated Photometric Stereo

To relax the reliance on calibrated lighting, uncalibrated photometric stereo
(UPS) [2, 7, 9] was introduced. While UPS methods extend CPS to more com-
plex illumination scenarios [3, 5, 10, 26, 30, 31], they remain limited under un-
constrained lighting, primarily due to the difficulty of accurately modeling arbi-
trary and intricate light interactions. In this sense, UPS serves as a transitional
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paradigm between the physically constrained CPS and the fully data-driven uni-
versal photometric stereo (UniPS), motivating methods that can generalize to
unknown illumination environments.

2.3 Universal Photometric Stereo

Universal photometric stereo (UniPS) aims to recover surface normals under ar-
bitrary and unknown illumination without predefined light models [18]. Early
encoder–decoder based approaches [18, 19] aggregate multi-illumination obser-
vations into global feature representations for normal prediction. More recent
transformer-based methods, such as LINO-UniPS [28], attempt to explicitly
model illumination by introducing light register tokens and interleaved atten-
tion mechanisms [6, 42] and achieve superior results.

Despite these advances, most UniPS methods lack explicit intermediate phys-
ical constraints, causing illumination and geometry cues to remain entangled in
the learned representations, which can limit robustness and generalization under
complex real-world lighting.

3 Method

3.1 Problem Definition and Overview

We consider the Universal Photometric Stereo (UniPS) problem, which
aims to recover a high-quality surface normal map N ∈ R3×H×W from a se-
quence of images I ∈ RN×3×H×W captured under unknown and unconstrained
illumination.

As illustrated in Fig. 2, our framework consists of two stages: a trainable task-
driven lighting transformation stage and a frozen calibrated photometric stereo
(CPS) stage.

In the first stage, a learnable lighting adapter converts the unconstrained
image sequence into a set of Bridge Image–Illumination pairs, which serve
as an explicit CPS-compatible intermediate representation. This transformation
is implemented by our Dynamic Neural Query module, which selectively
extracts and aggregates informative features from the input sequence conditioned
on target illumination directions, and decodes them into light-conditioned Bridge
Images paired with corresponding illumination vectors.

In the second stage, these Bridge Image–Illumination pairs are directly fed
into a frozen CPS network to reconstruct the target surface normals.

3.2 Task-driven Lighting Transformation Stage

Input: Image sequence I ∈ RNin×3×H×W .
Outputs: Bridge Images B ∈ RNout×3×H×W with corresponding illumi-

nation directions L ∈ RNout×3.
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This stage trains a lighting adapter without direct supervision on the out-
put Bridge Images or their paired illumination directions. Instead, it is op-
timized through the final normal-estimation objective, with gradients propa-
gated through a frozen downstream CPS network. This encourages the generated
Bridge Image–Illumination pairs to remain compatible with CPS inference.

Feature Extraction Given the input image sequence I, we extract convolu-
tional features using a ConvNeXt [33] backbone network, producing a feature
tensor F ∈ RNin×C×L. Based on these features, we further derive three types of
representations: Light Feat Fl ∈ RNlight×C×L, Pixel Feat Fp ∈ RNlight×C×L,
and a Global Conf G ∈ RNlight×Nin , where C = 1024 and L = HW/1024.
Light Feat. To bridge unconstrained capture with CPS, we define a fixed set
of Nlight target directions. Based on the observation that > 95% of lighting
directions in common PS datasets lie within the spherical cap (z > 0.6), we
perform Nlight uniform area-preserving sampling in this region. These directions
are mapped via an MLP into the channel space C to produce the Light Feat
Fl ∈ RNlight×C×L.
Other Features. To capture cross-image dependencies, we apply a self-attention
operation on F and average it along the Nin dimension. The resulting tensor
is expanded to size Nlight to form the Pixel Feat Fp ∈ RNlight×C×L, providing
sequence-level pixel information. Additionally, to assess image reliability, we map
the C and L dimensions of F to scalars using MLPs, generating a global quality
score per image. These scores are expanded into the Global Conf matrix G ∈
RNlight×Nin , reflecting the MLP-based assessment of each input image’s reliability
under different target illuminations.

Dynamic Neural Query Given illumination embeddings Fl ∈ RNlight×C and
image features F ∈ RNin×C×L, our goal is to retrieve, for each target illumina-
tion, the most relevant feature evidence from the unconstrained image sequence.

Light–Image Compatibility. We first estimate how compatible each input image
is with each target illumination. To this end, we derive a refined key representa-
tion K ∈ RNin×C×L from F via a channel-wise MLP and a spatial convolution,
which enhances pixel-level discriminability. We then compute its spatial mean
to obtain a global key K̄ ∈ RNin×C . Together with the illumination embedding
Fl, we compute a similarity matrix

S = FlK̄
⊤ + log(G), (1)

where G ∈ RNlight×Nin denotes the Global Conf matrix that encodes the overall
reliability of each input image. The score Sj,i reflects how suitable image i is for
explaining observations under illumination j.

Illumination-conditioned Retrieval. To retrieve pixel-level evidence, we perform
cross-attention conditioned on each target illumination. The illumination em-
bedding Fl is expanded along the spatial dimension to form the query tensor
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Fig. 2: Overview of the proposed Bridge-UniPS framework. (a) The two-stage pipeline
that bridges universal photometric stereo to calibrated photometric stereo via a task-
driven lighting adapter. (b) Detailed structure of the Dynamic Neural Query module
used in the lighting transformation stage.

Q ∈ RL×Nlight×C , while the refined key K and the original ConvNeXt features F
are reshaped into K,V ∈ RL×Nin×C and used as the key and value, respectively.
Cross-attention is then computed as T = Attn(Q,K,V), yielding illumination-
specific target features T ∈ RL×Nlight×C .

Score-guided Feature Selection. Not all input observations are consistent with
a given illumination. We therefore use the similarity scores S to filter unreli-
able features. For each illumination, we select candidates whose scores exceed a
threshold of 0.8 and then keep the top-ranked ones, subject to a minimum and
maximum number constraint to ensure stable downstream processing. This pro-
duces a binary selection mask that suppresses incompatible image contributions
and retains the most relevant feature evidence.

The filtered target features are finally passed to the decoder to generate the
corresponding bridge image–illumination pairs.

Decoder with Attention-guided Skip Connections The decoder mirrors
the ConvNeXt encoder in a symmetric fashion, where each downsampling stage
is inverted by an upsampling block composed of bilinear upsampling followed by
convolution.
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From the cross-attention module, we obtain illumination-conditioned atten-
tion weights A ∈ RL×Nout×Nin , which quantify, at each spatial location, how
strongly each input image contributes to a selected target illumination.

Since the values in attention are directly taken from ConvNeXt feature maps,
we can reuse them to construct illumination-aware skip connections. For each
decoder level s, the attention weights are resized to match the spatial resolution
Ls = HsWs of the corresponding skip features, yielding A(s) ∈ RB×Nout×Nin×Ls .
Let the skip features be F(s) ∈ RB×Nin×C×Ls . We aggregate them by

F
(s)
skip =

Nin∑
i=1

A
(s)
:,:,i,: ⊙ F

(s)
:,i,:,:, (2)

and feed the resulting B ×Nout × C × Ls features into the decoder.
This enables each bridge image to be reconstructed from multi-scale Con-

vNeXt features that are dynamically selected and spatially weighted according
to the target illumination.

3.3 Frozen Calibrated Photometric Stereo Stage

Input: Bridge Images B ∈ RNout×3×H×W with corresponding illumination
directions L ∈ RNout×3. Outputs: Surface Normal Maps N ∈ R3×H×W .
Let P denote a calibrated photometric stereo (CPS) network pretrained under
standard point-light conditions. In Bridge-UniPS, P serves as the final normal
estimator for the Universal PS task and is kept entirely frozen.

Given the predicted bridge images Ib together with their associated illumi-
nation directions Lb, the CPS module outputs surface normals

N = P(Ib,Lb) ∈ R3×H×W , (3)

which directly correspond to the target of photometric stereo.
The training objective is defined only on these normals:

L = γ1 Lcos(N,Ngt) + γ2 ∥N−Ngt∥1. (4)

No direct supervision is applied to the intermediate bridge images or illumination
estimates.

As a result, the lighting adaptation stage is optimized solely through gradi-
ents back-propagated from the frozen CPS module. This treats P not only as
the final reconstruction operator, but also as a physics-aligned constraint that
guides the learning of relighting and light–geometry decoupling.

4 Results

4.1 Experimental Setup

Training Details Our model is primarily trained on the training split of the
Uni-MS-PS dataset [11]. To preserve performance under classical point-light con-
ditions, we additionally include approximately 10,000 samples from PS-Sculpture
and PS-Blobby [4], accounting for about 10% of the total training set.
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Table 1: Quantitative (MAE ◦) on the DiLiGenT benchmark. The best results are
highlighted in bold. We achieve the best average error across all objects.

Method Task Ball Bear Buddha Cat Cow Goblet Harvest Pot1 Pot2 Reading Ave

LL22a [29]
Calibrated

2.4 3.6 8.0 4.9 4.7 6.7 14.9 6.0 5.0 8.8 6.5
JS22 [25] 2.9 5.5 7.1 4.7 6.0 7.5 12.3 6.0 6.4 9.9 6.8

CH19 [16]

Uncalibrated

2.8 6.9 9.0 8.1 8.5 11.9 17.4 8.1 7.5 14.9 9.5
KK21 [26] 3.8 6.0 13.1 7.9 10.9 11.9 25.5 8.8 10.2 18.2 11.6
LL22b [30] 1.2 3.8 9.3 4.7 5.5 7.1 14.6 6.7 6.5 10.5 7.1
JS23 [24] 2.2 5.6 6.7 4.3 6.1 6.8 12.0 5.5 6.4 9.7 6.6

IK22 [18]
Universal

4.9 9.1 19.4 13.0 11.6 24.2 25.2 10.8 9.9 18.8 14.7
IK23 [19] 1.5 3.6 7.5 5.4 4.5 8.5 10.2 4.7 4.1 8.2 5.8
LC25 [28] 1.8 2.6 6.2 3.4 4.3 5.2 8.6 4.1 4.6 6.7 4.7

Ours
Universal

2.0 2.5 5.2 3.0 3.2 6.2 6.5 4.7 4.0 5.2 4.3
Ours (K=16) 2.0 2.6 5.3 3.1 3.2 6.5 6.7 4.7 4.0 5.5 4.5
Ours (K=4) 2.1 4.1 7.2 4.6 5.1 8.8 9.1 6.5 5.4 7.6 6.0

The network is optimized using the AdamW optimizer [34] with an initial
learning rate of 1 × 10−5, together with a step decay schedule that multiplies
the rate by 0.8 every 20 epochs. The batch size is set to 12. For each batch,
the number of input images is randomly sampled from 6 to 24, which improves
robustness to varying numbers of observations. The model is trained for 140
epochs. All experiments are conducted on four NVIDIA A100 GPUs, and the
full training process takes approximately 9 days.

The training objective is defined on the surface normals predicted by the
frozen CPS network, using the loss specified in Eq. 4.

Key Hyperparameters For feature extraction, we use the ConvNeXt Base ar-
chitecture from torchvision.models.convnext.ConvNeXt [36], which produces
feature maps with 1024 channels. The decoder is constructed by mirroring this
backbone, where each convolutional block is replaced with an upsampling layer
followed by a convolution. The number of equiareal illumination samples is set
to Nlight = 64, uniformly distributed over the region of the unit sphere with
z > 0.6, as described earlier. We use the pretrained Norm-PSN [25] as the frozen
CPS network.

4.2 Constrained Illumination Benchmarks

DiLiGenT We first evaluate our method on the DiLiGenT [41] benchmark. This
benchmark contains 10 datasets, covering objects with diverse surface geometries
and reflectance properties. Each dataset provides 96 images of resolution 612×
512 in 16-bit HDR format, captured under known single directional lighting.

Among the competing methods, the selected calibrated and uncalibrated ap-
proaches are specifically designed for single directional lighting. The distinction
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GT
(From DiLiGenT)

Ours(K=16) LINO-UniPS(K=64) SDM-UniPS(K=64) Norm-PSN(K=64)
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MAE(↓) 5.2 6.2 7.5 7.1
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Fig. 3: Qualitative comparison on the DiLiGenT benchmark. Our method achieves
state-of-the-art performance while using only 16 input images, significantly outper-
forming existing methods that use the full set of 96 images.

between calibrated and uncalibrated methods is based solely on whether ground-
truth lighting directions are required as input, regardless of whether lighting-
related variables are explicitly or implicitly estimated during their internal pro-
cessing. Universal methods, in contrast, do not require lighting calibration and
are capable of handling images captured under unconstrained illumination.

To analyze the influence of the number of input images, we report results of
our method under varying input counts. All other methods are evaluated using
the full set of 96 images.

The quantitative results in terms of mean angular error are reported in Ta-
ble 1. As shown in Table 1, our method achieves state-of-the-art performance
both on average and across most datasets, outperforming all existing approaches.

Benefiting from the lighting adapter that remaps the input observations into
CPS-compatible representations, our method maintains state-of-the-art accuracy
even when using only 16 input images. Further reducing the number of input
images has only a limited impact on performance, demonstrating the robustness
of the proposed framework.

Qualitative comparisons are presented in Fig. 3, where our method uses only
16 input images. On two of the more challenging datasets in this benchmark
(Harvest and Buddha), existing methods often exhibit degraded reconstruction
quality in fine-scale details. In contrast, our approach reconstructs sharper and
more geometrically faithful normal maps with fewer input images, producing
results that are closer to the ground truth and highlighting the effectiveness of
the proposed bridging strategy.

Illumination Statistics Stabilization Analysis To further investigate the
mechanism behind the performance improvement, we analyze how the proposed
lighting adapter affects illumination contrast statistics in the DiLiGenT bench-
mark. For each image, we compute the standard deviation of masked intensity
(i.e., contrast) within the valid object region. We then summarize three dataset-
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Table 2: Cross-object illumination contrast statistics on DiLiGenT. More consistent
values in the same row indicate improved cross-object illumination stability.

Inputs Stat Ball Bear Buddha Cat Cow Goblet Harvest Pot1 Pot2 Reading

Original
MEAN 0.04 0.03 0.04 0.03 0.04 0.05 0.05 0.01 0.01 0.08
STD 0.02 0.02 0.02 0.01 0.02 0.02 0.03 0.01 0.01 0.03
MED 0.04 0.03 0.03 0.03 0.03 0.04 0.05 0.01 0.01 0.08

Bridge
MEAN 0.30 0.33 0.35 0.31 0.31 0.37 0.31 0.34 0.35 0.33
STD 0.03 0.02 0.02 0.02 0.02 0.03 0.02 0.02 0.02 0.03
MED 0.30 0.34 0.35 0.32 0.32 0.37 0.31 0.34 0.35 0.32

Original

Bridge

Original

Bridge

Input Normal Error Map GT

0°

60°

Fig. 4: Qualitative comparison between original DiLiGenT inputs and bridge images.
Our lighting adapter produces visually realistic images with stabilized illumination
statistics, leading to more detailed and accurate normal reconstruction.

level statistics for each object: the mean, standard deviation, and median across
all lighting conditions.

Table 2 reports the contrast statistics for all objects in DiLiGenT. The orig-
inal benchmark exhibits substantial cross-object variation due to diverse re-
flectance properties, particularly for highly specular objects such as Goblet. In
contrast, the bridge images generated by our lighting adapter demonstrate signif-
icantly more consistent contrast distributions across objects. This indicates that
the adapter implicitly stabilizes illumination statistics and reduces reflectance-
induced discrepancies.

To isolate this effect, we feed both the original inputs and the bridge images
into the same pretrained and frozen Norm-PSN model. The network architec-
ture and weights remain unchanged. As shown in Table 1, replacing the raw
inputs (JS22 [25]) with bridge images (ours) leads to clear improvements in nor-
mal estimation accuracy, confirming that the adapter enhances compatibility
with CPS rather than relying on architectural modifications. Qualitative com-
parisons are shown in Fig. 4. Objects such as Goblet (metallic, non-Lambertian)
and Pot2 (approximately Lambertian) exhibit drastically different contrast lev-
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Table 3: Quantitative (MAE ◦) comparison on the LUCES benchmark. Our method
achieves state-of-the-art performance on most of datasets and the overall average.

Method Ball Bell Bowl Buddha Bunny Cup Die Hippo House Jar Owl Queen Squirrel Tool Avg.

IK22 [18] 11.01 24.12 23.84 27.90 23.51 28.64 16.24 21.41 35.93 14.53 32.87 28.36 25.36 19.03 23.77

IK23 [19] 13.30 12.76 8.44 18.58 8.53 19.67 7.25 8.86 26.07 8.30 12.67 15.97 16.01 12.54 13.50

HQ24 [11] 10.20 10.52 6.98 12.83 9.60 13.68 6.19 8.33 25.29 6.30 11.47 12.45 11.36 11.79 11.21

LC25 [28] 10.16 8.78 6.96 12.67 6.09 8.15 6.16 5.99 22.91 6.24 9.58 9.84 10.25 8.25 9.43

Ours 9.25 4.78 3.97 12.06 6.91 4.92 4.38 4.90 16.08 3.83 6.92 8.68 7.43 5.36 7.11

els in the original benchmark. After adaptation, the illumination appears more
stable and point-light-like, resulting in more detailed and geometrically faithful
normal reconstructions.

4.3 Unconstrained Illumination Benchmarks

LUCES (Near-Field Lighting) Unlike controlled far-field illumination, which
is relatively stable and distance-invariant, near-field lighting exhibits strong
source–surface coupling effects, leading to highly sensitive and nonlinear inten-
sity variations. Such characteristics make near-field illumination a representative
and challenging case of unconstrained lighting.

We first evaluate our method on the LUCES [35] benchmark, which is cap-
tured under near-field lighting conditions. This benchmark contains 14 datasets,
each providing 52 large-scale images with a resolution of 2048×1536, along with
corresponding object masks and calibrated light source information.

Since near-field illumination violates the assumptions adopted by most CPS
and UPS methods, we compare only with existing universal methods. All meth-
ods are evaluated using as many input images as possible.

The quantitative results are reported in Table 3. As shown in the table, our
method achieves state-of-the-art performance on 13 out of 14 datasets as well as
on the overall average, outperforming all existing universal approaches. These
results demonstrate the effectiveness of the proposed pipeline in transforming
unconstrained observations into controllable image–illumination pairs, enabling
robust normal estimation under challenging lighting conditions.

The Bell and Cup datasets consist of metallic objects exhibiting strong non-
Lambertian reflectance. Compared to competing methods, our approach yields
significantly improved performance on these datasets, further highlighting the
robustness of the proposed bridging strategy in handling complex reflectance
behaviors.

Qualitative comparisons are presented in Fig. 5. We select the structurally
and texturally complex HOUSE and SQUIRREL datasets for visualization, to-
gether with their corresponding error maps. As shown in the figure, our method
reconstructs more detailed geometric structures and produces surface normals
that are closer to the ground truth, especially in fine-scale regions, demonstrating
its superior performance under near-field and highly unconstrained illumination.
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GT
(From LUCES) Ours LINO-UniPS Uni-MS-PS SDM-UniPS

MAE(↓)

16.1 22.9 25.3 26.0
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0°

90°

Fig. 5: Qualitative comparison on the LUCES benchmark. Our method produces more
geometric details and lower angular errors.

Ours LINO-UniPS Uni-MS-PS SDM-UniPSInput

Sweets
(From SDM-UniPS)

Plush
(Captured By Phone)

Fig. 6: Qualitative results on real-world scenes. Our method reconstructs detailed and
stable surface normals even under relatively weak lighting variation.

Evaluation on Real-World Scenes To further evaluate the generalization
ability of our method under real-world conditions, we conduct experiments on
two practical scenes: the Sweets scene provided by SDM-UniPS and a self-
captured Plush scene. Unlike benchmark datasets with calibrated setups, these
real scenes contain uncontrolled environmental light, highlighting practical ap-
plicability. Qualitative results are shown in Fig. 6.

The two scenes exhibit distinct illumination characteristics. The Sweets scene
is captured under relatively weak ambient light with strong directional illumina-
tion, whereas the Plush scene is intentionally recorded under stronger ambient



Bridge-UniPS 13

0°60°MAE

10.6

8.7

5.4

Input

Traditional CPS (Woodham)

UPS (Gr-PSN)

CPS (Norm-PSN)

CPS (Norm-PSN) w/o Dynamic Query 9.3

Fig. 7: Ablation study on downstream photometric stereo paradigms and lighting
adapter components.

lighting with comparatively weaker light source variation. This setting allows us
to assess robustness under reduced lighting contrast and less pronounced shading
cues.

As shown in Fig. 6, our method consistently reconstructs surface normals
with richer geometric details in both scenarios. Notably, in the Plush scene
where lighting variation is relatively subtle, our approach still produces sta-
ble and coherent normals even on approximately planar regions. These results
demonstrate the robustness of the proposed pipeline across diverse real-world
illumination conditions.

4.4 Ablation Study

Impact of Downstream Photometric Stereo Paradigms We study how
different downstream photometric stereo (PS) paradigms influence both the gen-
erated bridge images and the final normal estimation accuracy. Three paradigms
are considered: traditional CPS, learning-based UPS, and learning-based CPS.
Table 4 reports results using representative methods from each paradigm, in-
cluding Woodham (1980) [43], SCPS-NIR [30], GR-PSN [24], CNN-PS [16], and
Norm-PSN [25]. All models are trained under identical configurations.

As shown in Fig. 7, all paradigms generate bridge images approximating par-
allel illumination rather than the distant point-light setup used in acquisition,
consistent with the PS assumption. For visualization clarity, the figure displays
three representative methods (one per paradigm), while Table 4 provides quan-
titative results for all evaluated models.

Interestingly, traditional CPS produces darker bridge images with stronger
non-Lambertian artifacts, reflecting its strict Lambertian constraint that forces
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Table 4: Ablation study of downstream PS paradigms, lighting adapter components,
and additional control settings. MAE (in degrees, ↓) is reported.

Setting Paradigm / Variant DiLiGenT LUCES

Downstream PS Methods

Woodham (1980) [43] Traditional CPS 9.2 14.1
SCPS-NIR [30] Learning-based UPS 6.5 12.3
GR-PSN [24] Learning-based UPS 5.8 10.8
CNN-PS [16] Learning-based CPS 5.4 9.7
Norm-PSN [25] (Full model) Learning-based CPS 4.3 7.1

Module Design

w/o global conf Learning-based CPS 4.7 8.1
w/o pixel feat Learning-based CPS 4.8 7.9
w/o top-K selection Learning-based CPS 5.6 9.4
w/o dynamic query Learning-based CPS 6.3 12.5

Additional Control Ablations

w/o point-light data Training data 4.4 7.1
learnable latent tokens Target-light conditioning 4.7 8.4
unfrozen CPS CPS optimization 5.4 7.9
shuffled bridge pairing Image–light consistency 44.5 43.8

the adapter to approximate arbitrary materials with Lambertian-consistent rep-
resentations. In contrast, learning-based CPS and UPS produce bridge images
lying between Lambertian and non-Lambertian reflectance, likely due to normal-
ization layers [22] and training on mixed-material datasets that implicitly relax
reflectance assumptions.

Quantitative results in Table 4 show that the overall MAE trend correlates
with PS paradigms: learning-based methods significantly outperform traditional
CPS, and learning-based CPS consistently surpasses learning-based UPS, in-
dicating that calibrated supervision provides stronger structural guidance for
learning consistent image–illumination pairs.

Effect of Lighting Adapter Components We further analyze the contri-
bution of each component in the lighting adapter. For w/o global confidence
and w/o pixel features, the corresponding feature branches are removed from
the fusion pipeline by directly modifying the input channel dimensions of the
downstream MLP. For w/o top-K selection, all generated bridge images are used
without confidence-based filtering. Finally, w/o dynamic query disables the en-
tire dynamic querying mechanism, reducing it to a simple stack of attention
layers without adaptive selection or structured supervision.

Quantitative results in Table 4 show consistent performance degradation
when any component is removed. Among them, removing the dynamic query
causes the most significant drop on both benchmarks, highlighting its central
role in stabilizing image–illumination pair learning.

As illustrated in Fig. 7, when the dynamic query is disabled, the gener-
ated bridge images lose illumination stability and no longer exhibit the expected
parallel-light characteristics. The lighting becomes visually inconsistent and less
physically plausible, which leads to degraded normal reconstruction. This con-
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Fig. 8: Additional control ablations on shuffled bridge pairing and unfrozen CPS.

firms that the dynamic query is essential for enforcing structured illumination
adaptation and ensuring reliable supervision from the downstream PS model.

Additional Control Ablations We add several control ablations to exam-
ine whether the improvement can be explained by alternative factors such as
additional point-light training data, generic query-based routing, adapter–CPS
co-adaptation, or bridge-image generation alone. First, removing the additional
point-light data only causes a modest change, suggesting that the performance
gain is not mainly due to extra exposure to classical PS samples. Second, replac-
ing target-light directions with learnable latent tokens degrades the results, espe-
cially on LUCES, indicating that explicit target-light parameterization provides
useful inductive bias beyond generic latent routing. Third, unfreezing the CPS
backbone leads to worse performance, suggesting that keeping the CPS model
frozen helps prevent excessive adapter–CPS co-adaptation. Finally, shuffling the
Bridge Image–Illumination pairings causes catastrophic degradation, confirming
that the generated Bridge Images are not merely favorable surrogate images;
their consistency with the paired target lights is essential for CPS-compatible
inference, as shown in Fig. 8.

5 Conclusion

This paper presents Bridge-UniPS, a novel framework bridging unconstrained
capture and calibrated physical models via a task-driven lighting adapter. By
mapping complex observations into a physics-aligned intermediate space, it achieves
state-of-the-art performance across diverse benchmarks, maintaining high geo-
metric fidelity and robust generalization in unconstrained illumination.

Despite these improvements, weak photometric variation—such as scenes
dominated by ambient illumination with minimal active lighting—remains chal-
lenging. Future work will focus on improving the sensitivity of the lighting
adapter to subtle illumination cues, enabling more stable reconstruction under
minimal lighting diversity.
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