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Abstract. Polarimetric imaging enables advanced vision applications
such as normal estimation and de-reflection by capturing unique surface-
material interactions. However, existing applications (alternatively called
downstream tasks) rely on datasets constructed by naïvely regrouping
raw measurements from division-of-focal-plane sensors—where pixels of
the same polarization angle are extracted and aligned into sparse im-
ages without proper demosaicking. This reconstruction strategy results
in suboptimal, incomplete targets that limit downstream performance.
Moreover, current demosaicking methods are task-agnostic, optimizing
only for photometric fidelity rather than utility in downstream tasks.
Towards this end, we propose PolarAPP, the first framework to jointly
optimize demosaicking and its downstream tasks. PolarAPP introduces
a feature alignment mechanism that semantically aligns the representa-
tions of demosaicking and downstream networks via meta-learning, guid-
ing the reconstruction to be task-aware. It further employs an equivalent
imaging constraint for demosaicking training, enabling direct regression
to physically meaningful outputs without relying on rearranged data.
Finally, a task-refinement stage fine-tunes the task network using the
stable demosaicking front-end to further enhance accuracy. Extensive
experimental results demonstrate that PolarAPP outperforms existing
methods in both demosaicking quality and downstream performance.
Code is available here.

Keywords: Polarimetric vision · DoFP imaging · Task-aware learning

1 Introduction

Polarimetric imaging captures physical properties beyond RGB, such as surface
normal and subsurface scattering, enabling advanced vision tasks in target de-
tection [28], early cancer diagnosis [47] and other high-level tasks. However, off-
the-shelf polarization sensors (e.g., Sony IMX250MZR) output mosaic images,
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Fig. 1: (a) Comparison between two baselines and our joint PolarAPP, which di-
rectly performs polarization-based tasks from a single CPFA raw image. (b) The cur-
rent SOTA pipeline, SfPUEL [32], suffers from artifacts in the reconstructed normal
map due to noisy AoP estimation. (c) A naïve combination of the SOTA demosaicker
PIDSR [56] with SfPUEL still fails to improve normal estimation. (d) In contrast, our
PolarAPP yields sharper AoP and a more accurate normal map through customized
joint learning with equivalent imaging transformation (EIT) and feature alignment.

where each pixel records only one polarization angle, necessitating demosaicking
to reconstruct linear polarization images for downstream applications.

Despite the growing interest in polarization vision, existing algorithm designs
do not take division-of-focal-plane (DoFP) imaging into consideration. Existing
methods for Shape from Polarization (SfP) [1, 20, 32], De-reflection from Polar-
ization (DfP) [19, 31, 50] and other polarization-based tasks [57] are trained on
datasets constructed by naively rearranging DoFP measurements into four po-
larization channels. Concretely, a CPFA (color polarization filter array) sensor
produces a single raw mosaic (e.g., 2048×2448) that interleaves an RGGB Bayer
pattern with a 2× 2 DoFP micro-polarizer pattern. Prior pipelines typically (i)
regroup pixels within each 2 × 2 DoFP block into four polarization views {0◦,
45◦, 90◦, 135◦}, yielding a half-resolution tensor of size 1024 × 1224 × 4, and
then (ii) apply Bayer demosaicking each view to obtain color polarization im-
ages of size 1024 × 1224 × 3 × 4. While this simplification provides convenient
supervision, it bypasses polarization-aware demosaicking, leaving interpolation
artifacts and polarization-angle misalignment uncorrected; moreover, the 2 × 2
regrouping inevitably reduces spatial resolution. As shown in Fig. 1(b), noisy
AoP computed from the regrouped measurements can propagate to downstream
predictions (e.g., inaccurate normals), motivating an explicit demosaicking stage
that reconstructs physically consistent polarization cues for task learning.

Meanwhile, current deep learning-based demosaickers [14, 21, 36, 46, 56] are
primarily designed for image reconstruction, optimizing for pixel-level or per-
ceptual fidelity metrics such as LPIPS [53]. Although these objectives enhance
visual quality, they overlook the semantic requirements of downstream tasks.
Consequently, the demosaicked images may appear visually correct yet remain
not task-ready. Moreover, when demosaicker and task models are trained sep-
arately, the demosaicker receives no task-level feedback and thus cannot adapt
its reconstruction toward downstream utility. As shown in Fig. 1(c), the gap be-
tween fidelity-oriented demosaicking and SfP prevents further improvement in
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task performance, underscoring the need for a joint optimization paradigm that
makes polarization reconstruction both physically accurate and task-aware.

We argue that these performance gaps stem from two fundamental flaws: (i)
performing polarimetric task without essential demosaicking, and (ii) treating
demosaicking and downstream tasks as isolated processes. To this end, we pro-
pose PolarAPP, the first framework to jointly optimize demosaicking and its
downstream tasks. PolarAPP incorporates a feature alignment mechanism op-
timized via meta-learning, which aligns the feature spaces of the demosaicking
and task networks to produce task-adaptive demosaicking reconstructions and
accurate task results. Then, inspired by equivalent imaging theory [3–5], Po-
larAPP adopts an equivalent imaging transformation (EIT) prior that explicitly
enables the network to focus on learning the intrinsic reconstruction mapping,
rather than overfitting to dataset-specific artifacts. After joint optimization, we
further refine the downstream model with a dedicated fine-tuning stage, leverag-
ing the stable demosaicking front-end to further improve downstream accuracy
under high-quality inputs. PolarAPP enables end-to-end learning from mosaic
input to task-specific outputs by propagating task-level supervision throughout
the entire pipeline. As shown in Fig. 1(d), we validate the feasibility of jointly
optimizing SfP and demosaicking, and further extend this approach to other
tasks like DfP. Our contributions are summarized as follows:

– We introduce PolarAPP, the first framework that jointly optimizes recon-
struction and polarimetric applications, bridging low-level recovery with
downstream polarization-based analysis tasks.

– We design a feature alignment mechanism that semantically links demosaick-
ing and downstream task features through a customized meta-learning-based
pipeline, guiding the reconstruction with task-aware feedback.

– We employ an EIT prior that decouples demosaicking from low-quality data
artifacts, enabling physics-consistent and faithful polarization reconstruction
under the constrained task-specific datasets.

– Extensive experiments demonstrate that PolarAPP outperforms conventional
two-stage methods on demosaicking, SfP and DfP, validating the effective-
ness of our joint, task-aligned design.

2 Related Work

2.1 Polarization Image Demosaicking

Early polarization demosaicking methods rely on interpolation [24,26,27,33,49,
52] or optimization [9, 29, 30, 38, 48] with hand-crafted priors (e.g., edge preser-
vation, chrominance consistency), generally suffering from artifacts in complex
scenes. Recent deep learning approaches leverage CNNs [23, 36, 46], GANs [14],
or Transformers [21,56] to learn end-to-end mappings, achieving superior recon-
struction quality. However, these methods typically treat demosaicking as an
isolated task, and thus ignore its intrinsic coupling with downstream tasks (e.g.
SfP and DfP), limiting the overall performance.
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2.2 Polarimetric Applications in SfP and DfP

Polarimetric imaging supports a range of vision tasks such as SfP and DfP. SfP
exploits the Fresnel reflection effect, where the degree and angle of polarization
correlate with surface normals, enabling geometry recovery from a single po-
larized view. DfP utilizes the difference in polarization states between reflected
and transmitted components, particularly near the Brewster angle [10, 34], to
separate specular reflections from diffuse layers. Both tasks have evolved from
physics-based analytical formulations [6, 8, 10, 17, 25, 34, 35, 41, 44, 45] to deep-
learning approaches [1,7,13,15,16,19,20,22,31,32,42,50], which achieve improved
robustness and reconstruction quality. Despite this progress, most learning-based
approaches rely on polarization data constructed by rearranging DoFP sensor
pixels into separate channels, discarding high-frequency details and bypassing
the necessary demosaicking stage. This unrealistic preprocessing causes models
to overlook mosaic-induced artifacts, leading to degraded accuracy in normal es-
timation and reflection removal. These limitations motivate a unified framework
that couples polarization demosaicking with downstream polarimetric tasks,
forming the basis of our proposed PolarAPP.

2.3 Meta-Learning in Vision

Meta-learning develops algorithms to automatically fine-tune model parameters
for specific tasks, demonstrating strong adaptability across domains. MAML [11,
12,37] learns task-agnostic initialization parameters that enable fast adaptation
with limited data. Other approaches [39,43] focus on sample weighting, and they
use a small validation set to identify informative samples under noise. Concur-
rently, some methods [2,54] explore learning parametric loss functions to better
align training objectives with downstream tasks. However, no existing work ap-
plies meta-learning to polarimetric imaging, where sensor-level degradation crit-
ically impacts performance of downstream tasks. This gap motivates our joint
PolarAPP, which leverages meta-learning to bridge the gap between low-level
reconstruction and downstream shape and reflection estimation.

3 Proposed Method

3.1 Overview

The overall framework of PolarAPP is illustrated in Fig. 2. During inference
(Fig. 2(a)), the pipeline takes a single CPFA raw image R as input and outputs
a task prediction Y . We first apply Bayer demosaicking to obtain half-resolution
color polarization images I↓2, which are fed into our color polarization demo-
saicker D to reconstruct full-resolution polarization images I = {I0◦ , I45◦ , I90◦ ,
I135◦}. From I, we compute physically interpretable polarization features [55],
including Stokes components S (S0= I0◦+I45◦+I90◦+I135◦

2 , S1 = I0◦ − I90◦ ,

S2 = I45◦ − I135◦), DoLP =

√
S2

1+S2
2

S0
, AoP = 1

2atan2 (S2,S1), along with
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Fig. 2: The pipeline of PolarAPP. (a) Inference of PolarAPP. (b) Overview of the meta-
learning-based iteration for joint training. (c) Inner update for updating demosaicking
and task network under one gradient descent. (d) Outer update for updating the feature
transform modules. (e) Joint demosaicking and task learning.

normalized spatial coordinates. These cues are concatenated channel-wise and
fed into a task-specific network T to produce Y .

Although inference resembles a standard two-stage pipeline, the key obser-
vation behind PolarAPP is that demosaicking and downstream performance are
coupled. The task network T is driven by physically derived polarization cues
(DoLP/AoP), whose fidelity is directly determined by the demosaicked polariza-
tion images produced by D. Consequently, a task-agnostic demosaicker optimized
solely for reconstruction fidelity may preserve appearance yet distort subtle po-
larization structures that are critical to SfP/DfP, motivating joint learning to
make D explicitly task-aware. However, naïve end-to-end joint training with
demosaicking loss Ld and task loss Lt is prone to objective mismatch, where
reconstruction fidelity and task objectives may induce conflicting gradients and
the interaction between the two networks is mediated only through intermedi-
ate images. PolarAPP instead introduces feature alignment and meta-learns an
alignment metric via a bi-level optimization, so that the alignment objective is
updated only when it improves the end objectives measured by Ld and Lt. Im-
portantly, the alignment modules are used only during training and are discarded
at inference, introducing zero additional inference overhead.

3.2 Loss Function

Before detailing the meta-learning training strategy, we define the loss functions
used in the PolarAPP. These include standard reconstruction and task-specific
losses, as well as a feature alignment loss that enables task-aware optimization.
Demosaicking loss. D is trained to reconstruct full-resolution polarization im-
ages, from which the S, DoLP, and AoP are derived. To ensure high-fidelity
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reconstruction, we adopt a composite loss function Ld, which jointly constrains
I, S and DoLP through ℓ1 and gradient losses inspired by PIDSR [56]. AoP is
supervised with ℓ1 loss on wrapped angular differences to respect periodicity.
Task-Specific loss. T is trained with a task-specific loss Lt, designed according
to the downstream application. For SfP, we use cosine similarity and mean an-
gular error losses to supervise surface normal estimation. For DfP, we follow the
training protocol of PolarFree [50], incorporating pixel, VGG, total variation,
phase, and diffusion prior losses.
Feature Alignment loss. To connect demosaicking and downstream task for
mutual promotion, we introduce a feature alignment loss Lfa, which operates
through a meta-learned feature metric. Unlike Ld and Lt, which provide direct
supervision, Lfa encourages the demosaicking features to be task-ready and the
task features to be reconstruction-aware. Specifically, in the meta-training loop,
two feature transform modules (FT , Each FT consists of three CNN blocks)
extract features F dj and F tj (where j ∈ {1, 2, 3} indexes the feature hierarchy)
from the output of D and T for calculating Lfa. Lfa is defined as Lfa = 3 −∑3

j=1
⟨FT1(F dj),FT2(F tj)⟩

∥FT1(F dj)∥2
·∥FT2(F tj)∥2

, where the FT modules are meta-trained in the
outer loop to make Lfa a meaningful signal for joint optimization. The total loss
L is denoted as Ld + λtLt + λfaLfa, where λt and λfa balance the trade-off.

3.3 Meta-Learning-based Feature Alignment

As discussed in Sec. 3.1, naïve joint training of D and T with Ld+Lt can suffer
from objective mismatch and limited cross-network communication. We there-
fore introduce two FT modules {FT1, FT2} to align intermediate representations
and enable feature-level information exchange in a latent metric space. However,
learning a useful shared metric space is non-trivial: directly constraining the orig-
inal feature spaces provides weak or misleading gradients due to representation
discrepancy, and a fixed alignment loss can admit degenerate solutions (e.g., col-
lapsed projections that minimize Lfa without improving Ld and Lt). To address
this, we meta-learn the alignment metric via a bi-level scheme (Fig. 2(c-d)): the
inner update uses Lfa to obtain tentative parameters (D′, T ′), and the outer
update optimizes {FT1, FT2} only through the resulting decreases in Ld and Lt

on a meta-test split. This ties the alignment space to task and reconstruction
objectives, yielding a goal-directed Lfa that stabilizes joint learning of D and T .
Inner Update. Given the meta-train set {Iref

mtr,Y
gt
mtr}, we form the input to

D by applying the imaging operator A to the reference color polarization image
Iref
mtr, where A denotes CPFA down-sampling and Bayer interpolation. Here,

Iref denotes the color polarization image obtained by regrouping and Bayer
demosaicking into half resolution (relative to real-captured sensor resolution),
which serves as the supervision target of Ld in the meta-learning loop. In the
inner step, we use Lfa to perform a probe update that assesses the quality of the
current alignment metric. Specifically, both D and T take one gradient descent



PolarAPP 7

S0 S0

SfP DfP

Fig. 3: Grad-CAM visual comparison of Lt and Lfa on SfP and DfP. It can be seen
that Lfa yields more distributed, structure-aware responses for both D and T .

step guided by Lfa computed from the meta-features Fm
dj and Fm

tj :

θD′ = θD − βD′
∑3

j=1

∂Lfa(FT1(F
m
dj),FT2(F

m
tj))

∂θD
, (1)

θT ′ = θT − βT ′
∑3

j=1

∂Lfa(FT1(F
m
dj),FT2(F

m
tj))

∂θT
, (2)

where βD′&βT ′ are the inner-step learning rates and Iout
mtr the inner-step demo-

saicked output. The original parameters (θD, θT ) of (D, T ) remain unchanged,
and the temporary (D′, T ′) are created only to preserve the computational
graphs required for optimizing the {FT1, FT2} in the outer update.
Outer Update. Using the meta-test set {Iref

mts,Y
gt
mts}, we update FT param-

eters θn (n=1, 2) under supervision from the (Ld, Lt) computed with (D′, T ′):

θn ← θn − βn
∂Ld(D′(A(Iref

mts);θD′ ),I
ref
mts)

∂θn
− βn

∂Lt(T ′(Imts;θT ′ ),Y
gt
mts)

∂θn

= θn + βn · βD′
∂Ld(D′(A(Iref

mts);θD′ ),I
ref
mts)

∂θD′
· ∂2Lfa

∂θn∂θD

+ βn · βT ′
∂Lt(T ′(Imts;θT ′ ),Y

gt
mts)

∂θT ′
· ∂2Lfa

∂θn∂θT
,

(3)

where βn is the outer-step learning rate and Iout
mts is the outer-step demosaicked

output. Backpropagating through Eq. (1)–(2) yields second-order gradients that
adjust {FT1, FT2} so that an Lfa-induced inner update leads to lower Ld and
Lt on the meta-test split.

The bi-level optimization makes Lfa goal-directed: the alignment metric is
updated only when it improves the end objectives measured by Ld and Lt. This
prevents degenerate alignment and yields an alignment signal that can be reused
in the subsequent joint learning stage. In addition, we visualize gradient-based
attribution for D and T under Lt and Lfa in Fig. 3. For SfP, Lfa emphasizes low-
intensity regions in S0, complementing task supervision. For DfP, Lfa highlights
object in strong reflection regions on D compared to Lt; correspondingly, Lt

drives T ’s gradients on dominant reflection regions, whereas Lfa distributes
them to broader structural areas, encouraging structure-preserving predictions.
Overall, the visualization indicates that the meta-learned alignment provides
complementary training-time regularization with zero inference overhead.

3.4 Joint Learning

Using the meta-learned alignment metric, we perform joint learning of the D
and T , as illustrated in Fig. 2(e). Concretely, we adopt an epoch-wise alternat-
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Fig. 4: Learning demosaicking based on equivalent imaging transformation prior.

ing schedule: within each epoch, we first update {FT1, FT2} via the bi-level in-
ner/outer steps, and then freeze {FT1, FT2} and update D and T using standard
end-to-end backpropagation. This design ensures that meta-learning is respon-
sible only for learning the alignment metric, while joint learning performs the
actual task-aware optimization of D and T .

During joint learning, we compute Lfa on the current feature hierarchies
{F dj} and {F tj} extracted from D and T (with j ∈ {1, 2, 3}), and backpropagate
it jointly with Ld and Lt. The update of D is:

θD ← θD − βD(
∂Ld(I,I

ref )+λt∂Lt(Y ,Y gt)+λfa

∑3
j=1 ∂Lfa(FT1(F dj),FT2(F tj))

∂θD
), (4)

and the T is updated as:

θT ← θT − βT (
λt∂Lt(Y ,Y gt)+λfa

∑3
j=1 ∂Lfa(FT1(F dj),FT2(F tj))

∂θT
). (5)

Here, gradients of Lfa flow through the fixed transforms {FT1, FT2} into both
networks, enabling feature-level communication while keeping inference unchanged
(the transforms are used only for training). Overall, this stage uses the meta-
learned alignment objective to bias demosaicking toward task-relevant structures
and to provide the task network with reconstruction-aware context, so that im-
provements in D translate more directly into downstream performance.

3.5 Learning Demosaicking via EIT prior

Standard demosaicking datasets lack corresponding task GT, while polarization-
task datasets (e.g., SfP or DfP) contain four polarization angles but often suffer
from low image quality due to extraction from single-frame CPFA captures. Al-
though we introduce A to construct paired data on task-specific datasets for
training, its inherent low quality prevent reconstructions from high performance
when D is only supervised by Ld. To overcome this limitation, we first introduce
the EIT prior for demosaicking, a self-supervised constraint that incorporates
the imaging process. Since imaging operator is fully known and deterministic,
EIT enables learning imaging-aware representation from limited observation by
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Fig. 5: Overview of the task-refinement stage for SfP and DfP. D remains fixed while
T is optimized with clean polarization inputs to enhance task accuracy.

leveraging transformation consistency, thereby overcoming the performance bot-
tleneck of supervised learning on constrained task-specific datasets.

The training of demosaicking is shown in Fig. 4, where D is a Restormer-
inspired UNet [40, 51], and G denotes a set of geometric transformations Tg. In
practice, Tg includes one random non-zero integer translation, one 10◦ rotation,
and one horizontal flip, all applied to the reconstructed full-resolution polariza-
tion image before re-sampling by A. The equivariant demosaicking hypothesis
asserts that, for any Tg ∈ G:

D(A(TgI
ref )) = TgD(A(Iref )). (6)

This means that applying a geometric transformation in the reference polarization-
image domain and then demosaicking should be consistent with demosaicking
first and then transforming the reconstruction. This equivariance constraint pro-
vides a self-consistency condition that can be enforced without additional labeled
data. Specifically, given a reference polarization image Iref , we first obtain its
reconstruction:

Irec = D(A(Iref )). (7)

We then apply Tg in the reconstructed polarization-image domain and re-sample
it using the fixed imaging operator A to synthesize a valid CPFA-consistent
observation. The EIT loss is defined as:

Leit = EIref ,g

[
Ld

(
D(A(TgI

rec)), TgD(A(Iref ))
)]

. (8)

In this way, transformations are applied before re-sampling by A, so the CPFA
or Bayer sampling layout remains valid and the generated inputs are still consis-
tent with the known imaging process. Leit regularizes D to produce consistent
polarization reconstructions under different transformed observations. The de-
mosaicking objective becomes Ld ← Ld + Leit.
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Algorithm 1: PolarAPP Training Procedure
Input: Training set {(Iref ,Y gt)}
Output: Learned parameters θD, θT , θ1, θ2

1 Initialize θD, θT , θ1, θ2;
2 while PolarAPP training do
3 // Meta-learning of the feature alignment metric;
4 while feature-alignment meta-learning do
5 Sample (Iref

mtr,Y
gt
mtr);

6 Obtain (Fm
d ,Fm

t ) and update θD′ , θT ′ by Eq. (1)–Eq. (2);
7 Sample (Iref

mts,Y
gt
mts);

8 Obtain (Imts,Y mts) and update θ1, θ2 by Eq. (3);

9 // Joint learning of demosaicking and downstream task ;
10 while joint demosaicking-task learning do
11 Sample (Iref ,Y gt);
12 Obtain (I,Y ,F d,F t) and update θD, θT by Eq. (4)–Eq. (5);

13 // Task-network refinement with frozen demosaicker ;
14 while task-network refinement do
15 Sample (Iref ,Y gt) without applying A;
16 Obtain (I↑2,Y ↑2,F ↑2

d ,F ↑2
t );

17 Obtain (I↑2
ref ,Y

↑2
gt ) and update θT by Eq. (5);

3.6 Task Refinement and Training

Task Refinement: As mentioned earlier, joint training begins by generating
low-quality inputs paired with reference images through A. Although D performs
well with the aid of the EIT prior, the compression introduced by A limits D’s
output quality during training, thereby hindering the improvement of T . There-
fore, we perform a refinement stage after the joint learning, where A is removed
to fully unleash D’s restoration capability. Notably, D is frozen in this stage, and
T is optimized using Lt and Lfa, as shown in Fig. 5. Removing A increases the
task output resolution, thus requiring upsampling of the corresponding task GT
for supervision. Specially, we use bilinear interpolation to upsample the SfP nor-
mals GT purely for scale alignment. The 2× reflection-free supervision for DfP is
obtained by applying the frozen D to generate full-resolution pseudo references
(used only for supervision, without updating D). This refinement brings two ben-
efits: (i) D processes full-resolution inputs, yielding higher-quality demosaicking
images for downstream training; and (ii) aligns training with inference condi-
tions, reducing the resolution gap. Overall, it consolidates joint optimization and
improves task accuracy under realistic inputs.
Training: The complete training procedure is summarized in Alg. 1. Each epoch
alternates among (i) meta-learning (inner/outer updates to refine FT1, FT2),
(ii) joint learning (updating D, T using Ld, Lt, Lfa), and (iii) task refinement.
For the SfP task, T adopts an architecture similar to D; for DfP, we integrate
the PolarFree framework to provide a diffusion prior.
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Table 1: Metrics comparisons on
demosaicking.

Methods DCPM PIDSR Ours
S0

PSNR(dB) 42.98 43.07 43.12
SSIM 0.976 0.973 0.982

DoLP
PSNR(dB) 37.92 37.86 38.10
SSIM 0.918 0.925 0.928

AoP
MAE(◦) 6.456 5.587 5.444

D
C
P
M

P
ID
S
R

O
ur
s

G
T

C
P
FA

AoPDoLPS0

Fig. 6: Visual comparison in demosaicking.

4 Experiment

4.1 Experimental Setting

In training, the number of epochs L and the meta-learning iterations M are
set to 100 and 200, respectively. The joint learning iterations N depends on
the training set size. The batch size is fixed to 2, and all models in different
training stages are optimized using Adam with a learning rate of 5× 10−5. The
hyperparameters λt are set 20 for balanced scaling, while λfa is chosen based on
ablation study. All experiments are conducted on servers equipped with NVIDIA
RTX 4090 GPUs.
Dataset Preparation. PolarAPP is evaluated on polarization tasks including
SfP and DfP. For SfP, we use the SfPUEL dataset [32], where 19,800 of 20,000
image groups are used for training and the remainder, together with several
real-captured scenes, are used for testing. For DfP, 6,312 of 6,500 image groups
from the PolarRGB dataset [50] are used for training and the rest for testing.
In addition, the Qiu dataset [38] and several DoFP raw images are included as
supplementary benchmarks for evaluating polarization demosaicking quality.
Comparison methods. For demosaicking evaluation, we compare PolarAPP
with SOTA methods DCPM [21] and PIDSR [56], and they are re-trained on
the same dataset as PolarAPP’s. The S0 and DoLP are evaluated using PSNR
and SSIM, while the AoP is measured by Mean Angular Error (MAE). For
SfP comparison, SfPW [20] and SfPUEL [32] are applied either to demosaicked
images or to direct inputs, forming 4× 3 result combinations. Since SfP primar-
ily concerns normal-direction accuracy rather than image-level appearance, the
predicted normal maps are evaluated by angular-accuracy thresholds (11.25◦,
22.5◦, 30.0◦) and angle error metrics (mean, median, RMSE). For DfP compari-
son, PolarFree [50] is paired with different upstream modules, producing another
4× 2 set of results. Because DfP jointly requires effective reflection removal and
detail preservation, the de-reflected outputs are assessed using PSNR, SSIM,
LPIPS [53] and MUSIQ [18] metrics.
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Table 2: Quantitative task comparisons. PIDSR+ denotes retraining the correspond-
ing task networks, SfPUEL for SfP and PolarFree for DfP, on outputs from a fixed
PIDSR demosaicker.

SfP Accuracy ↑ (%) Error ↓ (◦) DfP w Ref. w/o Ref.

11.25◦ 22.5◦ 30◦ Mean Med. RMSE PSNR↑ SSIM↑ LPIPS↓ MUSIQ↑
SfPUEL 70.11 91.15 95.02 10.58 7.59 15.30 PolarFree 22.44 0.868 0.132 60.31
PIDSR+ 78.12 90.73 95.55 6.78 4.88 11.45 PIDSR+ 22.41 0.859 0.124 60.79

Ours 92.37 97.45 98.48 3.57 2.71 8.64 Ours 22.90 0.871 0.129 61.29

30.00°Accuracy ↑22.50°Accuracy ↑11.25°Accuracy ↑

MAE ↓ Md Angle Error ↓ RMSE ↓

92.37% 97.45% 98.48%

3.57 2. 71
8. 64

PSNR ↑ SSIM ↑

MUSIQ ↑

22.90

0.87

0.13

61.29

LPIPS ↓

Fig. 7: Combination landscape in SfP (left) and DfP (right). Each column denotes
combination of one demosaicker and one task method, serving as a practical reference
for module compatibility. Complete PolarAPP shows the best metrics on both tasks.

4.2 Demosaicking Comparison

The quantitative results on the Qiu dataset are summarized in Tab. 1. PolarAPP
delivers demosaicking performance that is competitive with SOTA methods while
maintaining the stability required for downstream tasks–a balance that purely
fidelity-driven demosaickers do not achieve. Visual comparisons on both Qiu
and real-world raw data (Fig. 6) show that PolarAPP preserves edge structure
and polarization patterns more reliably than DCPM and PIDSR, which often
produce blurred or unstable DoLP/AoP maps. In real scenes, PolarAPP recon-
structs polarization cues that remain visually coherent and physically plausible,
highlighting its stronger generalization under unconstrained conditions. Addi-
tional qualitative results are provided in the supplementary material (SM).

4.3 Task Comparison

Our task comparisons include two settings. First, in simulation, we retain the
imaging operator A to ensure compatibility with task labels from mosaic rear-
ranged datasets. Second, in real-world experiments, we remove A to match the
inference setup with practical deployment conditions.

The quantitative results are shown in Tab. 2, with the broader combination
landscape in Fig. 7. In Tab. 2, PIDSR+ denotes the two-stage baseline where
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Fig. 8: Visual results in SfP (top) and DfP (bottom). Top: Our complete PolarAPP
avoids artifacts in synthetic image (left) and ensure the normal consistency in real scene
(right). Bottom: Our complete PolarAPP better removes reflection while retaining
necessary details in reflective area. (Zooming in for better comparison)

the corresponding task network is retrained on outputs from a fixed PIDSR
demosaicker, i.e., SfPUEL for SfP and PolarFree for DfP. PolarAPP achieves
the best performance on all SfP metrics and the main DfP metrics, showing that
the gain is not merely from using a stronger demosaicker or adapting the task
network to PIDSR outputs. Fig. 7 further evaluates different demosaicker-task
pairings as practical two-stage references. The results show that both modules
of PolarAPP are individually effective: D provides task-effective polarization
cues, and T remains robust to different upstream inputs. However, the best
performance is achieved when both modules are trained together, confirming
the benefit of task-aware coupling.

Qualitative comparisons in Fig. 8 support these findings. In SfP scenes, alter-
native combinations produce distorted normals and inconsistent textures, while
PolarAPP recovers correct orientations, sharper edges, and fewer shading arti-
facts. In DfP, PolarFree with other demosaickers suppresses reflections, and T
paired with other demosaickers retains details, but only full PolarAPP removes
reflections cleanly without losing fine structure. Real DoFP imaging results with-
out A are shown in Fig. 9. For direct task baselines such as SfPUEL and Polar-
Free, their predictions are bilinearly upsampled only for resolution alignment; in
the PIDSR–SfPUEL and the PIDSR–PolarFree baseline, A is removed for con-
sistency with the real setting. PolarAPP closely matches the GT on both SfP
and DfP, whereas the other pipelines exhibit artifacts and texture degradation.
Additional results are provided in the SM.
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CPFA+SfPUEL PIDSR+SfPUEL Ours GT ↑2RGB Refer.

CPFA+PolarFree PIDSR+PolarFree Ours GT ↑2RGB Reflec.

Fig. 9: Visual comparisons follow real
DoFP imaging (without A).

Ablation study on λfa of SfP Ablation study on λfa of DfP

Fig. 10: Ablation studies of λfa on SfP
(left) and DfP (right).

Table 3: Quantitative results on ablation study.

Metrics DoLP↑ AoP↓ Normal Accuracy (%)↑ Normal Error (◦)↓ De-reflection↑
PSNR SSIM MAE 11.25◦ 22.5◦ 30◦ MAE MdAE RMSE PSNR SSIM

w/o D in training / / / 78.14 91.11 95.97 6.01 5.61 13.40 22.26 0.851
Task-agnostic D 38.13 0.927 5.502 76.91 89.10 94.55 5.87 5.43 12.98 22.40 0.846

w/o Leit 36.75 0.885 8.011 86.12 92.43 95.75 5.73 4.96 12.57 22.46 0.869
Naïve Joint 38.43 0.924 5.658 82.44 94.62 97.43 6.09 4.43 11.86 22.37 0.858

w/o Refinement 38.05 0.920 5.789 89.01 93.55 96.33 4.68 4.50 10.13 22.59 0.869
Ours 38.10 0.928 5.444 92.37 97.45 98.48 3.57 2.71 8.64 22.90 0.871

4.4 Ablation study

To evaluate the contribution of each component in PolarAPP, we conduct ab-
lation studies on demosaicking and downstream tasks (SfP and DfP) under a
unified setting that retains the imaging operator A during joint learning. Re-
sults are summarized in Tab. 3.
w/o D in training. We remove the demosaicker and train the task network
directly on CPFA-processed inputs, which matches the task-only pipeline used
by SfPUEL in our comparisons. This variant leads to significant performance
drop on both SfP and DfP, indicating that a task network alone cannot reliably
compensate for the lack of explicit polarization demosaicking.
Task-agnostic D. We further include a two-stage baseline where D is trained
alone with Ld (including Leit) and then frozen while T is trained with Lt only.
Compared with PolarAPP, this task-agnostic pipeline remains inferior, indicat-
ing that a fidelity-oriented D can be suboptimal for downstream utility even
when T is trained on its fixed outputs. This supports the need for task-aware
coupling between demosaicking and downstream prediction.
w/o Leit. Removing the equivariant imaging transformation loss Leit signifi-
cantly reduces DoLP/AoP reconstruction quality and in turn harms downstream
accuracy, confirming that Leit provides effective self-supervision for stable po-
larization demosaicking under limited paired data.
Naïve joint training (w/o meta-learned alignment). We ablate the pro-
posed meta-learning-based feature alignment by disabling it and performing
standard end-to-end joint optimization of D and T using only Ld+Lt. This
naïve baseline is consistently inferior to PolarAPP, demonstrating the value of
goal-directed feature alignment.
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Effect of λfa. We sweep the alignment weight λfa in Fig. S2. Performance
peaks at λfa = 100 for SfP and λfa = 10 for DfP (for radar visualization,
angular-accuracy thresholds are converted to angular-error thresholds so that
lower is better). The different optima reflect task-dependent sensitivity: SfP
benefits more from strong global geometric consistency, whereas DfP is more
sensitive to fine appearance details, and overly strong alignment can interfere
with task-specific objectives. In both cases, too small λfa weakens coupling,
while too large λfa over-regularizes optimization.
w/o refinement. Finally, the benefits of refinement are also reflected in im-
proved metrics, indicating that this stage further unlocks the potential of the
joint model. More discussion is provided in the SM, and we additionally evaluate
a non-regression downstream task (material detection) in the SM.

5 Conclusion

In this work, we introduce PolarAPP, the first framework to jointly optimize po-
larization demosaicking and downstream tasks through task-specific joint learn-
ing. The proposed feature alignment mechanism, optimized through meta-learning,
effectively bridges the objectives of the demosaicking and task networks and sta-
bilizes their joint training. The demosaicking network is also guided by the equiv-
alent imaging constraint, enabling effective regression learning without relying
on low-quality datasets. Both innovations lead to superior performance in demo-
saicking and downstream tasks, including normal estimation and de-reflection.
Experimental results demonstrate that PolarAPP outperforms existing methods,
providing a flexible and robust solution for polarimetric imaging.
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A Theoretical Analysis of FT Update

To better understand the learning behavior of the feature-alignment module, we
analyze the optimization of FT1, FT2. During the outer update, their parameters
θn (n ∈ 1, 2) are optimized using losses computed on the meta-testing set, while
the resulting gradients must account for how the demosaicking network D and
task network T responded to the meta-training set in the inner update. This
results in a bi-level gradient consisting of two terms, one from each network.
Gradient through Demosaicking Loss. Let Lmts

d = Ld(D′(A(Iref
mts)), I

ref
mts)

denote the demosaicking loss computed using the demosaicker D′. The FT pa-
rameters appear in this loss indirectly because: (i) θn affects Lfa in the inner
update, (ii) Lfa affects the update of θD′ and (iii) θD′ affects the demosaicking
loss on meta-testing. This produces the following gradient pathway:

∂Lmts
d

∂θn
=

∂Lmts
d

∂θD′
· ∂θD′

∂θn
. (S1)

Using inner-update rule θD′ = θD − βD′
∂Lmtr

fa

∂θD
, we obtain:

∂θD′
∂θn

= −βD′
∂2Lmtr

fa

∂θn∂θD
. (S2)

Substituting into Eq. (S1) yields the demosaicking-related contribution:

−βn
∂Lmts

d

∂θn
= βnβD′

∂Lmts
d

∂θD′
· ∂

2Lmtr
fa

∂θn∂θD
. (S3)

Gradient through Task Loss. Similarly, defining the task loss on the meta-
testing set as Lmts

t = Lt(T ′(Imts),Y
gt
mts). Since θn influences θT ′ through the

inner-update loss Lfa, this gives:

∂Lmts
t

∂θn
=

∂Lmts
t

∂θT ′
· ∂θT ′

∂θn
. (S4)

With inner-update rule θT ′ = θT − βT ′
∂Lmtr

fa

∂θT
, we obtain:

∂θT ′
∂θn

= −βT ′
∂2Lmtr

fa

∂θn∂θT
, (S5)

and thus yielding the task-loss contribution:

−βn
∂Lmts

t

∂θn
= βnβT ′

∂Lmts
t

∂θT ′
· ∂

2Lmtr
fa

∂θn∂θT
. (S6)

Summing both pathways yields exactly the update rule in Eq. (3) (main text).
This decomposition makes the learning roles clear: (i) the meta-testing losses Ld

and Lt determine the update direction for the FT modules, and (ii) the meta-
training loss Lfa controls how strongly the FT modules influence the adaptations
of D and T through second-order gradients. Together, these interactions enable
the FT modules to learn alignment behaviors that improve joint optimization
stability and downstream task performance.
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Intuitively, the FT modules observe how changes in feature alignment, in-
duced by Lfa on the meta-train set, modify the behavior of D and T , and are
then updated according to how well these adapted networks perform on the
meta-test set. In this way, the FT modules gradually learn alignment strategies
that make the demosaicking and task networks more compatible within the joint
training framework.

B Additional Implementation Details

Resolution clarification of PolarAPP. Fig. S1 summarizes the resolution
flow and data availability in PolarAPP. A DoFP CPFA sensor captures a raw
mosaic at 2h× 2w, whereas the corresponding full-resolution color polarization
images (2h× 2w× 3× 4) are unknown in current public datasets. Instead, avail-
able “reference” polarization images are typically obtained by DoFP regrouping
followed by Bayer demosaicking, and are provided at a unified spatial resolution
of h×w (h×w×3×4); the downstream task labels are also defined at h×w×3
of both SfP and DfP.

To construct paired supervision from task datasets, we introduce a determin-
istic imaging degradation operator A to synthesize DoFP-consistent low quality
inputs from the reference images, thereby forming supervised pairs for training
D. Built on this paired construction, we further impose the EIT prior to en-
force transformation-consistent demosaicking, which helps the model learn the
underlying demosaicking process rather than overfitting dataset-specific statis-
tics. In the refinement and inference stages, we remove A and feed the reference
images directly; notably, D is frozen during refinement to bridge the train–test
resolution gap. Inference ultimately produces full-resolution task outputs.
Training time. Different downstream tasks are trained separately due to their
distinct objectives and training strategies. All experiments are conducted on 4
NVIDIA RTX 4090 GPUs with batch size 2 per GPU (global batch size 8) and
input resolution 256× 256. In each epoch, the meta-learning stage performs 200
fixed inner–outer cycles (∼ 5 min), followed by joint learning and refinement
over the full training set. One full training run requires roughly six/three days
for SfP/DfP.
Efficiency. We compares PolarAPP with other methods in terms of parameter
count, FLoPs and runtime, and all the methods are evaluated on an NVIDIA
RTX 4090 GPU. All demosaickers take inputs of size 512 × 512, while the task
models operate on 1024×1024 inputs with a batch size of 1 throughout. For run-
time evaluation, we perform 100 inference runs and report the average latency
of the last 99 iterations to exclude the warm-up overhead of the first run. As
shown in Tab. S1, our demosaicker D achieves lightweight design—significantly
reducing parameters, FLoPs, and latency compared to existing methods. In the
SfP task, our task model T incurs only marginally higher computational cost
than the underperforming SfPW baseline, yet uses fewer parameters. Thanks
to the meta-learning-based training framework, PolarAPP maintains remark-
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Fig. S1: Resolution clarification of PolarAPP.

Table S1: Model efficiency comparison. (Our T and PolarFree share the same network
architecture in DfP, resulting in identical computational complexity).

Metrics Params (M) GFLoPs Runtime (s)

Dem
DCPM 573.75 17936.02 0.5688
PIDSR 7.45 230.92 0.1361

Ours (D) 4.40 117.83 0.0921

SfP
SfPW 42.48 187.33 0.1036

SfPUEL 138.33 5303.67 2.5441
Ours (T ) 4.55 352.86 0.2218

DfP Ours (T ) 22.07 460.21 0.5077

ably low computational complexity while delivering SOTA performance across
demosaicking, SfP, and DfP tasks.

C Additional Ablations Study

In Section 4.4, we analyze the contributions of individual modules in PolarAPP
through controlled ablations. Although the refinement stage appears to have
limited impact in simulation-based experiments, it provides clear benefits in real
DoFP imaging. To highlight its practical value, we include an additional ablation
study that directly follows the real imaging mechanism.

Qualitative comparisons with and without refinement are shown in the sec-
ond column of Fig. S2. For SfP, both synthetic and real DoFP inputs reveal that
removing refinement causes noticeable deviations from the upsampled ground
truth. This reflects the strong sensitivity of normal estimation to resolution
changes, since SfP depends on consistent angular cues across neighboring pixels.
For DfP, the influence of refinement is reflected in the quality of reflection re-
moval. Without refinement, PolarAPP suppresses specular reflections only par-
tially, leaving visible color inconsistencies in reflective regions. These observa-
tions indicate that refinement plays an important role in restoring geometric
accuracy for SfP and improving photometric consistency for DfP by compensat-
ing for resolution-related distortions and residual artifacts.

The remaining results in Fig. S2 illustrate the effect of removing other com-
ponents under real DoFP imaging. Replacing the demosaicker with PIDSR or
substituting the task networks with SfPUEL/PolarFree leads to inferior perfor-
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Fig. S2: Visual results follow real DoFP imaging for ablation study.
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Fig. S3: Visual results for ablation study of Leit.

mance. Similar degradation appears when feature alignment is removed or exces-
sively strengthened, or when the task network is trained independently. Although
removing the EIT prior affects demosaicking more strongly than the downstream
tasks, it still degrades normal estimation and de-reflection. As shown in Fig. S3,
retaining the EIT prior preserves more fine-scale details and provides cleaner
polarization reconstructions.

D Additional Visual Comparisons

This section presents additional visual results referenced in the main experi-
ments, including comparisons for demosaicking, SfP, and DfP. Fig. S4 presents
the SfP and DfP results when the imaging operator A, is retained. Fig. S5 shows
additional demosaicking results on the Qiu dataset and real-captured images.
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Fig. S4: Additional visual results in SfP and DfP.

Fig. S6 compares PolarAPP with two other baseline methods on a real-captured
dataset that lacks normal GT references. It demonstrates that our clean, low-
noise DoLP and AoP are critical factors for generating higher-quality normal
maps. Fig. S7 displays the corresponding results under the standard DoFP imag-
ing pipeline without using A.

E Task generalization

Since SfP and DfP are both regression-based tasks, we further evaluate the
generality of PolarAPP on a non-regression downstream task, namely material
detection, which classifies dielectric and metallic materials from polarization
cues. We use the dataset released with SfPUEL, where 19,800 out of 20,000
image groups are used for training and the remaining 200 for testing, and adopt
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Fig. S5: Additional visual results in demosaicking.
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Fig. S6: Visual results on Real-captured data without normal GT. Compared with
DoLP&AoP of low-quality ones and PIDSR, our clean DoLP&AoP lead better normal
estimation.

the same task network T as in SfP. For supervision, we use the standard cross-
entropy loss for two-class prediction, and set λfa = 100.
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Fig. S7: Additional visual results in SfP and DfP following the standard DoFP imaging.

For fair comparison, we evaluate five representative pipelines: (i) SfPUEL.
The task-only baseline that inputs CPFA directly. (ii) PIDSR+SfPUEL. Task-
agnostic demosaicking followed by a separately trained task network. (iii) D
+SfPUEL. Our demosaicker combined with the external task network. (iv)
PIDSR+T . External demosaicker combined with our task network. (v) Our com-
plete PolarAPP. Notably, the material labels are discrete binary maps, so their
2× supervision can be obtained by lossless upsampling without introducing in-
terpolation ambiguity, allowing direct quantitative evaluation at the refined res-
olution. As shown in Fig. S8, the full PolarAPP achieves the highest material
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Fig. S8: Visual comparisons on material detection. The detection accuracy of each
pipeline is listed below the results, and PolarAPP still achieves the highest.

detection accuracy among all compared settings, indicating that the proposed
joint structure generalizes beyond regression tasks and remains beneficial for
discrete polarimetric perception.

F Discussion

PolarAPP provides a unified framework for polarization demosaicking and down-
stream tasks, but several limitations remain. First, although PolarAPP achieves
consistent gains across all tasks, its ultimate performance is influenced by the
strength of the underlying demosaicking and task architectures. PolarAPP im-
proves their interaction through feature alignment and meta-learning, but fur-
ther advances in backbone design or physically grounded architectures may un-
lock additional improvements. Second, publicly available polarimetric datasets
are limited in quality and diversity; many rely on regrouped mosaics or provide
incomplete ground truth, which restricts the attainable accuracy of both recon-
struction and downstream predictions. Third, this work trains task-specific D–T
pairs for SfP and DfP because their task losses and preferred polarization cues
differ. A shared demosaicker with multiple task heads can be incorporated into
the same framework by aggregating task losses, but balancing potentially con-
flicting task gradients is left for future work. Fourth, our current study isolates
mosaic-induced degradation and does not explicitly model shot noise or readout
noise in CPFA measurements. Extending PolarAPP to noisy raw observations
is an important future direction.

Looking forward, the increasing availability of compact DoFP sensors and the
growing interest in polarization-based vision suggest opportunities for more com-
prehensive datasets and physics-aware architectures. We expect future research
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to explore a broader spectrum of polarimetric applications, including underwa-
ter imaging, dehazing, transparent and specular scene perception, low-visibility
target sensing, remote sensing, biomedical imaging, and industrial inspection.
These directions further highlight the importance of polarization cues for robust
visual understanding in challenging real-world environments, as well as the need
for unified and task-optimized polarimetric frameworks.
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