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Fig. 1: Test-time polarization guidance to enhance normal estimation. (a)
Polarization-based feed-forward models have limited generalizability due to the scarcity
of polarization–normal training pairs. (b) RGB-only monocular normal estimators pro-
duce oversmoothed or hallucinated details on challenging surfaces – normals of the
textureless bunny object appear flatter than ground truth. (c) Poppy introduces po-
larization guidance into pretrained RGB-only models at test time – improving normal
accuracy without retraining.

Abstract. Monocular surface normal estimators trained on large-scale
RGB-normal data often perform poorly in the edge cases of reflective,
textureless, and dark surfaces. Polarization encodes surface orientation
independently of texture and albedo, offering a physics-based comple-
ment for these cases. Existing polarization methods, however, require
multi-view capture or specialized training data, limiting generalization.
We introduce Poppy, a training-free framework that refines normals from
any frozen RGB backbone using single-shot polarization measurements
at test time. Keeping backbone weights frozen, Poppy optimizes per-
pixel offsets to the input RGB and output normal along with a learned
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reflectance decomposition. A differentiable rendering layer converts the
refined normals into polarization predictions and penalizes mismatches
with the observed signal. Across seven benchmarks and three backbone
architectures (diffusion, flow, and feed-forward), Poppy reduces mean an-
gular error by 23–26% on synthetic data and 6–16% on real data. These
results show that guiding learned RGB-based normal estimators with
polarization cues at test time refines normals on challenging surfaces
without retraining.

Keywords: surface normal estimation · polarization imaging · shape
from polarization · test-time guidance · physics-based guidance

1 Introduction

Surface normal estimation is a core problem in computer vision, with applica-
tions in robotics, augmented reality, scene understanding, and 3D reconstruction.
Monocular normal estimation aims to recover per-pixel 3D surface orientation
from a single RGB image – an inherently ill-posed task because many surface
normals can produce the same 2D appearance. Modern learning-based normal
estimators reduce this ambiguity by learning geometric priors from large-scale
paired RGB and normal datasets [6, 26,34,52,55].

However, state-of-the-art monocular estimators fail on three common surface
types where RGB cues alone are unreliable: 1) highly reflective surfaces, where
view-dependent highlights are misinterpreted as geometry; 2) textureless regions,
which lack spatial variation and produce oversmoothed normals; and 3) dark ob-
jects, where low signal-to-noise ratio degrades predictions. RGB-normal datasets
often under-represent these surfaces, compounding these errors (Fig. 1(b)). Thus,
in this paper, in addition to RGB, we capture the polarization of light, only at
test time, to refine normal estimation for these challenging scenarios.

Polarization provides a physically grounded complement to RGB. When un-
polarized light reflects from a surface, it becomes partially polarized depend-
ing on surface orientation and material – making polarization informative for
the failure cases above. Classical shape-from-polarization (SfP), however, is ill-
posed: the azimuthal flip (π) ambiguity and the diffuse–specular (π/2) ambiguity
together yield four candidate normals from a single measurement. Prior classi-
cal methods resolve these ambiguities by acquiring additional measurements –
varying the illumination [1, 4, 17, 42], capturing multiple views [8, 15, 25, 36], or
capturing additional modalities [28, 33] – increasing the capture burden beyond
a single snapshot.

Learning-based SfP methods [5,35,39] aim to retain single-snapshot capture
by leveraging data-driven priors learned from curated polarization–normal train-
ing pairs. These approaches, however, require paired polarimetric training data
that is expensive to collect and narrow in scene diversity, which limits generaliza-
tion to new materials and environments (Fig. 1a). Neither classical nor learned
SfP methods exploit the strong geometric priors already embedded in modern
RGB normal estimators.
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To bridge this gap, we introduce Poppy, a training-free framework that guides
any differentiable RGB normal estimator with physics-based polarization con-
straints at test time (Fig. 1c). The weights of the normal estimator backbone
are kept frozen. Poppy instead introduces learnable parameters before and after
the network so that the predicted normals align with the observed polarization
signal. Poppy is plug-and-play: it applies to diffusion-based [34], flow-based [26],
and feed-forward [52] backbones without retraining or architectural changes.
The pretrained backbone initializes normals using global scene structure from
RGB as orientation constraints, resolving the azimuthal ambiguity; polarization
guidance then corrects normal estimation errors that RGB cues alone miss.

Concretely, Poppy adds a learnable per-pixel image offset to the network
input and a learnable per-pixel normal offset to the network output. The im-
age offset acts as a global perturbation: input changes propagate through the
backbone, steering the predicted geometry at a scene-wide scale. The normal
offset refines high-frequency detail that the backbone misses. A differentiable
polarization rendering layer converts the refined normals and a learned specular
radiance into Stokes vectors, a representation of the polarization state, resolving
the remaining diffuse–specular ambiguity. The loss between the predicted and
measured Stokes vectors is minimized by optimizing the image offset, normal
offset, and specular radiance maps.

We evaluate Poppy extensively across seven benchmarks – SfPUEL [39]
NeRSP [25], NeISF [36], and DeepPol [16] (synthetic); SfPUEL, NeRSP, and
PISR [8] (real) – covering most publicly available polarization–normal datasets.
Poppy enables consistent improvements in these benchmarks across three back-
bone architectures: Marigold, Lotus-v2, and MoGe-2 – with 23–26% reduction
in mean angular error (MAE) for synthetic data and 6–16% reduction on real
data. Poppy demonstrates improved normal quality on challenging materials,
including reflective, textureless, and low albedo surfaces. The refined normals
also improve downstream 3D mesh quality when used to aid an existing multi-
view reconstruction method. The learned per-pixel specular radiance enables
decomposition of diffuse and specular Stokes.

Our contributions are:

1. A training-free guidance framework that refines normals from RGB-based
monocular estimators using polarization measurements at test time.

2. A plug-and-play guidance mechanism with learnable per-pixel image and
normal offsets for global-then-local refinement of any differentiable backbone,
together with a learned per-pixel specular radiance for handling diffuse–
specular ambiguities.

3. Consistent improvements across three backbone architectures on seven bench-
marks, demonstrating gains on reflective, textureless, and low-SNR surfaces
that are typically challenging for normal estimation.
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2 Related work

Monocular surface normal estimation methods predict per-pixel surface orienta-
tion from a single RGB image. Early discriminative approaches [18,21,43] train
convolutional networks on large-scale supervision, with Omnidata [20] showing
the benefit of multi-task pretraining. More recent discriminative methods in-
corporate stronger priors: DSINE [6] encodes per-pixel camera geometry, and
MoGe [52] regresses affine-invariant point maps via a transformer backbone.
Diffusion-based methods [22, 23, 34, 38] repurpose pretrained generative models
for geometry estimation, with Marigold [34], Lotus [27], StableNormal [55], and
GenPercept [53] among the most prominent. Despite strong average-case perfor-
mance, all of these methods rely solely on RGB appearance cues and degrade on
reflective, textureless, and low-albedo surfaces where photometric shading sig-
nals are ambiguous. Our work targets precisely these failure cases by introducing
polarization-based physical constraints at test time.

Shape from Polarization methods recover surface normals from reflected light us-
ing diffuse and height-from-polarization models [2,46,50], specular and refractive
cues [28,33,40,41], or joint shading–polarization formulations [1,4,30,42]. How-
ever, the polarization-to-normal mapping is inherently ambiguous due to π and
π/2 symmetries in the Fresnel equations. Multi-view methods [3,8,13,25,36,54]
resolve this geometrically, while discriminative methods such as DeepSfP [5] and
SfPUEL [39] learn to predict normals directly from polarization images. All of
these approaches either require controlled capture, curated polarization training
data, or multi-image acquisition. Most closely related to our work, PPFT [31]
adapts a pretrained depth model to polarization inputs via LoRA fine-tuning—
requiring polarization training data and modifying model weights; in contrast,
Poppy targets normals and operates entirely at test time without retraining.

Test-time guidance steers pretrained models at inference time rather than train-
ing specialized models on new data. For diffusion models, guidance methods first
imposed linear constraints by back-propagating a task-specific likelihood dur-
ing the reverse diffusion, effectively steering generation towards measurement-
consistent solutions [11]. More recent approaches have generalized this idea to
arbitrary non-linear constraints [56], and faster, backpropagation-free sampling
under constraints [24]. Guidance has been extensively used in depth-completion
methods [29,32,49,51], where sparse depth measurements or physics-based cues
are used to guide pretrained monocular depth estimators at test time, as well
as in medical image segmentation [10], where image-specific visual prompts are
optimized at inference to bridge cross-domain distribution shifts without modi-
fying model weights. Among the depth methods, Marigold-DC [51] is closest to
our approach: it guides a diffusion-based depth model with sparse depth observa-
tions, whereas Poppy guides a normal estimation model with dense polarization
measurements that encode shape through the Fresnel equations.
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3 Background

3.1 Representing polarization

Polarization characterizes the oscillation of light waves. While natural illumi-
nation is often unpolarized, reflection from surfaces induces partial polarization
that depends on surface orientation and material properties. This makes polar-
ization a physically grounded cue for geometry estimation.

Stokes vector. The polarization state of a light ray can be represented by the
Stokes vector, S = [S0, S1, S2, S3]

⊤ [12]. S0 represents total intensity. S1 mea-
sures the difference between horizontally and vertically polarized components.
S2 measures the difference between components polarized at 45◦ and 135◦. S3

represents circular polarization.
A linear polarization camera captures (I) through polarizers at multiple an-

gles (0◦, 45◦, 90◦, 135◦). The linear Stokes parameters are computed as

S0 = I0 + I90, S1 = I0 − I90, S2 = I45 − I135. (1)

In most passive imaging scenarios, circular polarization is negligible compared to
linear polarization. We therefore restrict our formulation to linear polarization
and use the reduced representation, S = [S0, S1, S2]

⊤.

Degree and Angle of Polarization. The Degree of Linear Polarization (DoLP),
denoted ρ, measures the fraction of light that is linearly polarized – ranging from
0, for unpolarized light, to 1, for fully polarized light. DoLP can be obtained from

the Stokes vector as ρ =

√
S2
1+S2

2

S0
. The Angle of Linear Polarization (AoLP),

denoted ϕ, describes the dominant polarization orientation. AoLP depends on
the Stokes vector as ϕ = 1

2 arctan(S2, S1). Together, (ρ, ϕ) provide a compact
representation of the linear polarization state.

Diffuse and specular reflectance. When light reflects from a surface, it can be de-
composed into diffuse and specular components. We provide an example decom-
position learned from our method for visualization in Fig. 2. Diffuse reflection
arises from subsurface scattering and typically produces weaker polarization,
whereas specular reflection arises from surface reflection and follows Fresnel re-
flection laws [7]. Let Ld and Ls denote the diffuse and specular radiance compo-
nents. The observed Stokes vector is modeled as the sum of diffuse and specular
contributions: S = Sd + Ss. Using the DoLP and AoLP of each component, the
combined Stokes parameters can be written as [15,37]

S0 = Ld + Ls (2a)
S1 = Ldρd cos(2ϕd) + Lsρs cos(2ϕs) (2b)
S2 = Ldρd sin(2ϕd) + Lsρs sin(2ϕs) , (2c)

where (ρd/s, ϕd/s) represent diffuse/specular DoLP, AoLP respectively.
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Colormap = 180°0° AoLP 10 DoLP*

Fig. 2: Radiance decomposition. The mixed radiance S0 is decomposed into diffuse
radiance Ld and specular radiance Ls from our method. The learned Ls captures spec-
ular highlights and environment-dependent reflections (scaled 2× for clarity), while Ld

retains the object’s intrinsic diffuse shading and texture. From these radiance compo-
nents and the predicted normals, the polarization maps (AoLP×DoLP) of the diffuse,
specular, and combined components can be obtained.

3.2 Surface normals to Stokes

Polarization provides a cue for surface orientation because both DoLP and AoLP
depend on the surface normal relative to the viewing direction.

Spherical coordinate conversion. Denoting the surface normal as n = [nx, ny, nz]
⊤,

we convert it into spherical coordinates (θ, ψ) relative to the viewing direction v,
where the elevation angle θ = arccos(n·v) and azimuth angle ψ = arctan(ny, nx).

DoLP from surface normals. Under Fresnel reflection theory, the degree of po-
larization depends on the elevation angle θ and the refractive index η (set to 1.5
per standard assumptions).

For diffuse reflection, ρd(θ) = (η−1/η)2 sin2 θ

2+2η2−(η+1/η)2 sin2 θ+4 cos θ
√

η2−sin2 θ
, and for

specular reflection, ρs(θ) =
2 sin2 θ cos θ

√
η2−sin2 θ

η2−sin2 θ−η2 sin2 θ+2 sin4 θ
.

AoLP from surface normals. The angle of polarization is determined by the
azimuth angle ψ. For diffuse reflections, ϕd = ψ, and for specular reflections,
ϕs = ψ + π/2. The orthogonality between these components reflects the phase
difference induced by Fresnel reflection.

Stokes from surface normals. Normal-to-Stokes conversion is an inverse problem
of SfP. Given a surface normal n and the specular radiance Ls, we compute the
diffuse and specular DoLP/AoLP (ρd/s, ϕd/s) and diffuse radiance Ld = S0−Ls.
Therefore, we can rewrite Eq. 2 in terms of n and Ls and compute Stokes vector
as Ŝ = F(n,Ls).

Ambiguities in Shape from Polarization. Shape from Polarization suffers from
intrinsic ambiguities. AoLP is invariant under a 180◦ rotation, leading to a π am-
biguity in azimuth. Additionally, diffuse and specular reflections produce orthog-
onal polarization orientations, resulting in a π/2 ambiguity when the dominant
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reflection component is unknown. These ambiguities motivate the integration of
additional geometric priors using RGB cues, as we propose in our method.

3.3 Monocular normal estimators

A pretrained monocular estimator f predicts the surface normal as n = f(x), by
leveraging the rich visual priors learned from pretraining on large-scale datasets.
Deep-learning models span diverse architectures: iterative diffusion-based mod-
els (e.g ., Marigold [34]), iterative flow-based models (e.g ., Lotus-v2 [26]), feed-
forward transformer models (e.g ., MoGe-2 [52]).

4 Method

masked loss ℒ

normal2
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monocular 
normal 
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𝑓
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Fig. 3: Poppy pipeline. Given polarization measurements, we compute the observed
Stokes map S, extract the RGB image x, and add learnable image offset Ox to x. A
frozen backbone produces base normals n̂base; a learnable normal offset On yields the
refined estimate n̂t = n̂base + On. Using Fresnel equations, the predicted Stokes Ŝ is
computed from n̂t and specular radiance Ls. We minimize the polarization consistency
loss between Ŝ and S to update the image offset Ox, normal offset On, and specular
map Ls over T steps, while keeping backbone weights fixed.

Given polarization measurements captured by a linear polarization camera, we
recover surface normals that are consistent with physical light transport while
preserving the strong geometric priors learned by modern RGB-based normal
estimation networks. Instead of retraining a model, we formulate normal recovery
as a test-time guidance problem. During the guidance, a differentiable rendering
model enforces polarization constraints.

4.1 Rendering Stokes from monocular normals

Given the input polarization measurements I{0,45,90,135}◦ , we first compute the
observed Stokes vector S = [S0, S1, S2]

⊤ via Eq. 1, where the unpolarized inten-
sity S0 serves as the RGB input x to our pipeline.
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A pretrained RGB normal estimator f takes x and produces a base sur-
face normal estimate n̂base = f(x). To synthesize the predicted Stokes vector Ŝ
from a given normal n̂base, we require the specular radiance Ls, following the
procedure described in Sec. 3.2. In principle, Ls can be optimized iteratively via
polarization-guided refinement until the residual |S−Ŝ| vanishes. However, when
f produces an erroneous normal estimate in geometrically challenging regions,
prolonged optimization of Ls alone leads to either a persistent mismatch between
the observed Stokes S and predicted Stokes Ŝ = F(f(x), Ls), or overfitting of Ls

to the incorrect normal (second column of Fig. 4(a))— neither of which corrects
the underlying geometric error.

This failure mode stems from the fact that the error originates in n̂base. To
address this, we seek a test-time guidance mechanism that corrects the normal
estimate directly, without modifying frozen model weights, and ensures compat-
ibility with any pretrained monocular RGB normal estimator in a plug-and-play
fashion, independent of its architecture.

4.2 Polarization-guidance parameters

To correct the erroneous normal n̂base while keeping the model weights frozen, we
introduce learnable parameters applied before and after f . Formally, the refined
normal at step t is expressed as n̂t = ga(f(gb(x))), where gb and ga denote
arbitrary functions applied to the input and output of f , respectively. We adopt
the simplest instantiation, gb(x) = x+Ox and ga(n̂base) = n̂base +On, yielding
n̂t = f(x + Ox) + On, where Ox ∈ RH×W×3 and On ∈ RH×W×3 are per-pixel
offsets applied to the input image x and the predicted normal n̂base, respectively.

Global Guidance. The image offset Ox is motivated by the observation that even
a small perturbation in input space can produce a globally significant correction
in the output normals. This behavior is explained by the Jacobian of different
models f , visualized in Fig. 4(b), which shows that a change in a single input
pixel has a broad influence over the output normal map (details in Sec. A in the
Supplement). Consequently, the image offset Ox serves as an efficient mechanism
for globally steering the predicted geometry toward a polarization-consistent
solution.

Local Guidance. The normal offset On, applied directly to the output, addresses
the tendency of monocular normal estimators to produce smooth predictions.
The normal offset On recovers high-frequency surface details that f fails to cap-
ture. Due to its direct coupling with the normal output, the normal offset On

exhibits high sensitivity to the polarization loss. We therefore defer its optimiza-
tion until Ls has converged sufficiently to yield a reliable estimate of Stokes
Ŝ = F(f(x+Ox)+On, Ls) (third column in Fig. 4(a)). We assume orthographic
projection and ignore viewing directions, an approximation that introduces neg-
ligible error unless the object is captured at close range.
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(a) Effect of joint optimization on Stokes reconstruction (b) Input-to-normal sensitivity (Jacobian)
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0.04
-0.04

Lotus-v2 MoGe-2

MarigoldInput

Fig. 4: (a) Stokes reconstruction of hedgehog scene (from NeRSP) when: Ls = 0
(diffuse only) in column 1; only Ls is learned from backbone predicted normals n̂base in
column 2; Ls, Ox, and On are jointly learned in column 3. (b) Jacobian magnitude maps
for a selected input pixel, normalized by the 99th percentile for different backbones,
showing how perturbations of a single input pixel (green dot) influence the output
normal map at a global level, across spatial locations.

4.3 Guidance objective and updates

During test-time guidance, we convert the refined normal n̂t into Stokes Ŝ
for polarization consistency check. We optimize the learnable parameters Θ =
{Ls, Ox, On} iteratively over T steps to minimize the discrepancy between the
observed and predicted Stokes vectors. At each step t, the backbone f takes the
offset input x+Ox and produces the base normal n̂base = f(x+Ox). The normal
offset On is then applied to yield the refined normal n̂t = n̂base + On. Given n̂t

and the specular radiance Ls, the predicted Stokes vector Ŝ(n̂t, Ls) is computed
following Sec. 3.2. The polarization consistency loss is defined as:

L =
∑
p

M(p)

2∑
i=0

∣∣∣Si(p)− Ŝi(p)
∣∣∣ , (3)

where p denotes a pixel and M(p) is a validity mask that restricts the loss to
physically meaningful measurements. Specifically, a pixel is included if it has
sufficient signal (S0 > 0.01), is not saturated (S0 < 1), and satisfies the physical
Stokes constraint (S2

1 + S2
2 ≤ S2

0).

Global-then-local guidance. The three parameters are optimized in a staged
schedule, each with a distinct learning rate. In the early phase (t < 50), we
only update Ls and Ox, allowing the specular radiance to converge and the pre-
dicted normals to reach global geometric plausibility. At t = 50, On is introduced
to refine high-frequency surface details that the backbone fails to capture, and
all three parameters are subsequently updated until t = T .

The learnable parameters Θ ∈ {Ls, Ox, On} are updated with an optimizer
using gradient descent Θ(k+1) = Θ(k) − λΘ∇ΘL. After T iterations, the output
surface normal is n̂ = f(x+Ox)+On

∥f(x+Ox)+On∥2
.



10 I. Kim et al.

Table 1: Aggregated normal estimation performance on real and synthetic
benchmarks. Our polarization guidance (+ Poppy) consistently reduces MAE and
RMSE across backbone RGB estimators while improving thresholded accuracy, con-
firming gains in both global surface orientation and fine-scale local geometric detail.
+Poppy denotes joint optimization of the image offset and normal offset. Best result
per backbone within each data split is highlighted in bold.

Real Synthetic

Method Mean Median RMSE Acc11.25 Acc22.5 Acc30 Mean Median RMSE Acc11.25 Acc22.5 Acc30

SfPUEL [39] 20.68 17.08 26.15 0.37 0.70 0.80 17.03 12.91 23.33 0.46 0.79 0.87
DSINE [6] 23.06 19.07 28.83 0.27 0.62 0.76 24.13 19.94 30.00 0.26 0.60 0.75
Lotus [27] 16.69 13.96 21.70 0.42 0.78 0.88 19.99 17.04 25.06 0.30 0.69 0.84
StableNormal [55] 17.80 14.77 23.29 0.41 0.75 0.86 18.45 14.65 24.55 0.39 0.75 0.86

Marigold [34] 18.18 15.25 23.30 0.36 0.74 0.86 20.99 17.40 26.43 0.30 0.68 0.82
Marigold + Poppy 15.28 12.57 20.26 0.47 0.83 0.92 15.60 11.89 22.08 0.56 0.82 0.89

Lotus-v2 [26] 14.68 12.05 19.51 0.49 0.85 0.93 16.52 13.44 22.08 0.42 0.81 0.90
Lotus-v2 + Poppy 12.65 10.05 17.62 0.61 0.89 0.94 12.26 8.81 18.70 0.66 0.89 0.93

MoGe-2 [52] 13.10 10.51 18.11 0.57 0.87 0.94 14.13 11.33 20.01 0.51 0.87 0.94
MoGe-2 + Poppy 12.26 9.88 16.99 0.61 0.90 0.95 10.89 8.05 16.41 0.70 0.92 0.96

The learned specular radiance Ls and the refined output normal n̂ together
synthesize the predicted Stokes vector Ŝ that closely matches the observed Stokes
vector S as shown in the third column in Fig. 4(a). Consequently, minimizing
this discrepancy drives the predicted normal n̂ toward the true surface normal.

5 Results

5.1 Implementation details

Datasets. Synthetic benchmarks include SfPUEL [39] (low SNR, highly spec-
ular), NeRSP [25] (high reflectance, low illumination), NeISF [36] (moderate
reflectance), and DeepPol [16] (mixed diffuse and specular). Real-world bench-
marks include SfPUEL [39], NeRSP [25], and PISR [8] (highly reflective, tex-
tureless), with ground-truth normals extracted from provided 3D meshes.

Baseline models. We compare against the polarization-based model SfPUEL [39]
and RGB-based methods DSINE [6], StableNormal [55], Marigold [34], Lotus-
v2 [26], and MoGe-2 [52], all under their default configurations. Poppy is applied
to Marigold, Lotus-v2, and MoGe-2, representing diffusion-based, flow-based,
and feed-forward backbones. We report mean angular error (MAE), median an-
gular error (Median), angular RMSE, and accuracy under angular thresholds.

Optimization. We optimize with Adam for 100 steps. Learning rates: λLs
= 0.01;

backbone-dependent rates for Ox: 10−4 (Marigold), 5 × 10−4 (Lotus-v2), 10−5

(MoGe-2). The normal offset On uses λn = 0.001 across all backbones and
activates at step 50, once Ls has converged.
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(a) MAE on synthetic and real-world datasets (b) Effect of normal offset activation

Fig. 5: Ablation of guidance variants on real and synthetic datasets. (a) Mean
angular error (MAE) across three backbones (Marigold, Lotus-v2, MoGe-2) with no
guidance (None), image offset guidance (Image), and joint image and normal offsets
guidance (Joint). Guidance improves normals, with joint guidance performing slightly
better on synthetic datasets. (b) MAE over optimization steps on SfPUEL and NeRSP
with MoGe-2 backbone. The red-dashed line at t=50 marks the activation of the normal
offset. On synthetic data, joint guidance accelerates error reduction. On real data,
sensor noise causes the normal offset to slightly increase MAE, though high-frequency
detail is still recovered.

Backbone inference. For Marigold, we use 4 denoising steps with 25 guidance
steps each, without ensemble inference. For Lotus-v2, guidance precedes the
detail-sharpening stage, followed by 10 sharpening iterations at default settings.
For MoGe-2, gradients are backpropagated directly through the feed-forward
pipeline. See Sec. C in the Supplement for per-backbone details.

Runtime and memory. At 768 × 768 resolution, per-step cost splits roughly
45/55 between inference and optimization. Per-step costs: 567 ms (MoGe-2),
950 ms (Marigold), 1729 ms (Lotus-v2), yielding total runtimes of 57 s, 99 s, and
173 s at 100 steps. Peak memory: 12.97 GB (MoGe-2), 35.13 GB (Marigold),
66.64 GB (Lotus-v2), dominated by gradient retention during optimization. All
experiments run on NVIDIA RTX PRO 6000 Blackwell GPUs (95.6 GB VRAM).

5.2 Results and analysis

Quantitative comparisons with monocular normal baselines. Tab. 1 reports ag-
gregated performance across all backbones and benchmarks. Adding polariza-
tion guidance (+Poppy) consistently improves MAE on both real and synthetic
datasets, with MAE reductions of 6–26% and RMSE reductions of 7–18%, re-
flecting improved global surface orientation consistency. More notably, Acc11.25
(the fraction of pixels with angular error below 11.25◦) improves by 7–31% on
real data and 37–87% on synthetic data, demonstrating that Poppy not only cor-
rects large-scale geometric errors but also recovers high-frequency surface details
that RGB-based backbones systematically fail to capture.
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Image Polarization Backbone Error Image Error Joint Error GT

0° 15° 30°Angular error (°)

Deschaintre et al. Marigold 44.63 18.87 17.73

NeISF Lotus-v2 16.88 10.99 10.29

NeRSP MoGe-2 13.04 11.65 10.36

Fig. 6: Comparison of image (global) and joint (global-then-local) guidance
on synthetic data. We compare output normals under three guidance conditions
across three backbones: no guidance (Backbone), image offsets (Image), and joint image
and normal offsets (Joint). Joint guidance recovers fine geometric structures – shell
ridges, mesh facets, and dragon scales – that image-offset guidance alone cannot resolve.
Pixel-wise angular error maps (brighter is lower error) and mean angular error are also
shown for each prediction. Best viewed at high magnification.

Qualitative results on real-world scenes. To illustrate how these aggregate gains
manifest in individual scenes, Fig. 7 presents qualitative comparisons on real-
world scenes that are particularly challenging for RGB-based estimators. These
scenes include textureless low-albedo surfaces, highly specular objects, and low-
SNR conditions arising from low illumination, low albedo, or high measurement
noise. Across all three backbone architectures and all challenging conditions,
Poppy yields MAE reductions of 19–41% over the backbone predictions, with
the largest improvements on scenes where RGB-based appearance cues alone
are most ambiguous.

Effect of global and local guidance. Fig. 5 and Fig. 6 analyze the individual con-
tributions of the image offset Ox and the normal offset On. In Fig. 5(a), the
image offset Ox alone accounts for the majority of the MAE reduction across all
backbones and datasets, correcting large-scale geometric errors toward a glob-
ally polarization-consistent solution. Adding the normal offset On (Joint) yields
a further reduction on synthetic data, though the additional gain is modest
compared to the image offset alone. Across all backbones and datasets, Poppy
outperforms the backbone baseline, with the sole exception of MoGe-2 on PISR,
which we attribute to pronounced perspective distortion that our orthographic
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Image Polarization Marigold +Poppy Lotus-v2 +Poppy MoGe-2 +Poppy GT
PISR

27.53 16.19 15.47 12.53 17.66 13.69

NeRSP

20.72 12.12 19.32 12.87 19.82 11.66

SfPUEL

18.27 14.01 14.50 9.47 12.81 7.56

0° 15° 30°Angular error (°)

textureless, low
albedo

low illumination

high noise

Fig. 7: Qualitative comparison on real-world scenes. Columns show backbone
predictions and results after Poppy guidance. Pixel-wise angular error maps accompany
each prediction (brighter is lower error), with the mean angular error annotated. Scenes
span three challenging categories: textureless and highly reflective objects, and low-
SNR conditions (low illumination, low albedo, high noise). Poppy shows consistent
improvement in normal quality across all categories and backbones.

assumption does not model. See Sec. D in the Supplement for perspective-aware
guidance by incorporating field-of-view.

The per-step MAE curve in Fig. 5(b) is consistent with this global-then-local
behavior: MAE decreases primarily during the early optimization phase under
the image offset; at t=50, when the normal offset is activated on synthetic data,
a further sharp drop occurs as joint offset learning refines the remaining errors.
Once jointly optimized (Fig. 6), the normal offset recovers fine-scale geometric
structures that the backbone over-smooths, such as shell ridges, mesh facets, and
dragon scales (zoomed insets).

Robustness to sensor noise. We examine how Poppy behaves when the polariza-
tion input itself is corrupted. Fig. 8 reports MAE after adding zero-mean Gaus-
sian noise of varying standard deviation σ to the NeRSP synthetic polarization
measurements. At low σ, Poppy reduces MAE relative to the no-guidance pre-
diction on MoGe-2. As σ grows, the guided result converges toward the unguided
backbone prediction – noisy cues are effectively ignored rather than amplified.
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(a) Normal estimation with varying noise levels (b) Qualitative results with increasing noise level

Fig. 8: Sensitivity to input noise. We add zero-mean Gaussian noise of increasing
standard deviation σ to the NeRSP synthetic measurements. The plot reports mean
angular error (MAE) for MoGe-2 with and without polarization guidance. Guidance
improves accuracy at low noise levels, but the advantage diminishes with increasing σ.

Robustness to material properties. We isolate the effect of material reflectance us-
ing the NeISF synthetic dataset (Fig. 9), testing three conditions: purely diffuse,
purely specular, and mixed reflectance. MoGe-2 without guidance achieves com-
parable MAE across all three conditions, but polarization guidance (+ Poppy)
shows the most refinement on the specular case, where specular reflection pro-
duces stronger linear polarization. Diffuse surfaces yield the second-largest im-
provement, as even weaker polarization from diffuse radiance carries useful ori-
entation information. In the mixed case, accurate diffuse-specular separation
becomes a prerequisite; errors in this decomposition propagate into the polar-
ization guidance, resulting in smaller but still meaningful gains.

5.3 Applications

Appearance decomposition. Beyond refining normals, Poppy yields a physics-
based decomposition of captured appearance (S0) into diffuse and specular com-
ponents (Ld and Ls), as shown in Fig. 2 (top row). We provide image editing
applications in Sec. H in the Supplement. From the decomposed appearance and
refined normals, our forward model synthesizes the polarization properties of
diffuse and specular components (Fig. 2 bottom row).

3D mesh reconstruction. In Fig. 10, we test our improved normals on down-
stream mesh reconstruction tasks. We use VCR-GauS [9] as our baseline to con-
struct surface mesh, guided by multi-view RGB images and monocular surface
normal estimates on those views. We observe an improvement in reconstructed
mesh accuracy with our surface normals and an ≈6% improvement in Chamfer
distance as compared to RGB-only backbones. Note that we attempted using
Gaussian Surfels [14]. However, it failed due to poor initialization points retrieved
by COLMAP [44,45] on glossy, textureless surfaces.
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Fig. 9: Robustness to material reflectance properties. Using the NeISF dataset,
we render scenes with purely specular, purely diffuse, and mixed diffuse and specular re-
flectance to evaluate polarization guidance under varying material properties. Specular
reflectance produces the strongest polarization signal and yields the largest improve-
ment, followed by diffuse reflectance. Mixed reflectance case yields smaller gains due
to the challenge of accurately decomposing diffuse and specular components. It shows
pixel-wise angular error maps (brighter is lower error) with the mean angular error
annotated.

6 Conclusion

We introduced Poppy, a training-free framework that guides frozen RGB normal
estimators with physics-based polarization constraints at test time, refining nor-
mals on reflective, textureless, and dark surfaces without polarimetric training
data or backbone retraining. A learnable image offset propagates global correc-
tions through the backbone; a normal offset recovers high-frequency local surface
detail; and a learned specular radiance map resolves diffuse–specular ambigu-
ity in single-view polarization. Because guidance parameters lie entirely outside
the backbone, Poppy applies to diffusion-based [34], flow-based [26], and feed-
forward [52] backbones in a plug-and-play manner. Across seven benchmarks,
the framework reduces mean angular error by 23–26% on synthetic data and
6–16% on real captures.

Although we focus on showing that polarization can guide any frozen monoc-
ular estimator at test time without retraining, our framework opens several direc-
tions for future work. The iterative optimization requires multiple forward passes
through the backbone; however, we expect that better optimization strategies
can reduce the computational overhead. The learnable image and normal offsets
are lightweight yet effective for normal refinement; replacing them with neu-
ral network adapters could further increase the representation capacity at the
expense of requiring minimal polarization data for fine-tuning. Extending robust-
ness to higher sensor noise levels, handling perspective distortions for close-range
captures, and modeling more complex material types such as metallic, transpar-
ent, and translucent surfaces are all within reach of the modular framework. We
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Fig. 10: Mesh reconstruction with refined surface normals. We reconstruct
meshes using VCR-GauS [9] from multi-view images and corresponding normals es-
timated with and without polarization guidance. Polarization-refined normals yield
better mesh quality across the three backbones. Signed distance to the ground-truth
mesh is shown for each reconstruction.

see this work as a step toward steering frozen foundation models with physics-
based cues, available solely at test time.
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A Visualizing input-to-normal sensitivity using Jacobians

Here we describe the visualization used in Fig. 4(b) and Sec. 4.2 to characterize
input-to-normal sensitivity of monocular normal estimators. The model f maps
an input RGB image I ∈ R3×H×W to a surface normal map n ∈ RH×W×3, where
the output channels correspond to the normal components n[y, x] = (nx, ny, nz).

We analyze how perturbing a single input pixel affects the predicted normals
across the entire output image. Let the chosen input pixel location be (pi, pj).
Our goal is to measure how sensitive each output pixel (i′, j′) is to small pertur-
bations of this input pixel.

Step 1: Computing Jacobian–Vector Products. The full Jacobian of the network
is Jf (I) = ∂n

∂I , which maps perturbations in the input image to perturbations in
the output normals. For each input color channel ck ∈ {R,G,B}, we construct
a tangent vector v(ck) ∈ R3×H×W , defined as

v
(ck)
i,j,c =

{
1 if i = pi, j = pj , c = ck

0 otherwise.

This vector represents an infinitesimal perturbation of a single input variable
I[ck, pi, pj ]. Using forward-mode automatic differentiation, we compute the Ja-
cobian–vector product JVP(ck) = Jf (I) v

(ck). Because v(ck) is a one-hot vector
in the input space, the JVP extracts exactly one column of the full Jacobian:

JVP(ck)[co, i
′, j′] =

∂n[co, i
′, j′]

∂I[ck, pi, pj ]
,

where co ∈ {nx, ny, nz} denotes the output normal component. Repeating
this procedure for the three input channels provides all partial derivatives relat-
ing the selected input pixel to the output normals.

Step 2: Local Jacobian Block. For a fixed output pixel (i′, j′), we assemble a 3×3
local Jacobian block

Ji′,j′ =



∂nx[i
′, j′]

∂I[R, pi, pj ]

∂nx[i
′, j′]

∂I[G, pi, pj ]

∂nx[i
′, j′]

∂I[B, pi, pj ]
∂ny[i

′, j′]

∂I[R, pi, pj ]

∂ny[i
′, j′]

∂I[G, pi, pj ]

∂ny[i
′, j′]

∂I[B, pi, pj ]
∂nz[i

′, j′]

∂I[R, pi, pj ]

∂nz[i
′, j′]

∂I[G, pi, pj ]

∂nz[i
′, j′]

∂I[B, pi, pj ]

 .

Each column of this matrix corresponds to the JVP result for a particular
input channel.



Poppy 21

Step 3: Frobenius Norm of the Local Jacobian. To summarize the total sensitivity
of output pixel (i′, j′) to perturbations of the selected input pixel, we compute
the Frobenius norm of this local Jacobian block:

∥Ji′,j′∥F =

√√√√ ∑
ck∈{R,G,B}

∑
co∈{nx,ny,nz}

(
∂n[co, i′, j′]

∂I[ck, pi, pj ]

)2

.

Interpretation. The value ∥Jy,x∥F measures the overall sensitivity of the pre-
dicted normal at pixel (i′, j′) to perturbations of the input pixel (pi, pj), aggre-
gated across all input and output channels. Pixels that are weakly influenced by
the selected input location will have ∥Jy,x∥F ≈ 0, while pixels strongly coupled
through the network will exhibit larger values. This Jacobian norm therefore
provides a spatial map describing how perturbations at a single input pixel
propagate through the model to affect the predicted surface normals globally as
described in Sec. 4.2. The Jacobian magnitude map for a single-pixel perturba-
tion is shown in Fig. 4(b).

B Effect of image guidance on the network input
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Fig. 11: Test-time image optimization behavior. The input image is iteratively
refined using a learned offset. The image offset is multiplied by 50 for visualization.
Although the perturbations appear as nearly imperceptible noise in the RGB image, it
produces large changes in the predicted surface normals. The optimization progressively
improves the normal prediction, reducing the mean angular error from 16.94◦ to 11.95◦.

Fig. 11 illustrates the effect of the proposed test-time image optimization. Al-
though the image offset changes the input image only slightly during optimiza-
tion, the predicted surface normals show substantial improvement. The image
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offset appears as small high-frequency noise in the image space and is nearly im-
perceptible to human eyes. Nevertheless, these small perturbations significantly
change the network output, reducing the mean angular error from 16.94◦ to
11.95◦.

This phenomenon resembles adversarial perturbations [48] in deep networks.
In adversarial examples, carefully designed small perturbations can dramatically
alter the network prediction while remaining visually imperceptible. In our set-
ting, however, the perturbation is not used to degrade the model but instead to
guide the network toward a physically consistent solution. The image offset effec-
tively acts as small perturbations that exploit the model’s sensitivity to correct
geometric errors while preserving the visual appearance of the input image.

C Backbone inference details

MoGe-2

Denoise

Noise	𝜖!̂
𝑥

𝑧!"#

(a)	Marigold

Latent 𝑧!

encoder U-Netc 𝑛:$%&'

Inference𝑥

Latent 𝑧

(b)	Lotus-v2

encoder Detail	
sharpening

Final inference
decoder 𝑛:$%&'

During optimization

(c)	MoGe-2

𝑥 𝑛:$%&'

Final inference
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During optimization Tweedie’s	
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Always happens
Only happens during optimization
Only happens during final inference

Backpropagation

Fig. 12: Optimization details for different backbone architectures in Poppy.
(a) Marigold performs optimization at each denoising step using the normal preview
obtained via Tweedie’s formula. (b) Lotus-v2 performs optimization during the latent
inference stage before the detail sharpening step. (c) MoGe-2 is a feed-forward network,
allowing gradients to directly propagate to the input image during optimization.

The proposed Poppy optimization framework is compatible with different types
of monocular normal estimation models. In Sec. 5.1, we evaluate three repre-
sentative backbones with distinct inference pipelines: a diffusion-based model
(Marigold [34]), a multi-stage flow-based model (Lotus-v2 [26]), and a feed-
forward model (MoGe-2 [52]), as illustrated in Fig. 12.

Marigold predicts surface normals through an iterative denoising process. As
shown in Fig. 12(a), multiple optimization steps are performed at each denoising
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step. At every DDIM [47] step, a normal preview is computed using Tweedie’s for-
mula [19] from the predicted noise, and the polarization loss is evaluated on this
preview. Rather than backpropagating through the entire diffusion trajectory,
optimization is applied locally at each denoising step. This significantly reduces
memory consumption and allows Poppy to accommodate arbitrary numbers of
denoising steps selected at inference time.

Lotus-v2 follows a multi-stage inference pipeline consisting of latent inference,
latent refinement (detail sharpening), and decoding, as illustrated in Fig. 12(b).
Poppy optimization is applied during the latent inference stage. The model first
predicts a latent representation from the input image, which is then decoded to
obtain the surface normal prediction used to compute the polarization loss.

Although the subsequent sharpening stage refines the latent representation,
it operates only on the latent variables and does not directly depend on the input
image. Therefore, the optimization focuses on the latent inference stage, where
the image influences the prediction. As in the Marigold case, we avoid back-
propagating through the entire inference pipeline because it would be memory-
inefficient, especially when multiple sharpening steps are used. Instead, the opti-
mization updates the image based on the latent prediction produced during the
initial inference step. After optimization, the resulting latent representation con-
tinues through the remaining refinement and decoding stages during inference.
This design allows Poppy to remain memory-efficient while accommodating an
arbitrary number of sharpening steps.

MoGe-2 is a feed-forward monocular normal estimator. As shown in Fig. 12(c),
the network directly predicts normals from the input image in a single forward
pass. Thus, the polarization loss can be backpropagated directly to the image
without any intermediate inference stages. This makes Poppy straightforward
for feed-forward architectures.

Across all architectures, the backbone networks remain frozen, and Poppy
optimizes the learnable offsets before and after the network using polarization-
guided losses (Sec. 4.3). The optimization is inserted at architecture-specific
points in the inference pipeline, enabling a unified framework compatible with
diffusion-based, multi-stage flow-based, and feed-forward normal estimation mod-
els.

D Incorporating field-of-view estimation from MoGe

In Tab. 2, we incorporate the field-of-view (FoV), inferred by MoGe-2, into the
Poppy polarization guidance optimization. Given the predicted FoV, we compute
the focal length as f = W

2 tan(FoV/2) , where W is the image width. Per-pixel
viewing directions are then computed by constructing a pinhole camera grid over
the image plane. Specifically, pixel coordinates (u, v) are defined with the origin
at the principal point (cx, cy), with the v-axis pointing upward. The unprojected
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Table 2: Quantitative comparison on the PISR dataset. We compare the back-
bone model (MoGe-2), MoGe-2 with our polarization guidance assuming orthogonal
projection (+ Poppy), and our guidance with perspective projection when the field-of-
view (FoV) is incorporated (+ Poppy (FoV)). In the FoV variant, the camera FoV is
inferred by MoGe-2 and used during optimization. Lower values are better for Mean,
Median, and RMSE, while higher values are better for Acc11.25, Acc22.5, and Acc30.

Dataset Method Mean Median RMSE Acc11.25 Acc22.5 Acc30

PISR MoGe-2 12.82 9.82 17.92 0.58 0.87 0.94
MoGe-2 + Poppy 13.54 11.27 18.00 0.50 0.89 0.95
MoGe-2 + Poppy (FoV) 10.87 8.05 16.02 0.69 0.92 0.96

ray direction for each pixel is given by

d(u, v) =

(
cx − u

fx
,
cy − v

fy
, 1

)
, (4)

where fx = f and fy = f · H
W are the horizontal and vertical focal lengths,

respectively. Each direction is then normalized to obtain the unit viewing di-
rection d̂(u, v) = d(u, v)/∥d(u, v)∥2. Now we compute the elevation angle of a
surface with the viewing directions in normals to Stokes conversion, as described
in Sec. 3.2.

For the PISR dataset, incorporating FoV significantly improves performance,
reducing the angular errors and increasing accuracy across all angular thresh-
olds. This improvement indicates that modeling the camera FoV is important
when perspective distortions are present, since the viewing directions used in the
polarization model depend on the correct camera geometry.

In scenes with noticeable perspective distortion, assuming an orthographic
viewing model can introduce errors in the estimated surface normals. By ex-
plicitly incorporating the FoV, the optimization can better account for the true
viewing rays and therefore produce more accurate polarization-consistent nor-
mals. This result suggests that FoV modeling becomes particularly beneficial
when objects are close to the camera and perspective effects cannot be neglected.

E Effect of varying refractive index

To evaluate the sensitivity of Poppy to refractive index, we run additional ex-
periments using η = 3.2, which is the value adopted in the original SfPUEL [39]
work, while our default assumption is η = 1.5 corresponding to common mate-
rials. As shown in Tab. 3, the performance difference between the two settings
is negligible across all metrics and scenes, with variations appearing only at the
third decimal place in most cases.

Polarization-based normal estimation relates the degree of linear polarization
(DoLP) to the elevation angle through Fresnel reflection models as described in
Sec. 3.2. Both diffuse and specular DoLP depend on η through rational functions
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Table 3: Comparison of different refractive index η settings on the SfPUEL
dataset, which contains both dielectric and metallic objects. Poppy assumes a
refractive index η = 1.5, while the SfPUEL paper uses η = 3.2. To analyze sensitivity
to the refractive index assumption, we additionally evaluate Poppy with η = 3.2. The
best results are highlighted in bold.

Real Synthetic

Method Mean Median RMSE Acc11.25 Acc22.5 Acc30 Mean Median RMSE Acc11.25 Acc22.5 Acc30

MoGe-2 10.84 9.87 12.85 0.60 0.94 0.98 10.93 8.84 13.98 0.62 0.91 0.95
MoGe-2 + Poppy (η = 1.5) 8.74 7.61 10.91 0.75 0.97 0.99 9.19 6.84 12.50 0.75 0.94 0.96
MoGe-2 + Poppy (η = 3.2) 8.75 7.62 10.92 0.75 0.97 0.99 9.19 6.84 12.50 0.75 0.94 0.96

whose variation with respect to η is relatively smooth. In the range of refractive
indices typically encountered in real materials, the change in ρd and ρs induced
by modifying η mainly results in small shifts in the DoLP.

This explains why using η = 1.5 (as used in Poppy) or η = 3.2 (as used in the
SfPUEL dataset) yields nearly identical optimization behavior and final normal
estimates in our experiments.

F Comparison of Poppy and direct finetuning

Poppy introduces a lightweight test-time guidance approach, which involves just
learning per-pixel offsets to the input and output of the backbone network with
the backbone weights as frozen. Here, we compare our approach with the alterna-
tive of fine-tuning the weights of the backbone estimators, without any learnable
offset, using the Stokes loss of the given scene at test-time.

Table 4: Memory usage comparison between Poppy and direct backbone
finetuning. Peak memory usage of Poppy and direct finetuning of model weights are
reported for each backbone. Direct finetuning requires gradients and optimizer states
for all backbone parameters, making it infeasible for large models such as Lotus-v2 on
a 96 GB GPU.

Backbone Poppy (GB) Direct Finetuning (GB)

Marigold 35.12 47.9
Lotus-v2 66.64 >96 (OOM)
MoGe-2 15.33 21.0

Memory comparison of direct backbone finetuning. We compare two settings: our
Poppy optimization and direct backbone weights finetuning with the same po-
larization guidance as Poppy in Tab. 4. During inference, the backbone performs
a forward pass, and only the model weights and forward activations required for
computation must be stored in memory.
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Direct finetuning uses more memory demanding because gradients must be
computed for all backbone parameters. This requires storing intermediate acti-
vations for backpropagation and allocating additional gradient tensors for every
model parameter. As a result, the memory footprint of finetuning is larger than
that of Poppy, especially for large models. In particular, finetuning for Lotus-
v2 is not possible because the model could not be trained under the available
memory budget (96 GB).

Poppy avoids this issue by keeping the backbone weights frozen and opti-
mizing only a small set of offset variables (image offsets, normal offsets, and
radiance maps). Since gradients are not computed for the backbone parameters,
the backbone can be executed in inference mode while the optimization updates
only the offset tensors. Consequently, the memory overhead of Poppy is less than
direct finetuning.

Table 5: Comparison of Poppy and finetuning. We compare the backbone
models (None), direct backbone finetuning with the polarization loss (Finetune), and
our polarization-guided optimization (Poppy). The best result for each backbone and
dataset is highlighted in bold. Finetuning results for Lotus-v2 are not reported because
the model could not be trained due to GPU memory constraints.

Backbone Variant Synthetic Real

SfPUEL NeRSP NeISF DeepPol SfPUEL NeRSP PISR

Marigold
None 15.19 21.47 20.03 27.29 17.45 19.03 18.06
Finetune 13.11 17.15 12.38 21.38 11.02 17.23 17.44
Poppy 12.45 16.55 12.33 21.07 12.12 17.01 16.71

Lotus-v2 None 13.14 17.85 15.30 19.80 12.38 17.76 13.90
Poppy 10.22 13.82 9.92 15.08 9.64 15.48 12.82

MoGe-2
None 10.93 16.08 13.55 15.95 10.84 15.63 12.82
Finetune 9.53 12.32 8.64 12.63 8.34 15.06 15.30
Poppy 9.19 11.98 9.58 12.80 8.74 14.51 13.54

Quantitative comparison with direct finetuning. Tab. 5 compares the backbone
models, direct backbone finetuning with the polarization guidance, and Poppy.
The best learning rate is searched and used for each backbone (10−6 for Marigold
and 10−7 for MoGe-2) for comparison. Overall, both finetuning and Poppy
achieve similar performance across datasets, with only small differences in MAE.
Fig. 13 shows that the similar performance is not due to insufficient finetuning
steps but rather that both methods converge to comparable solutions. This indi-
cates that most of the benefits of polarization-guided adaptation can be obtained
without updating the backbone weights.

Fig. 13 further illustrates the optimization dynamics of both approaches.
While finetuning converges, its loss trajectory is noticeably less stable and os-
cillates. In contrast, Poppy converges smoothly, reflecting the well-conditioned
nature of optimizing small offset variables against a frozen backbone.



Poppy 27

0 20 40 60 80 100
Optimization step

10

12

14

M
A

E 
(°

)
NeRSP (synthetic)
Poppy

SfPUEL (synthetic)
Finetune

Fig. 13: MAE convergence curves over optimization steps for Poppy and
direct backbone weights finetuning (MoGe-2) across SfPUEL and NeRSP
synthetic datasets. Poppy converges more smoothly, while finetuning exhibits un-
stable oscillations despite very small learning rates.

Importantly, Poppy incurs less computational overhead while achieving sim-
ilar performance to the finetuning approach. As a result, it is more memory
efficient and practical for various models.

G Comparison of learned diffuse–specular radiance
decomposition

Fig. 14 compares the predicted diffuse and specular radiance components with
the corresponding ground-truth decomposition in the NeISF dataset. The pre-
dicted Ld closely reproduces the ground-truth diffuse appearance, preserving the
global shading patterns of the objects, while Ls effectively isolates reflective re-
gions, particularly near the object boundaries and corners where strong specular
reflections from surrounding surfaces occur. The absolute error maps confirm
low reconstruction error across most valid pixels, and the PSNR and SSIM val-
ues further confirm that the decomposition is quantitatively consistent with the
ground truth decomposition.

H Image editing from our learned decomposition

Fig. 15 demonstrates appearance editing applications, mentioned in Sec. 5.3,
enabled by the diffuse and specular radiance components learned using Poppy.
Edits applied to the diffuse component Ld modify the surface color appearance
while preserving the original specular highlights and reflection patterns, as shown
in the recoloring example. In contrast, edits to the specular component Ls affect
the material’s reflective properties. Changing the hue of Ls produces a metallic
appearance, simulating materials with strong, colored specular reflections across
the entire surface. By independently controlling Ld and Ls, realistic material
modifications can be achieved while maintaining consistent lighting and shading.
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Fig. 14: Qualitative comparison of the predicted diffuse (Ld) and specular
(Ls) radiance components with ground truth (GT). The absolute error maps
(shown as percentages) visualize per-pixel reconstruction error within the valid polar-
ization mask, with overall PSNR and SSIM values reported as labels on each error map.
The valid mask indicates pixels where polarization-based constraints are reliable and
used during optimization. The results show that the predicted decomposition closely
matches the ground truth across both diffuse and specular regions, with low absolute
errors over most valid pixels.

Image Diffuse (Ld) Specular (Ls) Metallic Appearance Recoloring

Fig. 15: Applications of radiance decomposition from Poppy for appearance
editing. Given the estimated diffuse (Ld) and specular (Ls) components, different vi-
sual effects can be achieved by manipulating each component independently. Recoloring
modifies the diffuse radiance Ld to change the surface color while preserving specular
reflections, while the metallic appearance effect is produced by editing the specular
radiance Ls. These examples demonstrate that the decomposition enables flexible and
physically interpretable image editing.


	 Poppy: Polarization-based Plug-and-Play Guidance for Enhancing Monocular Normal Estimation

