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1. Losses

3DGS [KKLD23] proposed the RGB photometric loss L,gp,, com-
prising the pixel-wise mean absolute error and structural similarity
index [BPH24] between the rendered image 7 and its ground truth
7, as shown in Equation 1. We set Agspy = 0.2, aligning with pre-
vious works.

Ligp = (1 —Assim)L1 +AssimLp—ssim )]

To regulate the shape of Gaussians for unbiased depth rendering,
we adopt the plane loss Lpjape from [CLY*25]. Equation 2 defines
Lplane, Where min selects the smallest component of an input vec-
tor, and V denotes the set of Gaussians that are visible during the
rasterization process. We set Ayjane = 100.0, following [CLY*25].
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We follow previous works [HYC*24,HSG24,DXX*24,YSG24,
WLW?*24, CLY*25, JTL*24, LZF*24, ZWY25] in defining the
depth-normal consistency loss Lg,. A normal map N can be es-
timated for a viewpoint by applying a Sobel-like operator to the
rendered depth map D. The process first uses depth values from
D and camera intrinsics K to find 3D points p. in camera space
for all pixel coordinates p. It then computes for each p. two direc-
tional vectors, g, and gy, estimating the local gradients by using 4
neighbors of p.. The normal direction at p. can now be derived by
taking the cross product of these gradients, as described in Equa-
tion 3. Equation 4 derives Lq,, where the norm-1 error is weighted
with gradients of Z for edge-aware consistency. We set Aq, = 0.03,
determined via empirical experiments.
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Until recently, multi-view consistency constraints received credit
for boosting mesh reconstruction performance [CLY *25, WLW*24,
HSG24]. Ly consists of multi-view geometric and photometric
errors, denoted Lg and Lp, applied on grayscale ground truth Zg.
The loss is computed as their weighted sum, as shown in Equation
5, where Ag and A are set to 1073 and 0.15, respectively.
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To stimulate geometric consistency across views, we perform
forward and backward projections of pixels in a reference view Cr
with a neighbor view Cy and minimize the reprojection error. Un-
like PGSR [CLY *25], we incorporate a decay rate rg = 3.0 into the
exponential weight involved in Lg computation, as shown in Equa-
tion 6. Here, pn and iy, are pixels and their normals in a neighboring
view corresponding to pixels pr and normals n; in the reference
view, respectively. These correspondences are identified through
forward and backward projections with occlusion-aware filtering.

Lg(p) = exp(—rg|[pn — pr||1)(||Pn — pr||1 +arccos(fin -nr)) (6)

For the multi-view photometric consistency, we compute the Lp
term identically to [CLY *25]’s implementation, i.e., the normalized
cross-correlation (NCC) [YHO09] between warped patches Pr and
Pn sampled from gray images of reference and neighbor views, re-
spectively. As before, corresponding patches Pn in neighbor views
are found via homography matrices H, that transform pixels from
Cr to Cy. In particular, Equation 7 defines L, where exponential
weighting is applied as with Lg.

LP(P):ﬁzexp(—ﬂf’n—l’r\h)(l—LNCC(ﬁn(P)vpr(P))) ™
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The total variance measured for a feature map X and finite dif-
ference calculated for a weight map )V (defined for all image pixels
p = (u,v)) are given in Equation 8 and 9, respectively.
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We then provide the normal total variance loss Lty and the BRDF
smoothness loss Lsm in Equation 10 and 11, respectively, with
Anormal = 0.1, Agmooth = 0.01, and ko = 8.0.

Wg = 0.5 x tanh(kro (0.5 — R)) +0.5

(10)
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If ground-truth masks are provided, we apply the alpha loss
Laipha as shown in Equation 12. Here, T and T are the blended
alpha map and ground truth mask defined for all pixels p, with
Aaipha = 0.2.
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The total loss L is finally given in Equation 13, where Ly, is
essentially L, with 7 replaced with Z—the PBR image. Please
refer to the main paper for the detailed implementation of L, and
the joint optimization process.

L= [:plane + ['alpha + ['dn + Lmv + [:tv + Esm + [:ro + ['pbr (13)

2. Physically based rendering

To recap, [Kaj86] introduced the rendering equation calculating the
outgoing radiance Lo (X, o) at a surface point x in direction ®, as
in Equation 14.

Lo(x,00) = Le(x )+ [ fr(x,01,00)Li(x. ) cos8ildo (14)

The outgoing radiance is described as the sum of the emitted
radiance Le(X,00) at X along o, and the incident radiance from
all directions on the sphere 52 centered at x scaled by the bidirec-
tional reflectance distribution function (BRDF) f;(x,®;,®,) and
a cosine term. We employ the Cook-Torrance microfacet model
[CT82, WMLTO7] to formulate the BRDF given an arbitrary sur-
face point, as shown in Equation 15.

DXFxG
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Here, the albedo a, metallic m, and normal n values are retrieved
from the rendered albedo A, metallic M, and normal N map, re-
spectively, as the shading is performed during the deferred render-
ing step. The Fresnel term F' quantifies how reflectance changes
with viewing angle and is computed using Schlick’s approximation
[Sch94]. The geometry term G accounts for self-shadowing and
masking, where microfacets occlude light or block reflected rays.
The normal distribution function D describes the statistical orien-
tation of microfacets relative to the surface normal. It determines
the concentration of microfacets aligned with the halfway vector
h between light and view directions, i.e, h = (0o + ;) /|®o + @].
Equation 16 details the D term, where 0y, is the angle between h and
the surface normal n, and roughness values p are extracted from the
rendered roughness map R.
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D(p>eh) =

Since the integral term in Equation 14 is intractable in prac-
tice and requires specialized ray-tracing hardware for efficient
sampling, [KG13] proposed an approximation to the rendering
equation. Specifically, when substituting the BRDF formulation of
Equation 15 into Equation 14, the rendering equation can be de-
composed into a diffuse Ly and specular Ls component. As light-
emitting surfaces are not within the scope of our method, the L.
term is dropped, and Equation 14 can be rewritten as Equation 17.

Lo(X,00) = Lq(X,®0) + Ls (X, 0o) an

The diffuse Ly term is defined in Equation 18, where the inte-
gral domain $? s replaced with the hemisphere Q about the sur-
face point x and normal n as we do not model transmission. The
diffuse lighting (the integral term) can be interpreted as incoming
irradiance to x given an outgoing direction ®o. As a result, it can
be prefiltered by convolving a cubemap storing the environment ra-
diance. At runtime, the cubemap is sampled from @, direction to
retrieve its corresponding irradiance value.

Laxoo) = (1=m)2 [ Lixo)m-o)de  (3)
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The specular Ls term, defined in Equation 19, has the integral
term depending on ®, and thus cannot be pre-computed like Lg.
Therefore, the split-sum approximation proposed by [KG13] treats
Ls as two components following Equation 20.

DXF xG

La(nan) = [ Lxodor | 2l

(n . U)i)d(l)i (20)

The first component of this approximation assumes constant in-
coming lighting and is fairly accurate for common environments.
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This component can be prefiltered in the same manner as Lg, but it
must take roughness into account, with increasing roughness values
gradually blurring the cubemap. As a result, the environment light-
ing is precomputed at multiple mip resolutions, each correspond-
ing to a roughness level. At runtime, the supplied roughness p will
select the closest environment mipmap to sample irradiance from,
avoiding the need for expensive computation. Thanks to this split-
ting, the BRDF’s response values in the remaining term can now be
pre-computed and stored in a 2D lookup texture (LUT). Similar to
the first term, the 2D LUT encodes information for each roughness
level and can be efficiently sampled during runtime to retrieve the
integral value. The prefiltered cubemap and its mip scales make up
the environment light map £ of the scene.

In our implementation, the above formulation is realized as a
fully differentiable deferred shading module operating on the ren-
dered G-buffer. Given per-pixel normals N, view directions ®o,
albedo A, roughness R, and metallic M, we first compute the re-
flection direction @y = 2(n- ®o)n — ®, and use it to query a pre-
filtered specular environment map. The diffuse irradiance is ob-
tained by sampling a low-frequency cubemap using surface nor-
mals, while the specular radiance is retrieved from a roughness-
dependent mip level of a high-resolution environment cubemap,
following the split-sum approximation [KG13]. This design avoids
explicit Monte Carlo integration and enables efficient shading dur-
ing optimization.

To approximate the BRDF integral in Equation 20, we employ a
precomputed 2D lookup texture (LUT) indexed by the dot product
N-V and the roughness p. The LUT stores the integrated Fresnel
and geometry response terms, allowing the specular reflectance to
be expressed as

Rs = Fy- LUTx(N-V, p) + LUTy(N-V, p), 1)

where F is the base reflectance at normal incidence. We set Fo =
0.04 for dielectric materials and interpolate it with the albedo for
metallic surfaces as Fgp = (1 —m) -0.04 + m - a. This formulation
mirrors standard real-time PBR pipelines and ensures stable gradi-
ents during backpropagation.

Finally, the diffuse and specular components are combined as

I=(1-m)a-&(n) + &E(wr,p)-Rs, 22)
where £y and & denote the diffuse and specular environment maps,
respectively. Optional ambient occlusion and tone mapping can be
applied as post-processing steps. This formulation yields a phys-
ically yet computationally efficient shading model that integrates
seamlessly into our joint optimization framework and remains fully
differentiable with respect to all BRDF and G-buffer parameters.

3. More experimental results

This supplementary section provides additional reconstruction re-
sults we conducted with our and other methods for comparison, in
particular:

e Figure 1, 2, and 3 provide qualitative comparisons of recon-
structed meshes for the DTU dataset. The figures compare 2DGS
[HYC*24], PGSR [CLY*25], and two variants of our model.

e Figure 4 compares the reconstructed normals of our full model
with three SoTA in surface reconstruction for the Shiny Blender
Synthetic dataset [VHM*22].

e Figure 5 and 6 showcase the reconstructed meshes of the Barn
and Truck scenes from the TnT dataset [KPZK17], respectively.
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Figure 1: Qualitative comparison of reconstructed meshes from the DTU dataset - Part 1
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Figure 2: Qualitative comparison of reconstructed meshes from the DTU dataset - Part 2
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Figure 3: Qualitative comparison of reconstructed meshes from the DTU dataset - Part 3
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Figure 4: We compare the reconstructed normals of our full model with three SoTA in surface reconstruction: 2DGS [HYC*24], GOF
[YSG24], and PGSR [CLY*25]. SoTA methods suffer from the ambiguity caused by reflection, resulting in meshes with distorted or non-
watertight geometries. Our method, on the other hand, produces more accurate reconstructed surfaces thanks to the cooperation of Lo, Ltv,
and Ly, during the joint optimization process.
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Figure 5: Reconstruction of the Barn scene from the TnT dataset
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Figure 6: Reconstruction of the Truck scene from the TnT dataset



