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Problem Setting & Motivation

3D Face Reconstruction from a single 2D photo
2D Input 3D Reconstruction

' | .

Methodology Fairness Insights

RQ2: Age — CRE Pearson Correlation

BFM 3DDFA-v3

Ground Truth

&

FLAME Deep3D MGCNet DECA MICA

AR AL A

Curvature-

Pearson correlation: £ore vs. 3D Reconstruction

Clusters @nose @mouth Qcheek @forehead
CRE deteCtS All |Female|Male| All |Female|Male| All |Female|Male| All |Female|Male
Ground Truth Face 3D Reconstruction Regions Segmentation Curvature Error Map bias w.r.t. age, $PMM BFM 0.39] 032 lo0.5910.33] 0.21 lo.e7lo. 77| o0.72 lo.88l0.52| 0.49 |o.59
3D Morphable Model (3DMM) Repr. ~ FLAME |0.78| 0.79 |0.78/-0.03| -0.16 |0.18|0.82| 0.84 |0.82|0.41| 0.48 |0.25
P whereas NMSE-
Deep3D |0.24| 0.18 |0.41]-0.23| -0.19 |-0.38/0.69| 0.81 |0.62|0.58| 0.54 |0.66
— 7+ Z'BW’ _ What we propose: Curvature Reconstruction Error based metrics _ Model  3DDFA-v3|0.67| 0.65 |0.73|0.31| 0.30 |0.37|0.79| 0.78 |0.88(0.53| 0.55 |0.48
. JT] What we had before: NMSE (CRE) cannot capture It fom MGCNet |0.54| 0.50 |0.67/0.30| 0.30 |0.32|0.80| 0.79 [0.89|0.51| 0.54 |0.47
Jj=1 2D image DECA  |0.73| 0.75 |0.70/-0.32| -0.30 |-0.35|0.76| 0.80 |0.85|0.40| 0.46 |0.28
. . MICA 0.69| 0.72 |0.65|-0.31| -0.31 |-0.30(/0.79| 0.76 |0.88|0.43| 0.48 |0.31
with 72 € R3M the mean face, Wl PCA basis and ,B] the shape LIS (M) = Z v Tpts )| ‘ y .
| , M) = — @ (M, M D ‘H —HA(TPS  (y ‘M o
parameters, j = 1,..., Np4. NMBE \7’ ve ! M= CrEl )= Tr(M) - ( a.a ) RQ3: Ethnicity with respect to Error Clusters
tS - . . ve . Error Cluster 1 Error Cluster 2 Error Cluster 3 Error Cluster 4 Error Cluster 5 Error Cluster 6 Error Clu f 7 Error Cluster 8 Error Cluster 9
where TV~ is point-to-surface mapping. where H") is mean curvature, M is the diagonal mass ~ .
Basel Face Model M= M . . . % \ \ +
(BFM) matrix whose entries M, correspond to the barycentric = X
y N
area for each vertex v € 7. -
NV p— 53,490, Error Cluster 1 Error Cluster 2 Error Cluster 3 Error Cluster 4 Error Cluster 5 Error Cluster 6 Error Clus 'I r7
NPCA — 199 « . _ _ FLAME & k \\ 4 ‘ &
X Point-to-surface distance v Curvature difference ( ‘ (E4) £2 o ) N

X Global fidelity only
X Insensitive to ridges, creases, folds
X Near-random alignment with human judgment (accuracy

~ 42 — 54 %)

X Detects NO significant age or ethnicity bias

v Sensitive to local surface geometry

v Captures ridges, folds, undulations

v Aligns with human judgment (accuracy > 73 %)

v Detects significant age bias and preliminary detects
ethnicity bias

*Finite Training Data: BFM: 200 scans, FLAME: 3,800
scans
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Experiments & Results

>

2. Perceptual Validation
3. Systematic Bias Discovery

with human perception of reconstruction quality

RQ1 - Perceptual Validati()n - User StUdy Metric Mapping R| K |Norm |Pairwise-Accuracy, % |Pairwise-ROC-AUC, % s . r ' \
C | | specific failure M L, 4,3\ &,. g ‘9 w—
omparison of Reconstruction Errors Protocol EREALY|  pparLy |-| - | - 53.92 56.53 & v
. gpts Points-to-surface|—| - - 49.32 55.02 mOde. BFM Reconstruction
- 19 annotators, diverse backgrounds NMSE
. . . . vix . .
- Pairwise comparisons of nose reconstructions Enmsp |Vertex-to-vertex|—| - | - 42.03 42.47 RQ4: Morphology Traits with respect to Error Clusters
Ground Truth
» 2,414 pairs — 1,085 labeled (=75% agreement, Ecre |Points-to-surface|3|128| L, 73.63 82.66 - .,(Pcc.lt) ‘1 Emorcwsterz  Emorcusers .(,Pg.14tf)4 eror Cluster 5
>5 votes) Ecre |Points-to-surface|1| 128 | L, 71.38 80.63 L)
nstruction| - . . Ecre |Points-to-surface|1l| 512 | L, 68.32 78.17 BFM Q u\ Q & - 5SOMM fa”ure
Reconstructio BFM reconstructions of REALY faces €orr |Pointe-tosurface|1|1024| L. 66 59 c4 35 (v = | 5= | L/
TS OTREETT TR U Theny modes are
A A B A B Ecre |Points-to-surface|2| 128 | L, 72.46 81.86 .
Error A < Error B Error A > Error B Ecnp | Points-to-surface|2 | 512 | L, 68.77 o 46 - & | L\, 1p Q 1 !: \ , SyStematIC rat.her
A=3279>B=3.032 | A=2071<B=2475 Ground Truth \ u -; Ecre |Points-to-surface|2[1024| L; 66.79 77.46 V O | A ‘ﬁj ? & W than stochastic.
‘ - Ecre |Points-to-surface|3| 512 | L1 70.66 79.36
| 4 - Ecre |Points-to-surface|3|1024| L, 69.85 78.83
] ] Reconstruction 6 : Q Ecre |Points-to-surface|4| 128 | L1 73.00 81.85 .
Contributions _ f, Ecre |Points-to-surface|4|512 | Li 70.93 79.40 Conclusion
@ - o. - 0. —o. - o. Ecre |Points-to-surface|4(1024| L1 70.66 79.17 _ _ _ _ _ _
Sifference between o TOTIEREAOT ) AR AR — -~ 1. CRE aligns better with human perception of reconstruction quality. It achieves
o A =3.279 > B = 3.032 A=2.071<B=2475 A=2540>B =2.470 CRE omts-to-suriace 2 . .
Mean CurvatureS ljvsAiiE Error A < Error B Error A > Error B Error A > Error B ¢cre |Polnts-to-surface| 3 | 512 L2 69.67 7781 740/0 Of perceptual accuracy (VS 042_054 for NMSE)
£crp |Points-to-surface|3[1024| L, 68.14 76.99 2. CRE detects bias w.r.t. age which is strongest in cheek region (Pearson
Ecre |Points-to-surface|3 | 128 | Huber 67.60 75.82 correlation up 1{0) 088)
1. Curvature-Aware Evaluation Framework . . €cre |Points-to-surface| 3 | 512 | Huber 62.74 70.40 imi i i i i
Curvature Reconstruction Error (CRE) better aligns Ecnp |Points-to-surface| 3 [1024| Huber 61.57 69.51 3. CRE offers preliminary evidence of gender, ethnic, and morphological biases.

These findings suggest that 3DMM representational bottlenecks are inherent to
their linear prediction subspaces rather than a failure of 2D-to-3D inference.




