
https://github.com/google/GNM










































GNM Head: A Generative aNthropometric Model of the human head

Figure 14 j Qualitative comparison of 3D face reconstruction on synthetic images. For each
synthetic sample, the leftmost panels show the input image, the ground truth (GT) dense surface
landmarks (approx. 7 000 points), and the GT target geometry. The middle panels display the
reconstructed geometry and the corresponding color-coded error map for the FLAME model. The
rightmost panels show the reconstructed geometry and error map for the GNM model. The error
maps visualizes the reconstruction error, illustrating the higher expressivity and tighter fit achieved
by GNM.
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it eliminates the uncertainty associated with 2D landmark detection, allowing us to use ground-truth
2D landmarks as the data term. We use a highly dense set of 7 000 ground-truth surface landmarks
in the face region to fit both the GNM and FLAME models, applying an identical optimization pipeline
to both. In Table 3, we report the average reconstruction metrics across all 2 000 samples. Figure 14
provides qualitative examples of fitting FLAME and GNM to these dense landmarks on synthetic
images. The resulting fits clearly highlight the superior expressivity and geometric fidelity of GNM
compared to FLAME.

Method Mean (mm) Median (mm) Std Dev (mm)
FLAME (Li et al., 2017) 2.172 2.086 0.458
GNM 1.683 1.589 0.591

Table 3 j Quantitative reconstruction evaluation on synthetic data. We report the mean, median,
and standard deviation of the reconstruction error (scan-to-mesh distance in mm) evaluated across
2 000 single-view synthetic images. Both models are fitted using an identical optimization pipeline
driven by 7 000 GT dense 2D landmarks. GNM achieves a substantially lower mean and median error
compared to FLAME, demonstrating its superior capacity as a robust 3D shape prior.

4.2.2. Fitting to Multi-View Captures

The second scenario expands our evaluation to fitting GNM to synchronizedmulti-view videos captured
in a controlled studio environment. Here, we slightly modify our optimization pipeline to solve for a
single, shared set of identity coefficients across all frames while continuing to solve for per-frame
expression coefficients, joint rotations, and root translations. Detailed reconstructions are shown in
Figure 15, demonstrating our pipeline’s ability to handle multi-view inputs with high accuracy. All
results depicted in Figure 15 lie strictly within the shape space of the GNM model and contain no
out-of-model deformations.

4.2.3. Fitting to In-the-Wild Images

Our final scenario evaluates single-view 3D face reconstruction under unconstrained, in-the-wild
(ITW) conditions. These images feature variable lighting, diverse camera parameters, and extreme
facial expressions, posing a significant challenge for robust 3DMM fitting. Exemplar reconstructions
in these unconstrained settings are shown in Figure 16.

A crucial advantage of the GNM model in these ITW scenarios is its comprehensive modeling
of the inner mouth cavity, including the teeth, tongue, and gums which are absent in FLAME. By
explicitly anchoring the optimization to the detected 2D landmarks for these regions, GNM is able to
accurately recover peri-oral deformations, such as extreme jaw openings and tongue expressions. As
shown in the close-up reconstructions in Figure 17, GNM successfully recovers fine geometric details,
down to individual teeth and extreme tongue poses, leading to overall fits with significantly better
structural fidelity than FLAME. Ultimately, by modeling both the visible facial skin and the underlying
oral anatomy, GNM achieves highly detailed, accurate, and anatomically plausible geometries that
current models cannot match.

4.3. Semantically Sampling GNM

While linear bases constructed via PCA (such as the identity basis I and expression basis E) span the
anatomical and dynamic variations of the human head, their raw coefficients # and 5 are inherently
statistical and lack intuitive, localized semantic meaning. A random walk in the raw PCA subspace
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Figure 15 j Multi-view reconstruction images. Top row: Synchronized multi-view input images of
extreme expressions. Bottom row: Corresponding GNM fittings. The GNM model is able to recover
highly accurate facial identity and expression, and handle complex deformations of both the facial
skin and the internal oral cavity, when fit to multiview images.
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Figure 16 j Single-view 3D face reconstruction on in-the-wild (ITW) images. Qualitative comparison
of fitting FLAME and GNM to unconstrained single-view images under variable lighting conditions.
For each sample block, we show (from left to right): the ground-truth input image, the predicted
dense 2D landmarks used to drive the fitting, the FLAME baseline reconstruction, and the proposed
GNM reconstruction. GNM demonstrates superior expressivity in capturing extreme, non-linear facial
articulations, such as jaw openings, forward tongue expressions and asymmetrical ocular movements.
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