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Figure 1: Base mesh reconstruction for a multi-view video sequence overlaid on the video frames. Our method captures the
facial performance well. The result meshes are temporally stable and accurately align with the input images. Visualizing with
a shared checkerboard texture indicates good tracking quality. Please see the supplemental video for better visualization.
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Supplemental Video. Due to upload size limit, we can-
not provide the supplemental video in the official supple-
mental materials. Please see the video on the project page:
https://tianyeli.github.io/tofu.

Additional Quantitative Results. Tab. 1 provides ad-
ditional quantitative comparisons to other learning based
methods, namely 3DMM regression and DFNRMVS [1].
Fig. 2 shows the cumulative error curves for scan-to-mesh
distances among the methods. All methods are evaluated
on a common held-out test set with 499 ground truth 3D
scans; no data of test subjects are used during training. The
geometric reconstruction accuracy is evaluated using scan-
to-mesh distance (s2m) that measures the distance between
each vertex of a ground truth scan, and the closest point
in the surface of the reconstructed mesh. The correspon-
dence accuracy is evaluated using a vertex-to-vertex dis-
tance (v2v) that measures the distance between each ver-
tex of a registered ground truth mesh, and the semantically
corresponding point in the reconstructed mesh.

Methods median s2m | median v2v
3DMM Regr. 2.104 3.662
3DMM Regr. (PP) 1.659 2.890
DFNRMVS [1] (PP) 1.885 4.565
Our Method 0.585 1.973

Table 1: Comparison on geometry accuracy (median s2m),
correspondence accuracy (median v2v) among the learn-
ing based methods, measured in millimeters. “PP” denotes
the result after a post-processing Procrustes alignment that
solves for the optimal rigid pose (i.e. 3D rotation and trans-
lation) and scale to best align the reconstructed mesh with
the ground truth. Note that our method requires no post-
processing.

Our method outperforms (w/o post-processing) the ex-
isting methods (w/ and w/o post-processing) in terms of ge-
ometric reconstruction quality and the quality of the corre-
spondence. Note that while the distance of DFNRMVS [1]
is higher than for the 3DMM regression, DENRMVS [1] is
visually better in most regions. Their reconstructed meshes
tend to have large errors in the forehead and in the jaw ar-
eas, as shown in Fig. 5, due to a different mask definition for
their on-the-fly deep photo-metric refinement. Fig. 5 in the
paper shows that our methods produces significantly better
reconstructions than DFNRMVS [1] across the entire face.
Additional Qualitative Results. We evaluate our trained
model on a multi-view video sequence with 8 calibrated
and synchronized views, captured at 30 fps. We apply our
progressive mesh generation network in a frame-by-frame
manner, without applying any temporal smoothing. Fig. 1
shows that our base mesh well captures the extreme expres-
sions, and it aligns well with the input images. Despite
being trained on static images only, the resulting recon-
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Figure 2: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among learning based
methods.
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Figure 3: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among local refinement
stages.

struction is temporally stable, as shown in the supplemental
video. Fig. 9 shows additional base mesh reconstructions
for different static multi-view images of varying subjects
in different expressions. Our method reconstructs the face
shape and expression well, closely to the ground truth scans.
We show more visualizations in the supplemental video.

Impact of Local Refinements. Fig. 3 shows the cumula-
tive error curves for scan-to-mesh distances among the local
stages. Given the coarse mesh Mg as output of the global
stage, each local stage successively increases the mesh res-
olution and refines the vertex locations. Fig. 6 demonstrates
the effect of each local refinement step. As shown in Fig. 6,
the quality of the reconstructed mesh improves after each
local stage, while the scan-to-mesh distance to the scan re-
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Figure 4: Quantitative evaluation by cumulative error
curves for scan-to-mesh distances among various humbers

of views. Figure 7: Visualization of cross-subject dense correspon-
dence of the base meshes inferred by ToFu in a shared
checkerboard texture.

Figure 5: Example results from DFNRMVS [1].

Figure 8: Our system can also infer clothed human body
Figure 6: Inferred meshes for global stalgey and after surfaces in consistent topology.
upsampling and re nement for each local stdgg (1
i 3).

) istic rendering.

Results on Clothed Human Body Datasets.While we
duces. Note that details such as nose corners and ||pS gra%cus on face mesh in Correspondence, we nd that our
ually improve through the local stages. method can also predict clothed full body meshes in cor-
More Ablation on Number of Views. Fig. 4 shows the  respondence. We test our method on a dataset of human
cumulative error curves for scan-to-mesh distances for net-bodies as shown in Fig. 8. Human bodies are challenging
works with different number of input views. due to large pose variations and occlusions. Given the chal-
More Results on Appearance and Detail Capture. lenging inputs, our methods still outputs detailed geometry
Fig. 10 shows additional results of the appearance enhancewhich closely t the ground truth surfaces with small scan-
ment network, which predicts normal displacements and ad-to-mesh distances, shown in Fig. 8. Checkerboard projec-
ditional albedo and specular maps on top of the predictedtion also shows the accuracy of semantic correspondence
base mestM (see Fig. 2 of the paper). Our reconstruc- among extreme poses. The results demonstrate the exibil-
tion pipeline (i.e. base mesh reconstruction and appearancéy of our method for highly articulated and diverse surfaces.
and detail capture) enables us to reconstruct a 3D face withAlbedo. While the input images in our datasets are diffuse
high-quality assets, 2 to 3 orders of magnitude faster thanalbedo images, obtained with polarized lighting and cam-
existing methods, which can readily be used for photoreal- eras [3, 5], the results, shown in the paper, indicate that our



