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In this supplementary material, we first provide more technical
details on our rendering component and a brief overview of func-
tional maps framework in Sec.1. Then we introduce implementa-
tion details in Sec.2, followed by more comprehensive qualitative
results in Sec.3.

1. Technical Details

Rendering Details: During mesh rendering, camera rays will in-
evitably hit the face of a triangle mesh, instead of the vertices. Thus,
we use barycentric coordinates to calculate the eigenbasis. In gen-
eral, a point with barycentric coordinates (u,v,w) is inside (or on)
the triangle if and only if 0 < u,v,w < 1, or alternatively if and only
if0<v<1,0<w<1,and v+w < 1. With v and w arbitrary, we
can reformulate P = uA+vB+wC,u+v+w =1 as:

P=A+v(B—A)+w(C—A)

1
=(l—v—w)A+vB+wC. M
To solve for the barycentric coordinates, Eqn.1 can be written as
vwo+wvy = vy, where v =B —A,vi =C—A, and v, = P — A.
Now, a 2 x 2 system of linear equations can be formed by taking
the dot product of both sides with both vy and vy:

V(VQ-V0)+W(V1 'V()) = V3V, o)
v(vo-vy)+w(viv)) =vy- vy

Functional Maps: Functional Maps is an alternative represen-
tation of point-wise maps, which is formulated primarily upon
the eigenbasis of the Laplace-Beltrami operator. Given a pair of
shapes S1, 5> , we first compute the first k eigenfunctions with
respect to the smallest k eigenvalues and stack them as matrices
;€ R”"Xk,i = 1,2. Given a point-wise map encoded as a permu-
tation matrix ITp; € R™*" | the functional representation is:

Cp = q);HZl(Dl e RV 3)

where t denotes the Moore Penrose pseudo-inverse. Regarding the
inverse conversion, one can compute point-wise map from S; to S
via searching the nearest neighborhood of each row of ®; among
the rows of ®;Cl,.

One of the key properties of functional maps is that, by in-
troducing the spectral embedding, i.e., ®;,P, , we can express
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global map priors in simple algebraic forms in terms of Cj,. For
instance, area-preserving maps are supposed to correspond to or-
thogonal functional maps [OBCS*12]. In other words, one can add
HCITZC 12—1 H2 as regularization to promote such property, which
is also the unsupervised orthogonal loss in our pretraining method.
Similarly, we can encourage the map to be isometric by promoting
Laplacian commutativity, i.e., minimizing ||AyCjp — C12Aq]|. Tak-
ing maps in both direction, we can further enhance bijectivity by
minimizing ||C>;Ci2 — 1.

Computation of Functional Map: We provide further explanation
and deduction for the computation of functional map. In the main
article, we discuss about the following formulation:

. 2
Copt = min [|®;Cyj — I +A[|Cija — A7, @)
ij

Let %Copt = 0 then we have:

J 2 2
f(”cpjcij_njiq’i” +A|CijA —A;Ci ) 5)
ij

= 2(13';{ (@jC,‘_,‘ — Hj,‘(b,‘) +2MA - Cij=0,

where the operation - represents the element-wise multiplication,
and Ay = (p,ji - ,uf,,)z, where yf and ,uf respectively correspond to
the /' eigenvalues of A; and A;. Inspired by [DSO20], for every
row ¢, of Cj;:

. N\ 2
(cp}cpj + Adiag ((H{,, —,451) )) er =" by, 6)

where b, stands for 7" row of T jiPi. Since solving a linear system
is differentiable in Pytorch, this allows us to estimate the functional
map during training.

2. Implementation Details

Dataset: We use D-FAUST [BRPMBI17] as the source dataset to
render the pretraining dataset. We randomly choose 10 male and
10 female sequences with different poses. During the rendering,
in order to ensure diversity and difficulty, we randomly rotate the
meshes and the region of the angles is [-72, 60]. We also calculate
the percentage of pixels occupied by the human body in the entire
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image, with an average value of 7.74%. Thanks to the specialty of
DFM, we can handle large deformation and large intervals between
the two input frames. Thus, we can easily enlarge the dataset by
enlarging the intervals between two frames.

Training Settings: For RAFT, during the pretraining stage, the
batch size is 8 and the total steps are 100,000, the learning rate is 4e-
4. While finetuning on SHOF, the batch size is 30 and the steps are
100,000 with a learning rate equal to 4e-4. We further finetune on
MHOF with another 50,000 steps and the learning rate is 1.25e-4.
For GMA, all the learning rates are the same as RAFT. During the
pretraining stage, the batch size is 8 and the total steps are 120,000.
While finetuning on SHOF, the batch size is 24 with 120,000 steps
and we further finetune on MHOF with another 60,000 steps.

Network Structure: As mentioned in the main article, we can di-
vide the common optical flow network into an image feature ex-
tractor and optical flow estimator. As is shown in Fig. 1, for RAFT
[TD20], we view the part highlighted in the blue box as the image
feature extractor. In the pretraining stage, we use the whole network
to get the estimated optical and use DFM to enhance the image fea-
ture extractor. During the finetuning stage, we just load the param-
eters of the image feature extractor and freeze the batch normaliza-
tion information, while the flow estimator is trained from raw and
the feature extractor will also be updated. For GMA [JCL*21], we
do the same process, and the image feature extractor is also high-
lighted in the blue box, as is shown in Fig. 2.

Figure 1: The whole pipeline image is from RAFT [TD20]. We pre-
train the feature extractor highlighted in the blue box.
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Figure 2: The whole pipeline image is from GMA [JCL*21]. We
pretrain the feature extractor highlighted in the blue box.

3. Qualitative Results

Pretraining Dataset: To demonstrate the connection between
shape matching in DFM and optical flow estimation between two
frames, we further visualize both the point cloud matching and es-
timated optical flow, as is shown in Fig. 4. For each frame, we have
its corresponding point cloud. We can visualize the shape matching
results constrained by DFM through a color map. By mapping the
colors of the source shape onto the target shape, we can find the er-
ror parts clearly and directly. The better the shape matching result
is, the more consistent the colors on the target shape are with those
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Figure 3: We visualize the results on both D-FAUST and SHOF
dataset.
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on the source shape. For RAFT, we use the given Sintel checkpoint
and we compare our pretrained model with it. The interval between
the two frames is 20. Though RAFT-S can estimate a quite good
optical flow, when translating the flow into point cloud correspon-
dence, it will fail at legs or hands, as is highlighted in the red box.
Our pretrained model can fix such errors and provide both accurate
point cloud matching and optical flow estimation, further demon-
strating the strong combination between 3D shape matching and
2D optical flow estimation.

UnFlow-RAFT: We provide qualitative results for UnFlow-RAFT,
which we use the unsupervised losses in [MHR18] at the pretrain-
ing stage. Although the network can converge quickly during the
training process, it will produce the same homogeneous output re-
sults, as is shown in Fig.3. One reason is that unsupervised flow
estimation mainly depends on the similarity between two frames,
while DFM can inherently solve complicated cases with large de-
formations or non-rigid motions. It is also insensitive to transfor-
mation. Therefore, during pretraining, we included frames with up
to 20 intervals and transformation augmentation, which are chal-
lenging for unsupervised flow estimation methods. Another reason
is the domain gap between pretraining dataset and SHOF. For the
pretraining dataset, we aim to leverage geometric information and
thus focus less on human appearance. To maintain color consis-
tency, we use a UV map to texture meshes based on the original
correspondences during data preparation. However, SHOF lever-
age the details and textures of human appearance. Thus, Since the
feature extractor based on UnFlow can not learn useful and gener-
alizing information from the pretraining task, it easily fails in the
fine-tuning step of SHOF, indicating that our pretraining task can
indeed leverage 3D information and help improve the optical flow
estimation.

SHOF with large intervals: We visualize the optical flow between
two frames with large gaps, for instance, 20 frames. As is shown in
Fig. 5, with our pretraining task, both RAFT and GMA can better
handle human motions and effectively distinguish human motion
from the background. Moreover, the motion directions of differ-
ent body parts are recognized, such as arms and head. Note that
the regarding GT cannot be naively composed by the GTs regard-
ing consecutive frames. Simply accumulating the optical flow be-
tween frames will result in the superposition of intermediate ac-
tions. Therefore, we can just compare these methods from qualita-
tive aspect.

DAVIS Dataset: To further compare the generalization and perfor-
mance, we test the MHOF models on DAVIS [PPTM*16], a real-
world dataset for video object segmentation. As is shown in Fig. 6,
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Figure 4: Visualization of pretraining dataset. ’-S’ means using the given Sintel checkpoint.
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Figure 5: Visualization of SHOF with the interval of 20 frames.

for both single human and multi-human, our pretraining task can
help improve the estimation of human parts like legs and provide
more precise identification of the human contour, leading to opti-
cal flow with better granularity and accuracy. Moreover, with our
pretraining, some errors can be fixed for both two backbones.

DeepDeform Dataset: We provide several visual results for Deep-
Deform [BZTN20] with different categories, including non-rigid
and rigid objects, as is shown in Fig. 7. For non-rigid situations,
such as humans, we can provide more precise and accurate optical
flow estimation compared with the two strong baseline and back-
bone methods. While for nearly rigid things, all methods tend to
view it as a whole part and are insensitive to rotation. However, the
results still demonstrate that our pretraining method can be applied
to various scenarios and is not only limited to human optical flow
estimation.
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Figure 6: Visualization of DAVIS dataset. The main differences are highlighted in red boxes.
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Figure 7: Visualization of DeepDeform dataset with different categories.
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