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Abstract. Besides a 3D mesh, Human Mesh Recovery (HMR) meth-
ods usually need to estimate a camera for computing 2D reprojection
loss. Previous approaches may encounter the following problem: both
the mesh and camera are not correct but the combination of them can
yield a low reprojection loss. To alleviate this problem, we define mul-
tiple Rols (region of interest) containing the same human and propose
a multiple-Rol-based HMR method. Our key idea is that with multiple
Rols as input, we can estimate multiple local cameras and have the op-
portunity to design and apply additional constraints between cameras
to improve the accuracy of the cameras and, in turn, the accuracy of
the corresponding 3D mesh. To implement this idea, we propose a Rol-
aware feature fusion network by which we estimate a 3D mesh shared
by all Rols as well as local cameras corresponding to the Rols. We ob-
serve that local cameras can be converted to the camera of the full im-
age through which we construct a local camera consistency loss as the
additional constraint imposed on local cameras. Another benefit of in-
troducing multiple Rols is that we can encapsulate our network into a
contrastive learning framework and apply a contrastive loss to regularize
the training of our network. Experiments demonstrate the effectiveness
of our multi-Rol HMR method and superiority to recent prior arts.
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1 Introduction

Since the seminar work of HMR (Human Mesh Recovery) by [19], more and
more work attempts to estimate 3D mesh of a human from a single image, for
its potential value in VR/AR, virtual try-on and simulative-coaching, etc.
Most of previous work, inspired by [19], treats this task as a regression prob-
lem [6,19,27,29,54,63]. They first detect the human from an original full image
and use the detected boundingbox to crop the Rol (region of interest) of the hu-
man and feed it to a neural network for estimating the target SMPL [37] mesh
together with a local camera. The camera is used to project the mesh to the 2D
Rol plane, such that the projected mesh can be compared with 2D evidences
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Fig.1: (a) Extracted Rol ¢ is fed to a regressor but it wrongly estimates a local
camera which sees the mesh in -10° while the accurate local camera shall see it in 0°.
Consequently, when further converted to full camera, it will wrongly see the mesh in 20°
instead of groundtruth 45°. (b) As with Rol j, the full camera derived from incorrectly
estimated local camera (30°) sees the mesh in 55°. Both (a) and (b) will mislead the
2D-projection loss to output incorrect 3D mesh due to the false projection. (¢) We
feed multiple Rols into the network simultaneously and estimate local cameras of the
Rols. Both local cameras can be converted to the full camera from the perspective of
which the 3D mesh should be aligned. We use this observation to establish pairwise
consistency losses between local cameras to obtain accurate local cameras (0° and 15°).

(e.g., poses and human joints) in the given Rol to compute the so-called repro-
jection loss. However, the reprojection loss may be deceived by the mesh and
camera. That is, when the mesh and camera are incorrect, their combination
may still yield a low reprojection error.

Through the above analysis, we find that without accurate camera for pro-
jection during training, 2D-reprojection loss will be misled, making the network
learn incorrect mesh configurations (e.g., wrong global orientation or incorrect
joint rotations). To improve the accuracy of mesh, network needs to estimate
more accurate camera parameters. Previous approaches for improving cameras
can be classified into two categories. The first kind of methods improve the cam-
era projection model. For example in [54], the usually adopted weak-perspective
camera is replaced with a perspective-distorted camera model with which the
distortion in close-up images can be modeled. In [23,29], the 3D mesh is pro-
jected onto the full image and the reprojection loss is computed in the whole
view of the full image. This is because the original Rol-view camera has ambigu-
ity on reasoning about the global orientation of the 3D mesh, while the full-view
camera model can resolve this ambiguity. Although this kind of methods can
reduce the structural error brought by the inappropriate camera model, they
cannot guarantee the camera parameters they estimated are accurate, and still
cannot prevent the mesh and camera from deceiving the network. The second
kind of methods directly design and impose additional constraints on the camera
parameters. For example, the work of [25] collects ground-truth camera rotations
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and trains a standalone camera estimation network with the estimated cameras
being supervised by the ground-truth data.

We propose a different method for improving the accuracy of cameras by
imposing additional constraints in a self-supervised manner. Our main finding is
that we can extract multiple Rols of a human by slightly translating and resizing
the original Rol of the human. For each of the Rols, we then compute the camera
projecting the 3D mesh onto the corresponding Rol, which is referred to as a
local camera. According to [23,29], the local cameras of Rols can be converted
to the camera of full image coordinate system. Apparently, all Rols share the
same full camera. We then use the full camera as the intermediate bridge to
build pairwise consistency losses between local cameras. We illustrates this idea
through Figure 1.

With the above motivation, we propose a multiple-Rol-based HMR method.
At the core of our method is a Rol-aware feature fusion network. It accepts
multiple Rols of a human as input, equipped with a Rol-guided mechanism ex-
tracting and fusing features of the multiple Rols. We obtain two kinds of fusion
features: Rol-shared fusion feature and Rol-specific fusion features. The former
is decoded to the 3D mesh shared by all Rols, and the latter are decoded to
parameters of local cameras. We then deduce the pairwise camera consistency
losses and impose them on the estimated local cameras to regularize the training
of the network. Notably, the introducing of the multiple Rols allow us to encap-
sulate our network into the contrastive learning framework as Rols of the same
human shall own similar features, while Rols of different humans shall output
dissimilar features. We propose a contrastive loss to enforce this property, which
further improves the performance of our method.

In summary, our method is motivated by a simple intuition about the en-
tanglement of mesh and camera. To solve the problem, we propose to extract
multiple Rols, which is novel in this field as most previous approaches are based
on a single Rol. Our contributions are then summarized as:

— We propose a multi-Rol-based HMR method implemented as a Rol-aware
feature extraction and fusion network.

— We design two loss functions to guide the training of the network, namely a
camera consistency loss and a contrastive loss on the basis of our proposed
multiple-Rol setting.

— We conduct comparison and ablation experiments to validate the designs of
our method.

2 Related Work

Top-down HMR Methods. Most existing approaches recover human mesh
from an image in a top-down manner, i.e., detecting and cropping target person
from the image and estimating the human mesh of SMPL-based model [37,42,
43,46] in one cropped Rol. There are optimization-based approaches [3,9,43],
regression-based approaches [19, 20, 26, 45, 53, 65|, and hybrid approaches [10,
16, 18,26-28,48,64]. Optimization approaches either directly fit parameters of a
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SMPL-based model to 2D joints in the input image [3,43], or fine-tune a pre-
trained regression network to match 2D evidences while utilizing priors learned
by the network [18]|. Different from optimization-based approaches, regression
approaches directly train a model to extract features from an input image and
map the features to a human mesh model, using CNN [20, 29, 45, 65], GCN
[7,22,41], or Transformer [6,8,32,33,51,56]. Many approaches combine regression
and optimization methods. For example, work of [18,26] get an initial prediction
through regression-based methods and iteratively optimize the result making
it in line with 2D-keypoints reprojection loss. Taking human-kinematics into
consideration, work of [27,28, 48] incorporate Inverse Kinematics Process with
the neural network and iteratively update the rotation and location of each joint.

HMR with Multiple Inputs. Considering that HMR is a task with much
ambiguity, many methods tend to add more auxiliary information at the input
end to better assist the network to reconstruct the accurate body mesh. Some
methods manage to estimate the mesh with the aid of extra inputs such as
2D segmentation or silhouettes of the target human [12,24,57,59,62,67] which
help the network grasp and understand the human bodies in images with those
guidance. Work of [36,38,61] try to utilize available sparse 3D markers on surface
of the target human before full-body reconstruction and complete the dense
human meshes through optimization or interpolation. There are also multi-view
methods, by which the ambiguity of HMR is alleviated since multiple view angles
and camera parameters are available [30,44,47,49|. A large number of temporal
(video-based) methods incorporate auxiliary inputs as well, such as trajectory
[11,60], optical flows [31] and 3D scene point cloud [66]. There is also egocentric
work [35] using an extra scaled Rol to aid the network to estimate SMPL poses.

Approaches Improving Cameras. There has been much work focusing
on the camera projection model since it is the vital bridge between the 2D image
and the 3D mesh. Based on SPIN [26] and Simplify [3], the work of [23] optimizes
the full perspective camera of the original full image for the first time. [25] tries
to estimate the real camera pitch and yaw angles along with the mesh prediction,
instead of using identity rotation like most HMR methods uses. [54] introduces
a new dataset and copes with the scenario where people are shown up close
in the image, taking the distortion of perspective projection into consideration.
CLIFF [29] digs deeper into the full-image reprojection and uses boundingbox
information in order to guide the network towards the accurate full camera.
We, in this paper, incorporate the theory of full-image projection in [23,29] and
model the pairwise relations between cameras estimated from different Rols of
the same person.

Contrastive learning. Contrastive learning [4,21] is a type of unsupervised
learning that aims to learn a similarity pattern between data samples. The goal
of contrastive learning is to pull similar examples closer while pushing others
away. This goal is accomplished via a contrastive constraint on the triplet of
(anchor, positive, negative), where anchor sample can be one of the samples in
the mini batch and positive samples are the similar samples with the anchor
while negative samples are the dissimilar ones.
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Fig. 2: Overview of our method. Given an image, we extract multiple Rols of a
human, and use a Rol-aware feature fusion network to estimate the 3D mesh of the
human together with cameras. We use a camera consistency loss and a contrastive loss
to supervise the training of the network.

3 Method

Figure 2 provides the overview of our method. Given a full image I, we extract M
Rols {X? }M_, of a person in the image by different boundingboxes {B? }M_,
and use a shared backbone network to extract features {h, }*/_; from the Rols.
Then, we propose a Rol-aware fusion network to fuse {h?,}_, to obtain Rol-
specific fusion features {u?,}»_, and a Rol-shared fusion feature @. Each Rol-
specific feature is individually decoded by D™ to a local camera, obtaining M
local cameras to which we apply camera consistency loss. The Rol-shared feature
is decoded by D™¢*" to the target 3D mesh. We also extract features from Rols
of other objects (e.g., in I/, I¥) and project all of them into the latent space of
z, and finally apply a contrastive loss in z-space.
Formally, the regression task in this paper is formulated as:

0,8:{Cm}m=r = F{Xim} =1 (B }m=1); (1)

where # € R?**3 determines the pose of the SMPL mesh, 3 € R!® determines
the shape of the SMPL mesh, and Cm = (S, ta,,, ty,,) contains scale s,, and
translation parameters (tz,,,%y, ) determining a weak-perspective camera that
projects the predicted 3D mesh onto the 2D Rol plane. B,, = (cz,,, ¢y, bm),
where (¢, ,¢y,,) is the location of the boundingbox in the full image, and b,, is
the width of the boundingbox.

3.1 Rol-aware Feature Fusion Network

To be specific, given {X,,}M_, (the superscript i used in Figure 2 is dropped
for simplicity), we use a shared encoder F to extract features from Rols, i.e.,
h,, = E(X,,) for m € [1, M]. The encoder E can be ResNet50 [14] or HRNet48
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Fig. 3: Rol-aware fusion. To obtain u,,, we consider the relative relation of other
boundingboxes to the m'" boundingbox. We perform positional encoding to all the
boundingboxes and then compute relative position relation vm. (where x is a number
in [1, M]). We then concatenate 7. and the corresponding feature h, to compute
weight W Finally, u, is the weighted sum of {h,}»_; with wy,. as the weights.

[50] as employed in previous approaches [2,6,19,29]. After that, we design a Rol-
aware fusion network to fuse {h,,}*_, obtaining Rol-specific fusion features
{u,,}M_,. Then, we simply average the Rol-specific features by AP (Average
Pooling) to obtain the Rol-shared feature u.

The core of our network is the feature fusion module. To begin with, the
feature h,, only contains the information about the m!" Rol. Since different
Rols contain different visual details about the target person, we fuse all fea-
tures {h,,}M_, together for reasoning about the mesh and cameras. Our fu-
sion method, as illustrated in Figure 3, leverages the boundingbox informa-
tion {B,,}*_,, by which we compute the relative position relation between the
boundingboxes to align the features of different Rols. Specifically, the relative
position relation is simply computed as the pairwise difference between bound-
ingboxes after positional encoding:

TYmn = fY(Bm) - W(Bn)a (2>
where «(+) is the position encoding function [40,51]:
¥(p) = (p,sin(wp), cos(p), - - - , sin(2"7p), cos(2"mp), ®3)

which is applied to each of the three variables of B,, (or B,,). We set L = 32 in
this paper. Then, taking the m** Rol as example, the way to compute the fused
feature u,, is:

M
Uy = § Wmnhp,
n=1

{Wmn }flwzl = Softmax(Linear({an}anl))

F... = Concat(hy,, ymn),

(4)

where w,,,, € [0,1] is a scalar used to fuse features of multiple Rols. To compute
Wmn, We first concatenate the feature h,, and the relative position relation 7,
and then send the concatenated feature to a linear layer to obtain a scalar, which
is finally converted to w;,, by a Softmax function. Eventually, we use a D™,



Multi-Rol HMR 7

t;ull

Fig. 4: Conversion between local and full cameras in bird’s eye view.

which is composed of FC layers with residual connections as adopted in [19], to
compute the local camera C,,, from the feature u,,:

C,, = D (uy,). (5)
We employ D™¢*" similar to D°®™ to map the averaged feature @ to 3D mesh:

0,8 = D™ (q). (6)

3.2 Camera Consistency Loss

To build camera consistency loss, local cameras are converted to the coor-
dinate system of full camera which we use to establish the constraints be-
tween each pair of local cameras. Formally, let C,,, = (sm,tz,,,ty,.) and C, =
(Sn,tz, ty,) be two local cameras estimated from two Rols cropped by bound-
ingboxes B, = (¢z,,,Cy,.,bm) and By, = (¢z,,, ¢y, , bn), respectively. Let Cyyy =
(ti“”,tgj“”,t;“”) be the parameters of the full camera. The focal length of the
full camera is denoted as f. We refer to Figure 4 to interpret the conversion
between these variables.

Figure 4 shows that a 3D mesh at distance ¢! from the camera O is pro-
jected onto the image plane in a focal length of f. We assume the 3D human
mesh is bounded in a 2m-2m-2m box. From the bird’s eye view, we use P'Q’ to
denote the valid region occupied by the 3D mesh, and the length of P'Q’ is 2m,
which is projected to P@Q on the image plane. The blue line on the image plane
indicates the Rol B,,, the length of which is b,,, i.e., the width of the bounding
box. Since AOPQ and AOP’'Q’ are similar, we have:

PQ f . bm * Sm f
PIQ €, 9 ful (7)

where b,, - S, is the length of PQ. And we get,

b * Sm
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On the other hand, we have the center of B,,, i.e., V,,, on the image plane. The
distance from V' (the image center) to V,, is ¢,,,. Let V,) be the point on the
mesh plane corresponding to V;,,, and R be the center of mesh. The distance
from V;, to R is the local camera translation ¢, . The distance from V' to R
is the full camera translation t£%!. Since AOV'V,, and AOV'V/, are similar, we

have:
V'V f . Cap f

ViV, = Fll? L€, Al = ol )

Combining Eq. 8 with Eq. 9, we get
2-cq,,

pull — ¢,

T (10)

b - 5m

The above is the relation between local translation ¢, and global translation

/4l Similarly, the relation along the y axis is:

Tm

2 ¢y, (11)

full
t =t .
Y Ym + bm - Sm

From Eq. 10, 11 and 8, we convert the local camera C,,, to the full camera Cy,y
by:
2 Cap, , tiull _ ty,n + 2. Cym , t£UZl _ 2- f . (12)

full
thell — ¢ 4
" bm *Sm bm *Sm

bm *Sm
Similarly, we can convert local camera C,, to the full camera Cy¢,; by:

2.0‘7"7), u 2'cn u 2.
2o gty 2o g 2T g

full
el — ¢ 4
" bn * sn7 bn -

bn‘sn

Combining Eq. 12 and 13, we establish the following relations between parame-
ters of local cameras:

b+ o =
by - 2 = by o+ )
bm * sm - bn N Sn
We define
2
2:cap, 2:Cay
Lotmn) = || (ben + 522520 ) = (b + £522)
) - 2cy 15
Cotmon) = | (rn + 2222 — (0, + 2220 | =
Lo(myn) = ||bm - Sm — b - 5n 2
Finally, the local camera consistency loss is defined as:
M
Leam = kaﬁx(mvn) +)\y£y(m:n) +)‘S£S(m’n)’ (16)

where Az, Ay and A, are weights of the three regularization terms, which are 0.1,
0.1 and 0.0001, respectively.
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Fig.5: Contrastive Loss. Taking Rols {X},|m € [1,M]} of object i and Rols
{XZ,|m € [1,M]} of object j as example, features {h’,|m € [1,M]} and {hi,|m €
[1, M]} are first extracted by the shared backbone E from the Rols, respectively. Then
the features are further projected into the latent space z, obtaining {z%,|m € [1, M]}
and {zJ,|m € [1, M]}. The latent features from the same object attract each other,
while latent features from different objects repel each other.

3.3 Contrastive Loss

An extra benefit of using multiple Rols as input is that we can apply a con-
trastive loss as another regularization term besides the camera consistency loss.
At training, we have access to Rols of different persons. It is natural to require
extracting similar features from Rols of the same person. While for Rols of dif-
ferent persons, different features should be extracted. The contrastive learning
of [4] can be adapted to fulfill this purpose.

Let {X%,|m € [1,M]} be Rols of object i with i € [1, N] where N is the
number of objects in a training batch. We first extract features from all the Rols,
obtaining {h{ |i € [1, N],m € [1, M]}. Then we further project the features into
a latent space z, obtaining latent features {z |i € [1, N],m € [1, M]}. Figure 5
illustrates the the mapping process from X to z. The contrastive loss is defined
on all the latent features:

r B NMo M ) exp(z’, -z /T) 17
cont—ZZM_l Z og M ) ( )

N
i=1 m=1 n=1,n#m Z Z exp(zin . Z%,/T)

i'=1,i'#i m/=1

where 7 = 0.5 is the temperature parameter. The numerator/denominator aims
at (1) minimizing cosine distance between features z!, and z! from the same
object i, and (2) maximizing distance between features z, and zi;, from different
objects 7 and 7’

3.4 Total Training Loss

Besides the the camera consistency loss in Eq. 16 and contrastive loss in Eq. 17,
we also adopt the typical losses using GT mesh and 2D joints as supervision,
including:

Lomp = [0 -6

3D 73D
y ['vc'rt = HV - V

I

Lap = HJ3D . jsD)z (18)

M 2
Z 2D 2D

» Lep = HJm -/ H2’
m
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where © = (0, 8) denotes estimated SMPL parameters and © is the ground
truth (GT), V3P indicates 3D vertices of human mesh with V3P as GT, and J3P
denotes the 3D joints of the human with J3P as GT. For the 2D reprojection loss,
J2P is obtained by projecting J3P from 3D to 2D with the full camera deduced
from local camera C,,. Following [29], the projected joints are compared with
the GT 2D joints J22 in the full image. The total loss function is:

[/total = )\cam[/cam + )\cont['cont + )\smplﬁsmpl + )\'ue'rt[f’uert + )\3D['3D + /\2D£2D7 (19)

where A\, are weights for each loss component and we set them following SPIN [26]
except Acont and Acgm, which are 0.1 and 1, respectively.

3.5 Extraction of Rols

Given an image, we use methods of [13,17] to detect boundingboxes of hu-
man. Let B = (cz, ¢y, b) be a boundingbox, we slightly resize/translate the the
boundingbox to select multiple Rols of the human. One can randomly generate
the resizing factors or translation offsets. However, experiments (see Supp.) show
that fixing these parameters during training gives better results. Specifically, the
offset along the x and y axes includes {(0.1b,0), (—0.1b,0), (0,0.1b), (0, —0.1b)},
and the corresponding resizing factors are {1.5,1.25,0.8,0.65}. Together with
the original boundingbox, we totally extract M = 5 Rols for a person from the
full image. More detailed illustrations are provided in supplemental material.

4 Experiments

4.1 Datasets and Metrics

To conduct fair comparison between our method and SOTA methods, we follow
the dataset setting used in SOTA works [2,5,6,24,28,64]. Specifically, we train
our method on a mixture of four datasets including Human3.6M [15], MPI-INF-
3DHP [39], COCO [34], and MPII [1].

As for evaluation, we use the test sets of 3DPW [52] and Human3.6M [15].
Following prior works, we finetune our model on 3DPW train set when evaluating
on its test set. !

We use MPJPE (Mean Per Joint Position Error [15]), PA-MPJPE (Procrustes-
Aligned MPJPE [68]) and PVE (the mean Euclidean distance between mesh
vertices) as the evaluation metrics.

4.2 Implementation Details

We implement our method using PyTorch. For the shared backbone, we use
ResNet-50 [14] extracting features of d = 2048 dimensions and HRNet-W48 [50]

! The authors Changzhen Liu and Yongwei Nie signed the license and produced all
the experimental results in this paper. Meta did not have access to the datasets.
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Table 1: Quantitative comparison with SOTA methods. R50 (or R34) denotes
using ResNet [14] as backbone. H48 (or H32, H64) denotes using HRNet [50]. Note
that we present the result of Zolly™*® trained without synthetic distorted data for
fairness, as reported in their paper.

Method 3DPW ‘ Human3.6M
MPJPE  PA-MPJPE PVE | MPJPE  PA-MPJPE

HMRP% [19]18 116.5 72.6 - - 56.8
SPINT*0 [26]°19 96.9 59.2 116.4 - 41.1
SPECT®? [25]21 96.4 52.7 - - -
PyMAF%0 [64]721 92.8 58.9 110.1 57.7 40.5
PARE®50 [24]°21 82.9 52.3 99.7 - -
PARE®3? [24]21 74.5 46.5 88.6 - -
HybrIk 34 [28]°21 74.1 45.0 86.5 55.4 33.6
FastMETROT° [6]22 77.9 48.3 90.6 53.9 37.3
FastMETROY%* [6]°22 73.5 44.6 84.1 52.2 33.7
CLIFFR50 [29]°22 71.4 45.4 84.2 50.2 35.9
CLIFFH48 [29]°22 69.0 43.0 81.2 47.1 32.7
MPTH48 [32)22 65.9 42.8 79.4 45.3 31.7
PLIKSH3? [48]23 66.9 42.8 82.6 49.3 34.7
BoPR48 [5]'23 65.4 42.5 80.8 = =
ReFitH48 [55]°23 65.8 41.0 - 48.4 32.2
Deformer™°° [58]'23 — — — 50.7 36.3
Deformer™4® [58]°23 72.9 44.3 82.6 44.8 31.6
PyMAF-X%0 [63]'23 76.8 46.8 88.7 58.1 40.2
PyMAF-XH48 [63]23 74.2 45.3 87.0 54.2 37.2
NIKIH4® [27]°23 71.3 40.6 86.6 - -
Zolly 750 [54]23 72.5 44.1 84.3 52.7 34.2
Zolly#*® w /o PD [54]'23 67.2 40.9 78.4 49.4 32.3
Ours’0 68.2 43.2 81.9 45.4 33.0
OursH48 64.1 40.4 78.6 42.2 30.7

extracting features of d = 720 dimensions, and refer to our methods with these
backbones as Ours®° and Ours*®, respectively. Following [2,54], the adopted
backbones of ResNet-50 and HRNet-W48 are pre-trained on COCO [34] for
2D pose estimation. We train our models with a learning rate of le-4 and 5e-
5 for ResNet and HRNet backbones respectively, both scheduled by an Adam
optimizer with 8; = 0.9 and B2 = 0.999. The batchsize for Ours®° is 48 and
that for Ours®4® is 20. Training with ResNet-50 takes 25 epochs for 1 day and
training with HRNet-W48 takes 15 epochs for 2 days on NVIDIA RTX 3090.
When finetuning on 3DPW, we fix the learning rate at le-5 (for both backbones)
to train our models for another 5 epochs. By default, we use M = 5 Rols.

4.3 Comparison to Prior Arts

Table 1 provides quantitative comparisons with SOTA approaches. We com-
pare with IK-based approaches [27,28], iterative fitting approaches [55, 63, 64],
Transformer-based approaches [6,58], and approaches improving camera [29,54],
etc. As seen, our method, either with a HRNet backbone or with a ResNet
backbone, has better performance on the two evaluation datasets than the corre-
sponding compared approaches. Please pay attention to the comparison between
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Fig. 6: Qualitative comparison with SOTA approaches. Our results align better
with the GT mesh (green) than other results.
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our method and CLIFF [29], as our method is implemented based on CLIFF.
Taking the backbone of HRNet-W48 as an example, the margin on MPJPE
between CLIFF and ours is 5mm, which is a large improvement considering
CLIFF is a very strong baseline. When compared with Zolly [54] and NIKT [27],
our method works well in terms of all the three evaluation metrics, while they
are competitive in terms of PA-MPJPE but not MPJPE or PVE. Our method
performs well on both testing datasets, while approaches such as PLIKS [48] and
ReFit [55] show advantages on 3DPW but not Human3.6M.

Figure 6 shows qualitative comparisons between our method and SOTA ap-
proaches. The shown cases are challenging, containing either complex poses or
showing occlusions by other body parts. For these cases, our estimated meshes
resemble the GT (green color) better than results of the compared approaches.
Figure 7 shows the action and per joint comparisons on Human3.6M. Our method
outperforms FastMETRO and CLIFF on all kinds of actions and joints.
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4.4 Ablation Study

In this section, we conduct ablation studies on the core design ideas of our
method. All the following ablation studies are performed on the COCO train-
ing dataset and tested on 3DPW following previous literature [24,29], if not
otherwise specified.

Ablation on Design Components. Our method is composed of three
major components: Rol-aware fusion module (RAF), camera consistency loss
(Leam) and contrastive loss (Leont). To show the effect of each component, we
remove each of them at a time while maintaining the other two components
(ablations of removing two components are provided in the Supp.). Table 2 shows
that removing any component incurs an apparent performance drop. Especially,
when we drop Leqm, the MPJPE increases by 3mm while PA-MPJPE stays
low, indicating that L., assists to predict more accurate mesh orientation by
improving cameras.

Importance of Relative Relation and Positional Encoding. As dis-
cussed in Section 3.1, we rely on relative relation for the Rol-aware feature fusion
(also denoted as RAF), and the relation is computed based on the positional en-
coding (PE) of the bounding boxes. Both of them are critical to our method,
as shown in Table 3: (1) h,® NULL: concatenating nothing, i.e., using only
feature h, for computing relation weights, where * is a number in [1, M]. (2)
h. @ v(B.): simply concatenating PE of the corresponding boundingbox. (3)
h, @ 7+ concatenating relative PE 7, for computing m*" fused feature. We
also test the above three setups with different length of PE, denoted as L. As
seen, using relative PE with L = 32 yields the best results.

We also implemented RAF by performing self attention [51] on M tokens
of {hy, ®v(By,)}M_,. Here we can only concatenate PE but not relative PE,
since there is only M tokens but we have M? relative relations (see supplemental
material for details). Results are shown in Figure 8, where our relative-PE based
scheme i.e., RAF, outperforms the self-attention approach.

Number of Rols. We conduct an ablation study that gradually increases
the number of input Rols in Table 4. As seen, the accuracy is consistently in-
creased as the number of input Rols increases. Experiments of inputting 6 or
more Rols are not conducted due to memory limit. We find that as the Rol
number increases, the loss Lop in Eq. 19 increases while higher regression accu-
racy can be obtained. This indicates that inputting more Rols may prevent the
network from over-fitting.

Inferring Speed. We also report the inferring speed in Table 4. As the
number of Rols increases, the inferring speed is just slightly decreased. With 5
Rols, our method processes 55.6 frames per second, which is fast.

4.5 Limitations

Figure 9 shows failure cases, where both our method and CLIFF produce nearly
perfect reprojection results without noticeable misalignment in the 2D image.
But in the 3D space, some body parts of both methods deviate from the ground
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Table 2: Ablation on core compo- Table 3: Importance of Relative Rela-
nents of our method. tion and Positional Encoding (PE).

RAF Lcam Leont |MPJPE PA-MPJPE Concatenation L of PE |MPJPE PA-MPJPE

X X X 87.0 55.8 h, & NULL - 98.7 56.9
X v v 83.8 54.8 h, & v(B.) L =32 87.6 55.0
v X v 83.1 52.0 hy @ Yimx L=0 81.6 52.9
v v X 83.4 53.3 h, @ Ym« L=32 80.8 51.9
v v v 80.8 51.9 B @ Y L =64 81.1 52.3

Table 4: Ablation on number of input Rols. Five is the default.

Rol Num 1 Rol | 2 Rols | 3 Rols | 4 Rols | 5 Rols
MPJPE (mm) 84.6 82.9 81.2 82.2 80.8
PA-MPJPE (mm) 54.2 54.4 52.3 53.1 51.9
Final Lop (X1e — 3) 1.6 1.8 1.9 2.3 2.4
Inferring speed (fps) 76.3 63.5 61.7 57.3 55.6

Input CLIFF [29] Ours

Fig. 9: Failure examples. Both our method and CLIFF produce nearly perfect results
in the 2D image, but not in the 3D space.

truth. These examples show that introducing multiple Rols still cannot solve
the ill-posed problem that there may be multiple 3D meshes matching with the
same 2D configuration.

5 Conclusion and Future Work

This paper digs into the relation among different Rols of the same person in an
image for human mesh recovery. With the multiple Rols indicated by different
boundingboxes, we are able to design a multi-Rol fusion network to estimate
reliable camera parameters, thanks to the additional visual information and
pairwise relation provided by the multiple inputs. Specifically, we have exploited
using relative-position-relation guided feature fusion, camera consistency loss
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and contrastive loss to take advantage of the information in multiple inputs
as much as possible. We validate the effectiveness of each proposed component
using experiments and prove our method has better regression accuracy than
current SOTA approaches on popular benchmarks and datasets. In the future, it
is valuable to investigate whether the proposed strategies are effective in multi-
view or video-based HMR.
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