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Abstract

Regression-based methods have recently shown promis-
ing results in reconstructing human meshes from monocular
images. By directly mapping raw pixels to model param-
eters, these methods can produce parametric models in a
feed-forward manner via neural networks. However, mi-
nor deviation in parameters may lead to noticeable mis-
alignment between the estimated meshes and image evi-
dences. To address this issue, we propose a Pyramidal
Mesh Alignment Feedback (PyMAF) loop to leverage a fea-
ture pyramid and rectify the predicted parameters explicitly
based on the mesh-image alignment status in our deep re-
gressor. In PyMAF, given the currently predicted parame-
ters, mesh-aligned evidences will be extracted from finer-
resolution features accordingly and fed back for parameter
rectification. To reduce noise and enhance the reliability of
these evidences, an auxiliary pixel-wise supervision is im-
posed on the feature encoder, which provides mesh-image
correspondence guidance for our network to preserve the
most related information in spatial features. The efficacy
of our approach is validated on several benchmarks, in-
cluding Human3.6M, 3DPW, LSP, and COCO, where ex-
perimental results show that our approach consistently im-
proves the mesh-image alignment of the reconstruction. The
project page with code and video results can be found at
https://hongwenzhang.github.io/pymaf.

1. Introduction

Aiming at the same goal of producing natural and well-
aligned results, two different paradigms for human mesh
recovery have been investigated in the research commu-
nity. Optimization-based methods [5, 29, 63] explicitly fit
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Figure 1: Illustration of our main idea. (a) The commonly-
used iterative error feedback. (b) Our mesh alignment feed-
back. (c) Mesh-aligned evidences extracted from a feature
pyramid. (d) Our approach PyMAF improves the mesh-
image alignment of the estimated mesh.

the models to 2D evidences, which can typically produce
results with accurate mesh-image alignments but tend to
be slow and sensitive to the initialization. Alternatively,
regression-based ones [22, 42, 27, 26] suggest to directly
predict model parameters from images, which have shown
very promising results, and yet still suffer from the coarse
alignment between predicted meshes and image evidences.

For parametric models like SMPL [34], the joint poses
are represented as the relative rotations with respect to their
parent joints, which means that minor rotation errors ac-
cumulated along the kinematic chain can result in notice-
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able drifts of joint positions. In order to generate well-
aligned results, optimization-based methods [5, 29] design
data terms in the objective function so that the alignment
between the projection of meshes and 2D evidences can be
explicitly optimized. Similar strategies are also exploited
in regression-based methods [22, 42, 27, 26] to impose 2D
supervisions upon the projection of estimated meshes in the
training procedure. However, during testing, these deep re-
gressors either are open-loop or simply include an Iterative
Error Feedback (IEF) loop [22] in their architectures. As
shown in Fig. 1(a), IEF reuses the same global features in
its feedback loop, making its regressors hardly perceive the
mesh-image misalignment in the inference phase.

As suggested in previous works [44, 38, 32, 50], neural
networks tend to retain high-level information and discard
detailed local features when reducing the spatial size of fea-
ture maps. To leverage spatial information in the regression
networks, it is essential to extract pixel-wise contexts for
fine-grained perception. Several attempts have been made
to leverage pixel-wise representations such as part segmen-
tation [40] or dense correspondences [59, 66] in their re-
gression networks. Though these regressors take pixel-level
evidences into consideration, it is still challenging for them
to learn structural priors and get hold of spatial details at the
same time based merely on high-resolution contexts.

Motivated by above observations, we design a Pyrami-
dal Mesh Alignment Feedback (PyMAF) loop in our regres-
sion network to exploit multi-scale contexts for better mesh-
image alignment of the reconstruction. The central idea of
our approach is to correct parametric deviations explicitly
and progressively based on the alignment status. In Py-
MAF, mesh-aligned evidences will be extracted from spa-
tial features according to the 2D projection of the estimated
mesh and then fed back to regressors for parameter updates.
As illustrated in Fig. 1, the mesh alignment feedback loop
can take advantage of more informative features for param-
eter correction in comparison with the commonly used it-
erative error feedback loop [22, 7]. To leverage multi-scale
contexts, mesh-aligned evidences are extracted from a fea-
ture pyramid so that coarse-aligned meshes can be corrected
with large step sizes based on the lower-resolution features.
Moreover, to enhance the reliability of the spatial cues, an
auxiliary task is imposed on the highest-resolution feature
to infer pixel-wise dense correspondences, which provides
guidance for the image encoder to preserve the mesh-image
alignment information. The contributions of this work can
be summarized as follows:

* A mesh alignment feedback loop is introduced for
regression-based human mesh recovery, where mesh-
aligned evidences are exploited to correct parametric er-
rors explicitly so that the estimated meshes can be better-
aligned with input images.

* A feature pyramid is further incorporated with the mesh

alignment feedback loop so that the regression network
can leverage multi-scale alignment contexts.

* An auxiliary pixel-wise supervision is imposed on the im-
age encoder so that its spatial features can be more infor-
mative and the mesh-aligned evidences can be more rele-
vant and reliable.

2. Related Work

2.1. Human Pose and Shape Recovery

Optimization-based Approaches. Pioneering work in
this field mainly focus on the optimization process of fitting
parametric models (e.g., SCAPE [3] and SMPL [34]) to 2D
observations such as keypoints and silhouettes [48, 13, 5].
In their objective functions, prior terms are designed to pe-
nalize the unnatural shape and pose, while data terms mea-
sure the fitting errors between the re-projection of meshes
and 2D evidences. Based on this paradigm, different up-
dates have been investigated to incorporate information
such as 2D/3D body joints [5, 68], silhouettes [29, 16], part
segmentation [63] in the fitting procedure. Despite the well-
aligned results obtained by these optimization-based meth-
ods, their fitting process tends to be slow and sensitive to
initialization. Recently, Song et al. [49] exploit the learned
gradient descent in the fitting process. Though this solu-
tion leverages rich 2D pose datasets and alleviates many
issues in traditional optimization-based methods, it still re-
lies on the accuracy of 2D poses and breaks the end-to-end
learning. Alternatively, our solution supports the end-to-end
learning but can also leverage rich 2D datasets thanks to the
progress (e.g., SPIN [26] and EFT [21]) in the generation of
more precise pseudo 3D ground-truth for 2D datasets.

Regression-based Approaches. Alternatively, taking
advantage of the powerful nonlinear mapping capability of
neural networks, recent regression-based approaches [22,

, 40, 26, 9, 18, 8] have made significant advances in
predicting human models directly from monocular images.
These deep regressors take 2D evidences as input and learn
model priors implicitly in a data-driven manner under dif-
ferent types of supervision signals [53, 22, 41, 43, 11, 61,

] during the learning procedure. To mitigate the learn-
ing difficulty of the regressor, different network architec-
tures have also been designed to leverage proxy representa-

tions such as silhouette [42, 54], 2D/3D joints [53, 42, 37],
segmentation [40, 45] and dense correspondences [59, 66].
Such strategies can benefit from synthetic data [59, 47]

and the progress in the estimation of proxy representa-
tions [0, 1, 50, 57]. Despite the effectiveness of these mod-
ules, the quality of proxy representations becomes the bot-
tleneck for the reconstruction task, which may also block
the end-to-end learning of the deep regressor. Moreover,
though supervision signals are imposed on the projection of
the estimated models to penalize the fitting misalignment
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during the training of deep regressors, their architectures
can hardly perceive the misalignment during the inference
phase. In comparison, the proposed PyMAF is close-loop
for both training and inference, which enables a feedback
loop in our deep regressor to leverage spatial evidences for
better mesh-image alignment of the estimated human mod-
els. Our work focuses on the design of regressor architec-
tures and can also provides a better regressor for those ap-
proaches using post-processing [ 4] or the work on pseudo
ground-truth generation [26, 21].

Directly regressing model parameters from images is
very challenging even for neural networks. Existing meth-
ods have also offered non-parametric solutions to recon-
struct human body models in non-parametric representa-
tions. Among them, volumetric representation [54, 70], im-
plicit function [46, 69], mesh vertices [27, 31], and position
maps [00, 67, 64] have been adopted as regression targets.
Using non-parametric representations as the regression tar-
gets is more readily to leverage high-resolution features but
needs further processing to retrieve parametric models from
the outputs. Besides, solely using high-resolution features
makes the algorithms more sensitive to occlusions without
additional structure priors. In our solution, the deep regres-
sor makes use of spatial features at multiple scales for high-
level and fine-grained perception and produces parametric
models directly with no further processing required.

2.2. Iterative Fitting in Regression Tasks

Strategies of incorporating fitting processes along with
the regression have also been investigated in the literature.
For human model reconstruction, Kolotouros et al. [26]
combine an iterative fitting procedure to the training pro-
cedure in order to generate preciser ground truth for better
supervision. To refine the estimated meshes during both
training and inference phases, several attempts have been
made to deform human meshes so that they can be aligned
with the intermediate estimations such as depth maps [72],
part segmentation [62], and dense correspondences [14].
These approaches adopt intermediate estimations as the fit-
ting goals and hence rely on their quality. In contrast, our
approach uses the currently estimated meshes to extract
deep features for refinement, which not only behaves sym-
metrically for both training and inference but also enables
fully end-to-end learning of the deep regressor.

To put our approach in a broader view, there have been
remarkable efforts made to involve iterative fitting strategies
in other computer vision tasks, including facial landmark
localization [58, 52], human/hand pose estimation [39, 7],
etc. For generic objects, Pixel2Mesh [56] progressively de-
forms an initial ellipsoid by leveraging perceptual features.
Following the spirit of these works, we exploit new strate-
gies to extract fine-grained evidences and contribute novel
solutions in the context of human mesh recovery.

3. Methodology

In this section, we will present the technical details of
our approach. As illustrated in Fig. 2, our network pro-
duces a feature pyramid for mesh recovery in a coarse-to-
fine fashion. Coarse-aligned predictions will be improved
by utilizing the mesh-aligned evidences extracted from spa-
tial feature maps. Moreover, an auxiliary prediction task is
imposed on the image encoder, so that those spatial cues
can be more reliable and relevant.

3.1. Feature Pyramid for Human Mesh Regression

The goal of our image encoder is to generate a pyramid
of spatial features from coarse to fine granularities, which
provide descriptions of the posed person in the image at
different scale levels. The feature pyramid will be used in
subsequent predictions of the SMPL model with the pose,
shape, and camera parameters © = {0, 3, 7 }.

Formally, the encoder takes an image I as input and
outputs a set of spatial features {¢% € R*H axWy i
at the end, where H! and W/} are monotonically increas-
ing. At level ¢, based on the feature map qb';, a set of sam-
pling points X, will be used to extract point-wise features.
Specifically, for each 2D point = in X, point-wise features
¢t (r) € RY>*L will be extracted from ¢ accordingly us-
ing the bilinear sampling. These point-wise features will
go through a MLP (multi-layer perceptron) for dimension
reduction and be further concatenated together as a feature
vector ¢!, i.e.,

o, = F(¢', X,) = @ ({f (¢L()) forzin X, }), (1)

where F(-) denotes the feature sampling and processing op-
erations, @ denotes the concatenation, and f(-) is the MLP.
After that, a parameter regressor R, takes features d); and
the current estimation of parameters ©; as inputs and out-
puts the parameter residual. Parameters are then updated as
O¢+1 by adding the residual to ©,. For the level t = 0, ©
adopts the mean parameters calculated from training data.
Given the parameter predictions © (the subscript ¢ is
omitted for simplicity) at each level, a mesh with vertices
of M = M(6,3) € RN¥*3 can be generated accordingly,
where N = 6890 denotes the number of vertices in the
SMPL model. These mesh vertices can be mapped to sparse
3D joints J € RNi*3 by a pretrained linear regressor, and
further projected on the image coordinate system as 2D key-
points K = II(J) € RYi*2, where I1(-) denotes the pro-
jection function based on the camera parameters 7w. Note
that the pose parameters in © are represented as relative
rotations along kinematic chains and minor parameter er-
rors can lead to large misalignment between the 2D projec-
tion and image evidences. To penalize such misalignment
during the training of the regression network, we follow
common practices [22, 26] to add 2D supervisions on the
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Figure 2: Overview of the proposed Pyramidal Mesh Alignment Feedback (PyMAF). PyMAF leverages a feature pyramid
and enables an alignment feedback loop in our network. Given a coarse-aligned model prediction, mesh-aligned evidences
are extracted from finer-resolution features accordingly and fed back a regressor for parameter rectification. To enhance the
reliability of spatial evidences, an auxiliary pixel-wise prediction task is imposed on the final output of the image encoder.

2D keypoints projected from the estimated mesh. Mean-
while, additional 3D supervisions on 3D joints and model
parameters are added when ground truth 3D labels are avail-
able. Overall, the loss function for the parameter regressor
is written as

l:reg - )\2d||K_IA(H+)‘3d||']_jH—i_AparaH@_é'L (2)

where || - || is the squared L2 norm, K, .J, and © denote the
ground truth 2D keypoints, 3D joints, and model parame-
ters, respectively.

One of the improvements over the commonly used pa-
rameter regressors is that our regressors can better leverage
spatial information. Unlike the commonly used regressors
taking the global features ¢, € R 1 as input, our regres-
sor uses the point-wise information obtained from spatial
features ¢%. A straight-forward strategy to extract point-
wise features would be using the points X, with a grid pat-
tern and uniformly sampling features from ¢*. In the pro-
posed approach, the sampling points X; adopt the grid pat-
tern at the level ¢ = 0 and will be updated according to
the currently estimated mesh when ¢ > 0. We will show
that, such a mesh conditioned sampling strategy helps the
regressor to produce more plausible results.

3.2. Mesh Alignment Feedback Loop

As mentioned in HMR [22], directly regressing mesh pa-
rameters in one go is challenging. To tackle this issue, HMR
uses an Iterative Error Feedback (IEF) loop to iteratively up-
date © by taking the global features ¢, and the current esti-
mation of © as input. Though the IEF strategy reduces pa-
rameter errors progressively, it uses the same global features
each time for parameter update, which lacks fine-grained
information and is not adaptive to new predictions. By con-
trast, we propose a Mesh Alignment Feedback (MAF) loop

so that mesh-aligned evidences can be leveraged in our re-
gressor to rectify current parameters and improve the mesh-
image alignment of the currently estimated model.

To this end, when ¢ > 0, we extract mesh-aligned
features from ¢’ based on the currently estimated mesh
M, to obtain more fine-grained and position-sensitive ev-
idences. Compared with the global features or the uni-
formly sampled grid features, mesh-aligned features can re-
flect the mesh-image alignment status of the current esti-
mation, which is more informative for parameter rectifica-
tion. Specifically, the sampling points X, are obtained by
first down-sampling the mesh M, to M; and then project-
ing it on the 2D image plane, i.e., X; = II(]M,). Based on
X, the mesh-aligned features qﬁn will be extracted from
@' using Eq. 1, ie., L, = ¢! = F(¢!, TI(M,)). These
mesh-aligned features will be fed into the regressor R; for
parameter update. Overall, the proposed mesh alignment
feedback loop can be formulated as

Ori1 = O, + Ry (@t,f(cpg, H(]\th))) fort>0. (3)

3.3. Auxiliary Pixel-wise Supervision

As depicted in the second row of Fig. 3, spatial fea-
tures tend to be affected by the noisy inputs, since input im-
ages may contain a large amount of unrelated information
such as occlusions, appearance and illumination variations.
To improve the reliability of the mesh-aligned cues ex-
tracted from spatial features, we impose an auxiliary pixel-
wise prediction task on the spatial features at the last level.
Specifically, during training, the spatial feature maps ¢? !
will go through a convolutional layer for the prediction of
dense correspondence maps with pixel-wise supervision ap-
plied. Dense correspondences encode the mapping rela-
tionship between foreground pixels on 2D image plane and
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mesh vertices in 3D space. In this way, the auxiliary super-
vision provides mesh-image correspondence guidance for
the image encoder to preserve the most related information
in the spatial feature maps.

In our implementation, we adopt the IUV maps defined
in DensePose [1] as the dense correspondence representa-
tion, which consists of part index and UV values of the
mesh vertices. Note that we do not use DensePose anno-
tations in the dataset but render IUV maps based on the
ground-truth SMPL models [66]. During training, classi-
fication and regression losses are applied on the part index
P and UV channels of dense correspondence maps, respec-
tively. Specifically, for the part index P channels, a cross-
entropy loss is applied to classify a pixel belonging to ei-
ther background or one among body parts. For the UV
channels, a smooth L1 loss is applied to regress the cor-
responding UV values of the foreground pixels. Only the
foreground regions are taken into account in the UV regres-
sion loss, i.e., the estimated UV channels are firstly masked
by the ground-truth part index channels before applying the
regression loss. Overall, the loss function for the auxiliary
pixel-wise supervision is written as

Lauz =ApiCrossEntropy(P, 15)
+AwwSmoothLI(P o U, P o U) “4)
+AuwSmoothLI(P & V,P o V),

where © denotes the mask operation. Note that the auxiliary
prediction is required in the training phase only.

Fig. 3 visualizes the spatial features of the encoder
trained with and without auxiliary supervision, where the
feature maps are simply added along the channel dimension
as grayscale images and visualized with colormap. We can
see that the spatial features are more neat and robust to the
input variations when the auxiliary supervision is applied.

4. Experiments
4.1. Implementation Details

The proposed PyMAF is validated on the ResNet-50 [ 1 5]
backbone pre-trained on ImageNet [10]. The ResNet-50
backbone takes a 224 x 224 image as input and produces
image features with the size of 2048 x 7 x 7. For the
classic regression network HMR [22], a 2048 x 1 global
feature vector will be obtained after average pooling. In
our approach, the image features will go through decon-
volution layers, resulting spatial feature maps with resolu-
tions of {14 x 14,28 x 28,56 x 56}, where Cs = 256
for all resolutions. Here, the maximum number 7' is set
to 3, which is equal to the iteration number used in HMR.
When generating mesh-aligned features, the SMPL mesh is
down-sampled using a pre-computed downsampling matrix
provided in [27], after which the vertex number drops from

Figure 3: Visualization of the spatial feature maps and pre-
dicted dense correspondences. Top: Input images. Second
/ Third Row: Spatial feature maps learned without / with
the Auxiliary Supervision (AS). Bottom: Predicted dense
correspondence maps under the auxiliary supervision.

6890 to 431. The mesh-aligned features of each point will
be processed by a three-layer MLP so that their dimension
will be reduced from C to 5. Hence, the mesh-aligned fea-
ture vector has a length of 2155 = 431 x 5, which is similar
to the length of global features. For the grid features used at
t = 0, they are uniformly sampled from ¢ with a 21 x 21
grid pattern, i.e., the point number is 441 = 21 x21 which is
approximate to the vertices number 431 after mesh down-
sampling. The regressors R; have the same architecture
with the regressor in HMR except that they have slightly dif-
ferent input dimensions. Following the setting of SPIN [26],
we train our network using the Adam [24] optimizer with
the learning rate set to be—5 and the batch size of 64 on
a single 2080 Ti GPU. No learning rate decay is applied
during training. More details of the implementation can be
found in our code and the Supplementary Material.

4.2. Datasets

Following the settings of previous work [22, 26], our
approach is trained on a mixture of data from sev-
eral datasets with 3D and 2D annotations, including Hu-
man3.6M [17], MPI-INF-3DHP [36], LSP [19], LSP-
Extended [20], MPII [2], and COCO [33]. For the last five
datasets, we also utilize their pseudo ground-truth SMPL
parameters [5, 26] for training. We do not use training data
from 3DPW [55] but only perform evaluations on its test
set. Moreover, we do not use the DensePose annotations
in COCO for auxiliary supervision, but render IUV maps
based on the ground-truth SMPL meshes using the method
described in [66]. We evaluate our approach using a variety
of metrics for quantitative comparisons with previous meth-
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| 3DPW | Human3.6M

Method | PVE MPJPE PA-MPJPE|MPIPE PA-MPJPE
Kanazawa et al. [23]139.3 1165  72.6 - 56.9
= Doersch et al. [11] - - 74.7 - -
2. Arnab ef al. [4] - - 722 77.8 543
£ DSD[51] - y 695 | 591 424
VIBE [25] 1134 935 56.5 65.9 415
Pavlakos et al. [42] - - - - 75.9
HMR [22] - 1300 767 88.0 56.8
NBF [40] - - - 59.9
GraphCMR [27] - - 70.2 - 50.1
- HoloPose [14] - - - 60.3 46.5
2 DenseRaC [59] - - - 76.8 48.0
£ SPIN [26] 1164 969 592 | 625 4Ll
£ DecoMR [64] - - 61.7% - 39.3f
£ DaNet [65] - - 56.9 61.5 48.6
Song et al. [49] - - 55.9 - 56.4
I2L-MeshNet [37] - 1000 600 |557F 411t
HKMR [12] - - - 59.6 432
Baseline 117.9 985 60.9 64.8 43.7
PyMAF w/o AS 113.6 95.6 58.8 60.3 423
PyMAF 1101 92.8 58.9 57.7 40.5

Table 1: Reconstruction errors on 3DPW and Human3.6M.
t denotes the numbers evaluated on non-parametric results.

ods, i.e., PVE, MPJPE, and PA-MPIJPE for the evaluation of
3D pose estimation, the segmentation accuracy, f1 scores,
and AP for the measure of mesh-image alignment. Detailed
descriptions about the datasets and evaluation metrics can
be found in the Supplementary Material.

4.3. Comparison with the State of the Art

3D Human Pose and Shape Estimation. We first eval-
uate our approach on the 3D human pose and shape es-
timation task, and make comparisons with previous state-
of-the-art regression-based methods. We present evalua-
tion results for quantitative comparison on 3DPW and Hu-
man3.6M datasets in Table 1. Our PyMAF achieves com-
petitive or superior results among previous approaches, in-
cluding both frame-based and temporal approaches. Note
that the approaches reported in Table | are not strictly com-
parable since they may use different training data, learning
rate schedules, or training epochs, etc. For a fair compar-
ison, we report results of our baseline in Table 1, which
is trained under the same setting with PyMAF. The baseline
approach has the same network architecture with HMR [22]
and also adopts the 6D rotation representation [7 1] for pose
parameters. Compared with the baseline, PyMAF reduces
the MPJPE by 5.7 mm and 7.1 mm on 3DPW and Hu-
man3.6M datasets, respectively. The auxiliary supervision
(AS) also helps PYMAF to have better reconstruction results
as shown in the last two rows of Table 1.

From Table 1, we can see that PyMAF has more notable
improvements on the metrics MPJPE and PVE. We would
argue that the metric PA-MPJPE can not fully reveal the

FB Seg. Part Seg.

Method acc. fl acc. f1
SMPLify oracle [5]  92.17 0.88 88.82 0.67
SMPLify [5] 91.89 0.88 87.71 0.64
SMPLify on [42] 92.17 0.88 8824 0.64
HMR [22] 91.67 0.87 87.12 0.60
BodyNet [54] 92.75 0.84 - -
CMR [27] 9146 0.87 88.69 0.66
TexturePose [41] 91.82 0.87 89.00 0.67
SPIN [26] 91.83 0.87 8941 0.68
DecoMR [64] 92.10 0.88 8945 0.69
HKMR [12] 9223 0.88 89.59 0.69
Baseline 91.67 0.87 89.23 0.68
PyMAF w/o AS 9243 088 8998 0.70
PyMAF 92,79 0.89 9047 0.72

Table 2: Foreground-background and six-part segmentation
accuracy and f1 scores on the LSP test set. SMPLify Or-
acle denotes the SMPLify using ground-truth keypoints as
inputs.

mesh-image alignment performance since it is calculated as
the MPJPE after rigid alignment. As depicted in the Sup-
plementary Material, a reconstruction result with smaller
PA-MPIJPE value can have larger MPJPE value and worse
alignment between the reprojected mesh and image.

2D Segmentation and Pose Estimation. To quantita-
tively measure the mesh-image alignment of the predic-
tions, we also conduct evaluation on the 2D segmenta-
tion and pose estimation task, where the predicted meshes
are projected on the image plane to obtain 2D part seg-
mentation and keypoints. Table 2 reports the assessment
of foreground-background and six-part segmentation per-
formance on the LSP test set. As shown in Table 2,
optimization-based approaches remain very competitive in
terms of 2D alignment metrics and tend to outperform
most of the regression-based ones. The reason behind
it is that optimization-based approaches is optimized for
the mesh-image alignment explicitly. Though PyMAF is
regression-based, it surpasses all other methods including
the optimization-based ones.

Finally, we evaluate 2D human pose estimation perfor-
mance on the COCO validation set to verify the effective-
ness of our approach in real-world scenarios. During the
evaluation, we project keypoints from the estimated mesh
on the image plane, and compute the Average Precision
(AP) based on the keypoint similarity with the ground truth
2D keypoints. The results of keypoint localization APs are
reported in Table 3. OpenPose [0], a widely-used 2D human
pose estimation algorithm, are also included for reference.
We can see that, the COCO dataset is very challenging for
approaches to human mesh reconstruction as they typically
have much worse performances in terms of 2D keypoint lo-
calization accuracy. In Table 3, we also include the results
of the optimization-based SMPLify [5] by fitting the SMPL
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Figure 4: Qualitative comparison of reconstruction results
on the COCO validation set.

Method | AP APsy AP75 APy APp
OpenPose [6] | 653 852 713 622 707
SMPLify [5] 220 377 231 277 176
HMR [22] 189 475 117 215 170
GraphCMR [27] | 9.3 269 42 11.3 8.1

SPIN [26] 173 39.1 13.5 190 166
Baseline 16.8 38.2 12.8 18.5 16.0
PyMAFw/o AS | 20.7 439 174 223 199
PyMAF 246 489 227 260 242

Table 3: Keypoint localization APs on the COCO validation
set. There is a total of 50,197 samples used for evaluation.
Results of SMPLIify [5] are evaluated based on the imple-
mentation in SPIN [26] with 300 optimization iterations.
Results of HMR [22], GraphCMR [27], and SPIN [26] are
evaluated based on their publicly released code and models.

model to the ground-truth 2D keypoints. As pointed out
in previous work [26], SMPLify may produce well-aligned
but unnatural results. Moreover, SMPLify is much more
time-consuming than regression-based solutions. Among
approaches recovering 3D human mesh, PyMAF outper-
forms previous regression-based methods by remarkable
margins. Compared with our baseline, PYMAF significantly
improves the AP and AP5¢ by 7.8% and 10.7%, respec-
tively. The auxiliary supervision (AS) also considerably
contributes to more robust reconstruction in this challenging
dataset and brings 3.9% performance gain on AP. Recon-
struction results on COCO are depicted in Fig. 4 for qual-
itative comparisons, where PYMAF convincingly performs
better than SPIN [26] and our baseline by producing better-
aligned and natural results.

4.4. Ablation Study

In this part, we will perform ablation studies under var-
ious settings on Human3.6M to validate the efficacy of the

Feedback Feat. | Pyramid? | #Regressor | MPIPE ~ PA-MPIPE
Global (Baseline) | No | 1 | 841 55.6
Global 84.3 55.3
Grid No 1 80.5 54.7
Mesh-aligned 79.6 53.4
Grid 79.7 54.3
Mesh-aligned Yes 3 76.8 50.9

Table 4: Ablation study on using different types of feedback
features for refinement. No auxiliary supervision is applied.

key components proposed in our approach. All ablation ap-
proaches are trained and tested on Human3.6M, as it in-
cludes ground-truth 3D labels and is the most widely used
benchmark for 3D human pose and shape estimation.

Efficacy of Mesh-aligned Features. In PyYMAF, mesh-
aligned features provide the current mesh-image alignment
information in the feedback loop, which is essential for bet-
ter mesh recovery. To verify this, we alternatively replace
mesh-aligned features with the global features or the grid
features uniformly sampled from spatial features as the in-
put for parameter regressors. Table 4 reports the perfor-
mances of the approaches equipped with different types of
features in the feedback loop. The results under the non-
pyramidal setting are also included in Table 4, where the
grid and mesh-aligned features are extracted from the fea-
ture maps with the highest resolution (i.e., 56 x 56) and
the mesh-aligned features are extracted on the reprojected
points of the mesh under the mean pose at ¢ = 0. For
fair comparisons with Baseline, the approaches with global,
grid, and mesh-aligned feedback features under the non-
pyramidal setting also use a single regressor but have in-
dividual supervision on the prediction of each iteration. Be-
sides, all approaches in Table 4 do not use the auxiliary su-
pervision.

Unsurprisingly, using mesh-aligned features yields the
best performance under both non-pyramidal and pyrami-
dal designs. The approach using the grid features sampled
from spatial feature maps has better results than that us-
ing the global features but is worse than the mesh-aligned
counterpart. When using pyramidal feature maps, the mesh-
aligned solution achieves even more performance gain since
multi-scale mesh-alignment evidences can be leveraged in
the feedback loop. Though the grid features largely contain
spatial cues on uniformly distributed pixel positions, they
can not reflect the alignment status of the current estima-
tion. This implies that mesh-aligned features are the most
informative one for the regressor to rectify the current mesh
parameters.

Benefit from Auxiliary Supervision. The auxiliary
pixel-wise supervision helps to enhance the reliability of
the mesh-aligned evidences extracted from spatial features.
Using alternative pixel-wise supervision such part segmen-
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Aux. Supv. | Input Type | MPIPE  PA-MPIPE
None | Feature | 76.8 50.9
Part. Seg. 108.1 75.9
Part. Seg. Feature 75.5 49.2
Feature*Part. Seg. 77.6 51.1
Dense Corr. 77.8 54.7
Dense Corr. Feature 75.1 48.9

Table 5: Ablation study on using different auxiliary super-
vision settings and input types for regressors.

tation rather than dense correspondences is also possible
in our framework. In our approach, these auxiliary pre-
dictions are solely needed for supervisions during train-
ing since the point-wise features are extracted from feature
maps. For more in-depth analyses, we have also tried ex-
tracting point-wise features from the auxiliary predictions,
i.e., the input type of regressors are intermediate represen-
tations such as part segmentation or dense correspondences.
Table 5 shows the comparison of experiments with different
auxiliary supervision settings and input types for regressors
during training. Using part segmentation is slightly worse
than our dense correspondence solution. Compared with
the part segmentation, the dense correspondences preserve
not only clean but also rich information in foreground re-
gions. Moreover, using feature maps for point-wise feature
extraction consistently performs better than using auxiliary
predictions. This can be explained by the fact that using
intermediate representations as input for regressors ham-
pers the end-to-end learning of the whole network. Under
the auxiliary supervision strategy, the spatial feature maps
are learned with the signal backpropagated from both aux-
iliary prediction and parameter correction tasks. In this
way, the background features can also contain information
for mesh parameter correction since the deep features have
larger receptive fields and are trained in an end-to-end man-
ner. As shown in Table 5, when the mesh-aligned features
are masked with the foreground region of part segmenta-
tion predictions, the performance degrades from 75.5 mm
to 77.6 mm on MPJPE.

Effect of the Initialization in the Feedback Loop. In
our approach, the point-wise features are initially extracted
on grid points for coarse mesh predictions before the extrac-
tion of mesh-aligned features. It is also feasible to extract
mesh-aligned features based on a mean-pose mesh at¢ = 0
as the initial features. The performances of the approaches
using different initial features are reported in Table 6, where
PyMAF can improve reconstruction results under both ini-
tialization settings. For the approach using the initial fea-
tures extracted on the projection of the mean-pose mesh, we
visualize its estimated meshes after each iteration in Fig 5.
Though the mean-pose mesh is far away from the ground-
truth, PYMAF can correct the drift of body parts progres-
sively and result in better-aligned human models.

Initial Feat. | Metric | Mo My My M3
Mean-pose | MPIPE 2740 814 780 713
Mesh PA-MPJPE | 131.7 541 51.1 503
o MPIPE 2740 803 766 75.1
Grid Points | PA-MPJPE | 131.7 52.1 499 489

Table 6: Ablation study on using different initial features
across iterations in the feedback loop.

Image My My Mo M3
Figure 5: Visualization of reconstruction results across dif-
ferent iterations in the feedback loop.

5. Limitations and Future Work

In this paper, we present Pyramidal Mesh Alignment
Feedback (PyMAF) for regression-based human mesh re-
covery. PyMAF is primarily motivated by the observation
of the reprojection misalignment of parametric mesh re-
sults. Though PyMAF improves the mesh-image alignment
on 2D image planes, it can still hardly address the depth
ambiguity problem in 3D space. Moreover, PyMAF fails to
handle extreme shapes due to the lack of training data, as
shown in the Supplementary Material.

In the future, PyMAF can be extended and incorporated
with the recent progress to improve the alignment in 3D
space [35, 30]. Moreover, combining PyMAF with Holo-
Pose [14], SPIN [26], or EFT [21] for the generation of
more precise pseudo 3D ground-truth labels would also be
interesting future work.
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