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Abstract

Human mesh recovery (HMR), is a challenging task for
reconstructing a 3D mesh of the human body across a vari-
ety of environments. Various previous works have built rel-
atively mature paradigms for parametrization of mesh co-
ordinates with respect to joints and poses, building upon
the body of work from pose estimation, but the actual mod-
ules involved in encoding and decoding embeddings do not
yet result in optimal mesh recovery. The use of more con-
temporary vision transformers has improved the localiza-
tion and pose angles in HMR, and we continue in this
line of work, exploring how a form of sparse attention, de-
formable attention, can be improved by superresolution of
low-dimensional image features. We find that using well-
posed feature upsampling visibly improves feature qual-
ity and downstream performance, achieving near equal re-
sults to dense attention while training quicker. Our code
can be found at: https://github.com/jeffheo/
DeformableHMR.

1. Introduction

Motion capture (MoCap) technology has applications in
numerous fields such as film, gaming, AR/VR, as well as
sports medicine by providing a tool to capture and analyze
human movement in 3D. Traditional marker-based MoCap
systems utilizing multi-view cameras and marker suits re-
cover highly accurate human motion but suffer from poor
accessibility due to high cost and rigorous set-up. In con-
trast, a single camera with the correct algorithm can perform
3D Monocular Human Mesh Recovery (HMR), which com-
putes a mesh of a human body in 3D given an input image
or video, as a more accessible alternative using deep learn-
ing [8].

One common approach to 3D HMR leverages the
Skinned Multi-Person Linear (SMPL) [12] representation
model, consisting of joint articulations (also called pose
parameter s) and body shape vectors (body shape param-
eters), to generate realistic human body meshes. Current
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challenges in HMR include occlusion situations and consis-
tency between video frames [5], but underlying these issues
is simply a lack of correct positional identification to help
models output correct joint angles [9].

More recently, advances in vision transformers have
demonstrated versatility and overall impressive perfor-
mance across a wide range of vision tasks and domains, par-
ticularly in determining complex spatial relations [5]. In the
field of object detection deformable attention has emerged
as one promising solution for accurate, space-aware local-
ization, and extending such an approach to HMR requires
even greater focus on priors for extracting precise positional
semantics [18].

In parallel, issues of data generalization across diverse
real world applications for vision models have been dimin-
ished by the release of large vision transformer models pre-
trained on self-supervision tasks on web-scale datasets [14]
[2]. The ability of these foundation models to generate
meaningful features across all data spectra for downstream
application has created a new effective learning paradigm,
and more recently, works [4] have begun on improving the
spatial resolution of these vision foundation model features
for ever better results.

By integrating the information derived from large, pre-
trained vision transformer features with novel upsampling
methods and deformable attention decoding, we aim to de-
velop a novel transformer-based HMR framework that sig-
nificantly improves upon current methods in both precision
and computation efficiency.

2. Related Work
2.1. Transformer-Based HMR

End-to-end 3D human mesh recovery, not relying upon
intermediate 2D keypoints or joints, was first proposed by
Kanazawa et al. [8]. This was achieved by levraging novel
deep learning advancements at the time and regressing the
SMPL parameters along with a camera model to derive the
3D meshes. In [5], Goel et al. would extend on this frame-
work and incorporate a vision transformer architecture, us-



ing a single query token fed into the decoder for SMPL and
camera parameter predictions. HMR-2.0 established a new
competitive baseline on single human mesh recovery, and
in particular, they show how their transformer network can
decode complex pose positions that have traditionally been
hard to model due to complex spatial relations. Thus the
authors integrate HMR-2.0 into a video system Humans4D
to effectively support realistic human tracking and mesh re-
construction. For the purposes of this paper, we will call
the vision transformer encoder pretrained on 2D pose esti-
mation they use as ViT-Pose.

2.2. Deformable Attention

The Deformable Transformer [ | 8] architecture, first pro-
posed in end-to-end object detection, has demonstrated
comparable performance to other SOTA methods without
needing any hand-designed components commonly used
in object detection. The deformable attention module is
designed for efficiency and complex relational parameter-
ization, having the keys and values be sparsely sampled
learned offsets from a reference location determined by a
given query. Zhu et al. show that this increases model train-
ing and inference speed while also incorporating inductive
biases for precise spatial modeling beneficial for object de-
tection.

Yoshiyasu (2023) [1 6] extends this notion of deformable
attention to 3D HMR with the DeFormer architecture, using
the joint and shape query tokens at each layer to generate
reference points and offsets on multi-scale maps to be used
in the attention computation. DeFormer works directly with
positional information without the SMPL parameterization
for dense mesh reconstruction, and it improves upon previ-
ous baselines of similar model size.

2.3. Feature Upsampling

Machine learning architectures can compress informa-
tion from images into embedding spaces very well, but it
often comes with the cost of lowering spatial resolution.
The ResNet [6] and ConvNext [ 1] CNN variants compress
the height and width by a factor of 32 at the last embedding
layer, and ViT architectures cby a factor of 16 commonly.
Fine-grained details useful for downstream applications can
be lost with the low resolution features, so feature upsam-
pling aims to increase the spatial resolution of feature maps
while retaining useful semantics.

In FeatUp [4] Fu et al. introduce a lightweight, model-
agnostic method to upsample visual feature maps that per-
form well in downstream applications. They introduce two
modes: IMPLICIT, which can be used to overfit on one im-
age for the highest quality upsampling, and JBU, which
uses stacked joint bilateral upsamplers trained on multi-
view consistency for generalizable feature upsampling.

3. Methodology
3.1. Pretraining FeatUp

We train JBU FeatUp for the features produced by ViT-
Pose (used in HMR-2.0 [5]) in a similar configuration to
the standard method in Fu et al. [4] that upsamples by a fac-
tor of 16, using an attention-based downsampler to go from
high resolution to low resolution features. Multi-view con-
sistency loss is applied between the original low resolution
feature encodings and the downsampled features. We ex-
periment with upsampling by smaller factors than 16, and
for these experiments, we keep the downsampler and multi-
view transformations consistent, always downsampling by a
factor of 16. To ensure matching dimensions, we add addi-
tional bilinear interpolation when learning upsamplers that
only upsample by factors of 4 and 8 to recover the origi-
nal image resolution. We use a 20% subset of COCO data
for training due to time constraints—ideally we could have
pretrained on all of our training data.

From this stage we procure upsamplers ugz) and ugg)
based on the outputs of the 16th and 32nd layers of ViT-
Pose for upsample factors of = 4, 8, 16.

3.2. Generating Feature Maps

We use a the frozen ViT-Pose from Goel et al. [5] as our
initial feature encoder. Given an input image z € R7*Wx3
and a patch size of 16, we represent the spatial output tokens
at layer £ of the encoder f as fy(x) € RH/16xW/16xC
get comprehensive feature maps at multiple stages of the
encoder, we thus extract the outputs at layers 16 and 32,
representing the middle and end of the transformer encoder.

To generate good quality higher resolution features that
retain semantic and positional information, we use the JBU
FeatUp upsamplers u{}) and v} for each of the spatial
maps f16(z), fs2(x) to recover higher resoultion features
with spatial dimension r(H/16) x r(WW/16). At the end of
this stage we have stacked feature maps

(M, = ugr) (fu(@)) € Rr(H/lG)Xr(W/lG)XC}[:[I&BQ]

to be used in the deformable attention decoder.

3.3. Deformable Attention Decoder

We emulate the multi-scale deformable attention de-
coder in DeformableDETR, replacing the object queries
with SMPL parameter queries for pose and shape instead
and using 4 scales as provided from the encoder feature
maps. Here is where our method provides significant theo-
retical benefit; in DeformableDETR, the reference + offset
locations are floating point values in the feature map co-
ordinate space, and bilinear interpolation is used to extract
the relevant key and value information. However, we hy-
pothesize this results in significant information loss due to
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Figure 1. Model Architecture. Images are encoded, features upsampled, and the decoder queries reconstruct the mesh.

low spatial resolution, so we believe our deformable atten-
tion decoder can learn significantly better relations with the
higher resolution image features.

The input SMPL query tokens are learnable ¢ €
R26x1280 representing 24 pose tokens, 1 shape token, and
1 camera token. After passing the queries through the
decoder, we learn linear projections Wyose, Whape, and
Weamera to get the desired outputs of pose parameters
0 € R?*%6, shape parameters 3 € R0, and camera pa-
rameters 1 € R3*3. For the pose rotation angles in the
SMPL parameters, we use the common 6D representation
pioneered by Zhou et al. (2020) [17] for a more continuous
loss-landscape, converting to the actual pitch/roll/yaw and
rotation matrix afterwards. Moreover, we use one round of
iterative error feedback [3], starting with the mean SMPL
values from Humans 3.6M [7] to condition our predictions
better. These are passed into the SMPL model to generate
our 3D meshes.

3.4. Training Details

Following [9], we train with reconstruction loss on the
SMPL parameters, the 3D joint positions, the 3D mesh ver-
tices, and the projected 2D joint positions, all using mean
square error. The relative loss weight for SMPL parameters
is Asprpr = 1, 2D and 3D joint positions is Ajoine = 9,
and mesh vertices A,,esn, = 60. For all training runs, we
freeze the ViT-Pose to explore efficient decoding methods.

‘We train all models on four real world datasets, two with
3D SMPL ground truth derived from from motion capture—
3DPW [15] and MPI-INF-3DHP [|3]—and two psuedo-
labeled from 2D pose ground truth using the CLIFF-

annotator [9], COCO [10] and MPII [1]. To save on training
time and still do a fair comparison, we use the same 20%
subsample of the training data and train for 50 epochs. The
evaluation is performed on the test split of 3DPW, and we
use mean joint position error (MPJPE), procrustes analysis
MPIJPE (PA-MPIJPE), and per vertex error (PVE) to deter-
mine how well the predicted mesh matches the ground truth.

4. Results

We compare various model architectures using our eval-
uation metrics, parameter count, and training time in table 1.
BEDLAM-CLIFF is a non-transformer benchmark that im-
proves upon HMR-1.0. The Deformable DETR adaptation
to human mesh recovery here replaces the object queries
with SMPL queries and the box prediction head with the
SMPL prediction head—we retain the smaller model size
and usage of ResNet50, just testing how deformable at-
tention directly works with the older architecture they use.
We re-implement HMR-2.0 and modify the transformer de-
coder to accept a 26 query input. The FeatUp module we
report results for here is with 4 times upsampling, as we
found that performed best in terms of PA-MPJPE.

We can observe that although our method fails to match
the performance of modified HMR-2.0, the efficient de-
formable attention still achieves very competitive metrics,
and this form of attention is improved through FeatUp. De-
spite having slightly worse performance, the speed of the
deformable cross-attention between queries and the image,
sampling a fixed p = 8 points per attention head as opposed
to linear with respect to the image size, really shines in the



Table 1. Metrics comparison between model architectures

Method MPJPE| PA-MPJPE| PVE| Params GPU Time (Hours)
BEDLAM-CLIFF 76.61 48.56 90.70 80M 43
Deformable DETR 102.16 65.06 120.48 89M 5.0
HMR-2.0 66.67 41.35 79.49 725M 24.4
ViT-Pose + Deformable 69.78 44.42 83.51 713M 13.9
Ours (ViT-Pose + FeatUp + Deformable) 68.25 43.18 82.02 714M 14.5

training speed. Moreover, the methods that do not use ViT-
Pose, BEDLAM-CLIFF and Deformable DETR, both per-
form significantly worse, showing that well-conditioned ini-
tial image features are likely essential for any human mesh
recovery model.

4.1. Analysis

Our HMR model exhibits a robust capability in captur-
ing the general body pose and proportions of individuals
across various scenarios, as seen in the visualizations on
Figure 2. Upon rendering the recovered meshes on each of

four distinct images from the validation set of the 3DPW
[15] dataset, we confirm our model comprised of the Vit-
Pose transformer encoder, FeatUp model for feature up-
sampling, and the transformer decoder using Deformable
attention generalizes well across various in-the-wild im-
age datapoints. Our model demonstrates plausible meshes
for humans dancing sideways, sitting on the staircase, run-
ning, and conversing sideways, and in particular, we show
strength in accuracy of upper body articulation and orienta-
tion.

Despite these strengths, there are several areas where the

Figure 2. Qualitative results on validation set. We visualize the original image, the predicted mesh projected onto the original image, and
the mesh alone on the validation set of the 3DPW dataset [15]. Upon visualizing our model’s recovered meshes on four distinct scenarios,
we deduce that our framework demonstrates competitive 3D HMR performance compared to existing SOTA models, as the model recovers
decent meshes that demonstrate high accuracies particularly in the upper body region. However, the model struggles to accurately recover
feet locations and suffers from high localization errors under difficult scenarios such as self-occlusions.



model could be improved. Notably, the model frequently
exhibits inaccuracies in foot positioning and orientation.
Such errors can detract significantly from the realism of the
rendered meshes, as correct foot alignment is essential for
the overall stability and appearance of the pose.

Self-occlusion presents another challenge for the model,
particularly noticeable in scenarios where one limb oc-
cludes another, such as arms or legs during walking mo-
tions. These situations often result in unrealistic and inac-
curate limb positioning. Such errors are noticeable in the
third and fourth row of Figure 2; on the third row, the oc-
cluded right leg suffers from positional inaccuracy, and the
same holds for the occluded right arm of the fourth row.

We also compare the effect of FeatUp JBU upsampler
scaling factor on performance.

Upsample Factor MPJPE | PA-MPJPE| PVE|
4x 68.25 43.18 82.02
8x 67.73 43.71 82.10
16x 68.89 44.14 83.14

Table 2. Results for using different FeatUp JBU upsample ratios

In table 2, we observe that taking all metrics in aggre-
gate, 4x does slightly better than 8x, which both surpass
16x. This was a bit surprising to us as we expected better
spatial resolution to result in better results. However, tak-
ing a look at the features themselves, as in figure 3, we can
see how all the FeatUp JBU results are much crisper and
seemingly more useful than the bilinear interpolation in the
absence of FeatUp, but there begin to be slight artifacts at
8x and there are significant artifacts at 16x. Fu et al. [4] did
mention the possibility of FeatUp overfitting and generaliz-
ing poorly to unseen images, and we believe these artifacts
on the 16x results are indicative of this behavior. Although
the 16x features look the sharpest, the 4x actually has better
leg resolution as it seems like the artifacts in the 16x cover
up the space between the legs.

In Figure 4, we visualize what the deformable atten-
tion decoder is attending to. The black squares are refer-
ence offsets with low attention values and the more red,
the larger the attention value. In general the deformable
attention seems to be focusing on a good amount of rele-
vant areas, such as the individual’s limbs and other sort of
body key points, but there is quite a few harder to explain
larger attention values to points such as the ground or in the
zero-padding location. A significant general trend is that
the points all are clustered towards the middle of the im-
age when important context does exist at the extremities, so
the model may just be missing out on that. We suspect that
since the locations of the offsets and reference points are
calculated as the sigmoid output, mapping (0, 1) range to
the image’s height and width. For these offsets pre-sigmoid

Figure 3. PCA Visualization of FeatUp. Top Row: Original Image
and Bilinear Interpolation of features (no FeatUp). Bottom Row
(Left to Right): 4x, 8x, 16x FeatUp.

to approach large positive or negative values during training
to allow for image extremities to be reached is quite diffi-
cult, so we suspect doing some temperature scaling or other
method could improve the deformable attention.

Figure 4. Deformable Attention visualization for last layer of de-
coder. All splotched squares are offset locations, and red pigment
corresponds to attention value.



5. Conclusion

With the proliferation of large, pretrained vision trans-
formers across various vision tasks, human mesh recovery
is no exception. The method in which researchers choose
to use the resulting features of these models still has sig-
nificant variability, as concerns regrading parameter count
and training time for lightweight decoding exist. We show
that a deformable attention decoder does result in some per-
formance decline from full-attention; however the efficient
attention module allows for significantly faster training, up
to 40%. By adding feature upsampling, we improve the de-
ofmrable attention and show that spatial quality of feature
maps for deformable attention applications does matter—
we observe that feature map quality does correlate to down-
stream performance.

The task of human mesh recovery still remains open to
future methods of exploration. Aside from aspects like mul-
tiple humans or occlusions not specifically covered in this
work, HMR errors are still quite easy to discern, and there
certainly exists a small gap between the best HMR mod-
els and true motion capture detection. Deformable attention
with feature upsampling improves upon other methods of
similar training time, and we believe this line of work, fo-
cusing on the spatial quality of features, holds further poten-
tial for improvement. Some aspects we considered explor-
ing in this area of informative spatial feature maps but re-
jected given resources and time include incorporating depth
estimation and other backbones, and we call for future re-
searchers to try these inquiries.
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