




Figure 2. Overview of ImpHMR architecture. Given an image of a person, ImpHMR can implicitly imagine the person in 3D space and
infer SMPL parameters viewed from an arbitrary viewing direction ϕ through Feature Fields Module. The model infers parameters from
arbitrary directions during training to have a better 3D prior about person; consequently, regression performance in Canonical Viewing
Direction is improved. For simplicity, we omit notation ϕ and write loss functions in Sec 3.4 abstractly according to the form of the output.

2.2. Implicit Neural Representations

Neural Radiance Fields. Previously, in 3D reconstruc-
tion, differentiable rendering techniques have been adopted
to overcome the requirement for 3D supervision [4, 33]. A
radiance field is a continuous function whose input is a set
of a 3D location and a 2D ray direction, and its output is an
RGB color value and a volume density [5, 37]. To exploit
the effective non-linear mapping capability of deep neural
networks, Mildenhall et al. [38] proposed to learn Neural
Radiance Fields (NeRFs) by parameterizing with a Multi-
Layer Perceptron (MLP) and successfully combining with
volume rendering for novel view synthesis.

Neural Feature Fields. Since the success of NeRFs [38],
generative models for neural radiance fields have been pro-
posed [40, 48]. To get better representations of objects,
Niemeyer et al. [40] proposed Generative Neural Feature
Fields (GIRAFFE) that replace the color output with a
generic feature vector. In addition, neural feature fields con-
dition the MLP on latent vectors of the shape and appear-
ance of objects. Therefore, unlike NeRFs that fits the MLP
to multi-view images of a single scene, neural feature fields
have the capability to generate novel scenes. In this study,
we adopt Neural Feature Fields to design a mental model
that imagines a human in a 3D space from a single image.

3. Methodology
The overall framework of the proposed method is shown

in Fig. 2. In this section, we provide a detailed explanation
of the proposed method. First, we recapitulate the outline
of Neural Feature Fields [40] and SMPL body model [34].
Then, we describe the model architecture and training ob-
jective of the proposed method.

3.1. Neural Feature Fields

A Neural Feature Field [40] is a continuous function h
that maps a 3D point x ∈ R3 and a ray direction r ∈ S2 to
a volume density σ ∈ R+ and an Mf -dimensional feature
vector f ∈ RMf . When h is parameterized by a deep neural
network, the low-dimensional input x and r are first mapped
to higher-dimensional features through the positional en-
coding [38,51] so that they can be mapped to feature vectors
f capable of representing complex scenes. Concretely, each
element of x and r is mapped to a high-dimensional vector
through the positional encoding, as follows:

γ(t, L) =

(sin(20tπ), cos(20tπ), . . . , sin(2Ltπ), cos(2Ltπ))
(1)

where the scalar value t is an element of x and r, and L is
the number of frequency octaves.

Unlike Neural Radiance Fields (NeRFs) [38] that out-
puts an RGB color value, Neural Feature Fields have the
potential to be utilized in various downstream tasks be-
cause it outputs a feature vector for a given 3D point and
a ray direction. For the generative perspective, Niemeyer et
al. [40] proposed a novel generative model for Neural Fea-
ture Fields. In their model, called GIRAFFE, the object
representations are represented by Neural Feature Fields
(denoted as h) parameterized by Multi-Layer Perceptron
(MLP). In order to express different objects (in our case,
people with different poses and shapes), the MLP is condi-
tioned on latent vectors representing the object’s shape (zs)
and appearance (za) as follows:

h : RLx × RLr × RMs × RMa → R+ × RMf

(γ(x), γ(r), zs, za) 7→ (σ, f)
(2)







Appearance Consistency Loss. ImpHMR can make pre-
dictions in various viewing directions from a single image.
By utilizing this capability of the model, we perform self-
supervised learning through the constraint that SMPL pa-
rameters inferred from different directions (sampled from
pcam) should be the same if there are only 2D labels as:

Lcons = Eϕ1,ϕ2∼pcam [λpose||θ′
ϕ1

− θϕ2 ||
+λshape||βϕ1

− βϕ2
||],

(7)

where θ′
ϕ1

denotes the modified parameters where only the
global orientation of the inferred pose parameters θϕ1

is
changed by ϕ2 − ϕ1 amount. Finally, our overall loss func-
tion is Lall = Lreg +Limag +Lcons. We selectively use each
loss function depending on whether 3D labels are available
or not and our model is trained end-to-end manner.

4. Experiments
4.1. Datasets and Evaluation Metrics

Following previous works [19, 24, 25], we use a mix-
ture of 2D and 3D datasets. We use MPI-INF-3DHP [36]
and Human3.6M [13] with ground-truth SMPL as our 3D
datasets for training. Also, MPII [1], COCO [31], and
LSPET [16] with the pseudo-ground-truth SMPL provided
by [17] are used as 2D datasets. As in PARE [24], we divide
the training process into two phases to reduce the overall
training time. We first train our model on COCO for abla-
tion studies, and then obtain the final performance using a
mixture of all datasets for comparison with SOTA methods.
For evaluation, we use 3DPW [54] and 3DPW-OCC [63]
for quantitative evaluation. Our method is evaluated using
mean per joint position error (MPJPE), Procrustes-aligned
mean per joint position error (PA-MPJPE), and per-vertex
error (PVE) metrics. For qualitative evaluation, we evaluate
the quality of the inferred mesh on 3DPW, LSP [15], and
COCO validation sets. More description about datasets is
in the supplementary material.

4.2. Experimental Results

In this section, we validate the effectiveness of the pro-
posed method. First, we compare the performance of Im-
pHMR with previous SOTA methods. Then, we confirm
whether ImpHMR has the ability to infer human appear-
ance viewed from different viewing directions in 3D space.
Finally, the efficacy of each of the methods is validated.

Comparison with State-of-the-Art. First, we evaluate
the human mesh recovery performance of ImpHMR. Ta-
ble 1 shows the quantitative results of previous state-of-the-
art and our method on 3DPW test split. As shown in Tab. 1,
our method (denoted as “ImpHMR (Ours)”) shows superior
performance compared to other methods for all metrics in
both temporal- and frame-based approaches. In particular,

3PDW

Method MPJPE ↓ PA-MPJPE ↓ PVE ↓

Te
m

po
ra

l

HMMR [20] 116.5 72.6 139.3
DSD [50] - 69.5 -
Arnab et al. [2] - 72.2 -
Doersch et al. [11] - 74.7 -
VIBE [23] 93.5 56.5 113.4
TCMR [8] 95.0 55.8 111.3
MPS-Net [55] 91.6 54.0 109.6

Fr
am

e-
ba

se
d

HMR [19] 130.0 76.7 -
GraphCMR [26] - 70.2 -
SPIN [25] 96.9 59.2 116.4
PyMAF [62] 92.8 58.9 110.1
I2L-MeshNet [39] 100.0 60.0 -
ROMP [49] 89.3 53.5 105.6
HMR-EFT [17] - 54.2 -
PARE [24] 82.9 52.3 99.7

ImpHMR (Ours) 81.8 49.8 96.4
ImpHMR (Ours) w. 3DPW 74.3 45.4 87.1

Table 1. Results on 3DPW. Best in bold, second-best underlined.
Values are in mm. “ImpHMR (Ours)” and “ImpHMR (Ours) w. 3DPW”
denote the model trained w/o and w. 3DPW train set, respectively.

Figure 6. Qualitative results. Qualitative comparison of the pro-
posed method with SPIN [25] and HMR-EFT [17] on COCO val-
idation set and 3DPW test split.

ImpHMR shows an -4.4mm (8.1%) performance improve-
ment in PA-MPJPE metric compared to HMR-EFT [17].
Also, it shows a -1.1mm (1.3%), -2.5mm (4.8%), and -
3.3mm (3.3%) improvement in MPJPE, PA-MPJPE, and
PVE, respectively, compared to PARE [24], the most pre-
vious best performing model. Also, we report the results of
the model trained using 3DPW train split (denoted as “Im-
pHMR (Ours) w. 3DPW” in Tab. 1) to see the performance of
the model when using the ground-truth SMPL labels. Com-
pared to when the dataset is not used, ImpHMR shows a
significant performance improvement and outperforms all
methods by a large margin.

We perform an evaluation on 3DPW-OCC [63], an
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