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Abstract

Human mesh recovery (HMR) is crucial in many computer
vision applications; from health to arts and entertainment.
HMR from monocular images has predominantly been ad-
dressed by deterministic methods that output a single predic-
tion for a given 2D image. However, HMR from a single im-
age is an ill-posed problem due to depth ambiguity and occlu-
sions. Probabilistic methods have attempted to address this by
generating and fusing multiple plausible 3D reconstructions,
but their performance has often lagged behind deterministic
approaches. In this paper, we introduce GenHMR, a novel
generative framework that reformulates monocular HMR as
an image-conditioned generative task, explicitly modeling
and mitigating uncertainties in the 2D-to-3D mapping pro-
cess. GenHMR comprises two key components: (1) a pose
tokenizer to convert 3D human poses into a sequence of dis-
crete tokens in a latent space, and (2) an image-conditional
masked transformer to learn the probabilistic distributions of
the pose tokens, conditioned on the input image prompt along
with randomly masked token sequence. During inference, the
model samples from the learned conditional distribution to
iteratively decode high-confidence pose tokens, thereby re-
ducing 3D reconstruction uncertainties. To further refine the
reconstruction, a 2D pose-guided refinement technique is pro-
posed to directly fine-tune the decoded pose tokens in the la-
tent space, which forces the projected 3D body mesh to align
with the 2D pose clues. Experiments on benchmark datasets
demonstrate that GenHMR significantly outperforms state-
of-the-art methods.

Project Website — https://m-usamasaleem.github.io/
publication/GenHMR/GenHMR.html

Introduction
Recovering 3D human mesh from monocular images is an
essential task in computer vision, with applications span-
ning diverse fields, such as character animation for video
games and movies, metaverse, human-computer interaction,
and sports performance optimization. However, recovering
3D human mesh from monocular images remains challeng-
ing due to inherent ambiguities in lifting 2D observations to
3D space, flexible body kinematic structures, complex inter-
sections with the environment, and insufficient annotated 3D
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Figure 1: State of the art (SOTA) methods, HMR2.0 (Goel
et al. 2023) and TokenHMR (Dwivedi et al. 2024), leverage
vision transformers to recover 3D human mesh from a sin-
gle image. The errors, highlighted by red circles, reveal the
limitations of these SOTA approaches in handling unusual
poses or ambiguous scenarios. Our method, GenHMR, over-
comes these challenges by explicitly modeling and mitigat-
ing uncertainties in the 2D-to-3D mapping process, resulting
in more accurate and robust 3D pose reconstructions in such
complex scenarios.

data (Tian et al. 2023). To address these challenges, recent
efforts have been focusing on two methods: (1) deterministic
HMR and (2) probabilistic HMR. Both methods face critical
limitations.

Deterministic methods, as the dominant approach for
HMR, are designed to produce a single prediction for a given
2D image. These methods estimate the shape and pose pa-
rameters of 3D body model either by regressing from 2D
image features extracted from deep neural networks (Choi
et al. 2022; Kocabas et al. 2021; Kanazawa et al. 2018)
or by directly optimizing the parametric body model by
fitting it to 2D image cues, such as 2D keypoints (Bogo
et al. 2016; Pavlakos et al. 2019; Xu et al. 2020), silhouettes
(Omran et al. 2018), and part segmentations (Lassner et al.
2017). Recent deterministic HMR models, utilizing vision
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transformers as their backbone, have achieved state-of-the-
art (SOTA) mesh reconstruction accuracy. However, despite
such promising progress, these SOTA deterministic models
face a critical limitation: they constrain neural networks to
produce a single prediction hypothesis. This approach over-
looks the inherent depth ambiguity in monocular images,
which can result in multiple plausible 3D reconstructions
that equally fit the same 2D evidence.

To mitigate this problem, several works have proposed
probabilistic approaches that generate multiple predictions
from a single image using various generative models, such
as conditional variational autoencoders (CVAEs) (Sharma
et al. 2019; Sohn, Lee, and Yan 2015) and diffusion models
(Shan et al. 2023; Holmquist and Wandt 2023). However,
this increase in diversity typically comes at the cost of ac-
curacy because strategical aggregation of multiple solutions
into a single accurate prediction is challenging due to the
potential kinematic inconsistency among these 3D human
mesh predictions. As a result, none of these multi-hypothesis
probabilistic methods are competitive with the latest single-
output deterministic models.

To overcome the limitations of existing methods, we in-
troduce GenHMR, a novel generative framework for 3D hu-
man mesh recovery from a single 2D image. GenHMR is
built on two key components: a pose tokenizer and an image-
conditional masked transformer. The framework follows a
two-stage training paradigm. In the first stage, the pose to-
kenizer is trained using Vector Quantized Variational Au-
toencoders (VQ-VAE) (Van Den Oord, Vinyals et al. 2017),
which convert the continuous human pose (i.e., the rotations
of skeletal joints) into a sequence of discrete tokens in a la-
tent space, based on a learned codebook. In the second stage,
a portion of the pose token sequence is randomly masked.
The image-conditional masked transformer is then trained
to predict the masked tokens by learning the conditional cat-
egorical distribution of each token, given the input image
and the unmasked tokens. This generative masking training
allows GenHMR to learn a explicit probabilistic mapping
from the 2D image to the human pose. Leveraging such fea-
ture, we propose uncertainty-guided iterative sampling dur-
ing inference, where the model decodes multiple pose to-
kens simultaneously in each iteration by sampling from the
learned image-conditioned pose distributions. The tokens
with low prediction uncertainties are kept and the others are
re-masked and re-predicted in the next iteration. This fea-
ture allows GenHMR to iteratively reduce 2D-to-3D map-
ping uncertainties and progressively correct the wrong joint
rotations to improve the mesh reconstruction accuracy. To
further refine the reconstruction quality, we propose a novel
2D pose-guided refinement technique, which directly opti-
mizes the decoded pose tokens in the latent space, with an
objective to force the projected 3D body mesh to align with
the 2D pose clues. Our contributions are summarized as fol-
lows:

• We introduce GenHMR, a novel generative framework
for accurate HMR from a single image, which largely de-
parts from existing deterministic and probabilistic meth-
ods in terms of model architecture, training paradigm and

inference process.
• We leverage generative masking training to learn in-

tricate image-conditioned pose distributions, thus effec-
tively capturing the 2D-to-3D mapping uncertainty.

• We propose a novel iterative inference strategy, incorpo-
rating uncertainty-guided sampling followed by 2D pose-
guided refinement to progressively mitigate HMR errors.

• We demonstrate through extensive experiments that
GenHMR outperforms SOTA methods on standard
datasets, including Human3.6M in the controlled envi-
ronment, and 3DPW and EMDB for in-the-wild scenar-
ios. For both cases, GenHMR could lead to 20 - 30 % er-
ror reduction (in terms of MPJPE) compared with SOTA
methods. Qualitative results shows that GenHMR is ro-
bust to ambiguous image observations (Fig. 1).

Related Work
Deterministic HMR
The field of Human Mesh Recovery (HMR) from monocular
images has been primarily dominated by deterministic ap-
proaches, which aim to generate a single output for a given
2D image. The early work mainly adopts optimization-based
approaches to fit a parametric model human model such as
SMPL (Loper et al. 2015) to 2D image cues (Pavlakos et al.
2019; Kolotouros et al. 2019; Lassner et al. 2017). Later
on, learning-based methods become more prevalent, which
leverage CNNs to directly regress SMPL parameters from
images (Choi et al. 2022; Kocabas et al. 2021; Kanazawa
et al. 2018) and videos (Cho et al. 2023; Kanazawa et al.
2019). Recently, vision transformers (Alexey 2020) have
been adopted for HMR tasks. For example, HMR 2.0 (Goel
et al. 2023) and TokenHMR (Dwivedi et al. 2024) achieve
the state-of-the-art mesh reconstruction accuracy by lever-
aging transformer’s ability of modeling the long-range cor-
relations to learn the dependencies of different human body
parts in HMR tasks. However, these deterministic meth-
ods are limited by their single-output nature, which fails to
capture the inherent depth ambiguity in complex scenarios,
leading to reconstruction errors when multiple plausible 3D
interpretations exist.

Probabilistic HMR
To address the limitations of deterministic methods, vari-
ous probabilistic models have been exploited to address the
inherent uncertainty in the reconstruction process and en-
able the generation of multiple plausible 3D mesh predic-
tions from a single 2D image. These methods include mix-
ture density networks (MDNs) (Bishop 1994; Li and Lee
2019), conditional variational autoencoders (CVAEs) (Sohn,
Lee, and Yan 2015; Pavlakos et al. 2018), and normalizing
flows (Wehrbein et al. 2021; Kolotouros et al. 2021). Re-
cent advancements in diffusion-based HMR models, such
as DDHPose (Cai et al. 2024), Diff-HMR (Cho and Kim
2023), and D3DP (Shan et al. 2023), have shown significant
promise in generating diverse and realistic human meshes.
However, these approaches face a great challenge in synthe-
sizing multiple predictions into a single, coherent 3D pose.
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Current methods often rely on simplistic aggregation tech-
niques, such as averaging all hypotheses (Wehrbein et al.
2021; Li and Lee 2019, 2020) or performing pose or joint-
level fusion (Shan et al. 2023; Cai et al. 2024), which fre-
quently result in kinematically inconsistent and suboptimal
reconstructions.

Unlike existing probabilistic methods that model and
sample the distributions of entire 3D body meshes,
GenHMR leverages masked generative transformers to
model the pose and rotation distribution of each individual
skeletal joint, while also capturing the inherent interdepen-
dence among joints. This approach enables our model to it-
eratively perform fine-grained joint-level sampling, progres-
sively reconstructing the human mesh from ambiguous 2D
image observations. Our generative framework draws inspi-
ration from the great success of masked language and image
models in text, image, and video generation (Ghazvininejad
et al. 2019; Devlin et al. 2019; Zhang et al. 2021; Chang
et al. 2022; Ding et al. 2022; Chang et al. 2023). However,
while generative language and image models focus on in-
creasing sample diversity, GenHMR aims to minimize 3D
mesh generation diversity and uncertainty, conditioned on
2D image prompts.

Proposed Method: GenHMR
The goal of GenHMR is to achieve accurate 3D human mesh
reconstructions from monocular images I by learning body
pose θ, shape β, and camera parameters T . As shown in Fig-
ure 2, GenHMR comprises two main modules: the pose to-
kenizer and the image-conditioned masked transformer. The
pose tokenizer converts 3D human pose parameters θ into
a sequence of discrete pose tokens. The image-conditioned
masked transformer predicts masked pose tokens based on
multi-scale image features extracted by an image encoder.
During inference, we use an iterative decoding process to
predict high-confidence pose tokens, progressively refining
predictions by masking low-confidence tokens and leverag-
ing both image semantics and inter-token dependencies. To
further enhance accuracy, a 2D pose-guided sampling strat-
egy is proposed to optimize the pose queries by aligning the
re-projected 3D pose with the estimated 2D pose. Addition-
ally, the shape parameters β and weak perspective camera
parameters T are directly regressed from the image features,
completing the 3D human mesh reconstruction process.

Body Model
We utilize SMPL, a differentiable parametric body model
(Loper et al. 2015), to represent the human body. The SMPL
model encodes the body using pose parameters θ ∈ R24×3

and shape parameters β ∈ R10. The pose parameters θ =
[θ1, . . . , θ24] include the global orientation θ1 ∈ R3 of the
whole body and the local rotations [θ2, . . . , θ24] ∈ R23×3

of the body joints, where each θk represents the axis-angle
rotation of joint k relative to its parent in the kinematic tree.
Given these pose and shape parameters, the SMPL model
generates a body mesh M(θ, β) ∈ R3×N , where N = 6890
vertices. The body joints J ∈ R3×k are then defined as a
linear combination of these vertices, calculated using J =

MW , where W ∈ RN×k represents fixed weights that map
vertices to joints.

Pose Tokenizer
The goal of the pose tokenizer is to learn a discrete latent
space for 3D pose parameters by quantizing the encoder’s
output into learned codebook C, as shown in Figure 2(a). We
leverage the VQ-VAE (Van Den Oord, Vinyals et al. 2017)
to pretrain the pose tokenizer. Specifically, given the SMPL
pose parameters θ, we use a convolution encoder E to map
the pose parameters θ into a latent embedding z. Each em-
bedding z is then quantized to codes c ∈ C by finding the
nearest codebook entry based on the Euclidean distance, de-
scribed by ẑi = argminck∈C ∥zi−ck∥2. Then, the total loss
function is defined as follows

Lvq = λreLre + λE∥ sg[z]− c∥2 + λα∥z − sg[c]∥2
which consists of a SMPL reconstruction loss, a latent em-
bedding loss and a commitment loss, where λre, λE, and
λα are their respective weights. sg[·] represents the stop-
gradient operator. To improve reconstruction quality, we em-
ploy an L1 loss Lre = λθLθ + λVLV + λJLJ to mini-
mize the difference between the SMPL parameters and their
ground-truth, including pose parameters θ, mesh vertices V ,
and kinematic joints J . This tokenizer is optimized using a
straight-through gradient estimator, with the codebooks be-
ing updated via exponential moving average and codebook
reset, following the methodology outlined in (Esser, Rom-
bach, and Ommer 2021; Williams et al. 2020).

Image Conditioned Masked Transformer
The image conditioned masked transformer comprises two
main components: the image encoder and the masked trans-
former decoder with multi-scale deformable cross attention.
Image Encoder. Our encoder employs a vision transformer
(ViT) to extract image features (Alexey 2020; Dwivedi et al.
2024; Goel et al. 2023). We utilize the ViT-H/16 vari-
ant, which processes 16x16 pixel patches through trans-
former layers to generate feature tokens. Inspired by ViT-
Det (Alexey 2020), we adopt a multi-scale feature approach
by upsampling initial feature map from encoder to cre-
ate a set of feature maps with varying resolutions. High-
resolution feature maps capture fine-grained visual details
(e.g., the presence and rotation of individual joints), while
low-resolution feature maps preserve high-level semantics,
e.g., the structure of the human skeleton.
Masked Transformer Decoder. Our decoder employs a
multi-layer transformer whose inputs are the pose token se-
quence obtained from the pose tokenizer. These pose tokens
serve as the queries that are cross-attended to the multi-
scale feature maps from the image encoder. Since these
feature maps are of high resolution, we adopt multi-scale
deformable cross-attention to mitigate computational cost
(Zhu et al. 2020). In particular, each pose token is only at-
tended to a small set of sampling points around a reference
point on multi-scale feature maps, regardless of the spatial
size of the feature maps. The multi-scale deformable atten-
tion is expressed as:
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Figure 2: GenHMR Training Phase. GenHMR consists of two key components: (1) a Pose Tokenizer that encodes 3D human
poses into a sequence of discrete tokens within a latent space, and (2) an Image-Conditioned Masked Transformer that
models the probabilistic distributions of these tokens, conditioned on the input image and a partially masked token sequence.

Figure 3: Our inference strategy comprises two key stages: (1) Uncertainty-Guided Sampling, which iteratively samples high-
confidence pose tokens based on their probabilistic distributions, and (2) 2D Pose-Guided Refinement, which fine-tunes the
sampled pose tokens to further minimize 3D reconstruction uncertainty by ensuring consistency between the 3D body mesh
and 2D pose estimates.

MSDA(Y, p̂y, {xl}Ll=1) =
L∑

l=1

K∑
k=1

Alyk ·Wxl (p̂y +∆plyk)

where Y represents pose token queries, p̂y denotes learn-
able reference points, ∆plyk are the learnable sampling off-
sets around these points, {xl}Ll=1 are the multi-scale image
features, Alyk are the attention weights, and W is a learn-
able weight matrix. The [MASK] token is a special-purpose
token used in the masked transformer decoder. During train-
ing, it represents masked pose tokens, and the model learns
to predict the actual tokens to replace them. During infer-
ence, [MASK] tokens serve as placeholders for pose token
generation.

Training Strategy
Generative Masking. Given a pose token sequence Y =
[yi]

L
i=1 from the pose tokenizer where L denotes the se-

quence length, our model is trained to reconstruct the pose

token sequence, conditioned on the image prompt under ran-
dom masking strategies. In particular, we randomly mask
out m = ⌈γ(τ) · L⌉ tokens, where γ(τ) ∈ [0, 1] is a
masking ratio function with τ following a uniform distri-
bution U(0, 1). We adopt a cosine masking ratio function
γ(τ) = cos

(
πτ
2

)
similar to the ones from generative text-

to-image models (Chang et al. 2022, 2023). The masked to-
kens are replaced with learnable [MASK] tokens, forming
the corrupted pose sequence YM . The categorical distribu-
tion of each pose token, conditioned on corrupted sequence
YM and image prompt X is p(yi|YM , X), which explicitly
models the uncertainty during the 2D-to-3D mapping pro-
cess. The training objective is to minimize the negative log-
likelihood of the pose token sequence prediction:

Lmask = −EY ∈D

 ∑
∀i∈[1,L]

log p(yi|YM , X)

 . (1)
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Training-time Differentiable Sampling. The training loss,
Lmask, not only aids in capturing the uncertainty inherent in
monocular human mesh recovery but also enforces accurate
estimation of the pose parameter θ within the discrete latent
space. However, prior research (Kanazawa et al. 2018) indi-
cates that, in addition to ensuring correct θ estimation, it is
highly advantageous to incorporate an additional 3D loss be-
tween the predicted and ground-truth 3D joints, as well as a
2D loss between the projections of these predicted 3D joints
and the ground-truth 2D joints. The challenge in incorpo-
rating these losses into generative model training lies in the
need to convert pose tokens in the latent space into the pose
parameter β in the SMPL space. This conversion requires
sampling the categorical distribution of pose tokens during
training, which is non-differentiable. To overcome this chal-
lenge, we adopt the straight-through Gumbel-Softmax tech-
nique (Jang, Gu, and Poole 2016), which uses categorical
sampling during the forward pass and employs differentiable
sampling according to the continuous Gumbel-Softmax dis-
tribution during the backward pass, which can approximate
the categorical distribution via temperature annealing. The
final overall loss is Ltotal = Lmask + LSMPL + L3D + L2D,
which combines pose token prediction loss (Lmask), 3D loss
(L3D), 2D loss (L2D), and SMPL parameter loss LSMPL that
minimize the shape and pose parameters in the SMPL space.

Inference Strategy
As shown in Fig. 3, our inference strategy comprises two key
stages: (1) uncertainty-guided sampling, which iteratively
samples high-confidence pose tokens based on their prob-
abilistic distributions and (2) 2D pose-guided refinement,
which fine-tunes the sampled pose tokens to further mini-
mize 3D reconstruction uncertainty by ensuring the consis-
tency between the 3D body mesh and 2D pose estimates.
Uncertainty-Guided Sampling. The sampling process be-
gins with a fully masked sequence Y1 of length L, where all
tokens are initially set to [MASK]. The sequence is decoded
over T iterations. At each iteration, t, the masked tokens
are decoded by performing stochastic sampling, where the
tokens are sampled based on their prediction distributions
p(yi|YM , X). After the token sampling, a certain number of
tokens with low prediction confidences are re-masked and
re-predicted in the next iteration. The number of tokens to be
re-masked is determined by a masking schedule ⌈γ

(
t
T

)
·L⌉,

where γ is a decaying function of iteration t that produces
higher masking ratio in the early iterations when the predic-
tion confidence is low, while yielding low masking ratio in
the latter iterations when the prediction confidence increases
as more context information becomes available from previ-
ous iterations. We adopt the cosine function for γ and the
impact of other decaying functions is shown in the supple-
mentary material.
2D Pose-Guided Refinement. To further reduce uncertain-
ties and ambiguities in the 3D reconstruction, we refine the
pose tokens Y , while keeping the whole network frozen, so
that the 3D pose estimates are better aligned with 2D pose
clues from off-the-shelf 2D pose detectors such as Open-
Pose (Cao et al. 2017). This optimization process is initial-
ized by the pose tokens from uncertainty-guided sampling,

and these tokens are then iteratively updated to minimize a
composite guidance function G(Yp, J2D, θ

′) that penalizes
the misalignment of 3D and 2D poses along with regulariza-
tion terms:

Y + = argmin
Yp

(L2D(J ′
3D) + λθ′Lθ′(θ′)) (2)

The term L2D(J ′
3D) ensures that the reprojected 3D joints

J ′
3D are aligned with the detected 2D keypoints J2D:

L2D(J ′
3D) = |Π(K(J ′

3D))− J2D|2 (3)
where Π(K(·)) represents the perspective projection with
camera intrinsics K. The regularization term Lθ′(θ′) en-
sures that the pose parameters θ′ remain close to the initial
estimate, preventing excessive deviations and maintaining
plausible human body poses. At each iteration p, the pose
embeddings Yp are updated using the following gradient-
based approach:

Yp+1 = Yp − η∇Yp
G(Yp, J2D, θ

′) (4)
Here, η controls the magnitude of the updates to the pose
embeddings, while ∇Yp

G(Yp, J2D, θ
′) represents the gradi-

ent of the objective function with respect to the pose em-
beddings Y at iteration p. This refinement process continues
over P iterations and our experiments show that only a small
number of iterations (5 to 10) is sufficient to yield satisfaroy
enhancement.

Experiments
Datasets. We trained the pose tokenizer using the AMASS
(Mahmood et al. 2019) standard training split and MOYO
(Tripathi et al. 2023). For GenHMR, following prior work
(Goel et al. 2023) and to ensure fair comparisons, we used
standard datasets (SD): Human3.6M (H36M) (Ionescu et al.
2013), COCO (Lin et al. 2014), MPI-INF-3DHP (Mehta
et al. 2017), and MPII (Andriluka et al. 2014).
Evaluation Metrics. We evaluate GenHMR using the Mean
Per Joint Position Error (MPJPE) and Mean Vertex Error
(MVE) for 3D pose estimation accuracy. We also report the
Procrustes-Aligned MPJPE (PA-MPJPE) to assess the align-
ment between predicted and ground-truth poses after rigid
transformation. To quantify computational efficiency, we
use Average Inference Time per Image (AITI) (s), similar to
the average inference/optimization time per image reported
by OpenPose (Cao et al. 2017). However, AITI measures
per-iteration processing time, enabling fine-grained analysis
of our uncertainty-guided sampling and 2D Pose-guided re-
finement. Lower values across all these metrics indicate bet-
ter performance. GenHMR is tested on the Human3.6M test-
ing split, following previous works (Kolotouros et al. 2019).
To evaluate GenHMR’s generalization on challenging in-
the-wild datasets with varying camera motions and diverse
3D poses, we test 3DPW (Von Marcard et al. 2018) and
EMDB (Kaufmann et al. 2023) without training on them,
ensuring a fair assessment on unseen data.

Comparison to State-of-the-art Approaches
We evaluate our approach against a range of state-of-the-
art deterministic and probabilistic HMR methods on the Hu-
man3.6M, 3DPW, and EMDB datasets, as detailed in Ta-
ble 1. GenHMR consistently outperforms existing methods
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Human3.6M 3DPW EMDB

Methods Venue PA-MPJPE
(↓)

MPJPE
(↓)

PA-MPJPE
(↓)

MPJPE
(↓)

MVE
(↓)

PA-MPJPE
(↓)

MPJPE
(↓)

MVE
(↓)

Deterministic HMR Methods
FastMETRO (Cho 2022) ECCV 2022 33.7 52.2 65.7 109.0 121.6 72.7 108.1 119.2
PARE (Kocabas et al. 2021) ICCV 2021 50.6 76.8 50.9 82.0 97.9 72.2 113.9 133.2
Virtual Marker (Ma et al. 2023) CVPR 2023 - - 48.9 80.5 93.8 - - -
CLIFF (Li et al. 2022) ECCV 2022 32.7 47.1 46.4 73.9 87.6 68.8 103.1 122.9
HMR2.0 (Goel et al. 2023) ICCV 2023 33.6 44.8 44.5 70.0 84.1 61.5 97.8 120.1
VQ HPS (Fiche et al. 2023) ECCV 2024 - - 45.2 71.1 84.8 65.2 99.9 112.9
TokenHMR (Dwivedi et al. 2024) CVPR 2024 36.3 48.4 47.5 75.8 86.5 66.1 98.1 116.2

Probabilistic HMR Methods
Diff-HMR (Cho and Kim 2023)† ICCV 2023 - - 55.9 94.5 109.8 - - -
3D Multibodies (Biggs et al. 2020)† NeurIPS 2020 42.2 58.2 55.6 75.8 - - - -
ProHMR (Kolotouros et al. 2021)† ICCV 2021 - - 52.4 84.0 - - - -
GenHMR Ours 22.4 (10.3↓) 33.5 (11.3↓) 32.6 (13.8↓) 54.7 (15.3↓) 67.5 (17.3↓) 38.2 (23.3↓) 68.5 (31.4↓) 76.4 (43.7↓)

Table 1: Reconstructions Evaluated in 3D: Reconstruction errors (in mm) on the Human3.6M, 3DPW, and EMDB datasets.
Lower values (↓) indicate better performance. Underlined results show the second-best performance in each column. Blue
indicates improvements of our method compared to the second-best method. & – & means results are not reported. †Results for
existing probabilistic HMR methods are reported for 25 multiple hypotheses.

across key evaluation metrics—PA-MPJPE, MPJPE, and
MVE—demonstrating its superior ability to produce accu-
rate 3D reconstructions. A significant contributor to this suc-
cess is GenHMR’s capability to model and refine uncertainty
throughout the reconstruction process, making it particularly
effective in challenging scenarios involving complex poses
and occlusions.

This capability enables GenHMR to not only achieve sub-
stantial performance gains on the controlled Human3.6M
dataset but also to deliver impressive error reduction on the
more challenging in-the-wild 3DPW and EMDB datasets.
For example, GenHMR achieves a 25.2% reduction in
MPJPE on the Human3.6M dataset, a 21.8% reduction on
3DPW, and a remarkable 29.9% reduction on EMDB, com-
pared to existing state-of-the-art methods. These consistent
improvements across multiple datasets, even without train-
ing on in-the-wild datasets like 3DPW and EMDB, highlight
GenHMR’s effectiveness in addressing the complexities of
real-world scenarios and delivering high-quality 3D recon-
structions with unprecedented accuracy.

Ablation Study
The key to GenHMR’s effectiveness lies in its mask mod-
eling and iterative refinement techniques. In this ablation
study, we investigate how iterative refinement and mask-
scheduling strategies influence the model’s performance. In
the Supplementary Material, we provide extensive addi-
tional experimental results and visualizations that offer in-
depth analyses of key factors contributing to GenHMR’s
performance. These include: (1) architectural components
(pose tokenizer design, backbones, feature resolutions), (2)
training strategies (masking scheduling, Gumbel-Softmax
annealing, regularization via keypoint and SMPL losses in
GenHMR), (3) inference techniques (speed-accuracy trade-
offs in iterative refinement stages), (4) impact of training
dataset size, and (5) model limitations.
Effectiveness of Uncertainty-Guided Sampling. The num-
ber of iterations during inference plays a critical role in
balancing speed and accuracy in 3D pose estimation. As

3DPW EMDB
# of iter. AITI (sec) MPJPE MVE MPJPE MVE

1 0.032 73.5 84.2 92.2 104.5
3 0.075 70.2 81.9 89.8 101.6
5 0.102 68.1 77.5 88.2 99.5

10 0.255 67.8 79.1 87.5 98.3
15 0.321 67.6 78.5 87.1 96.6
20 0.412 67.4 78.1 86.8 95.4

Table 2: Impact of Iterations in Uncertainty-Guided Sam-
pling

H36M 3DPW EMDB AITI

# of iter. MPJPE MPJPE MVE MPJPE MVE (s)

UGS* 37.1 68.1 77.5 88.2 99.5 0.102
1 36.2 66.5 77.0 86.5 96.5 0.154
3 35.1 63.6 73.5 83.7 92.1 0.209
5 34.3 60.2 70.4 79.1 87.5 0.253

10 33.2 57.5 68.5 73.5 82.0 0.444
20 33.5 54.7 67.5 68.5 76.4 0.638

Table 3: Impact of iterations on 2D Pose Guided Refinement.
The first row UGS* reflects Uncertainty-Guided Sampling
(UGS) with 5 iterations used to initialize the pose query Y .
AITI is obtained on a single mid-grade GPU (NVIDIA RTX
A5000).

demonstrated in Table 2, increasing the iterations generally
enhances the accuracy of pose reconstructions, as reflected
by improvements in MVE and MPJPE. For instance, on
the 3DPW dataset, MVE decreases from 84.2 to 78.1, and
MPJPE drops from 73.5 to 67.4 when the number of iter-
ations increases from 1 to 20. However, beyond a certain
threshold, such as after 10 iterations, the benefits of addi-
tional iterations diminish, with only marginal reductions in
error. Notably, even with a smaller number of iterations, like
5, the model achieves significant accuracy improvements.

Effectiveness of 2D Pose Guided Refinement. Fig. 4 vi-
sualizes that 2D pose-guided refinement can iteratively im-
prove 3D pose reconstruction accuracy particularly in sce-
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Figure 4: Impact of 2D Pose-Guided Refinement on 3D pose reconstruction. Red circles highlight areas of errors after each
refinement iteration, which showcases how the method progressively refines these poses. By fine-tuning pose tokens to align
the 3D pose with 2D detections, our method iteratively reduces uncertainties and improves accuracy. Significant improvements
are seen in the early iterations, with errors largely minimized at the 10th iteration. Note that the initial mesh comes from UGS.

narios with complex poses and occlusions. As shown in
Table 3, significant accuracy gains occur early: on 3DPW,
MVE drops by 11.04% (77.0 mm to 68.5 mm) from 1 to 10
iterations, with minimal improvement to 67.5 mm at 20 iter-
ations, where MVE improves by 12.34% from 1 to 20 itera-
tions. On EMDB dataset, MVE metric decreases by 15.02%
(96.5 mm to 82.0 mm) from 1 to 10 iterations, further re-
ducing to 20.8% (76.4 mm) at 20 iterations. These results
underscore the method’s effectiveness, though a trade-off
with computational time is evident, as AITI increases from
0.154 seconds at 1 iteration to 0.638 seconds at 20 iterations.
Notably, substantial gains are achievable with fewer itera-
tions; at 5 iterations, MVE improves by 8.57% on 3DPW
(77.0 mm to 70.4 mm) and 9.3% on EMDB (96.5 mm to
87.5 mm), while AITI remains manageable at 0.253 sec-
onds. This highlights that 2D Pose-Guided refinement effec-
tively balances accuracy and efficiency, making it practical
for real-time human mesh recovery.

3DPW EMDB

Masking Ratio γ(τ) MPJPE MVE MPJPE MVE

γ(τ ∈ U(0, 1)) 68.1 77.5 88.2 99.5
γ(τ ∈ U(0, 0.3)) 72.1 84.2 93.5 105.3
γ(τ ∈ U(0, 0.5)) 69.8 81.7 90.2 101.5
γ(τ ∈ U(0, 0.7)) 67.9 77.1 88.7 99.4

Table 4: Impact of masking ratio during training. These re-
sults were derived from the Uncertainty-Guided Sampling
(UGS) stage with 5 iterations, where we evaluated the initial
pose and shape estimate by iteratively refining the pose to-
kens.

Masking Ratio during Training. The ablation study on
masking ratios during training underscores their influence
on the accuracy of our generative model for human mesh
recovery (HMR) as shown in Table 4. We utilize a cosine-

based masking ratio function γ(τ), with τ sampled from a
uniform distribution, to randomly mask segments of the pose
token sequence during training. This method induces vary-
ing levels of information loss, compelling the model to de-
velop more robust reconstruction capabilities. The results re-
veal that broader masking ratios, such as γ(τ ∈ U(0, 0.7)),
lead to the most accurate reconstructions, demonstrated by
the lowest MPJPE of 67.9 mm and a corresponding MVE of
77.1 mm on the 3DPW dataset. In contrast, narrower mask-
ing ratios, like γ(τ ∈ U(0, 0.3)), result in higher error rates,
with MPJPE rising to 72.1 mm and MVE to 84.2 mm, sug-
gesting reduced generalization capabilities. These findings
emphasize the pivotal role of selecting an appropriate mask-
ing ratio during training to achieve effective model general-
ization and precise 3D pose reconstruction.

Conclusion

In this paper, we introduced GenHMR, a novel generative
approach to monocular human mesh recovery that effec-
tively addresses the longstanding challenges of depth am-
biguity and occlusion. By reformulating HMR as an image-
conditioned generative task, GenHMR explicitly models and
mitigates uncertainties in the complex 2D-to-3D mapping
process. At its core, GenHMR consists of two key com-
ponents: a pose tokenizer that encodes 3D human poses
into discrete tokens within a latent space, and an image-
conditional masked transformer that learns rich probabilis-
tic distributions of these pose tokens. These learned distribu-
tions enable two powerful inference techniques: uncertainty-
guided iterative sampling and 2D pose-guided refinement,
which together produce robust and accurate 3D human
mesh reconstructions. Extensive experiments on benchmark
datasets demonstrate GenHMR’s superiority over SOTA
HMR methods.
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