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Abstract—Monocular 3D hand and body mesh recovery often
suffers from severe occlusion and ambiguity. Traditional deter-
ministic methods typically regress a single optimal solution, lead-
ing to overconfident predictions. In this paper, we introduce an
exploration—exploitation paradigm for ambiguous mesh recovery
with multi-hypothesis learning and selection. Specifically, during
exploration, based on our probabilistic formulation and entropy
maximization, we propose a novel multi-hypothesis method
referred to as MHE-Former. It is a Transformer-based multi-
hypothesis framework, ensuring high training efficiency and label
friendliness while generating plausible and diverse hypotheses.
During exploitation, we propose Hypothesis Selection, a context-
aware process for multiple predictions. Especially leveraging
VLM’s powerful visual understanding and reasoning capabilities,
it allows users to choose the most plausible and desired estimate
with additional evidence and natural language intent. Extensive
experiments demonstrate that our framework achieves state-of-
the-art performance in accuracy and diversity across multiple
datasets. The user preference study further shows the practicality
of our hypothesis selection process.

Index Terms—Mesh Recovery, Multiple Hypotheses, Proba-
bilistic Modeling, Vision-Language Models.

I. INTRODUCTION

Reconstructing 3D human hand and body meshes from
monocular images is a fundamental task in computer vi-
sion [1], [2], [3], which is crucial for applications like virtual
reality [4] and embodied Al [5], [6]. Recently, deep learning
methods have substantially advanced reconstruction accuracy
across various 3D representations. In particular, parametric
methods [1], [2] based on MANO [7] and SMPL [8] have
become the de facto standard, reconstructing reasonable joints
and shapes by estimating low-dimensional parameters. Lever-
aging large-scale datasets, they have achieved outstanding
performance on established benchmarks.

Among them, methods for monocular 3D reconstruction
are mostly deterministic and prefer a one-to-one mapping
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paradigm [1], [2], [9]. Note that monocular 3D reconstruction
is fundamentally an ill-posed inverse problem due to factors
like depth ambiguity and severe occlusions, where the same
observation may correspond to multiple different solutions.
Even though deterministic methods exhibit high accuracy,
however, their one-to-one mapping paradigm leads to overcon-
fident predictions, regressing to a single solution that ignores
the intrinsic uncertainty in ambiguous scenarios [10], [11].
Practically, for highly ambiguous scenarios, even if a single
prediction is ultimately required as the final output, the esti-
mation process itself should be governed by an exploration—
exploitation paradigm that accounts for uncertainty, rather than
a simplistic deterministic mapping. In this context, multi-
hypothesis methods function as a key mechanism for the
“exploration” phase, deliberately preserving diversity to es-
timate potential solutions, and have therefore attracted much
attention.

Early multi-hypothesis approaches typically relied on spe-
cific network architectures to directly regress multiple potential
solutions, supervised by 2D, 3D, or mesh-level labels [12],
[13]. However, these methods are often “label-heavy”, requir-
ing one-to-many ground-truth data that is exceedingly difficult
to acquire in highly occluded or truncated scenarios. Some
works have attempted to expand hypothesis diversity at the
joint level with heatmaps [14] or virtual markers [15]. Yet
simply expanding estimation samples often ignores analysis at
the data distribution level, leading to the lack of exploration
of the possibilities that meet the observation.

Recently, probabilistic methods based on conditional gen-
erative models [16], [17], [18] have gained prominence.
Through conditional sampling via autoencoders [19], [20],
diffusion [21], [22], or flows [23], [24], they model the
continuous probability distribution of valid 3D poses, generat-
ing multi-hypothesis results that conform to the observations.
Despite their strong distribution fitting ability, most multi-
hypothesis methods still face the imbalance of exploration
and exploitation. Specifically, they often focus on exploiting
the most reasonable result derived from the training data to
ensure plausibility and accuracy, failing to encourage models
to explore the potential diverse possibilities.

Addressing these challenges, we introduce a novel multi-
hypothesis formulation based on entropy maximization for
3D mesh recovery. Theoretically, it bridges the gap between
predicted results and the underlying distribution of ambiguous
data. By considering accuracy and diversity, the proposed for-
mulation is highly “label-friendly”, requiring only 2D visible
keypoints as weak supervision. Without one-to-many labels, it
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Overview of our exploration—exploitation paradigm with examples. For the exploration part, our MHE-Former estimates plausible and diverse

hypotheses for occluded joints while preserving the accuracy of the visible joints. For the exploitation part, we implement a hypothesis selection process for
specific tasks, including evidence-driven optimization and VLM-based visual selection.

explicitly encourages the estimated distribution to align with
observations while exhaustively exploring the feasible solution
space. For pose estimation, this ensures that visible joints
remain accurate and consistent with the observation, while
allowing diversity and plausibility for occluded parts. Further-
more, metric-wise, in addition to the standard multi-hypothesis
metric Best Hypothesis (BH) [13], [23], we introduce Per-Joint
Diversity (PJD) and Relative Diversity (RD), both of which
can evaluate the consistency of visible parts as well as the
diversity of ambiguous occluded parts.

Despite the progress in formulations and metrics, the overall
paradigm remains underdeveloped and lacks maturity. There-
fore, in this work, we explicitly propose an exploration—
exploitation paradigm tailored for 3D mesh recovery, accom-
panied by dedicated architectural designs for both phases. As
shown at the top of Fig. 1, in this paradigm, our framework
first explores multiple plausible possibilities for inputs with
ambiguity and uncertainty, striving for a diverse pool of
candidates. After that, the framework exploits the most suitable
or desirable outcome from the generated results with additional
information or instructions. The results at the bottom of Fig. 1
demonstrate the effectiveness of our proposed paradigm in
obtaining diversity first and then selecting the desired results.

For the exploration phase, we introduce MHE-Former, a
Transformer-based network for multi-hypothesis 3D mesh
recovery. Architecturally, we adopt a pretrained ViTPose [25]
as the encoder and introduce Multi-Hypothesis Decoder (MH-
Decoder), a dual-branch generative decoder designed to pro-
duce plausible and diverse hypotheses. By design, MH-
Decoder simultaneously estimates global information (camera
and shape) while exploring diverse multi-hypothesis param-
eters (pose) with a normalizing flow. Combined with our
entropy-maximization theory, MHE-Former can significantly
explore more divergent potential solutions for uncertain parts
while maintaining high consistency with the input observation.

For the exploitation phase, we introduce an interactive

hypothesis selection process to obtain suitable hypotheses
for specific tasks from the estimated results. It is a context-
aware process, where the term “context” is explicitly defined
along three dimensions: input evidence, interaction priors,
and natural language intent. Specifically, recognizing that
Vision-Language Models (VLMs) have developed a profound
understanding of human poses and 3D reasoning capabili-
ties [26], [27], we introduce a VLM-based interactive selection
mechanism. By leveraging multi-view renderings along with
additional contextual information, we prompt VLMs to screen
the generated hypotheses for accuracy and plausibility. The
process also enables the leveraging of appropriate hypotheses
through interactive instructions, allowing users to identify and
select the most consistent sample using natural language.

Experiments on both human and hand benchmarks, includ-
ing their ambiguous variants, demonstrate that our MHE-
Former attains highly accurate BH and achieves the best
RD performance during exploration. For exploitation, user
preference studies and qualitative results further demonstrate
the practicality of our hypothesis selection process. The main
theory of our work has been presented in the conference
version [28], and our new contributions in this manuscript
include:

o For 3D mesh recovery scenarios with ambiguities and un-
certainty, we introduce a novel exploration—exploitation
paradigm based on 2D visible keypoints. Specifically,
multiple diverse and plausible hypotheses are explored
and generated, and the most desired sample can be
subsequently exploited.

o For the exploration phase, we introduce MHE-Former, a
Transformer-based multi-hypothesis estimation architec-
ture. Specifically, we design MH-Decoder, a dual-branch
generative network with an attention-driven flow process.
With entropy maximization, we achieve more plausible
and diverse explorations for potential solutions while



maintaining high training efficiency.

o For the exploitation phase, by utilizing VLMs or extra
evidence, we pioneer a set of hypothesis selection pro-
cesses and bridge the generated diverse hypotheses with
multi-modal context reasoning, enabling exploitation with
additional evidence or natural language intent.

o Experiments on hand and body benchmarks demonstrate
that our framework achieves state-of-the-art performance
in both accuracy and diversity. User preference studies
and qualitative results further confirm the practical util-
ity of our hypothesis selection process, validating our
exploration—exploitation paradigm.

II. RELATED WORKS

A. Human Hand & Body Mesh Recovery

Monocular hand/body mesh recovery has achieved remark-
able advancements [1], [2], [29], thanks to the progress of deep
models. By minimizing the discrepancies between predicted
3D representations (e.g., meshes [30], voxels [31] or implicit
functions [32]) and their corresponding ground truths, deep
neural networks learn to accurately recover poses and surfaces
from the input evidence. By incorporating anatomical priors
and skinned mesh mechanisms, parametric models such as
MANO [7] and SMPL [8] have been widely adopted in
recent mesh recovery methods [1], [2], [9], which regress low-
dimensional parameters to produce feasible poses and shapes.

Architecture-wise, Transformer-based methods [1], [2], [29]
have become predominant for mesh recovery from monoc-
ular input. In particular, HaMeR [1] and HMR2.0 [2] have
established cornerstone Transformer frameworks for body and
hand mesh recovery, respectively. By leveraging a ViT-Pose
backbone [25] and token-level representations, these methods
have achieved state-of-the-art performance through extensive
training on diverse large-scale datasets. This validates the
efficacy of their architectural design for accurate estimation.

However, as an ill-posed inverse problem, monocular mesh
recovery still suffers from observation ambiguity, such as
severe occlusions. While existing methods favor determinis-
tic predictions, this oversight of uncertainty fundamentally
exacerbates the difficulty of fitting. To mitigate this, many
works leverage extra modalities to introduce additional super-
visory signals, including 2D keypoints [33], IUV maps [34],
multi-view alignments [3] or joint heatmaps [35]. Even with
powerful networks and modalities, forcing a single solution
(e.g., the mean pose) under occlusion results in overconfident
predictions for ambiguous regions [10], [11], failing to account
for plausible but low-likelihood pose variations.

B. Multi-Hypothesis Methods

Multi-hypothesis methods, which produce diverse and
feasible predictions from ambiguous input evidence, have been
widely adopted in 3D vision, such as 6D object pose estima-
tion [36], pose estimation [13], [37], and mesh recovery [14],

[15], [23]. Early multi-hypothesis methods relied on stochastic
sampling [12] or multiple regression heads [13] to capture
solution diversity. Recently, generative models have become
prevalent for this task, including the early mixture density
networks (MDNs) and variational autoencoders (VAEs) [19],
[20], [37], as well as diffusion and normalizing flows (NFs).

Due to their powerful iterative distribution-fitting capabil-
ities, diffusion models [17] have emerged as a mainstream
approach for multi-hypothesis generation [15], [21], [38]. For
example, Diff-HMR [38] directly applies the diffusion process
to the SO(3) manifold and parametric spaces. VMarker-
Pro [15] deploys diffusion models to capture the distribution
of virtual markers, significantly enhancing reconstruction ro-
bustness. However, the noise-based training paradigm obscures
exact likelihood computation, making it challenging to achieve
exact density estimation.

In contrast, NFs [18] are capable of modeling com-
plex posterior pose distributions [14], [23], [24], benefiting
from explicit supervision based on probability distributions.
ProHMR [23] supervises the estimated parameters with log-
likelihood maximization. The follow-up method HuMani-
Flow [24] uses an ancestor-conditioned flow for more reason-
able generation. While existing methods can generate multiple
feasible hypotheses, they still rely on the diversity of the
training set and lose the capability to model the underlying
distribution. In contrast, our method explicitly encourages the
exploration of potential probability spaces while maintaining
consistency with observations, capturing a more comprehen-
sive and meaningful set of diverse hypotheses.

C. Hypothesis Selection

Hypothesis selection refers to the process of identifying
the optimal hypothesis from a distribution conditioned on the
input. In the context of multi-hypothesis learning, it func-
tions as a decision-making mechanism that leverages external
knowledge to refine diverse predictions into a curated set of
high-confidence estimates, ensuring that the final output aligns
best with the task requirements.

Recent studies have attempted to filter and evaluate the gen-
erated hypotheses for multi-hypothesis learning. For example,
to obtain better samples, D3DP [21] proposes a joint-level
aggregation strategy utilizing learned selection networks and
losses, while ScoreHypo [22] explicitly designs a separate
ScoreNet to extract high-quality estimates. Moreover, for
evaluation, CtF-MHE [14] utilizes a progressive refinement
framework, introducing a RANSAC-like consensus check to
evaluate the consistency between 2D heatmaps and the ini-
tial coarse pose distribution. However, these methods largely
rely on static heuristics and lack a task-specific mechanism
to interactively discern the correct hypothesis from diverse
candidates. With Vision-Language Models (VLMs) recently
demonstrating promising results in mesh recovery [26], [27],
their powerful interactive reasoning capabilities present a natu-
ral avenue to address the current lack of task-specific selection
mechanisms in multi-hypothesis scenarios.



III. PRELIMINARIES

A. Parametric Models

MANO [7] and SMPL [8] are commonly used parametric
3D models for human hands and bodies with pose parameters
6 € RNe and shape parameters 3 € RV, Usually, 6 and j3
are expressed as axis-angle rotations and PCA coefficients
learned from pose data and registered shapes, respectively,
though @ can also be expressed as PCA coefficients for
MANO. Together, 6 and g fully determine the surface mesh
M(0,8) € RN=*3 and joint coordinates J (0, 3) € RNix3
in 3D space.

Given camera parameters ¢ = {R,t,s}, where R € R3*3
is a global rotation matrix, t € R? is a translation vector, and
s is a scaling factor, the 3D pose J (6, 3) can be projected to
2D joints j with an orthographic projection II:

j=s-I(R-J(0,5)) +t. €y

B. 2D Keypoint Supervision

One weakly-supervised variant of monocular 3D pose
and shape estimation aims to learn from only 2D keypoint
annotations. A common approach [39] is to estimate the
MANO [7] or SMPL [8] parameters (§7 B) for a given image
and project the resulting 3D pose back to 2D joints j , as per
Eq. (1). The parameters can be learned with ground-truth 2D
joints 3 by minimizing the following objective:

L=7 -3l + XR(0) + Asl|BI3, )

featuring a 2D reconstruction loss, a prior term R(-) on 6 to
encourage feasible poses, an ls regularization term on [, and
weighting hyperparameters \p and \g. The pose prior R(-) is
usually an adversarial prior for rotation representations [40].

C. Normalizing Flow

Normalizing Flows [18] are generative models with strong
modeling capacity for complex, multi-modal distributions. Let
X denote a d-dimensional random variable under distribution
P(X). The normalizing flow model represents X as a series
of invertible mappings {fi;}X, : R? — R? on the d-
dimensional random variable Z:

X =F(Z)=fro..of20 fi(Z). 3)

Typically, the base distribution P(Z) is simple, e.g., a
normal distribution N(0,I). By some specially designed
structures of flow blocks and the change-of-variables rule [41],
we can obtain the log-probability density of X as:

det . @

L
log P(X) =log P(Z) — Zlog 8Zfl X
=1 -

where Z; = fi(Z,—1), Zo = Z and Z; = X. Normalizing
flows estimate the likelihood with the reverse flow F—!(X)
transforming X to Z. For sampling, they first sample z from
P(Z), and passes z through the flow F to obtain z.

A prominent example of such a flow architecture is the
Masked Autoregressive Flow (MAF) [42]. In MAF formula-
tions, the transformation between the base variable Z and the
data X is modeled as an auto-regressive process. During the
forward generation process, each data dimension is computed
as

x; = zexp(oy) + pi, &)

where the scale and shift parameters, «; and p; respectively,
are outputs of a neural network conditioned strictly on the
preceding data dimensions x;.,_1. Conversely, the inverse
mapping used for density evaluation efficiently transforms the
data back to the base distribution via z; = (a; — ;) exp(—a).
This auto-regressive formulation guarantees a triangular Jaco-
bian matrix by design, allowing the determinant in Eq. (4) to
be tractably computed as exp(— ), ;).

Normalizing flows are favored as generative models be-
cause they can tractably estimate the exact likelihood and be
optimized through Maximum Likelihood Estimation (MLE).
Furthermore, they can be optimized by sampling through the
Law of the Unconscious Statistician (LOTUS).

D. Principle of Maximum Entropy

The entropy of a random variable X taking values in X,
H(X), quantifies the uncertainty of X. It is defined as:

H(X) = - /X p() log p()dz. ©)

Under the principle of maximum entropy, the probability
distribution that most accurately reflects the current state of
the system is the one with the highest entropy. In the context
of 3D pose and shape estimation, the distribution should be
compatible with complete observations, i.e., visible joints, but
otherwise be as unbiased as possible for incomplete or am-
biguous observations to maximize the entropy. This prevents
unnecessary information from being assumed inadvertently.

Especially, entropy maximization has garnered significant
attention in efficient learning, e.g., self-supervised learn-
ing [43], [44], and semi-supervised learning [45]. It is used
to remove inadvertent assumptions and encourage the model
to explore the full set of prototypes.

IV. THEORY

During exploration, we target multi-hypothesis 3D pose
and shape recovery from RGB inputs based on visible 2D
keypoints. Consider training instances {I, j, v}, where I is the
RGB image, j denotes the corresponding visible 2D keypoints,
and v is an indicator variable for 2D keypoint visibility. In
line with previous works [30], [37], [43], we treat the shape
parameter [ and camera parameters ¢ deterministically and
assume that they can be estimated reasonably from I.

Our main interest then is to model the distribution of the
pose parameter 6, conditioned on the input image I with
the associated j, 8 and c, ie., the conditional distribution
p(0|1,37,¢,B), which we refer to as the data distribution. To
model the data distribution, we learn a model ¢ in the form of
a neural network. Similarly, the model ¢ has the distribution



ps(01,37,¢,3), which we term the model distribution. The
model ¢ can be learned by minimizing the Kullback-Leibler
(KL) divergence between the data and the model distributions,
Le.,

DKL(p¢(9|I’]acvﬂ)”p(mjv]acvﬁ)) (7)
A. Data Distribution

Inspired by the existing 2D-to-3D lifting works demonstrat-
ing that a 3D pose could be accurately estimated from its
corresponding 2D pose [33], # and camera information, we
assume that once {j, ¢, 3} are given, 6 and I are conditionally
independent. As such, I can be omitted as a conditioning
variable. According to Bayes’ rule, the data distribution can
be decomposed as:

The first term in Eq. (8), the likelihood p(jlc, 3,6), is a
projection consistency term that reflects the reconstruction
accuracy. The second term, p(f), serves as a general pose
prior from a probabilistic perspective [23], [40].

B. Model Distribution

Following previous works [13], [23], [30], [40], we estimate
f from an image I, as the image contains sufficient informa-
tion to infer camera parameters c, shape parameters (3, and
keypoints j. The model distribution can be simplified as:

ps (011,53, ¢, B) = py(0]1). ©

Based on Egs. (8) and (9), the KL divergence between the
model and data distributions can be expressed as:

DKL(p¢(0|I7ja C, B)||p(9|17.7a C, ﬁ)) =

—(ﬂE logp(jle. 6.0) + E [1ogp<e>}+H<p¢<a|I>>),
»(011) Py (0]1) _

entropy

reconstruction prior

(10)
where H(py(0|1)) = — Ep, (o)1) [log pe(0|1)] is the entropy
of # given the input image I. Minimizing the KL divergence
in Eq. (10) maximizes the reconstruction accuracy and the
conditional entropy of the pose under the pose prior p(#); this
can be used directly to supervise the neural network ¢.

Based on the above derivation, we design our architecture as
a weakly supervised multi-hypothesis framework as illustrated
in Fig. 2 (a). We consider only visible 2D keypoints as the
supervisory signals for the reconstruction. Similar to [23], we
assume that visible keypoints follow a Laplace distribution
for sharpness. In line with the principle of maximum entropy
in Eq. (19), the occluded keypoints each follow a uniform
distribution of feasible locations.

The intuition behind such an assumption is that, for oc-
cluded keypoints, we relax the supervision using prior knowl-
edge p(f) to generate feasible solutions for the image. This
prevents an overconfident model from trying to fit all labels
regardless of visibility and also compensates for the lack

of one-to-many data-label pairs. As 6 is derived from a
parametric model, the prior can be applied simply as a uniform
distribution [7] or an adversarial prior [40] based on its
representation. We choose to model the distribution pg(6|1)
using a conditional NF model, i.e., p,(0|1) = F~1(0|1), as
it is more feasible to calculate the entropy term H(py(6|1))
via Monte Carlo (MC) sampling. Therefore, all three terms in
Eq. (10) can be maximized by MC sampling and SGD.

An important part of our formulation involves the explicit
maximization of entropy. The link between entropy and diverse
hypotheses is highly intuitive, yet this connection has been
overlooked in previous work. Even without one-to-many labels
or the computation among sampled keypoints, the entropy
term encourages the model ¢ to generate diverse hypotheses;
the reconstruction and prior terms ensure that the hypotheses
respect the observed labels while remaining feasible.

V. METHOD

A. Architecture

We introduce MHE-Former, a Transformer-based multi-
hypothesis estimation framework, as illustrated in Fig. 2 (a).
For the encoder, similar to the design in ViTPose [25], we
project the given ambiguous observation I into a sequence of
image token embeddings. The tokens encapsulate rich global
spatial context and serve as the condition embeddings for
the subsequent decoding stage. For the decoder, based on
the assumption in Eq. (7), we introduce the Multi-Hypothesis
Decoder (MH-Decoder), a dual-branch generative decoder to
simultaneously predict deterministic parameters (camera c and
shape ), while estimating the distribution p,(6|I) of the
diverse parameters (pose ¢) from I. By drawing N samples
of #s from the distribution, we can obtain enough parameters
©® for reconstructing and projecting the potential hypotheses
for the observation, as

© = {c, 8,0}, where the sampled 8 = {6,}¥,.  (11)

a) Encoder: Following architectural works [1], [2], for
both hand and body images, we adopt the pretrained ViT-
Pose [25], architecturally ViT-H/16, as the global feature
encoder E. It has 50 Transformer encoder layers, taking a
256 x 192 sized image as input. The input is first patchified
to 16 x 16 as input tokens, and then passed through the
Transformer layers to output 16 x 12 tokens with a dimension
of 1280, as the context embedding emb;. The process can be
represented as

emb; = E(I). (12)

b) Decoder: Our MH-Decoder leverages the context
embedding emb; from the encoder as the Key-Value (KV)
source with cross-attention mechanisms, as the condition to
yield the unified output ®. Crucially, the decoding process is
explicitly decoupled into two parallel streams: a deterministic
branch Dyee; and a stochastic branch Dygiocp.

For the deterministic branch Dgeter, We utilize a standard
Transformer decoder architecture [46] with L. = 6 atten-



(a) The Transformer-based Architecture of MHE-Former
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(a) The network architecture of MHE-Former and (b) the process of VLM-based interactive hypothesis selection. Building upon a ViT encoder

and our MH-Decoder, MHE-Former estimates plausible and diverse hypotheses for ambiguous inputs, serving as our exploration phase. Based on the VLM
guidance, we select the results for specific tasks, exploiting the desired predictions from the generated hypotheses.

tion blocks. Each block contains multi-head self- and cross-
attention with 8 heads and a hidden dimension of 2048, as
well as a feed-forward network (FFN) with a 1024 hidden
dimension. Operating on a learnable query token zjy (initial-
ized to zero), the blocks perform self-attention and cross-attend
to emby. Finally, an MLP network outputs the deterministic
parameters from the output tokens, with the overall Dgeger
process formulated as

{¢, B} = Daeter(init, emby) (13)

For the stochastic branch Dygoen, Wwe reformulate the stan-
dard MAF [42] mechanism into an attention-driven sequence-
to-sequence generation process, treating the distribution explo-
ration as a tokenized conditional modeling task. Specifically,
as a generative process requiring causal properties, we utilize
causal Transformer decoder blocks with masked attention as
our Attention Flow Blocks, following previous works [47],
[48]. The latent noise vector 20 sampled from Z°, where
Z% ~ N(0,1), is partitioned into Ky distinct tokens {z? }f:el,
where Ky denotes the number of relative joints (e.g., 16 for
hands and 24 for bodies). Then, the tokens are passed through
L cascaded Attention Flow Blocks as the distribution transfor-
mation steps. For each attention flow block, we utilize masked
self- and cross-attention with a hidden dimension of 1024,
with the decoupled processes of auto-regressive dependency
modeling and fine-grained visual conditioning within the MAF
formulation.

Within the [-th block, the masked self-attention layer first
aggregates the preceding latent states to enforce the auto-

regressive property of the flow, as

self __ -1 _I-1
h;”' = MaskedSelfAttn(z; ", 2 ).

; (14)

Crucially, instead of the common practice of global context
injection, we utilize a dedicated masked cross-attention con-
ditioning mechanism for conditional generation. Specifically,
h;ezf acts as the query, while emb; serves as the key and value.
Instead of passively receiving a global context, the masked
cross-attention of this mechanism enables each joint token to
adaptively retrieve its most relevant structural evidence from
the image, as

h;ross _

self (15)
MaskedCrossAttn(Q = ;" K=V = embry).

The conditioned hidden state hj"?** is then projected via
a feed-forward network to regress the flow affine parameters,
i.e., the scale o} and translation yi!, as

[}, ub] = FEN(h§™%%). (16)

With these parameters, the inverse flow transformation for
the j-th joint at layer [ is executed as in Eq. (5) to obtain 2;
from 2;71. To ensure full interaction among all dimensions,
the order of the joint tokens is reversed after each block as
2k = Zj, ;- After traversing all blocks with the same L = 6
as in Dgeter, the terminal state z” yields the generated pose
6. By drawing N independent latent samples, Dgten maps
the Gaussian prior into a diverse yet plausible set of pose

hypotheses.

c) Parameter Integration and Mesh Recovery: The out-
puts from the MH-Decoder form the unified hybrid parameter



set ®, which is subsequently forwarded to the differentiable
MANO or SMPL parametric layer. For multiple pose hypothe-
ses O conditioned on the same image observation I, the shape
parameter 3 and camera parameter ¢ remain shared. Finally,
the predicted 2D joints j are derived using Eq. (1).

B. Training with Multiple Hypotheses

As illustrated in Fig. 2(a), we adopt the pretrained ViT-
Pose [25] as the backbone to leverage its rich semantic priors.
To adapt the pretrained backbone to our specific task while
preserving its generalization ability, we employ Low-Rank
Adaptation (LoRA) for parameter-efficient fine-tuning. Given
an image I, we obtain the output ® with N pose hypotheses
and their corresponding predicted 2D joints. Accordingly, the
final training objective is based on Eq. (10) as follows:

a) Reconstruction: We use a constant scale A, for the
Laplace distribution, e.g., visible parts for weak supervision
added to the deterministic joints. The reconstruction loss
simplifies to:

K
Leee = Y villdk — Jellr, (17)
k=1

where K is the number of joints, jk and jj represent the k-th
predicted and ground-truth 2D joints, respectively; the loss is
effective only on visible joints based on the visibility indicator
Vk.

b) Prior: To encourage feasible poses, we use an ad-
versarial prior term R(-) on § and 6 for both SMPL and
MANO [40]:

Lo = Adv(S,0). (18)
c) Entropy: We use a negative log-likelihood loss:
Ly = —logpy(0|1), (19)

where 0 is sampled from the normalizing flow. The reverse
path of the NF, 7~1(0|I), maps 6 back to zg in the latent space
conditioned on the image features to compute Eq. (4) [41],
[49].

Each loss in Egs. (17)-(19) covers a term in Eq. (10). With
the 5 regularization in Eq. (2), all losses sum to the final
training objective:

L= )\recﬁrec + )\Oﬁé‘ + )\HCH + )‘,B‘Cﬁa (20)

where the A\ weights are the trade-off hyperparameters and

Ls = 18113

C. Hypothesis Selection

Due to the inherent ambiguity in the input, the model yields
a set of hypotheses. As a context-aware process, the objective
of hypothesis selection is to identify the most plausible and
suitable hypothesis through multiple contexts, including the
input observation, interaction priors, and natural language
intent.

a) Evidence-driven Optimization: It is intuitive to select
hypotheses based on evidence and priors as in ProHMR [23].
Given the model distribution log p4(6|1), we use the additional
constraints ¢(f|e), based on evidence e, to find the sample that
best matches the evidence among many possible hypotheses:

max log pe(0|1) + c(Ole). (1)

For instance, in hand-object interactions, we select the most
appropriate sample based on the grasp configuration between
the hand and the object. In uncalibrated multi-view settings,
we can further refine the results using multi-view labels to
obtain an accurate pose prediction.

b) Interactive Selection: Natural language interaction
offers the most convenient way to resolve ambiguities among
multiple hypotheses. VLMs serve as the ideal mechanism to
operationalize this, leveraging their powerful reasoning capa-
bilities to accurately identify the most suitable sample based
on the user intent. Specifically, we introduce a staged VLM-
driven interactive hypothesis selector. As shown in Fig. 2 (b),
given the superior effectiveness of VLMs in processing 2D
imagery, we first render the 3D content into multi-view 2D
representations. We project each 3D hypothesis to 2D space
from four orthogonal views (i.e., front, back, left, and right
views). Subsequently, we apply plausibility filtering to obtain
a set of feasible poses, followed by reasoning-based interactive
selection tailored to the user’s specifications. The plausibility
filtering and interactive selection are introduced as follows.

For plausibility filtering, we aim to refine the hypothe-
sis set based on accuracy and feasibility. We provide the
VLM with the occluded input observation alongside rendered
2D hypotheses from the same viewpoint. Conditioned on
this information, the VLM selects the top-k hypotheses via
multi-dimensional scoring with criteria such as feasibility and
visible-region alignment.

For interactive selection, based on natural language instruc-
tions, we choose the sample that best matches the user’s
request after applying a plausibility filter. Besides rendering,
we employ a few-shot prompting strategy, utilizing samples
excluded from the experimental dataset as contextual exam-
ples. Specifically, the VLM is prompted to first generate a
rationale analyzing the provided information and justifying
its decision before finally returning the index of the selected
hypothesis.

The flexibility of interactive selection enables the incorpo-
ration of arbitrary contextual information. Through reasoning,
the model can effectively integrate these cues to guide hy-
pothesis selection. This capability highlights the significant
potential of VLMs in tackling intricate selection challenges
for multi-hypothesis mesh recovery.

VI. EXPERIMENTS

A. Experimental Details



2O Mode #1 #2 #3 #4 20 \
15 1.5] . \\/\%
1.0 1.0 \
05 0.5 W
0.0] . we 0.0
-1.0-0.5 0.0 0.5 1.0 -1.0-0.5 0.0 0.5 1.0 -1.0-0.5 0.0 0.5 1.0
(a) (b) (c)

Fig. 3. (a) The toy problem setting featuring four modes to illustrate depth
ambiguity. (b) Our probabilistic method in a weakly supervised setting recov-
ers all modes. (¢) The deterministic method, even under strong supervision,
predicts incorrect modes as it easily overfits to the ubiquitous observation
noise.
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Fig. 4. Modes learned by prior method MDN under (a) complete strong and
(b) weak supervision, respectively.

a) Datasets: Our proposed framework is applicable to
both hand and human body mesh recovery. For human mesh
recovery, we experiment on Human3.6M (H36M) [50] and
its ambiguous version AH36M [13] with randomly truncated
images of H36M to hide keypoints for the human body.
Following [13], [23], we train with subjects S1 and S5-9
and test with S11, training with H36M and AH36M jointly
and evaluating separately. We also use MPI-INF-3DHP, UP-
3D, and MS-COCO for weakly supervised training, while
following ProHMR’s [23] setting for 3D supervision. For
evaluation, analogous to AH36M, we additionally employ the
ambiguous 3DPW (A3DPW) benchmark as an out-of-domain
and in-the-wild dataset with challenging occlusions.

For hand mesh recovery, we use HO3D [51], a real-world
hand-object interaction dataset that features severe occlusions.
Following [52], we split a test subset from the training
dataset and estimate the visibility of a joint by thresholding
the difference between the captured surface depth and the
true keypoint position. Moreover, inspired by AH36M, we
construct Ambiguous RHD (ARHD) from the synthetic hand
pose dataset RHD [53] by adding circular patches with a
predefined radius to the fingers’ DIP joints'. The visibility
in the scene is affected depending on the finger and the circle
radius (see Fig. 6(b)).

b) Metrics: Mean Per-Joint Error (JPE) is the average
Euclidean distance between predicted and ground-truth joints,
from which we consider the Best Hypothesis (BH) [13],
[37] and our newly proposed All Hypotheses (AH). BH is
a standard multi-hypothesis metric that selects the hypothesis
with the lowest JPE. To evaluate the necessary accuracy of

IThe distal inter phalangeal (DIP) joint is the one closest to the fingertip.
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Fig. 5. (a) Lowering the weight of the entropy term can impair multi-
mode learning, while (b) increasing the weight hurts the fitting accuracy. (c)
Choosing different feasibility priors will also result in different final learned
modes. The second row shows the mode distribution in the « space.

all hypotheses, we propose AH, which is the mean JPE of all
hypotheses on 2D visible joints to measure consistency with
image evidence.

As we highlighted, multiple hypotheses should be diverse,
but the diversity should only be on uncertain joints. However,
prior BH and diversity metrics [12] do not capture this target
because undesirable diversity on the visible joints may also
contribute to the diversity metrics. Therefore, following [28],
we propose to complement the evaluation of multi-hypothesis
methods with Per-Joint Diversity (PJD) and a Relative Diver-
sity (RD) ratio. PJID measures the standard deviation per joint
and can be used to show the diversity of both visible and
occluded joints in 2D and 3D space. To highlight the source
of diversity, we propose a ratio:

PID2q_vis
PJ D3d_0cc ’

to account for the diversity of both the certain (i.e., 2D visible
keypoints) and uncertain parts (i.e., 3D occluded keypoints). A
lower RD means more diversity on the occluded keypoints rel-
ative to the visible keypoints. Following previous works [20],
[23] and our implementation in the conference version [28],
we evaluate the metrics by sampling 200 hypotheses for hands
and 25 hypotheses for bodies as default.

c) Baselines & SOTAs: We use Transformer-based de-
terministic methods [1], [2] as our baselines, for SMPL and
MANO, respectively. We compare our method with both
SOTA deterministic and multi-hypothesis methods, including
ProHMR [23], MDN [37], CVAE [20], VMarker-Pro [15], and
CtF-MHE [14]. We also make a comparison with our prelim-
inary implementation based on ResNet and RealNVP [28],
reported as MHEntropy. We compare the BH results of multi-
hypothesis methods with those of deterministic methods for
accuracy, as well as the multi-hypothesis results for diversity.

d) Implementation: For training MHE-Former, we ini-
tialize the encoder with the weights of the baselines [1], [2],
for body and hands separately. We fine-tune the pretrained
backbone while training our MH-Decoder on dual GPUs, each
with the memory of 48GB, with a batch size of 32. Due to our
effective supervision method with exploration encouragement,

RD = (22)
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Fig. 6. Hand mesh hypotheses generated on the test sets of (a) HO3D, hand-object interaction, and (b) ARHD, hands with manual occlusions. For HO3D,
the hand mesh hypotheses are visualized both with and without the simplified object meshes. For ARHD, the occluded parts are marked with red circles.

we draw a sufficient number of hypotheses (N = 4) during
training. For optimization, we use an AdamW optimizer with
a learning rate of 6 x 10™° and a weight decay of 1 x 1074,
Under the configurations above, the training lasts for 400k
iterations.

For implementing selection, we employ the recent Seed-2.0-
Pro as the foundation for our VLM-based interactive selection,
with a maximum input length of 256k tokens. During filtering,
the VLM is asked to select the top 60% of the hypotheses
via multi-dimensional scoring. During interactive selection,
we design domain-specific instruction sets for hand and body
reconstructions separately, and provide one sample with rea-
soning for each instruction to implement the few-shot strategy.

B. Toy Experiments

a) Settings: We perform the toy experiment under a
simple setting with depth ambiguity, as shown in Fig. 3(a).
Consider a single chain with two keypoints plus a root
keypoint. The bones are fixed to a length of 1, and the root is at
the origin. The data (y, ) consists of the 1D projection y;, of
the keypoints on the y-axis and the angle o, between the chain
and the y-axis. From «j, we can obtain the 2D coordinates
Jr = (sinay, cos ay;) relative to its parent. There are in total
four Gaussian modes for the complete data, i.e., each joint can
swing left and right. The model is trained to predict o based
on y. For weak supervision, only 1D projections y are given.
For strong supervision, all 2D coordinates j are provided. Our
model uses a 3-layer MLP and RealNVP as the backbone and
optimizes an objective similar to Eq. (20). For the prior loss,
we add an Lo norm constraint on o.

b) Ours vs. Prior Methods: Prior multi-hypothesis meth-
ods require similar observations with multiple distinct ground-
truth poses, such as MDN [37]. Under weak supervision, our
proposed method can successfully recover all the modes, as
shown in Fig. 3(b). In contrast, MDN achieves similar results
under complete strong supervision of the specific modes
(Fig. 4(a)), while only fitting one mode under incomplete
strong or weak supervision (Fig. 4(b)).

c) Deterministic vs. Multi-Hypothesis: The deterministic
model trained under both weak and strong supervision can
learn only one of the four modes. Moreover, under strong
supervision, it is sensitive to similar input data and predicts
incorrect modes if the inputs are corrupted with small per-
turbations (Fig. 3(c)). In contrast, existing multi-hypothesis
methods can recover all modes under strong supervision.

d) Reconstruction vs. Entropy: The entropy term en-
courages the set of predictions to cover diverse solutions
while maintaining a low reconstruction error. As the weight
of the entropy term Apy decreases, the objective emphasizes
reconstruction at the cost of entropy, leading to missed modes
(Fig. 5(a)). The extreme is the degradation to a deterministic
model. On the other hand, with an increase in \g, the model
pays less attention to reconstructing the observed evidence,
and hence the modes become dispersed (Fig. 5(b)).

e) Angle Prior: The prior term determines the distri-
bution over the feasible solution space. When we lower the
weight of the prior loss, the model may fit the evidence better
but consider poses with less feasibility. On the other hand,
prior knowledge defines the solution space, and the entropy
term will encourage the predictions to cover all possible
solutions based on the prior. For example, when we add a
prior sin o, > 0 for the top keypoint, some previous modes
become infeasible, and the model will only find two of the
four original poses (Fig. 5(c)).

C. Multi-Hypothesis Performance

a) Interaction Scenarios: For hand-object interaction
(HOI) scenarios, experiments on HO3D-v3 demonstrate the
state-of-the-art performance of MHE-Former, as shown in
Tab. I(a). MHE-Former achieves lower joint and mesh surface
reconstruction errors, as well as a lower RD. Notably, even
when trained under weak 2D supervision, our model still
outperforms related methods with 3D supervision.

For visualization, Fig. 6(a) shows that by generating plausi-
ble and diverse hypotheses, MHE-Former can provide several
available solutions in interaction scenarios, e.g., grasping. We



TABLE I
QUANTITATIVE RESULTS ON ARHD AND HO3D-V3, WITH A SAMPLE SIZE OF 200 FOR MULTI-HYPOTHESIS METHODS MARKED WITH MH. THE UPPER
PART SHOWS THE METHODS TRAINED UNDER 2D WEAK SUPERVISION, WHILE THE LOWER PART SHOWS METHODS TRAINED WITH ADDITIONAL 3D
VISIBLE KEYPOINTS. THE METHOD WITH * DENOTES THE BASELINE TRAINED UNDER THE SAME SETTINGS AND FINE-TUNING STRATEGY. THE BEST
RESULTS ARE MARKED IN BOLD, AND THE SECOND BEST ARE UNDERLINED.

(a) HO3D (b) ARHD
Method MH BH | AH | . PJD RD | BH JPE 1 AH | ' PJD RD |
JPE VPE Vis  Occ All Vis  Occ Vis  Occ
Supervision with 2D Visible Keypoints
Det [54] 24.1 254 16.9 - - - 25.1 224 219 14.4 - - -
MDN [37] v 21.3 227 188 35 63 0.56 | 21.3 22,6 22,6 18.5 7.1 1277 0.56
CVAE [20] v 21.0 226 189 4.1 6.6 062 | 21.0 221 224 199 7.0 107 0.65
ProHMR [23] v 24.1 254 172 02 03 067 | 244 243 274 134 0.1 0.2 0.50
CM-VAE [55] v 222 235 184 49 8.6 057 | 220 232 233 16.6 5.7 104 0.55
WS3DPG [43] v 237 250 18.3 3.1 4.7 0.66 | 243 242 276 178 46 74 0.62
MHEntropy [28] v 206 21.8 170 33 119 028 | 204 219 204 134 39 144 0.27
Ours v 145 154 102 27 137 020 | 158 13,5 16.2 8.5 27 116 0.23
Supervision with 3D Visible Keypoints
Det [54] 239 252 - - - - 21.0 224 219 - - - -
Hamer* [1] 15.0 166 12.1 - - - 17.6 17.5 19.8 9.4 - - -
Multi-bodies [13] v 22.1 236 19.6 1.9 3.1 0.61 20.5 220 215 158 35 6.0 0.58
VMarker-Pro [15] v 18.8 18.9 178 59 93 0.63 - - - - - - -
CtF-HME [14] v 18.7 17.8 157 30 138 0.21 - - - - - - -
Ours v 124 13.1 106 27 120 022 | 148 119 16.1 9.6 29 129 0.22
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Fig. 7. The comparison of (a) skeleton distribution and heatmap, and (b) proportions within different VHRC thresholds of the hypotheses on HO3D.
The skeleton distribution image visualizes visible parts in blue and invisible parts in yellow, while the heatmap visualizes the distribution of all the occluded
fingertips. Compared with other methods, MHE-Former can achieve greater accuracy and a sharper distribution for the visible regions, exhibiting higher

diversity for the invisible parts.

also compare the skeleton distributions of generated hypothe-
ses with our preliminary implementation in Fig. 7(a). The
randomly sampled skeletons are shown, in blue for visible
parts and in orange for invisible regions. We also show the
2D location heatmap of the occluded invisible fingertips. The
results demonstrate that MHE-Former can achieve plausible
possibilities with higher consistency for visible parts and
wider diversity for invisible parts. In addition, we report the
Visual Hand Region Consistency (VHRC) metric as in CtF-
MHE [14], which calculates the Intersection-over-Union (IoU)
ratio between the predicted and the ground-truth visible hand
regions. The proportions within different VHRC thresholds
and the higher average VHRC score in Fig. 7(b) demonstrate

the effectiveness of our method.

b) Ambiguous Scenarios: For inputs with ambiguity,
Tab. I(b) and Tab. II show the comparisons between our
method and others under the same settings for hand and body
mesh recovery, respectively. During 3D supervised training,
we only add the 3D ground truth of visible points to the
2D weak supervision. Under the same settings, MHE-Former
evidently achieves the best results among all methods. Specif-
ically, Tab. II(b) shows the generalization of MHE-Former
while modeling an out-of-domain dataset, even when facing
severe occlusions.

Fig. 6(b) and Fig. 8 visualize the plausible and diverse
hypotheses generated by MHE-Former. We also present



TABLE II
DIVERSITY METRICS ON AMBIGUOUS H36M AND 3DPW UNDER THE SUPERVISION OF VISIBLE 2D AND 3D KEYPOINTS, WITH A HYPOTHESIS
SAMPLING NUMBER OF 25.

(a) AH36M (b) A3DPW
Supervision Method BH | AH | ' PID RD | | BH | AH | ' PID RD |
Vis Occ Vis Occ

ProHMR [23] 82.6 10.92  0.06 0.26 0.23 84.4 30.1 0.7 4.9 0.12

2D Vis MHEntropy [28] 66.4 9.75 456 64.05 0.07 65.8 20.6 5.23 804 0.07
Ours 54.6 8.76 498 102.39 0.05 59.8 12.9 58 112.7 0.05

ProHMR [23] 60.1 13.38 3.98 24.27 0.16 73.1 23.6 6.0 53.2 0.11

3D Vis MHEntropy [28] 50.6 10.73 423 4795 0.09 63.7 23.0 9.3 88.0 0.11
Ours 42.5 9.51 330 71.41 0.05 53.5 17.1 56 125.2 0.04
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Fig. 8. The diverse results of MHE-Former on AH36M, including the
randomly sampled skeletons. The heatmap and skeletons show the distribution
of distal joints of the left leg. The blue joints and bones correspond to the
visible parts, while the orange and red ones are invisible.

heatmaps showing the location distribution of distal joints on
the left leg in Fig. 8, as well as randomly sampled skeletons.
For readability, we show the multiple results in red for the
left leg, in blue for the visible parts, and a single hypothesis
in orange for other invisible skeletons. Similar to the results
of the toy experiment, the distribution shows that our method
can explore diverse possibilities for ambiguous parts, while
maintaining feasibility and consistency with the observation.

c) Other Scenarios: Tab. III additionally presents a com-
parison of the BH results on the standard scenario H36M
and its ambiguous version, AH36M, among deterministic and
multi-hypothesis methods across various supervision settings.
The methods marked with * represent the baselines fine-tuned
under the same training strategy as our method. HMR2.0b'
incorporates additional MPII [56], Al Challenger [57], In-
staVariety [58], and AVA [59] for training, which is consistent
with HMR2.0 [2]. The results demonstrate that even on the less
ambiguous standard benchmark H36M, our proposed method
attains a lower BH result, outperforming deterministic and

PA-MPJPE (MM)/ OF BH RESULTS UNDER THE SUPERVISION OF VISIBLE
2D AND 3D KEYPOINTS. MH DENOTES THE MULTI-HYPOTHESIS
PREDICTION PARADIGM. T DENOTES THE BASELINES TRAINED WITH
LARGE-SCALE DATASETS, WHILE * DENOTES THOSE TRAINED UNDER THE
SAME SETTINGS AND THE FINE-TUNING STRATEGY.

Supervision Method MH H36M AH36M
HMR 67.4 85.2
HMR2.0bf 42.4 52.7

. HMR2.0b* 439 60.2

DV poHMR Vo643 826
MHEntropy v 51.3 66.4
Ours v 41.3 54.6
HMR 56.8 -
SPIN 41.1 -
HMR2.0bf 324 42.8
HMR2.0b* 33.6 44.2

. MDN v 427 69.5

3DVis - vag Vo462 751
Multi-bodies v 42.2 64.2
ProHMR v 36.8 60.1
MHEntropy v 36.8 50.6
Ours v 31.8 42.5

other multi-hypothesis methods.

D. Hypothesis Selection

a) Evidence-Driven Optimization: With additional con-
straints as evidence, the multiple hypotheses can be filtered
for an improved set of solutions. For HOI scenarios, we can
select the hypothesis which interacts best with the object
observed from a different view, or incorporate extra HOI
constraints for the hypotheses. Inspired by [60], [61], we rank
interaction plausibility by computing the penetration rate and
the contact distance between the hand and object meshes.
The two metrics are combined into a weighted sum as the
interaction plausibility loss, which serves as the objective to
prevent interpenetration, while simultaneously assessing the
set of possible interactive contacts. Based on this, we visualize
hypotheses with the lowest, middle, and highest losses in
Fig. 9.



TABLE IV
PA-MPJPE (MM) OF EVIDENCE-DRIVEN OPTIMIZATION ON H36M. IN
THESE DOWNSTREAM TASKS, THE OPTIMIZED MODEL OUTPUTS ONLY ONE
HYPOTHESIS BY OBSERVING ADDITIONAL EVIDENCE.

Method Original +Fitting +Multi-View
ProHMR [23] 64.3 34.8 345
MHEntropy [28] 513 34.4 34.2

Ours 41.3 31.3 28.9

Input Lowest Loss Middle Loss Highest Loss

Fig. 9. Visualization of hypotheses with the lowest, middle, and highest

interaction losses from two views. As additional evidence, the introduction of
the loss leads to a more feasible grasping pose.

For occluded human bodies, following ProHMR [23], we
use Human3.6M with labels from unaligned views for each
instance, e.g., in a multi-view dataset. We report a comparison
of MHE-Former against ProHMR and MHEntropy in Tab. IV,
where MHE-Former achieves the best performance.

b) Interactive Selection: We employ Seed-2.0-Pro as
the default VLM for our interactive selection. Specifically,
we deploy the VLM for plausibility filtering and interactive
selection for both human hands and bodies. For plausibility
filtering, we report different metrics, i.e., 2D Joint Position
Error (JPE) and interaction plausibility loss (Int.) of our
filtered hypotheses, and compare them against those of the full
hypothesis pool and random selections. As shown in Tab. V(a),
our VLM-based hypothesis selection effectively finds the most
plausible hypotheses.

For interactive selection, we show selection results for both
hand and body estimations in Fig. 10. To further validate
its capability, we conduct a crowdsourced user preference
study. We retain 169 valid questionnaires out of 202 initial
participants with higher education backgrounds, including a
total of 3380 valid selections. Participants were tasked with
choosing the optimal hypothesis set with higher plausibility
(Plau.) and instruction consistency (Const.), and we report the
preference rates in Tab. V(b). It is worth mentioning that, even
with some similar samples included in the options, our VLM-
based selection better satisfies human perceptual preferences
than the ground truth and the randomly selected hypotheses.

E. Ablation Study

a) Visible Weak Supervision: Tab. VI shows “w/ Occ” us-
ing all 2D keypoints as weak labels for training, including our
manually added occluded joints. The comparison shows that
adding supervision for the occluded parts does not significantly
improve accuracy. Moreover, the occluded labels can lead to
a higher RD, harming the diversity of occluded keypoints.

TABLE V
(A) QUANTITATIVE EFFECTIVENESS AND (B) USER PREFERENCE STUDY
OF THE VLM-BASED INTERACTIVE HYPOTHESIS SELECTION.

(a) Accuracy (b) User Study

Dataset  Hypos
JPE | Int. ] Plau. Const.
GT - 0.01 - 11.6%
All 8.26 0.12 - -
HO3D Random  8.25 0.13 36.1% 38.1%
Selected  8.21 008 639% 50.3%
GT - - - 14.9%
All 8.36 - - -
AH36M Random  8.38 - 30.5% 15.2%
Selected  8.17 - 69.5% 69.9%
Input Estimated Selected Hypotheses
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Fig. 10. The results obtained through VLM-based interactive selection shown
from different views.

b) Number of Hypotheses: Fig. 11 shows the accuracy
metrics and RD across different numbers of generated hy-
potheses. It is clear that increasing the generating number
leads to a lower BH. Moreover, the 2D consistency of visible
regions (i.e., AH 2D JPE) and the diversity (i.e., RD) remain
unchanged across different generating numbers, suggesting
that MHE-Former retains its capability to model diversity even
when using a relatively small number of samples.

c) Supervision Trade-offs: Tab. VII reports the results
with different values of the reconstruction loss weight Apec,
and the prior weight Ay for the prior loss, with a fixed entropy
weight Ay. Similar to the trends in the toy experiment, A
smaller \y with fewer feasibility constraints favors divergence
(i.e., higher PJD of keypoints). A smaller A, can lead to
higher PJD but also higher BH and AH, representing higher
divergence but lower accuracy. Overall, the weighting scheme
we adopted strikes a good balance between the consistency
and divergence of the estimation.

d) Strategy and Structure: The upper part of Tab. VIII
reports the effect of the training strategy, along with the
number of trainable parameters. For the encoder, “baseline”
means the method with the pretrained ViTPose without fine-
tuning, and “+Full FT” indicates that all parameters are



TABLE VI
ABLATION STUDY ON THE INFLUENCE OF KEYPOINT VISIBILITY.

Dataset  Supervision BH| AH| RD |
w/ Occ 152 101 0.64
HO3D
w/o Occ 14.5 10.7  0.21
w/ Occ 524 109  0.12
AH36M
w/o Occ 54.6 8.8 0.05
16.5 17.5
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Fig. 11. The trends of (a) BH MPJPE |, (b) BH MPVPE |, (¢) AH 2D

JPE |, and (d) RD | as the sample size increases. The horizontal axis of
each subplot represents the number of sampled hypotheses during evaluation.

trained. All parameters of the decoder are trained for all the
strategies. The results show that with the ViT, which has been
pretrained under the deterministic estimation paradigm, the
network could obtain higher BH, AH and RD, i.e., lower ac-
curacy and diversity compared with the fine-tuned framework.
Meanwhile, involving all parameters in training can achieve
higher diversity, but causes much lower accuracy and more
training costs. In contrast, the configuration of our method
using LoRA balances diversity and necessary accuracy while
ensuring training efficiency.

Furthermore, we analyze the impact of the decoder struc-
ture. As shown in the lower part of Tab. VIII, we apply two
normalizing flow decoders: the standard RealNVP [41] and a
modified Glow variant [23] through token pooling operations,
while the number of layers is increased to 20 to ensure the
equivalent number of parameters. Notably, both RealNVP and
Glow are difficult to train under weak supervision with 2D
visible keypoints, so we add additional 3D visible keypoint
supervision. These models still cannot match our model in
terms of consistency for BH and AH, and diversity for RD.

VII. CONCLUSION

In this work, we introduce an exploration—exploitation
paradigm for hand and body mesh recovery under ambi-
guity. For exploration, we present a probabilistic formula-
tion and accordingly introduce MHE-Former, a Transformer-
based framework with entropy maximization. For exploitation,
we propose a hypothesis selection process that leverages

TABLE VII
ABLATION STUDY ON THE LOSS WEIGHT TRADE-OFF ON HO3D.

BH | PID

Aee M —pe e AN N o RPY

5 148 157 109 3.0 142 021

008 10 145 154 102 27 137 020

25 149 156 109 26 105 028

001 | = 238 245 219 13 510 003

0.3 148 156 98 22 86 026
TABLE VIII

ABLATION STUDY ON THE TRAINING STRATEGY AND NETWORK
STRUCTURE ON HO3D. THE UPPER ITEMS ARE TRAINED UNDER WEAK
SUPERVISION WITH 2D VISIBLE KEYPOINTS, WHILE THE LOWER ITEMS

ARE SUPERVISED WITH ADDITIONAL 3D VISIBLE KEYPOINTS.

Trainable BH

Items Params ﬁ AH| RD |
Supervision with 2D Visible Keypoints

baseline 145M 159 168 13.6 0.25
+Full FT 776M 17.1 182 125 0.20
Ours 146M 145 154 102 0.20
Supervision with 3D Visible Keypoints

RealNVP 151M 22.8 24.0 379 0.62
Glow 150M 140 145 107 040
Ours 146M 124 131 10.6 0.22

additional evidence or the semantic reasoning of VLMs,
bridging the gap between multi-hypothesis generation and
practical utility. Quantitative experiments and user studies
demonstrate the effectiveness of our method. Moving beyond
deterministic estimation, we believe that modeling the full
distribution is fundamental for perception in unconstrained and
ambiguous environments. Our proposed framework, with the
exploration—exploitation paradigm, incorporates uncertainty,
is context-aware, and allows flexibility in decision-making.
The framework is promising and can yield more robust and
generalizable approaches to conditional divergent estimation
across various domains, including AIGC and embodied Al
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