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Abstract. Multi-view human mesh recovery (HMR) is broadly deployed
in diverse domains where high accuracy and strong generalization are es-
sential. Existing approaches can be broadly grouped into geometry-based
and learning-based methods. However, geometry-based methods (e.g.,
triangulation) rely on cumbersome camera calibration, while learning-
based approaches often gemneralize poorly to unseen camera configura-
tions due to the lack of multi-view training data, limiting their perfor-
mance in real-world scenarios. To enable calibration-free reconstruction
that generalizes to arbitrary camera setups, we propose a training-free
framework that leverages pretrained single-view HMR models as strong
priors, eliminating the need for multi-view training data. Our method
first constructs a robust and consistent multi-view initialization from
single-view predictions, and then refines it via test-time optimization
guided by multi-view consistency and anatomical constraints. Exten-
sive experiments demonstrate state-of-the-art performance on standard
benchmarks, surpassing multi-view models trained with explicit multi-
view supervision.
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1 Introduction

Multi-view human mesh recovery (HMR), which reconstructs accurate 3D hu-
man pose and shape from synchronized camera views, is a fundamental capabil-
ity for high-fidelity human-centric perception. Compared with single-view meth-
ods [7,8,231[39,/41] that inherently suffer from depth ambiguity, occlusions, and
viewpoint-dependent uncertainty, multi-view approaches greatly improve relia-
bility and geometric accuracy by leveraging complementary spatial information
across cameras. At the same time, they offer a practical, accurate, and marker-
less alternative to traditional marker-based motion capture systems [36-38,/44].
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These advantages make multi-view human mesh recovery essential for down-
stream applications such as fine-grained behavior understanding [40,45], human
digitalization [4}/10,48|, and immersive AR/VR experiences [32}|35}55].

Early multi-view HMR methods [5}/11}24}/43] have demonstrated the benefit
of aggregating information from multiple viewpoints to improve reconstruction
accuracy. Volumetric approaches [5],43] typically fuse multi-view 2D features
into a unified 3D feature volume via triangulation, explicitly leveraging geomet-
ric constraints during fusion. This design enables strong generalization across
different camera configurations. However, this camera calibration-requiring de-
sign, as well as the inherent quantization errors introduced by discrete volu-
metric representations, limits their scalability in practical settings. To further
improve reconstruction accuracy, recent methods [15,22] adopt end-to-end learn-
ing frameworks that fuse multi-view features, achieving strong performance in
modeling human pose and shape. However, existing multi-view datasets provide
only a narrow range of camera configurations [1231]. As a result, the learned fu-
sion modules inevitably memorize dataset-specific geometric priors tied to those
limited camera settings.

This baked-in implicit bias severely restricts generalization: although these
models perform well under training conditions, their accuracy drops sharply
when evaluated on unseen camera settings. A representative example is U-
HMR [22|, whose feed-forward architecture aggregates image features to di-
rectly regress the 3D mesh. The model tends to memorize the 2D-to-3D cor-
respondences observed during training, leading to substantial degradation under
novel camera configurations, as demonstrated in [30]. A similar issue arises in
MVP [50], where [25] shows that its performance collapses to near-zero when
tested on new camera settings, indicating that it encodes specific camera pa-
rameters rather than learning robust multi-view reasoning.

In parallel, single-view HMR methods [7,/8,23,39,/41] have witnessed remark-
able progress. A pivotal advantage of these single-view methods is their access
to massive-scale training datasets [1,12}[26}[31}/34,/49,/51], including extensive
synthetic datasets [2}[28]|29]. This data advantage enables them to learn a pow-
erful and reliable prior of the human body with diverse camera viewpoints and
settings, avoiding the camera-specific generalization issues that plague multi-
view learning. Landmark works have steadily advanced the state of the art:
HMR2.0 [8] established a pure transformer-based baseline, TokenHMR. [7] re-
placed the regression head with a well-trained codebook for accurate and more
plausible outputs, CLIFF [23| incorporated bounding box information to im-
prove camera-space estimation, and CameraHMR [39] integrated perspective
camera model to mitigate projection error. However, these single-view solutions
are inherently constrained by the fundamental ambiguities of monocular recon-
struction, namely depth uncertainty and occlusion.

At this point, pure learning-based multi-view fusion modules lack generaliza-
tion due to the scarcity of camera settings in the training data, but single-view
methods provide a powerful and generalizable human mesh prior learned from
large-scale data. This leads us to ask the following key question: Is it possible
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to construct a multi-view HMR system that relies solely on single-view training,
yet delivers high accuracy and robustness across arbitrary camera setups?

To address this question, we introduce a framework that injects single-view
priors into multi-view reconstruction via iterative optimization. Qur approach
is built on two key insights: (1) modern single-view HMR models provide suffi-
ciently strong and generalizable priors to serve as reliable foundations for 3D
reconstruction, and (2) robust generalization to arbitrary camera configura-
tions emerges only when multi-view fusion explicitly reasons about 3D geometry,
rather than relying on purely data-driven models that implicitly memorize cam-
era settings. To operationalize these principles, our framework directly initializes
an optimizable “virtual view” representation from per-view estimates using pre-
trained single-view models without any multi-view training, then optimizes this
representation and per-view estimates via Test-time adaptation (TTA) guided
by 2D anatomical landmarks, multi-view consistency, and single-view prior reg-

ularization. To conclude, our contributions are summarized as follows:
— We propose a multi-view TTA framework that iteratively refines single-view

priors guided by multi-view information and 2D anatomical landmarks, en-
abling accurate and robust mesh recovery without requiring any multi-view
training data.

— Through comprehensive ablation studies, we systematically explore key de-
sign choices of our TTA paradigm, including the selection of optimizable
components, the formulation of guidance, and the hyper-parameter weights.

— Our method achieves state-of-the-art performance on benchmark datasets
even compared to fully supervised multi-view approaches, demonstrating
superior generalization to novel camera configurations.

2 Related Work

2.1 Single-view Human Mesh Recovery

Single-view human mesh recovery [3},/19,/33,42,[54] has advanced rapidly due to
large-scale datasets and strong parametric priors. Early work such as HMR [17]
introduced the standard top-down pipeline that regresses SMPL parameters from
image features via iterative refinement. CLIFF [23| improved global pose esti-
mation by restoring lost spatial cues through bounding-box conditioning and
full-image reprojection. HMR2.0 [§] replaced CNN encoders with a ViT-H/16
backbone, demonstrating the benefit of high-capacity transformers for mesh pre-
diction. TokenHMR [7] addressed camera-model mismatch by proposing adap-
tive loss scaling and a discrete pose-token representation learned from motion
capture data. Recent extensions such as CameraHMR [39] further refine camera
modeling to reduce projection errors. Together, these methods provide powerful
and highly generalizable single-view priors, but remain fundamentally limited
by monocular ambiguities.

2.2 Multi-view Human Mesh Recovery

Multi-view HMR leverages complementary observations across cameras to re-
solve depth ambiguity and occlusion that fundamentally limit single-view ap-
proaches. Early geometric methods rely on triangulation or volumetric fusion [13|
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43|, lifting multi-view 2D cues into a discretized 3D space. Although explicitly en-
coding geometry and generalizing across camera setups, these approaches suffer
from voxel quantization and are brittle under occlusion or imperfect calibration.
Subsequent learning-based pipelines aim to fuse view-specific features directly.
View-by-view refinement [24] propagates predictions across views but under-
uses camera parameters and often accumulates cross-view inconsistencies. Feed-
forward transformer architectures [15}22] aggregate multi-view image features to
regress SMPL parameters; however, their fusion remains implicit and tends to
absorb dataset-specific camera priors, leading to poor generalization to unseen
configurations. Recent iterative refinement methods [14,[30] revisit optimization-
style updates for multi-view HMR. Pixel-aligned fusion [14] reprojects inter-
mediate meshes to extract feedback signals, while HeatFormer [30] formulates
multiview alignment as heatmap matching via a transformer-based neural opti-
mizer. These approaches improve robustness to occlusion and camera variation,
however, their performance degrades in calibration-free mode. HeatFormer relies
on epipolar geometry in AdaFuse [56] module to align cross-view heatmaps; with-
out reliable calibration, cross-view information cannot be effectively aggregated.
Similarly, PaFF [14] depends on camera parameters for pixel-aligned feedback,
orientation alignment, and scale recovery. Moreover, both methods require multi-
view training data and may implicitly encode dataset-specific camera layouts,
limiting their generalization to unseen configurations.

3 Method

3.1 Overview

Our goal is to recover a robust and consistent 3D human mesh from multiple
camera views while generalizing to unseen camera configurations, without rely-
ing on multi-view training data. To achieve it, we build on pretrained single-view
HMR models and refine their predictions at inference time by optimizing a small
set of variables under multi-view constraints and 2D anatomical clues. However,
this design raises two key questions: (1) what to optimize—which parts of a
pretrained single-view model should be updated at test time to enable effective
adaptation; and (2) how to optimize—which constraints should guide the up-
dates to enforce cross-view consistency and anatomical plausibility. We answer
these questions by (i) analyzing different choices of optimizable components and
their initialization in the multi-view setting, and (ii) introducing a set of test-
time objectives that drive refinement toward coherent solutions.

The remainder of this section is organized as follows. Sec. 3.2 briefly reviews
the required preliminaries. Sec. 3.3 outlines the overall inference-time optimiza-
tion pipeline. Sec. 3.4 studies the choice and initialization of optimizable com-
ponents. Sec. 3.5 presents the test-time objectives used to guide refinement.

3.2 Preliminaries

SMPL Model. The SMPL model |27] represents the human body using a low-
dimensional parametric formulation. It is controlled by pose parameters # € R"2,
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Fig.1: The model architectures of (a) HMR2.0, (b) CameraHMR, (c¢) TokenHMR,
and (d) a summary of these generic single-view transformer-based HMR models.
The optimizable components can be selected from three representative groups: tokens
(pink/orange), model parameters (blue), or explicit SMPL parameters (green).

encoding the relative 3D rotations of 24 joints, and shape parameters 3 € R19,
capturing person-specific body shape variations. Given (6, 8), SMPL outputs a
posed human mesh V = M(0,3) € R399%3 ysing linear blend skinning. The
corresponding 3D joint coordinates Jz;p € RF*X3 are obtained by applying a
fixed linear joint regressor to the mesh. In our framework, SMPL model is
used for generating human mesh from SMPL parameters.

Single-view HMR Backbones. Recent transformer-based single-view HMR
models directly regress the SMPL parameters (6, 3) and camera coefficients IT
from a single RGB image. HMR2.0 [§] (Fig. [I{a)) establishes a strong baseline
by adopting a Vision Transformer (ViT [6]) encoder to extract image features
and a transformer decoder that operates on learnable SMPL tokens, which are
finally mapped to (0, ) via an SMPL regression head. Building upon this ar-
chitecture, CameraHMR, (Fig. b)) improves reconstruction by explicitly
modeling the perspective camera. It predicts the camera field-of-view and intro-
duces camera-aware tokens into the transformer to enable more accurate projec-
tion. TokenHMR [7] (Fig. [I{c)) explores a complementary direction by replac-
ing continuous pose regression with a tokenized pose representation. It predicts
pose tokens decoded via a learned codebook, providing stronger pose priors and
more robust reconstruction. Despite these design differences, these approaches
share a common paradigm that we refer to as the single-view HMR backbone
( Fig. [[{d)). Such models typically consist of a ViT encoder that extracts im-
age features and a transformer-based learning structure that updates learnable
SMPL tokens through attention with the image features. The resulting token
representation is then mapped to the SMPL parameters (6, 3) and camera coef-
ficients I7. In our framework, these pretrained single-view HMR backbones are
leveraged as strong priors to enable generalizable multi-view reconstruction with-
out requiring any multi-view training data. These models provide high-quality
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initial estimates and impose powerful single-view regularization during test-time
optimization, encouraging per-view poses to remain consistent with the image-
conditioned latent space learned from large-scale single-view datasets.

2D Keypoint Detector. A pretrained and frozen 2D keypoint detector can be
employed to extract reliable 2D image-space cues for each view. Depending on
the detector’s training objective, it can provide sparse joint locations, dense cor-
respondences, or mesh-aligned keypoints directly from the input image. These
detections supply strong geometric evidence that is independent of the single-
view HMR backbone. In our framework, these detected 2D keypoints serve
as robust constraints on the projection of the 3D joints during test-time opti-
mization, effectively guiding the refinement of pose and shape parameters and
improving reconstruction accuracy.

3.3 Proposed Paradigm
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Fig. 2: Test-time adaptation (TTA) framework for multi-view human mesh recovery.
The pipeline is composed of two stages: (a) aggregating single-view SMPL estimates
into a set of SMPL parameters initialization termed virtual view; (b) Test-time adap-
tation refines single-view optimizable token and virtual view SMPL parameters using
2D Loss, multi-view consistency Loss, and regularization loss.

To generalize to arbitrary camera configurations, we leverage strong priors
from pretrained single-view HMR models, then refine them at inference time,
therefore eliminating the multi-view training. Based on this principle, we propose
a model-agnostic TTA paradigm for multi-view human mesh recovery. Our core
approach treats single-view predictions as an initialization, iteratively refining
them through cross-view consistency and 2D anatomical cues, while regulariza-
tion terms prevent the results from drifting excessively from the reliable single-
view priors. In Fig. a), a frozen single-view HMR backbone first produces
per-view SMPL estimates. In addition, we introduce an extra set of optimizable
SMPL parameters, termed the virtual view. The virtual view is initialized from
the per-view SMPL predictions. During TTA, the virtual view parameters are
further refined using gradients aggregated from all views. After optimization, the
virtual view represents the final reconstruction that summarizes the information
from all input views. Conceptually, the virtual view plays a role similar to ag-
gregating multi-view predictions (e.g., averaging per-view results), but instead
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of directly fusing predictions, it is optimized through gradients from all views.
In Fig. (b), TTA jointly refines the learned SMPL tokens and the virtual-view
parameters through 2D observations, multi-view consistency constraints, and
regularization terms.

3.4 Optimizable Component

The choice of the optimizable component O is crucial for effective test-time adap-
tation, as the selected component must balance expressiveness, computational
efficiency, and alignment with the adaptation objectives.

Single-view Backbone Optimizable Component. As illustrated in Fig. [T}
there are multiple candidate components within transformer-based single-view
HMR models that can be optimized during test-time adaptation within our
proposed paradigm, which are broadly categorized into three groups: model pa-
rameters (blue), latent tokens (pink and orange), and explicit SMPL parameters
(green). Model parameters encompass the weights of the transformer back-
bone and decoder head, which encode rich priors learned from large-scale single-
view datasets. However, these weights are extremely high-dimensional, making
test-time optimization computationally prohibitive and potentially destructive
to the pretrained priors. Explicit SMPL parameters are low-dimensional
(72 for pose 6 and 10 for shape ), making them computationally efficient to
optimize. However, optimizing only these parameters fails to exploit the image-
conditioned latent structure learned by single-view HMR models. Moreover, the
optimization landscape with respect to the SMPL parameters is highly non-
linear, which makes the process prone to getting trapped in poor local minima.
As aresult, the optimization can easily overfit noisy 2D detections or drift toward
view-inconsistent solutions. Tokens provide a compact representation for model-
ing human pose and shape within transformer-based HMR architectures. Within
this category, two common variants can be considered. SMPL query tokens (pink
in Fig.[1) serve as the initial input tokens to the transformer, lacking sufficiently
abstracted and task-specific features to fully support stable multi-view adapta-
tion. In contrast, learned SMPL tokens (orange in Fig.|1) capture richer seman-
tic and image-conditioned representations that are directly instrumental for pose
and shape prediction. During optimization of the learned SMPL tokens, gradi-
ents are propagated only through the final MLP layers (implemented as a single
linear projection) without back-propagating through the transformer backbone.
In our framework, we therefore adopt learned SMPL tokens as the optimiza-
tion variables within single-view backbone. This lightweight design avoids full
forward and backward passes through the entire network, enabling lightweight
TTA while preserving the pretrained backbone priors. Ablation comparisons of
different optimization components are provided in Sec. [£.4]

Virtual-View Optimizable Component. To obtain a unified reconstruction
across views, we introduce a set of optimizable SMPL parameters, termed the
virtual view, which is initialized from per-view predictions and subsequently
updated during TTA. We initialize the virtual-view pose parameters using a
weighted averaging strategy over the per-view predictions. Specifically, we com-
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pute per-joint statistics across views and apply a 1-6 filtering mechanism to
suppress unreliable joint rotations. For each joint rotation k, represented using
the continuous 6D parameterization [57], we retain the reliable set S():

N
®) _ [p) | g0 < (k) (k) ®) _ ||gw) _ 1 (k)
s {el | d% < std(@d®, ... d% )},s.t. dS 0! N;az X (1)
where i € {1,..., N} is the camera view index, and ng) denotes the rotation of

joint k from view i. We define ¢ = 0 as the virtual view. The virtual-view pose
parameters Hék) are initialized as the mean of the retained set S*). For the global
orientation (i.e., the root joint rotation 91(0)), two settings are considered. When
cameras are calibrated, we first transform the per-view global orientations into
the world coordinate frame using the known camera extrinsics, and then ap-
ply the weighted averaging described above. When cameras are uncalibrated
(calibration-free mode), global orientations remain view-specific and are not in-
cluded in the weighted averaging procedure, since they cannot be expressed in a
shared coordinate frame. In this case, only the global orientation is view-specific,
while all remaining pose rotations are weighted averaged. Shape parameters are
assumed to be view-consistent and initialized as 3, = % Zfil B;. We denote
the virtual-view optimizable SMPL parameters as ©y = (0g, 3,). We empirically
observe that this reliability-aware weighted initialization improves stability and
final performance compared to simply averaging or canonical pose initialization.
Further analysis of different initialization strategies is provided in Sec. [d.4] In
our framework, we jointly optimize the learned SMPL tokens within single-view
backbone and the virtual-view SMPL parameters.

3.5 Test-time Adaptation

We formalize the TTA paradigm as follows:

Oit+1 = 0Oit —nVe, (LoD + Acon + VLreg) (2)

at each optimization step ¢ during inference, we adaptively update the optimiz-
able component ©; ; under the guidance of three losses: the 2D reprojection loss
Lon, the cross-view consistency loss Leon, and the regularization loss Lieg. The
weights A,y balance the contributions of these losses, and 7 denotes the learning
rate. We will alternatively update the single-view backbone optimizable compo-
nent (learned SMPL token) and the virtual view component (SMPL parameters)
with their respective losses. For simplicity, the settings of the optimization step,
the loss weights, and other hyperparameters are omitted from the loss notation;
detailed settings are provided in the Supplementary.

2D Reprojection Loss. To provide view-specific supervision during test-time
adaptation, we leverage a pretrained DensePose-based anatomical landmark de-
tector [9], which supplies pseudo—ground truth annotations P; for each view.
These annotations include 44 joint keypoints (25 OpenPose joints and 19 ad-
ditional joints) and 35 anatomical surface landmarks, each associated with a
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confidence score ng). We incorporate anatomical landmarks because, in con-
trast to standard joint keypoints, they encode not only spatial positions but also
fine-grained joint twist rotation cues [21]. For example, a wrist twist alters the
appearance of the hand surface even though the 3D wrist joint location barely
changes. Such rotational effects produce significant 2D displacements in the sur-
face landmarks, enabling the supervision to capture subtle pose variations that
joint-only signals fail to represent. To mitigate detector noise, we retain only
2D observations with confidence greater than 0.9. For each camera view i, the
current optimizable component O; (i.e., the learned SMPL token) is mapped to
a 3D mesh M, through the MLP and SMPL wrapper, denoted as M; = R;(60;).
We then regress 44 joint locations from M; using a pretrained keypoint regres-
sor P(-) [8], and project them to the image plane: P! = II;(P(M;)), where II;
denotes the camera projection function. The 35 anatomical landmarks P are
obtained directly by indexing the corresponding surface vertices from M; via a
predefined index list. The 2D reprojection loss for view i is defined as:

Log = HPiT - Pz'r ||2 + HPia - pia”Q

Cross-view Consistency Loss. Cross-view consistency loss is added to enforce
agreement of human mesh and geometry between pairs of views (¢, j), which is
calculated by:

N
Leon =10 = O5ll2 + 118 = Bylla + 1M, — Ml
i#j

The above formulation is applied differently depending on the optimized com-
ponent. When updating the virtual-view component, the loss is computed be-
tween the virtual view (i = 0) and each camera view (j € {1,...,N}), and
gradients are applied only to the virtual-view parameters. When optimizing the
single-view backbone components, the summation is restricted to camera views
(i, € {1,..., N}), enforcing pairwise agreement among them. In calibration-free
mode, the global-orientation cannot be applied, as per-view orientations are not
expressed in a common frame. The quadratic complexity of O(N?) with respect
to the number of views can be reduced to O(N) by adopting a star-structured
consistency graph with negligible performance difference. Further details are
provided in the supplementary.

Regularization Loss. A regularization loss is also added to prevent large de-
viations from the initial single-view predictions:

l2+ 18 — Biollz + IMi — Mo

N
Lreg = Z 16; — 0i0 |2
im1

where 0; o, £; 0, and M; o denote the parameters and mesh of view ¢ at iteration
t =0, i.e., the initial predictions obtained before test-time adaptation.



10 H. Xie et al.

4 Experiments

4.1 Experiment Configuration

Pretrained Single-view Backbones. HMR2.0b is trained on Human3.6M [12],
MPI-INF-3DHP [31], COCO |26, and MPII [1], together with pseudo-ground-
truth SMPL fits on AVA [34], InstaVariety [18]|, and AI Challenger [51]. To-
kenHMR trains its tokenizer with AMASS [28] and MOYO [49], and further
trains the HMR regressor with the HMR2.0b training setting plus BEDLAM [2].
CameraHMR uses improved 4DHumans pseudo-ground truth with perspective
camera modeling and dense surface keypoints, and is trained with improved
4DHumans data together with BEDLAM and AGORA, excluding AVA.

2D Detectors. We choose a pretrained 2D detector, Synthpose [9]. It’s first
pretrained on the original COCO, COCO-WholeBody dataset [16,/52], then fine-
tuned on the 3DPW and BEDLAM training dataset. We then adapt the net-
work’s head to output 35 anatomical points and 44 skeleton points, and finetune
it on the Human3.6M and MPI-INF-3DHP training dataset. Following previous
multi-view work [241[43], we train the detector on subjects 1,5,6,7,8 and test on
subjects 9, 11 for Human3.6M, and train on subjects 1 to 7 and test on subject
8 for MPI-INF-3DHP. The reason we fine-tune is that the SMPL parameters in
Human3.6M and MPI-INF-3DHP datasets are pseudo ground truths generated
by NeuralAnnot [33|, which exhibits systematic misalignment between the SMPL
mesh and the real subjects. To ensure consistency between the detected 2D key-
points and the pseudo-GT SMPL annotations used during TTA, we fine-tune
the detector on these datasets.

4.2 Evaluation Metrics

Following previous works [24}43], we evaluate 3D human mesh recovery on Hu-
man3.6M using MPJPE (Mean Per Joint Position Error), PA-MPJPE (Pro-
crustes Analysis Mean Per Joint Position Error), and MPVPE(Mean Per Vertex
Position Error). MPJPE/MPVPE measures the Euclidean distance between pre-
dicted and ground truth joints/vertices after aligning the pelvis, and PA means
procrustes aligned. We evaluate on MPI-INF-3DHP using MPJPE, PCK (Per-
centage of Correct Keypoints), and AUC(Area Under the Curve). PCK means
the percentage of keypoints having less than or equal to a predetermined distance
from the ground truth. AUC means the area under the PCK curve.

We evaluate our method using three representative single-view backbones:
CameraHMR [39], HMR2.0 [8], and TokenHMR [7]. Unless otherwise stated, we
follow a Standard setup, which corresponds to our complete multi-view test-time
adaptation pipeline. This standard setup includes: (1) the 1-delta filtered virtual-
view fusion for producing a robust multi-view initialization, (2) 2D clues from
both keypoints and anatomical landmarks, (3) multi-view consistency loss to-
gether with a regularizer that anchors the optimization to the initial predictions,
and (4) using the learned token as the evaluation component to be optimized
during TTA. All reported results default to this standard setup except results
in the ablation study.
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Table 1: Comparison on the Human3.6M dataset. Methods are grouped into single-
view, multi-view calibration-free, and multi-view calibration-requiring approaches.
Bold and underline indicate the best and second-best results within each group, re-
spectively.

Method MPJPE | PA-MPJPE |
HMR2.0(a) [8] 44.8 33.6
HMR2.0(b) [8] 50.0 32.4
Single Camera HMR2.0+scoreHMR-a [47] 47.9 28.4
HMR2.0-+scoreHMR-b [47] 44.7 29.0
PostureHMR |[46] 44.5 31.0
Shape Aware [24] 79.9 45.1
ProHMR [20] 62.2 34.5
Yu et al [53] - 33.0
PaFF [14] 448 28.2
Calibration-free HeatFormer [30] 42.5 25.8
U-HMR [22] 31.0 22.8
Ours (TokenHMR) 44.3 23.9
Ours (HMR2.0) 45.2 23.0
Ours (CameraHMR) 32.7 22.0
MuVS [i1] 58.2 47.1
MV-SPIN [43] 49.8 35.4
PaFF [14] 33.0 26.9
w. Calibration HeatFormer [30] 29.5 22.4
Ours (TokenHMR) 32.6 23.2
Ours (HMR2.0) 31.6 21.5
Ours (CameraHMR) 26.9 20.6

4.3 Comparison with State-of-the-art Methods

Notably, our method is trained solely on single-view data without any multi-view
supervision, all the following experiments consistently demonstrate its strong
generalization to multi-view camera settings.

Human3.6M. Table [I] reports quantitative results on Human3.6M under the
standard protocol. In calibration setting, our method with CameraHMR, back-
bone achieves 26.9 MPJPE and 20.6 PA-MPJPE, substantially outperform-
ing the traditional multi-view SMPL fitting method MuVS, the learning-based
method MV-SPIN, the neural optimization approach PaFF, and the previous
state of the art HeatFormer (29.5 MPJPE / 22.4 PA-MPJPE). Notably, our
calibration-free setting achieves substantially lower errors (32.7 MPJPE / 22.0
PA-MPJPE) compared to HeatFormer (42.5 MPJPE / 25.8 PA-MPJPE), high-
lighting the effectiveness of leveraging strong single-view priors for multi-view
refinement without requiring camera calibration. Among the backbones, Cam-
eraHMR backbone exhibits particularly strong robustness in the calibration-free
setting. We attribute this to its perspective camera formulation and explicit focal
length estimation. These results further validate that a strong single-view prior,
combined with TTA, enables effective multi-view reconstruction even without
camera calibration.
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Table 2: Comparison results on MPI-INF-3DHP dataset with multi-view methods.
Bold indicates the best result, Underline indicates the second-best result.

Method MPJPE | PCK 1 AUC ¢t
PaFF [14] 48.4 98.6  67.3
U-HMR |[22] 30.7 994 740
HeatFormer [30] 39.8 99.5 72.8
Ours (TokenHMR) 45.2 99.9 79.6
Ours (HMR2.0) 40.3 99.6 80.7

Ours (CameraHMR)  39.0 99.9 83.8

Table 3: Comparison results on MPI-INF-3DHP dataset with cross camera settings.
Method MPJPE | PCK 1 AUC 1t

HeatFormer 45.74 99.15 68.93
Ours(CameraHMR) 43.71  99.44 80.62

MPI-INF-3DHP. The comparison on the MPI-INF-3DHP dataset, as shown in
Table [2] also highlights our work’s performance and generalization. The Camer-
aHMR backbone outperforms previous methods, demonstrating the strong per-
formance and generalizability of our approach.

Cross-camera Results. Table 3| evaluates cross-camera generalization by test-
ing on MPI-INF-3DHP camera set (1, 4, 5, 6), which differs from the original
set (0, 2, 7, 8). As shown in Table |3 HeatFormer [30] degrades notably un-
der this camera shift, achieving 45.74 MPJPE. Our method, however, reaches
43.71 MPJPE, 99.44 PCK, and 80.62 AUC, outperforming HeatFormer across
all metrics. This demonstrates that our geometry-driven TTA adapts effectively
to unseen camera settings, offering strong cross-camera robustness without re-
quiring multi-view training data.

4.4 Ablation Study

Impacts of Virtual-View Initialization and TTA. Table [ shows that the
best performance is achieved when both components are enabled. Most of the
improvement comes from TTA, which substantially refines the initial predictions.
Without TTA, the initialized virtual view provides only limited gains, indicating
that initialization alone cannot resolve multi-view ambiguities but serves as a
stable starting point for optimization.

Impact of TTA Steps. Table[5|reports the impact of TTA steps. CameraHMR
continues to benefit from additional optimization steps, with the best results
obtained at 200 steps. For the HMR2.0, the best performance is reached at 150
steps and remains very stable with negligible variation as the number of steps
increases. TokenHMR, shows a similar trend, steadily improving as the number
of TTA steps increases and achieving its best performance at 200 steps, with
only a marginal degradation at 250 steps. Considering both performance and
generalization across different backbones, we adopt 200 TTA steps as the default
setting in all experiments.
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Table 4: Ablation study on the effects of Virtual View design and TTA.

Components CameraHMR HMR2.0 TokenHMR
Virtual View TTA MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
X 4 27.8 22.7 35.1 24.1 43.9 27.5
v X 44.2 29.9 44.4 24.0 37.1 25.7
v v 26.9 20.6 31.6 21.5 32.6 23.2

Impacts of Virtual-View Initialization Strategies. Table [f] compares dif-
ferent initialization strategies for the virtual-view component. “No virtual view”
directly uses the averaged per-view estimates after TTA as the final output. “T-
pose” initializes the virtual view with a canonical pose, while “Averaged” simply
averages per-view SMPL parameters. “Weighted” follows the weighted-average
strategy in Sec. 3.4. Across all backbones, introducing a virtual view consis-
tently improves performance, indicating that a unified representation benefits
multi-view optimization. Compared to CameraHMR, HMR2.0 and TokenHMR
are more sensitive to initialization quality.

Table 5: Ablation study on TTA steps.

CameraHMR HMR2.0 TokenHMR
Steps MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
50 35.6 25.9 35.4 22.0 35.1 24.3
100 29.9 22.3 32.4 21.5 33.5 23.6
150 28.0 21.2 31.6 21.5 32.8 23.3
200 26.9 20.6 31.6 21.5 32.6 23.2
250 27.4 21.0 31.7 21.5 32.7 23.3

Impacts of TTA Loss Components. We isolate the effect of different guid-
ance signals used during TTA. We consider five types of settings: (1) only 2D
anatomical landmarks, (2) only 2D keypoints, (3) their combination, (4) an ad-
ditional multi-view consistency, and (5) The standard setting further includes a
regularization term. Reported in Table [7] using either anatomical landmarks or
keypoints alone provides moderate improvements, while combining them yields
stronger 2D supervision. The largest performance gain comes from introducing
the multi-view consistency term, which effectively exploits geometric relation-
ships across views. Adding the regularization term delivers the best and most
stable results across all three backbones.

Impacts of Single-view Backbone Optimizable Component. As shown in
Tab. |8} optimizing the learned SMPL tokens achieves the best performance across
all backbones, yielding the lowest MPJPE and PA-MPJPE. We hypothesize that
these tokens capture rich image-conditioned representations that are directly
used for pose and shape prediction. In contrast, optimizing the SMPL query
tokens or decoder parameters is less effective, as the former lacks sufficient task-
specific semantics and the latter is less amenable to refinement from a single test
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Table 6: Ablation study on virtual view initialization strategy.

CameraHMR HMR2.0 TokenHMR
Strategy MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
No Virtual View 27.8 22.7 35.1 24.1 43.9 27.5
T-pose 27.2 21.2 32.5 22.4 33.8 23.6
Averaged 27.1 20.7 32.1 21.7 33.5 23.3
Weighted 26.9 20.6 31.6 21.5 32.6 23.2

Table 7: Ablation study on TTA loss components.

CameraHMR HMR2.0 TokenHMR
Guidance MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
anatomical (ana) 39.9 29.4 35.2 24.6 33.5 24.5
keypoint (kp) 39.6 28.5 35.0 24.0 33.2 23.7
kp-+ana 36.8 27.2 32.3 22.5 33.0 23.6
kp-+ana-consistency (con) 27.3 20.9 32.2 21.6 32.9 23.4
kp-+ana+con+regularizer 26.9 20.6 31.6 21.5 32.6 23.2

Table 8: Ablation study on single-view backbone optimizable component.

CameraHMR HMR2.0 TokenHMR
Component MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
SMPL Parameters 58.2 32.2 53.0 31.9 484 31.1
Decoder 30.8 22.8 37.2 23.3 36.9 27.5
SMPL Query Tokens 29.7 20.9 36.0 23.0 35.2 25.7
Learned SMPL Tokens 26.9 20.6 31.6 21.5 32.6 23.2

Table 9: Ablation study on Virtual-view Optimizable Component.

CameraHMR HMR2.0 TokenHMR
Component MPJPE | PA-MPJPE | MPJPE | PA-MPJPE | MPJPE | PA-MPJPE |
Pose 31.6 21.9 35.2 24.6 34.6 23.3
Pose+Orientation 29.0 214 334 22.0 34.4 23.3
Pose+Orientation+Shape 26.9 20.6 31.6 21.5 32.6 23.2

sample. Directly optimizing SMPL parameters performs the worst due to their
limited dimensionality, and susceptibility to noisy 2D cues.

Impacts of Virtual-view Optimizable Component. Ablations on optimiz-
ing virtual-view components shown in Tab. 0] demonstrate that jointly adapt-
ing pose, global orientation, and shape consistently achieves the lowest MPJPE
and PA-MPJPE across all backbones. Updating pose only leads to subopti-
mal performance due to unresolved orientation and shape mismatches, while
adding orientation already yields clear gains. Incorporating shape further stabi-
lizes cross-view alignment. While CameraHMR and HMR2.0 exhibit large gains
from adding orientation and shape, TokenHMR shows smaller improvements,
likely due to its discrete pose prior constraining updates.

4.5 Qualitative Result

Fig. [3] shows the predicted SMPL mesh on Human3.6M and MPI-INF-3DHP.
At Step 0, the initial single-view predictions often exhibit noticeable errors.
After 200 TTA steps, these errors are consistently corrected. Fig. [] visualizes
the progression of the test-time adaptation. As the TTA steps increase, the



Fig. 3: Mesh alignment on the Human3.6M [12] (left) and MPL-INF-3DHP [31] (right).
From left to right: input image, mesh at Step 0, and mesh at step 200.

Fig.4: TTA 2D clues alignment. Green markers denote the pseudo ground-truth from
2D detector, while the red markers represent the model’s predictions.

predicted 2D joints gradually converge toward the pseudo-GT keypoints. More
qualitative results are presented in Supplementary.

5 Conclusion

In this paper, we present a training-free framework for robust and accurate multi-
view human mesh recovery. By leveraging pretrained single-view HMR models as
strong priors, our method introduces a virtual-view representation that is itera-
tively refined via test-time adaptation guided by 2D anatomical landmarks and
multi-view consistency. Extensive experiments demonstrate that our approach
achieves state-of-the-art performance on benchmark datasets and generalizes
effectively to unseen multi-view camera configurations without requiring any
multi-view training data.
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