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Abstract
Multi-view human reconstruction has been extensively studied under simplified settings, yet scaling these methods to robust
and efficient multi-person reconstruction in unconstrained environments requires a more general and scalable modeling
paradigm. Existing bottom-up methods often rely on accurate camera calibration and explicit cross-view matching, and
therefore struggle in multi-person scenarios with severe occlusions and ambiguities. We attribute these limitations to the lack
of an explicit and view-agnostic 3D representation for jointly reasoning about human structure and multi-view consistency.
Based on this observation, we propose a new top-down paradigm that maintains a unified, instance-centric human-aware
3D space, enabling simultaneous camera calibration, cross-view association, and human reconstruction via cross-modal
contrastive learning. Specifically, observations from multiple views are lifted and fused directly into this shared 3D space,
where geometric structure, visual appearance, and human-centric semantic cues are jointly encoded at the instance level. To
enhance the discriminability and consistency of the 3D representation, we introduce a spatial contrastive learning strategy that
aligns 3D features corresponding to the same human instance across different views and modalities, while separating features
fromdifferent instances. This design allows correspondence reasoning, semantic aggregation, and instance discrimination to be
performed natively in the 3D space, which enforces cross-view consistency and improves robustness under severe occlusions.
Based on the learned instance-aware 3D representation, we recover structured human body models in a feed-forward manner
by regressing SMPL parameters from instance-level 3D human tokens. Extensive experiments demonstrate that adopting a
unified human-aware 3D feature space as the core representation leads to robust, accurate, and efficient multi-view human
reconstruction in challenging real-world scenarios. The code and data will be made publicly available.
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1 Introduction

Reconstructing 3D humans from multiple camera views is
a long-standing problem with wide applications in VR/AR,
sports analysis, and human–computer interaction. Although
extensive research has been devoted to this topic, achiev-
ing robust and efficient reconstruction in complex real-world
scenarios remains challenging. Traditional multi-view sys-
tems (Dong et al., 2021; Ionescu et al., 2013; Joo et al.,
2015; Tu et al., 2020) rely heavily on accurate camera calibra-
tion and well-controlled environments, making them fragile
under practical conditions such as imperfect setups, heavy
occlusions, or large-scale scenes (Fig. 1).

Themajority of existingmulti-view human reconstruction
approaches (Dong et al., 2021; Huang et al., 2023; Zhang
et al., 2021) follow a bottom-up “2D-to-3D” paradigm.
They first extract 2D cues (e.g., keypoints, silhouettes,
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Fig. 1 We propose a unified, human-aware 3D representation learned via cross-modal contrastive learning. This representation provides a persistent
and view-agnostic 3D space in which camera calibration, cross-view association, and human reconstruction can be jointly performed

or per-view body parameters) from each image, establish
cross-view correspondences, and then fuse these observa-
tions into a 3D representation. As one of the dominant
approaches, triangulation-based methods directly associate
and fuse multi-view 2D observations with camera geometry,
but minor inaccuracies in camera parameters can propagate
and result in global geometric inconsistencies (Dong et al.,
2021; Huang et al., 2020; Tu et al., 2020; Zhang et al., 2021).
Although some works (Huang et al., 2023, 2024; Müller et
al., 2025; Yu et al., 2022) relax the reliance on precise camera
geometry with semantic association, they remain inherently
vulnerable to occlusion, as missing or corrupted 2D obser-
vations directly undermine correspondence estimation and
subsequent feature fusion. In addition, these methods often
depend on iterative optimization or matching procedures,
which are computationally expensive and difficult to scale
to complex scenes or real-time applications.

These challenges are not merely implementation issues,
but are inherent to the bottom-up paradigm, which reasons
about 3D structure through fragmented and view-dependent
2D observations. In contrast, humans and objects exist and
interact in a shared 3D space, and a top-down approach
enforcesmulti-view consistency by reasoning directlywithin
a unified 3D representation rather than across independent
image views. This motivates a shift in perspective: instead
of treating 3D reconstruction as the result of fusing 2D pre-
dictions, we advocate for maintaining an explicit, shared 3D

representation as the central reasoning space throughout the
reconstruction process.

In this work, we propose a new top-down paradigm that
maintains a unified human-aware 3D space to enable simulta-
neous camera calibration, cross-view association, and human
reconstruction. With this 3D space, multi-view information
is lifted and fused at the feature level, where geometric
structure, appearance cues, and human-centric semantics are
jointly encoded in a shared representation. To enhance the
discriminability and consistency of the 3D representation,
a spatial contrastive learning strategy is further introduced.
Consequently, this 3D feature space serves as a persistent,
view-agnostic set of spatial tokens, and thus cross-view asso-
ciation, occlusion handling, and instance reasoning can be
performed natively within the 3D space.

Specifically, given uncalibrated multi-view images, we
initialize the 3D space with a geometry-aware prior (Wang
et al., 2025) and subsequently finetune the representation
through differentiable 3D Gaussian Splatting (3DGS) ren-
dering (Kerbl et al., 2023). After initialization, the 3D
representation encodes only limited human prior knowledge
and lacks explicit instance discriminability. To this end, we
further introduce a spatial contrastive learning strategy to
improve the consistency and discriminability of the 3D fea-
ture space. In particular, human points in the 3D space are
re-projected into pose, appearance, and geometry fields to
sample expressive human semantics. We then apply con-
trastive learning across sampled features fromdifferent views
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and instances to enforce semantic consistency. Meanwhile,
the sampled features are used to regress identity embeddings,
which are further contrasted across the 3D and 2D spaces.
Spatial contrastive learning not only enriches the humanprior
knowledge within the 3D space, but also improves geometric
alignment (e.g., camera parameters) by enforcing semantic
consistency. With the learned 3D representation, structured
SMPL parameters (Loper et al., 2023) are finally regressed
in a feed-forward manner from instance-aware 3D human
tokens.

In summary, our main contributions are as follows:

• We propose a novel multi-view human reconstruction
framework that explicitly maintains a unified 3D fea-
ture space as the central representation, which enables
feed-forward and simultaneous calibration, association
and reconstruction.

• We design a human-aware 3D representation and refine-
ment strategy that integrates multi-view geometry,
appearance, and human semantics at the representa-
tion level, thereby substantially improving robustness to
occlusion and camera calibration errors.

• We introduce a spatial contrastive learning strategy that
leverages semantic consistency to enhance geometric
alignment and reconstruction accuracy in multi-view,
multi-person scenarios.

2 RelatedWork

2.1 Human Reconstruction from Unconstrained
Cameras

Real-world deployments often involve unknown, unsyn-
chronized, or distorted cameras, as well as sparse and
wide-baseline viewpoints. The key challenge is that uncal-
ibrated cameras prevent direct enforcement of multi-view
geometric consistency, so both camera parameters and 3D
humans must be inferred from weak and noisy cues; this
coupling is particularly brittle under occlusion, wide base-
lines, distortion, and unsynchronized viewpoints. To deal
with these unconstrained settings, several methods (Javerliat
et al., 2025; Li et al., 2024; Müller et al., 2025; Xu & Kitani,
2022; Yu et al., 2022) jointly estimate camera parameters and
3D human poses. HSfM (Müller et al., 2025) uses SMPL-
derived anthropometric constraints as metric references and
jointly optimizes scene structure, human meshes, and cam-
era parameters through bundle adjustment, addressing both
scale ambiguity andmissing calibration. Yu et al. (2022)map
per-view image features to a canonical human surface that is
invariant to viewpoint, pose and fuse them via confidence-
weighted attention, enabling reconstruction without camera
calibration. Additional approaches (Li et al., 2024) incor-

porate depth or 3D re-identification cues for cross-view
association but require extra sensors. EasyRet3D (Yin et
al., 2025) addresses uncalibrated multi-view multi-human
reconstruction by explicitly modeling cross-view identity
association through a tracking-based formulation. However,
it introduces a dependency on explicit tracking quality and
can be sensitive to association errors in crowded or heavily
occluded scenes. Javerliat et al. (2025) focuses on self-
calibration and geometric recovery by jointly estimating
camera intrinsics/extrinsics and 3D structure from weak
observations, leveraging robust sampling, temporal consis-
tency, and anthropometric priors to resolve scale and depth
ambiguities. Although these methods demonstrate the fea-
sibility of calibration-free reconstruction, they still rely on
accurate 2D detections, robust cross-view matching, or reli-
able dense semantic correspondences.

2.2 Multi-view 3D Human Pose and Shape
Estimation

As a foundational component of 3D human reconstruction,
estimating pose from multiple views has been extensively
studied (Chen et al., 2024). Early approaches (Chen et al.,
2024) follow a bottom-up pipeline: 2D poses are detected
independently per view and subsequently triangulated or
fitted by kinematic models to recover 3D joint locations.
Such pipelines are highly sensitive to 2D detection noise
and often fail under heavy occlusion or multi-person inter-
action. To mitigate errors introduced during 2D association,
voxel-basedmethods (Luo et al., 2025; Tu et al., 2020) aggre-
gate multi-view features into a unified 3D space and perform
inference directly on volumetric representations, achieving
improved robustness at the cost of substantial computation
andmemory. Transformer-basedmethods further enable end-
to-endmulti-view reasoning. For instance,MvP (Zhang et al.,
2021) leverages learnable joint queries and projective atten-
tion to fuse cross-view geometry, while MV-SSM (Chharia
et al., 2025) introduces state-space modeling to enhance
generalization to unseen camera layouts. Meanwhile, multi-
view human mesh reconstruction has been widely studied,
particularly in controlled environments where intrinsic and
extrinsic camera parameters are known (Furukawa & Ponce,
2009; Hu et al., 2023; Starck & Hilton, 2007). Classical
optimization-based methods extend single-view body mod-
els (e.g., SMPL/SMPL-X (Loper et al., 2023)) by jointly
refining camera poses, keypoints, silhouettes, and mesh
parameters, achieving metrically consistent meshes when
calibration and initialization are reliable (Bogo et al., 2016;
Li et al., 2021). More recent learning-based approaches
aggregate multi-view features to directly regress a coherent
mesh (Baradel et al., 2024).
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2.3 Feed-Forward 3D Reconstruction for Scene and
Humans

Feed-forward 3D reconstruction (Cabon et al., 2025; Elflein
et al., 2025; Jang et al., 2025; Li et al., 2025; Liu et al.,
2025; Wang et al., 2025; Yang et al., 2025) has recently
emerged as an efficient method for predicting dense 3D
structures from images directly, without relying on iterative
optimization. VGGT introduces a feed-forward multi-view
geometry framework that directly predicts camera parame-
ters together with dense geometric outputs (e.g., depth and
point-based 3D representations) from one to many images in
a single forward pass, avoiding expensive test-time optimiza-
tion. Building on this capability, recent works increasingly
treatVGGT-style predictors as a front-end to bootstrap geom-
etry and camera estimates, and then plug these initialization
signals into downstream tasks such as rendering, track-
ing, interaction understanding, or task-specific refinement.
Meanwhile, recent work has begun to reconstruct humans,
cameras, and the surrounding scene in a shared metric coor-
dinate system, rather than treating human mesh recovery and
scene reconstruction as separate problems. HSfM (Müller
et al., 2025) tackles this problem from sparse, uncali-
brated multi-view images by jointly reconstructing human
meshes, the surrounding scene, and cameras, using human
observations to stabilize camera estimation and scene geom-
etry. SynCHMR (Zhao et al., 2024) addresses monocular
videos by combining human motion recovery with a SLAM-
style formulation to estimate metric camera motion, scene
geometry, and a consistent human trajectory in a unified coor-
dinate system. Liu et al. (2025) performs optimization-based
4D human–scene reconstruction from monocular videos by
leveraging human–scene contact constraints to jointly refine
human motion, camera poses, and dense scene geometry,
while its distilled variant JOSH3R (Liu et al., 2025) enables
efficient feed-forward inference trained from JOSH pseudo-
labels. Chen et al. (2025) builds on CUT3R (Wang et al.,
2025) and performs feed-forward human–scene reconstruc-
tion from monocular videos, jointly predicting multi-person
SMPL-X bodies, camera motion, and dense scene geome-
try in a shared world coordinate system.Recently, Rojas et
al. (2025) extends Leroy et al. (2024) with human-aware
heads and performs fully feed-forward reconstruction, and
it predicts dense 3D point maps directly from sparse views,
enabling efficient joint recovery of the scene and people.
Successfully combines feed-forward 3D reconstruction with
joint optimization of the scene and human bodies. In con-
trast, we construct a unified implicit 3D embedding space
that jointly models pose, appearance, and spatial relation-
ships in an end-to-endmanner. This enables direct cross-view
correspondence learning and feature fusion in 3D space, sub-
stantially improving the robustness of multi-human SMPL
reconstruction under unconstrained settings.

3 Method

As shown in Fig. 2, we present a human-aware multi-view
3D reconstruction framework that explicitly maintains and
optimizes a unified 3D feature space as an intermediate rep-
resentation. Instead of reasoning directly in the 2D image
domain or regressing parametric body models from per-view
features, our approach encodes geometric structure, semantic
information, and human identity within this shared 3D space.
This design allows camera calibration, cross-view associa-
tion, and human reconstruction to be addressed jointly in a
feed-forward pipeline. Details of the proposed framework
are described in the following sections.

3.1 Human-Aware Unified 3D Feature Space
Initialization

Directly operating on 2D features is inherently fragile under
occlusions, viewpoint changes, and inter-viewmisalignment.
Whilemulti-viewaggregation alleviates someof these issues,
ambiguity remains when reasoning purely in image space.
We therefore lift image features into 3D and maintain an
explicit spatial representation, allowing information to be
aggregated, filtered, and refined in a geometry-awaremanner,
which naturally mitigates these issues.

3.1.1 Construction of 3D Feature Space

As shown in Fig. 2 (a), given a set of uncalibrated images
{Iv}Vv=1 from V views, we first construct a view-consistent
3D feature tokens:

T = {(pi , fi )}Ni=1 , (1)

where pi ∈ R
3 denotes a 3D location and fi ∈ R

C represents
a learned 3D feature embedding. N is the number of points
and varies with the complexity of the scene.

To initialize the 3D feature space, we employ a pretrained
VGGTmodel (Wang et al., 2025) as a geometry-aware prior.
Given each input image Iv , VGGT predicts a depth map Dv ,
a per-pixel confidence map Cv , a dense feature map Fv and
per-view camera parameters pv:

(Dv,Cv, Fv, pv) = �VGGT(Iv). (2)

Using the predicted depth and camera parameters, each
pixel u ∈ R

2 is unprojected into 3D space:

xv(u) = π−1(u, Dv(u); pv). (3)
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Fig. 2 Overview. Given a set of multi-view unconstrained images, our
method first initializes a 3D space using a geometry-aware prior and
3D Gaussian Splatting (a). To further enhance human prior knowledge
and instance-level discriminability for the 3D representation, spatial

contrastive learning is applied by sampling across different semantic
fields (b). Finally, camera and human representations are jointly opti-
mized within the 3D space and regressed in a feed-forward fashion (c)

Thus, the image features Fv(u) and corresponding confi-
dence weights Cv(u) can be mapped into 3D space.

fv(u) = Fv(u), (4)

cv(u) = Cv(u). (5)

This process yields a dense, view-dependent 3D representa-
tion, but directly operating on it is computationally expensive
and prone to errors from noisy depth estimation and redun-
dant observations. To obtain a more stable and compact
representation, we aggregate neighboring 3D points from
multiple views using a confidence-weighted soft aggregation
scheme, where aggregation weights are computed as

wi j = ci · c j · exp
(

− ‖xi − x j‖2
2σ 2

)
, (6)

where σ is a fixed hyper-parameter controlling the spatial
aggregation range, and the fused point center pi and feature
fi are then defined as

pi =
∑

j w̃i j x j∑
j w̃i j

, fi =
∑

j w̃i j f j∑
j w̃i j

. (7)

In contrast to voxelization (Luo et al., 2025; Zhang et al.,
2022), our representation operates directly on continuous 3D

points using soft spatial aggregation, avoiding explicit dis-
cretization into fixed voxel grids. This formulation is more
flexible with respect to varying scene scales and irregular
point distributions. With the aggregation, the 3D feature
space is view-agnostic and spatially anchored, forming a
robust 3D feature tokens that integrate multi-view evidence
while suppressing noisy or inconsistent observations.

3.1.2 Human-Aware 3D Feature Decoding

Since the 3D features from VGGT only describe geometry
cues, we then explicitly encode human-related semantics into
the 3D feature space. Each fused 3D feature token (pi , fi )
serves as a shared latent representation from which multiple
attributes are decoded. Specifically, a lightweight MLP gθ

maps fi to Gaussian attributes (Kerbl et al., 2023):

(ρi , si ,qi ,hSHi , zi ) = gθ (fi ), (8)

whereρi denotes density, si scale,qi rotation quaternion,hSHi
spherical harmonic coefficients, and zi is a human-related
logit.

The Gaussian opacity is obtained via a bounded mono-
tonic mapping:

αi = ψ(ρi ), (9)
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while the human confidence is defined as

hi = σ(zi ). (10)

Thehumanconfidence is defined at the 3D level rather than
per image. This enables consistent human reasoning across
views and prevents conflicting predictions caused by occlu-
sion or partial visibility in individual images. Moreover, both
geometric, appearance, and semantic attributes are decoded
from the same 3D feature space. This allows the represen-
tation to jointly encode scene structure and human-related
semantics, rather than treating human segmentation as a sep-
arate 2D task.

3.1.3 Initial 3D Space Training

We train the initial 3D space by learning Gaussian param-
eters and the human confidence field, without introducing
instance-level supervision or SMPL regression.

Specifically, each 3D token is associated with a Gaussian
primitive parameterized by its position pi , scale si , rota-
tion qi , opacity αi , and spherical harmonic coefficients hSHi .
Given a camera view v, we render color images by splat-
ting these Gaussians onto the image plane. For a pixel x, the
rendered color is computed as

Îv(x) =
∑
i

ci (x)αiGi (x)
∏
j<i

(
1 − α jG j (x)

)
, (11)

where Gi (x) denotes the projected Gaussian footprint and
ci (x) is the view-dependent color obtained from spherical
harmonics. The photometric reconstruction loss Lrgb super-
vises Gaussian appearance by comparing rendered images
with the input views:

Lrgb =
∑

v

∑
x

∥∥Îv(x) − Iv(x)
∥∥
1, (12)

where Îv denotes the image rendered fromGaussians in view
v.

To supervise human confidence in 3D, we render a soft
human mask by modulating Gaussian opacity with the pre-
dicted confidence:

α̃i = αi · hi . (13)

Rasterizing α̃i yields a per-view human mask M̂v , which is
supervised by available 2D masks Mv using a binary cross-
entropy loss:

Lmask =
∑

v

BCE(M̂v, Mv). (14)

We further introduce a regularization term Lreg to stabi-
lize Gaussian optimization and encourage spatially coherent
human confidence. Specifically, we penalize excessively
opaqueGaussians, regularizeGaussian scales to avoid degen-
erate footprints, and enforce local smoothness of the 3D
human confidence field:

Lreg=λα

∑
i

α2
i+λs

∑
i

‖ log si‖1+λh
∑
i

∑
j∈N (i)

(hi −h j )
2,

(15)

where N (i) denotes the spatial neighbors of token i (e.g.,
within a fixed radius in 3D).

3.2 3D Feature Enhancement with Spatial
Contrastive Learning

The 3D feature space in Sect. 3.1 provides stable anchors but
may lose fine-grained details and lacks explicit instance dis-
criminability. We therefore enhance the 3D token features
and learn instance-discriminative fields with spatial con-
trastive learning by selectively sampling from more human
semantics. Importantly, both enhancement and instance rea-
soning are defined on the shared 3D token field, which
mitigates view-dependent ambiguities from occlusion and
truncation.

3.2.1 Human Semantics Sampling

After initializing the 3D space, the resulting 3D features con-
tain only limited human-related information; therefore, we
further exploit richer semantic cues from the image domain.
Specifically, we adopt ROMP (Sun et al., 2021) features Pv

to provide additional pose information, since they encode
pixel-wise human pose and body structure cues. The appear-
ance cues from DINOv3 (Siméoni et al., 2025) Av are also
utilized. In addition, since the aggregation adjust the point
positions, we further sampling from the VGGT feature maps
Fv .

However, not all 3D tokens require semantic enhance-
ment. We only focus on the tokens with high human
confidence hi , which are more likely to lie on human sur-
faces:

H = {i | hi > τh}, (16)

where τh is a confidence threshold. Restricting the sampling
points toH significantly reduces computational cost and pre-
vents background clutter from contaminating the refinement
process. Tokens outside H retain their original geometric
features and continue to contribute to scene reconstruction.
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Fig. 3 Human points in the 3D space are projected into different semantic fields to obtain features for spatial contrastive learning

For each selected 3D token (pi , fi ) and each camera view
v, we project the 3D position pi onto the image plane:

u(v)
i = π(pi ; pv), (17)

where π(·) denotes the camera projection function defined
by the estimated camera parameters.

To ensure reliable feature sampling, we perform visibility-
aware filtering. A reprojection is considered valid if it
satisfies two conditions: (i) the projected location lies within
image boundaries, and (ii) the projected depth is consistent
with the predicted depth map.

Formally, the visibility indicator m(v)
i is defined as

m(v)
i = I(u(v)

i ∈ �) · I(|z(v)
i − Dv(u

(v)
i )| < ε

)
, (18)

where � denotes the image domain, z(v)
i is the projected

depth of pi in view v, Dv(·) is the predicted depth map, and
ε is a tolerance threshold.

As shown in Fig. 3, by sampling different semantic maps
Pv , Av , and Fv with each valid reprojection point ui , we
then obtain pose, appearance and geometry features Pv(ui ),
Av(ui ), and Fv(ui ).

3.2.2 Cross-Modal Feature Fusion

The sampled features Pv(ui ), Av(ui ), and Fv(ui ) are con-
catenated as g(v)

i and then aggregated across multiple views
to refine the original 3D feature. Each view contributes with
a confidence weight proportional to its visibility:

w
(v)
i = m(v)

i∑
v′ m

(v′)
i + δ

, (19)

where δ is a small constant for numerical stability.
The refined 3D feature is computed via a residual fusion

formulation:

f̃i = fi +
∑

v

w
(v)
i · φ

([fi , g(v)
i ]), (20)

where φ(·) is a lightweight fusion network implemented as
an MLP, and [·] denotes feature concatenation.

This residual design preserves the stability of the origi-
nal 3D representation while selectively injecting high-level
semantic information. Importantly, fusion is performed inde-
pendently for each 3D token, enabling scalable and parallel
refinement.

By selectively sampling and fusing 2D features through
reprojection,we compensate for the insufficient human infor-
mation and enable the refined 3D feature space to better
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align with articulated human structure. Moreover, repeated
reprojection and semantic supervision implicitly enforce
cross-view consistency, allowing the method to naturally
scale to higher-resolution features and additional modalities
without modifying the core architecture.

3.2.3 3D Instance Embedding and Spatial Contrastive
Learning

Based on the refined 3D features, we further learn instance-
aware representations to distinguish multiple humans in the
shared 3D space. For each 3D token, we predict a compact
instance embedding using a lightweight projection head:

ei = hφ(f̃i )

‖hφ(f̃i )‖2
, (21)

where hφ denotes an MLP and �2 normalization enforces
a bounded embedding space. The projection head hφ(·)
is optimized during contrastive learning, while the back-
bone features fi remain fixed. Instance embeddings are only
computed for tokens with high human confidence, which
suppresses background interference and reduces unnecessary
computation.

To learn discriminative embeddings, we adopt a spa-
tial contrastive learning objective that links 3D tokens with
2D instance supervision. Each 3D token is associated with
a Gaussian primitive parameterized by its fixed geomet-
ric attributes (position, scale, rotation, and opacity) and its
instance embedding. During rendering, the instance embed-
ding is treated as the feature carried by the Gaussian and
projected onto the image plane via Gaussian splatting. Geo-
metric parameters are detached during this process to prevent
degenerate solutions.

Formally, the rendered instance embedding map at pixel
x is given by

E(x) =
∑
i

ei αiGi (x)
∏
j<i

(
1 − α jG j (x)

)
, (22)

which softly aggregates contributions from visible 3D tokens
along each viewing ray. This differentiable rendering estab-
lishes a correspondence between 3D tokens and 2D pixels,
allowing instance supervision to be propagated from image
space back to the shared 3D representation.

We apply the same contrastive objective under three
complementary supervision domains: intra-view, cross-view,
and 3D-space contrastive learning. Intra-view contrastive
learning is performed within each image to improve local
instance discrimination and suppress ambiguity caused by
overlapping humans in image space. Cross-view contrastive
learning aligns embeddings belonging to the same person
across different camera views, improving view consistency

and cross-view association robustness. Finally, 3D-space
contrastive learning directly regularizes the shared 3D rep-
resentation after multi-view feature aggregation, enforcing
identity consistency in the unified 3D space. These three
forms of supervision are complementary: intra-view super-
vision improves local separability, cross-view supervision
improves identity consistency across viewpoints, while 3D-
space supervision stabilizes the globally aggregated instance-
aware representation. In all cases, embeddings belonging to
the same person are encouraged to be close, while embed-
dings from different persons are separated. The contrastive
loss is defined as

Lsc = −
∑
i

log
exp(e�

i uyi )∑
k exp(e

�
i uyk )

, (23)

where yi denotes the instance label and uyi is the prototype
embedding of instance y, computed as the mean of embed-
dings assigned to that instance. The same formulation in
Eq. (23) is used in all three settings, differing only in how
instance labels are obtained.

The final spatial contrastive learning loss is defined as a
weighted combination of the three terms:

LSCL = λivLiv
sc + λcvLcv

sc + λ3DL3D
sc , (24)

where λiv, λcv, and λ3D balance the contributions of intra-
view, cross-view, and 3D-space supervision.

By enforcing instance consistency directly in the shared
3D feature space, spatial contrastive learning enables robust
multi-person separation across views and provides instance-
aware 3D tokens for subsequent SMPL regression.

In addition to instance-level contrastive learning, we fur-
ther introduce a semantic contrastive objective on Pv(ui ),
Av(ui ), and Fv(ui ) to improve the consistency of semantic
representations across views. The key observation is that, for
a given person, semantic features extracted from different
viewpoints should remain consistent, even under occlusion
or partial visibility. Such consistency is essential for learn-
ing a coherent 3D feature space that captures both spatial
structure and semantic meaning.

Concretely, we treat the refined 3D features as semantic
descriptors of the underlying 3D tokens. For each human-
related token, its 3D location is projected into multiple
camera views, and only valid projections are selected based
on visibility. Semantic features sampled from different views
but corresponding to the same 3D token and the same identity
are encouraged to be similar, while features associated with
different identities are pushed apart. The contrastive loss is
the same as Eq. (24). This identity-aware contrastive super-
vision is applied directly to semantic features, rather than
instance embeddings.
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By enforcing semantic consistency across views at the 3D
level, the proposed objective improves the model’s ability
to extract stable semantic representations over the entire 3D
space. As a result, the learned features exhibit stronger view
invariance and spatial coherence, which benefits subsequent
SMPL regression.

3.2.4 Training with Spatial Contrastive Learning

During the contrastive learning stage, Gaussian parameters
and the 3D feature tokens continue to be optimized jointly.

The spatial contrastive learning loss LSCL is applied to
both instance embeddings and semantic features sampled via
multi-view reprojection. Instance-level contrastive supervi-
sion encourages 3D tokens belonging to the same person
to share similar embeddings, while separating tokens from
different individuals. In parallel, semantic contrastive super-
vision enforces view-consistent semantic representations for
the same identity across different viewpoints.

Photometric reconstruction loss Lrgb is retained through-
out this stage to preserve geometric consistency and prevent
drift in the underlying 3D structure. By jointly optimizing
geometry, appearance, and contrastive objectives, the model
learns a discriminative and spatially coherent 3D feature
space that supports robust multi-person reasoning.

3.3 SMPL Parameter Regression fromHumanTokens

With the refined 3D representation, we then recover struc-
tured human body models for each person in the scene.
Instead of iterativefitting,we adopt a feed-forward regression
formulation that predicts SMPL parameters directly from the
learned 3D representation.

3.3.1 Person-Token Pooling with Human-GuidedWeighting

Let {(pi , f̃i )}Ni=1 denote the fused 3D tokens, where pi ∈
R
3 is the 3D location and f̃i ∈ R

C is the refined fea-
ture (Sect. 3.2.2). We also obtain a human confidence score
hi ∈ [0, 1] for each token and a pseudo instance label
�i ∈ {0, 1, . . . , P}, where �i = 0 indicates background and
�i = p indicates the p-th person instance.

We first construct a point descriptor by concatenating 3D
features and coordinates, followed by a projection MLP:

di = ψ
([f̃i ;pi ]

) ∈ R
T , (25)

where ψ(·) denotes a lightweight MLP and T is the token
dimension. We then pool a per-person token by confidence-
weighted averaging over all tokens associated with the same
person:

tp =
∑N

i=1 I[�i = p] wi di∑N
i=1 I[�i = p] wi + ε

, wi = hγ

i , (26)

where γ is a hyper-parameter controlling how strongly we
emphasize high-confidence human tokens, and ε is a small
constant. This design effectively suppresses noisy or floating
points by down-weighting low-confidence tokens.

We additionally keep the accumulated weight

sp =
N∑
i=1

I[�i = p] wi , (27)

which serves as a validity indicator for whether person p is
reliably observed and can be used to mask invalid instances
during training.

3.3.2 Feed-Forward SMPL Parameter Regression

Given the pooled person token tp, we regress SMPL param-
eters with a small MLP head:

zp = ρ(tp), (28)

followed by linear predictors for pose, shape, and translation:

θ̂ p = Wθzp, β̂ p = Wβzp, t̂p = Wtzp, (29)

where θ̂ p ∈ R
144 denotes the 6D pose parameters, β̂ p ∈ R

10

denotes the shape coefficients, and t̂p ∈ R
3 denotes the

global translation. Optionally, we also predict a global scale
parameter ŝ p (implemented as a positive scalar via so f tplus)
to compensate for scale ambiguity in monocular or normal-
ized coordinate systems:

ŝ p = softplus(Wszp) + ε. (30)

The regression outputs define an SMPLmesh for each per-
son instance, enabling downstream tasks such as multi-view
rendering, silhouette supervision, and instance-level evalua-
tion without iterative optimization.

3.3.3 Training with SMPL Regression

In the final stage, we train the SMPL regression head while
continuing to optimize the Gaussian representation with
photometric supervision. Given the pooled person tokens
(Sect. 3.3), the network predicts SMPL pose, shape, and
translation parameters for each person instance.

The SMPL regression is supervised using a combination
of 2D reprojection, 3D joint alignment, and silhouette con-
sistency:

Lsmpl = λj2dLj2d + λj3dLj3d + λsegLseg. (31)
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The 2D reprojection loss Lj2d penalizes the discrepancy
between projected SMPL joints and ground-truth 2D key-
points across views. When available, the 3D joint loss Lj3d

directly supervises predicted SMPL joints in 3D space. In
addition, a silhouette loss Lseg is applied by rendering the
predicted SMPL meshes into each view and matching them
with the corresponding human masks, which helps constrain
body extent and resolve depth ambiguities under occlusions.

During this stage, photometric supervisionLrgb is retained
to preserve geometric and appearance consistency of the
Gaussian representation. This joint optimization enables
accurate recovery of structured SMPL parameters from the
instance-aware 3D feature space.

4 Experiments

We evaluate the proposed framework on challenging multi-
view human reconstruction benchmarks under unconstrained
conditions. Our experiments are designed to validate the
effectiveness of maintaining a unified human-aware 3D
feature space, as well as the contributions of reprojection-
based enhancement, spatial contrastive learning, and 3D
token–based SMPL regression.

4.1 Datasets

EgoHumans (Khirodkar et al., 2023) is a multi-camera,
multi-person dataset designed for evaluating human pose
estimation and reconstruction in real-world environments.
It consists of video sequences captured by multiple syn-
chronized cameras, where two to four individuals perform
everyday activities. The dataset covers a wide range of
scene scales and layouts, including both indoor and outdoor
environments, and exhibits frequent inter-person occlusions,
viewpoint variations, and camera placement irregularities.
These characteristics make EgoHumans particularly suitable
for evaluating the robustness of multi-view reconstruction
methods under realistic conditions. Following common prac-
tice, we construct train/test splits at the scene level: for each
scene, one sequence is randomly selected for testing, while
the remaining sequences are used for training.

OcMotion (Huang et al., 2022) is a multi-camera dataset
focusing on single-person motion under severe object-
induced occlusions. It contains diverse everyday activities
where the human body is partially or heavily occluded
by surrounding objects, resulting in incomplete and view-
dependent observations. OcMotion provides a complemen-
tary evaluation setting that emphasizes robustness to dynamic
occlusion and missing visual evidence. For OcMotion, we
follow the official dataset split as defined in the original
benchmark.

4.2 Metrics

We evaluate both human reconstruction accuracy and camera
estimation quality using standard metrics.

For human reconstruction, we report CA-MPJPE
(Camera-aligned MPJPE, meters) first aligns the estimated
camera parameters with the ground-truth camera param-
eters, and then computes MPJPE between the predicted
and ground-truth 3D joints. We additionally report GA-
MPJPE (Procrustes-aligned MPJPE, meters), which aligns
the predicted multi-person configuration with the ground-
truth multi-person layout as a whole, and evaluates the
relative spatial relationships among all individuals. We fur-
ther report PA-MPJPE (Group-aligned MPJPE, meters),
which independently applies Procrustes alignment to each
predicted person and evaluates per-person pose accuracy
for articulated human reconstruction. These metrics together
provide a more comprehensive and interpretable evaluation
of both local pose accuracy and global multi-person spatial
structure.

For camera evaluation, we report AE (angular error) and
s-TE (scale-normalized translation error) to measure rota-
tion and translation accuracy, respectively. We additionally
report s-CCA@10 and AUC@10, which evaluate camera
consistency within a fixed angular threshold. Lower AE and
s-TE, and higher s-CCA@10 and AUC@10 indicate more
accurate and consistent camera estimation.

4.3 Results

We compare our method with representative state-of-the-art
multi-view reconstruction approaches on the EgoHumans
(Khirodkar et al., 2023) and OcMotion (Huang et al.,
2022) dataset. In particular, we include comparison with
HSfM (Müller et al., 2025), a recent framework for jointly
reconstructing people, scene structure, and camera param-
eters from multi-view images. HSfM represents a strong
baseline that integrates geometry and human modeling in
a unified optimization framework.

Tables 1 and 2 report quantitative results onOcMotion and
EgoHumans under different occlusion settings, respectively,
while Table 3 presents camera pose estimation accuracy.

Table 1 reports results on OcMotion, which involves
challenging single-person scenarios with severe object-
induced occlusions. Our method achieves the best CA-
MPJPE and competitive PA-MPJPE, outperforming Multi-
HMR, DMMR and HSfM in global reconstruction accuracy.
Table 2 further evaluates performance on the EgoHumans
dataset under non-severely and severely occluded scenarios.
In particular, we define severe occlusion as the presence of a
subject occluded in more than 50% of the views. All remain-
ing samples are grouped into the non-severely occluded
subset. Across all settings, our method consistently achieves
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Table 1 Quantitative
comparison of multi-view
human reconstruction accuracy
on OcMotion

Method CA-MPJPE ↓ PA-MPJPE ↓
Multi-HMR Baradel et al. (2024) – 0.06

DMMR Huang et al. (2024) – 0.04

HSfM Müller et al. (2025) 0.35 0.05

Ours 0.19 0.04

Bold values indicate the best result for each metric

Table 2 Quantitative comparison of multi-view human reconstruction accuracy on EgoHumans under non-severely and severely occluded settings

Method Non-severely occluded Severely occluded

CA-MPJPE↓ GA-MPJPE↓ PA-MPJPE↓ CA-MPJPE↓ GA-MPJPE↓ PA-MPJPE↓
Multi-HMR Baradel et al. (2024) – 0.85 0.10 – 1.23 0.12

DMMR Huang et al. (2024) – 0.54 0.23 – 0.81 0.20

HSfM Müller et al. (2025) 0.84 0.34 0.08 1.18 0.53 0.13

Ours 0.80 0.21 0.07 0.89 0.28 0.14

Bold values indicate the best result for each metric

strong CA-MPJPE and GA-MPJPE, indicating robust multi-
person spatial reconstruction under complex occlusions.
Compared to Multi-HMR and DMMR, our method better
preserves global spatial consistency, especially under heavy
occlusion where cross-view correspondence becomes highly
ambiguous. HSfM shows competitive inter-person structure
modeling but suffers from larger absolute reconstruction
errors. Overall, our method achieves consistently strong
global reconstruction accuracy while maintaining compet-
itive or superior local pose accuracy across both datasets and
occlusion levels.

As shown in Table 3, our method consistently achieves
substantially lower camera pose errors across all metrics on
both EgoHumans and OcMotion. In particular, the improve-
ments in AE and s-TE indicate accurate estimation of
absolute camera orientation and translation, while the high
s-CCA@10 and AUC@10 scores demonstrate strong cross-
view consistency. These results suggest that maintaining a
unified 3D feature space enables reliable joint reasoning over
camera geometry and scene structure without explicit cali-
bration.

Figure 4 presents qualitative reprojection comparisons.
HSfM tends to prioritize relative spatial relationships
between individuals, which often leads to inaccurate repro-
jection results and visible misalignments in the image
plane. Multi-HMR produces accurate reprojections in the
input views but lacks explicit 3D reasoning, resulting in
inconsistent reconstructions across different viewpoints. In
comparison, our method produces accurate and consistent
reprojections across views, reflecting improved multi-view
coherence and pose estimation.

Finally, we visualize the reconstructed 3D scene together
with the recovered SMPL bodies in Fig. 5. The results show
that our framework is able to reconstruct both scene geome-

try and human bodies in a coherent and physically plausible
manner, further validating the effectiveness of maintaining a
unified human-aware 3D feature space.

4.4 Runtime andMemory Analysis

We further analyze the computational efficiency of the pro-
posed framework under different numbers of input views, and
compare it with a representative optimization-based baseline
HSfM.

Since all components in our framework are implemented
in a feed-forward regression manner, the overall compu-
tational cost is primarily determined by the number of
input frames rather than iterative optimization or test-time
refinement. This makes the proposed method fundamentally
different from optimization-based reconstruction pipelines.

Table 4 reports the runtime breakdown of different
stages in our pipeline, including 3D scene reconstruction,
instance-level human segmentation, and SMPL regression.
Weobserve that the 3D scene reconstruction stage scaleswith
the number of input views due to additional depth estimation
and feature lifting from VGGT. The instance-level human
segmentation stage depends on the number of reconstructed
human-related 3D points and gradually stabilizes as spatial
density converges. The SMPL regression module remains
lightweight and relatively stable across different input sizes.

Overall, although runtime increases with more input
views, the growth is sub-linear rather than strictly propor-
tional, indicating good scalability in multi-view settings. In
contrast, optimization-based methods such as HSfM require
iterative refinement, leading to significantly higher compu-
tational cost as shown in Table 5.

We further report a comparison of runtime andGPUmem-
ory consumption between our method and HSfM. As shown
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Table 3 Quantitative comparison of camera pose accuracy on EgoHumans and OcMotion

Method EgoHumans OcMotion

AE↓ s-TE↓ s-CCA@10↑ AUC@10↑ AE↓ s-TE↓ s-CCA@10↑ AUC@10↑
UnCaliPoseXu and Kitani (2022) 130.68 4.38 0.02 0.23 154.43 4.31 0.01 0.19

HSfMMüller et al. (2025) 29.58 0.77 0.17 0.62 0.97 0.13 0.50 0.80

Ours 0.60 0.03 0.95 0.94 0.36 0.04 0.99 0.94

Bold values indicate the best result for each metric

Fig. 4 Qualitative comparison of multi-view human reconstruction

Table 4 Runtime breakdown (s)
of the proposed method under
different numbers of input
frames

Input frames 1 2 4 8 16 32

3D scene reconstruction 0.099 0.131 0.219 0.382 0.812 1.886

Instance-level human segmentation 0.064 0.184 0.471 0.501 0.501 0.488

SMPL regression 0.046 0.046 0.048 0.052 0.084 0.180

Total 0.209 0.361 0.729 0.936 1.397 2.554

Table 5 Runtime and peakGPUmemory comparisonwithHSfMunder
different numbers of input frames

Method Metric 1 2 4 8

HSfM Time (s) 170 177 199 220

HSfM Mem. (GB) 4.62 5.13 6.29 10.79

Ours Time (s) 0.209 0.361 0.729 0.936

Ours Mem. (GB) 8.26 8.72 11.20 15.82

in Table 5, our approach achieves substantially lower runtime
while maintaining comparable or higher memory efficiency
under increasing numbers of input views. This demonstrates
that the proposed framework provides a favorable trade-off
between reconstruction accuracy and computational effi-
ciency in multi-view scenarios.

4.5 Cross-View Association Evaluation

To further evaluate the quality of cross-view instance associ-
ation, we further apply the AIDP (Gan et al., 2021) metrics

for cross-view association evaluation. AIDP evaluates the
precision of subject association across views by comput-
ing pairwise identity matching accuracy over all view pairs
and averaging the results. This metric directly reflects the
consistency of instance-level correspondence in multi-view
settings.

We first compare our method with HSfM under this eval-
uation protocol. In addition, to further examine whether
geometric cues alone are sufficient for reliable association,
we construct a VGGT-based Pose-Aware ReID baseline.
Specifically, given detected human bounding boxes, we
extract keypoint predictions and confidence scores from
VGGT, and perform confidence-weighted aggregation to
obtain compact pose-centric descriptors. Cross-view identity
association is then performed via nearest-neighbor matching
based on Euclidean distance.
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Fig. 5 Qualitative results of the proposed method on EgoHumans and OcMotion. We visualize the reconstructed 3D scene together with the
recovered SMPL bodies from multiple views. The results demonstrate that our method produces spatially coherent human reconstructions

Table 6 Cross-view instance association evaluation usingAIDPmetric.
Higher is better

Method AIDP ↑
HSfM Müller et al. (2025) 75.68

VGGT-based Pose-Aware ReID 82.02

Ours 98.54

Bold values indicate the best result for each metric

As shown in Table 6, our method achieves the highest
AIDP score, outperforming bothHSfM and theVGGT-based
baseline. This indicates that geometry- or pose-based heuris-
tics can provide reasonable cues for association, but remain
limited under challengingmulti-view conditions. In contrast,
our spatial contrastive learning explicitly enforces instance-
level consistency in the unified 3D feature space, leading to
more robust cross-view identity alignment.

4.6 Ablation Study

4.6.1 Architecture Ablation

We conduct ablation studies on EgoHumans to analyze the
contributions of key components in the proposed framework.
In particular, we investigate how different design choices
affect multi-view human perception, instance consistency,
and SMPL regression from the unified 3D feature space.

Specifically, we consider the following variants. w/o uni-
fied 3D feature space removes explicit 3D perception and
directly regresses human bodies from per-view 2D feature
maps.w/o reprojection enhancement disables reprojection-
based pose feature sampling and regresses SMPL parameters
solely from the initial 3D feature space containing geomet-
ric cues. w/o SCL removes spatial contrastive learning and
aggregates features based on 2D instance segmentation with-
out enforcing instance consistency in 3D.

Table 7 summarizes the ablation results. Removing the
unified 3D feature space leads to a significant performance
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drop. Without explicit 3D perception, the model relies solely
on view-dependent 2D features, which are highly sensitive to
occlusion and viewpoint variation.As a result, it becomes dif-
ficult to associate observations of the same individual across
views, leading to degraded reconstruction accuracy.

Disabling reprojection-based enhancement also degrades
performance. In this setting, SMPL parameters are regressed
only from the initial 3D feature space that mainly encodes
geometric information.Without injecting pose-related image
features via reprojection, optimization becomes more dif-
ficult and convergence is less stable, resulting in inferior
reconstruction quality.

Removing spatial contrastive learning further impacts
performance. When instance consistency is enforced only
through 2D instance segmentation, feature aggregation
becomes vulnerable to segmentation noise and view-
dependent errors. This leads to contaminated 3D features and
reduced robustness, especially in the presence of occlusion
and clutter.

4.6.2 Robustness to Geometry Initialization

To further evaluate the robustness of our framework to geom-
etry initialization, we replace the VGGT backbone with
AnySplat (Jiang et al., 2025), a representative geometry-
aware reconstruction method that provides depth and camera
priors with Gaussian Splatting-based refinement.

Both VGGT and AnySplat are geometry-aware recon-
struction pipelines that produce compatible initializations
of depth, features, and camera parameters, making them
suitable for evaluating the sensitivity of our framework to
different geometry backbones. Unlike VGGT, which directly
predicts geometry and feature representations, AnySplat
introduces an additional rendering-based refinement stage,
resulting in slightly different camera and point cloud qual-
ity. Nevertheless, both methods share a similar underlying
geometry foundation, allowing a fair comparison of back-
bone robustness.

As shown in Table 8, the performance remains highly con-
sistent under both initialization strategies, with onlymarginal
differences across all evaluation metrics. This indicates that
our method is largely robust to the choice of geometry initial-
ization. The results further suggest that our method is robust
to the choice of geometry initialization, and benefits primar-
ily from the unified 3D feature representation and spatial
contrastive learning.

4.6.3 Analysis of 3D Human Awareness

The limitations of relying solely on 2D instance segmentation
furthermotivate a deeper analysis of humanperception in 3D.
Although 2D segmentation-based aggregation can achieve
high coverage and include most human-related features, it

exhibits structural weaknesses when applied to multi-view
3D reconstruction.

In practice, segmentation errors near object boundaries
and occlusion regions are common. When such masks are
lifted into 3D, these inaccuracies lead to enlarged selection
regions and ray-like leakage into the background, contam-
inating the aggregated 3D features. Moreover, 2D instance
segmentation does not naturally provide consistent instance
identities across views. Associating masks belonging to the
same person from different viewpoints requires additional
cross-view matching, which is highly sensitive to occlusion,
truncation, and segmentation noise. Inconsistent instance
assignments across views further degrade feature aggrega-
tion and undermine multi-view coherence.

These observations indicate that accurate human percep-
tion in multi-view settings cannot be reliably achieved by
inheriting instance information from 2D segmentation alone.
Instead, human awareness and instance consistency should
be learned directly in the shared 3D feature space, where
multi-view observations can be aggregated and regularized
in a geometry-aware manner. In the following, we further
validate this design choice.

On a single-person setting with per-view masks and
ground-truth SMPL models, we compare the proposed
learned 3D human confidence with a non-learned baseline
that fuses 2D masks into 3D via visibility-aware averaging.
Ground-truth human labels for 3D tokens are derived based
on their distance to the SMPL surface.

Table 9 reports token-level Precision,Recall, F1 score, and
PR-AUC. The 2D mask fusion baseline achieves very high
recall but suffers from extremely low precision, indicating
severe background leakage. In contrast, the learned 3D con-
fidence substantially improves precision and F1 score while
maintaining competitive recall, and achieves a significantly
higher PR-AUC, demonstrating better global separability and
calibration.

Figure 6 provides qualitative evidence. Directly lifting 2D
masks into 3D introduces ray-like artifacts and background
noise around occlusion boundaries, whereas the learned 3D
confidence yields a spatially compact and coherent human
region. These results indicate that human awareness is not
merely inherited from 2D segmentation, but emerges as a
spatially consistent property learned in the unified 3D feature
space, forming a reliable foundation for subsequent human-
guided modules.

5 Conclusion

In this paper, we presented a novel feed-forward framework
for multi-view multi-person 3D reconstruction. Departing
from conventional pipelines that rely on view-dependent
2D reasoning or tightly coupled optimization, our method
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Table 7 Ablation study on key
components of the proposed
framework on EgoHumans

Method CA-MPJPE↓ GA-MPJPE↓ PA-MPJPE↓
w/o unified 3D feature space 3.12 3.28 2.53

w/o reprojection enhancement 1.28 1.42 1.74

w/o SCL 1.94 0.49 0.37

Ours 0.95 0.30 0.18

Table 8 Robustness to
geometry initialization

Geometry initialization CA-MPJPE↓ GA-MPJPE↓ PA-MPJPE↓
w/ AnySplat Jiang et al. (2025) 1.02 0.37 0.19

VGGT (default) 0.95 0.30 0.18

We compare VGGT-based initialization with an alternative AnySplat-based initialization

Fig. 6 Qualitative comparison of 3D human confidence fields. While
2D mask fusion covers most human regions, it introduces substantial
false positives in background andoccluded areas. In contrast, the learned

3D confidence produces a spatially compact and clean human region
with significantly reduced background noise

Table 9 Comparison between learned 3D human confidence and 2D
mask fusion on the single-person dataset

Method Precision ↑ Recall ↑ F1 ↑ PR-AUC ↑
2D mask fusion 0.420 0.989 0.590 0.006

Ours (3D learned) 0.886 0.825 0.855 0.863

Evaluation is performed at the token level using ground-truth SMPL
supervision
Bold values indicate the best result for each metric

explicitly maintains a shared 3D representation where geom-
etry, semantics, and human identity are jointly encoded and
progressively refined. By initializing the 3D space with a
geometry-aware prior and 3D Gaussian representation, the
framework establishes stable spatial anchors under uncon-
strained camera settings. Building upon this foundation,
spatial contrastive learning enhances the discriminability
and consistency of the 3D features by leveraging multi-
view semantic cues, enabling robust multi-person separation
and cross-view association in the presence of occlusion and
partial visibility. Structured human body models are then
recovered in a feed-forward manner directly from instance-
aware 3D tokens, avoiding iterative fitting and allowing
camera parameters and human representations to be jointly
optimized. Extensive experiments on challenging multi-

view benchmarks demonstrate that the proposed approach
achieves competitive or superior human reconstruction accu-
racywhile significantly improving camera estimationquality.

While the presentwork focuses on staticmulti-view recon-
struction, the proposed framework can be naturally extended
to 4D dynamic settings by incorporating temporal associa-
tion of 3D tokens across sequential frames. In particular, the
instance-aware 3D representation provides a structured and
identity-consistent basis that can naturally support temporal
correspondence, enabling potential extensions to articulated
motion and moving-camera scenarios. We further note that
the current formulation does not explicitly model temporal
evolution, and therefore future work may explore temporal
update mechanisms such as token propagation, merging, and
splitting within the same 3D Gaussian representation.

We also acknowledge that our framework relies on VGGT
as a geometry-aware foundation model for initializing depth,
features, and camera parameters. While VGGT provides
strong generalization for constructing the initial 3D feature
space, its performance is not perfect and may be limited
in cases of large viewpoint gaps, low-texture regions, or
challenging depth discontinuities, which can affect down-
stream reconstruction quality. Nevertheless, our method is
not tightly coupled to VGGT itself and operates on the
constructed 3D feature representation. Therefore, it can be
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naturally integrated with alternative or improved geometry
foundation models in future work.

We believe that extending the framework toward full
4D reconstruction and improving robustness under more
challenging geometry initialization remain important and
promising directions for future research.
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