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Figure 1. Comparison of 3D reconstruction pipelines. Unlike pure RGB or RGB-D methods, GeoHand extracts
high-fidelity spatial priors from a foundational monocular geometry model to recover accurate 3D hands under severe
occlusions. The right panel contrasts depth maps from localized hand crops (third row), the actual input format for
GeoHand, highlighting that our prior yields noise-free, smoothly interpolated depth even on tight crops, bypassing

missing values typical of raw sensor data.

Abstract

Monocular 3D hand reconstruction is intrinsically a ge-
ometric problem, yet RGB appearance features alone of-
ten struggle to resolve severe ambiguities caused by self-
occlusions and hand-object interactions. While introduc-
ing depth can explicitly provide spatial cues, raw sensor-
captured depth maps are extensively noisy and incomplete,
limiting their usefulness for fine-grained hand reconstruc-
tion. To bridge this gap, we propose GeoHand, a novel
framework that unlocks high-quality geometric priors from a
frozen foundational monocular geometry estimator (MoGe?2).
Recognizing that these priors are oriented toward general
scenes, we introduce a map-level GeoAdapter to recalibrate
the spatial features, specifically adapting them for detailed
hand reconstruction. Furthermore, to systematically inte-
grate these adapted priors without overwhelming intrinsic

RGB appearance cues, we employ a gated cross-modal token
fusion strategy. Finally, to secure precise local articulation,
we design a Keypoint-Queried Iterative Refiner (KQIR) that
uses projected joint locations to query geometry-aware im-
age features for spatial correction. By combining global
geometric disambiguation with local refinement in a unified
pipeline, GeoHand achieves state-of-the-art performance on
FreiHAND, DexYCB, and HO3Dv3, especially under severe
occlusions and hand-object interactions.

1 Introduction

Recovering the 3D pose and shape of human hands from
a single RGB image is a fundamental and longstanding chal-
lenge in computer vision. Accurate 3D hand reconstruction
serves as the cornerstone for numerous downstream applica-
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tions, ranging from immersive augmented and virtual reality
(AR/VR) experiences to sophisticated human-computer in-
teraction (HCI) and embodied robotics. Unlike rigid objects,
the human hand is highly articulated with numerous degrees
of freedom. Consequently, estimating 3D hand parameters
from a 2D projection is intrinsically ill-posed. A single
RGB image provides minimal evidence regarding metric
depth, global scale, and the complex topological relation-
ships of self-occluded fingers [1, 2, 3, 4]. This inherent
depth ambiguity and widespread self-occlusion make the
precise reconstruction of 3D hand meshes a substantially
more formidable task than 2D keypoint localization.

A dominant paradigm in recent years has focused on im-
proving monocular reconstruction by scaling up the capacity
of Transformer backbones, designing more sophisticated de-
coders, or leveraging massive amounts of training data. Early
pioneering approaches attempted to directly regress the para-
metric MANO model [5, 6, 7, 8] using convolutional neural
networks [9, 10, 11] or large-scale synthetic data generation
[12]. To capture the complex non-linear mapping between
2D pixels and 3D meshes, subsequent methods introduced
graph convolutional networks [13, 14, 15, 16] and attention-
based architectures [17]. Most recently, the advent of vision
transformers (ViTs) [18, 19, 20] has sparked a paradigm shift.
Models such as HaMeR [3] and WiLoR [21] utilize large-
scale transformer backbones to capture long-range visual
dependencies [22, 23, 24], while SimpleHand [25] shows
that carefully designed token generation can achieve a strong
accuracy—efficiency trade-off. Despite these impressive algo-
rithmic strides, the core bottleneck remains: these methods
force the backbone to infer 3D geometry implicitly from 2D
appearance cues alone.

To mitigate the geometric ambiguity of RGB-only in-
puts, an alternative line of research explores multi-modal
or geometry-aware reasoning. Utilizing auxiliary signals,
such as depth maps or IMU measurements, has historically
been the most direct way to resolve scale and occlusion
ambiguities [26, 27, 28]. However, explicit multi-modal
pipelines face two practical challenges. First, they heavily
depend on the availability of paired multi-modal datasets
(e.g., synchronized RGB-D), whose large-scale acquisition
is restricted by high construction costs [29, 30, 31]. Further-
more, requiring explicit multi-modal inputs during inference
limits general deployment. Second, their fusion strategies
[32, 33, 34] typically entail highly intricate point-cloud or
volumetric alignment, which complicates optimization. The
recent evolution of foundational monocular depth and geom-
etry estimators provides a promising avenue to bypass these
hurdles. General-purpose models such as Depth Anything

[35] and MoGe?2 [36] exhibit a remarkable ability to extract
dense, metric-scale 3D geometric structures directly from
a single RGB image. Crucially, as illustrated in Figure 1,
the geometric representations of MoGe2 exhibit pronounced
advantages over raw depth sensors even in localized hand
crop scenarios. This capability raises a critical question: Can
we seamlessly inject these powerful, frozen geometric priors
into a hand reconstruction pipeline without compromising
the simplicity of RGB-only inference?

In this paper, we answer this question by proposing Geo-
Hand, a framework that unlocks prior geometry knowledge
for monocular 3D hand reconstruction. GeoHand preserves
the standard single-RGB input pipeline but systematically
enriches the internal representation using a frozen monocular
geometry model (MoGe2). Recognizing that naively con-
catenating geometry tokens often leads to feature misalign-
ment, we introduce a lightweight, map-level GeoAdapter.
This module adaptively recalibrates intermediate geometry
feature maps before tokenization. The resulting geometry
tokens are then integrated into the primary transformer back-
bone via a gated cross-modal token fusion strategy.

A key challenge remains, however: global geometric pri-
ors can reduce coarse depth ambiguity, but reconstruction
errors in hand meshes are often concentrated at highly articu-
lated local structures such as fingertips and inter-finger occlu-
sions. To address this, we introduce a Keypoint-Queried Iter-
ative Refiner (KQIR). Rather than acting as an isolated post-
processing block, KQIR explicitly builds on the geometry-
aware image representation produced by GeoAdapter and
token fusion. It uses the current 3D joints as structured
queries to retrieve local evidence from geometry-aware fea-
tures, thereby translating global geometric disambiguation
into targeted local articulation correction.

In summary, our contributions are summarized as follows:

* We propose GeoHand, a novel monocular hand recon-
struction framework that effectively unlocks prior geom-
etry knowledge, bridging the gap between RGB-based
appearance features and foundational spatial priors.

* We introduce GeoAdapter with a gated token fusion
mechanism to adaptively extract and align frozen ge-
ometry features, together with a lightweight Keypoint-
Queried Iterative Refiner (KQIR) that exploits these
geometry-aware features for local joint refinement.

¢ Extensive evaluations on FreiHAND, DexYCB, and
HO3Dv3 demonstrate that GeoHand achieves state-of-
the-art reconstruction performance. In particular, our
model excels under heavy object-induced occlusion, de-
spite using an order of magnitude less annotated data
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than concurrent massive-scale paradigms on the chal-
lenging HO3Dv3 benchmark.

2 Related Work
2.1 Monocular RGB Hand Reconstruction

The pursuit of estimating 3D hand posture from a single
RGB image has historically been divided into model-free
and model-based approaches. While model-free methods
regress 3D joint coordinates directly [37, 38, 39, 40], model-
based works regress parametric models like MANO [5] to
ensure anatomical plausibility [9, 41, 42]. Architectures
have evolved from ResNets to graph convolutional networks
[15, 13, 43, 44] and disentangled representation learning
frameworks [45]. Other techniques explore dense pixel-to-
surface mappings [46, 47] or probabilistic continuous dis-
tributions [48]. Recently, models such as MobRecon [2],
HandOccNet [49], H20ONet [50], HaMeR [3], and WiLoR
[21] leverage ViTs to establish long-range spatial correla-
tions, significantly improving robustness in highly occluded
in-the-wild images. However, these RGB-only transformers
fundamentally rely on appearance cues to infer 3D depth
variations implicitly for hand pose estimation.

2.2 Multi-Modal and Geometry-Aware Methods

To alleviate the inherent ambiguity of RGB imagery, in-
corporating explicit 3D spatial information has proven highly
effective. Depth maps provided by RGB-D sensors offer
direct geometric observations [26, 51]. In hand-object inter-
action scenarios, leveraging object geometry as an explicit
constraint has been thoroughly explored in DexYCB [27]
and HO3Dv3 [28], along with large interacting-hand datasets
such as InterHand2.6M [52], H20 [53], Oaklnk [54], and
DexGraspNet [55]. Multi-modal fusion frameworks have
utilized diverse signals spanning physical contacts [56, 57],
point clouds [32, 58], event cameras [59], and cross-modal
autoencoders [60].

However, these systems heavily depend on the avail-
ability of paired multi-modal annotations during training.
This dependence limits algorithmic generalizability, as large-
scale hardware-captured datasets are notoriously difficult
to construct. Furthermore, as illustrated in Figure 1, raw
sensor depth frequently suffers from noise and missing val-
ues, which undermines its reliability for reconstructing fine-
grained hand structures. At inference time, requiring ex-
plicit multi-modal inputs also necessitates calibrated auxil-
iary sensor deployment, while their explicit fusion strategies

are often algorithmically intricate and unstructured. Geo-
Hand circumvents both the rigorous demands of multi-modal
data collection and the complexity of cross-modal alignment.
By extracting high-fidelity geometric priors entirely from
monocular RGB images, GeoHand unlocks robust structural
guidance without sacrificing the flexibility and accessibility
of RGB-only inference.

2.3 Monocular Geometry Priors for 3D Vision

Estimating depth and surface normals from a single RGB
image is a cornerstone of scene understanding [61]. This
paradigm has recently expanded rapidly with foundational
models like Depth Anything [35], diffusion-based estimators
like Marigold [62], and general spatial representation models
like MoGe [63] and MoGe2 [36]. While these priors have
revolutionized broad scene reconstruction, their application
to articulated hand mesh recovery remains underexplored.
Naively appending depth maps typically yields suboptimal
results due to domain gaps between general scene scales and
fine-grained hand articulations [64, 65]. GeoHand addresses
this gap by moving beyond pixel-level depth fusion. Instead,
we extract intermediate structural features from a frozen
MoGe?2 backbone and adapt them using GeoAdapter. By
employing lightweight convolutional recalibration, GeoAd-
apter explicitly isolates and aligns hand-specific geometric
structures from general backgrounds. The adapted seman-
tic geometry features are then systematically fused at the
compact 1D token level.

3 Method
3.1 Overview of the Architecture

Given a cropped RGB image I € R3*#*W  GeoHand
predicts MANO pose parameters 6, shape parameters 3,
and weak-perspective camera parameters ¢, which are then
decoded into 3D joints J and mesh vertices V. In our im-
plementation, the input is resized to 256 x 192, yielding a
16 x 12 patch grid. Specifically, the RGB branch uses an
embedding module in a ViT-L transformer to extract spatial
tokens:

X, g, = PatchEmbed(I) + Py, € RPXN*P (1)

where B is the batch size, IV is the number of patch tokens,
and D is the token dimension.

As shown in Fig. 2, GeoHand computes visual features
in parallel with a frozen MoGe2 geometry estimator. Given
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Figure 2. Overall pipeline of GeoHand. The network extracts parallel appearance tokens and prior geometry features
(adapted via GeoAdapter). These are integrated using a gated cross-modal token fusion strategy. Finally, a MANO
decoder predicts a coarse mesh, which is subsequently refined using the Keypoint-Queried Iterative Refiner (KQIR).

the processed image I, we extract an intermediate geometry
feature map directly from the foundational geometry model:

ngxév:g(i) ERBXCQXHQXWQ, )
where G denotes the frozen geometry network and Cj is
its output channel dimension. These two streams establish

the appearance and geometry representations required for
downstream alignment.

3.2 Geometry Tokenization via GeoAdapter

Raw geometry features from general scenes exhibit a
domain gap when applied directly to localized finger struc-
tures. We therefore employ a spatial-domain GeoAdapter
to recalibrate these geometry features before they are col-
lapsed into 1D sequences. Using a lightweight stack of 1 x 1
and 3 x 3 convolutions (with GroupNorm and GELU), the
adapter predicts an augmenting side feature:

Foae = A(Fgy) € R7X O oo, @)

This side feature is concatenated with the raw map along the
channel dimension to form the adapted representation:

F2'¢ — Concat [F;‘& Fside} . Oy

geo

The augmented geometry map is then aligned to the ViT
feature layout: it is pooled to the RGB patch grid (H,,, W},)
and projected to the hidden token dimension D. After flatten-
ing and adding learnable grid-coordinate embeddings P,
we obtain:

Xgeo = Flatten(Convy 1 (Pool(F228))) 4+ Pgeo.  (5)

geo

3.3 Gated Cross-Modal Token Fusion

Directly merging geometry and RGB tokens can degrade
performance when the geometry model is uncertain under
motion blur or out-of-distribution conditions. We therefore
introduce a gated residual token fusion layer. For each token,
we first compute the residual shift by projecting the concate-
nated RGB and geometry tokens back into the appearance
token space:

geo

(6)

where Proj is implemented as a two-layer Multi-Layer Per-

ceptron (MLP) mapping the concatenated features back into

the appearance token space constraint. We then apply a

learnable gate g to control how much geometry information
is injected:

Ax() = Proj([LayerNorm(xig)); LayerNorm (x(?) )])

Xgl)se = Xl(rzg)b + Slngld(g) . Ax(i). (7)
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The fused tokens Xy, s are processed by the remaining
backbone blocks B and reshaped into a geometry-aware
image feature map:

Fimg = Reshape(B(Xpuse)) € RE*P*HpxWe - (3)

This feature map is the unified geometry-aware representa-
tion used by the downstream decoder and refiner.

3.4 MANO Decoding with KQIR Refinement

The feature map F',,o is first consumed by a transformer-
based MANO decoder, which predicts a coarse hand esti-
mate:

(VO 3©) = MaNO(8?, 810). ©9)

While token fusion largely resolves global depth ambi-
guity, errors often persist in highly articulated local regions,
such as self-occluded fingertips and complex contact bound-
aries. Because 2D appearance in these areas is heavily ob-
scured, the spatial estimations of coarse joints often exhibit
high positional uncertainty. To recover precise local artic-
ulations, it is essential to iteratively correct the geometric
evidence surrounding these uncertain areas. We therefore
introduce the Keypoint-Queried Iterative Refiner (KQIR),
which explicitly utilizes the current coarse 3D joint pre-
dictions as localized queries to retrieve fine-grained spatial
evidence from the unified geometry-aware feature map.

At refinement step ¢, the current 3D joints are projected
onto the 2D plane as U~V = I[(J*~1, c(*=1)), For each
joint j, we construct a structured query using its current 3D
position and projected 2D coordinate:

J J

ol = MLP([@{ Ul Y] eRE. (10)

(t)
joint €
1. To apply cross-attention, we flatten the image
c RB XNxD

Stacking all joints yields the query matrix Q
RB x21xd,
feature map into tokens X, = Flatten(Fing)
and linearly project them to keys and values:

Kimg = XimgWK7 Vimg = XimgWVa (11)

where W i, Wy, are learnable projection matrices. Cross-
attention between the structured joint queries and image
tokens is then computed as:

H® = CrossAttn(Q'")

joint?

Kimga Vimg)~ (12)

The attended joint features predict residual parameter up-
dates via an MLP:

(A6W, AR, AcW) = MLP,;(HY).  (13)

By adding these predicted residuals to the estimates from
the previous step (¢ — 1), we obtain the updated parameters
(0, BM c(®). These parameters are then directly decoded
by MANO into the refined geometry:

(VO 30y = MANO(8), 31). (14)

After T refinement steps, the final prediction is (V,J) =
(VT 31,

In essence, GeoAdapter and token fusion inject prior ge-
ometry to reduce global ambiguity, while KQIR uses the
resulting geometry-aware features to refine local joint con-
figurations precisely where errors persist.

3.5 Training Objectives

Recent top-performing frameworks, such as HaMeR [3]
and WiLoR [21], typically rely on adversarial training by
introducing an auxiliary discriminator network to ensure
that the predicted MANO parameters form an anatomically
plausible hand. However, adversarial optimization on 3D
manifolds is notoriously unstable, requires intensive hyperpa-
rameter tuning, and heavily complicates the training process.
GeoHand deliberately bypasses this adversarial paradigm.
Instead, we constrain the geometric solution space and ex-
plicitly enforce physical plausibility through deterministic
structural and parametric loss formulations (e.g., explicit
bone-length and dense vertex constraints). This strategy
heavily reduces the optimization difficulty while still guard-
ing against irregular articulations.

The overall training objective is a weighted summation
of eight carefully designed loss components. These com-
ponents are conceptually grouped into three categories: 2D
image observation alignment, 3D structural constraints, and
MANO parameter regularizations:

Etotal = )\2D£2D + )\SD,jointE?)D,joint + )\boneﬁbmm
+ )\Uertl:vert + /\global‘cglobal

+ )\poseﬂpose + Abetasﬁbetas + AsI"LatpeACshape-
(15)

2D Image Alignment. To strictly align the reconstructed
hand with image observations, Lop calculates the L dis-
tance between the projected 3D joints (via the predicted
camera) and the ground-truth 2D coordinates.

3D Structural Constraints. Acting as an explicit geomet-
ric prior, this group enforces physical validity. L3p_joint
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computes root-relative 3D joint distances, assigning 2.5x
weight to fingertips for challenging terminal articulations.
Lipone constrains skeletal segment lengths to prevent unreal-
istic stretching. L, extends structural supervision to the
dense surface by minimizing L, distance on root-aligned
MANO vertices.

MANO Parameter Regularizations. To stabilize outputs
within the MANO space, Lgiobats Lpose> and Lpetas align
the predicted global orientation, pose rotations, and shape
betas with the ground truth via a Smooth-L; loss. Crucially,
Lshape regularizes the Ly norm of the shape vector 3 to
actively prevent unbounded amplitude inflation and out-of-
distribution hand thickness.

Detailed mathematical formulations and the exact empir-
ical weights for all eight components are provided in the
Appendix.

4 Experiments
4.1 Datasets and Metrics

We evaluate GeoHand on FreiHAND [1], DexYCB [27],
and HO3Dv3 [28]. These benchmarks cover monocular
hand reconstruction, severe object occlusion, and complex
hand-object interactions. Following standard practices, we
report standard benchmark metrics including PA-MPJPE,
MPJPE, PA-MPVPE, MPVPE, and F-scores (Detailed in the
Appendix).

4.2 Implementation Details

The geometry branch in GeoHand extracts frozen MoGe?2
neck features, which are enhanced by GeoAdapter (128 side
channels, depth 2) before tokenization. The GeoTokenizer
pools the augmented geometry map to a 16 x 12 layout
and projects it to 1280-dimensional tokens. The MANO
decoder uses 6 layers and 3 IEF iterations, followed by a
KQIR refiner with 2 steps. Models are trained with AdamW
[66] using PyTorch [67] for 60 epochs (base LR 2 x 1072,
batch size 64).

During inference, we employ the pre-trained hand detec-
tor from WiLoR [21] to extract bounding boxes. It is critical
to highlight the vast differences in training data scale across
compared methods. Recent state-of-the-art models including
HaMeR [3], WiLoR [21], Hamba [68], and HandOS [69]
all utilize a massive unified dataset comprising over 2.7 mil-
lion images curated by HaMeR. In contrast, our mixed-data

Table 1. Comparison on DexYCB.

PA- PA-

Method MPJPE| MPIPE| MPVPE| MPVPE|
MobRecon [2] 6.4 14.2 5.6 13.1
HandOccNet [49] 5.8 14.0 5.5 13.1
SimpleHand [25] 5.5 12.4 55 12.1
MaskHand [70] 5.0 11.7 4.9 11.2
HandOS [69] 5.2 - 5.0 -
GeoHand (Ours) 5.0 7.4 4.7 7.1

Table 2. Comparison on HO3Dv3. * denotes using
mixed training data

PA- PA-
Method MPJPE| MPVPE, F@5T F@157
SPMHand[71] 8.8 8.6 0.574 0.962
MaskHand* [70] 7.0 7.0 0.663 0.984
Hamba* [68] 6.9 6.8 0.681 0.982
HandOS [69] 8.4 8.4 0.584 0.962
HandOS* [69] 6.8 6.7 0.688 0.983
GeoHand (Ours) 7.4 7.1 0.654 0.980
GeoHand* (Ours) 6.7 6.4 0.697 0.987

model, denoted as GeoHand", is trained solely on a smaller
compilation of Dex-YCB, HO3Dv3, and FreiHAND. For the
challenging HO3Dv3 evaluation, this constitutes an order
of magnitude less data (~10x fewer samples), yet Geo-
Hand achieves superior robustness, underscoring the data
efficiency unlocked by geometry priors.

4.3 Comparison with State of the Art

Tables 1, 2, and 3 present quantitative comparisons be-
tween GeoHand and recent leading frameworks, including
MobRecon [2], SimpleHand [25], HaMeR [3], WiLoR [21],
MaskHand [70], and HandOS [69].

Results on DexYCB. The advantages of GeoHand are es-
pecially pronounced on DexYCB, which features complex
hand-object interactions and severe depth ambiguity. As
reported in Table 1, GeoHand dramatically reduces the abso-
lute errors, achieving an MPJPE of 7.4 mm and an MPVPE
of 7.1 mm, vastly outperforming previous methods such as
MaskHand (11.7 mm MPJPE) and SimpleHand (12.4 mm
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MPJPE). Furthermore, it establishes a new state of the art in
Procrustes-aligned metrics with a PA-MPJPE of 5.0 mm and
a PA-MPVPE of 4.7 mm. This significant margin verifies
that while RGB-only transformers struggle to recover metric
depth during object grasping, GeoHand’s frozen monocular
geometry prior effectively resolves global scale and root-
relative depth directly from the image plane.

Results on HO3Dv3. HO3Dv3 presents the greatest chal-
lenge, with massive self-occlusion and truncation caused by
manipulation. As demonstrated in Table 2, our mixed-data
trained model, GeoHand*, achieves top-tier results with a
PA-MPIJPE of 6.7 mm, a PA-MPVPE of 6.4 mm, and an F@5
score of 0.697. Notably, this improvement is not only due
to better global geometry estimation. Once geometric priors
are injected, KQIR further uses them to refine uncertain fin-
gertip and inter-finger regions by querying geometry-aware
features around projected joints. This combination allows
our method to outperform contemporary massive-data mod-
els such as HandOS and Hamba.

Results on FreiHAND. As shown in Table 3, GeoHand
achieves highly competitive performance on FreiHAND with
a PA-MPJPE of 5.1 mm and an F@15 score of 0.993. While
it marginally trails HandOS [69] by 0.1 mm on PA-MPJPE,
this behavior aligns directly with the dataset’s composition.
FreiHAND primarily consists of clean, single-hand images
with minimal background clutter and no external object oc-
clusion. In such scenarios, the explicit metric depth and
global geometry clues provided by MoGe?2 yield diminish-
ing returns compared to highly occluded interactive scenes.
HandOS, which tightly couples a generalized object detector
with pose estimation within a strictly supervised end-to-end
framework, specifically excels at extracting structural fea-
tures on unoccluded single hands. Nevertheless, the metric
indicates that our decoupled geometry priors still comple-
ment appearance features effectively, allowing GeoHand to
match or outperform other recent robust architectures like
WiLoR and HaMeR without specific bounding-box align-
ments.

4.4 Qualitative Results

To visually demonstrate the superiority of our approach,
we select HaMeR [3] and WiLoR [21] for visualization, as
they are highly representative state-of-the-art transformer-
based monocular frameworks with robust open-source
weights.

Table 3. Comparison on FreiHAND.

PA- PA-
Method MPJPE| MPVPE, F@51 F@15%
MobRecon [2] 5.7 5.8 0.784 0.986
SimpleHand [25] 5.7 6.0 0.772 0.986
HaMeR [3] 6.0 5.7 0.785 0.990
WiLoR [21] 5.5 5.1 0.825 0.993
MaskHand [70] 5.5 54 0.801 0.991
Hamba [68] 5.8 5.5 0.798 0.991
HandOS [69] 5.0 5.3 0.812 0.991
GeoHand (Ours) 5.1 54 0.815 0.993

As shown in Figure 3, predicting 3D mesh articulation
fundamentally relies on accurate geometry perception. The
top rows present scenarios from DexYCB, while the bot-
tom rows depict highly truncated interactions from HO3Dv3.
In these complex object manipulation scenarios, RGB-only
methods like HaMeR and WiLoR often struggle to infer cor-
rect spatial relationships. Due to severe self-occlusion and
finger truncation introduced by grabbed objects, they occa-
sionally produce significantly misaligned fingers or twisted
hand meshes. In contrast, by unlocking and fusing high-
fidelity prior geometry knowledge from the frozen MoGe?2
architecture, GeoHand successfully maintains valid hand
topologies and accurately recovers complex local finger ar-
ticulations under severe object-induced truncations and oc-
clusions.

4.5 In-the-wild Generalization

To validate generalizability beyond curated benchmarks,
we evaluate GeoHand on unconstrained in-the-wild images
following recent protocols [69, 21]. Real world scenarios
naturally introduce complex backgrounds, arbitrary camera
viewpoints, and diverse occlusions. Benefiting from the in-
jected geometric priors, GeoHand maintains robust spatial
awareness and successfully recovers accurate hand topolo-
gies in these challenging, unconstrained cases.

We demonstrate our strong performance in crowded multi-
hand interactions (Figure 4). GeoHand precisely resolves
complex severe inter-hand overlaps from varied perspec-
tives. Furthermore, qualitative evaluations on more diverse
in-the-wild single hand images are documented in the Ap-
pendix. Crucially, these high-fidelity results are achieved
strictly from a single RGB image, circumventing the need
for explicit auxiliary modalities at inference time.
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Image Ground Truth Ours WiLoR HaMeR

Figure 3. Qualitative comparisons on DexYCB (top four rows) and HO3Dv3 (bottom four rows). Compared to WiLoR
[21] and HaMeR [3], GeoHand recovers precise finger articulations and maintains valid hand topologies under severe
object occlusions.

Figure 4. Qualitative evaluation on in-the-wild multi-hand scenarios with crowded layouts and complex occlusions.
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Input GT 3D Mesh

Figure 5. Effect of geometric priors on HO3Dv3. Geo-
Hand resolves the structural mismatch (red boxes)
present in the RGB-only baseline.

4.6 Ablation Studies

We perform ablation studies to validate the contribution
of each key component in the GeoHand pipeline.

Visualization of geometric priors. To explicitly demon-
strate the effectiveness of unlocking prior geometry knowl-
edge, we present a visual comparison in Figure 5 between
our full GeoHand model and a pure RGB-only baseline. As
highlighted by the red boxes, the RGB-only model funda-
mentally lacks spatial awareness, leaving a noticeable mar-
gin between the reconstructed mesh and the ground-truth
contour. This is a common pitfall where models overfit to
2D texture boundaries and fail to perceive metric depth. In
contrast, GeoHand, guided by high-fidelity MoGe?2 priors,
successfully bridges this gap. The explicit depth and normal
embeddings constrain the 3D generation space, forcing the
inferred mesh to align much more closely with the actual
physical boundaries and perspective contours of the ground
truth. Furthermore, attention heatmaps (Figure 6) show geo-
metric priors guide GeoHand to focus holistically on hand
structures, eliminating the severe background distractions
present in the RGB-only baseline.

Effect of geometry prior and GeoAdapter. Table 4 re-
veals that while raw MoGe?2 tokens already provide a clear

RGB-Only Baseline

Input GeoHand

Figure 6. Attention heatmaps on FreiHAND. Guided
by geometric priors, GeoHand focuses entirely on
hand structures, avoiding the background distractions
seen in the RGB-only baseline.

Table 4. Ablation on geometry prior and GeoAdapter.

Confieurati PA- PA-
onniguration MPJPE| MPVPE|

RGB-only baseline 54 5.9

+ MoGe?2 tokens only 52 5.6

+ MoGe2 + GeoAdapter 5.1 54

boost over the RGB-only baseline, integrating the map-level
GeoAdapter yields further gains by explicitly aligning geom-
etry semantics before tokenization. Raw geometry tokens
extracted from foundational scene-level models often contain
out-of-domain structures or background noise that can over-
whelm the primary ViT attention maps if injected blindly.
The GeoAdapter mitigates this by applying localized con-
volutional recalibration, filtering generic depth artifacts and
aligning the geometric representation with human hands.

Efficacy and Efficiency of KQIR. To highlight the spe-
cific role of KQIR, we replace it with the refinement module
used in WiLoR [21] and evaluate the variants on FreiHAND.
As shown in Table 5, substituting the WiL.oR refiner with
KQIR reduces PA-MPJPE from 5.4 mm to 5.1 mm while
requiring less than half the parameters (1.125 M vs. 2.57 M).
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Table 5. Comparison of refinement modules on Frei-
HAND.

PA-
Refiner Params| FPStT MPJPE|
WiLoR refiner [21] 2.570 156 54

KQIR, 2 steps (Ours) 1.125 153 5.1

Table 6. Ablation on KQIR refinement steps.

. PA- PA-
Configuration MPJPE| MPVPE,| FPS?T
Without KQIR 5.7 6.1 160
KQIR, 1 step 54 5.8 156
KQIR, 2 steps 5.1 54 153
KQIR, 3 steps 5.3 5.7 149

The maximum inference speed of KQIR (153 frames per sec-
ond, FPS) remains highly competitive relative to the WiLoR
refiner (156 FPS). This minor FPS drop, despite the large pa-
rameter reduction, is attributable to KQIR’s dynamic query
construction and spatially targeted cross-attention. While
global mesh regressors incur massive computational over-
head by simultaneously attending to all MANO vertices,
our KQIR module focuses exclusively on the key articu-
lated joints. By querying geometry-aware features strictly
around projected 2D joint coordinates, it directly converts
prior geometry into localized articulation corrections without
redundant background processing.

Effect of KQIR refinement steps. Table 6 further evalu-
ates the impact of KQIR refinement steps and their effect
on inference speed. Two steps optimally reduce PA-MPJPE
from 5.7 mm to 5.1 mm, effectively resolving self-occlusions
where single-pass predictions drift. However, a third step
degrades performance (5.3 mm), likely because excessive
looping overfits to ambiguous local details, distorting the
initially established global kinematic chain. Crucially, KQIR
is extremely lightweight: the optimal two-step configuration
maintains 153 FPS, which is only a marginal drop from
the 160 FPS baseline. This demonstrates that KQIR signifi-
cantly boosts accuracy with negligible impact on GeoHand’s
real-time efficiency.

Effect of bone-length and vertex losses. Table 7 validates
our lightweight structural regularization. The explicit bone-

Table 7. Ablation on bone-length and vertex losses.

Configuration PA- PA-

& MPJPE| MPVPE]
w/0 Lyone 53 5.7
w/0 Lyert 53 5.7
Full loss 5.1 54

length and vertex constraints effectively restrict the optimiza-
tion space to anatomically valid solutions without relying
on explicit adversarial discriminators. Without Ly, the
network tends to improperly satisfy 2D reprojection con-
straints by unnaturally stretching or shrinking finger seg-
ments, thereby violating strict human biomechanical limits.
The inclusion of L., further anchors the dense surface to
the underlying skeletal topology, promoting smoother and
more anatomically plausible skinning matrices.

5 Conclusion

We presented GeoHand, a framework that leverages prior
geometry knowledge for monocular 3D hand reconstruction.
GeoHand enhances frozen MoGe?2 geometry features with
a map-level GeoAdapter before tokenization, fuses geome-
try into the backbone through a gated token fusion strategy,
and further refines MANO predictions with the Keypoint-
Queried Iterative Refiner. This design explicitly connects
global geometric disambiguation with local articulation cor-
rection while preserving a pure RGB-only input pipeline.
Extensive experiments demonstrate that GeoHand achieves
state-of-the-art or highly competitive performance across
diverse and challenging scenarios including the FreiHAND,
DexYCB, and HO3Dv3 benchmarks. Notably, thanks to
the robust structural priors, GeoHand shows exceptional
resilience against severe self-occlusions and hand-object in-
teractions, paving a promising direction for future robust 3D
hand reconstruction systems.
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Appendix
A.1 Detailed Training Objectives

GeoHand is optimized using a physically motivated com-
bination of 2D, 3D, and MANO parametric loss functions.
For a mini-batch of size B, let N = 21 denote the num-
ber of joints, V = 778 the mesh vertices, and £ = 20 the
predefined bone segments. We formulate the final training
objective as:

Ctotal =10 EZD +5.0 EBD,joint + 1.0 »Cbone
+0.1 ["uert +0.1 Lglobal +0.1 Lpose
+ 0.01 Lpetas + 0.05 Lohape.

(16)

2D and 3D Structural Supervision.

¢ 2D Reprojection Loss £5p: Computes the L; distance
between the projected normalized 2D coordinates Gy ,,
and their ground truth (GT) u,_,,, masked by valid flags
m}fﬁl.

n 1 mb nHubn —Up n”l
max (), my,, 1)

BZ

* 3D Joint Loss L3p_joint: Applies an L; loss on root-

7)

relative 3D joint coordinates, where sz and Xb,n de-

note the predicted and GT relative positions of joint n,

respectively. To emphasize intricate terminal articula-

tions, a higher spatial weight w!™? = 2.5 is assigned to

the five fingertips, while keeping w,, = 1.0 for others.

my?* denotes the 3D validity flag.

Zzn 1m :ryz tzp ||an*an||1

maX(Nmez, 1) '

L3p_joint =
(18)

¢ Bone-Length Loss L;,,.: Constrains severe anatomical
distortions by penalizing the absolute error between the
predicted bone length dAb,e and the GT bone length dp .
for each connected joint pair (i, j.):

L = Z Z =1 mzyz‘db e db,e
bone = B max(Em;¥*, 1)

19)

¢ Vertex Lo§s Lyert: Minimizes the dense surface discrep-
ancy. Let Vy, ,, and V, ,, denote the predicted and GT 3D
coordinates for vertex v. To decouple hand shape from

global translation, vertices are aligned using their respec-
tive predicted R and GT R, root joint positions. During
training, GT vertices are reconstructed directly from GT
MANO parameters to ensure parametric consistency.

1 B V
Evm’t = W b; g Vb v

(va Rb)||1~

(20)

MANO Parameter Supervision. To enforce parametric
fidelity, we apply a Smooth L; loss (denoted as ps with
0 = 0.05) to the global orientation G, hand pose P (both
represented as flattened rotation matrices), and shape param-
eters 3. Let de and Gy 4 represent the d-th element of
the predicted and GT flattened global orientation matrices.
These losses are truncated dynamically to a maximum value
of 1.0 per sample to prevent unstable gradients:

Lygiobat = Z min ( Zpo 05(Gb.a — Go.a), .0>

(21)
The hand pose loss £,,,s. and shape parameter loss Lpetas
follow the exact same truncated formulation over their 135
and 10 dimensions, comparing predictions P, B) against
their GT counterparts (P, 3).

Shape Regularization. Instead of the squared norm, an
un-squared Ly norm penalty Lopape = 5 Zle 18y |2 is
enforced on the predicted shape parameters ,@b to prevent
large deviations from the zero-mean MANO shape prior.

A.2 Evaluation Metrics Definition

We evaluated our methodology using a widely standard-
ized set of metrics for 3D human and hand pose estimation
tasks. Let N represent the number of evaluated coordinates.

* MPJPE (Mean Per Joint Position Error): Calculates
the mean Euclidean distance (in mm) between estimated
and ground-truth 3D joint coordinates after aligning the
root joints to the origin:

MPJPE = 22)

1 N
5 2 1= T 2.
i=1

* PA-MPJPE (Procrustes-Aligned MPJPE): Employs
Generalized Procrustes Analysis (GPA) to optimally
align the predicted 3D joints to the ground truth joints in
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terms of translation, rotation, and uniform scale before
calculating MPJPE. This metric primarily evaluates the
precision of articulated shape and pose independent of
global depth displacement errors.

¢ MPVPE & PA-MPVPE (Mean Per Vertex Position
Error): The high-density counterparts to joint errors,
applying identical alignment protocols (root-aligned or
Procrustes-aligned) directly across all 778 vertices of a
MANO mesh surface.

* F-score (F@5, F@15): A harmonic mean combining
precision and recall to evaluate the geometric proximity
between the reconstructed mesh and the ground-truth
surface. It measures the fraction of accurately estimated
mesh vertices under strict physical distance tolerances
(typically evaluated at thresholds of 5 mm and 15 mm).

A.3 Additional Qualitative Results

In-the-wild Single-Hand Scenarios. To thoroughly
demonstrate generalization performance, we visualize single-
hand object manipulations acquired directly from uncon-
strained in-the-wild scenarios, as detailed in Figure 7. De-
spite severe arbitrary external truncations introduced by un-
known objects and diverse backgrounds, GeoHand’s reliance
on integrated geometric embeddings ensures reliable joint
prediction without mesh tearing.

Visualization on FreiHAND. Figure 8 further illustrates
the final 3D inferences on the FreiHAND evaluation set,
showcasing the synergistic impact of GeoHand’s architec-
tural innovations. The robust overall mesh topology high-
lights how the injected geometric priors effectively resolve
root-relative depth ambiguities and prevent coarse structural
distortions. Building upon this globally consistent layout,
the Keypoint-Queried Iterative Refiner (KQIR) leverages
these enriched feature representations for targeted local cor-
rections. By explicitly querying the geometry-aware maps
around projected joint coordinates, KQIR precisely rectifies
complex terminal articulations, such as overlapping finger-
tips. This cohesive interplay—where cross-modal fusion
secures the global anatomical structure and KQIR refines
local geometric details—enables GeoHand to consistently
recover high-fidelity meshes from a single RGB image.

A.4 Limitations and Future Work

While GeoHand significantly mitigates RGB-based spa-
tial ambiguities by unlocking general monocular depth esti-

mators, three primary directions are identified for extended
optimization:

1. Exploration of Cross-Modal Extraction Limits. Al-
though the simple token concatenation and map-level
GeoAdapter mechanism have proven highly effective
against domain gaps without complex volume-rendering
overheads, explicitly exploring more sophisticated mul-
timodal Transformer frameworks with cross-attention
between appearance tokens and coordinate-bound geom-
etry matrices may unlock further precision gains.

2. Bounding-Box Reliance vs. End-to-End Synergy.
GeoHand functions under a top-down paradigm depen-
dent on an independent 2D hand detector’s bounding-box
cropping stage. Consequently, final 3D reconstruction
quality remains partially bounded by this preprocessing
stage. Tightly unifying high-quality object detection
within the same ViT-based pipeline would be a prompt
and meaningful upgrade.

3. Temporal & Multi-View Contextual Recovery for Oc-
clusions. While geometry priors substantially aid oc-
cluded interactions, recovering radically invisible topo-
logical boundaries remains inherently mathematically
impossible from a static single viewpoint alone. Utiliz-
ing sequential historical motion context (temporal kine-
matic pipelines) or complementary multi-view spatial
observations remains a promising direction toward high-
precision immersive reconstruction.
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Figure 7. Qualitative evaluation of GeoHand in in-the-wild single-hand object interaction scenarios.
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Figure 8. Visualization of the FreiHAND evaluation set. Samples in each triplet are the input image, the ground-truth
mesh, and the mesh reconstructed by GeoHand.
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