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Abstract. In multi-view hand capture, the most accurate estimators
regress free mesh vertices. Methods that regress MANO parameters are
usually less accurate, since rotations are hard to regress and errors am-
plify along the kinematic chain, while fitting is accurate but slow. We
show that when the cameras and MANO kinematics are known, the lift
to 3D needs no learned parameters, as only the 2D evidence is uncertain.
Our method UA-Fit (Uncertainty-weighted Analytical Fit) learns only
per-view 2D evidence: a dense vector field where each patch of pixels
votes for each joint, with an anisotropic precision per vote. A parameter-
free solver recovers MANO pose and translation: it triangulates the
votes into precision-weighted 3D joints, then fits MANO with a batched
Levenberg–Marquardt solver whose analytic kinematic Jacobian is ≈14×
cheaper than automatic differentiation. The hand shape is predicted by
a compact feed-forward head. The solver has no learned weights, yet we
train the 2D fields end to end through its converged solution at con-
stant memory. The output is MANO-consistent by construction, and the
learned reconstruction stage is only 2.0M parameters, 20× smaller than
the learned fusion head of POEM-v2’s parametric variant (1.6× smaller
in total). On the full evaluation splits of five benchmarks under one pro-
tocol, UA-Fit averages 6% lower per-vertex and 11% lower per-joint error
than this baseline: markedly more accurate on the shape-diverse Inter-
Hand2.6M and HO3D, on par on ARCTIC, and less accurate on DexYCB
and OakInk, where the 2D evidence, not the solver, is the limit. Zero-shot
results on GigaHands and an internal dataset support generalization.
Code and project page: https://marcilzakour.github.io/ua-fit/.
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Fig. 1: UA-Fit pipeline. A shared HRNet backbone maps the V input views to a
per-view dense offset vector field (DOVF) fv with anisotropic precision Ω, and to a
feed-forward β-shape head. Precision-weighted robust triangulation lifts the votes to
3D joints with closed-form covariance {µj , Σj}. A parameter-free analytic Levenberg–
Marquardt (LM) solver then fits MANO (θ, t) by minimising an energy with a DOVF
reprojection term (green), an Ω-weighted 3D-anchor term (blue), and a pose prior.
The optional anatomy barrier (orange) is shown. Gradients reach the 2D evidence
through the LM fixed point by implicit differentiation at the optimum (θ⋆, t⋆). The
triangulation and LM solver contain zero trainable parameters.
1 Introduction

Calibrated multi-camera rigs are standard for hand motion capture, resolving the
depth and occlusion ambiguities that limit single-view estimators [9, 41, 44] in
virtual- and augmented-reality (VR/AR) labs, robot teleoperation, and dataset
collection [3,6,8,34]. In this calibrated setting the most accurate models are non-
parametric, regressing free vertices directly [27–29, 63] rather than the parame-
ters of a hand model. Predicting parameters is harder. Direct MANO [48] pose
regression is harmed by rotation-representation discontinuities [69], kinematic-
chain error amplification [25], and broken image alignment [32,66]. The clearest
evidence is head-to-head: POEM-v2 [63], the accuracy reference for this setting,
releases a MANO-parametric variant and a free-vertex model of the same size,
and the parametric one is less accurate on every benchmark (on HO3D [12], 9.16
vs 7.63 mm MPVPE).

Yet many applications (animating hands, retargeting to robots, reasoning
about contact) need the low-dimensional parametric MANO representation, and
recovering it afterward by fitting MANO to predicted vertices is itself a lossy
optimization [1, 19]. Accuracy also carries a compute cost: the dominant recipe
pairs a shared backbone with a large learned fusion head that aggregates views
in 3D [29, 61, 63], in POEM-v2 a point-embedded transformer with 40.3M pa-
rameters (parametric variant) or 92.8M (largest vertex model). The accuracy
leaders are thus both non-parametric and heavy, which many deployments can-
not accept.

This paper starts from a simple observation: in the calibrated setting, the
2D-to-3D lift need not be learned. Camera geometry is known exactly, and so is
the hand’s kinematic structure (MANO); what is uncertain, and hence worth
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learning, is the 2D image evidence and its reliability. We therefore ask how
small the learned part of a multi-view hand estimator can be if geometry and
the MANO prior do all the 3D work.

Our answer, UA-Fit (Fig. 1), learns only a per-view 2D front-end: a dense
offset vector field (DOVF), where every pixel votes for every joint, and a per-
pixel 2×2 Cholesky-parameterized anisotropic precision field Ω, trained with a
Gaussian negative log-likelihood so the network reports the directional uncer-
tainty of its own votes. Beyond this front-end and a compact feed-forward shape
head, everything downstream is classical estimation with zero learned param-
eters: uncertainty-weighted robust triangulation yields metric 3D joints with a
closed-form covariance, and a Kabsch-initialized [16], block-weighted Levenberg–
Marquardt solver fits MANO to the multi-view 2D fields (Sec. 3). The com-
ponents are deliberately classical; the contribution is their interface: a dense
2D likelihood whose full 2×2 anisotropic precision is propagated in closed form
through triangulation into the articulated fit, and is itself trained through the
converged solver.

This runs counter to the prevailing scaling trend: where recent work grows
backbones and fusion heads for incremental accuracy [29,63], our learned recon-
struction stage is 2.0M parameters, 20× smaller than the parametric fusion head
it replaces (1.6× smaller in total, since the two methods share the backbone).
Across five calibrated benchmarks it matches POEM-v2’s trained parametric
variant on average, most clearly on the shape-diverse InterHand2.6M set where
free parameter regression degrades, and transfers best in zero-shot evaluation
(Sec. 4.2).
We make three contributions:

1. A parametric multi-view hand estimator with no learned 3D fu-
sion. We replace the large learned fusion head with a small per-view 2D
evidence network and a parameter-free solver, yielding a MANO-consistent
hand by construction that matches POEM-v2’s trained parametric variant
on average across five benchmarks (Table 1).

2. An uncertainty-weighted analytical solver. We cast MANO recovery
as optimization directly against the learned 2D fields, with no learned pa-
rameters. Its analytic articulated Jacobian closely matches automatic dif-
ferentiation at ≈14× lower cost, an implicit backward trains the 2D fields
through the solver at O(1) memory, and the explicit energy composes new
terms at inference. A controlled solver study isolates each choice (Sec. 4.3).

3. Learned reliability, not learned capacity, is what matters. The learned
anisotropic precision Ω is what makes the parameter-free solver competitive:
removing it (Ω=I, same weights) degrades every benchmark (Sec. 4.3). Ca-
pacity in the 3D fusion stage is not what is missing: our zero-parameter
solver matches POEM-v2’s 40.3M learned fusion head in distribution and
generalizes better on two datasets neither model was trained on (Table 1).

More capacity still helps: the non-parametric POEM-v2-large stays up to
∼2 mm ahead at high view counts (Sec. 5), and such capacity can enter our solver
as energy terms, whether as sharper 2D evidence from a stronger backbone or as
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2D and 3D predictions from larger, even non-parametric, models, which we leave
to future work. Our claim is narrower: with calibrated rigs, parametric output,
and limited compute, classical estimation with learned uncertainty makes a large
learned 3D stage unnecessary.

2 Related Work

Monocular hand mesh recovery. Single-image hand estimation has grown
from RGB keypoint regression [70] into full mesh recovery, splitting into two
families. Model-based (parametric) methods regress MANO [48] pose and shape
and decode them through the differentiable MANO layer [2,39,67], guaranteeing
an anatomically plausible hand but inheriting the pitfalls of parameter regres-
sion (below). Model-free (non-parametric) methods instead predict vertices or
2.5D directly through graph-convolution, volumetric, registration, spiral, and
transformer decoders [4,5,9,22,27,28,32,33], all trading guaranteed validity for
tighter image alignment. Recent large-scale vision-transformer (ViT) systems re-
turn to parametric output (HaMeR [41], WiLoR [44]), and two-hand methods
add explicit interaction reasoning [26, 31]. All resolve depth and scale from a
single view; we instead exploit calibrated multi-view geometry, so the network
never learns the 2D-to-3D lift.
Multi-view hand mesh recovery. POEM [61] and POEM-v2 [63] embed ba-
sis points in the intersection of camera frusta and let mesh queries cross-attend
to multi-view features, defining the current accuracy reference for calibrated
generalizable hand mesh recovery. The large variant couples an HRNet [50]
backbone with a 92.8M point-embedded transformer. MLPHand [59] targets
real-time multi-view reconstruction with per-view MLPs, and HGGT [29] scales
a VGGT/DINOv2 [38, 55] foundation transformer, part of a broader move to-
ward feed-forward multi-view 3D reconstruction [56], to uncalibrated multi-view
hands, evaluated only under root-relative or Procrustes alignment. The com-
mon thread is a large learned fusion head performing 3D aggregation inside the
network; we instead remove that stage and compare under identical calibrated
protocols against POEM-v2’s released models.
Geometric multi-view fusion and triangulation. A parallel line for human
bodies keeps 3D reasoning geometric: confidence-weighted direct linear transform
(DLT) and learnable triangulation backpropagate through a weighted singular-
value decomposition [15], AdaFuse [68] learns per-view fusion weights, cross-view
and epipolar attention share evidence before lifting [14, 46], and aggregators
fuse in a canonical 3D grid or camera-disentangled space [47, 54]. These weight
point observations with scalar confidences inside an otherwise fixed triangula-
tion, echoing classical robust geometric estimation such as bundle adjustment,
RANSAC, and PnP [7, 23, 53]. We generalize the evidence to dense offset fields
with full 2×2 anisotropic precisions, propagate them to a closed-form 3D covari-
ance, and continue past triangulation into a robust articulated model fit, where
validity and parametric output arise.
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Parametric models, regression and optimization-based fitting. Paramet-
ric shape models (MANO [48] for hands, SMPL/SMPL-X [30,40] for bodies) un-
derpin most mesh recovery, either by direct regression [17,20] or by optimization.
Direct regression of MANO parameters is harmed by rotation-representation
discontinuities [69] and by kinematic error amplification along the chain. Hy-
brIK [25] addresses this for bodies with a hybrid analytical IK, and pixel-aligned
methods [32, 66] document why parameter regression breaks image alignment.
The optimization tradition instead fits the model to image evidence, from SM-
PLify [1] and its reprojection-energy successors to in-the-loop fit-and-regress [19],
amortized learned-gradient and neural-descent solvers [49,64], and probabilistic
fitting over solution sets [21]. We avoid regression entirely: parameters are ob-
tained by optimization against learned, uncertainty-weighted image evidence,
with the MANO manifold as the regularizer. General differentiable-optimization
libraries such as Theseus [43] offer autograd LM solvers, which we compare
against in the solver study (Sec. 4.3).
Uncertainty and dense evidence representations. Heatmap regression is
the dominant 2D-localization paradigm [35,50,57], later refined by integral/soft-
argmax decoding [36,51], sub-pixel distribution modeling [10,65], and ViT back-
bones [58]. Predicting per-pixel votes rather than a single peak underlies dense-
correspondence and six-degree-of-freedom (6-DoF) object-pose voting networks
[11,42], which inspire our dense offset field. Orthogonally, modeling uncertainty
(aleatoric and epistemic [18], directional-statistics heads [45], and residual log-
likelihood regression [24]) calibrates how much each prediction should be trusted.
We unify these threads: every pixel votes for every joint (dense evidence) and
reports an anisotropic 2×2 precision (calibrated uncertainty); unlike prior work
that stops at 2D or at scalar-weighted triangulation, we propagate that precision
analytically through triangulation and the MANO fit.
Datasets. We evaluate on five standard calibrated multi-view benchmarks:
DexYCB [3], HO3D [12], ARCTIC [6], InterHand2.6M [34], and OakInk [60],
and report zero-shot transfer to GigaHands [8]. This ecosystem [13,37,52,71] in-
creasingly demands parametric, animation-ready output, the regime our MANO-
consistent fit targets.

3 Method

UA-Fit recovers MANO parameters from V calibrated views through one learned
stage and a 3D stage whose solver is parameter-free (Fig. 1). The learned stage is
a shared backbone that predicts, per view, dense 2D evidence: where every joint
projects and how reliable that vote is (Sec. 3.2). The 3D stage’s geometry carries
no learned weights: it lifts this evidence to metric 3D joints with a closed-form
covariance by precision-weighted robust triangulation (Sec. 3.3), then initializes
a canonical MANO hand at those joints and fits its pose to the same evidence
with an analytic Levenberg–Marquardt solver anchored by that covariance. The
MANO shape is predicted feed-forward by a small learned head (Sec. 3.4). The
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output is a point on the MANO manifold, MANO-consistent by construction,
whose accuracy is bounded by the 2D evidence.

3.1 Preliminaries and notation

Problem. We are given V calibrated views of a single right hand (crops Iv ∈
R3×256×256 with known intrinsics Kv and world-to-camera extrinsics Tv, each
roughly centered on the hand) and recover a parametric MANO [48] hand: pose
θ ∈ R48, shape β ∈ R10, and global translation t ∈ R3. Intrinsics and extrinsics
are treated as exact. We assume one hand per crop, with left hands mirrored to
the canonical right-hand MANO convention in the data loader.
The MANO hand model. MANO maps (θ, β) to a mesh by linear blend
skinning of a template deformed by shape and pose blendshapes,

M(θ, β) = W
(
T̄ + BS(β) + BP (θ), J (β), θ, W

)
, (1)

with skinning weights W over a kinematic tree of 16 joints. The pose θ splits into
a global rotation and 15 × 3 axis-angle articulations. The shape blendshape BS

and joint regressor J (β) fix bone lengths, and the pose-corrective blendshape
BP (θ) absorbs skinning artifacts. Forward kinematics over the tree gives each
joint j a global rotation Rg

j and origin oj , from which the 778 vertices and J=21
OpenPose-convention joints xj follow. We fit θ, t (and optionally β). The two
structures the analytical solver exploits are the kinematic tree (for an analytic
articulated Jacobian, Sec. 3.4) and J (β), for bone-length recovery.
Multi-view geometry. A world point x projects into view v as u = πv(x) =
Π(KvTvx), with Π the pinhole division. Seen in ≥ 2 views, a point is recovered
by triangulation: the direct linear transform (DLT) gives a closed-form least-
squares intersection of the back-projected rays, which we refine (Sec. 3.3). At
two views the solution is weakly constrained along the inter-camera baseline, a
property that reappears as an anisotropic 3D covariance (Sec. 5).
Estimation in information form. Throughout, per-observation reliability is a
precision matrix Ω = Σ−1 and every data term is a squared Mahalanobis resid-
ual r⊤Ω r. Minimizing a sum of such terms is nonlinear weighted least squares,
solved by Gauss–Newton (GN) with Levenberg–Marquardt (LM) trust-region
damping and iteratively reweighted least squares (IRLS) for outliers. These are
the only tools in the 3D stage, and their MANO-specific forms are given in the
supplement.

3.2 Learned 2D evidence: dense offset fields with anisotropic
precision

A shared HRNet-W40 backbone [50] processes each view independently at 2562

input (resized from the stored crops, Sec. 3.5) on a 642 feature/heatmap grid.
A light feature neck, the per-view heads, and a small scene-level shape head
(Sec. 3.4) are the only learned reconstruction components (2.0M parameters
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in total). All downstream 3D estimation is parameter-free. The per-view heads
produce:
Dense offset vector field (DOVF). fv ∈ RJ×2×64×64, where fv[j](p) is the
2D offset from pixel p to joint j. Unlike a heatmap, whose information collapses
to its argmax, the field is a distributed, redundant encoding: every pixel in the
support votes, and the field remains informative at locations off the true joint,
the property the solver exploits (Sec. 3.4).

Fig. 2: Learned uncertainty on two-view examples (HO3D, DexYCB, ARCTIC).
A fingertip is visible in view A and occluded in view B. Top: DOVF votes with the
learned 2σ ellipse (Σ=Ω−1, green), tight where visible and wide under occlusion.
Bottom: weighting the two-view triangulation by the learned Ω downweights the
occluded view and lands the tip on the ground truth (cyan ring), whereas identity
weighting drifts several-fold further (errors inset). The solver weights every 2D residual
by this Ω (Sec. 4.3).
Anisotropic precision field. A three-channel Cholesky field Lv ∈ RJ×3×64×64

parameterizes a symmetric positive-definite 2×2 precision Ωv[j](p) = LL⊤ per
pixel and joint. It is trained with the Gaussian negative log-likelihood (NLL) of
the field residuals,

Lnll = 1
2 r⊤Ω r − 1

2 log det Ω, (2)
so the network learns to report directional confidence: tight ellipses on well-
localized joints, elongated along the ambiguous direction under occlusion, edge-
parallel ambiguity, or blur (Fig. 2).
2D consensus. At inference, each pixel p casts a vote p + fv[j](p) for joint j.
Voting over the field yields a per-joint consensus location uvj (the Ω-weighted
mean of the votes) with an aggregated anisotropic precision Ωvj , so that agree-
ment across many pixels sharpens the estimate. The precision field’s NLL (Eq. (2))
is calibrated through the solver under 3D supervision (Stage B, Sec. 3.5), as its
likelihood needs 3D grounding rather than the field’s own vote scatter.

3.3 Ω-weighted robust triangulation with closed-form covariance

Given the per-view consensus points and precisions (uvj , Ωvj) from Sec. 3.2, the
3D stage’s first step estimates metric 3D joints µj by minimizing their precision-
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weighted reprojection error,

µj = arg min
x

∑
v

r⊤
vj Ωvj rvj , rvj = uvj − πv(x), (3)

solved with two Gauss–Newton steps from the DLT solution. Because Eq. (3)
is a weighted least-squares problem, the inverse GN Hessian directly provides
a per-joint 3D covariance, Σj =

( ∑
v J⊤

vjΩvjJvj

)−1, with Jvj = ∂πv/∂x the
projection Jacobian (propagation derived in the supplement), which we retain:
it tells the downstream fit how much to trust the triangulation, per joint and per
direction (e.g., elongated along the dominant baseline at low view counts).
Robustness. Triangulation reweights views by a redescending Cauchy IRLS on
the Mahalanobis residual, which drives to zero the weight of a view that localizes
the wrong hand whenever at least two views agree (supplement). Under our
protocol, where each crop is centred on the target hand, it is accuracy-neutral,
and we keep it as insurance for the detector-in-the-loop setting we scope out
(Sec. 5).

3.4 Analytical MANO fitting to dense field energies

With the triangulated joints and covariances {µj , Σj} as initialization and an-
chor, the second stage fits MANO directly to the learned 2D fields, the core of
UA-Fit. Let xj(θ, β, t) denote the model joints. We minimize

E(θ, t) =
∑
v,j

r⊤
vj svjΩvj rvj︸ ︷︷ ︸

dense field energy

+ λ3D
∑

j

r̃⊤
j Σ−1

j r̃j︸ ︷︷ ︸
3D anchor

+ P(θ)︸ ︷︷ ︸
pose prior

, (4)

with three properties that distinguish it from classical point-based refitting:
(i) The residual is read from the field, not from a fixed point. rvj =
fv[j]

(
πv(xj)

)
samples the offset field at the current model projection: the energy

landscape is as wide as the field’s support, rather than a quadratic bowl around
a single argmax. Every LM iteration re-reads the field (and the precision below)
where the model currently is. The Jacobian keeps this dependence, chaining the
field’s bilinear spatial gradient with the projection and articulated Jacobians,
∂r/∂(θ, t) = ∇uf · ∂πv/∂x · ∂xj/∂(θ, t) (full chain in the supplement).
(ii) Every residual is block-weighted by learned precision. Ωvj is sam-
pled from the Cholesky field at the same location, so directions the network
marked unreliable are automatically discounted. The scalar svj combines a Huber
weight (radius 1.5 heatmap-px) and the view validity, a gentler down-weighting
than the triangulation’s redescending Cauchy kernel (Sec. 3.3). The 3D anchor
r̃j = xj − µj is weighted by the triangulation precision Σ−1

j with a small λ3D,
unit-matched to the pixel-scale field energy so that it binds (Sec. 4.3). The prior
P is a PCA-Mahalanobis pose prior anchored to the initialization.
(iii) The solver is a batched, adaptively damped LM with an ana-
lytic kinematic Jacobian. The fit starts from a Kabsch alignment [16] of the



Learn 2D, Solve 3D: UA-Fit 9

canonical MANO skeleton to µ, which resolves the global-rotation ambiguity.
From a cold start (identity global rotation) the fit converges to a wrong basin
and MPVPE roughly triples (7–9 → 21–24 mm across the benchmarks). Each
iteration then builds the normal equations

A =
∑

v,j J⊤ΩJ + µI + P, g =
∑

v,j J⊤Ω r + p, (5)

over the 51 parameters (θ, t), where µ is the per-sample trust-region damping
and P, p the pose-prior Gauss–Newton block. The Jacobian uses the analytic
articulated form ∂xi/∂θj = aj × (xi − oj), with aj the rotation axis and oj the
centre of joint j, over the kinematic tree with the SO(3) right-Jacobian correction
(full chain in the supplement). We deliberately omit the MANO pose-corrective
blendshape term, as it contributes little to the Gauss–Newton direction. Sec. 4.3
shows that the resulting analytic Jacobian agrees with the exact autograd Jaco-
bian to cosine 0.998, at ≈14× lower cost. We run a fixed budget of 15 iterations,
where each forms and solves one dense 51×51 system batched across the scene,
costing a few milliseconds per hand. An implicit fixed-point backward makes
this fit differentiable end-to-end at O(1) memory. Stage B uses it to train the
released model through the solver (Sec. 3.5).
Composable inference-time energies. Because E is an explicit objective,
further terms add at test time without retraining. One we use is the anatomical-
validity barrier Eanat, a one-sided squared penalty keeping the anatomy-aligned
twist/spread/bend angles of the finger joints inside the published per-axis limits
of the A-MANO decomposition [62]. Inside the anatomical box the term is zero,
so it never pulls a valid pose off the data optimum. It enters as one extra detached
Gauss–Newton block in the last few LM iterations, at inference only, and gives a
small consistent gain (Sec. 4.3, with the formula and limits in the supplement).
Shape: feed-forward β̂. Shape is predicted feed-forward by a compact head
(∼70k parameters) combining the scene-pooled image descriptor with the metric
bone lengths of the triangulated µ (trained in Stage B through the fit), so the
pipeline runs a single LM solve with no test-time shape optimization. The bone-
length cue supplies the subject-scale information the pooled descriptor alone
cannot recover on shape-diverse two-hand data (the source of the InterHand
gain).
Why parametric-by-optimization? The output is a point on the MANO
manifold, so the gross failures of free-vertex decoders (broken, non-hand meshes
on out-of-distribution shapes, Sec. 4.2) are unrepresentable. MANO-consistency
does not by itself guarantee anatomical joint-limit validity, which the optional
inference-time anatomy barrier addresses (Sec. 4.3). The fit-to-triangulation mesh
floor is only 2.1–2.5 mm, so accuracy is governed by the learned 2D evidence,
exactly where the parameters were spent.

3.5 Training setup

UA-Fit is trained in two stages on multi-view crops of a six-dataset mix [3,6,12,
34, 60, 71], the same training data as the POEM-v2 models we compare against
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Table 1: Parametric multi-view hand recovery (mm, ↓). Both released check-
points are evaluated on the full official splits at fixed maximum views under one iden-
tical protocol following POEM-v2, with mesh-regressed joints and oracle InterHand
crops (MANO-parametric methods only, Sec. 4.1). UA-Fit uses one global configura-
tion without per-dataset tuning. Bold marks the better method per metric, and PA
denotes Procrustes alignment. Zero-shot: no fine-tuning (3 LM iterations). §internal
multi-view set, right hands (POEM-v2-param does not accept our left-hand mirror-
ing), full split (≈12k frames). ¶GigaHands, full official test set (2026 clips), 6 views,
heavy-tailed (medians 14.0 vs 10.0).

POEM-v2-param UA-Fit (ours)
dataset (views) MPVPE MPJPE PA-MPVPE MPVPE MPJPE PA-MPVPE

In-distribution
DexYCB (8v) 7.0 7.0 4.3 7.9 7.5 4.9
HO3D (5v) 9.1 8.8 5.7 8.1 7.5 5.1
ARCTIC (8v) 7.6 7.1 5.6 7.5 6.6 5.7
InterHand (8v) 12.0 11.6 7.9 8.8 7.8 6.2
OakInk (4v) 8.8 8.6 4.9 9.6 8.9 5.7

Zero-shot
Internal (4v)§ 16.9 16.9 8.4 11.5 11.3 6.7
GigaHands (6v)¶ 16.8 16.0 8.1 13.7 13.2 7.5

(a matched comparison). Stage A pre-trains the backbone and DOVF head
on 2D targets alone (field regression and an auxiliary heatmap loss, all views
per scene, 10 epochs). Stage B then adds the precision field, the shape head,
and the full LM fit inside the training loop, initialized from Stage A (6 epochs
at 2–8 random views). The fitted joints are supervised, and gradients reach
the fields and precisions through the implicit fixed-point backward (derived in
the supplement). This stage trains the fields, the precision, and the shape head
through the solver, and we report its effect in Sec. 4.3.
Inference. At test time the 3D stage passes the fields through robust Ω-
triangulation, a Kabsch alignment, and a single LM fit of 15 iterations with the
feed-forward shape β̂ and the unit-matched 3D anchor of Sec. 4.3 (LM damping
10−3, PCA prior weight 0.01). Complete pseudocode, including the LM loop, is
given in the supplement.
Parameter-free, not training-free. The solver has no learnable weights, yet
the model is trained through it (Stage B), while at inference the 3D stage is
pure optimization.

4 Experiments

4.1 Setup

Datasets and protocol. We evaluate on the five multi-view benchmarks used
by POEM-v2 [63]: DexYCB [3] (8v, test), HO3D [12] (5v, test), ARCTIC [6]
(8v, val-p1), InterHand2.6M [34] (8v, val), and OakInk [60] (4v, test). We ad-
ditionally measure zero-shot transfer on two datasets outside the training mix,
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with no fine-tuning: an internal multi-view hand dataset (4v) and GigaHands
(6v). We report on the full official evaluation splits, at each dataset’s maximum
view count and a fixed seed. Splits, view counts, and seed follow POEM-v2’s pro-
tocol exactly. The metrics are the mean per-vertex and per-joint position error
(MPVPE, MPJPE) and their Procrustes-aligned (PA) variants, in mm, as ab-
solute error in the first camera frame. Following POEM-v2, joints are regressed
from the predicted mesh for both methods, as the raw joint annotations follow a
different joint convention. InterHand2.6M frames contain two interacting hands,
while both methods are single-hand estimators (Sec. 3.1), and the crop boxes
stored with the released shards are corrupted for a subset of captures (out-of-
frame joints inflate them by an order of magnitude). We therefore rebuild each
view’s crop from the target hand’s visible ground-truth joints, identically for
both methods, so each crop tightly contains the evaluated hand. This oracle-crop
protocol measures relative accuracy under matched localization, not robustness
to a detector. Both models in Table 1 run through our evaluation code in one
session under one identical protocol, from the authors’ released checkpoints. Our
re-evaluation reproduces POEM-v2’s published values on DexYCB (7.0 vs 7.00)
and HO3D (9.1 vs 9.16). On OakInk it reads 8.8 vs the published 7.91 because
the released shards encode a different official split than the published row, so
we report the like-for-like value on the released split for both methods. Because
both models are evaluated on the complete splits, Table 1 reports population
means. Per-scene bootstrap confidence intervals are at most ±0.09 mm on every
dataset and metric (supplement), so all per-dataset margins of 0.5 mm or more
lie outside scene-level noise, while the 0.06 mm ARCTIC MPVPE margin does
not. These intervals quantify scene-sampling variation. Training replications (a
shape-head refit and a full retrain with a new seed) shift the means by at most
0.2 mm (0.5 on InterHand2.6M) and flip no verdict (supplement).
Baselines. The comparison is restricted to methods sharing UA-Fit’s MANO
output space, i.e., POEM-v2-param (the medium_MANO checkpoint, 40.3M head).
Non-parametric free-vertex models (POEM-v2 small/large, MvP, PE-MeshTR,
FTL-MeshTR) target a different output space, and the free-vertex POEM-v2-
large sets the accuracy ceiling (1–3 mm ahead, Sec. 5).

4.2 Main results: parametric parity at a fraction of the size

Table 1 shows the main result. Against POEM-v2’s trained 40.3M parametric
head, UA-Fit (whose 3D solver carries no learned parameters) is more accurate
on HO3D (−1.0 mm MPVPE) and on InterHand2.6M (−3.2), on par on ARCTIC
(7.5 vs 7.6), and less accurate on DexYCB (+0.9) and OakInk (+0.8). Averaged
over the five benchmarks it attains 6% lower MPVPE (8.4 vs 8.9 mm) and 11%
lower MPJPE (7.7 vs 8.6 mm), and is more accurate on three of the five MPJPE
comparisons. InterHand2.6M is the informative case: direct parameter regression
degrades there (12.0 mm MPVPE) while the anchored MANO fit stays close to
the robust triangulation (8.8 mm) and MANO-consistent (Fig. 3). The DexYCB
and OakInk deficits reflect the 2D evidence rather than the solver: the fit already
lies within 2.1–2.5 mm of its own triangulation target, and a roughly 4× longer
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Fig. 3: Qualitative results. One scene per benchmark (columns 1–5) and the two
zero-shot sets (columns 6–7): ground-truth MANO (green), POEM-v2-param, and UA-
Fit (salmon) reprojected on the target view (MPJPE annotated). Single illustrative
scenes, with per-dataset averages in Table 1 (POEM-v2-param is more accurate on
average on DexYCB and OakInk, and single scenes can deviate from the averages, as
the InterHand column shows).

training schedule reaches 7.3 mm MPVPE on DexYCB, so the gap is training
budget, not architecture.
Zero-shot transfer. The advantage holds out of distribution: on two datasets
neither model was trained on, UA-Fit cuts MPVPE by a third on the internal
set (11.5 vs 16.9) and by 3.1 mm on the full GigaHands test set (13.7 vs 16.8),
and leads after Procrustes alignment as well (6.7/7.5 vs 8.4/8.1; Table 1).
Efficiency. UA-Fit and POEM share the HRNet-W40 backbone (57.6M), but
its learned reconstruction stage is only 2.0M parameters (1.33M evidence heads
+ 0.67M neck) against the 40.3M parametric fusion head it replaces (20×, and
46× vs POEM-v2-large’s 92.8M vertex head), for a 59.6M total, 1.6× smaller
than POEM-v2-param. Inference runs a feed-forward shape head and a single LM
solve at ∼60 hands per second (batch 16, one H200), with no test-time shape
optimization. Because the batched analytic solver is nearly flat in batch size,
throughput keeps rising with the batch while the feed-forward baseline plateaus
(supplement). The advantage lies in throughput rather than latency: at a batch
size of one the fixed cost of the LM solve makes UA-Fit about 3× slower, and
the two reach parity at batch 16. This profile suits multi-hand capture rigs and
storage-constrained edge deployment, and a dedicated edge study is left to future
work.

4.3 Solver study

This study isolates the solver: every row reuses the same frozen backbone, heads,
and dense evidence on a fixed evaluation subset and swaps only the 3D stage.
All rows are absolute MPVPE, with row a our pipeline matching Table 1, and
costs are given per iteration on one GPU.
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Table 2: Solver ablation on a fixed frozen 2D front-end and evaluation subset
(MPVPE, mm, with relative per-iteration latency). Row a is UA-Fit, rows b–d swap
only the 3D stage, isolating the uncertainty weighting (b) and the solver itself (c–d),
and all variants add zero parameters.

evidence → solver DexY. HO3D ARC. IH Oak. cost

(a) DOVF energy → block-w. LM (UA-Fit) 7.9 8.1 7.5 8.8 9.6 1×
(b) (a), no learned Ω (solver term) 8.1 8.2 7.9 8.9 9.7 1×
(c) (a), exact autograd Jac. (Theseus) 12.3 12.1 10.6 12.2 12.7 14×
(d) (a), L-BFGS solver (warm) 10.7 12.4 12.1 8.9 14.2 3×

Analytic vs. exact Jacobian, and vs. L-BFGS. With everything else identi-
cal (energy, iterations, damping, frozen front-end), the analytic articulated Jaco-
bian agrees with the exact autograd Jacobian to cosine 0.998 (relative Frobenius
error 6.5% at all 23k linearizations), at 0.4 vs 5.7 ms per LM iteration, about
14× lower cost. The exact Jacobian, however, converges to a worse mesh (Ta-
ble 2 row c, +3.1–4.4 mm MPVPE): free to use the full skinning, it fits the 2D
joints with anatomically implausible finger poses (3–5× the joint-limit violation
depth, supplement), whereas the analytic Jacobian stays on the kinematic man-
ifold, making the approximation both faster and more robust. Replacing the
damped LM with a general-purpose L-BFGS on the same energy is markedly
worse even when initialized identically (row d), and without that initialization it
converges to a badly wrong global orientation (20–45 mm). The anisotropic trust
region and articulated structure, not just the objective, make the fit reliable.

Weighting ablation. Removing the learned precision Ω from the solver term
at evaluation time, on the same weights (no training confound), degrades every
benchmark (Table 2 row b), and removing it from the triangulation as well costs
+0.6 to +1.5 mm (+1.0 mean), the triangulation that seeds the fit being the
dominant site (supplement). Isotropizing the learned Ω (magnitude kept, direc-
tionality discarded) changes nothing: the operative signal is a well-ranked confi-
dence magnitude (σ-vs-error r=0.46–0.69; details in the supplement). Separately,
training through the solver (Stage-B) improves on the Stage-A 2D-pretrained
fields on every benchmark (MPJPE −1.0 to −2.2 mm, MPVPE up to −2.4 mm),
while the 2D fields alone already give a usable fit (supplement). The solver stays
parameter-free (Table 1).

One refinement completes the solver: rescaling the 3D-anchor weight to the
pixel-space energy units improves four of the five benchmarks by 0.03 to 0.76 mm
(supplement; the Table 1 setting).

Backward: implicit vs. unrolled differentiation. The LM solve is differ-
entiable either by unrolling every iterate (memory grows with iterations) or by
implicit differentiation of the converged fixed point (O(1) memory). The im-
plicit gradient is the exact sensitivity of the converged solution, and unrolling
approaches it as the forward converges (cosine 0.88–0.96 at convergence on three
of four settings; supplement). It is thus not a lossy approximation but the con-
vergence limit of unrolling, at 12–14× cheaper backward (15.6→1.2 ms) and flat
memory. We train with it.
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Table 3: Inference-time anatomical-validity energy on the released model (mm,
↓; protocol and base of Table 1). The barrier is added at evaluation time only (no
retraining; w=50, last 5 LM iterations); construction, weight robustness, and paired
significance in the supplement.

MPVPE MPJPE PA-MPVPE
dataset (views) base +Eanat base +Eanat base +Eanat

DexYCB (8v) 7.9 7.8 7.5 7.4 4.9 4.9
HO3D (5v) 8.1 8.0 7.5 7.4 5.1 4.9
ARCTIC (8v) 7.5 7.4 6.6 6.5 5.7 5.6
InterHand (8v) 8.8 8.7 7.8 7.7 6.2 6.1
OakInk (4v) 9.6 9.2 8.9 8.8 5.7 5.1

Inference-time composability. Because 3D is solved by minimizing an explicit
energy, extra objectives compose at inference with no retraining: the anatomical-
validity barrier Eanat (Sec. 3.4) added at test time gives a small but consistent
gain on every benchmark, 0.1 to 0.4 mm MPVPE and up to 0.6 mm PA-MPVPE
on OakInk (Table 3; construction and paired significance in the supplement).

5 Limitations and Future Work

UA-Fit inherits the limits of its evidence. At two views a depth deficit along the
short baseline favors dense learned fusion, so we scope UA-Fit to the ≥3-view
regime of real rigs (supplement). It is less accurate on DexYCB and OakInk,
where the limit is the 2D evidence rather than the solver, while the ARC-
TIC margin is within run-to-run noise. Hand localization is assumed given, with
crops centered on the target hand for both methods. Finally, the non-parametric
POEM-v2-large model remains more accurate, likely needing image-conditioned
shape evidence beyond joint-level fields.
Future work. Because the normal equations accept arbitrary precision-weighted
terms (Sec. 4.3), external evidence such as a stronger 3D anchor, single-view key-
points (WiLoR [44]), or an ensemble can enter the same solver at test time and
be distilled into one MANO-consistent mesh.

6 Conclusion

We showed that calibrated multi-view hand recovery needs no large learned 3D
stage: a 2.0M-parameter 2D evidence network with a zero-parameter analytical
solver matches POEM-v2’s trained parametric head across five benchmarks, with
MANO-consistent output. What that head learns can instead come from known
geometry and a parametric prior.
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