
Follow My Hold: Hand-Object Interaction Reconstruction through Geometric
Guidance

Ayce Idil Aytekin1* Helge Rhodin1,2 Rishabh Dabral1 Christian Theobalt1
1 Max Planck Institute for Informatics and Saarland University

2 Bielefeld University

Figure 1. In-the-wild results. From a single RGB frame from in-the-wild (top row), our method reconstructs detailed 3D hand–object
interactions (bottom row). It does so by guiding a latent diffusion model with multi-modal cues derived from the input image and several
foundation models.

Abstract

We propose a novel diffusion-based framework for
reconstructing 3D geometry of hand-held objects from
monocular RGB images by leveraging hand-object interac-
tion as geometric guidance. Our method conditions a latent
diffusion model on an inpainted object appearance and uses
inference-time guidance to optimize the object reconstruc-
tion, while simultaneously ensuring plausible hand-object
interactions. Unlike prior methods that rely on extensive
post-processing or produce low-quality reconstructions,
our approach directly generates high-quality object geom-
etry during the diffusion process by introducing guidance
with an optimization-in-the-loop design. Specifically, we
guide the diffusion model by applying supervision to the ve-
locity field while simultaneously optimizing the transforma-
tions of both the hand and the object being reconstructed.
This optimization is driven by multi-modal geometric cues,
including normal and depth alignment, silhouette consis-
tency, and 2D keypoint reprojection. We further incorporate
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signed distance field supervision and enforce contact and
non-intersection constraints to ensure physical plausibility
of hand-object interaction. Our method yields accurate,
robust and coherent reconstructions under occlusion while
generalizing well to in-the-wild scenarios. The project page
is at https://aidilayce.github.io/FollowMyHold-page/.

1. Introduction
Our hands are how we shape the world; by picking, pushing,
holding, slicing, or sculpting. From watering flowers to as-
sembling furniture, hand-object interactions are ubiquitous.
However, from a 3D reconstruction perspective, these in-
teractions are inherently ambiguous: hands occlude objects
and shapes overlap. This makes an accurate 3D reconstruc-
tion of hand-object interaction (HOI) difficult as ambiguity
is even greater when working with a single image, where
depth and contact cues are limited. Tackling this practical
setting is crucial to enable robust and scalable 3D under-
standing in AR/VR, embodied AI, and robotics.

It is noteworthy that hand and object reconstruction have
been long-standing problems [12, 21, 24, 25, 31, 45, 46]
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with several challenges arising out of the ill-posedness of
the task. Unlike clothed bodies or textured objects, hands
are of rather homogeneous colors, making it challenging
to reconstruct them from a single image. Likewise, recon-
structing objects in 3D, despite the impressive progress in
the recent years [29, 40, 43, 50, 56], remains a challenging
task since objects come in such diverse shapes that build-
ing a strong prior is difficult. The reconstruction problem
becomes significantly more complex when we combine the
two tasks into one: reconstructing the 3D objects when they
are undergoing hand-held interaction.

Needless to say, one cannot solve the HOI reconstruc-
tion problem without reasonably modeling the occlusion
caused by the hands. In this line, existing works have
attempted several approaches, such as template-based op-
timization [20–23, 54], training on 3D hand-object data
[24, 27, 53], data-driven normal prediction [18] or 6DoF
prediction [4, 45]. However, such models either require
explicit geometric priors in the form of a template or are
better suited for reconstruction with multiple views/frames.
Moreover, methods that perform a direct regression of the
partial point-clouds [48] lack the ability to complete the un-
observed portions of the captured object.

Recently, methods like EasyHOI [32] and Gen3DSR
[13] have attempted to leverage the large-scale 2D and 3D
foundational models to propose pipelines that combine the
implicit priors in different foundation models into one. De-
spite impressive out-of-domain generalizability, they tend
to be brittle, and failure of a single component during opti-
mization often results in a catastrophic failure of the recon-
struction. Instead of directly adopting a generative model’s
output as the final reconstruction, we propose to embed 2D
foundational model supervision directly into the 3D gener-
ative sampling process to improve robustness.

With this core idea, we introduce FollowMyHold, which
guides a pretrained, flow-based image-to-3D generator dur-
ing inference with geometric supervision. Concretely, we
(i) extract complementary cues with 2D/3D foundation
models: interaction masks [33] and hand detection [38], in-
painted object appearance [28] with Gemini prompts [44],
an initial hand mesh [37], an initial coarse HOI mesh ob-
tained from Hunyuan3D-2 [56], and a partial HOI point
cloud [48]; (ii) register all outputs into a shared image-
aligned frame; and (iii) steer a rectified-flow 3D gen-
erator (Hunyuan3D-2 [56]) with an optimization-in-the-
loop design for sampling. Our staged optimization design
(hand, object, then joint refinement) applies pixel-aligned
2D losses (normal, depth, silhouette, keypoints) together
with 3D interaction constraints (intersection & proximity),
yielding physically plausible, globally consistent HOI re-
constructions.

We evaluate on well-established HOI image-to-3D re-
construction benchmarks like OakInk [52], Arctic [17]

and DexYCB [5]. FollowMyHold sets the state-of-the-
art among generative methods, surpassing EasyHOI in ob-
ject reconstruction accuracy and achieving almost two-fold
higher reconstruction rate, with strong robustness and in-
the-wild generalization. Extensive evaluation validates the
accuracy and robustness of our method. The code will be
publicly available.

2. Related Work
2.1. Reconstructing Hand-Object Interactions
Recovering the 3D structure of interacting hands and ob-
jects from a single image is challenging due to occlusions
and limited 3D supervision. Many existing methods sim-
plify the problem by assuming access to 3D object tem-
plates [3, 4, 7, 12, 19–23, 54], estimating only the hand and
object poses from video sequences [6, 36] or multi-view in-
puts [39]. Template-free approaches learn from 3D interac-
tion datasets [9, 10] but often struggle due to limited object
diversity in their training set. Recent work [32] uses foun-
dation models to reconstruct hands and objects separately
but fixes object geometry early, making the pipeline brittle
to initial errors. In contrast, our method jointly optimizes
object shape, pose, and hand pose in a category-agnostic
manner, leveraging foundation model priors while guiding
the model via geometric signals.

2.2. Monocular 3D Object Reconstruction
Recovering 3D shape from a single image remains one of
the most fundamental problems in 3D vision. From early
CNN-based models [29, 40] to retrieval-based systems [43]
and volumetric methods [34], a wide array of strategies have
been proposed. Recent trends shift toward generative re-
construction, with Large Reconstruction Models (LRMs)
[26, 42, 47, 49, 50, 56] enabling high-fidelity geometry
from sparse input. However, these models are typically
trained under assumptions of object-centric, unobstructed
inputs. In practice, reconstructions degrade sharply in the
presence of occlusion, such as during human-object interac-
tion. Our approach adapts large-scale object reconstruction
models to this more complex setting by integrating addi-
tional cues derived from hand-object contact and visibility,
guiding them toward more plausible completions even un-
der partial observation.

2.3. Hand Mesh Recovery
Estimating hand pose and shape from images has seen ma-
jor progress with the introduction of parametric models like
MANO, allowing dense predictions from monocular RGB
[14, 37, 38]. Recent approaches either directly regress
MANO parameters [1, 2] or optimize them via image-level
constraints [55, 57]. While these techniques perform well
in isolation, they often fail to account for physical plausibil-



ity in the presence of interacting objects. In our method, we
employ HaMeR [37], a state-of-the-art hand mesh recovery
method, and use this mesh as a signal to guide the object
reconstruction process.

3. Preliminaries: Rectified Flow and Notation
We review rectified flow model, which is the backbone of
our 3D generator (Hunyuan3D-2), to clarify how inference-
time guidance operates.
Rectified flow x̂1 formulation. Rectified flow models are
a class of generative models trained with the flow-matching
objective [16], framing generation as solving an ordinary
differential equation (ODE). Instead of predicting noise (as
in DDPMs, which approximate the score function), the
model learns a velocity field that moves a noisy sample to-
ward a clean target over time. Given a noisy sample xt at
time t and conditioning c, the model predicts vω(xt, t, c),
and the update is

xt+!t = xt + (ωt+!t → ωt)vω(xt, t, c), (1)

where ωt ↑ [0, 1] encodes the flow time at step t ↑ [0, 1]. At
inference, we steer generation without changing the model
weights by modifying vω(xt, t, c) using gradients of a task
objective G (Sec. 4), e.g., geometry-consistency losses, to
nudge the trajectory toward lower G. To evaluate G we
often need the estimate of the clean sample x̂1 (following
Hunyuan3D-2’s x1-target formulation), as it is the current
approximation of the underlying target. This is recovered
from the flow vω(xt, t, c) using Eq. 4.54 in [30],

x̂1 = xt + (1→ ωt)vω(xt, t, c). (2)

Derivation details are in the supplemental material.
Notation. We denote meshes by M, with superscripts in-
dicating their canonical spaces: MU for Hunyuan, MH for
HaMeR, and MI for image-aligned space. Transformations
between spaces are represented by a similarity transform T ,
parameterized by scale s ↑ R, rotation R ↑ SO(3) and the
translation t ↑ R3. For example, a mesh in HaMeR’s out-
put space could be transformed to image-aligned space via
MI

= TH→I · MH.

4. Method
Reconstructing a physically plausible 3D hand-object in-
teraction from a single RGB image is a fundamentally ill-
posed task. Occlusion, entangled geometry, and limited
depth cues make it difficult to recover accurate hand and ob-
ject shapes, and consequently their spatial arrangement. Re-
cent foundation models offer strong priors for hands (e.g.,
HaMeR), 3D geometry (e.g., Hunyuan3D-2), and pixel-
aligned partial geometry with depth cues (e.g., MoGe-2).
Each model presents a set of complementary strengths and

weaknesses, and our goal is to propose a method that effec-
tively navigates these conflicting properties. However, the
methods are incompatible, e.g., they operate in their own
canonical coordinate space, with mismatching assumptions
about scale, orientation, and alignment.

Simply connecting the outputs of these models, as
attempted by recent methods like EasyHOI [32] and
Gen3DSR [13], does not work well as the misalignment of
canonical spaces prevents direct comparison or joint opti-
mization of model outputs. Our method directly tackles this
coordination challenge by explicitly aligning model outputs
into a shared, image-aligned reference frame. This align-
ment unlocks a crucial capability: we can now compare
the rendered normals, disparity, and silhouette maps from
our 3D predictions directly against 2D supervision maps
rendered from MoGe-2 [48], a state-of-the-art method for
point-cloud prediction. This enables pixel-accurate, differ-
entiable supervision throughout the optimization process.

At a high level, our method (1) uses foundation models
to segment and inpaint the image and produce initial 3D
predictions, including a hand mesh, a partial point cloud of
HOI, and a coarse HOI mesh (Sec. 4.1.1 and Sec. 4.1.2),
(2) aligns all outputs to a shared coordinate frame via a
two-stage transformation chain (Sec. 4.1.3), and (3) renders
from this unified frame and applies gradient-based guidance
during diffusion using both 2D supervision (e.g., normals,
depth, silhouette) and 3D interaction constraints (e.g., inter-
section and proximity losses) (Sec. 4.2.1). See Fig. 2 for an
overview of our method.

4.1. Initialization with Foundational Models
4.1.1 2D Signal Extraction

Given as input a single RGB image Ifull ↑ RĤ↑Ŵ↑3, we
first localize the interaction region using foundation mod-
els. Specifically, LangSAM [33] is used to extract the hand
(Mh) and object (Mo) masks, while WiLoR’s hand detector
[38] detects hand bounding boxes. Together they define a
crop yielding Icrop ↑ RH↑W↑3. We then use a diffusion-
based inpainter (FLUX.1 Kontext[dev] [28] guided by a
Gemini [44] text prompt) to remove the hand and complete
the occluded object appearance, producing the inpainted ob-
ject image Iobj. We additionally mask Icrop with the union of
Mh and Mo to obtain Ihoi, which serves as input to MoGe-2
and Hunyuan3D-2.

4.1.2 3D Geometry Initialization

We precompute 3D cues to guide diffusion-based hand-
object reconstruction. To begin with, we employ a state-of-
the-art hand-reconstruction model, HaMeR [37], that pro-
vides an initial hand mesh MH

h
and its 2D keypoints K̂2D

from Icrop. Then, MoGe-2 [48] is used to estimate the par-
tial point cloud Phoi ↑ RNm↑3 and camera ε from Ihoi. The



Figure 2. Overview of FollowMyHold. Given a single RGB frame, we (1) isolate the interaction region and derive binary hand/object
masks with LangSAM and WiLoR’s hand detector; (2) inpaint the occluded object appearance using FLUX.1 Kontext + Gemini (§4.1).
Next, we obtain three complementary 3D cues: a HaMeR hand mesh, a MoGe-2 partial point cloud (with camera pose ω), and a coarse
Hunyuan3D-2 HOI mesh. A two-step ICP registers all cues into a common image-aligned frame. Finally, we perform inference-time
guidance with a staged optimization (§4.2): Phase 1 optimizes the hand transform Th; Phase 2 optimizes the object transform To and
guides the velocity field; Phase 3 jointly refines (Th, To) while guiding with pixel-aligned 2D losses (G2D: normals, disparity, silhouette)
and 3D constraints (G3D: intersection, proximity). The right bottom row shows progressive object refinement over diffusion steps.

partial point cloud Phoi output by MoGe-2 only consists of
the points corresponding to the unoccluded portions of the
input object image Ihoi, as shown in Fig. 2. We then ren-
der the normal map, disparity map, and silhouette from Phoi
using ε to serve as the supervision maps for the geometric
guidance objective during the sampling process.

At the core of our framework lies Hunyuan3D-2 [56],
a large-scale latent diffusion model for 3D shape genera-
tion. The diffusion transformer Ehoi produces the HOI latent
xhoi = Ehoi(xt; t, choi), where choi are DINOv2 [35] features
of Icrop. The generated latent xhoi is decoded into a signed
distance field (SDF) by Hunyuan3D-2’s decoder D over a
query grid q ↑ [→1, 1]3, and meshed via FlexiCubes [41]:
SDFhoi = D(xhoi, q) and MU

hoi = FlexiCubes(SDFhoi).
Although trained on single objects, Hunyuan3D-2 preserves
a coarse hand–object arrangement on HOI inputs, as shown
in Fig. 2 in the Initialization with Foundation Models part.

In our work, we propose to leverage this coarse align-
ment as a valuable cue for transforming and aligning
meshes across canonical spaces.

4.1.3 Transforming Across Canonical Spaces with ICP

While critical to our pipeline, the outputs from HaMeR,
Hunyuan3D-2, and MoGe-2 lie in different coordinate

spaces. To enable joint reasoning and rendering, we esti-
mate rigid transformations between these coordinate spaces
using Iterative Closest Point (ICP) alignment.

We first align the coarse HOI mesh to the partial point
cloud (yielding TU→I ), then align the hand mesh to the
coarse HOI mesh (resulting in TH→U ) to compose them
and obtain TH→I ; this two-step ICP avoids the pitfalls of
directly aligning the hand to an incomplete point cloud.
These transformations bring all the geometric entities into
a unified coordinate frame (image frame of MoGe-2 par-
tial point cloud) for consistent modeling and inference-time
guidance. Note that we initialize ICP with a similarity trans-
formation that aligns the centroids and global scales of the
source and the target.
4.2. Inference-Time Guidance and Staged Opti-

mization
We combine inference-time guidance with staged optimiza-
tion of transformation parameters. We first explain our
guidance strategy in rectified flow and then the role of each
optimization phase.

4.2.1 Inference-time Guidance

Our base image-to-3D generative model, Hunyuan3D-2,
uses a rectified flow model (Sec. 3) designed for efficient



image-to-shape generation. We modify this model by in-
tegrating gradient-based supervision directly into the flow
trajectory at inference time, enabling end-to-end refinement
of object geometry and pose under loss-specific constraints.
We structure our reconstruction process into three phases,
each addressing specific challenges in HOI recovery.

Before introducing our geometric guidance, we let the
denoising process reach time step t ↓ ϑ1, at which the de-
noised latents reach a coarse but sufficient quality. For early
diffusion steps t < ϑ1, we apply standard rectified flow up-
dates in Eq. 1 without guidance.

Algorithm 1 Inference-time Multi-step Optimization
Require: RS : Supervision maps
Require: wopt: geometric optimization guidance strengths
Require: DifferentiableRenderer

1: xT → N (0, I) ε Sample noisy latent vector
2: for all t from 0 to 1 do
3: vt ↑ E(xt, t, cobj)
4: if t > ϑ2 then ε Geometric guidance in Phase 3
5: Zt = [vt, To,t, Th,t] ε Define optimization variables
6: for k = 1 to K do ε Multiple gradient descent steps
7: x̂k

1 = xt + (1↓ ϖt) · vk

t

8: MU

o = FlexiCubes(D(x̂k

1 ,q))
9: MI

o = T k

o,tTU→IMU

o , MI

h = T k

h,tTH→IMH

h

10: Rk

t ↑ DifferentiableRenderer(MI

o ↔MI

h)
ε Compute 2D and 3D geometric losses

11: G2D ↑ L2D(Rk

t ,RS), G3D ↑ L3D(MI

o,MI

h)
ε Gradient-based updates

12: Zk

t ↑ Zk

t ↓wopt↗Zk
t
(G2D(Zk

t ) +G3D(Zk

t ))
13: end for
14: v↑

t = vK

t ε Update v with the steered velocity field
15: end if
16: xt ↑ xt + v↑

t ε Rectified Flow step
17: end for

ε Obtain final hand and object meshes
18: MI

o = To,1TU→IFlexiCubes(D(x1, q))
19: MI

h = Th,1TH→IMI

h,1

Algorithm 1 describes our full inference-time multi-step
optimization used in Phase 3, where both the object and
hand transformations To and Th are jointly optimized and
the velocity field vω(xt, t, cobj) is guided using both 2D and
3D objectives. We denote the flow field vω(xt, t, c) as vt for
simplicity. Rs represents supervision maps rendered from
Phoi: normal, disparity, and silhouette maps. Unlike tradi-
tional inference-time guidance, we follow an optimization-
in-the-loop strategy, jointly optimizing the transformations
(Th and To) along with the flow field estimated by the
model. In particular, for each diffusion time step t ↑ [ϑ2, 1],
we perform K inner gradient descent iterations to jointly
optimize the transformations and steer vω(xt, t, c) using 2D
and 3D geometric objectives G2D and G3D.

Across phases, 2D losses compare rendered maps
against Rs: normal alignment Lnorm,(·), L1 disparity

Ldisp,(·), and binary cross-entropy silhouette Lsil,(·), with
(·) ↑ {h, o, hoi} for hand, object, and their union. Note
that we treat the hand geometry as fixed during object re-
construction, as HaMeR provides reliable hand estimates
even under occlusion. In contrast, the object is more un-
derconstrained due to partial visibility and the wide range
of plausible shapes. We use the hand as a stable geometric
anchor to constrain object pose optimization. Overall, this
staged strategy enables stable and physically plausible 3D
interaction reconstruction from a single RGB image. The
phases are explained in the following.

4.2.2 Phase 1: Hand-Only Optimization

Phase 1 only focuses on optimizing the hand to estab-
lish a spatially meaningful anchor before introducing guid-
ance on the object. At diffusion step t = ϑ1, we op-
timize the hand transformation Th, initialized with unit
scale, identity rotation, and zero translation, while keep-
ing the object transformation parameters To and the ve-
locity field vω(xt, t, cobj) fixed. We first transform the
MANO hand mesh MH

h
into the image-aligned space as

MI

h
= TH→IMH

h
and pose it with H̃ = Th ·MI

h
. Render-

ing H̃ yields Lnorm,h, Ldisp,h, Lsil,h. We also add the ϖ2 loss
between the projected 3D hand keypoints and their corre-
sponding 2D keypoints detected by HaMeR and regularize
excessive translation using Lreg,h =

∥∥th
∥∥2. The Phase 1

objective Lphase1 sums these terms (weights in supplemen-
tal material). Once complete, we obtain a well-posed hand
mesh and proceed with the denoising process.

4.2.3 Phase 2: Object-Only Optimization

This phase addresses a key robustness challenge: if the
object reconstructed at t = ϑ1 is heavily misaligned or
poorly scaled, it can occlude or be occluded by the hand
in the rendered views, degrading the effectiveness of 2D
losses. To mitigate this, we coarsely align the object be-
fore enabling joint hand-object reasoning in Phase 3. At
t = ϑ2, we optimize To and apply gradient-based guid-
ance to vω(xt, t, cobj), while keeping the hand transfor-
mation Th fixed. The operations in this phase are simi-
lar to Algorithm 1 without the hand mesh. To is initial-
ized as identity, and following Sec. 4.2.1, we extract the
object’s mesh, which is defined in the canonical space of
Hunyuan3D-2. We then transform it to image-aligned space
via MI

o
= TU→IMI

o
and pose it by Õ = To · MI

o
. From

Õ, we render geometry maps and compute the supervision
losses Lnorm,o, Ldisp,o, Lsil,o. We also compute a regulariza-
tion loss Lreg,o to penalize excessive translation, scale drift,
and mesh noise. The Phase 2 loss Lphase2 (sum of these
terms; weights in supplemental material) serves as G2D to
steer vω(xt, t, cobj) while updating To for k2 steps. Once



complete, we obtain a coarsely posed object mesh and a
supervision-steered velocity field v↓

ω
(xt, t, c), and proceed

by updating the object latent using Eq. 1.

4.2.4 Phase 3: Joint Optimization

In this final phase (at t ↑ [ϑ2, 1]), we jointly refine
vω(xt, t, cobj), To, and Th. This phase introduces 3D geo-
metric supervision alongside 2D objectives to ensure spatial
plausibility and physical interaction.
2D geometric supervision: With H̃ and Õ posed, we de-
fine ⊋HOI = H̃ ↔ Õ and compute Lnorm,hoi, Ldisp,hoi, Lsil,hoi.
3D geometric supervision: To ensure physically plausi-
ble hand-object interactions, we introduce intersection and
proximity losses.
Intersection loss. We add an intersection penalty with the
goal of introducing a guidance objective that nudges the
sampling process towards a 3D latent that does not inter-
sect with the hand. Specifically, we convert the posed hand
and object meshes into signed distance fields (SDFs) on a
shared volumetric grid and define the objective as

Lintersection =
1
K

K∑

i=1

[SDFh(fi) < 0 ↗ SDFo(fi) < 0] ,

(3)
where [·] represents the indicator function. This loss pe-
nalizes regions where both SDFs are negative, indicating a
volumetric overlap.
Proximity loss. While the intersection term ensures that the
resulting SDFo does not penetrate the hands, it does not
guarantee that the object stays in proximity to the hand.
Hence, we define the proximity loss using attraction terms
with margin ϱcontact,

Lproximity =
1

|V I

h
|

∑

vh↔V
I
h

max(0, dho(vh)→ ϱcontact). (4)

where dho(vh) represents one-sided distances from V I

h
to

V I

o
. We compute one-sidedly from hand to object because

the hand mesh typically has more reliable geometry. This
avoids unstable gradients from noisy object predictions and
encourages stable, plausible contact during optimization.
Both losses provide complementary guidance: the intersec-
tion loss enforces separation, while the proximity loss pro-
motes firm contact.
Final Phase 3 loss. The total loss Lphase3 sums the HOI
2D terms, the intersection and proximity losses, and softly
reuses Lphase1 and Lphase2 with lower weights to avoid over-
riding new signals. At each step (ϑ2 < t ↘ 1) we optimize
(Th, To) and steer vt for k3 iterations using Lphase3, then up-
date the latent via Eq. 1. At the end of this phase, we decode
the final latent using the steered velocity field v↓

ω
(xt, t, c),

extract the object mesh, and pose both hand and object with

the optimized Th and To to obtain the final HOI reconstruc-
tion ⊋HOI .

5. Experimental Results
We evaluate our approach on three publicly available
datasets: OakInk [52], Arctic [17], DexYCB [5]. All
datasets include human grasps annotated with 3D hand-
object poses, shapes, and meshes. OakInk contains 100
rigid objects, Arctic 11 articulated objects, and DexYCB
20 YCB objects. We randomly sample 1000 images from
each dataset as our test sets. Our model is not additionally
trained as we use pretrained foundation models.
Comparison Baselines. We compare against the SOTA HOI
methods in two groups: deterministic feed-forward (FF)
and generative (Gen). For FF methods, following [32],
we include IHOI [53], AlignSDF [8] and gSDF [10]. We
also include HORT [11], which predicts point clouds; for
fair comparison, we convert them to meshes using alpha
shapes [15] as in their Supplementary Sec. B.1. Our pri-
mary focus, though, is on Gen models, where EasyHOI [32]
is the current state-of-the-art leveraging 2D and 3D founda-
tion models for hand–object reconstruction. However, we
deviate from EasyHOI’s evaluation scheme wherein new
test inputs are sampled until a set of 500 successful genera-
tions are achieved. Instead, we randomly sample 1000 test
images and evaluate all the baseline methods on these test
images. Since AlignSDF, gSDF, and HORT were trained
on DexYCB, we exclude them from DexYCB evaluation
for fairness. Video-based methods are excluded since our
approach is single-frame. All the results for all the methods
are re-computed on our randomly sampled testset.
Performance Measures. We assess three main aspects of the
hand-object interaction reconstruction task. Following [9],
we report object accuracy via Chamfer Distance (CD) on
30K point samples and F-scores at 5mm/10mm (F5/F10).
All object metrics (CD, F5, F10) capture both object shape
and hand–object relative pose errors. For grasp plausibility,
we measure hand–object Intersection Volume (I.V.) [32].
These accuracy metrics are computed only on the success-
fully reconstructed cases, excluding those where no output
is provided, e.g., due to missing segmentation or failing op-
timization. To assess how robust a method is, we compute
the Reconstruction Rate (R.R), i.e. the fraction of samples
over the whole test set that the method produces an output
for, regardless of quality. More details regarding evaluation
are in the supplemental material.
Implementation Details. All experiments are conducted on
an NVIDIA Tesla H100 NVL GPU. Our framework is im-
plemented in PyTorch and integrated with the Hunyuan3D-
2 pretrained diffusion backbone. We use the Adam opti-
mizer to update the hand and object transforms and to steer
the velocity field. As we optimize with respect to a sin-
gle input view, the batch size is 1, and we use a total of



Table 1. Quantitative evaluation for HOI reconstruction. We do not evaluate AlignSDF, gSDF, and HORT on DexYCB as they are trained
on it. F5 and F10 measure the F-scores of reconstructed object points within 5mm and 10mm of the ground-truth (GT) object, respectively.
C.D. refers to the Chamfer Distance (in cm2) between the reconstructed object and GT object. I.V. refers to Intersection Volume (in cm3)
between the hand mesh and the object mesh. R.R. refers to the Reconstruction Rate, defined as the fraction of objects for which a method
produces an output, regardless of quality. Methods are also categorized as feed-forward (FF) or generative (Gen) approaches.

Method OakInk Arctic DexYCB

F5 ≃ F10 ≃ C.D. ⇐ I.V. ⇐ R.R. ≃ F5 ≃ F10 ≃ C.D. ⇐ I.V. ⇐ R.R. ≃ F5 ≃ F10 ≃ C.D. ⇐ I.V. ⇐ R.R. ≃

FF

IHOI 0.132 0.252 3.97 6.20 0.82 0.079 0.148 11.9 4.27 0.63 0.108 0.211 4.87 6.41 0.49
AlignSDF 0.060 0.119 7.75 12.5 0.94 0.042 0.083 17.7 15.6 0.86 – – – – –
gSDF 0.047 0.093 8.17 0.62 0.87 0.036 0.070 18.9 1.23 0.79 – – – – –
HORT 0.319 0.508 2.22 16.6 0.99 0.101 0.190 11.0 30.8 0.88 – – – – –

G
en EasyHOI 0.109 0.210 4.62 21.31 0.39 0.079 0.145 10.9 18.3 0.36 0.090 0.176 6.26 19.13 0.30

Ours 0.179 0.322 1.80 5.96 0.87 0.160 0.288 2.57 5.08 0.92 0.158 0.300 2.04 7.02 0.58

Figure 3. Qualitative comparison of 3D HOI reconstructions on OakInk and Arctic datasets. From left to right: input RGB frame;
reconstructions produced by our method, by EasyHOI, by HORT, and by IHOI. We evaluate and visualize HORT results after converting
the point clouds into meshes following the procedure mentioned in the HORT paper, Supplementary Section B.1. Our approach yields
more accurate object geometry with more plausible hand-object interactions.

Figure 4. Qualitative comparison of 3D HOI reconstructions
on DexYCB dataset. From left to right: input RGB frame; recon-
structions produced by our method, by EasyHOI, and by IHOI.
Since HORT is trained on DexYCB, we do not include it to the
comparison. Our method yields more accurate geometry and plau-
sible interactions.
20 diffusion inference steps, with hand-only optimization
conducted at step 9 and gradient-based guidance applied
from step 10 onward. The object guidance scale is fixed
at 5.0. The remaining hyperparameters for each phase can
be found in the supplemental material. Our method approx-
imately takes 6.03 minutes per sample.

5.1. Comparison
We report the quantitative comparison results of our method
against the baselines in Tab. 1. Accuracy: FollowMyHold
achieves the lowest Chamfer Distance across all datasets,
indicating superior global alignment of reconstructed ob-
jects. On OakInk, HORT achieves higher F-scores despite
worse CD. This indicates that HORT reconstructions are

coarser than us (higher CD) while managing to not fail
catastrophically on the challenging cases (higher F5/F10)
as also indicated by their high reconstruction rate, due to
its feed-forward design. On Arctic, FollowMyHold gen-
eralizes better. HORT fails more frequently on thin, fine-
grained, or larger tools of Arctic dataset, while FollowMy-
Hold maintains coherent geometry and lower CD. Further-
more, our approach maintains a relatively low intersection
volume, significantly outperforming EasyHOI and HORT.
Although gSDF yields lower intersection volumes, it com-
promises significantly on object reconstruction accuracy
and robustness. Robustness: FollowMyHold achieves suc-
cessful reconstruction at a significantly higher rate than
EasyHOI (87% vs 39% on OakInk), i.e. succeeds on more
challenging cases while still being more accurate overall.
In fact, our RR is comparable to feed-forward methods
that rarely fail except under poor detections/segmentations.
This demonstrates the strength of our optimization-in-the-
loop guidance, combining accuracy with high success rates
among generative methods like EasyHOI.

Figures 3 and 4 show that our method accurately recon-
structs object geometries and plausible hand-object inter-
actions, surpassing EasyHOI, HORT, and IHOI. EasyHOI
struggles with scale consistency and object completeness,



Figure 5. Ablation of the phased optimization. We visualize the ablation study on our staged optimization design. We compare HOI
reconstruction quality when removing inference-time guidance, dropping Phase 1 or Phase 2, swapping their order, or performing joint
optimization. The full method yields the most accurate grasp and object. The bottom row shows the camera viewpoint, while the top row
provides an alternative view to highlight differences.

whereas IHOI, while better in grasp accuracy compared to
EasyHOI, frequently fails in object reconstruction. HORT
struggles on rare, fine-grained geometries (e.g., Fig. 3, sec-
ond row, fourth column). Point-cloud meshing via alpha-
shapes (HORT Supplementary Sec. B.1) can also break
slender parts. Further qualitative results are provided in the
supplemental material. We also demonstrate our results on
in-the-wild images, collected from the internet and our daily
lives in Fig. 1, which shows FollowMyHold’s robustness
and accuracy in real-world examples.

5.2. Ablation Study
We analyze the effects of our staged design and influence
of using guidance (Fig. 5 and Tab. 2). Our ablation set con-
sists of 100 random samples from OakInk dataset. Our full
method achieves 1.70cm2 CD. Without guidance (generate
object first, then optimize transforms), CD rises to 3.70cm2,
and confirms the importance of guidance for object refine-
ment. Without Phase 1 (no hand-only optimization) CD
degrades to 5.67cm2, confirming the hand as a spatial an-
chor. Without Phase 2 (no object-only optimization) CD
increases to 3.53cm2 and indicates that object-before-joint
refinement is necessary. Swapping the order of Phase 1 and
Phase 2 results in 3.18cm2, which demonstrates the impor-
tance of the phase order. When we perform hand-object
joint optimization from the start, CD increases to 5.51cm2

and highlights the importance of having phases of optimiza-
tion. Additionally, to show that our main performance in-
crease compared to EasyHOI comes from our method de-
sign rather than Hunyuan3D-2, we replace EasyHOI’s mesh
generator with Hunyuan3D-2, which only slightly improves
CD (5.23 ⇒ 5.13cm2). Our method still achieves a CD
nearly 3⇑ lower. Supplemental material includes the corre-
sponding details and our ablation on loss terms.

6. Limitations and Future Work
Our inference-time guidance trades accuracy and robustness
for compute: each step includes inner-loop gradient updates

Table 2. Ablation study for each method phase on the ablation set.

Method C.D. ↘ I.V. ↘

w/o inference-time guidance 3.70 5.83
w/o Phase 1 5.67 7.66
w/o Phase 2 3.53 4.82
swapping Phases 3.18 5.19
joint optimization 5.51 11.7

Full Method 1.70 4.03

with backpropagation through the latent decoder, increas-
ing runtime. Our method also assumes reliable upstream
segmentation and inpainting, however artifacts at this stage
can propagate into reconstruction. Another limitation lies
in reconstructing thin objects where supervision signals are
weaker. Examples are shown in supplemental material.

Future work includes developing more robust fusion of
2D and 3D signals together with learned interaction priors
for uncertain regions, integrating our geometric objectives
into diffusion training to remove the guidance inner loop,
and extending the approach to video with temporal consis-
tency (e.g., optical-flow alignment) for reconstructing stable
frame-by-frame sequences for AR/VR and telepresence.

7. Conclusion
We introduced FollowMyHold, a single-image HOI re-
construction method that guides a pretrained 3D rectified-
flow model at inference using an optimization-in-the-loop
design. We show that the proposed inference-time guid-
ance from pixel-aligned 2D cues (normal and disparity
alignment, silhouette consistency) together with 3D inter-
action constraints (intersection, proximity), applied within
a staged optimization (hand ⇒ object ⇒ joint), produce
physically plausible and globally consistent reconstruc-
tions. Interestingly, this strategy significantly improves the
reconstruction robustness, in addition to the improved ob-
ject reconstruction quality.
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