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Abstract: In this work, our objective is to estimate the distribution of contact
forces on the hand when holding an object. This is a fundamental problem at the
core of multiple downstream tasks such as physically-plausible object manipula-
tion, affordance, and precise hand-object reconstruction. Using simple Newtonian
physics, we formulate this as an optimization recipe to estimate forces on hand
vertices given the object is static (i.e., zero net force and torque). The physi-
cal properties (e.g., mass and friction coefficient) are estimated by leaning on the
world knowledge of VLMs. The method is also extended to video data where
we jointly optimize a temporal sequence of forces with smoothness regularizers.
Since there is no single dataset of hand-held objects with both 3D annotations and
force heatmaps, we build a robust pipeline for 3D hand and object reconstruction
on EgoTactile which has force ground truth. Forces simulated by our method out-
perform existing baselines on EgoTactile. Furthermore, our method generalizes to
in-the-wild data, e.g., on samples from EPIC-Contact.
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1 Introduction

The year is 1666. Newton is sitting under that apple tree. While pondering about why the apple fell
straight into the ground, he picks it up, holds it steady and observes it carefully. While inspecting it,
he loses his grip and the apple falls. So, he murmurs to himself, why does the apple remain static
when held in a particular way and falls off as the grip loses? Thanks to Newton himself, today we
can use high-school physics to reason about this problem. As shown in Fig. 1, as the apple is static,
the net external forces on the apple are zero, i.e., the gravitational pull is balanced by the contact-
normal forces and the frictional forces. Likewise, since there is no rotation, the net torque is also
zero. Together, they enable us to recover a plausible force profile. This is the crux of our paper.
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Given the image of hand-held object and the 3D mesh representation of the posed hand-object sys-
tem, our goal is to recover the force profile as illustrated with a toy example in Fig. 1. There are
several challenges to implement this idea based on Newton’s laws in practice. (i) Tricky optimiza-
tion: this is an under-specified problem since there can be multiple ways to hold an object static.
Even for a given pose, there can be multiple solutions to the optimization problem. (ii) Physical
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Figure 2: Newtonian force estimation. Given an image of hand-held object, we leverage a powerful
VLM to estimate its mass m and (static) friction coefficient ps. Optionally, when required, gravity
is estimated based on geometric heuristics. Then, m, 4, 3D reconstruction of hand-object system
are fed to our optimization module which uses Newton’s laws to estimate the force field on the hand.

properties: We need to estimate physical properties (object mass m and friction coefficient i) and
direction of gravity in a robust manner from a single image. (iii) Generalizability: While this idea
has been explored in prior work, it is usually evaluated in a very limited setting [1, 2, 3] or with
specialized hardware [4]. (iv) Evaluation data: Finally, there is no single dataset with 3D hand and
object as well as force annotations. Datasets with 3D hand-object poses do not have force mea-
surements [5, 6, 7] and vice-verse [8, 9]. There are some datasets with ground truth forces but are
collected with gloved hands which makes it difficult for 3D reconstruction [10, 11].

(1) We solve the optimization as a second-order cone program (SOCP) inspired by Pham et al. [1].
While the force/torque equations are linear in force F), at point x, the friction equations are second-
order cone constraints [12]. To restrict the solution space, we only consider K,=32 anchor points
(Yang et al. [13]) given the fixed topology of the MANO hand model [14]. Furthermore, we pick
the minimum Euclidean norm solution intuitively picking a force profile that picks the object with
the least contact effort. (ii) To obtain physical properties m, (5, we leverage the world knowledge of
frontier VLMs [15, 16]. In cases where the camera axis is not perpendicular to gravity, we use simple
geometric heuristics. (iii) The combination of these ingredients make our method generalizable: it
works on in-the-wild samples from EPIC-Contact by Bansal et al. [17]. A brief overview of the
complete pipeline is shown in Fig. 2. (iv) To address the data problem, we take an existing dataset,
EgoTactile (Zeng et al. [8]), which has pressure grid annotations. We transfer the grid values to the
MANO hand mesh giving us approximate force measurements. We build a semi-automatic pipeline
to obtain accurate hand-object reconstructions detailed later [18].

We compare our method with a strong baseline: the SOFA physics simulator from EgoPHI [2] on
the same 3D hand-object meshes for EgoTactile [8]. Our method outperforms SOFA across all the
metrics, notably by +0.12 points on Pearson’s correlation. We also demonstrate generalization to
other datasets like DexYCB [5] and in-the-wild samples from EPIC-Contact [17]. We also demon-
strate an extension of the recipe to video data with joint optimization over force profiles over time.

2 Method

Physical properties. We lean on the world knowledge of a Multimodal LLM (VLM) to estimate
¢ = {m, s}, mis mass, u friction coefficient, from a single image [16]. The VLM is prompted to
estimate the object’s mass in kilograms and its Coulomb friction coefficient against dry human skin.

Gravity estimation. In some datasets, the camera is parallel to the ground plane [8] which makes
g trivial. For in-the-wild samples [17], we need to estimate gravity explicitly. Let’s assume known
camera intrinsics K. Suppose we have a line ['in the 2D image plane, then, it back-projects to a
plane in 3D with normal n = K TT. If this line was parallel to gravity &, then g must lie in this
plane, i.e., ﬁT.g = 0. Thus, each line gives us one linear constraint on g. If we have many (> 3)
such lines {xi; } we can solve for g using robust least squares. Since we only qualitatively evaluate
on [5, 17], we manually annotate such 2D lines (e.g., vertical edges of a box) but this can be done
automatically at a larger scale by first detecting lines [19]. Then, either (i) using RANSAC to filter
the set of vertical lines, (ii) using semantic labels (e.g., table edges). We leave this to future work.



Force estimation. Given a posed MANO hand mesh 7, a posed object mesh O (both in metres in a
shared camera frame), object mass m, friction coef. i, and a unit gravity direction g, we estimate a
per-vertex force magnitude field on the hand [1]. We pick a subset of K, anchors within a distance
threshold of O. For each active contact k, let p; be the closest point on the object, nj the inward
object normal at py, and (¢ x,t, 1) an orthonormal tangent basis. If fewer than three anchors are
in range, we relax the threshold; if none remain, we return zero force. Let F}, € R? be the force
applied on the object at py,, written in the local contact frame as

Fk :fn,k,nk+ftw,ktx,k+fty,kty,ka fnk > Oa ||(ftm,k7fty,k)H2 Sﬂfn,k,- (1)
Static equilibrium of the free body O requires
D Fe+mgg=0, > (pk— Ceom) X Fr =0, 2)
k k

where c.opy is the object centre of mass and g=9.81 ms~2. Among solutions of this underdeter-
mined system we take the minimum-norm force field

. 2 [
%ﬁ Xk: |F:]|5 s.t. equilibrium and Coulomb cones, 3)
which is a second-order cone program (SOCP). Force/torque balance is linear in F}; the cones make
the program an SOCP rather than an linear programming. If the hard program is infeasible (we
cannot find a solution that satisfies all criteria), then, we add a small slack to force-torque equations
and minimize the slack. The SOCP yields forces only at the K active anchors. We Gaussian-splat
| F).| onto the 778 MANO vertices to obtain a dense magnitude map used for evaluation.

3 Experiments

3.1 Quantitative evaluation on EgoTactile

EgoTactile [8] provides grid-based pressure annotations which we normalize to [0, 1] since we
cannot compare with raw sensor units [11]. Zeng et al. [8]’s clever trick is to make the participant
pick up the same object with both hands with tactile sensor gloves only on one hand while the video
is recorded with the other bare hand. We use the bare-hand videos for 3D reconstruction of hand
and object as described below [18].

1. Initial hand and object mesh: We segment the hand and object using SAM3 [20]. In each video, we pick
a frame where the hand is not yet in touch with the object. We feed this frame to SAM-3D [21] to construct
a high-fidelity mesh of the object. We also feed this frame to a frontier VLM (e.g., Claude Sonnet 5.5) and
prompt it to estimate m, us. Then, we pick a key frame where the object rests static in the hand. In that
frame, we use WiLoR [22] to initialize the MANO hand parameters.

2. Scale estimation: We use MoGe-V2 [23] to get the depth map. Then, for both hand/object, we lift the 2D
mask to 3D with the depth map and separately tune s,, s;, and translation by fitting the hand/object mesh
to its point cloud.

3. Joint optimization: Then, for the key frame, we jointly optimize the hand and object parameters in a
curriculum fashion starting with refining scale, then translation, and then pose. We use standard mask
re-projection loss and a penalty on intersection.

4. Manual refinement: We observe that Steps 1-3 do not yield clean, accurate contact points between hand
and object. Since force estimation depends critically on reasonable contact points, we manually adjust the
scale, translation and global rotation of the object on an interactive 3D platform. More details in Supp.

In total, we obtain 3D hand + object annotations for N = 206 frames in EgoTactile spanning
O = 25 different objects. We then evaluate our method and compare it with SOFA physics-based
simulator used in EgoPHI [2]. Both methods produce V' x 3 force vectors whose magnitudes are V-
dim vectors. The ground truth has force magnitudes which we normalize to [0, 1]. We compare the
true and predicted magnitude vectors with four similarity measures in Table 1. Our method clearly
outperforms SOFA across all four metrics. Fig. 3 shows qualitative results for 3D as well as force
estimation. Our method matches ground truth better - sometimes even producing more plausible
force map than the approximate ground truth (e.g., see the base of the thumb in second row).

Evaluation of mass estimation on DexYCB [5]. Since EgoTactile does not have ground truth
object physical parameters ¢ = {m, us}, we evaluate the VLM for ¢ estimation on DexYCB [5]
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Figure 3: EgoTactile. Our method produces more re- Figure 4: In-the-wild generalization. We demon-
alistic force heatmaps than the SOFA simulator, some- strate strong generalization to EPIC-Contact, using an
times even outperforming the approximate ground additional heuristic to estimate gravity under uncon-
truth (e.g., base of the thumb in the second row). strained camera orientation.

which has ground truth. We experiment with Qwen 3.5 9B, Gemini 3.5 Flash and Claude Sonnet
5.5 to keep costs minimal. Claude performs the best and we it as the default VLM for our task.

Table 1: Comparison of methods across force predic-  Table 2: Image-only estimation of mass m (in grams)
tion metrics. Our method outperforms the SOFA [2] and hand—object friction p on the 21 DexYCB objects

force simulator across all metrics. with meshes.

Method Pearson’s p Spearman’s p Cosine sim. Mass m Friction
0 T Model MAE RMSE MAE RMSE

Random 0.000 0.000 0.35+0.02 Qwen 3.5-9B 131.1 182.1 0.088 0.123

SOFA [2] 0.407 0.209 0.434+0.12 Gemini 3.5 Flash  69.6 130.4 0.093 0.111

Ours 0.523 0.286 0.52+0.07 Claude Sonnet 5.5 60.3 85.2 0.080 0.098

3.2 Qualitative generalization to other datasets

Results on samples from EPIC-Contact are shown in Fig. 4. The dataset comes with 3D annotations.
Given that and our estimated & and ¢ = {m, s}, our force estimation looks accurate.

Extension to video data (on DexYCB). We extend our method to consider temporal sequence of
3D poses (e.g., in case of object manipulation). We run a joint optimization process over F; over all
time ¢ and include temporal smoothing regularization. An example result is shown in Fig. 5. As the
hand lifts up the object, forces (particularly on the thumb) increase consistently.

Action: lifting the box

Figure 5: Joint force optimization on temporal data. As the hand lifts up the object, forces
(particularly on the thumb) increase consistently.

Video

Forces

4 Conclusion

We presented a simple method to simulate realistic force distributions on a hand mesh when holding
an object static. We pose this as an optimization problem via Newton’s equations. This requires ob-
ject properties (estimated by a VLM) and gravity (geometric heuristics). Our method outperforms
the SOFA simulator on EgoTactile. We also annotate EgoTactile with 3D hand-object reconstruc-
tion which we will release publicly. Finally, our method demonstrates commendable generalization
to in-the-wild samples. We envision this as a stepping stone towards applications like: (a) joint
reconstruction + force estimation, (b) affordance, (c) mechanically-plausible manipulation, efc..
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