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A. Hoi! Dataset Details & Gripper Cal-
ibration Details

In the following we give a detailed description of the
dataset details & calibrations done for the Hoi! gripper
depicted in Supplementary Fig. 2.

A.1. Recording Device Specs
We show the sensor specifications of the recording de-
vices in Tab. 1.

Plat.Specs Cam/FOV Res. Rate
Aria 2 / 70–150◦ 14082 30Hz
ZED 2 / 90◦ 1280x720 20Hz
Digit 1 / – VGA 20Hz
F/T – 6-axis 100 Hz
iPhone 1 / 77◦ 4K/LiDAR 30Hz
Spot 5 / 360◦ Gray/RGB,D 15Hz
GoPro 1 / 90-122◦ 4K 60Hz

Supplementary Table 1. Key sensor specifications in the dataset.

Regarding the accuracy of the force-torque measure-
ments we refer to the datasheet. Key specs include an

accuracy across all axes of < 2% and a noise-free reso-
lution @ 100 Hz of 70-100 mN / 0.6-2.1 mNm.

Supplementary Figure 2. Hoi! Gripper. The 2-finger parallel
gripper is operated through the load cell, where the measured
load is translated into gripping force. Interaction force and tac-
tile contact pressure are measured through the Digit and Force-
Torque sensors respectively. Aria Glasses and a stereo camera
provide pose estimation and wrist-view observations. We will
release the design as open source.

A.2. Motor Calibration
The Hoi! gripper’s gripping force is modeled as

F
(grip)
i = g(J(q), η(I), I)

where I denotes the motor current, J(q) the gripper
Jacobian as a function of the motor position q, and η(I)
a load-dependent efficiency factor. First, the motor
torque is expressed as a proportional function of the
current

τ(ImA) = k1I + k2.

with k1 = 1.769 and k2 = −0.2214, as stated in the
data sheet. Second, the gripping force is derived via
the jacobian of the kinematic relationship F = J(q) τ ,
where τ is calculated as a function of the lever angle q:

J(q) = 2

−L1 sin q − L 2
1 sin q cos q√

L 2
2 −

(
L1 sin q

)2
 .

To account for efficiency variations due to load-
dependent motor performance and friction, we intro-
duce a load-dependent calibration factor. This factor



is obtained empirically by gripping a force sensor and
recording pairs of measured gripping forces and corre-
sponding motor currents. Using least-squares estima-
tion, we determine η(I) across multiple load regimes.

A.3. Inter-Sensor Calibration
We use Kalibr [14] to calibrate the gripper in the follow-
ing order: We first calibrate the intrinisics of the ZED
camera, and then the visual-inertial extrinsics to the
Zed’s IMU. We then use visual-inertial calibration be-
tween the ZED images and the IMU in the force-torque
sensor to find the extrinsics between stereo camera and
FT sensor. The Aria device runs its own intrinsic cali-
bration, and we find the extrinsics through stereo cali-
bration between one Aria and one Zed camera in their
overlapping field-of-view

A.4. Gripper Gravity Compensation
To measure the isolated interaction forces between
gripper and furniture, we need to compensate for grav-
itational forces acting on the endeffector, as well as in-
ternal biases of the FT sensor. The governing equation
is:

fmeas
S = fext

S + fgS + bf ,

τmeas
S = τ ext

S + τ g
S + bτ ,

where
fgS = RS←W m gW ,

τ g
S = rC←S × fgS ,

τ ext
S = rP←S × fext

S ,

where rSP is the vector from the sensor origin to
the contact point. Here, fmeas

S and τmeas
S are the mea-

sured forces and torques in the sensor frame S, fext
S

and τ ext
S are the external forces and torques acting on

the sensor, fgS and τ g
S are the gravitational forces and

torques acting on the sensor, bf and bτ are the in-
ternal biases of the force-torque sensor, RS←W is the
rotation matrix from the world frame W to the sensor
frame S, m is the mass of the endeffector assembly, gW
is the gravity vector in the world frame, and rC←S is
the vector from the sensor origin to the center of mass
of the endeffector assembly. We measure the mass of
the endeffector using a scale, while the center of mass
is estimated from the CAD model of the endeffector.
RS←W is taken from the Aria SLAM and extrinsic cal-
ibration. Internal biases are estimated during no-load
conditions, where external forces and torques are zero.
We estimate no load measurement windows by sub-
tracting the median filtered force magnitude from the
raw force magnitude and thresholding the result. We
then estimate the biases by solving the following least-
squares problem:

min
bf ,bτ

N∑
k=1

∥∥∥∥[ fmeas
S,k − R>WS,k m gW − bf

τmeas
S,k − rSC × (R>WS,k m gW )− bτ

]∥∥∥∥2 ,
where N is the number of no-load samples. Given the
estimated biases and the known mass and center of
mass, we can now compute the external forces and
torques during interaction as

fext
S = fmeas

S − R>WS m gW − bf ,

τ ext
S = τmeas

S − rSC × (R>WS m gW )− bτ .

. The results of gravity compensation are depicted in
Supplementary Fig. 2. We also apply a Butterworth
filter of degree 4 to filter noise.

B. Alignment of Sensors in the Hoi!
Dataset Recordings

We give a more in-depth explantion of both temporal
and spatial alignment of the multiple sensor streams
in the Hoi! dataset. This process allows us to capture
interactions over time and across multiple perspectives,
as depicted in Fig. 4.

B.1. Time Alignment
As the different recording modules run independently
of each other on different internal clocks, we need to
align the time frames of the recordings in post process-
ing. During recording, we display a QR code encoding
the current Unix timestamp at 25 Hz into each cam-
era stream i. We detect and decode the first QR code,
yielding a time pair (tinternal, tref), where tinternal is
the internal timestamp of the video stream i at which
the QR code was captured, and tref is the correspond-
ing reference Unix timestamp encoded in the QR code.
Detecting and decoding this QR code yields a time off-
set for each video stream with respect to a common
reference time, in our case the Aria egocentric camera
stream, as

∆i = (tref,i − tinternal,i)− (tref,Aria − tinternal,Aria),

where ∆i denotes the relative clock offset of stream i
with respect to the Aria reference. The uncertainty
of this single-shot estimate is dominated by frame-
timing quantization: assuming the QR update occurs
uniformly δi ∼ Uniform(0, Ti), i ∈ {ArEgo, Sensor},
within the exposure of the first detected frame, the
standard deviation of the alignment error is

σ∆i
=

√
T 2
i

12 +
T 2

Aria
12 ,



Supplementary Figure 3. Gravity Compensation. We depict the uncompensated (left), compensated (middle) and filtered compen-
sated (right) forces (upper row) and torques (lower row) of an examplary gripper recording (bathroom_2). The no-load windows are
stylized in blue.

Supplementary Figure 4. Spatial and Temporal Alignment We both temporally and spatially align all recording modules. This
allows us to capture interactions over time across multiple viewpoints.

yielding a 95% confidence interval of approximately
±1.96σ∆i

. For typical frame rates of 30−60Hz,
this corresponds to a temporal alignment accuracy of
roughly 10−25ms per stream. In a representative



Supplementary Figure 5. Time Alignment. The recording is
started for all recording modules of a single recording and a QR
code encoding the current time is shown to all video streams, so
that the individual clocks can be aligned in post processing.

example, when the iPhone records at 60 Hz (Ti ≈
16.7 ms) and the Aria at 30 Hz (TAria ≈ 33.3 ms),
the resulting uncertainty is σ∆i

≈ 10.8 ms,

B.2. Spatial Alignment
We spatially align all recording devices into a common
reference frame using visual localization against the
high-resolution 3D scans. We first construct a refer-
ence set of dense 2D-3D correspondences from the point
cloud and corresponding panoramic images captured
with the scanner. We rectify the panoramic images
into multiple perspective images with virtual camera
parameters K,R, t. We further convert the point cloud
into a mesh using the Leica proprietary software and

render depth maps from the same virtual camera poses.
The rendered depth maps are then back-projected into
3D space using the known virtual camera intrinsics K
and extrinsics (R, t) as

P = R−1K−1

u dv d
d

− R−1t,

where (u, v) are pixel coordinates in the image plane
and d is the corresponding depth value at that pixel.
This operation transforms each depth pixel into a 3D
point P in the global coordinate frame, thereby estab-
lishing dense 2D-3D correspondences between the ren-
dered depth maps and the rectified panoramic images.
We assume zero drift and global consistency of the per-
device SLAM, which reduces the global registration
problem to a single rigid 3D-3D alignment. While in
principle a single localized frame would suffice for this
alignment, we automatically select a set of high-quality
keyframes for robust registration. To obtain these
keyframes, we filter all frames of a trajectory according
to feature density, sharpness, and scene depth. Specifi-
cally, we retain frames with a high number of ORB [15]
keypoints, a high variance of the Laplacian (indicating
low motion blur) and a high mean estimated depth.
With the latter, we filter out frames where the device
is very close to the furniture, where usually no good
references are in view. For Aria and GoPro cameras,
which do not provide depth maps, we use DepthAny-
thing v2 [18]. On this filtered subset, we extract DI-
NOv2 [11] features and perform farthest-point sam-
pling [6, 13] in feature space to select N diverse and rep-
resentative keyframes per trajectory. We estimate the
6-DoF pose of each keyframe through hloc [16] with the
2D-3D database constructed from the Leica scan and
robustly estimate a single rigid transformation Tquery

world
between each sensor trajectory and the shared world
frame. Since we also have the corresponding query
poses Tcami

query, with query ∈ {iPhone,Aria,UMI}, we
can estimate a single rigid transformation Tquery

world align-
ing each query trajectory to the common world frame
by

Tquery
world = Tcami

world Tcami
query

−1.

After localizing each keyframe, we compute the Frobe-
nius distances between all pairwise combinations of the
N estimated transformations Tquery

world and reject outliers
based on a threshold relative to the median distance.
We then average the remaining inlier transformations
to obtain a final robust estimate of Tdevice

world . This sim-
ple outlier rejection strategy is sufficient, as Hierarchi-
cal Localization already performs RANSAC [5]-based
PnP pose estimation internally. Finally, we transform



Supplementary Figure 6. Spot Teleoperation The Spot Robot
is teleoperated using a Meta Quest 3. We retarget the remote’s
6-DoF pose to the gripper and control the base using the remote
mounted Joystick.

all Aria poses and hand poses into the common world
frame using the estimated transformation TAria

world, yield-
ing globally aligned 6-DoF trajectories for the Aria
head, hands, and Hej gripper. The iPhone cameras are
statically mounted, and we therefore directly measure
their poses in the world frame during spatial calibra-
tion. The UMI gripper poses are transformed into the
world frame using the estimated transformation TUMI

world.

C. Spot Recordings
As mentioned in the main paper, we collect robotic
data for a subset of interactions using a Boston Dy-
namics Spot Robot. Here, we record the robot’s joint
states, surrounding RGB-D cameras, the gripper RGB-
D camera as well as Aria data using a wrist-mounted
Aria, imitating the wrist viewpoint of gripper and wrist
recordings. As shown in Fig. 6, the robot is teleoper-
ated using a Meta Quest 3. Here the operator controls
the robot base using the joystick on the Quest remote,
while the remote’s 6-DoF pose is retargeted to the Spot
gripper. The opening angle is also controlled via but-
ton on the remote.

D. Evaluations
In the following we give more in-depth description of
how we created the evaluation groundtruth used in our
evaluations from the Hoi! dataset.

D.1. In-The-Wild Articulation Estimation
In this section, we evaluate a set of different approaches
to articulation estimation. This task concerns re-
covering articulation parameters (axis and position)

as well as the articulation type from visual observa-
tions. We first evaluate ArtiPoint [17], a recent method
for articulation estimation in the wild. We also in-
clude the Gaussian-Splatting-based approach ArtGS
[10]. Furthermore, we investigate how GPT-5, as a
state-of-the-art vision-language model (VLM), can in-
fer articulation types from both egocentric and exo-
centric observations. For this analysis, we make use
of our dataset’s posed RGB frames (both egocentric
and exocentric), articulation annotations, and provided
3D ground-truth.As the Aria does not provide dense
depth, we generate dense RGB-D data, we employ Ma-
pAnything [9] to predict dense depth for each posed
frame in our interaction sequences. We convert these
depth estimates into metric scale by rendering depth
maps from our 3D ground-truth meshes under the cor-
responding camera pose. We then robustly compute
a global scale factor by forming a per-pixel scale his-
togram and selecting the scale as the mode

s = arg max
s

h(s)

, where h(s) denotes the histogram of per-pixel ratios
between predicted and rendered depths. This is neces-
sary because certain regions in the predicted depth dif-
fer from the rendered depth (e.g., the operator’s hand
or articulated parts present in the predicted depth but
absent in the mesh rendering). We finally apply the
scale factor to obtain dense, metrically accurate depth
for each frame. The actual ground truth articulation
parameters are provided using a light-weight manual
annotation tool presented in [17].

D.2. Tactile Force Estimation
We evaluate the utility of our dataset for the task
tactile force estimation from gel-based tactile sensors.
This task aims to estimate contact forces acting on the
sensor’s surface solely from the tactile images captured
by the sensor during contact. We specifically focus on
estimating the normal and tangential forces, as these
are most relevant for manipulation tasks. We combine
the tafigctile images provided by the Hoi! gripper’s
Gelsight Digit sensors with the corresponding forces
provided by the gripper’s force-torque sensor and the
gripper’s gripping forces into ground-truth labels. We
evaluate two versions the Sparsh model [8], the SOTA
method for self-supervised tactile representations. We
evaluate both the DINO [1] and DINOv2 [11] decoder,
with a fine-tuned force estimation decoder (referred to
as ’Task 1’ in the original Sparsh paper). The interac-
tion forces during grasping can be decomposed into two
components: a normal preload F

(grip)
i resulting from

the motor-torque–induced gripping force, and an ex-
ternal reactive force F

(ext)
i exerted by the environment.



The external force is measured by the force–torque
(FT) sensor as F

(ext)
s in the sensor’s local coordinate

frame. The preload F
(grip)
i , while sensed by the tac-

tile sensors (Digits), represents an internal force and
is therefore not captured by the FT sensor. To ex-
press all forces in a consistent coordinate system, we
define an interaction frame i, whose axes are aligned
with the Digit frames. The interaction frame is de-
fined to be coaxial with the Digit frames; however,
since the two Digits face each other, corresponding
axes have opposing directions (xL = −xR, zL = −zR,
yL = yR). This does not affect our analysis, as we only
consider the sum of absolute force magnitudes. The
FT-sensor measurements are rotated into this frame as
F

(ext)
i = Ri←s F

(ext)
s , where Ri←s denotes the rotation

from the sensor frame s to the interaction frame i. All
subsequent equations and force components are defined
in this frame. Considering the hardware configuration
of the Hoi gripper, the combined absolute forces are
computed as

F
(tang)
i =

∥∥∥ ∑
k∈{L, R}

|F (ext)
i, k,{x,y}|

∥∥∥
2
,

F
(norm)
i =

∑
k∈{L,R}

|F (ext)
i, k,z |,

F
(comb)
i =

√(
F

(tang)
i

)2
+
(
F

(norm)
i

)2
.

(1)

The gripping force is estimated from the grip-
per’s torque–current relationship, its Jacobian, and
a load-dependent calibration factor as F

(grip)
i =

g(J(q), η(I), I). Since the Sparsh models are trained
on force data within the range of [4, 4, 5]N along
the x, y, and z axes, respectively, we clip the com-
bined ground-truth magnitudes to F

(norm)
max = 10N and

F
(tang)
max =

√
32N to ensure consistency between train-

ing and evaluation distributions. This avoids extrapo-
lation to unseen force magnitudes and provides a fair
comparison of model performance. The gripping force
is estimated using the gripper’s torque-current relation-
ship, its Jacobian and a load dependent calibration fac-
tor Fgrip = g(J(q), η(I), I). As the Sparsh models are
trained on force data within therange of [4, 4, 5]N for
x, y, and z, respectively, we clip our combined ground-
truth magnitudes to Fmax,normal = 2 × 5 = 10N and
Fmax,tangential =

√
42 + 42 =

√
32N to ensure consis-

tency between training and testing distributions. This
avoids extrapolation to unseen force magnitudes and
provides a fair assessment of model performance. The
extended evaluation results are depicted in Tab. 2.

As depicted in Fig. 7, we observe that the force
predictions generally under-predict the tactile forces,

even though the GT is clipped to be within the training
range.

D.3. Visual Force Estimation
We evaluate the utility of our dataset to the task of
visual force estimation. In this task a 3D interaction
force is estimated alongside an affordance (interaction
type) in order to complete a given manipulation goal.
In our context the input might be an RGB-D image of
a drawer alongside the prompt ”open the drawer” and
the model would predict where to interact and what
force to apply. We evaluate the ForceSight model [3], a
model that aims to predict forces as part of visual-
force goals for robotic manipulation, demonstrating
that force goals can significantly increase robotic ma-
nipulation performance. The ForceSight dataset con-
sists of interaction sequences that include posed RGB-
D observations, per-frame force–torque (FT) readings,
and gripping forces. Each sequence is paired with an
open-language goal derived from our interaction anno-
tations. Using the Hoi! gripper’s FT sensor, we gen-
erate per-image force–torque labels and leverage the
3D ground-truth trajectories provided by our dataset.
We evaluate the model across a diverse subset of six
environments. Because raw force-torque signals may
include operator-induced forces in directions unrelated
to the articulation (e.g., internal stresses not required
for the intended motion), we report results on both the
raw data and a motion-aligned variant. For fair com-
parison, we project the measured force vector f onto
the gripper’s linear velocity v using f‖ = f · v

‖v‖ , and
similarly project the torque vector τ onto the rota-
tional velocity ω as τ‖ = τ · ω

‖ω‖ . This removes force
and torque components that do not contribute to the
articulated interaction, resulting in a fairer evaluation
signal.

D.4. Multimodal Learning for Real-World Robotics
We conduct a force-centric experiment to demonstrate
Hoi!’s utility for multimodal skill learning. Specifi-
cally, we train a visual force predictor on Hoi! gripper
data and integrate the learned force prior into Spot’s
position-force controller. Given an RGB-D observation
and the articulated-part class label, the model predicts
a feed-forward interaction force fff .

Our predictor uses frozen DINOv2 image features
and a small MLP head to estimate a residual on top
of a class-specific force prior. More formally, given an
observation o = (I, d, c) with RGB image I, depth-
derived features d, and class label c, the model predicts

µ̂ = µc + αhθ(φDINO(I)), (2)

where µc denotes the class prior in log-force space,



Supplementary Table 2. Tactile Force Estimation. We show the evaluation results for our tactile force estimation evaluation per
location and split into tangential, normal and combined forces over 2 digit images.

Tangential Normal Combined
Location DINO DINOv2 DINO DINOv2 DINO DINOv2
bathroom_2 2.07 [1.88, 2.25] 2.02 [1.81, 2.23] 4.81 [4.54, 5.09] 4.97 [4.69, 5.26] 4.92 [4.64, 5.21] 5.17 [4.88, 5.47]
bedroom_4 3.23 [3.09, 3.37] 2.77 [2.63, 2.92] 3.22 [3.07, 3.38] 3.72 [3.60, 3.85] 3.41 [3.22, 3.60] 3.96 [3.81, 4.11]
bedroom_6 3.39 [3.19, 3.59] 3.77 [3.52, 4.00] 3.48 [3.23, 3.71] 3.43 [3.22, 3.63] 4.31 [4.04, 4.57] 4.45 [4.24, 4.66]
kitchen_7 3.05 [2.82, 3.27] 3.83 [3.67, 4.00] 2.76 [2.60, 2.92] 3.50 [3.39, 3.61] 3.46 [3.28, 3.65] 3.19 [2.97, 3.41]
office_1 3.63 [3.41, 3.86] 3.76 [3.52, 4.01] 3.88 [3.62, 4.14] 4.07 [3.86, 4.27] 4.61 [4.30, 4.92] 4.91 [4.67, 5.17]
livingroom_1 2.54 [2.31, 2.77] 2.61 [2.40, 2.82] 3.63 [3.34, 3.91] 3.71 [3.46, 3.95] 3.89 [3.56, 4.21] 3.90 [3.61, 4.19]
Overall 3.07 [2.87, 3.26] 3.18 [2.99, 3.38] 3.45 [3.24, 3.66] 3.79 [3.61, 3.96] 3.86 [3.62, 4.11] 4.11 [3.90, 4.33]

Supplementary Figure 7. Tactile force Estimation. We depict the GT forces, clipped GT forces and the estiamted forces (DINOv2)
for an examplary recording.

φDINO is the frozen visual backbone, hθ is the learned
regression head, and α scales the visual residual. We
train the network to regress the log-transformed peak
interaction force using an `2 loss,

L = ‖µ̂− log(1 + F )‖22 . (3)

At test time, the predicted force prior is mapped back
to force space and injected as a feed-forward term into
the controller.

As a baseline, we use standard impedance control,

fcmd = K∆r + D∆v, (4)

where ∆r and ∆v denote pose and velocity errors, re-
spectively. In the position-force variant, we augment
this controller with the predicted feed-forward force
term:

fcmd = K∆r + D∆v + fff . (5)
We evaluate on articulated objects in our lab with

increasing mechanical stiffness. For each trial, the
robot is initialized in front of the object, and a simple
geometric heuristic selects the articulation type (eccen-
tric handle → revolute, centric handle → prismatic),

such that failures are predominantly attributable to in-
teraction force selection rather than articulation mis-
classification. Each articulated part is operated five
times. As shown below, the learned force prior sub-
stantially improves real-world success rate (SR), high-
lighting Hoi!’s potential for multimodal policy learning
in real-world manipulation settings.

Control Type Drawer Oven Dishwasher
Position (SR [%]) 100 0 0
Position-Force (SR [%]) 100 80 60
Avg. Force Pred. [N] 16,80 46,38 53,29

D.5. Hand Pose Estimation
As our dataset captures not only gripper interactions
but also hand interactions, we additionally explore the
performance of hand-pose estimation across these view-
points. Because the Aria MPS hand keypoints are au-
tomatically generated-derived from stereo and globally
optimized trajectories but not from manual annota-
tions or motion-capture systems, we treat this evalua-
tion as an exploratory analysis rather than a definitive
benchmark.

We employ the method of Pavlakos et al. [12], which



Supplementary Table 3. Hand Pose Estimation Average
PCK@0.15 on our evaluation locations and compared to the
Hamer baseline performace on New Days, VISOR and Ego4D
datasets.

Location / Dataset PCK

bathroom_2 0.757
bedroom_4 0.764
bedroom_6 0.708
kitchen_7 0.535
office_1 0.732
livingroom_1 0.748

Overall 0.699

New Days [2] 0.888
VISOR [4] 0.893
Ego4D [7] 0.844

has shown strong in-the-wild performance. Using the
Aria MPS trajectories, we project hand keypoints into
egocentric frames and compute the commonly used
PCK metric [19].

While the results ( Tab. 3) show a noticeable per-
formance gap relative to controlled benchmarks, this is
expected given the challenging characteristics of our
real-world setting - fast hand motions, natural ma-
nipulation behaviors, and lower-resolution egocentric
imagery. Rather than indicating deficiencies, these
findings highlight the difficulty of egocentric manipu-
lation scenes and underline the opportunity for future
methods to better leverage the rich multimodal signals
present in our dataset.
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