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Abstract— Human demonstrations are a cheap source of data
for dexterous manipulation, but co-training a robot policy on
them requires closing the human–robot gap in every modality
the policy consumes. We present VisTacAlign, a framework
for co-training 3D-visual-tactile dexterous policies on human
and robot demonstrations. Glove-tracked human hand motion
is retargeted to a 17-DoF tactile robot hand with a one-time
fingertip correction. The human hand is then erased from both
stereo views and replaced by a posed robot-hand mesh painted
with pixels from robot recordings, and a real-time stereo foun-
dation model is re-run on the composite, so the human point
clouds carry the same stereo errors and visibility as the robot
ones. Finally, a capacitive tactile glove is aligned to the robot’s
fingertip sensors in its signal space, giving one interpretable per-
finger force representation. A diffusion transformer consumes
point-cloud, proprioceptive, and per-finger tactile tokens. On
three real-world tasks requiring precise force – Lego assembly,
plucking strawberries of varying size, and activating and lifting
a power drill – adding aligned human demonstrations to exist-
ing robot data improves over robot-only policies, and ablations
show that both tactile input and visual alignment are necessary.
Project page: https://vis-tac-align.github.io.

I. INTRODUCTION

Robots are increasingly deployed for challenging manipu-
lation tasks, from factory work and construction to household
chores and elderly care. While the traditional parallel-jaw
gripper covers a broad set of everyday tasks, human environ-
ments are built for human hands, and the limited dexterity of
current manipulators prevents them from matching, let alone
surpassing, human-level performance. Robotic hands have
been designed to close this gap [1], [2], and a common belief
in the field is that, with enough data, human-level dexterity
is attainable [3], [4]. Yet dexterous manipulation is far from
solved.

The conventional way to teach such robots is teleopera-
tion, in which an operator drives the robot with handheld
controllers, gloves, or vision alone [5]–[7]. Teleoperated
collection is costly to scale and forces operators to work
far more slowly than they would with their own hands.
Learning from human motion is an attractive alternative:
human demonstrations are retargeted to the robot in 2D
or 3D [4], [8], [9], and an imitation learning policy such
as Diffusion Policy [10] is trained on RGB or point-cloud
observations [11].
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Fig. 1: Tactile co-training for dexterous manipulation. Human demon-
strations collected with our capacitive tactile glove (blue) and robot demon-
strations collected on the ORCA Hand (green) are brought into a shared
representation through visuotactile alignment and kinematic retargeting.
Segmented point clouds are reprojected into the robot’s embodiment and
human fingertip forces are mapped onto the robot’s force distribution. The
aligned demonstrations form a single co-training dataset spanning drill,
strawberry, and Lego tasks, on which we train the policies. The resulting
co-trained robot policy is deployed in the real world, shown here reaching
(t1), grasping (t2), and lifting (t3) a power drill.

Regardless of how human data is captured, the embod-
iment gap demands accurate hand tracking and retargeting
that does not sacrifice downstream performance. Flaws in
either compound in the real world and lead to task failure [4],
[9]. Existing retargeting algorithms [5], [12] remain brittle at
the fingertips, where dense interaction occurs. We therefore
correct fingertip retargeting from Rokoko Smartgloves II
with the Apple Vision Pro as pseudo-ground truth, and cali-
brate the 6-DoF wrist pose from VIVE trackers to the robot’s
end-effector frame. Even with accurate retargeting, however,
human demonstrations must still be data-efficient and
capture the modalities humans actually rely on – vision
and touch.

For both sources, 3D is a data-efficient visual represen-
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Fig. 2: Tactile co-training pipeline. Top: human demonstrations collected with a tactile glove and hand tracking (blue) and robot demonstrations teleoperated
on the ORCA Hand (green) are brought into a shared co-training dataset. Each stream provides object-centric point clouds, per-finger tactile activations, and
action trajectories (t1 reach, t2 grasp, t3 lift/place) for the drill, strawberry, and Lego tasks. Visual alignment, tactile alignment, and kinematic retargeting
map the human modalities into the robot’s observation and action spaces. Middle: a diffusion transformer policy encodes point-cloud, proprioception, and
tactile tokens as context and denoises 64-step action chunks with consistency flow matching. Bottom: the co-trained policies are deployed on the robot on
all three tasks.

tation, as robot motions live in the same space as point
clouds, and metrically accurate 3D observations improve the
data efficiency of dexterous manipulation [11], [13]. Such
point clouds usually come from accurate and often expensive
depth sensors, on which errors of a few centimeters propagate
through a policy rollout. Deep stereo instead requires only
the relative pose between two RGB cameras [14], and we
find Fast-FoundationStereo [15] sufficient for real-time 3D
dexterous manipulation, running at 20 Hz on an RTX 4080
GPU. Following prior work [16], we express point clouds
in the end-effector frame, which our improved retargeting
makes available from human data, and replace the human
hand with a point cloud of the robot hand at grasp-level
precision: we recolor the robot mesh from demonstration
data and run Fast-FoundationStereo again, so that a visually
different human hand can be used for dexterous co-training.

Closing the gap to human-level dexterity also requires
touch, on which humans rely whenever forces must be
precise, such as grasping fragile objects or applying enough
force to use a tool [17], [18]. On the human hand we
use a novel custom capacitive tactile glove, in the spirit
of prior tactile gloves [19], [20], whose thin, conformable
construction combines laser-patterned fabric electrodes with
a SEBS dielectric and a compact wireless readout streaming
at 60 Hz. On the robot we use the fingertip taxels of the
ORCA hand [2]. Building on recent human-to-robot tactile
transfer [21], [22], we align the two directly in the robot’s
force-sensor space, so that policies consume interpretable
values, expressed as taxel units on the robot finger.

With this retargeting and alignment, we co-train on both
sources, building on prior 3D policies [11], [23] augmented
with binary and continuous tactile signals, and find that



aligned human demonstrations significantly improve robot-
only policies on three tasks requiring precise tactile feedback.
In all, we present VisTacAlign, a framework for efficiently
co-training 3D- and tactile-aware dexterous manipulation
policies on human and robot data, shown in Fig. 2. Our
contributions are as follows:

1. An improved human-to-robot hand retargeting from
off-the-shelf tracking devices, with a fingertip correc-
tion that uses the Apple Vision Pro as pseudo-ground
truth;

2. A 3D visual alignment pipeline that converts hu-
man demonstrations into robot-like point clouds
in the robot’s end-effector frame, using Fast-
FoundationStereo as the common abstraction;

3. A tactile alignment in robot sensor space, from a
capacitive sensor on the human hand to the robot
hand’s fingertip sensors;

4. A 3D-vision and tactile Diffusion Transformer that
uses binary and continuous tactile signals; and

5. Real-world experiments on three force-critical dex-
terous tasks, where co-training with aligned human
demonstrations significantly improves over robot-only
policies.

II. RELATED WORK
A. Robotic Hands

The Allegro [24] and Shadow [25] hands showed that
human-like kinematics are possible, but are expensive and
hard to maintain. Cheaper open-source designs such as
the LEAP Hand [1] and commercial hands such as the
Ability Hand [26] have lowered the barrier to entry, and
learned controllers [12], [27] bring them closer to human-
level dexterity. Most hands, however, still lack a dense sense
of touch. We use the ORCA hand v2 [2], a tendon-driven
hand with dense taxels on the fingertips.

B. Tracking and Retargeting Human to Robot
Retargeting starts from the human finger joints and wrist

pose. Vision-based methods estimate hand pose from RGB
video [5], [6], [8] and scale easily, but suffer from occlusion
and depth ambiguity, worst at the fingertips where contact
occurs. Head-mounted devices such as the Apple Vision Pro
provide accurate, low-latency tracking and have been used
for teleoperation [7], [28], while wearable motion-capture
gloves allow in-the-wild collection [4], [9]. Glove-based
retargeting, however, loses accuracy at the fingertips, where
differing finger lengths across people corrupt pinch grasps.
We correct this with a residual that uses the Apple Vision Pro
as pseudo-ground truth, and calibrate 6-DoF wrist tracking
directly to the robot’s end-effector frame.

C. Multi-Modal Imitation Learning
Diffusion policies [10], action-chunking transformers [29],

and vision-language-action models [30] have become stan-
dard for learning visuomotor skills. Point clouds improve
data efficiency and spatial generalization over images [11],
egocentric frames add robustness to camera placement [13],
and expressing point clouds in the end-effector frame is far

more sample-efficient than world or base frames [16]. Such
methods rely on depth sensors whose centimeter-level errors
on thin objects propagate through the policy, whereas learned
stereo [14], at real-time rates [15], recovers depth from a
calibrated RGB pair alone. Tactile sensing has also been
fused with vision for contact-rich manipulation [17], [18],
[31], critical for fragile objects and precise force regulation.
We combine stereo-derived point clouds in the end-effector
frame with dense tactile signals in a single policy.

D. Human Demonstrations and Co-Training
Some works learn from human demonstrations alone [4],

[32], while others co-train with robot data, gaining the scale
of human data and the fidelity of robot data. MimicPlay [33]
learns high-level plans from human play and EgoMimic [34]
co-trains on egocentric video, with extensions to sim-to-
real [35] and glove-captured dexterous hands [9]. These
works bridge only the visual gap, and do so in the observation
itself. EgoMimic [34] masks the embodiment out of the
image, which also hides the hand exactly where contact
occurs, while DexCap [4] overlays a point cloud of the
robot hand, posed by fingertip inverse kinematics, onto the
human hand in the observed point cloud. The human hand is
therefore never removed, the overlaid points are noise-free
mesh samples, and their visibility is decided by projecting
the wrist into the image instead of by scene geometry.
ARCap [32] inserts the robot by rendering it in simulation
and back-projecting the depth buffer, which respects the
robot’s own self-occlusion but again leaves the human hand
in place and sets clean synthetic points beside measured ones.
We instead remove the human hand, paint the posed mesh
with pixels from robot recordings, and re-run stereo on the
composite, so that human point clouds inherit the robot data’s
sensor characteristics (Sec. III-C). A growing line of work
transfers tactile skills from humans. Tactile gloves capture
the signatures of human grasps [19], and MimicTouch [21]
learns a tactile-guided policy from human demonstrations,
bridging the embodiment gap with online residual RL. When
the two sides use different sensors, the signals are tradi-
tionally aligned in a learned latent space: UniTacHand [36]
projects both onto the MANO hand surface and aligns them
contrastively from paired data, and TactAlign [22] learns a
shared latent representation with rectified flow without paired
data. OSMO [20] avoids learned alignment by putting the
same tactile glove on human and robot, training from human
demonstrations alone. We are closest to OSMO, but align
two different sensors into the robot’s force sensor space,
giving explicit tactile representations, augment human data
in 3D so it need not look like the robot, and correct fingertip
retargeting, where contact concentrates.

III. METHOD
We now present VisTacAlign, which has four compo-

nents: kinematic retargeting (Sec. III-A), tactile alignment
(Sec. III-B), visual and geometric alignment (Sec. III-
C), and a 3D-tactile diffusion transformer trained on both
sources (Sec. III-D). The full pipeline is shown in Fig. 2 and
the hardware in Fig. 3.



Fig. 3: Hardware setup. Human demonstrations are collected with a
Rokoko Glove fitted with our capacitive tactile glove. Robot demonstrations
use an ORCA Hand v2 mounted on an xArm 7. Vive Trackers on the glove,
the camera mount, and the table provide a shared tracking frame, and a ZED
camera observes the workspace.

A. Kinematic Retargeting for Robot Hand and End Effector
Hardware. Our setup is shown in Fig. 3. The robot is the

ORCA Hand v2 [2]1, a 17-DoF anthropomorphic hand (16
finger joints plus a wrist actuator) with Hall-effect fingertip
tactile arrays (363 three-axis taxels in total), mounted on a
UFactory xArm 7. Human hand motion is captured with a
Rokoko Smartgloves II, an IMU/EMF motion-capture glove
that needs no external cameras and is robust to occlusion.
The wrist pose comes from a VIVE Ultimate Tracker. The
same glove and tracker teleoperate the ORCA Hand for the
robot demonstrations.

Fingertip correction. The Rokoko glove reports fingertip
positions with centimetre errors in pinch grasps, caused by
hand-size variation and the glove’s assumed skeleton, which
is enough to make a grasp fail on the real robot. We therefore
calibrate once against the Apple Vision Pro (AVP) as pseudo
ground truth. The demonstrator performs a Kapandji test, and
we fit a small MLP that maps the glove’s local finger-joint
rotations to a bounded rotational nudge per joint (at most 20◦,
bone lengths and knuckle joints fixed), trained to reproduce
the AVP fingertip positions with a small, temporally smooth
change of the raw pose. Corrected fingertips are recomputed
by forward kinematics and passed to the retargeter. On held-
out frames (five temporal folds, two held-out recordings) the
correction reduces the median fingertip error from 13.7 to
7.1 mm and the thumb–index error at pinches from 11.8 to
3.4 mm (Fig. 4).

Retargeting. Given the corrected human hand keypoints, a
differentiable, vector-based optimizer maps the human hand
pose to the ORCA Hand’s joint configuration by minimizing
the discrepancy between task-space vectors computed on
both hands. Following DexPilot [5], we use palm-to-fingertip
and thumb-to-fingertip vectors to preserve the overall hand
shape and the geometry of precision grasps. We additionally
use PIP-to-PIP vectors between adjacent fingers to capture
finger adduction and abduction. At each timestep of a hu-
man demonstration, the joint angles are solved by gradient-
based optimization (RMSprop) over a differentiable forward-
kinematics chain, minimizing the weighted squared error

1http://orcahand.com/models/touch

Fig. 4: Pinch correction for glove tracking. Raw Rokoko hand tracking
(red) leaves a gap between the thumb and index fingertips during a pinch.
Our correction (green) snaps the retargeted thumb into contact so the robot
hand closes the grasp.

between the human and robot task-space vectors.
Wrist-to-End-Effector Calibration. The wrist tracker

reports its own pose, not the robot’s tool centre point (TCP)
0.21m away, so we calibrate this constant transform with a
printed ArUco board carrying five labelled fingertip spots.
The demonstrator rests the fingertips on the spots at several
wrist orientations. The camera locates the board in the
tracker frame while the glove joints and the ORCA forward
kinematics place the fingertip pads in the TCP frame. A
trimmed Kabsch fit refined by robust least squares, absorbing
small per-finger pad offsets, is accepted when the mean and
maximum residuals stay below 5 and 10mm.

B. Tactile Alignment
Co-training on human and robot demonstrations requires

that the tactile signals of the two sources be aligned in a
shared space. They do not by default. Human demonstrations
are recorded with a capacitive tactile glove, robot demon-
strations with the Hall-effect fingertip sensors of the ORCA
hand, and the two are different in taxel layout, gain and
saturation, and contact geometry. A policy trained on the
naively pooled data would see two unrelated force scales and
could not exploit touch. We therefore align the human forces
to the robot’s with a static map T : R5 → R5, applied once
to the human dataset when it is constructed. Robot data and
the deployed policy are never transformed. The alignment is
illustrated in Fig. 5.

Fingertip forces. Both sensors are first reduced to one
scalar per fingertip. The ORCA hand contains 363 taxels
distributed over its five fingertips, each reporting a force
vector (fx, fy, fz). We read the forces directly from the on-
hand sensor PCB, which reports them in force-proportional
taxel units (TU). We keep the normal component, clamp
it at zero, max(fz, 0), and sum over the taxels of each
finger. The capacitive sensor is glued onto the Rokoko glove
and provides 202 normal-force taxels at 60 Hz (44 on the
fingertips). Each reading is linearized with g = log(1 + ·)
and summed per finger. Every frame from either source thus
carries a force vector f ∈ R5, the total load on each fingertip,
measured in the glove’s and robot’s native units.

Distribution matching. For each task we collect demon-
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Fig. 5: Tactile alignment. During the same drill grasp the glove (blue) and the ORCA hand (green) produce taxel activations with different layouts,
sensitivities and ranges (left). Each is reduced to a per-finger force and the human distribution is mapped onto the robot’s (right). Raw human forces (teal)
are broadly spread relative to the robot (red). Mapped forces (blue) overlap the robot in the joint thumb–index density and the per-finger marginals. Forces
in taxel units (TU).

strations of the same task from both the human and the robot
hand, which yields two unpaired per-task force distributions.
They differ in total load and in how the load is shared
between fingers. The map T is chosen so that, under it, the
human distribution matches the robot’s in both total load and
inter-finger load sharing. For the fingers that act jointly in a
task, T is the barycentric projection of an entropic optimal-
transport plan between the human thumb–index force pairs
{xi} and the robot pairs {yj} (quadratic cost, uniform
weights): each human frame is sent to a weighted average
of robot frames,

T (x) =
∑
j

wj(x) yj ,

wj(x) ∝ exp
(
(⟨x, yj⟩+ αj)/ε

)
,

(1)

where ε = 0.3 in squared force units is the single hy-
perparameter. Forces are not normalised before fitting. The
weights are the quadratic-cost kernel with ∥x∥2 dropped and
− 1

2∥yj∥
2 and the dual potential absorbed into αj . At this ε

the weights concentrate on the nearest robot samples, so T
is a smoothed nearest-neighbour map and the gradient of a
convex potential, monotone in each finger’s own force. The
map is fitted on frames with contact, and frames without
contact stay at zero. Fingers that carry no robot contact in a
task are mapped to zero. Since every output is an average of
robot samples, T expresses the human signal directly in the
robot’s taxel units. Because every output lies in the convex
hull of the robot forces, the human stream contributes contact
timing, load sharing and force magnitudes, all within the
robot’s own force range. We quantify T in Sec. IV-B.

After alignment, a demonstration frame from either source
is indistinguishable by its forces (Fig. 5, right). We align in
signal space rather than in a latent one: the output is still
a per-finger force in the robot’s units, so it can be checked
against the robot distribution directly, T is fitted once with
one hyperparameter and no encoder, and, being static and

frame-wise, it cannot shift the timing of contact events.

C. Visual and Geometric Alignment

Both human and robot demonstrations are observed by
a ZED 2i stereo camera, and every stereo pair is lifted
to a point cloud with Fast-FoundationStereo (FFS) [15].
Any RGB stereo camera can be employed here and we
do not use the ZED’s proprietary depth. Depth alone does
not close the gap between the two sources. Although the
ORCA hand is anthropomorphic, it differs from the gloved
human hand in size, shape, and color. We therefore align
the human demonstrations to the robot’s appearance in 3D
before training, so that the policy sees the same hand at
training time and at deployment. We refer to this pipeline as
Rp2d (reprojection to 2D). It is illustrated in Fig. 6.

Robot stream. Robot demonstrations are processed once.
The FFS point cloud is cropped to the table workspace,
table points are removed with a RANSAC plane fit, and the
forearm and the back of the hand are removed with two
boxes attached to the end-effector frame, leaving only the
fingers and the scene objects.

Human stream. Human demonstrations pass through
a longer chain. Each stereo view is segmented with
SAM 3 [37] using task-specific prompts (the bricks for the
Lego task, the drill, and the strawberry with its bowl), and
every pixel outside the masks, including the human hand
and arm, is blanked. The hand pose from the glove and
wrist tracker is retargeted to the robot hand’s joint space
with the same retargeting used for teleoperation (Sec. III-A),
and the robot hand mesh is posed at the tracked wrist. The
posed mesh is painted with real pixels sampled from robot
recordings, so that its color statistics match the robot data.
The painted mesh is composited into both blanked stereo
views, and FFS is run a second time on the composite.
The second pass gives the reposed mesh the same stereo-
matching characteristics as the robot point clouds, instead of



pasting a clean mesh into a measured scene. We quantify
this in Sec. IV-B. The resulting points receive the same
workspace crop and end-effector boxes as the robot data.
Beyond the hand replacement itself, the two streams differ
only in how the table and background are removed.

D. 3D-Tactile Diffusion Transformer
We train a consistency flow-matching policy built on

ManiFlow [23]. Because of the alignment steps above, both
domains produce the same observation, a point cloud of
the workspace containing the task objects and the visually
aligned hand, the proprioceptive state of the hand, and a
contact force for each finger. The three modalities enter the
network as separate sets of tokens.

Visual tokens. Each of the two observation frames con-
tributes 4096 XYZ+RGB points. A shared PointNet MLP en-
codes each point into a 128-dimensional token, giving 8192
visual context tokens without any pooling. Following [16],
the point cloud, the end-effector pose, and the action targets
are all expressed in the frame of the last observed end-
effector pose.

Proprioceptive tokens. The proprioceptive state consists
of the end-effector pose, represented as a position and a 6-D
rotation, and the 17 absolute hand-joint angles. The pose and
the joint vector each pass through a separate two-layer MLP,
becoming one token per frame.

Tactile tokens. A single tactile encoder, shared across the
five fingers, maps the contact reading and a binary contact
bit of each finger to one token. When a finger’s taxel reading
falls below 0.05 TU, its token is dropped from the context,
so that the absence of contact is encoded by a missing token
rather than by a zero value. The representation is identical
for the glove and for the robot fingertips, which makes co-
training on the aligned forces possible.

Transformer. Every token receives a learned additive
embedding for its modality and its observation frame, and
each finger token an additional finger embedding, and these
replace positional encodings. The resulting context serves as
keys and values in the cross-attention of each of six DiT
blocks. The queries are the noisy action tokens, a chunk
of 64 future end-effector and hand-joint commands (2.1 s at
30 Hz), which the network denoises into a velocity field. The
policy has 23.5 M parameters. The glove records at 60 Hz.
At deployment, stereo runs at 20 Hz and the robot taxels at
30 Hz. We sample 10 flow steps and execute the first 32 of
64 steps (1.1 s) before replanning, which takes 269 ms on an
RTX 4080.

IV. RESULTS
A. Experimental Setup

We evaluate our method on three challenging dexterous
manipulation tasks: drill usage, fragile strawberry grasping,
and Lego placement.

Data and protocol. All experiments use the hardware
of Sec. III-A. For each task we collect human and robot
demonstrations of the same task. Human data is aligned
once as in Sec. III, robot data is never transformed. A
configuration such as 50H10R denotes 50 human and 10

Demos Obs. Human tact. Approach Activate Lift

26R RGB – 100 35 35
26R PC – 90 65 50
26H26R PC ✓ 80 70 70

10R PC – 85 65 35
26H10R PC × 95 65 30
26H10R PC ✓ 100 55 55

TABLE I: Drill task. Subtask success rate (%) for approach → activate →
lift while activated, across 20 rollouts. Lift is overall task success. Obs. is
the visual observation, point cloud (PC) or RGB. All demonstrations from
the robot include tactile data. Human tact. indicates whether the human
demonstrations also carry aligned tactile.

robot demonstrations. Human demonstrations are roughly
2 − 3× faster to collect than teleoperated robot demonstra-
tions and require no robot, only the glove, wrist tracker
and stereo camera. Each task is decomposed into sequential
subtasks, and every policy is evaluated over 20 real-world
rollouts, except on the strawberry task, where we run ten
rollouts per fruit size. We report the average success rate
of reaching each subtask from the beginning of the rollout.
We compare against robot-only policies with point-cloud and
RGB observations, and ablate the tactile input of the human
demonstrations, the Rp2d visual alignment, and the number
of robot demonstrations. Each policy trains with batch size
64 and learning rate 10−4 in 5–25 GPU-hours on one RTX
4090.

B. Analysis
Drill: human demonstrations help, but only with touch.

The robot must approach a power drill, activate its trigger,
and lift it while keeping the trigger activated, where lifting
while activated is overall success. Every robot demonstration
carries tactile data, so even the robot-only policy sees force,
and it reaches 50 % with point clouds against 35 % with RGB
(Table I). Adding 26 human demonstrations with aligned
tactile raises success to 70 %, a 20-point gain from data
that is cheaper to collect than the robot demonstrations it is
added to. Human demonstrations without aligned touch,
in contrast, do not help. With 10 robot demonstrations,
adding 26 touchless human demonstrations leaves success
unchanged within our resolution (35 % against 30 %, a single
rollout apart), while adding the same demonstrations with
aligned tactile raises it to 55 %. Since 26H10R and 26R cost
about the same to collect, the aligned human data is the better
use of that time.

Strawberry: touch regulates force, and human data
keeps helping. The robot must pluck a strawberry held
by a magnet, which requires enough force to overcome
the magnet without crushing the fruit. Here we co-train on
124 human and 84 robot demonstrations, where the human
demonstrations are both cheaper and more numerous. We
compare against a robot-only policy trained without tactile
input. It applies 4.7 TU to small fruit and about 10 TU
to medium and large fruit, against the 6.9 TU at which
the demonstrations hold the fruit, whereas the co-trained
tactile policy applies 8.2 to 9.7 TU across all three sizes
(Fig. 7). The two policies differ in grasp force, which is the
quantity the tactile alignment transfers from the human hand.



Fig. 6: Visual alignment. Both streams are lifted to 3D with Fast-FoundationStereo and share the same crops; the robot stream removes the table by a
plane fit, the human stream removes table and background by segmentation. For human demonstrations (blue), the segmented hand is replaced by a posed
robot-hand mesh, colored and reprojected into the image (red), so the resulting point cloud matches what the robot (green) observes at deployment. Point
clouds are shown in the workspace crop used for training.
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Fig. 7: Strawberry task. Mean peak grasp force (thumb + index), in taxel
units (TU), for three fruit sizes, ten trials per size for each policy. The
dashed line (6.9 TU) is the force at which the demonstrations hold the fruit.
The robot-only policy under-grips small fruit and crushes medium and large
fruit, while the co-trained tactile policy applies 8.2 to 9.7 TU across sizes,
against 4.7 to 10.1 TU for the robot-only policy.

Fruit size Robot only Co-train + tactile

Small (20–25 mm) 60 90
Medium (30–35 mm) 70 80
Large (40–45 mm) 0 70

TABLE II: Strawberry plucking success (%) per fruit size, ten rollouts
per cell.

Plucking success is higher for the co-trained policy on every
size (Table II). The gap is largest on large fruit, where the
robot-only policy never plucks, while the co-trained policy
succeeds in 70 % of rollouts. Bruising and damage become
more likely as grasp force rises. Future work will quantify
it with methods such as DexFruit [38].

Lego: the co-training recipe scales. The robot must pick
up a brick, align it over a base plate, push it until it snaps
in, and retreat (Table III). Given aligned touch in the human
demonstrations, final success grows monotonically with the
number of robot demonstrations, from 40 % with 10 robot
demonstrations to 60 % with 20 and 80 % with 30, against
10 % for 30 robot demonstrations alone, indicating that the
addition of human demos brings total task success rate from

10 % to 80 %. Human demonstrations do not replace robot
data, they improve what a few robot demonstrations are
worth. This task also isolates the visual alignment, where
Rp2d is our full pipeline of Sec. III-C and No Rp2d feeds
the raw human point cloud. Without Rp2d, the policy still
picks up the brick, but success collapses at the push and
retreat stages (final success 10–25 % vs. 40–60 % at the same
data budgets). Removing tactile from the best configuration
costs 10 points of final success. Vision-only co-training, as in
DexCap [4] and DexWild [9], matches our no-tactile setting
in modality, and its observation lies between our two visual
ablations, since the human hand remains in the point cloud
and the robot hand is added back as mesh samples rather
than re-measured by FFS.

Alignment quality. Tactile: mapped human forces match
the robot’s in-contact standard deviation within 2 % and keep
transients within 3 % (ratio of standard deviations, and 90th
percentile of the per-frame force change normalised by the
standard deviation), and zero maps to zero. On held-out
episodes (five folds over episodes, T refitted per fold) the
KS distance to the robot marginals drops from 0.33 to 0.08
(thumb) and 0.42 to 0.08 (index), and a force-based domain
classifier from 92 % to 58 % balanced accuracy (chance
50 %). Visual: on the Lego corpus the composited hand is
closer to a robot hand at the nearest joint configuration than
the glove point cloud (Chamfer distance between hand-region
point clouds in the hand frame 13.3 → 10.2 mm, F-score
at 10 mm 0.40 → 0.59), and point-to-local-plane roughness
separates inserted mesh samples from sensed points at AUC
0.99 but composited ones only at 0.67–0.76.

V. CONCLUSION

We presented VisTacAlign, a framework for co-training
dexterous manipulation policies on human and robot demon-
strations by closing the embodiment gap in every modality
the policy consumes. Hand motion is retargeted with a finger-
tip correction, human observations become robot-like point
clouds by replacing the hand with a robot-textured mesh and
re-running stereo matching, and human touch is aligned to
the robot’s fingertip sensors in its signal space. On three



Demos Tactile Rp2d Pickup Align Push Retreat

30R ✓ – 70 10 10 10
50H10R ✓ ✓ 90 50 40 40
50H20R ✓ ✓ 60 60 60 60
50H30R ✓ ✓ 100 80 80 80

50H10R ✓ × 100 50 10 10
50H20R ✓ × 100 100 30 25
50H30R × ✓ 70 70 70 70

TABLE III: Lego task. Subtask success rate (%) for the sequence pickup
→ align → push down → retreat across 20 trials. Top block: a robot-only
baseline and our full method with a growing number of robot demonstra-
tions. Bottom block: ablations removing the Rp2d visual alignment or the
tactile input.

force-critical tasks, aligned human demonstrations added to a
small number of robot demonstrations substantially improve
success, while the same demonstrations without aligned
touch leave success unchanged.

The main limitations are that the tactile map is fitted per
task from unpaired force samples, so a short robot recording
of the task’s contacts is still needed, and that reducing a
fingertip to one normal force discards the taxel layout and
shear, which likely matters for in-hand manipulation and slip.
Our tasks are also short-horizon and largely quasi-static. We
further do not compare against alignment in a learned latent
space. Our case for signal space rests on interpretability and
on guarantees that hold by construction rather than on a
head-to-head comparison, and quantifying that trade-off is
the most immediate item of future work. Future work will
also fit the alignment across tasks and preserve the full taxel
map, extend the framework to bimanual and longer-horizon
tasks, and use the aligned forces for explicit force control,
not only as an observation.
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