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Fig. 1. Purely tactile, shape-conditioned in-hand reorientation with the torque-controlled DLR-Hand II [1] and Agile Justin [2] (right). Conditioned on
a mesh input in the initial pose and a goal orientation (left), our learned agent autonomously reorients various objects towards the target without visual
information or supporting surfaces (top: training object 7, bottom: out-of-distribution object 11). Shape information is encoded as vectors to the mesh,
transformed by an estimate of the current object pose, which is predicted by a learned state estimator from the history of force/position measurements.

Abstract— Reorienting diverse objects with a multi-fingered
hand is a challenging task. Current methods in robotic in-hand
manipulation are either object-specific or require permanent
supervision of the object state from visual sensors. This is far
from human capabilities and from what is needed in real-world
applications. In this work, we address this gap by training
shape-conditioned agents to reorient diverse objects in hand,
relying purely on tactile feedback (via torque and position
measurements of the fingers’ joints). To achieve this, we propose
a learning framework that exploits shape information in a
reinforcement learning policy and a learned state estimator. We
find that representing 3D shapes by vectors from a fixed set of
basis points to the shape’s surface, transformed by its predicted
3D pose, is especially helpful for learning dexterous in-hand
manipulation. In simulation and real-world experiments, we
show the reorientation of many objects with high success rates,
on par with state-of-the-art results obtained with specialized
single-object agents. Moreover, we show generalization to novel
objects, achieving success rates of ∼90% even for non-convex
shapes.
Website: https://aidx-lab.org/manipulation/iros24

I. INTRODUCTION

In-hand reorientation is a key skill for industrial appli-
cations and many downstream robotic tasks. Yet, robustly
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manipulating objects with arbitrary shapes in a controlled
manner remains an open problem, especially without sup-
porting surfaces [3]. Performing this task purely tactile, i.e.,
without a vision sensor that provides the measurements of the
absolute object pose, is even more challenging and requires
deliberate manipulation strategies that avoid uncontrolled
object movements [4]. Given that in industrial settings the
3D mesh of the object to be manipulated is often available,
using this shape information explicitly for in-hand manipu-
lation seems promising. Yet, in particular, for learning-based
approaches, the question arises of which 3D representation
best facilitates the learning process and generalization to
new objects. In this paper, we study the effectiveness of
different shape representations in the context of reinforce-
ment learning-based in-hand reorientation of various objects
without visual sensors. Using our insights, we extend our
previous object-specific training method [4, 5] to shape-
conditioned agents, where a single policy and estimator can
deal with various objects, including novel objects unseen
during training.

A. Related Work

Reinforcement learning has emerged as a promising ap-
proach for solving complex in-hand manipulation tasks. Most
prior works either train policies to rotate continuously about
a single axis [3, 6, 7], or for multiple axes but for a specific
object [8, 9, 10, 5, 4, 11]. It was recently shown that it
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is possible to train a single policy for manipulating multiple
different objects, including objects unseen during training, by
utilizing visual information [12, 13, 14], where Chen et al.
[12] even consider a goal-oriented task.

By providing the policy with depth images as input,
information about the object shape is implicitly available (up
to occlusions). The depth input modality usually prompted
the use of point clouds for representing shapes, where Yuan
et al. [14] additionally show that touch information can be
integrated into the point cloud. However, the additional need
for a camera sensor can be a significant drawback in many
applications.

Since we are not using vision sensors, we are not com-
pelled to use point clouds. Instead, we propose to use a
shape representation inspired by basis point sets (BPS) [15],
that computes the shape-conditioned observation based on
the estimated object pose.

Chen et al. [16, 12] showed that, in simulation, it is possi-
ble to train goal-oriented policies with diverse objects even
without any shape information when provided the ground
truth object pose. Contrary to this, our findings demonstrate
that in a simulation setup conducive to robust sim2real trans-
fer of purely tactile agents, incorporating additional shape
information proves advantageous, even when the agents are
trained with the ground truth object pose. Moreover, we
show that shape information is even more beneficial in the
challenging setting where the absolute object pose is not
given but has to be estimated from tactile feedback.

In the purely tactile setting, Yin et al. [17] previously
showed in-hand rotation of different objects about fixed axes
using touch sensors. However, the work doesn’t address the
challenge of autonomously reaching desired goals. Instead,
it relies on a human operator to judge the current object
orientation and decide on the next rotation axis. In contrast,
in our setting of goal-conditioned reorientation, the object
pose needs to be estimated from the history of tactile
feedback, requiring more deliberate manipulation strategies
that avoid losing track of absolute object orientation [4].

B. Contributions

• We show for the first time purely tactile goal-oriented
in-hand manipulation of diverse objects with a single,
shape-conditioned agent, i.e., without external sensors.

• We provide a comparison of different shape represen-
tations for learning dexterous in-hand reorientation and
find a favorable shape-encoding: vectors from a fixed
set of points (BPS [15]) to the object mesh transformed
according to its 3D pose.

• We show that the learned shape-conditioned agents

– manipulate many objects with similar success rates
as agents that are trained for the given object only.

– generalize to novel objects outside the training
distribution.

– demonstrate successful zero-shot sim2real transfer
matching the performance in simulation.

II. METHOD

A. Problem Formulation
We study the problem of reorienting objects from a

grasped configuration to a given target orientation Rg ∈
SO(3) in-hand, without supporting surfaces (also no palm
support). Our proposed method assumes torque and position
feedback of a torque-controlled hand as the only measure-
ments, with no cameras or other external sensors. In this
work, we additionally require the 3D mesh of the object in
its canonical pose M (i.e., at x = 0 and R = I), and its
initial orientation R0 relative to the hand frame. Subsequent
measurements of object poses are not required.

B. Representing Shapes for In-Hand Manipulation
We consider an agent conditioned on a shape encoding

S = S(x,R,M), (1)

which is a representation of the object shape as a function
of the canonical mesh M and the object position x ∈ R3

and orientation R ∈ SO(3). The pose could, for example,
be obtained from a visual tracking system or, as in our
experiments, a learned tactile estimator (cf. Section II-D).
We would like the shape representation to:
• contain information about the object surface geometry

that is necessary to perform in-hand manipulation.
• facilitate learning of a reinforcement learning agent.
• allow trained agents to generalize to new object shapes.

While we also consider other shape representations for com-
parison later in this work (Section III-B), in the following, we
focus on Basis Point Sets (BPS) [15], an effective encoding
method for learning on 3D shapes.

1) Basis Point Sets (BPS): BPS define a fixed set of Nb
basis points {pk ∈ R3}k=1,...,Nb

, for each of which the
vector vk ∈ R3 to the closest point on the mesh surface
surf(M) is computed:

vk = p∗k − pk
p∗k = arg min

p∈surf(M)

||p− pk||. (2)

The BPS encoding vector V is then simply the concatenation
of these vectors (or its associated magnitudes):

V = [v1, ..., vNb
] ∈ R3Nb . (3)

Unlike point cloud data, the BPS encoding has intrinsic order
and thus does not require permutation-invariant network
architectures, such as PointNets [18].

In the robotic context, BPS have been used for repre-
senting obstacles in neural motion planning [19] and for
representing object shapes for grasp prediction [20].

2) Basis Point Sets for dynamic objects: In this work, we
use the BPS encoding to represent the object shape for the
policy, as well as for the state estimator. To this end, we
extend the notion of BPS to the dynamic case, where the
basis point encoding is now additionally a function of the
time-varying object pose (x,R):

vk = b(k, x,R,M) =
(

arg min
p∈surf(M,x,R)

||p− pk||
)
− pk, (4)

13112



Fig. 2. Shape-conditioned agent control architecture. The tactile state
estimator f predicts the system state st recursively (see Fig. 3). Based
on the estimated object pose (x̂, R̂) and the given mesh M, the shape
respresentation St = B(x̂t, R̂t,M) = Vt is computed in each timestep t.
This is fed to the policy π together with the relative rotation to the goal
R∆, a stack of joint measurements zt, and the predicted uncertainty σ, to
produce actions qd. These actions, produced at a frequency of 10Hz, are
then low-pass filtered and given to an impedance controller at 1000Hz for
controlling the hand.

where the closest point is now calculated relative to the
surface of M translated by x and rotated by R. If pk lies
inside of the transformed mesh, we set vk = 0. We also
define

Vt = B(xt, Rt,M)

=
[
b(1, xt, Rt,M), ..., b(Nb, xt, Rt,M)

]
.

(5)

Note that each basis point vector vk falls into exactly one of
two categories: It either points to an edge of the mesh or is
aligned with a surface normal. In both cases, we expect vk
to contain valuable information, especially for contact-rich
in-hand manipulation tasks.

In our experiments, we place Nb = 43 basis points
uniformly on a grid [-7 cm, 7 cm]3.

C. Shape-Conditioned Agent

Our agent consists of a policy π and a state estimator f
(cf. Section II-D). The policy outputs Ndof = 12 target joint
angles

qd ∼ π(R∆,S, z, σ) ∈ RNdof . (6)

As input the policy receives the relative rotation to the goal
R∆, a representation of the object shape S = S(x,R,M)
and a measurement vector z. For our agent, z consists of
a stack of Ns = 6 joint measurements q and control errors

Fig. 3. Estimator cell f . In each timestep, the BPS feature vector Vt−1

is computed from the estimated object pose (x̂t−1, R̂t−1) and mesh M.
The learned function fϕ predicts the residual in object state δt from Vt−1,
the previous latent state lt−1, and the joint measurements zt. Finally, state
st is obtained by (generalized) addition of δt to st−1.

e = qd − q sampled at 60 Hz for a window of 0.1 seconds:

zt = [qt−(Ns−1), et−(Ns−1), ..., qt, et] ∈ R2Ndof·Ns . (7)

For low-level control, we use a high-fidelity impedance
controller. This allows the agent to infer contacts from the
control error even without direct access to the torque signal.
Additionally, if a state estimator is used to compute R∆ and
S, we include their predicted uncertainties σ (see Section II-
D) in the input to the policy. An overview of the proposed
agent is shown in Fig. 2.

D. Learning the State Estimator

In the line of prior works [21, 5, 4], we train a state
estimator f that predicts the object state based purely on the
history of joint measurements, provided through the torque
and position sensors. We extend this approach by incor-
porating shape information within the estimator’s recurrent
architecture.

Similarly to [4], the recurrent state is composed of esti-
mated object position x̂, estimated orientation R̂, and a latent
state vector l:

st = (x̂t, R̂t, lt) ∈ R3 × SO(3)× Rn. (8)

R̂0 is initialized with a known rotation matrix R0, while x̂0

and l0 are learned. Based on x̂t and R̂t, in each timestep
the BPS feature vector is computed as Vt = B(x̂t, R̂t,M).
Together with lt and the joint measurements zt, it is then
passed to a learnable function fϕ that predicts the residual in
object state δt ∈ R3+3+n for the next timestep. An overview
of the state estimator cell is shown in Fig. 3.

For optimizing the learnable parameters of fϕ, we treat
the basis point set calculation as part of the computation
graph, enabling us to backpropagate through B recurrently.
For supervised training, we propose a loss function based on
the differences between the ground truth basis point vectors
vk and the predicted ones:

dv(x̂, R̂,M) =
1

Nb

Nb∑
k=1

∣∣∣||vk|| − ||b(pk, x̂, R̂,M)||
∣∣∣ . (9)
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Note that in (9), we penalize the difference in the magnitudes
of the basis point vectors rather than the directional compo-
nents, as the distance is continuous w.r.t. changes in object
pose. Because the above distance metric is invariant to object
symmetries, we additionally include a term that penalizes
the angle between the absolute predicted and ground truth
object rotation d(R̂, R). The overall loss function L for the
state estimator is the negative log-likelihood of the distances
under a Normal distribution with sigmas predicted by a feed-
forward network fσ from the latent state lt:

σvt , σRt
= fσ(lt)

L = − 1

T

T∑
t=0

logϕ
(
dv(x̂t, R̂t,M)|σvt

)
+ logϕ

(
d(R̂t, Rt)|σRt

)
.

(10)

Here, ϕ(·|σ) is the pdf of a Normal distribution with zero
mean and standard deviation σ.

E. Learning a Policy / Reinforcement Learning Task

Our reinforcement learning task is similar to the one
described in [4], where we give a positive reward when
the angle to the goal θt = d(Rt, Rg) is smaller than the
previous θt−1. We also penalize deviations of the object
position xt and joint angles q from their initial values x0

and q̄0, respectively. In summary, the reward function is

rt = λθ min (θt−1 − θt, θclip)

−λx(‖xt − x0‖ − ‖xt−1 − x0‖) (11)

−λq‖(qt − q̄0)4‖1.

The coefficients are λθ = 1, λx = 8, λq = 1
6 , θclip = 0.1 rad.

Clipping the rotation reward forces the policy to rotate
the object slowly and, therefore, more controlled, which is
preferable for a robust sim2real transfer.

For each episode, we uniformly sample a goal orientation
Rg ∼ SO(3). We generate at least one valid initial state
for each simulation environment by spawning a randomly
orientated object in the hand and closing the fingers around
it using a grasping heuristic(see also [4]). The reorientation is
considered a success if θT = d(RT , Rg) < 0.4 after T = 10
seconds.

F. Training the Agent

We train the policy and the estimator using Estimator-
Coupled Reinforcement Learning (ECRL) [4]. The policy
is trained by reinforcement learning, specifically Proximal
Policy Optimization (PPO) [22], concurrently with the state
estimator, which is trained to regress the ground truth object
state from the simulator. Critically, during training, the policy
receives the predicted state from the estimator, which leads
the policy to avoid actions that would lead to unpredictable
object movements [4]. This is in contrast to Student-Teacher
approaches [13, 12], which may produce actions only ap-
propriate when provided with absolute state information (as
from vision-based systems).

We provide detailed hyperparameter choices for the policy,
the estimator, and the ECRL training process on the project
website.

G. Implementation

We employ a GPU-accelerated simulation environment
based on Isaac Sim [23], where we model the hand and
objects with substantial domain randomization (object mass,
friction, control parameters, measurement noise) to enable
sim2real transfer (see [3, 4]). Our PPO implementation
is based on Makoviichuk and Makoviychuk [24] and the
policy network uses the D2RL [25] architecture. For training
on multiple objects, we equally distribute the object set
among 4096 simulation instances, which are run in parallel
on a single NVIDIA T4 GPU. The BPS calculations are
performed by a custom Warp Kernel [26], which enables par-
allelization across basis points, object meshes, and timesteps.
Furthermore, the kernel is differentiable with respect to its
inputs, enabling the estimator to backpropagate through the
BPS calculations.

Overall, training takes around 60 hours for the tactile
agents (policy and estimator). The oracle agents introduced
in Section III-B step faster and converge earlier. The runs
reported in Fig. 4 train for 7-11 hours.

III. EXPERIMENTS & ANALYSIS

In this section, we report experiments in simulation com-
paring different methods for conditioning the reinforcement
learning agent on shape information and real-world experi-
ments proving the sim2real transfer of our simulation setup.

A. Object Datasets

We train and evaluate the shape-conditioned agents on
different sets of objects, shown in Fig. 5.

B. Comparing Shape Representations (Oracle)

To assess the importance of shape information for learning
in-hand reorientation by reinforcement learning, we first
consider a setting where the object pose is known to the
policy, and no tactile estimator is needed. In this setting, the
oracle agent (opposed to the tactile agent) is synonymous
with the policy. We compare the performance of policies
with the following object encodings S:
• VecBPS - the BPS encoding S = V
• BPS - the magnitudes of the BPS vectors
• PointNet - point cloud processed using a PointNet-

encoder [18], but keeping the orientation dependence
by dropping the input transform as Yuan et al. [14].

• PosRot - the object pose S = (x,R)
• Mesh - the object pose and the mesh in canonical pose
S = (x,R,M)

• Pos - only the object position S = x
• None - no object information
To make the comparison as fair as possible within our

compute limitations we reuse the same hyperparameters as
in our previous work [4], which were tuned for the Pos
variant and only tune additional hyperparameters such as the
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Fig. 4. Success rates b during training of oracle agents with different shape representations, plotted against the total number of environmental steps. Left:
Training on a single object (Cube, index 8). Middle: Training on cuboids with randomized axis-independent scaling in [4.5 cm, 9 cm]. Right: Training on
the GEOMETRIC 8 object set with randomized scaling. Each line is the mean over three training runs, with shaded areas covering the min and max. We
smooth the (binary) success signal for the individual runs.

Fig. 5. Object sets used in the experiments: objects 0-7 (GEOMETRIC 8)
are designed to have different geometric properties (convex, non-convex,
varying number of edges, angle between adjacent surfaces, etc.). The
training set consists of these eight geometric objects with randomized axis-
independent scaling in [4.5 cm, 9 cm], effectively creating a much larger
set of training objects. Out-of-distribution (OOD) test objects 8-12 are
not present in the training set and are used for assessing generalization
capabilities. Object 12 is the YCB apple [27].

resolution of the BPS and the number of points (256) and the
encoder network (linear layer with 64 units) of the PointNet.

In Fig. 4, we show the learning curves for the differ-
ent inputs when training on object datasets of increasing
complexity. The BPS-based encodings generally outperform
the other input representations for all object sets. While
the performance benefit of the BPS encoding is marginal
when training on a single object (cube, 8), it becomes
more pronounced with increasing complexity of the object
set. Moreover, in our experiments, the BPS-based encod-
ings consistently outperform the PointNet encoding, which
provides only moderate improvements over omitting shape
information entirely.

We found it interesting to see that providing the policy
with the orientation of the object (PosRot) seems to increase

the variance across runs but does not improve the perfor-
mance over only providing the position (Pos). However,
that should not be surprising because the orientation is
meaningless without defining the object’s origin and its
general shape. For example, for two cuboids with extents (5,
5, 8) cm and (5, 8, 5) cm respectively, the same orientation
will result in different configurations, which will generally
only ”confuse” the policy. Although this could, in principle,
be mitigated by additionally providing the canonical mesh
alongside the pose (Mesh representation), we find that this
does not improve performance when testing the hypothesis
on the GEOMETRIC 8 object set. This underlines the effec-
tiveness of transforming the BPS representation according to
the current pose.

The position proved helpful even though the same problem
of defining the origin exists. But unlike orientation changes,
which can be inferred from the goal orientation delta R∆,
changes in position provide additional information. Addition-
ally, all objects are centered around the origin. Therefore, the
absolute position indicates when the object might be close
to dropping or sliding up too high.

C. Benchmarking Purely Tactile Shape-Conditioned Agents

For the remainder of this section, we present results for
agents trained with state estimator as described in Section II,
where the ground truth object state is not available to the
policy but has to be inferred from the history of joint
measurements by the estimator. Unless noted otherwise, we
use the VecBPS encoding as the shape representation to the
policy and estimator and train on the GEOMETRIC 8 object
set with randomized scaling.

We evaluate final performances by measuring the final
angle to the goal orientation after 10 s, and report the success
rate b for each object as the fraction of goals reached within a
threshold of 0.4 rad. Dropping the objects counts as a failure.
As in Pitz et al. [5], Röstel et al. [4], we systematically
evaluate all 24 goal orientations in a π/2-discretization of
the SO(3) space (Octahedral group), although our policies
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Fig. 6. Distributions of the final angle θT to the goal orientation for individual objects (no axes scaling). Each violin entails 24 goals for 64 environments
(=1536 samples). Final angles greater than 1.5 rad, and episodes where the object was dropped are grouped to the point at the violin’s top. We compare
the oracle to the purely tactile agent (estimator), using the VecBPS representation for both.

TABLE I
SUCCESS RATES BY OBJECT PROPERTIES

Objects Oracle Estimator
Description IDs VecBPS Pos VecBPS Pos

Convex 1, 2, 3, 4, 8, 9 0.97 0.94 0.90 0.70
Round 5, 12 0.99 0.99 0.66 0.51
Non-convex 0, 6, 7, 10, 11 0.95 0.88 0.90 0.68

are trained to reorient from arbitrary object initializations to
any goal orientation in SO(3).

In Fig. 6, we compare the distributions of final angles
to the goal orientation for the oracle agent and the tactile
agent (with estimator). While we expected the average angle
error to be higher for the tactile agent, the most prominent
differences compared to the oracle case are observed for
objects with less pronounced edges, such as object 3 (the
cylinder) or object 5 (the 26 sided ”sphere”).

In Table I, we investigate this phenomenon closely by
comparing the average success rates of oracle and tactile
agents (with estimator) with and without shape information
for three subsets of our objects. Note how both oracle agents
perform exceptionally well on round objects. The oracle
agent without shape information scores over 10% higher on
the round objects than on the non-convex ones. However, this
trend is entirely reversed for the tactile agents, particularly
the one with shape information. There, the success rate is
almost 25% lower on the round objects than on the non-
convex ones. The table shows that shape information is
especially useful for manipulating non-convex shapes and
confirms that estimating the absolute pose of round objects
purely from tactile feedback is very challenging [4].

In Fig. 7, we benchmark the success rates of the tactile
agent for the GEOMETRIC 8 training objects at aspect ratio
1 and the OOD objects. We see no clear performance
difference between the training objects and the OOD object
set, indicating that the policy and estimator can generalize
well to novel objects with similar properties.

The success rates for objects 1, 8, 9, and 12 (L, cube,
cuboid, apple) are similar to the state-of-the-art results for
the respective objects reported in Röstel et al. [4], where

Fig. 7. Real-world and simulation success rates b for individual objects
(nominal object scaling). Experiments are run with the same policy and
estimator with VecBPS shape representation. In simulation, we plot the mean
over 256 environments running all 24 goals. For the real-world experiments,
we picked two easy and two hard training objects plus three OOD objects.
We evaluated each goal twice.

we trained a separate agent for each object. Interestingly,
our agent can successfully adapt its control strategy when
manipulating object 12, the OOD apple, which requires
an especially deliberate manipulation strategy that avoids
estimator drift [4]. We encourage the reader to inspect the
supplementary video and the project website to see the
qualitatively different manipulation patterns produced by the
same agent conditioned on various shapes.

The success rate for the apple is even significantly higher
than for object 5, the 26-sided “sphere”. We assume the 45-
degree angles are somewhat adversarial for the tactile state
estimator because it is difficult to guess which side a finger
touches on the object. However, unlike for round objects, it
matters a lot since the object may snap to one side or the
other, depending on the exact contact location. The second
mode in object 5’s violin (Fig. 6) is likely caused by this
snapping effect. The estimator might then realize that the
finger is placed properly on a face but cannot tell which
one.

D. Real-World Experiments

To validate our simulation results, we conduct real-world
experiments with the torque-controlled DLR-Hand II [1],
with calibrated kinematics [28]. The real-world experimental
protocol follows a similar procedure as in simulation: The
operator first passes in the object in its canonical orientation.
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Fig. 8. Success rates for additional complex, OOD objects. We use the
same experiment settings as in Fig. 7 and additionally plot the oracle policy
performance for reference.

Then, the hand is closed around the object by commanding
a fixed set of “grasping” target angles for the impedance
controller. Finally, we run the agent for 10 s and evaluate
if the object was correctly reoriented. Due to the 90-degree
discretization of the benchmark task, it is usually easy to
judge if the final angle error is below the 0.4 rad threshold
even without a visual tracking system.

Out of the large number of possible objects to be tested, we
choose to evaluate the two GEOMETRIC 8 objects with the
highest and two with the lowest success rates in simulation,
as well as three of the OOD objects. For each object, we
evaluate all of the 24 benchmark goals twice and report the
aggregated success rates. The results shown in Fig. 7 indicate
that real-world performance closely matches the simulation
results.

The supplementary video and the project website show the
real-world experiments.

E. Assessing the Limits of OOD Generalization

In Fig. 8 we test the limits of our agents, trained on ran-
domized geometric objects, by evaluating it, in simulation,
on three complex objects (13-15 originally introduced in the
context of vision-based in-hand manipulation in Chen et al.
[12]). We also check the real-world performance of object
14, which again matches well with the simulation. While
the oracle policy handles these objects surprisingly well, a
performance gap is seen for the purely tactile agent. Our
hypothesis for this observation is that, due to the complex
nature of these objects (small features, high curvature), the
sensitivity of the control strategy to even small inaccuracies
in the estimated object pose is even higher. Uncontrolled
object movements resulting from this can lead to permanent
loss of observability, as the object pose can not be determined
unambiguously by a tactile estimator [4]. We expect that the
ability to sense small features as provided by tactile skin,
could be necessary to reorient these objects with greater
robustness.

F. Sensitivity to Shape Conditioning

We test the agent’s performance when provided with an
incorrect mesh to further understand the models’ ability to
adapt based on shape conditioning. For this, we conduct
two experiments, testing the influence of the object scale
and geometry separately. In Fig. 9, we evaluate the success
rate when provided with a mesh that does not account

Fig. 9. Success rates b for randomly scaled training objects. The x-
axis indicates the extent which is furthest away from the median (6.75 cm)
for each object. Each sample is the mean of one environment over five
evaluations for all 24 goals (64 for each training object, totaling 512
samples). The lines are polynomials of degree 4 fitted to the samples.
We compare the same VecBPS agent (with estimator) when passing in
the correctly scaled M versus always passing in a fixed M with median
extents. Note that when the furthest extent is far away from the median, the
agent’s success rate conditioned on the fixed M decreases quickly, while
conditioned on the correctly scaled M, the agent copes well with larger
aspect ratios.

for the actual object extents. We fix the object scaling
for the experiment in Fig. 10 but provide the agent with
an entirely different mesh. In both cases, we observe a
significant drop in performance when the shape information
is incorrect, confirming that manipulation strategies indeed
heavily depend on the shape conditioning.

It is interesting to see how some objects correlate quite
strongly, such as objects 2 and 3 (cylinder and pentagon),
objects 11 and 12 (T and emergency switch), or objects 6 and
8 (H and cube). Still, especially for the out-of-distribution
objects 12-15, conditioning the agent on the correct shape is
vital.

Note that all objects perform best when conditioned on
the correct shape (the diagonal). Only object 6 works just as
well when conditioned on the cube mesh (object 8), which
might indicate that the spatial resolution of our basis point
set is not high enough to resolve smaller concave features.

G. Ablations

To understand the effect of different design decisions on
the final performance when training with the estimator, we
perform a series of ablation studies. Table II shows the suc-
cess rates and final angle to goal relative to the performance
of the base model (with VecBPS encoding) evaluated in
Section III-C. Not giving the policy the estimated uncertainty
σ or stopping the gradient through the BPS calculation
when training the state estimator leads to slight but notable
decreases in performance. Omitting shape information from
the system leads to a drop in performance even larger
than observed for the oracle case (Section III-B), indicating
that shape information is crucial for learning accurate state
estimation. Interestingly, using the BPS distances only does
not significantly affect the final performance.
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Fig. 10. “Confusion matrix” shows the success rates in % for individual
objects (nominal object scaling). Each entry is the mean over 256 environ-
ments running all 24 goals. The row index indicates which mesh M the
policy and estimator were conditioned on, and the column index indicates
which object was actually manipulated.

TABLE II
TRAINING WITH ESTIMATOR - ABLATIONS

relative
success rate

relative
final angle to goal

No σ input to π −2.6% +12%
Stop gradient through B −1.7% +5%
No shape info −30% +89%
BPS (distance only) −0% −0.2%

IV. CONCLUSION AND OUTLOOK

We presented a method for learning a shape-conditioned
policy and state estimator for in-hand manipulation. Using
our agent, we were the first to autonomously reorient various
objects to specified target orientations, purely based on
torque and position feedback, all using a single agent. To
this end, we compared different shape representations and
found that basis point sets computed for the transformed
object meshes are a well-suited representation for in-hand
manipulation. Although we could show high success rates for
many objects, both seen and unseen during training, we also
observed limitations, especially regarding objects with small
features. In future work, we plan to address these limitations
by incorporating tactile skin as an additional sensor modality,
with which we hope to scale to more objects and tasks.
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