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Abstract— Existing grasp prediction approaches are mostly
based on offline learning, while, ignoring the exploratory grasp
learning during online adaptation to new picking scenarios,
i.e., objects that are unseen or out-of-domain (OOD), camera
and bin settings, etc. In this paper, we present an uncertainty-
based approach for online learning of grasp predictions for
robotic bin picking. Specifically, the online learning algorithm
with an effective exploration strategy can significantly improve
its adaptation performance to unseen environment settings. To
this end, we first propose to formulate online grasp learning as
an RL problem that will allow us to adapt both grasp reward
prediction and grasp poses. We propose various uncertainty
estimation schemes based on Bayesian uncertainty quantification
and distributional ensembles. We carry out evaluations on real-
world bin picking scenes of varying difficulty. The objects
in the bin have various challenging physical and perceptual
characteristics that can be characterized by semi- or total
transparency, and irregular or curved surfaces. The results of
our experiments demonstrate a notable improvement of grasp
performance in comparison to conventional online learning
methods which incorporate only naive exploration strategies.
Video: https://youtu.be/fPKOrjC2QrU

I. INTRODUCTION

Robotic picking or object grasping is a challenging task
in robotics that requires the agent to select and execute the
optimal grasp poses for various objects from observations of
complex scenes, where the agent must search for an optimal
grasping strategy in an exponentially large state space due
to the inherent variability in object shapes, opaqueness,
and materials, and in certain cases also due to the various
characteristics of the robot’s sensors and actuators. These
challenges represent significant obstacles to designing hand-
engineered algorithms as done in traditional approaches [1].
To overcome those challenges, modern grasping methods
have successfully applied advanced deep learning techniques
that enable model-free grasp predictions for a wide variety
of objects in unstructured environments [2], [3]. However,
methods [4]-[6] are based on supervised learning and offline
training, and can not generalize well to OOD objects or new
environment settings.

To address these challenges, this paper focuses on tackling
the problem of online grasp learning. It does so by leveraging
exploration capabilities to systematically search the space
of grasp configurations to find the best grasps for picking
objects from an OOD bin. Those objects are characterized
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Fig. 1: Given an image of a picking scene (1st column), every 500
training steps our MV-ConvSACs predicts a grasp reward map (2nd
column) and a normalized uncertainty map (3rd/4th columns).

by unknown physical and perceptual features such as semi-
or total transparency, and irregular or curved surfaces.

In particular, we propose a study with a realistic assump-
tion that online grasp learning with exploration capabilities
can be used to fine-tune or adapt a pretrained grasping
network to a set of OOD objects. We focus on data-
efficient offline-to-online learning [7], aiming to enable the
agent to quickly learn from a limited amount of real-world
interactions given a grasping network that was pretrained
using small-scale offline learning. To this end, we propose to
formulate online grasp learning as a reinforcement learning
(RL) problem and to leverage the Convolutional Soft Actor-
Critic (ConvSAC) algorithm [8] to further update the policy.
We propose various exploration strategies that are based on
uncertainty estimation to enhance the data efficiency and
the domain generalization of the online learning process. To
achieve this, we utilize Bayesian uncertainty estimation [9]
and quantile regression [10], [11] to compute a pixel-wise
uncertainty map for a given input image. The uncertainty
map allows the agent to actively choose the next picks that
reduce ambiguity or uncertainty on the grasping scene while
improving the grasp success in the long run, as depicted in
Fig. 1. To summarize, our main contributions are as follows:

o The formulation of the exploration problem for online
grasp learning allows us to integrate various exploration
strategies into existing RL-based grasp learning meth-
ods to improve grasp performance online.

o New architectures for uncertainty estimation and princi-
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pled exploration strategies specifically for bin picking.
These exploration strategies are based on pixel-wise
uncertainty maps that can be computed using Bayesian
uncertainty estimation or distributional regression.
Experiments and ablation studies on a real-world bin
picking setup to i) demonstrate the proposed approach,
and ii) understand the role of different types of uncer-
tainties, i.e. epistemic and aleatoric.

II. RELATED WORKS
A. Modern Robot Grasping Methods

Modern robot grasping methods often employ deep learn-
ing techniques trained on extensive datasets to predict grasps
[12], [13]. Most strategies depend on generating a grasp
reward map where each pixel represents the likelihood of
a successful grasp at this location. For instance, Mahler et
al. [12] suggest the prediction of a grasp map for suction and
parallel-jaw grasps through supervised datasets using RGB-
D or depth as input. Morrison et al. [14] and Satish et al.
[15] adopt this approach to predict both pixel-wise grasp
reward maps and 4-DoF parallel-jaw grasp configurations.
Alternative approaches utilize point clouds [16]-[21] or vox-
els [22] as input and predict dense grasp qualities and gripper
configurations. In a subsequent study, grasp prediction is
trained jointly with object shape reconstruction [23]. Recent
works introduce the concept of pixel-wise grasp maps and
grasp configuration predictions for single-suction grippers
[24] and multi-suction cup grippers [25].

B. Deep RL-based Grasping Methods

Vision-based RL has emerged as a promising approach
to robotic grasping, which involves using visual information
to guide robot actions through RL networks [26]-[28] and
are often end-to-end and optimize close-loop policies for
grasp planning from raw visual inputs. One of the primary
obstacles lies in the requirement of substantial quantities of
training data of exceptional quality, owing to the high dimen-
sionality of visual [29] or depth [30] input. Additionally, the
algorithm must effectively extrapolate the acquired knowl-
edge to unknown scenarios while maintaining its efficient
performance. Open-loop RL methods are also used for 6-DoF
bin picking scenarios [8], [31]-[33] which need a substantial
number of updates to achieve ideal performance. However,
these works often resort to training from scratch and use
a standard exploration policy, i.e. a policy entropy bonus,
hence they require an extensive amount of online samples.

Several works have proposed more principled exploration
strategies for online grasp learning [4], [5], [34]-[39], but
so far singulated object scenes were addressed and their
extensions to bin picking is non-trivial. Alternatively, meta-
learning or few-shot learning have also been applied for
online learning for bin picking [40]-[42]. These works show
that the learned grasp can be quickly adapted to OOD
objects. However, they require a few shots of context grasps
provided either by an oracle or by executing passive actions.
In contrast, our approach gathers these context grasp points
via an actively exploring policy.
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Fig. 2: Ensemble of probabilistic ConvSAC network archi-
tecture: MV-ConvSACs and QR-ConvSACs.

C. Uncertainty Estimation in Deep RL

Uncertainty estimation is a research focus in various
machine learning and deep learning subfields. Kendall et
al. classify uncertainties into epistemic and aleatoric uncer-
tainties [43]. Epistemic uncertainty arises from the model’s
lack of knowledge or information. Aleatoric uncertainty, on
the other hand, is related to the inherent stochasticity (or
noise) in the data. In the RL domain, Charpentier et al. [44]
introduced desiderata influenced by supervised uncertainty
estimation, encompassing both aleatoric and epistemic un-
certainties. Lee et al. [45] propose deep ensemble techniques
for the Soft Actor-Critic (SAC) algorithm [46], utilizing
uncertainty estimates to re-weight sample transitions during
policy updates. By incorporating uncertainty measures, the
agents gain insights into the reliability of the collected data.
Clements et al. [11] focused on estimating and disentangling
uncertainties in distributional RL agents by estimating un-
certainty at various quantiles [10], enabling more precise
and reliable estimates of uncertainty in the RL setting.
Additionally, methods based on Kalman filters as discussed
in [47], have also demonstrated their success in Bayesian
uncertainty estimation.

III. UNCERTAINTY-DRIVEN OFFLINE-TO-ONLINE
ROBOTIC GRASP LEARNING

We consider the following online grasp learning problem
setting. Given an RGB-D image of the scene, our goal is to
predict multi-channel maps for a suction gripper: a pixel-wise
grasp reward map, a pixel-wise grasp orientation (rotation)
map and a pixel-wise uncertainty (variance) map. These
prediction maps can be used to derive an exploration grasping
action. After each grasp, the network receives sparse reward
feedback (success or failure) and is updated accordingly.

A. Problem Formulation

Here we suppose to model the online grasp learning
problem on a bin picking setting as an MDP (S, A, T,r)
with state space S, action space A, transition function 7T
and reward function r. In each step, the system observes a
state s; € S, an action a; € A is taken by the policy 7(a¢|s)



and the reward is received from the environment r (s, a;).
A new state sy;4; follows upon based on the transition
T from the environment. In the setting of [8], the state
s; is represented by a set that is composed of one color
image, normal map, and height map s; = (I, I,,, I4); with
I, € REW=3 1 ¢ REW=3 and I; € RE*W*L n our
experiments, the states are captured by a stereo sensor with a
top-down view of the object bin. The action a; corresponds to
a three-dimensional orientation represented by Euler angles
(e, Bt,7ye) and Cartesian coordinates (x¢, y¢, 2¢). Due to the
rotational symmetry of our suction gripper (7, ignored), we
define the grasp action as a; = (x4, yt, ¢, ft) € A since z;
is directly extracted from the height map. The reward r; is 1
when a successful grasp is executed or 0 otherwise. We aim
to optimize a policy 7(s) : S — A that maximizes the total
grasp success return y_, ry.

We follow a similar framework as proposed by ConvSAC
[8] and HACMan [48] to create network architectures for
continuous actions, as well as ()-learning for discrete ac-
tions. In particular, the Actor module 7 (s) infers pixel-wise
Gaussian actions, resulting in an action map denoted as A.
These actions are then concatenated with the embedding of
the input image and evaluated by a Critic module, resulting
in a Q-value map denoted as (), namely grasp reward map.

B. Ensemble of Probabilistic ConvSAC

Here we propose an extension of ConvSAC to model the
critic’s uncertainty using two strategies. The first strategy
is to model heteroscedastic aleatoric uncertainty following
the Gaussian likelihood [43] of each pixel of the Q-value
map. The second strategy is to predict the Q-value for each
pre-defined distributional quantile [11] individually. Figure
2 shows our proposed network architectures. The training
of the actors is similar to the ConvSAC’s actor training
procedure, where we implement a probabilistic action as
mo(s) ~ N (A (s), A2(s)).

1) Gaussian-based Uncertainty Estimation: Suppose we
have the input data s, the network will encode it and generate
the grasp orientation map A, (s) € RT*W*3 for each pixel
D = {a;(s)}i<m«w,ien. To criticize the pixel-wise action
a;(s), the critic network will take the embedding from both
the input feature as well as the action map and finally output
the reward map or (J-value map as well as the variance map,
denoted as Q(s, A,(s)) € RT*W*l and Var(s, A,(s)) €
RZ*W+1 We denote i as the pixel index of a specific
map for all the notations mentioned above. For simplicity,
we call this architecture as Mean-Variance Convolutional
Soft Actor-Critics (MV-ConvSACs). Specifically, we build
another head of the ConvSAC’s critic network to predict the
variance map Var(s, A,(s)) parallel with the reward map Q.
Inspired by [49], our critic network is trained in a supervised
manner with negative log-likelihood (NLL) loss [43].

We further propose to improve the MV-ConvSACs frame-
work using ensemble learning [50]. Following [7], using mul-
tiple agents of Q-functions can achieve a higher resolution
of pessimism for OOD data. Suppose N MV-ConvSACs
agents are considered with an ensemble of @Q-functions
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and their variance {Q; (s, A4,(s)), Var;(s, A,(s))}}L,. As a
result, the epistemic and aleatoric uncertainties, and the total
uncertainty can be computed as follows:
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where Q = YN Q;(s,mu(5)).

2) Quantile-based Distributional Learning: While MV-
ConvSACs assume the critic’s reward map () being a pixel-
wise Gaussian distribution, quantile-based estimation allows
us to capture the full range of possible outcomes and their
associated probabilities. By using quantile estimations, we
can easily estimate the value at a specific percentile of the
reward distribution represented by individual percentiles.

Here we aim to construct a discrete quantile-regressed
critic estimator. Suppose the target reward map is a random
variable Z(s,m(s)) € RE*W*1 we estimate the percentile
corresponding to the k’th quantile 7, by Z,, (s, A(s)) with
k € [1,K] for K quantiles in total. To realize this, we
simply construct K output heads for each quantile regres-
sion member. For notational simplicity, we denote the k’th
quantile reward estimate Z(s, A(s)) as Q € RH*W+1,
Given this architecture, the ()-value map is estimated as
Q(s,A(s)) = Epeup,i [Qk]. Similar to before, we call
this architecture as Quantile Regression Convolutional Soft
Actor-Critics (QR-ConvSACs).

Inspired by this work [51] that proposes an application of
ensemble learning for distributional Q-learning, we also use
N QR-ConvSACs agents with an ensemble of quantile heads
{Qk,j(saA(S))}je[l,N],ke[l,K]~ Given this, the estimate Q-
value map is computed as:

K N )
D> Qrils, Als))

k=1j=1

Qls, A(s)) = 7

The training of QR-ConvSACs’ critics relies on quantile
regression. In particular, following [11] we propose to train
the prediction heads according to the Huber loss [10] respec-
tively and model the estimated uncertainty as:

) 1 K N R 1N

Vepi(S)ZKXN;; Qk,j_ﬁjz:;@kj
K J 2

ale Z Z Q(87A(S))

k:l

j=1

C. Data-efficient Online Training

1) Multi-processed Online Learning: We build a pipeline
for multi-processed online learning inspired by Ape-X [52],
which is designed to efficiently collect valuable online data
and train the agents in a scalable manner. We parallelize



the training of individual agents from the ensemble on a
single robotic picking cell. This distributed training pipeline
achieves the ratio of 6:1 between the number of training
steps vs. one online collected data sample (one robot grasp),
with an ensemble of N = 3 agents. In addition, our pipeline
can be theoretically extended to multi-robot data collection
for better efficiency as well.

2) UCB-based Exploration Policy: Suppose in the online
inference process, our stereo sensor captures the state s,
and our ensemble agents give the correspondent reward map
Q(s, A,(s)), variance map V (s, A, (s)) as well as the action
map A,(s) = + Z;\f:l A, j(s) as the output action during
inference. We design an exploration policy based using the
UCB strategy [53], [54] as:

Quen(s, Au(s)) = Qs Au(s)) +0- V(s Au(s)), (D

where 6 € Ry is the UCB ratio, which is a hyperparameter
that indicates the degree of exploration on uncertain pixel
regions. In the experiment section, we will further investigate
the effect of different uncertainty types, V., Vem- or the total
uncertainty Vaur.

3) Online Training with Data Buffer: We are supposed
to update our networks with the online collected data from
the shared data buffer. Online learning utilizes similar ob-
jectives as offline training, while only on the selected pixel
indexed by ipest = {h*,w*} that is selected according
to the probabilistic policy in the inference process, where
(h*,w*) = argmaxy, v Qucs[h/, w'], and the best action
parameter is extracted from the action map as A[h*, w*].
Once the updates are completed, the new network parameters
are sent to the parameter buffer periodically.

IV. EXPERIMENTS
A. Experiment Setup

Our study was conducted on the Franka Emika Robot
equipped with a Schmalz suction gripper. We aim to enable
the robot to accurately detect and manipulate objects by
mounting a Realsense d415 camera to capture a clear top-
down view of the bin. We prepared two sets of objects, each
with specific characteristics and experimental purposes as in
Fig. 3 (b). The first object set contains opaque objects with
rigid and regular shapes in Fig. 3 (b) (top) including several
rectangular boxes and cylindrical bottles with various sizes
and textures. The second set contains “hard” objects with
various characteristics that increase the difficulty of grasping
in Fig. 3 (b) (bottom) that are characterized by semi- or total
transparency, irregular or curved surfaces, which are used to
evaluate the performance of our proposed algorithm.

B. Technical Details

Here we report the background configurations and hyper-
parameter settings of our experiments. We use an ensemble
of N =3 QR- or MV-ConvSAC agents. During both offline
and online training, we trained both QR- or MV-ConvSAC
and the baseline ConvSAC for 4000 steps with a mini-batch
size of 12 and a learning rate of 1e —4 for both the actor and
the critic. We apply data augmentation through proper affine
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(b) Bin picking objects

(a) Robot configuration

Fig. 3: Grasping experiment setup

(rotation and translation) and color jitter operations. For a
fair comparison, all the models with different exploration
strategies are trained for another 3000 steps in our ablation
studies. During online learning, our robot will grasp from
the bin with 10-17 randomly chosen objects from the online
object set. We set the UCB ratio 6 = 1 in Eq. (1). The
period to transfer the networks from the training process to
the inference process is set to be after every 10 steps of
updates.

a) Offline training: We first train all methods of-
fline. The offline dataset consists of 300 scenes of ran-
dom 5-10 objects. It can be represented by Dot fiine =
{I.,1,,14,A,Q};, where I.,I,,I; are defined in Section
II-A, and @ is the pixel-wise approximated ground truth Q-
reward map. The approximated ground truth ) map is com-
puted simply using background subtraction to detect object
regions, and then assign values proportional to the inverse
of the standard deviation of the object surface normals [25].
The action map for a suction gripper at each pixel is assigned
to its respective negative normal vector.

b) Baselines: We evaluate and compare our methods to
the two ensembles ConvSAC versions: offline-trained MV-
and QR-ConvSAC (called offline version, correspondingly),
and these versions with online fine-tuning (called online
version) using exploration strategies from the standard SAC
algorithm.

¢) Metrics: Our evaluation and comparison use two
metrics: 1) Grasp success rate: The percentage of successful
grasps over grasp attempts, and ii) Clearing rate: The per-
centage of objects removed over the total objects in a bin.

d) Evaluation scenes: To achieve a fair comparison,
we predefined a set of 2 evaluation scenes of 17 objects,
which contains a selected subset from our online objects.
We rearranged the scenes for each algorithm in a consistent
manner, so that any observed differences in performance
could be attributed solely to the algorithmic approach rather
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than to any differences in the scene arrangement.

C. Online Learning Results

1) Ablation on the Online Exploration Strategies: In
this section, we mainly focus on the uncertainty type for
Gaussian-UCB exploration as in Eq. (1). Figure 4 shows
our results averaged over the evaluation scenes, where we
evaluate the networks by setting an episode of 25 grasp
attempts per scene. The episode can terminate earlier the
all objects are cleared. The shading regions and error bars
represent the mean estimate’s first standard deviation. The
results show that our online learning approaches MV- and
QR-ConvSACs achieve a significant improvement over both
ConvSAC ensemble baselines offline and online.

Figure 4 (a, b) shows that for MV-ConvSACs the explo-
ration strategy using epistemic uncertainty gives the highest
final clearing rate of above 90%, while also showing a
relatively high grasp success. QR-ConvSACs show a similar
tendency, they also achieve comparable clearing rates and
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grasp success. Overall, epistemic uncertainty is shown to
be particularly effective in guiding the agent’s exploration
towards promising actions and strategies, leading to more
efficient and targeted experiences and resulting in faster and
more effective learning. On the other hand, these results con-
sistently prove that explorations using aleatoric uncertainty
or total uncertainty can mislead the learning process, hence
converge to a poorer policy than the baselines.

We further propose to adaptively tune the UCB ratio from
1 to 0 (marked as “online epi adaptive” in Fig. 4) that follows
a cosine decay. These results demonstrate that the adaptive
exploration strategy performs better than the fixed UCB ratio
in terms of clearing rates and grasp success. Specifically, we
observe that a higher level of exploration is needed in the
initial stage of learning, while a lower level of exploration
is more appropriate in later stages to consolidate the learned
knowledge.

2) Ablation on the Number of Online Data: We further
conducted an ablation study on the amount of collected
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online data (proportional to the training steps) on the learning
efficiency and consistency of our approaches. During the
online learning of the exploration of epistemic uncertainty
with adaptive UCB ratio, we recorded the checkpoints after
every 500 training steps and evaluated on our evaluation
scenes. The results are presented in Fig. 5, which shows an
overall increase in both metrics during online learning.

To gain a deeper understanding of the performance of our
framework, we visualize the evolution of reward maps and
uncertainty maps during the training process, as shown in
Fig. 1. Our observations show that the high reward regions
tend to concentrate on parts of objects that can be grasped
safely with a high probability, such as the center region of
a homogeneous surface. On the other hand, false positives
on hard objects are identified as the main exploration targets
during the online training. Exploring these areas can help the
agent learn more effective grasping strategies in the presence
of uncertainty. Similarly, transparent objects can lead to false
negatives due to the difficulty of accurately sensing the
object’s shape and position. Exploring these regions can help
the agent to improve its understanding of the environment
and reduce the number of false negatives.

3) Ablation on the Number of Quantile Heads of OR-
ConvSACs: In this final experiment in Fig. 6, we report
our ablation study on the number of quantile heads of QR-
ConvSACs, where the improvement of the success rate does
not increase after 20. The final grasp success rate of adaptive
epistemic exploration achieves the best performance if using
the same number of heads, while the best performance is
around 79 % with 10 quantile heads. For each quantile head
choice, the adaptive setting also has the highest clearing
rates, with above 90%, 70%, and 75% for 10, 20, and 100
quantiles, respectively.

V. CONCLUSIONS

In this work, we have proposed uncertainty-based explo-
ration for online grasp learning. The proposed strategies are
based on deep ensemble learning, uncertainty estimation,
and UCB exploration. Specifically, we investigate and em-
ploy two ways to integrate uncertainty estimation, including
mean-variance estimation (MV-ConvSACs) and quantile re-
gression (QR-ConvSACs). During training, we online train
the offline initialized agents on real-world bin picking scenes.
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Based on a view that integrating uncertainty estimation into
the algorithm improved its performance by providing more
potential regions to be explored, we studied different explo-
ration strategies based on the UCB algorithm by utilizing
different types of uncertainties and found that epistemic un-
certainty is much more informative than aleatoric uncertainty.
Epistemic uncertainty refers to uncertainty due to a lack of
knowledge, which can be completed by further grasp trials.
While aleatoric uncertainty is due to randomness or noise
in the data that is generally unavoidable. To sum up, our
proposed methods show a promising overall success rate,
generalization ability, and efficiency in the bin picking of
unseen objects. Our future work will look at an extension into
online learning of non-prehensile manipulation. In addition,
improved exploration strategies on a fused space between
visual and proprioceptive modalities will open more appli-
cations to other manipulation tasks.
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