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Abstract: We explore the problem of estimating the mass distribution of an articulated object by an interactive robotic agent. Our method predicts the mass
distribution of an object by using limited sensing and actuating capabilities of a
robotic agent that is interacting with the object. We are inspired by the role of
exploratory play in human infants. We take the combined approach of supervised
and reinforcement learning to train an agent that learns to strategically interact
with the object to estimate the object’s mass distribution. Our method consists
of two neural networks: (i) the policy network which decides how to interact
with the object, and (ii) the predictor network that estimates the mass distribution given a history of observations and interactions. Using our method, we train
a robotic arm to estimate the mass distribution of an object with moving parts
(e.g. an articulated rigid body system) by pushing it on a surface with unknown
friction properties. We also demonstrate how our training from simulations can
be transferred to real hardware using a small amount of real-world data for finetuning. We use a UR10 robot to interact with 3D printed articulated chains with
varying mass distributions and show that our method significantly outperforms
the baseline system that uses random pushes to interact with the object. Video at
https://youtu.be/o3zBdVWvWZw

1

INTRODUCTION

Humans continuously make inferences about the physical properties of objects in the world while
perceiving and interacting with them [1]. Relying on our physical intuition, we can predict with
a high degree of certainty if a block tower would destabilize and fall [2] by simply looking at it.
While visual observation is sufficient for an agent to predict a rough outcome of the future, having
the ability to physically interact with the surroundings provides more critical information to reason
about the world. Infants, for example, engage in exploratory play to discover non-obvious physical
properties of objects [3], and develop a core knowledge in long-term cognition about the physical
world [4]. Can we teach the robot to engage in a similar exploratory play with a new object in order
to learn more about it? In this work, we develop an interactive agent to estimate the mass distribution
of an articulated object by pushing it around on a surface. We design a simulated world, shown in
Figure 1 (Middle, Right), and a real robot setup, shown in Figure 1 (Left), where a robotic arm can
interact with an articulated chain by pushing it at any point on any segment.
While estimating mass properties through physical interaction has been previously studied [5, 6,
7], our problem is uniquely challenging in three aspects. First, unlike estimating the mass of a
single rigid body, the Euclidean distance between two equilibrium states of an articulated object
is insufficient to infer the mass of each moving segment. Compounding with the discontinuous
behaviors due to self-collisions among segments, estimating the mass distribution of an articulated
object accurately, requires the robot to push the object at the right spots, with the right force, and
make the right conclusions about the outcomes of its interactions. Second, to make our method

Figure 1: Example of a push (in two frame time-lapse) that can be executed by the robot on a 2link chain (Left). The chain loses contact with the end-effector (painted orange in the picture) and
continues sliding on the surface briefly before coming to rest. We run simulations where the agent
can interact with articulated objects across two different robot platforms (middle, right)
applicable to the real-world scenarios, we do not expect the robot to be able to push or track the
state of a moving object, which often requires an accurate motion capture system. Instead, our
method is only allowed to use the information acquired when the object comes to a complete stop
(an equilibrium state). Third, we do not require the agent to grasp the object during any part of the
interaction and allow only non-prehensile pushing of the object.
Our problem of system identification can benefit from a policy that generates a strategic sequence of
interactions, rather than using random actions. For instance, consider the case where two segments
are connected with a hinge joint (similar to the object shown in Figure 1 (middle)). If we push one
of the links with an arbitrary force, it might cause movements that are either too subtle to accurately
measure, or too abrupt to stay within the workspace. In addition, similar forces might result in
drastically different equilibrium states of object due to self-collisions, and drastically different forces
might result in similar equilibrium states due to 2π cycle in orientation. Therefore, our system
must be able to generate informative actions with proper directions and magnitudes, based on the
intermediate guess from the previous interactions.
To this end, we propose a dual network architecture that consists of (i) a policy network and (ii) a
predictor network working in tandem towards the goal. The predictor network observes the reaction
of the object to pushes imparted by the robot, and attempts to predict the mass distribution of the
object at the end of the episode. The policy network learns how to push the object so that useful
information can be extracted from each push. The predictor network learns from a set of state-action
trajectories simulated using articulated objects with various mass distributions and friction coefficients. Once learned, the combination of the policy and the predictor networks can reliably estimate
the mass distribution of an unseen object with arbitrary segment shapes and friction coefficient under
moderate sensing and actuating errors, using only a few pushes.
Our main contribution is to demonstrate that embodied learning of physical parameters of a system
benefits from an intelligent interaction policy. Furthermore, we show that not all actions are created
equal when an agent interacts with the intention to discover the physical properties of an object.
By comparing to a baseline random interaction policy, we show that our agent learns to exploit the
subset of informative actions to significantly improve the accuracy of prediction.

2

RELATED WORK

Humans utilize intuitive physics model to reason about the world, and predict its change in the
near future [8, 9]. Building such a physical model has traditionally been approached as a system
identification problem [10], which has the potential to significantly improve the control policies
operated in the real world. Recent advances in deep learning methods advocate a new approach
towards predicting the future state of the world directly from the recent observation history [11,
12, 13, 14, 15, 16, 17, 18]. By training a mapping between past states and the future state using
simulated sequential data, one can predict whether a block tower is going to fall [19, 20, 21], and the
outcome of collision between two rigid bodies [14]. The predictive model can also be conditioned

Figure 2: Architecture of our proposed method. The Policy and Predictor networks are trained
alternately. During testing, we use the Policy network to suggest actions that are likely to provide
novel information about the mass distribution of the object.

on external actions that could influence the next state of the system. This model can be used to find
the optimal action such that it results in a state preferential to the task, such as training an agent to
play billiards [22] or pushing objects to their goals [23, 24].
While directly predicting the next state is a powerful tool, some applications focus on identifying specific physical parameters useful for control algorithm analysis, or developing environmentconditioned control policies [25, 26, 27]. For example, the degrees of freedom and the range of
motion of an articulated rigid body system can be identified from videos of motion [28, 29], or from
a robot actively interacting with the object [30, 31, 32]. Our work, like those discussed above, falls
under the wide umbrella of Interactive Perception [33]. While previous approaches that deal with
articulated objects have looked into using interactive perception to infer the kinematic structure, our
work focuses on the more difficult problem of estimating the mass distribution.
Predicting the mass of an object has been of particular interest in the subarea of robotic manipulation.
[34] used a force sensor on two finger tips to estimate the mass and the center of mass of blocks.
[5] estimated the mass and friction coefficients from videos. [6] learned latent representations of
physical properties that correlate with mass and friction. Our work is closely related to [7], in which
a robotic arm is used to push blocks for estimating their mass and friction coefficients. However,
our work goes one step further by predicting the mass distribution of an object consisting multiple
moving parts. Using a random probing policy as proposed by previous work, like [7], typically
results in poor estimation of the mass distribution. Instead, we train a policy that strategically pushes
the object to extract maximum information for estimating its mass distribution.

3

METHOD

We introduce a method to enable a robot to estimate the mass distribution of an articulated object by
strategically pushing it around on a flat surface. While this problem can be formulated in a variety
of ways, our proposed method considers the practical limitations inherent to the robot’s sensing and
actuation capabilities–it only depends on the information the robot can reliably observe, and the
commands the robot can reliably execute. To this end, our method only requires the robot to be able
to observe and push the object when it is at an equilibrium state (i.e. the object comes to a complete
stop), as opposed to transient states where neither accurate state estimation nor precise pushes can be
easily achieved. This requirement increases the difficulty of the problem, but makes the deployment
of our method to real-world hardware more feasible.
A conventional approach to this problem is to conduct system identification such that the observed
data is consistent with the equations of motion. However, since we only observe the object and apply
the actions at equilibrium states, we cannot utilize dynamic equations to infer masses in the absence
of derivative information (e.g. velocity, acceleration). Further, effective system identification also
requires analysis on persistent excitation to ensure that the observations span a wide range of system
behaviors. Although the object in our problem is a passive multibody system, the mass parameters
can only be uniquely identified by a subset of observation and action trajectories (see Supplementary
file). This problem is further exacerbated by practical scenarios in which the robot is only expected
to interact with the object a few times.
We take a learning approach to circumvent the above challenges. Our method consists of two learned
models: a predictor to estimate the mass distribution from observation and action history, and a

policy to determine the appropriate push actions to induce useful information for predicting mass
distributions. Note that we predict the mass distribution of the object, instead of the actual mass of
each segment in the object. Since the kinetic friction force applied on each segment is proportional
to the mass of the segment when it lies flat on the surface, the ratio of masses among segments is
unaffected by the friction coefficient. Therefore, if we only predict the mass distribution and assume
the total mass is known, our method is agnostic to the surface materials of the object.
3.1

Predicting Mass Distribution from Interaction

Consider an articulated chain with n rigid bodies of mass connected by revolute joints. Let q be
the observed configuration of the object, and a represent the push the robot exerts on the object.
Starting from the initial configuration q 0 , the robot applies a push a0 and observes the object when
it comes to a complete stop, at q 1 . After repeating this process K times, the robot infers the mass
distribution m ∈ Rn of the object, where each element of m indicates the mass of a rigid body
normalized by the total mass of the object.
With this problem setting, we learn a predictor fµ using supervised learning. The predictor takes as
input the belief from the previous step ht = fh (q 0 , a0 , · · · , at−1 , q t ), the current action at , and the
next observation at the equilibrium q t+1 , to predict the mass distribution mt at the current step t:
mt = fµ (ht , at , q t+1 ).

(1)

In practice, we represent fµ as a Long Short-Term Memory(LSTM) network (Figure 2) parameterized by µ. We define a loss function as follows:
L(µ) =

N K
1 1 XX
kmi − fµ (ht , ait , q it+1 )k2 ,
N K i=1 t=0

(2)

where superscript i is the index of the N training samples. Theoretically, we only need the last
prediction to be accurate, i.e. , fµ (hK , aiK , q iK+1 ) = mi . In practice, however, encouraging the
earlier prediction (t < K) to also be accurate provides a richer reward signal for the reinforcement
learning algorithm during policy training.
Minimizing Equation 2 results in a predictor network that achieves high accuracy when the input
trajectory contains sufficient information to identify the mass distribution, i.e. , there is a unique
mass distribution consistent with the observations induced by given actions. However, as discussed
earlier, some input trajectories in Equation 1 cannot uniquely identify the mass distribution due to
the singularity in the dynamic system, and sparse observations and actions. As a result, the predictor
performs poorly on predicting the mass distributions for those regions in the input space.
3.2

Learning How to Interact

This motivates a policy that can generate strategic actions that can uniquely identify the mass distribution. Given a supervised model that predicts mass distribution from trajectories, what should
those trajectories be to get an accurate mass distribution estimate? More specifically, we need to decide what actions to take at each step so that the input trajectory to the predictor lies in the region of
high accuracy. We model this problem as a Partially Observed Markov Decision Process (POMDP)
where the underlying state st of the system is defined to be a combination of the pose of the object
qt , actual system parameters m̄ and predictor’s belief ht of the actual system parameters. The input
that is available to the agent, however, is just the pose of the object qt and not the complete state.
Following [35] we build our policy with an LSTM that can model sufficient statistics ĥt of past
inputs. This is because, intuitively, the nature of exploration for our problem requires memorizing
how the object has behaved in the past. The objective of our policy is to produce trajectories that
can be efficiently reasoned by the predictor to give an accurate estimate of the mass distribution. To
this end, we design a reward function that encourages actions that help the predictor achieve a lower
error:
r(st , at , st+1 ) = 1 − βkm̄ − fµ (ht , at , q t+1 )k1 ,
(3)
where m̄ is the ground truth mass distribution and β is a multiplicative constant. We design the
reward function to be proportional to the negative of the error in mass distribution estimated by the

predictor network, and scale its output to be between [−1, 1] with β. Intuitively, learning a policy can
be seen as adapting the input data distribution to operate on low error regions of the predictor. We
use a policy gradient method, Proximal Policy Optimization [36] to solve for the policy πθ (a|ĥt ),
where π is represented as a LSTM neural network parameterized by θ with hidden state ĥt that
evolves through time with every new q t .
3.3

Alternating Training Procedure

In practice, we find that alternating between training the predictor and the policy a few times results
in predicting the mass distribution more accurately. We begin by training the predictor on a uniform
distribution of action and observation trajectories. Subsequently, we freeze the predictor and train the
policy network until convergence. Next, we retrain the predictor with the input trajectories provided
by the current policy network. The alternating training procedure terminates when the accuracy of
the predictor reaches a target threshold. The training process is terminated with the training of the
predictor, as the data distribution imposed on the predictor by the policy might have changed after
the previous policy updates. Our alternating scheme gradually refines the training distribution for
the predictor from a uniform distribution to a task-relevant one, induced by the policy.
3.4

Executing Actions

We assume that the robot is capable of observing the configuration of the object directly. This
assumption can be relaxed by using image input and adding convolution neural networks to the
predictor and the policy, without modifying the core of the proposed framework. We further assume
that the robot is able to command torques at each actuator and that its base is able to move and
rotate on the surface where the object lies. Based on these assumptions, we define the observation
vector as the configuration of the object, q = {x, y, α, θ}, where x, y, α are the global translation
and yaw angle of the root link, while θ corresponds to the joint angles of the rest of the chain. The
action vector is defined as a = {a1 , a2 }, where a1 ∈ R represents the target velocity of the endeffector when the robot delivers the push, and a2 ∈ R is used to select the point of application of
the push. Depending on the value of a2 and sign of a1 , different points on different chain segments
are chosen. We only allow pushes at points that lie on the same horizontal plane as the center of the
chain segment and partition the 2D action vector to represent all permissible pushes (Figure 3a).
We use the operational space control [37] formalism to generate appropriate joint torques that
achieve a desired linear and angular acceleration ẍ ∈ R6 at the end-effector:
τ = J Tx M x ẍ + g(q),

(4)

where q is the current configuration of the robot in generalized coordinates, and J x = ∂x
∂q is the
Jacobian evaluated at the end-effector. Since the push occurs at an equilibrium state, the effect of the
Coriolis force is ignored, but the effect of gravity is included as g(q). The operational space mass
matrix M x , using M as the original mass matrix in the generalized coordinates, is defined as:
M x = (J x M −1 J Tx )−1 .

(5)

We compute the desired acceleration ẍ using a simple PD feedback rule to match the desired linear
3
3
des
position xdes
T ∈ R . We also command the robot to orient its end-effector to align with xR ∈ R .
For the derivative term, the end-effector is expected to match both the desired linear and angular
velocities, ẋdes ∈ R6 . Thus, the desired end-effector acceleration can be computed as:

 des
xT − xT
+ kd (ẋdes − ẋ),
(6)
ẍ = kp
xdes
xR
R
where x = [xT , xR ] ∈ R6 denotes the end-effector position xT and orientation xR in the world
frame. The operator indicates the difference between the two 3D orientations. The stiffness kp
and damping coefficient kd are chosen manually (kd = 152 and kp = 3000 in our experiments) to
stabilize the controller.
During testing, we first query πθ to obtain the optimal action (a1 , a2 ) for the current state. Then,
we set the desired linear position in Equation 6 to xdes
= T p, where T is the transformation
T
that transforms a vector in the object frame to the world frame, and p ∈ R6 corresponds to the

(a)

(b)

(c)

Figure 3: (3a): We partition a two dimensional action space to represent all permissible pushes that
can be executed by the robotic arm. The sign of a1 represents which side of the segment is going to
be pushed while a2 spans the points on the selected side. For example all pushes that can be applied
to the points p1 , p2 and p3 are represented by a = {−k, 0.75}, a = {k, 0.75} and a = {k, −0.75}
respectively, where k is a positive real number. (3b), (3c): Plot of percentage error vs meta iteration
number for two-link and three-link chains respectively.
coordinates in object frame of the point represented by a. The desired orientation xdes
R is defined
such that, when xR = xdes
R , the end-effector is perpendicular to the surface p lies on.
Before the robot is in contact with the object, the desired velocity in Equation 6 is set to zero,
ẋdes
T = 0. When the end-effector is sufficiently close to the object and perpendicular to the surface
of p, we set the desired velocity to ẋdes
T = ṗ to exert the pushing force. We maintain this desired
velocity for a fixed amount of time (10 time steps in our experiments). The object moves with the
momentum imparted and eventually comes to rest due to the friction between the object and the
surface. We execute actions in an open loop control and enforce safety limits on the robot torques.

4

EXPERIMENTS

We evaluate our method on a simulated KUKA robotic arm using the physics engine, DART [38], as
well as on a real UR10 robot and compare our method to a predictor trained with trajectories from a
random interaction policy.
4.1

Network architecture and training

The predictor network consists of fully connected and LSTM layers as shown in Figure 2. The final
softmax layer transforms the output of the last fully connected layer into the output mass distribution.
Every fully connected layer except the last one is followed by the ReLU non-linearity. Similarly,
we model the policy with two fully connected hidden layers containing 64 neurons followed by an
LSTM layer with 256 units (Figure 2).
For the initial training of the predictor, we collect 16k and 32k episodes for the two-link and threelink chains respectively, by running a random policy that outputs a uniformly sampled action at each
step until the end of the episode. The rollouts can be collected efficiently by running 16 agents as
parallel threads in 16 environments initialized with different random seeds. We train the predictor
for a total of 500k steps with a batch size of 16, using stochastic gradient descent. The learning rate
is initially set to 0.1, and is halved every 166k iterations. This trained predictor is used as a part of
the reward function for the subsequent policy training step.
The policy is trained using Proximal Policy Optimization (PPO) [36, 39] with an entropy loss term
to promote exploration. We train the policy for 70k and 80k time steps, for two-link and threelink chains respectively, with a learning rate of 10−4 . During this step the weights of the predictor
network are frozen and only the policy weights are trained to maximize the expected reward and
in-turn minimize the prediction error. Figure 4a shows the drop in error during one such policy
meta-iteration. Once we train the policy, we freeze the policy network weights and fine-tune the
predictor network for another 500k iterations using a fresh dataset of rollouts. It is essential to
use a fresh dataset because the data distribution imposed by the neural network policy is different
from the one imposed by the initial random policy. This process can be iterated multiple times. In

(a)

(b)
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Figure 4: (4a): Prediction error (smoothed) in the first PPO meta-iteration for mass range [0.1, 1.0].
(4b): Accuracy on classification of two-link chains with 5 different mass distributions in the real
world . (4c): We vary the effective mass of each link by adding iron braces to the mass chamber

our experiments, we converge after six meta-iterations of policy training and predictor fine-tuning.
As the learning progresses, the improvement from each meta-iteration decreases and eventually
becomes unnoticeable. We train the predictor at the last meta-iteration with a deterministic policy
that leads to a further drop in error as seen in Figure 3b and Figure 3c. We call this the Trained
Policy Predictor plus(TP+) model.
We train three baseline models to compare the performance of our model against: (i) Random Policy
Predictor (RP) trained with 32k episodes for two-link chain and 64k episodes for three-link chain.
(ii) Random Policy Predictor plus (RP+) trained with 64k episodes for the two-link chain and 128k
episodes for the three-link chain. (iii) Trained Policy predictor (TP) trained with a total of 64k
episodes for the two-link chain and 128k episodes for the three-link chain but with one intermediate
policy meta-iteration. The Random Policy (RP) predictor models are similar to [7] where the action
taken is independent of the configuration of the object.
4.2

Evaluation in simulation

We import a model of the KUKA KR 5 Sixx R650 Robotic arm in DART and an articulated chain of
rigid cuboid segments connected by revolute joints. We experiment with two types of objects: 2-link
chains and 3-link chains, with the link masses uniformly sampled from three different mass ranges:
[0.1, 1], [1, 10] and [0.1, 10]. A wider mass range is more challenging because the set of informative
pushing forces needs to be more diverse. When the robot uses a large force to push a light object, the
object might rapidly rotate over many cycles with multiple self-collisions between the links. This
information is lost in the training set because the observation only records the equilibrium state of
the object, rather than the entire trajectory. Consequently, the training set contains examples that
result in many-to-one mapping between input and output spaces.
In addition to varying the mass, we also randomize the friction coefficient from a range of [0.5, 1]
and the length of each segment from [0.1, 0.15]. We start the episode with a random configuration
of the articulated object and add Gaussian noise with zero mean and 0.01 standard deviation to the
observations and actions in the environment. The primary motivation to introduce noise into our
simulations is to prevent the networks from over-fitting to the simulator’s deterministic dynamics
and to ensure that the networks trained in simulation can be reliable transferred to the real world.
We summarize the performance of the models in Table 1. We find that having a policy that strategically pushes with the intention of minimizing prediction error outperforms the random policy
across all cases. This observation falls in line with evidence from neuroscience community on the
importance of active inference in learning a model of the world [40, 33]. We also compare the
improvement a single policy meta-iteration (TP) offers to the performance of the predictor. Even
though predictor models RP+ and TP are trained with the same amount of training data, TP achieves
a lower percentage error across all cases, as shown in Table 1. Further, performance improvement
between RP and RP+ is minuscule in spite of doubling the dataset size. We observe that the improvement our policy offers for wider and more difficult mass ranges is more significant than for
smaller ranges. We also note that alternating between supervised training and reinforcement learning is quite stable and leads to a consistent drop in percentage error as show in Figure 3b and 3c.

Link Type
RP
RP+ TP (Ours) TP+ (Ours)
2-Link [0.1, 1.0] 15.26 14.8
10.39
6.07
2-Link [1.0, 10] 17.12 17.4
14.03
8.26
2-Link [0.1, 10] 26.68 26.78
21.27
12.03
3-Link [0.1, 1.0] 29.08 28.88
26.89
12.02
3-Link [1.0, 10] 30.88 30.84
29.75
15.99
3-Link [0.1, 10] 54.28 53.59
50.49
23.93
Table 1: Comparison of our method to the baselines. RP and RP+ predictors are trained with a
random interaction policy with different dataset sizes. TP predictor uses the policy obtained after
one policy meta-iteration while TP+ uses the policy obtained after 6 meta-iterations.

4.3

Evaluation on real hardware

In this section, we show that our method that is trained in simulation can be transferred to the real
world by fine-tuning on a small amount of real-world data. Unlike simulation, moving the base of
the real robot around to follow the object can be unrealistic. With a stationary robot, the mass ranges
that can be explored become limited as the object can be pushed out of the robot workspace easily
with one wrong action. We choose a UR10 robot which has a significantly larger workspace than the
KUKA robot to conduct our experiments. We make the robot interact with articulated 3D printed
chains of different mass distributions. The 3D printed links have a designated “mass chamber”,
shown in Figure 4c, where different weights can be added to vary the mass distribution of the object
as necessary. We connect these links with ball-bearings to create a near friction-free revolute joint.
A Realsense D435 depth camera is utilized to capture RGBD images of the scene consisting of the
table, the robot and the articulated object. We calibrate the entire setup by using QR codes placed
on various spots on the table with a ROS wrapper for the alvar AR tag tracking library. Further, we
place QR codes on each link and track the pose of the articulated chain after every robot interaction.
To manipulate the chain, the robot has to hit it at precise locations as instructed by the policy. We
design an end-effector with a wooden dowel and attach it to the robot with a 3D printed mount in
our experiments. To ensure that the contact with the object is at a precise point on the object, we
tilt the dowel by an angle of approximately 30◦ . After every interaction, the robot resets to its rest
state so that the camera can get an occlusion free image of the object. The agent registers the new
location of the object and performs the next interaction step as instructed by the policy.
The real-world experiments are conducted using a two-link chain with a joint range of [−π/2, π/2].
We first use the uniform policy to collect 30 episodes each (150 in total) of the robot interacting with
5 different mass distributions. The two-link objects are visually identical and can be one of the following weight pairs which span the range of mass distributions possible: [0.16, 0.16], [0.064, 0.192],
[0.064, 0.256], [0.192, 0.064] and [0.256, 0.064]. We simulate the robot in PyBullet [41] and train
a predictor on the mass range [0.01, 0.3]. The features learnt by the predictor are fed to a small
two-layer fully connected network [64 − Relu − 32 − Relu − 5], trained to classify the objects into
one of the 5 classes by using a cross-entropy loss. We find that the Random Policy Predictor reaches
an accuracy of 40.74%, with random chance being 20%. We then collect another 150 episodes with
our learned policy and train the classification network using the features from the predictor of the
last meta iteration. Our method outperforms the baseline by a large margin achieving an accuracy
of 81.4% as shown in Figure 4b. We notice that the learned policy tries to push the object such
that there is movement about the revolute joint so that inference about individual links is possible.
Intuitively this makes sense, as in cases where the joint is locked down, the body behaves like a
rigid object and it becomes hard to decouple properties about individual links in the presence of
real-world sensing and actuation noise. Although we need significant amount of training data in
simulation, the real world experiments show that it is possible to fine-tune the models trained in
simulation with reasonable amount of real world data.

5

DISCUSSION

We present an agent that learns to predict the mass distribution of articulated chains by strategically selecting few pushes that extract maximum information. We propose a training procedure that
alternates between training a predictor with supervised learning, and a policy with reinforcement

learning. We test our hypothesis in simulation by pushing 2-link and 3-link articulated chains with a
robotic arm. Our experiments show that our approach consistently outperforms the baseline method.
We also use a real UR10 robot to test out our algorithm on a 2-link chain in the real world.
One drawback of our method is that the action space is tightly coupled to the geometry of the object
we are trying to manipulate. This requires us to train a separate network for every object type.
However, interaction strategies learnt by interacting with one object often transfer to similar object
types. In future, we want to design architectures that can be applied across a family of object types
by potentially leveraging an image based observation space.
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A

Are all forces equally good?

Consider an arbitrary articulated object that has a mass matrix M(q). We use q ∈ IRN to represent
the configuration of the object in generalized coordinates.
M(q)q̈ + C(q, q̇) = Q,
where C is the coriolis force and Q is the external force both expressed in the generalized coordinates.
Let Jk ∈ IR6×N be the Jacobian and Ik ∈ IR3×3 be the inertia matrix of the rigid body k. Jk
3×N
can further be split into
and Jω ∈ IR3×N
 the linear and angular constituent matrices Jv ∈ IR
J
respectively i.e. Jk = v . By definition,
Jω


X
mk I
0
M(q) =
JkT (q)
J (q)
0
mk Ik k
k
X
=
mk (JvTk Jvk + JωTk Ik Jωk ).
k

Assuming q̇ = 0 =⇒ C(q, q̇) = 0, the equation of motion can be expressed as
X
mk Ak q̈ = Q,
k

where Ak =

JvTk Jvk

+

JωTk Ik Jωk .

If N > 6, Ak ∈ IRN×N is not full-rank by definition. Thus there exists a null space for each Ak . If
q̈ lies in the null-space of any Ak we cannot uniquely determine the value of mk . If N ≤ 6, we still
cannot guarantee Ak to be full-rank because if the object is in a kinematic singularity state, Jk (q)
will lose rank.

