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ABSTRACT

BIDIRECTIONAL MULTI-STEP PREDICTION WITH

AFFORDANCES

Affordances are action possibilities of an object, directly perceived by agents

based on their capabilities. Affordances are learned from goal-free exploration of the

agent’s capabilities through observing the effects of their actions on objects in an en-

vironment. The agent can then use the learned affordances to make plans to reach a

goal since the agent knows which actions on a certain object are possible and which

action results in the desired effect. The affordance principle is also followed in robotics

to learn to distinguish which actions in the repertoire of a robot are applicable to an

object in its environment. This information can then be utilized in goal-directed plan-

ning, either directly or with the aim of reducing the search space for possible solutions.

In this work, the problem of making multi-step predictions for object manipulation is

investigated in the continuous domain. Several types of actions are defined in a robot’s

repertoire, and the interactions of the robot with a number of objects possessing differ-

ing qualities in a tabletop setting are recorded. Relative distance quantities are used

for representing actions and effects which allow generalizability, alongside a top-down

centered depth image of the object. This data is used to train a model which can

be conditioned on actions to predict the effects, conditioned on effects to predict the

applied actions, or conditioned on both to predict the actions and effects. By using

a planner on top of this model, the capacity to chain together a correct sequence of

actions for an object to reach the desired goal position is achieved. The model is ver-

ified in experiments, generating and executing reasonable plans efficiently. Setting it

apart from previous work, using continuous effect and actions enables the planner to

find solutions to configurations that were not observed in training using partial action

executions.
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ÖZET

SAĞLARLIKLAR İLE ÇİFT YÖNLÜ ÇOK ADIMLI

TAHMİN

Sağlarlıklar, bir nesnenin bir aktör tarafından kapasitelerine dayalı olarak doğru-

dan algılanan eylem olanaklarıdır. Sağlarlıklar, aktörün kapasitelerini hedefsiz keşfet-

mesi sırasında nesneler üzerindeki aksiyonlarının etkilerini gözlemlemesinden öğrenilir.

Aktör daha sonra, belirli bir nesne üzerinde hangi eylemlerin mümkün olduğunu ve

hangilerinin istenen etkiyle sonuçlandığını bildiğinden, bir hedefe ulaşmak için plan-

lar yapmak için öğrenilen sağlarlıkları kullanabilir. Bir robotun repertuarındaki hangi

eylemlerin çevresindeki bir nesneye uygulanabilir olduğu ve hangi etkiye sahip olduğunu

ayırt etmeyi öğrenmek için robotikte de sağlarlık ilkesi izlenir. Bu bilgi daha sonra,

doğrudan veya olası çözümler için arama alanını daraltmak amacıyla hedefe yönelik

planlamada kullanılabilir. Bu çalışmada, sürekli alanda nesne manipülasyonu için

çok adımlı tahminler yapma problemi incelenmiştir. Bir robotun repertuarında çeşitli

eylem türleri tanımlanır ve robotun bir masa üstü ortamında farklı niteliklere sahip bir

dizi nesneyle etkileşimleri kaydedilir. Nesnenin yukarıdan ortalanmış derinlik görüntü-

sünün yanı sıra genelleştirilebilirliğe izin veren eylemleri ve etkileri temsil etmek için

göreceli mesafe miktarları kullanılır. Bu veriler, etkileri tahmin etmek için eylemler

üzerinde, uygulanan eylemleri tahmin etmek için etkiler üzerinde veya eylemleri ve

etkileri tahmin etmek için her ikisi üzerinde koşullandırılabilen bir modeli eğitmek

için kullanılır. Bu modelin üzerinde bir planlayıcı kullanarak, bir nesnenin istenen

hedef konumuna ulaşması için doğru bir eylem dizisini zincirleme kapasitesi elde edilir.

Model, deneylerle doğrulanmıştır, makul planları verimli bir şekilde üretir ve yürütür.

Daha önceki çalışmalardan farklı olarak, sürekli etki ve eylemlerin kullanılması, plan-

layıcının, eylemlerin kısmen uygulandığı ve eğitimlerde görülmeyen konfigürasyonlara

da çözüm bulmasını sağlar.



vi

TABLE OF CONTENTS

ACKNOWLEDGEMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv
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1. INTRODUCTION

Affordance is a term coined by the ecological psychologist James J. Gibson. Gib-

son defined affordances as what an object affords to the observer, based on its prop-

erties, achieved via direct perception [1]. Both motor and cognitive capabilities of the

animal affect its perception capability, which determines the perceived affordances.

Evidence has been reported in the fields of psychology and neurophysiology sup-

porting the principle of affordances. Gibson put forward the groundwork, however since

Gibson, a number of explanations have been proposed [2,3] and there are multiple in-

terpretations of qualities of affordances such as how affordances should be represented,

or whether affordances are properties of the environment, the agent, or a relation be-

tween the two. A representation is shown in Figure 1.1. Roboticists also have their own

interpretations [4], sometimes extending the original definition such that an action is

considered to be afforded regardless observing an expected effect, and conflicting with

the orthodox definition such that affordances are considered to be encoded with inter-

nal representations. There are developmental approaches among roboticists where the

robot’s possible interactions with the environment are represented with an affordance

model, where the robot learns from its interactions. In time, the robot is shown to learn

certain affordances, and also there exist works where the learned affordances are used

to learn higher-level, more complex affordances, which also agrees with the principle

of affordances.

Thinking from a human standpoint; mature humans are well capable of under-

standing how to act on and manipulate objects according to their goals, even if the

objects or goals are novel to them and they are also good at predicting the outcomes

of their actions. Humans acquire this capacity through learning over time.
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Figure 1.1. Affordance relation between objects, actions, and effects, adapted from [5].

Babies have certain reflexes from birth that they use for gaining experience, but

in time the reflexes disappear and intentional actions take their place. These actions

are generally more complex, such as manipulating objects after reaching them, and

enable the humans to discover more complex skills [6].

From a robotics standpoint, learning to predict the effects of a robot’s actions

is useful since this can prevent potential failures and dangerous situations and enable

planning to achieve certain goals. Planning for multi-step tasks in the real world is

difficult, and a generalized approach to solving this problem is even more challenging.

Due to its difficulty, previous works compromise on certain aspects, such as predefining

the actions, effects, and/or object categories, simplifying the task. These simplifications

include discretizing continuous sensorimotor information with the purpose of being able

to make high-level planning with symbols. The aim of this work is to learn a deep model

in the continuous sensorimotor space of the robot, taking into account the affordances

of objects. This model can then be used to:

(i) predict the actions and effects, provided only with minimal observation, and

(ii) generate and execute multi-step object manipulation plans efficiently.
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The contributions of this thesis are as follows:

• The robot acquires bidirectional prediction capability between actions and effects.

In other words, given object information, it not only predicts effects of actions

and but also predicts required actions to generate desired effects.

• The system learns predictors from continuous interactions in order to make multi-

step planning.

• The system is able to consider the effects of partial actions executions in making

plans. In other words, our system forms plans which may be composed of partial

action executions as well.

In this work, affordances are learned through using deep neural networks. No

intermediate object recognition step is used, following direct perception approach. Push

and grasp actions are used in a continuous object manipulation domain for learning

affordances. Depth images of objects are used as inputs to the neural network along

with action parameters in order to predict the action outcome in terms of details motion

trajectories of the manipulated objects.

Our approach utilizes a conditional model, namely Conditional Neural Processes

[7], which is shown to achieve high performance in modeling temporal relationships in

long-horizon prediction tasks. This model is paired with bidirectional prediction capa-

bility to create multi-step plans that can be executed effectively in order to accurately

achieve given goals. Note that, our system not only predicts effects given objects and

actions, but it can also predict actions given objects and observed effects.
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2. RELATED WORK

In early works such as [8], affordances of specific objects were learned with respect

to actions instead of generalized affordances, and objects were recognized before affor-

dances were detected, conflicting with the direct perception principle of affordances.

In [9], while the affordance principle was respected there was only a single affordance

category, namely traversability, which was predefined and not discovered. In [10] the

effects were discovered and categorized discretely via unsupervised clustering, enabling

effect category prediction, but such unsupervised discretization step limits general-

ization in our opinion. In [11], the previous approach was extended by hierarchical

clustering on top of various perceptual channels for more effective effect category dis-

covery. Both [10] and [11] enabled forward chaining for multi-step planning, however

effects of partial action executions were not considered. In [12], the objects were repre-

sented via point clouds, in a non-parametric manner, to provide direct perception. the

grasping and pouring actions were shown to generalize well on novel objects but result

in single-step plans only. Bayesian Networks were used [5, 13], enabling bidirectional

predictive capabilities using the robot’s own interaction experience, but clustering was

performed on object features and effects in a predefined manner.

In [14], symbolic planning was studied. They applied clustering in order to find

effect categories as in the previous works. However, object categories were considered

to be a collection of effect categories obtainable by actions available to the robot. This

enabled direct planning using learned object and effect categories. However, as only

discrete full action effects were considered, the predictions were approximate, resulting

in long-horizon planning errors. This work was validated on a real-world setup with

simple actions such as poke, grasp, release and stack. The experience of the robot

enabled it to gain experience from the single-object actions.
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The object categories learned from single-object interactions were learned to gen-

erate valid plans that involved stack actions. In [15], probabilistic planning with sym-

bols using parameterized actions was addressed in a real robotic task, showing that

continuous tasks can be performed with discrete planners using parameterized be-

haviours.

Recently, use of RGB/RGBD images for predicting affordance classes or pixel-wise

affordance labels for object manipulation has become popular [16–21]. This approach

was shown to be effective on learning how to grasp different objects. [22] was able to

learn the affordances of objects such that their system could place objects/humans in

correct poses in a scene and also choose the correct object type to place in a given scene.

[23] used point clouds to learn general geometric features from object interactions,

enabling them to place objects in a scene correctly.

Integrating multimodal information was also shown to be a successful approach

for learning tasks in general [24,25] as some modalities might be missing during action

execution and those modalities can be predicted by the available ones in these models.

The same approach was also shown to be effective for robotics tasks that use sound,

language, or tactile information alongside with joint inromation [18,26–30]. [31] studied

bidirectional prediction and multimodal processing in order to ground affordances with

human-provided language labels.

Affordances can also be used to reduce the search space in order to efficiently gen-

erate plans to solve long-horizon tasks. Recent approaches utilizing this idea extend

the definition of affordances with the action feasibility [32] or action intent/goal [33].

However, the feasibility concept of [32] accepts a grasp action achieving nothing as af-

forded, and would also accept a grasp action as afforded regardless of whether it was an

appropriate grasp for an object. While [33] overcomes this with intent representation,

intents are specified a priori in their work and although a sub-goal discovery direction

is proposed for learning, it is not well explored.
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In [34], learning to predict the full motion trajectory of an object using the

robot’s own interaction experience is studied. Their neural-network based approach

used the top-down images of the objects as input. In their work, they investigated the

importance of different features such as hand-crafted shape features, CNN extracted

features, or support point features extracted from a neural network. The authors used

these features and the interaction experience to train a recurrent network and were able

to accurately predict trajectories resulting from a lever-up action in a real-world setting

with multiple objects. As our model also relies on predicting full motion trajectory of

objects given action parameters, we compared the performance of our model with their

model in the experiments section.

In [35], a generative model, which was trained using interaction images, was used

to propose potential affordances. Their aim was to learn a generalizable prior from

interaction data and then utilize it to propose reasonable goals for unseen objects.

These goals were then attempted to be executed by an offline RL policy, which was

also learned from interaction data, and tuned online efficiently to adapt to unseen

objects.

A common shortcoming of the aforementioned methods, that could make predic-

tions for action or effects, is related to the use of recurrent methods for long-horizon

tasks. The use of recurrent networks such as LSTMs [36] or GRUs [37] is shown to be

effective for short-term predictions. However, their recurrent structure causes any error

in their prediction to accumulate over time, causing lower success rates in executing

long-horizon tasks [38]. We aimed to overcome this problem using Conditional Neural

Processes [7] in order to make effective predictions that can be used for planning.
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3. METHODS

In this chapter, we present the background methods and our proposed method.

Section 3.1 introduces the background methods which lead up to our method in given

order, and Section 3.2 introduces our method.

3.1. Background

3.1.1. Conditional Neural Processes

Conditional Neural Processes (CNP) [7] is an approach bringing together the

inference potential of Gaussian Processes and the training of neural networks with

gradient descent by learning a prior from data. This allows the method to remain

scalable and be able to make accurate predictions for desired targets sampled from

a distribution conditioned with observations. A neural network h is used to encode

varying numbers of sampled observations O into fixed-sized representations ri. The

order of observations can vary, in accordance with stochastic processes, and they are

aggregated via a commutative operation into a single vector r which represents the

prior knowledge available. This information is used for conditioning, and another

neural network g decodes r and for targets xj ∈ T to generate predictions which are

Gaussian distribution parameters. The formulation is

ri = hβ(xi, yi), ∀(xi, yi) ∈ O, (3.1)

for the encoding of each observation, followed by

r = r1 ⊕ r2 ⊕ r3 ⊕ ...⊕ ri, (3.2)

where ⊕ is a commutative operation, like summation or dot product between all the

encodings resulting in a single encoding.
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After concatenation with target variables, the merged representation is decoded

into the output by the decoder as

ϕj = gδ(xj, r), ∀xj ∈ T. (3.3)

The output is expressed as

ϕj = (µj, σ
2
j ), (3.4)

which is a concatenated result of the mean and standard deviation of the output vari-

able.

3.1.2. Conditional Neural Movement Primitives

Conditional Neural Movement Primitives (CNMP) [39] is an extension of CNPs,

designed to work with temporal relations (t) and external task parameters collectively

named as (γ). An observation is denoted as (ti, γ) instead of xi, and yi are replaced

by SM(ti) that corresponds to sensorimotor data at time ti, which can be multi-

dimensional variable. Averaging operation is chosen for aggregating r, and concate-

nation is used to incorporate (ti, γ). A trajectory and a number of observation points

are selected randomly from the training dataset, and target data is predicted using the

observations during training. After training, the model can be conditioned with any

number of observations in order to predict single or multiple targets. On a real-world

task, as shown by the authors in their experiments, the network can be conditioned

to current observations, making it robust to changes in the environment. The encoder

and decoder networks are trained jointly, with the following loss function

L(β, δ) = −logP (yj|µj, softmax(σj)), (3.5)

where both the mean and the standard deviation from the prediction are utilized.
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3.1.3. Deep Modality Blending Networks

Deep Modality Blending Networks [40] is a further augmentation over CNMPs,

specifically tailored to incorporate multimodality information. This is achieved by en-

coding information coming from different modalities into a common latent space, using

a weighted average of encoded modality representations, facilitating information shar-

ing. This also provides a regularization effect on the representations learned, similar

to dropout [41].

Each modality is encoded separately by its own encoder, and the latent represen-

tations are subjected to a weighted averaging operation. This merged representation

is then decoded by separate decoders, each corresponding to a different modality. Af-

ter training, the authors show that the latent representations belonging to different

modalities, initially encoded in different parts of the latent space, and started to over-

lap during training. This enabled the prediction of missing modalities.

3.2. Proposed Method

3.2.1. Our Model

We aim a framework that is able to learn complex temporal multi-modal relations

with respect to external parameters. Our system should also be able to make continuous

effect predictions given objects and actions. For this, we propose to use DMBNs. An

overview of our architecture is provided in Figure 3.1. Our proposed model should be

able to predict action related information (such as joint trajectory) and effect on an

object (such as movement trajectory of an object) conditioned with object, action and

effect related information. The latent space of the architecture is utilized to achieve a

shared representation for actions a and effects e for different objects o in order to learn

affordances. Learned affordances then can be used to predict the effects of actions

or vice versa, enabling chaining of the model’s predictions to create plans for solving

multi-step tasks.
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In our implementation, the object is represented with its top-down depth image

that is centered around the object. The action is encoded with the relative distance

of the robot’s end-effector to the object. The effect is encoded as the displacement

of the object from its starting position before the action execution. A crop from a

single depth image centered on the object is included as an external parameter γ for

the action. Our effect and object representations are similar to [42], but our action

representation is relative.

For learning, a dataset of interaction trajectories is used. An interaction trajec-

tory can be expressed as

Dd = ({at, et, o, t}t=1
t=0)d, (3.6)

where d corresponds to the interaction trajectory, m is the number of trajectories in

the data set, and 0 ≤ t ≤ 1 where t ∈ R is the variable that encodes passage of time.

At each training iteration, one of the action or effect channels or both action and

effect channels are chosen randomly. The action channel predicts the action only, the

effect channel predicts the effect only and both channels predict both action and effect.

The input observations are provided according to the chosen channel. k observations

are sampled uniformly at random from a randomly selected interaction trajectory Dd

where 1 ≤ k ≤ obsmax. k ∈ N is also sampled from a uniform distribution, and

obsmax is a hyper-parameter denoting the maximum number of observations that the

model is allowed to use during one iteration. These observations are then encoded

and aggregated. A crop from a single depth image centered on the object is encoded

separately using a CNN encoder network, and the resulting vector is concatenated at

the end of this aggregated representation. Before a prediction is made, a target time

step is also concatenated after the image features.
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Next, representations of different observations are combined as follows:

r =

k∑
ha({atobsk , o, ttarget})

k
∗ w1 +

k∑
he({etobsk , o, ttarget})

k
∗ w2, (3.7)

where w1 = w2 = 0.5 in the current implementation. There is no averaging when a

single channel (action or effect, not both) is chosen in the corresponding iteration.

Finally, this merged representation r is decoded at the action decoder by

ga(rmrg) = (µattarget
, σattarget

). (3.8)

Similarly, effect is decoded using the corresponding effect decoder

ge(rmrg) = (µettarget
, σettarget

), (3.9)

to yield predictions for action and/or effect for the target time-step shown in Fig. 3.1.

Gradient descent is used with the loss function provided Equation (3.5) with

Adam optimizer [43]. After training, the network is able to predict the entire interaction

trajectory given a single observation at t = 0.

Figure 3.1. An overview of the proposed model.
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3.2.2. Planner

An A* planner [44] is used to solve multi-step tasks where the prediction in

each step is performed by the neural network structured explained in the previous

subsection. The goal of the planner is to generate the sequence of actions that move

an object from an arbitrary position to a goal position.

Two actions are available to the planner: push and grasp. The push action is

specified by an angle θ ∈ [0, 2π], a push distance l = 0.05 meters and a radius = 0.2

meters. The parameterization is shown in Figure 3.2. The gripper starts on the red

circumference of a circle of radius radius centered on the object, at angle θ and pushes

the object l meters.

Figure 3.2. Scene showing the parameters of a push action around an object.
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The push action can be applied in full, or only partially meaning that after

a portion of the action is executed, the action can end without completing the full

push distance. Thanks to the continuous predictive capabilities of our model, which

is conditioned on time, the results of these partial actions can be predicted. These

predictions, on the other hand, can be used to make plans that can move an object

closer to the goal position with the corresponding partial actions.

The grasp action, on the other hand, moves the gripper on top of an object, then

attempts to grasp and lift, resulting in either a lifted object grasped by the robot or

an object that could not be grasped by the robot. The grasp attempt may move an

object that could not be grasped, leading to uncertain outcomes.

While the push action can be applied in infinitely many ways, grasp action has

no need for such versatility and therefore can only be applied in one way. The grasp

action is also applied without partial execution, since half the grasp action is moving

on top of an object, and the other half is lifting it.

The planner proposes a sequence of actions to move the object from its initial

position to the goal position. Each branch in the search tree corresponds to either a

push action or a grasp action. As grasp action is not parameterized, there is a single

branch for grasp action. On other hand, as push action might be applied from different

approach angles and for different push distances, the range of possible approach angles

and push distances are discretized and used to create multiple branches from the same

node in the search tree.

The planner uses predictions of actions with different θ parameters to update the

predicted location of the object. The search is completed if the difference between the

predicted and goal object position is within 2 cm. Our model is able to work with

continuous inputs, however, the planner can only propose a finite amount of actions

due to the mentioned discretization design choice.
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The capacity of the model is thereby affected by the branching factor of the

actions proposed by the planner. A depth limit is used during search.

The push action can be applied in many ways, so in order for the planner to

choose the best candidate, a heuristic function is used. First, the distance between the

target position and the current position is found by

−→pd = −→pt −−→pc . (3.10)

This is followed by finding the angle of this position vector by applying the inverse

trigonometric function arctan2. Here, arctan2 is preferred since the difference between

z-axis coordinates is inconsequential as long as the action achieves contact with the

object, which it does since the push action is applied close to the table. The result is

added to π, expressed as

θh = arctan2(−→pd) + π, (3.11)

since the target of the function is [−π, π] and being in [0, 2π] is desired since this is also

the domain of the action propositions by the planner. The angular difference between

this angle and the proposed θp by the planner is then calculated and constrained within

the interval [0, 2π] by applying

θd = min ((θh − θp) (mod 2π), 2π − ((θh − θp) (mod 2π))), (3.12)

yielding the angular difference θd.
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Next, the distance to the target and the resulting displacement from a push action

are used as sides of a triangle; and the angular difference is used as the angle between

the sides to calculate where the object will end up after the push action as

a = d(pt, pc),

c = 0.1× t,

b =
√
a2 + c2 − 2ac cos θd, (3.13)

where the quantity 0.1 is the minimum expected displacement of an object for a push

action, multiplied with the duration variable t ∈ [0, 1]. This variable is related to the

partial action execution where any action with t < 1 is a partial action. This way

partial actions can have a lower costs of execution. The side length b of the triangle is

used as the heuristic value. The true cost for the planner is the sum of the distances

the object has moved since the start.

In a best-case scenario, the object will be pushed in a straight line towards the

target, and our distance heuristic will not overestimate. In any other scenario, since the

true cost increase is tied to the displacement of the object, due to triangle inequality

our heuristic will always underestimate; making it both admissible and consistent.
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4. EXPERIMENTS AND RESULTS

4.1. Planning with Push and Grasp Affordances

4.1.1. Experiment Setup

A simulated scene was constructed in CoppeliaSim [45] where a UR10 robot

interacts with objects of 4 different shapes: cube, sphere, sideways cylinder, and upright

cylinder. The robot interacts with one of these objects of different sizes using push

or grasp actions in this tabletop setting. A Kinect sensor is placed above the table

vertically such that the entire table is visible, and the table covers the sensor’s field of

vision. The parts of the interaction where the object is potentially going to be displaced

are recorded. The recorded information consists of action and effect data from each 3

simulation step (a single step is 50ms), and a single depth image of the table with the

object on top taken at the beginning of each interaction.

4.1.1.1. Actions. Push actions consist of the gripper following a trajectory starting on

a circle with a radius of 20 cm. and at an angle θ parallel to the table, with the goal

position 5 centimeters behind the object’s center of mass. Larger-sized objects may be

displaced more as a result of this setup. The setup can be seen in Figure 3.2. The model

is expected to learn the pushability/rollability affordance from these interactions. It

is also expected to predict the trajectories of both rollable objects (spheres or lying

cylinders) and non-rollable objects (cuboids or upright cylinders) from their image.

There is an additional difficulty posed by the simulator for the push task. In our

investigations, we have noticed that actions where the robot pushes objects towards

itself (effectively pull actions) are performed slower, thus they taking longer time.
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This results in rollable objects such as spheres not rolling away but instead getting

dragged by the gripper. Since we are using the relative distance between the gripper

and the object as our action input, a sphere behaving like a non-rollable object reduces

the quality of the data collected. Due to certain push actions being executed slower

than others, those actions create a different profile temporally, taking as much as double

the amount of time to be executed for similar amounts of displacement.

Grasp actions consist of lowering the open gripper to grasp position, attempting

to grasp an object by closing the gripper, and lifting the gripper up. The model is

expected to learn the graspability affordance from these interactions based on size

and shape of the objects. The motion trajectories of the objects are expected to be

predicted for successful and failed grasp actions.

An important point is that since the model does not use any direct object position

information, the predictions are made regardless of the location of an object. This is

both desirable and undesirable because an object placed on certain parts of the table

affords neither the push action nor the grasp action. This leads to the reachability

affordance to be investigated, where an action can be applied only if the object is

reachable by the robot with that action. Therefore actions are only applied if the

object is reachable, otherwise, no action is applied and there is no effect to be observed,

which is also recorded. For this purpose, a classifier is trained from this data to

learn the reachability affordance. During planning, if the object is unreachable, the

corresponding node in the search tree is not expanded.

4.1.2. Results

4.1.2.1. Prediction performance for single actions. We first evaluate the prediction ac-

curacy of the model on single action tasks. Different models were trained for push and

grasp actions separately. The simulation data sets were always split between 80%

training, 10% validation, and 10% test data. For all the results reported in this work

10-fold cross-validation was applied unless otherwise specified.
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The models were trained for one million iterations, without batches due to vari-

able length of inputs and early stopping was employed. The learning rate was set to

1e−4. All errors reported in meters denote the distances to a specified goal position.

The predictions for a single action is fixed to take 25 time steps.

For the push action, a data set made up of 500 trajectories was used. For each

interaction, a fixed size objects were chosen randomly and placed at the center of the

table. An angle for the push θ ∈ [0, 2π] was chosen randomly. The robot performed a

complete push actions and the resulting interaction data was recorded.

In models where push action is the single action, the object has a fixed starting

location at the center, and the z-axis coordinates are redundant since no significant

changes occur in z-axis coordinates for the objects during an interaction. The recorded

part of the interaction has a short duration relatively, so the interaction ends before

a rollable object falls off the table in this case. In models where only grasp action is

learned, z-axis information is used as well. The reason for this exception is that the

changes in z-axis coordinates are essentially noise since no change is expected to occur

during a push. However, the neural network still treats it as an equally important

input to the x and y axes and attempts to fit z by sacrificing important information

in x and y axes, leading to suboptimal results. A fixed location grasp action is secure

from this effect due to the gripper always starting the action from the same relative

location.

For the grasp action, a data set made up of 150 trajectories was used. Objects

of sizes varying between 0.1 and 0.2 meters were randomly chosen to be placed at the

center of the table. The robot then performed the grasp actions and the resulting

interaction data was recorded. Larger objects were also attempted but there often

were collisions with the robot due to limited space and the depth image crop became

completely covered by objects of larger sizes, invalidating its use. Therefore larger

objects were omitted. Objects used in the experiments were mostly graspable by the

robot, leading to an imbalanced dataset.
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Even so, the results for the grasp action in Table 4.1 show that the robot was

successful in distinguishing between objects that it could or could not grasp. The

evaluation was performed by checking the difference between the z-axis coordinates of

the first and last time steps of the test trajectory and the prediction outputs.

In interpreting the performance and success of graspability prediction, if the

change in height is larger than 0.1 meters, the grasp was assumed to be a success. If

the change in height is less than 0.1 meters for both, it is a failed grasp that is predicted

successfully. If the test data does not have a significant change in its z-axis coordinates

but the predictions do, then this is a false positive and finally, if the test data has a

significant change in z-axis coordinates but the predictions do not, then it is a false

negative. By visual inspection of the data, we have found that the robot has more

difficulty grasping non-rollable objects of equal size, most likely due to the fact that

a cube and an upright cylinder are both grasped by straight surfaces whereas large

spheres and sideways cylinders are grasped by curved surfaces that are above their

center of mass, causing them to slip easier.

It is important to note that the grasp action error is significantly larger than the

average push action error. This has two potential reasons. The first one is there might

be many reasons for unsuccessful grasps. The object may slowly slip from the robot’s

hands and land on the table, close to its initial position. The object may topple or

roll, leading to position changes that are uncertain beforehand and therefore cannot

be accurately predicted.

Sometimes these position changes are large enough before the interaction finishes

that objects roll off the table, leading to even greater displacements. Second, the simu-

lator’s physics engine is not a realistic representation of reality. Unrealistic interactions

have been observed after failed grasps where the object flies off at high speed. However,

even though the predictions are uncertain, the model is highly successful with 94% in

distinguishing between graspable and not graspable objects, while also predicting a

semi-accurate model of the continuous interaction.
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It should also be kept in mind that the model is not measured on regular train/test

metrics. Input to the model does not come from a test set that is made up of simulated

data. The planner calculates push action propositions by choosing theta values by

dividing 2π into equal intervals and then calculating a starting position for the gripper.

The only input the model receives is the action input and the effect input at time t = 0.

The effect input is always zero at time t = 0 since there is no movement at the start

of interaction and therefore does not provide additional information to the model.

Table 4.1. Single grasp action prediction results on variable sized objects placed on a

fixed location.

Error (m) True True False False

Positive (%) Negative (%) Positive (%) Negative (%)

0.051± 0.032 80.00 14.00 4.00 2.00

94.00 6.00

In the previous analysis, the object types were chosen randomly. Next, we in-

vestigated how the type of the object affects the prediction errors. The results are

presented in Figure 4.1. Sphere and sideways cylinder type objects have both higher

errors and higher variance in their prediction error. This is expected since they are

rollable objects and have higher displacement from an applied push action. Due to

the planner proposing only a limited amount of action angles, the applied action angle

can be different from the correct action angle. This angular difference affects the final

distance of the object from the target, since rolling objects have higher displacement

the distance can be higher than a non-rolling object with the same angular difference.

4.1.2.2. Incorporating Reachability Affordance. Up to now, only single actions with

objects placed on a fixed location were investigated. This is because when the location

of the object is not fixed, there is no guarantee whether an action can be performed

on it. The robot may not be able to reach the object at all, or the robot may start

applying the action but stop before completion when it can’t reach the target anymore.
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Figure 4.1. Errors based on object type for a single push action on fixed sized objects

placed on a fixed location.

Our model does not take into account the position of the objects. Therefore,

another component is required which takes into account the positions of the objects

and the actions to be applied; which can decide whether an action is feasible or not.

A data set of 1000 interactions was collected where object size and location on

the table could vary. The reachability classifier was trained on this data using binary

cross-entropy loss with a simple feed-forward neural network.

The inputs to the network are chosen to be the starting object position, the

starting gripper position and the partialness of the action. The output is binary,

denoting whether the action is reachable or not. The results obtained for this classifier

are presented in Table 4.2. When tested on the simulation environment, the classifier

correctly identified and eliminated most of the unreachable configurations, enabling

finding solutions faster.
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In a separately gathered test data set, it was observed that for 34 out of 35

(97.14%) instances of actions being attempted towards objects and failing due to the

object being unreachable, the reachability classifier was correct in its prediction that the

specific action was indeed unreachable. Figure 4.2 shows one such example where the

reachability classifier was tested with all proposals for a configuration. The efficiency

gained from discarding unreachable proposals vary depending on the configuration. It

was observed that it could be as high as predicting all the actions to be unreachable

correctly, or it could be a smaller region as can be seen in the example provided.

Table 4.2. Results from the reachability classifier, outputting whether an action of

certain partialness towards an object at a position is reachable.

Classification Accuracy (%)

97.80± 0.87

4.1.2.3. Prediction performance for multiple (full and partial) actions. Following the

analysis over fully applied single actions, and by enabling reachability, interactions

with single and multiple actions are generated, also including partial actions. Partial

action corresponds to an action that is started to be executed, but its execution is

ended before completion, i.e. before 5 cm motion after object contact. For example in

a push action, the push may be cut short before the gripper even contacts the object,

or the gripper may reach the coordinates of the center of mass of the object, meaning

that the object has already started being pushed, but the push is not completed yet.

Our model was trained only on fully applied single-action interactions. No partial

actions were specifically included in the training, but since the model is conditioned

on time it can be requested to predict up to a certain time step, effectively providing

a prediction for a partial action execution. We call this the temporal branching factor,

and use 5 or 10 depending on the task.
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Figure 4.2. Example reachability analysis of a configuration. The same action is

tested for reachability at different partialness levels which can be observed at the

inner and outer regions of the circle. Actions with angles in the blue regions are

predicted to be reachable by the classifier, red regions are predicted to be

unreachable. The action with angle at the black line is known to be unreachable.

Our model is requested to generate plans for both single and multiple action

interactions, including cases with partial actions. Results from a model trained with

fully applied single push actions tested on different push settings are presented in Figure

4.3. Partial actions themselves are parameterized in the interval [0, 1] randomly.

While the model has an advantage due to not having error accumulation within

a single step prediction, the model itself cannot correct the accumulation of error

between multiple steps. However, the partial actions can have an error reducing effect

to a higher degree than that of a system with the capability of executing full actions

only.
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Figure 4.3. Results of applying push actions on objects on a fixed location with fixed

size with different settings.

In the case that the prediction of the model is slightly off the goal, given another

action our model can make a corrective adjustment using a partial action. Comparing

this to a model capable of only applying full actions in the same situation, given more

actions the model will require more actions and more effort by the robot to make a

corrective adjustment. This phenomenon can be observed in Figure 4.3 where average

single full action error is higher than multiple partial action error.

In the case that there are no extra actions available to the model, an example

being pushing an object to the right 5 times to get close to the goal while only having

5 actions available. Since the action to push right is learned imperfectly, when it is

applied in full, if it is predicted to cause less displacement than it is supposed to, this

difference in displacement will be amplified 5 times due to taking 5 actions. Therefore,

our model is not immune to compounding errors in multi-step actions.
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The multi-step setting is 3 random partial push actions applied one after the

other. But the task can be achieved in fewer steps since the robot will aim towards the

target using its heuristic. We observe this in our results. We also note that since our

model has no via-points or sub-goals, a goal that was generated by applying the actions

< left, left, up > can be achieved by our model in the same manner, or by applying

any permutation of these actions, or for example with two diagonal push actions.

The planner is utilized by proposing actions and predicting the full action and

effect trajectories for proposed actions in a classic forward-chaining manner. However,

as explained, the model is not unidirectional and although the purpose of implementing

the model in a bidirectional manner is achieving better latent representations, it can

also be used to propose effects and calculate the full effect and action trajectories in

the same way.

The predictions made by the model appear to have low errors, but there is no

guarantee that the predictions will hold in the environment where the data was gathered

from. For this reason, the same simulation scene was used to verify that the model’s

action and effect predictions are in fact realistic and hold out in the simulation world.

One such example is shown in Figure 4.4. The model did not predict orientations,

therefore the orientation between the predictions and the ground truth have no reason

to match.

4.1.3. Ablation Studies

4.1.3.1. Effect of Training Data Set Size. Reducing the size of the data set used is

expected to have an adverse effect on the results. However, the model’s generalization

ability can help counter this effect up to a certain level. Our results are presented in

Figure 4.5.
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Figure 4.4. Results of applying the model’s predicted actions in a scene. Images are

ordered from left to right. The top row is from the first action execution, the bottom

row is from the second action execution. The blue object denotes the target position,

the red object is generated from the robot’s effect predictions. The blue and red

objects are not interactable by the robot. The green object is interactable and is acted

upon by the robot, to show the ground truth results of the robot’s predicted actions.

4.1.3.2. Effects of Different Training Regimes. An experiment was performed where

the training regime of the network was altered. The proposed training regime is where

between action, effect, or both channels were randomly selected at each iteration. To

compare, training was done on the same data used to report our results, but only

using both channels at each iteration. The results presented in Table 4.3 show that

the difference is not significant at p < .05.
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Figure 4.5. Results of using different amounts of training data for a single push

action task on objects on a fixed location with fixed size.

Table 4.3. Training regime results comparison for randomly choosing between

channels and using both channels all the time for a single push action task on objects

on a fixed location with fixed size.

Error (m)

Random channel 0.020± 0.002

Double channel 0.019± 0.006

4.1.3.3. Effects of Using Different Mixing Methods. Different mixing methods were

applied to the encoded input channels to investigate whether there is a significant per-

formance difference. A simpler dataset consisting of fixed-size objects, always placed

at the center of the table and 16 specific available actions were used. Figure 4.6 shows

that the model with the random weights has a slightly lower error than the other two

models.
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Figure 4.6. Results of applying different mixing methods to actions and effects for a

single push action task on objects on a fixed location with a fixed size.

4.1.3.4. Effects of Changing Channel Structure. Several other architectures were also

tried to solve this problem. A subset of the current model, where only action infor-

mation as input and a crop from a single depth image centered on the object as an

external parameter was provided was proposed. The model was expected to predict

both action and effect information but failed to converge. Another model which is an

extension of the current model, where along with action and effect information object

images over time were provided as inputs; instead of a crop from a single depth image

centered on the object as an external parameter was proposed. Training with RGB

images, RGBD images, and depth images all failed to converge.

4.2. Comparison with State-of-the-Art CNN+LSTM Method in Effect

Prediction

In this section, we compare the effect prediction performance of our model with

[34]. In [34], the motion trajectories of various objects in response to lift action were

predicted using a CNN+LSTM based neural network architecture.
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An example lever-up action from [39] is shown in Figure 4.7. In their experiments,

several geometric shapes (triangle, square, pentagon, hexagon, heptagon) of several

sizes were used in lift interactions, along with their center of mass trajectories when

subjected to a single lever-up action from different application points along the edges.

We used the data set provided by the authors to train our model and compare the

performance in predictions.

Two experiments are performed with the simulation data from [34], containing

top-down images, support points which are alternative features extracted from top-

down images, and center of mass trajectory data from a lever-up action applied from

different points for objects of different geometric shapes. The data set is separated

randomly into 80% training, 10% validation, and 10% testing, which is similar to the

numbers reported in [34]. The network is trained with either single top-down images

or support points belonging to an object, along with random numbers of observations

from the trajectory, and the center of mass pose of a target time is predicted.

Figure 4.7. Example lever-up action in the simulator, reused with permission

from [34].

Our model is tested with either a top-down image and an initial pose of the

object, or with support points and an initial pose of the object, and is able to predict

full effect trajectories, giving results agreeing with the properties of the object. In the

first experiment, support points are used, and added as external parameters to our

network; and in the second experiment, the top-down images are used in the same

manner.
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A CNN encoder is used to extract features from the images, which is trained

together with our network. The CNN encoder for the image data is replicated from

[34]. The input images are 128 × 128 grayscale, and during testing, the full center of

mass trajectories for the objects are predicted. Figure 4.8 shows the results from [34],

using an LSTM network, and Table 4.4 shows the results from our experiments. Both

experiments are performed with 5-fold cross-validation and early stopping with one

million iterations. Here Sp-Truth corresponds to use of ground truth support point

features as inputs and Im-CNN corresponds to use of images, processed by CNNs, as

inputs.

Table 4.4. Trajectory errors, results from our experiments.

Full Trajectory Errors (cm) Final Position Errors (cm)

Sp-Truth 1.146± 0.043 3.033± 0.090

Im-CNN 0.584± 0.044 1.372± 0.081

Figure 4.8. Trajectory error plots for the LSTM approach, reused with permission

from [34].
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Our results show higher errors than the compared model on support point data,

and lower errors on image data for full trajectory and final position errors. It must

be mentioned that the results reported in Figure 4.8 were achieved by one step ahead

(n = 1) predictions whereas the results of our model are reported by using only a

single observation at t = 0. A direct comparison cannot be made from these results,

however considering that the image encoder is replicated, the difference should come

from utilizing the information from the images better in our model.

In order to make a direct comparison, we gathered n-step predictions, taking 15

previous steps as observations, and compared the results with the ones reported in the

same manner in [34]. A comparison between Figure 4.9 and Table 4.5 clearly shows

that our model outperforms the compared model.

Figure 4.9. n-step error plots for the LSTM approach, reused with permission [34].

Our model is thus shown to perform well on both short and long-term predictions

yielding lower error rates compared to a recurrent method. This is probably because

the error does not accumulate in our model like in recurrent models.
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Table 4.5. n-step prediction errors, results from our experiments.

Sp-Truth Im-CNN

1-step (cm) 0.354± 0.072 0.340± 0.044

2-step (cm) 0.390± 0.061 0.352± 0.046

3-step (cm) 0.417± 0.053 0.364± 0.049

4-step (cm) 0.445± 0.046 0.375± 0.051

5-step (cm) 0.474± 0.039 0.387± 0.054
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5. CONCLUSION

5.1. Conclusion

We propose a model for multi-step action and effect prediction. While previous

work’s utilization of bidirectional learning is limited, our model specifically creates its

latent representations using this concept and is able to make multi-step predictions that

are in accordance with ground truth manipulations. We emphasize using object-centric

inputs to achieve generalizability and investigate simple affordances of several classes

of objects of different sizes. By using a network for single interaction predictions which

can be interpreted similar to a state transition function and pairing it with a planner

with heuristics to propose goal-directed actions the model is shown to have low error

in reaching target positions. Our key observations from this work are as follows:

• Using object-centric action and effect input representations enables a level of

generalization capability that could not be obtained without a large number of

distinct data covering the object positions. This observation is obtained from

earlier experiments where object and gripper position was used as inputs to the

model and gave poor results.

• Using bidirectional learning in the model enables higher predictive capabilities

than using a single channel to predict both action and effect information. This

observation is obtained from our ablation studies where a single action channel

network predicting both action and effect information learned from the same

datasets used to report our results failed to converge.

• Using the proposed training regime does not appear to give a significant decrease

in average error, however it may be utilized to reduce the variance of error. This

observation is obtained from our ablation studies where effects of different training

regimes is investigated.
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• Using partial actions are shown to be effective in reducing compounding multi-

step prediction errors. This observation is obtained as a result of our simulation

experiments with single full, single partial and multiple partial push actions.

5.2. Future Work

While the results of our experiments are promising, the model still requires verifi-

cation in the real world. Our next step is gathering data and testing our implementation

with a real robot.

The reachability classifier is shown to successfully learn the reachability affor-

dance. We are currently investigating a way to incorporate this capability into the

network itself, so that when an action is proposed that is unreachable, the network’s

prediction will be to stay stationary and not act. Such a capability will show that

the network can reason about multiple affordances, and more affordances can then be

attempted, such as interactions with other objects. Such spatial affordances however

require the network to be provided with certain position information. If this succeeds

, improvements to the planner may need to be considered.

Our work uses a conditional architecture to avoid the compounding error problems

of recurrent architectures and models that are used in a similar way by feeding their

current step output as next step input. This advantage of using conditional models

is shown in this work against using an LSTM network, and against a Multimodal

Variational Autoencoder (MVAE) in [40]. However, transformer models recently gained

popularity as being a good alternative to recurrent models. By using the attention

mechanism they eliminate the need for recurrence, and attention can potentially be

beneficial for our model as well.
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Since our model is not recurrent, the benefit of attention can come from learning

to attend to observations differently. In the current implementation, the model averages

the information from all observations in different channels, then merges these channels

by again averaging.

Important information may be lost during this process, which an attention layer

may help with by focusing on important observations. An initial attempt has been

made in this regard, and while the model is shown to have some learning progress,

its prediction quality is significantly behind the currently used model. This is poten-

tially due to using only a single observation which also provides limited important

information.
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APPENDIX B: NETWORK INFORMATION

The model architecture is presented below. The object encoder is not visible in

Figure B.1, it is a part of action and effect encoders; since the model can also function

as a single channel. The action encoder architecture is presented in Figure B.2, the

effect encoder in Figure B.3, the object encoder in Figure B.4 and the decoder in Figure

B.5. The reachability classifier model is presented in Figure B.6.

Figure B.1. Overview of the architecture.
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Figure B.2. Action encoder architecture.
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Figure B.3. Effect encoder architecture.
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Figure B.4. Object encoder architecture.
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Figure B.5. Decoder architecture showing both the action and effect decoders.

Figure B.6. Overview of the reachability classifier.


