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Shaping Rewards with Temporal Information to Guide Reinforcement Learning
LINUS LUNDGREN

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Reinforcement learning (RL) methods that apply pretrained Vision-Language Mod-
els (VLMs) to compute rewards typically use a single observation of the environment
to do so. This is problematic because any information emerging from the sequen-
tial nature of RL, i.e. temporal information, is therefore disregarded. This thesis
explored how temporal information can be incorporated into the VLM reward com-
putation, by first distinguishing between fixed and adaptive temporal information.
In fixed temporal information, additional inputs are provided to describe the envi-
ronment’s progression through time, but these inputs remain unchanging throughout
each episode. In contrast, adaptive temporal methods take additional inputs that
can change as the episode progresses. Positional and directional rewards were de-
fined to take advantage of fixed and adaptive temporal information respectively,
along with new supervised finetuning methods for the directional reward functions.
Evaluated with a sample e [ciehcy metric over 6 robotic manipulation tasks, the
best new positional rewards performed 18.4% better than previous methods, while
directional rewards performed 23.0% better. Combining positional and directional
rewards showed a 25.4% improvement, which was the best performance achieved by
any method in this thesis.

Keywords: VLM, reinforcement learning, machine learning, transfer learning, neural
networks
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1

Introduction

In the past decade or so, rapid improvements in computer hardware has led to an
explosion in processing power available to data scientists. In conjunction with this
development, the average person now owns multiple devices that they use on a daily
basis. With the internet and social media, this has made recording and sharing your
lived experiences almost a societal expectation.

While this shift in behaviour has undoubtedly contributed to a great deal of psy-
chological distress, the aforementioned data scientist is silently ecstatic, as the sheer
volume of text, image, audio and video data has provided an unprecedented resource
for training machine learning models. With the increasingly widespread availability
of both high-level processing power and data with which it can be applied, it is not
surprising that these years have also seen rapid developments in arti cial intelligence
research.

Two elds in particular stand out when considered in this context: computer vision
(CV), and natural language processing (NLP). In CV, machine learning models can
now recognize and track objects in real-time video, or generate realistic images from
a variety of di erent inputs [1, 2]. And in NLP, the introduction of transformers has

led to the development of large language models, which has achieved both academic
and commercial success [3].

At the intersection of these elds, there are multi-modal vision-language models
(VLMs) that take both text and image inputs [4]. These models are widely ap-
plicable, like in reinforcement learning (RL), where they can be used to compute
rewards [5, 6, 7, 8]. Reinforcement learning is a machine learning paradigm which
aims to optimize the actions of an agent in a dynamic environment, by maximizing
the accumulated reward over time.

VLMs can create additional rewards by evaluating the similarity between the task
description and an image of the current state of the system, which can then be used
as a reward in RL. This is useful when rewards are rarely received (sparse rewards),
such as upon task completion, in which case the task reward can be complemented
by an additional VLM reward computed in every time step (dense rewards). This
thesis will explore new ways in which a VLM can be used to produce dense rewards,
focusing speci cally on how temporal information can be exploited to do so, to be
evaluated using a robot arm agent with object manipulation tasks.



1. Introduction

1.1 Purpose

In previous research, dense VLM rewards have typically been computed as the simi-
larity between an image observatiom, of the environment and a textual description

|y of the task goal, such as "open door". This is done by rst computing the image
embeddings; = (o) from the image o, observed in time stept, and the tex-
tual goal embeddingg = ((lg), using image and text encoders, and | from a
pretrained VLM.

The similarity can then be computed with the cosine similarity metric

St 9

to be used as a dense reward in RL. Unfortunately, as this method only takes a
single observatiors; into account, it is possible that temporal information emerging
from the sequential nature of RL is lost.

The purpose of this thesis is to investigate how this temporal information can be
represented, how it can be incorporated into a reward function for RL, and nally
to determine the impact that this will have on the RL model's ability to learn how
to perform a given task.

The hypothesis is that incorporating temporal information in the rewards will im-
prove the RL algorithm's ability to learn the task, because temporal information
should capture the change observed in the system, not just the current state. Mod-
eling the value of the change should be better because the change represents the
direct consequence of the actions that the agent is trying to optimize.



2

Theory

2.1 Reinforcement Learning

Reinforcement learning (RL) is a type of machine learning for sequential decision-
making tasks, where the decision maker, commonly referred to as the agent, interacts
with an environment to learn which actions are optimal through experience. The
reinforcement learning problem is formalized as a Markov decision process (MDP)
[9, p. 67]. The elements of an MDP are

S The set of states
A The set of actions available to the agent
p:S;A!S ;R The dynamics of the environment
2R The discount rate
R The set of rewards that the agent can receive

The set S determines the states in which the agent can nd itself, and the set
A represents the choices that the agent can make in these states. The dynamics
p(4i+1;re+1 | &; &) describes the state-transition and reward probabilities given that
the agent takes the actiona; when it nds itself in state &, where the possible
rewards are taken fromR. The goal of an RL problem is for the agent to learn how
to maximize the accumulated reward over time, also known as the return

* k
G = M+ k+1
k=0

given the discount rate , which de nes the present value of future rewards.

The RL states use the notations to di erentiate from s, which is used to represent
image embeddings. Thes states are read directly from the environment, and are
simply vectors describing the positions of objects in the environment.

During training, an RL algorithm learns a policy (aj 8) which maps states§ 2 S
to actionsa 2 A. In this thesis, the algorithm used is Soft Actor-Critic (SAC),
which is an RL algorithm that uses neural networks to learn the policy directly [10].

The policy is learned by training on collected experience, stored in a replay bu er
as(8i; a;8i+1;ri+1) tuples, representing the observed state transitions and their cor-
responding rewards. In this thesis, these tuples have an additional memi=gr to
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save image embeddings for the purpose of training the VLM reward function. Typ-
ical RL tasks are episodic, which means that these tuples are gathered in discrete
attempts at solving the task, and the environment is reset between each attempt.
These attempts are more commonly referred to as episodes, or trajectories, which
are positive if the agent succeeded, and negative if it failed.

The rewards received by the agent from the environment can be characterized by
their "sparseness”. A sparse reward is a reward which is received less often, such
as upon task completion. On the other end of the sparseness spectrum are dense
rewards, which are received often, if not in every time step. For example, a dense
reward could be computed for a pole balancing task in every time step from the
angle between the ground and a pole.

Dense rewards are typically better for RL, so long as a larger return is a proxy
for task completion. They are more useful because they make the policy more
generalizable to unseen states, as the RL algorithm has access to more data. For
the pole balancing task with access to dense rewards, the agent will easily be able to
learn to keep the angle perpendicular to the ground. But it would be much harder,
for example, if it only received a reward once it manages to balance it for an entire
episode. Dense rewards are also particularly useful in the beginning of training, as
the agent will have no rewards to guide it until the rst success, if that is the only
time a reward is received.

Reinforcement learning has a wide range of applications, including nance, energy
e ciency, transportation, signal processing, robotics, and more [11]. Robotics is the
focus of this thesis, as the new methods will be evaluated by tasking a robot arm to
solve manipulation tasks.

2.2 Reward Shaping

Reward shaping is the method of computing "arti cial" rewards outside of the
task reward provided by the environment [12]. From a previously "pure” MDP
(S;A;p; ; R), anew MDP (S;A;p; ; R + F) can be constructed with additional
rewards F. Reward shaping is especially useful to provide dense rewards in envi-
ronments where the reward is sparse. In these cases, the new dense reward can help
guide the agent where the sparse reward is insu cient.

For instance, if the agent only gets a reward upon task completion, then a new
shaping reward could be the distance between the current state and a goal state,
which can easily be computed in each time step. If an image can be generated of
the environment, then a VLM can also be used to compute a shaping reward as the
similarity between state images and a task description. This is the method which
will be further developed in this thesis.
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2.3 Vision-Language Models

Vision-Language Models (VLMs) are neural network models that exist in the inter-
section of computer vision and natural language processing [4]. A wide variety of
VLMs have been developed, but this thesis will focus on contrastive-based VLMs.
These are VLMs that are trained on a dataset of image-text pairB. The pairs in
this dataset become the positive pairs, while negative pairs are constructed with the
same dataset, but with images and text that are not paired in the original dataset.
Then a metric like cosine similarity is made larger for positive pairs and smaller for
negative pairs, for instance by minimizing a loss function like infoNCE
|
X exp(csim(si;G))=
LinfoncE = log P —
i2p j=1 exp(csim(si; g))=
where s; is the embedding of an image with corresponding caption embeddicg
from the positive pairs, whilec; are caption embeddings that are not paired with

Si, and is a temperature parameter to control the scale of the similarity scores.

Contrastive-based VLMs have been found to be especially useful for RL, as the
similarity between the current image of the system and a textual description of the
goal can be used as the additional reward for reward shaping [5, 6, 7, 8].

An alternative objective for training a VLM is to use Language-Image Value (LIV)
learning, which is a pretraining objective speci cally developed to encode a notion
of task completion based on tasks speci ed through language or images [13]. These
VLMs are therefore especially useful for reward shaping with language-speci ed
tasks, which is why this thesis uses the image and text encoder from a LIV trained
VLM to produce image and text embeddings.

2.4 Transfer Learning

Neural networks are machine learning models that can perform incredibly well on a
wide variety of problems, but they still require relatively large datasets to be able
to recognize the relevant features in the data. This is a problem if it is going to
be applied to a domain where gathering data is di cult and/or costly. In these
scenarios, a method called transfer learning can be used to reduce the amount of
data necessary to train the model [14].

Transfer learning works by letting the model initially train on a similar task, for

which the data collection is easier. This is called pretraining, and allows the network
to learn features that will most likely be useful for the downstream task as well, due
to the similarity between the two task domains. This pretrained model can then be
netuned using the smaller dataset collected for the downstream task, so that it can
learn which of the features learned in pretraining are relevant for the task at hand.

Typically, the model contains a main body neural network with a multilayer per-
ceptron (MLP) head attached to the end to produce task predictions. In transfer
learning, the main body is the same for the pretraining and downstream task, but
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the head is replaced. Figure 2.1 shows an illustration of this process. This thesis will
transfer a LIV pretrained VLM for the reward function of an RL model, where new
heads are attached to the image and text encoder networks. These heads will then
be netuned to produce better rewards using image embeddings gathered during
the RL training process.

Figure 2.1: lllustration of transfer learning. First, the model is pretrained on a
task for which the data collection is easy, with a head to make predictions for the
pretraining objective. Once the pretraining is complete, the main body parameters
are transferred, but a new head replaces the old head to produce predictions for the
new task. Typically, only the parameters in the new head are netuned for the new
task, while the transferred main body parameters are frozen. This process transfers
knowledge from the pretraining task through the parameters in the body, which
is more e ective if the pretraining and downstream tasks are similar. Parameters
being trained are marked with the re symbol, while frozen parameters are marked
with the snow ake symbol.
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Preliminaries

This chapter will rst lay out the current state of research regarding the use of
temporal information in the VLM RL setting. Then the purpose of this thesis will
be formalized with 4 research questions, and an appropriate scope will be set.

3.1 Related Work

3.1.1 Delta Features

In [6] they use VLMs for reward shaping, and introduced a method of transforming
their embeddings using what they call delta features. In this method, they subtract
a baseline text embeddind from the goal text embeddingg, where they represent
the initial and end state of the task if successfully performed, such as "closed mi-
crowave" and "open microwave" respectively. Then the initial image embeddisgis
subtracted from the image embedding;, and the reward is computed as the cosine
similarity between these two components

rVtM(s;) = csim(s; so;g b

This can be interpreted as using temporal information because they compute the
visual components, sp using image embeddings from two di erent time steps.
Additionally, their method of de ning their goal and baseline can also be interpreted
as using temporal information, as they describe what should be observed before and
after the task has been completed.

3.1.2 Goal-baseline regularization

Goal-baseline regularization is another method introduced in [7] which, like [6],
incorporates a textual baselind. This baseline is used to remove components of the
image embeddings; that are orthogonal tog b, since these components should be
less relevant for solving the task. Typical cosine similarity can be rewritten as

e 9 1

so long ass; and g are normalized to unit vectors in the nal expression.
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In [7] they use this reformulation to de ne a new state representation. This new
representation is a weighted sum betweesy and the projection ofs; onto the line
spanned byg and b. This gives a new VLM reward function

VU(s)=1 Sk projsit(L )s ok

wherelL is the line spanned byg and b, and represents the regularization strength,
i.e. how much of the components orthogonal tb will be removed through projec-
tion. As explained in Section 3.1.1, this could be interpreted as a temporal infor-
mation method, if the goal and the baseline are de ned as they are in [6].

3.1.3 The FuRL Algorithm

The problem with the VLM rewards in [6, 7], and also [5], is that they areero-
shot This means that they transfer the VLM, but perform no netuning. The
authors of [5] found that maximizing the zero-shot VLM reward generally also led
to a maximization of their ground truth reward. But with no netuning, these
VLM rewards can be inaccurate, because the VLM was not speci cally pretrained
on images of the environment that the agent nds itself in.

One desirable behavior of the reward function could be for it to be strictly increasing
on all trajectories from the initial state to the goal state. This way, the agent can
simply learn to take actions for which the reward increases the most. But since the
VLM was likely not pretrained on images of the given environment, it is unlikely
that the VLM reward function would behave this way. This means that using the
raw, zero-shot similarity as a reward risks the agent getting stuck in non-goal points
where the VLM reward function is locally maximized.

To solve this, the authors of [8] attach two MLP headd, andfy, to the VLM
image and text encoders. These heads are then used to compute the VLM reward
as

rV LM (St) = CSiﬁ'(fW, (St)stL (g))

wheres; is the image embedding from the VLM's image encodey, and g is the goal
text embedding from the VLM's text encoder . The fy, MLP head is attached
to |, with its trainable parameters W,, while fyy, is its equivalent for |, with
trainable parametersW,. Figure 3.1 shows the reward computation owchart for
this VLM reward.
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Figure 3.1: Flowchart of the FURL reward computation. Parameters in transferred
VLM remain frozen (snow ake symbol), while MLP headdy, andf,y, are netuned
(re symbols).

But these heads are not pretrained, so the authors also introduced the Fuzzy VLM
rewards aided RL (FURL) netuning algorithm. The FURL algorithm works by col-
lecting and distinguishing between negative and positive trajectories, and netuning
with states from these trajectories, by minimizing the ranking loss :

Y (Spisn) =max(0;rVt™M(s,))  rV™M(sp) + )

The ranking loss takes two image embeddings, and s,, either from the same
trajectory or two di erent trajectories, and assigns a preference to the, state by

increasing its reward relative to thes, state reward. In essence, it will minimize the
reward for the s, state and maximize the reward for thes, state, but only if the

current reward for s, is at most higher than the reward fors,. If it exceeds that

threshold, then the(s,; s,) pair is disregarded for the optimization step.

The FURL netuning algorithm proceeds in two separate stages: before the rst
positive trajectory has been collected, and after the rst positive trajectory has been
collected. The supervised netuning of the reward function is done interchangeably
with the RL training, where the following reward is provided to the RL algorithm
(which is Soft Actor-Critic):

r = r:ask + rVLM (St)

In summary, the reward provided to the RL algorithm in time stept is the sparse
task reward r@¢ plus the dense VLM rewardrVM (s;), the magnitude of which is
controlled by .

3.1.3.1 Stage 1

In the rst stage, the FURL algorithm only has access to states from negative tra-
jectories for the netuning process. This makes it somewhat ine cient at producing
a valuable reward, but a preference can still be given to states based grdistance
to the goal state. This preference can be expressed with the ranking loss as follows:
Lneg neg = ’ (Sin;sjn) (3.1)
st ks sgka kg sgko
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In this loss, sy is an image embedding for a state where the task has been successfully
performed, and then superscript indicates that the image embeddings are taken
from negative trajectories. The constraint ensures that the goa, is closer tos
than si', so that the ranking loss preference is given to the state that is closer to the
goal. The netuning with (3.1) is illustrated in Figure 3.2.

Figure 3.2: The larger square represents the set of all image embeddings, while
the smaller "goal states" rectangle represents the set of embeddings in which the
task has been completed successfully. THemax and # min annotations indicate
the states for which the reward is maximized or minimized respectively, and the red
line represents a negative trajectory. As illustrated, when only negative trajectories
are available, the state closer to the goal state gets a higher reward, while the state
further away gets a lower reward.

Minimizing (3.1) will generally make the reward higher as the agent gets closer to
the goal, which should help guide the agent towards collecting the rst positive
trajectory, so that the FURL algorithm can move on to its second stage.

3.1.3.2 Stage 2

With access to positive trajectories, the objective is replaced by

L = Lpos neg * Lpos pos; Where (3.2)
Lpos neg = = (s%;s"); and (3.3)
Lpos pos =~ (SI:S n) (3.4)

The p superscript indicates that the states are taken from positive trajectories. The
rst ranking loss L pos neg (3.3) gives preference to states from positive trajectories
over states from negative trajectories, which should make the reward higher if the
agent retraces previous positive trajectories. The second ranking ldsgs pos (3.4)
gives preference to states further along the positive trajectories, which should make
the reward strictly increasing along the positive trajectories, as desired.

10
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Figure 3.3: Finetuning with Figure  3.4: Finetuning  with
Lpos neg (3.3). Same setup as iNLpes pos (3.4). Same setup as in
Figure 3.2, but with a positive trajectory 3:2, but with with only a single positive
illustrated by a blue line. The opti- trajectory (blue line). The optimization
mization step will maximize reward for step will maximize the reward for the
the state from the positive trajectory state further along the positive tra-
and minimize it for the state from the jectory, and minimize it for the state
negative trajectory, until the positive further back, as long as the reward for
state reward is at least higher than the later state is not already higher.
that of the negative state.

The second stage of the FURL algorithm could be interpreted as using temporal
information, since it aims to make the rewards for positive trajectory states in later
time steps larger than earlier than the rewards for earlier states. However, it is
important to note that the FURL algorithm does not use temporal information in

its reward computation, rather only in how the reward function is trained. The
trained FURL reward function does not take the temporal information present in
the current observation into account. Instead, it looks at the current state, and
then makes an inference as to when that state would have been observed in previous
positive trajectories, and computes a reward based on that inferred moment in time.

The FuRL algorithm will be the basis of the methods developed in Chapter 4.
However, this thesis will go beyond the netuning algorithm, to also consider how
temporal information can be incorporated into the inputs of the reward function
itself.

11
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3.2 Research Questions

With this background in mind, the purpose of this thesis can be formalized with
four central research questions:

1.

How is temporal information de ned, and how can it be represented for e cient
reward shaping in a sparse reward RL context?

How can a VLM reward function be modeled such that it takes advantage of
temporal inputs, and what should its training procedure look like?

How can the performance of these new VLM RL methods be evaluated?

Given this evaluation, how do the new methods compare to existing methods?

3.3 Scope

This project can potentially be taken in a bunch of di erent directions, so it is impor-
tant to be speci c regarding what will or will not be investigated. This delimitation
can be summarized in the following list of points:

A

The developed algorithms will be evaluated using robotic manipulation tasks
from the Metaworld benchmark [15].

The xed-goal versions of the Metaworld environments will be used, to reduce
randomness and make training faster.

Only model free reinforcement learning methods will be considered.

All new methods will be based on the FURL netuning method introduced
in [8].

The major focus will on how the algorithm can use negativand positive
trajectories to produce a better reward, not how negative trajectories can be
used to collect positive trajectories. Each reward and algorithm will therefore
be developed with the performance in the second stage in mind.

12



A

Methods

The purpose of this chapter is to describe how temporal information can be used
for reward shaping in an RL setting. But rst, a formal de nition for temporal
information is given.

4.1 De ning Temporal Information

Temporal information can be summarized as being any information that describes
the progression of the environment through time. But this de nition is still very
general. For instance, in delta features the visual component of cosine similarity
IS st Sp. The result can be interpreted as a type of temporal information, since it
describes how the environment has changed since the start of the episode. But what
it does not capture is thecurrent change present in the environment, because for
example, the states; ; has no e ect ons; sy, SO long ass; remains the same.

With this distinction in mind, temporal information can be divided into two cat-
egories. The rst is xed temporal information, which is temporal information
provided through inputs that do not change as the episodes progresses. This in-
cludes comparisons to xed states like the initial states, or goal statessy. Rewards
that only use xed temporal temporal information will be referred to as positional
rewards, because they still represent the value of the environment's position, but
viewed from a di erent ( xed) perspective. Rewards that uses; but do not use any
temporal information, like simply csin(s;; g), are also positional rewards because
they also model the value of the position.

But if the additional inputs can change throughout the episode, like, , for some
constant k, then this is instead adaptive temporal information. Rewards that use
adaptive temporal information are directional rewards, since they can model the
value of the direction in which the environment is currently changing.

In this thesis, any temporal information present in textual inputs will be xed
temporal information, because the text descriptions will remain xed throughout
each episode. This does not mean that a textual input cannot contain adaptive
temporal information. For instance, the environment could continuously output
text observations, then these could be used to capture the current change. This is
not something that will be explored in this thesis, however.

13
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Positional and directional rewards will be computed separately, which means that
it is not a choice of one or the other. If positional rewards contribute to helping the
RL algorithm learn the task, and adding directional rewards is also bene cial, then
they can both be used together to optimize performance. The nal VLM reward
becomes
M (s) = e s+ gt (s)

wherery™ and ry"™™M are the positional and directional reward functions respec-
tively, and the parameter controls the size of the directional reward in relation
to the positional reward. The VLM reward is then summed with the sparse task
reward as in FURL. The reward observed by the RL algorithm is therefore

= sy rgt(s)

4.2 The Positional Reward

The shaping reward used in the FURL paper [8] is an example of a positional reward,
representing the value of the current environment position. This positional reward
can potentially be improved by replacing the state and goal embedding with delta
features [6],

rVtM(s;) = csim(s; so;g b
This new reward function contains xed temporal information in its visual compo-
nents; Spbecause it takes states from two di erent time steps into account, where
So iIs xed. It can also contain xed temporal information in the textual component,
depending on how the goal and baseline texts are de ned.

Alternatively, goal-baseline regularization [7]
1 :
rVtM(s) =1 Ek proj,sc+(1  )s; ok

can be used instead of typical cosine similarity, where xed temporal information
can be provided throughg and b (L is the line spanned byg and b).

The contribution of this thesis for positional rewards is the combination of delta
features [6] and goal-baseline regularization [7] with FURL [8]. To combine these
methods, MLP heads {; andfy; need to be incorporated into the reward function,
where the superscripP indicates that they are used in a positional reward function.

4.2.1 Delta Features

The new positional rewards are still based on the FURL method, so they netune
f\,Pvl and f\,F\’,L using the same two-stage netuning method with the ranking loss

Y (Sprsn) =max(0;rVtM (s))  rYHM(sp) + )
In the rst stage, the netuning objective is

P — n.
I—neg neg — (Si '

s (4.1)

st ks sgka kg sgko
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where all states are from negative trajectories, as no positive trajectories have been
collected yet. Then, once the rst positive trajectory has been coIIected,\',f,I and
fi,_ are instead netuned on

L™ = Liss neg + Lpos negs Where (4.2)
LPos neg =~ (s";s"); and (4.3)
Lgos pos= ) (Sip;s’ip k) (4-4)

The netuning objectives for delta features still use the same FuRL ranking loss, but
the major di erence is how the VLM reward is computed, along with how the MLP
headsfy;, and f{;, can be incorporated. The rst formulation for delta features,
referred to as P1 since it is the rst positional reward function, is

re (s0) = csim(fy, (s so)ifw, (3 D)

where the subtraction is computed before the heads, in the VLM embedding space,
I.e. with the output from the VLM encoders directly. The owchart for this com-
putation can be found in Figure 4.1.

Figure 4.1: Flowchart of delta features computation, where the di erence is com-
puted beforef(y, andfy ,ie. rgf™ (s) = csim(fyy (si  so);fyy, (@ D).

With the rst formulation computing the subtraction before the MLP heads, a
natural alternative is to compute the subtraction after the heads instead, giving

rez" (s0) = csim(fy, () fw, (So)ifw, (@) fu, (B)

which is illustrated in Figure 4.2.
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Figure 4.2: Flowchart of delta features computation, where the di erence is com-
puted after f{, andfy, ,i.e. rg;M (s) = csim(f{y (st) fiy, (so)ifiy, (@) fiy, (D).

4.2.2 Goal-Baseline Regularization
For goal-baseline regularization, the netuning objectives are still the same as in
FuRL, but with the rewards replaced by goal-baseline regularized cosine similarity
1 .
rVtM(s) =1 Ek proj s+ (1 )s. gk (4.5)
where proj s is the projection ofs; onto L, which is the line spanned by the textual
goal embeddingg and textual baseline embeddingp.

In [7] where they introduced goal-baseline regularization, they perform this regular-
ization by rst producing VLM image embeddingss and text embeddingsg and b,
and then just computing VLM reward as described in (4.5). This thesis requires a
di erent formulation, as f; andf{;, also have to be accounted for.

These heads can be incorporated by simply running the outputs from the VLM
image and text encoders directly intdf vF\J/. or fVF\’,L, and using the result to compute
a goal-baseline regularized similarity

1 .
res™ (s) =1 Sk proj (g, (s)+(@ )y (s)  fiy (@)K

whereL would befw, (9) fw, (D). This computation is illustrated in Figure 4.3.
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Figure 4.3: Flowchart of goal-baseline regularized reward computation, where
the regularization is computed afterfy, and f{ , ie. rfgM(s) = 1

koproj (Ff, (s)+ @ ff(s) i (9K

However, just as the subtraction can be performed before or aftef; and fy, in
delta features, an alternative implementation is to perform the goal-baseline regu-
larization rst, and then pass the result to f\,F\’,I . Since goal-baseline regularization
is essentially a reformulation of the cosine similarity such that the stats; is re-
placed by the weighted sum proj, s; + (1 )st, this weighted sum can instead be
computed in the VLM embedding space, resulting in

1 .
et (s) =1 Skig (projisi+ (1 )s) i (9K

whereL is simply g b The owchart for this reward computation is shown in
Figure 4.4.

Figure 4.4: Flowchart of goal-baseline regularized reward computation, where the
regularization is computed beforé, andf{, ,ie. rg;M (s)=1 2kf{ ( proj s+
1 )s) fi (9K
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4.3 The Directional Reward

The directional reward is computed using the same transferred VLM image and
text encoders | and |, but netunes a new pair of MLP headsf{, andfy, , with
superscriptD because they are used for the directional reward.

This chapter will introduce 5 di erent directional reward functionsrg M ;:::;rytM .
Temporal reward shaping with both positional and directional rewards, i.e.
ry = rtask + I'\F{LM (St)+ r\D/LM (St)

can be illustrated with a owchart, as in Figure 4.5. This gure shows an example
process of going from image/text inputs to directional and positional rewards for
RL policy training, using rjs™ and standard FURL positional reward.

Figure 4.5: Example computational owchart of temporal VLM reward shaping,
including both positional and directional rewards, withr ™ and original FURL
positional reward. Frozen VLM encoders take image and text inputs, and produces
embeddingss;, s; , band g. These are fed into positional and directional MLP
headsfy, , f\; , fiy, and f{ that will be netuned. Positional and directional
rewards are then summed and sent to the RL algorithm along with the sparse task
reward to train the policy v.um .

The directional reward inputs are similar to the positional reward inputs in that they
both compute the cosine similarity between a visual and textual component. The
di erence is that the visual component in the directional reward will incorporate
adaptive temporal information, as will be explained in Section 4.3.2. The textual
component of the directional reward iy b as in delta features, although with a
di erent interpretation, which will be explained in Section 4.3.1.
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4.3.1 The Textual Component

In delta features, g b can be interpreted as the information in the baseline de-
scription (b, describing the task as unsolved) subtracted from the goal description
(g, describing the task as solved). This should create a goal embedding of higher
quality, because the irrelevant information present in both the baseline and the goal
should be removed, so that only the di erence between them remains.

To elaborate, the door-open Metaworld environment can be taken as an example,
where the goal and baseline descriptions could be

lg = "open a door", and
l, = "closed door"

In the positional interpretation, the subtraction of b from g will remove information
present in both textual embeddings, such as the fact that there is a door. Regardless
of whether the agent nds itself in a state where the task is unsolved or solved, we
would always expect this information to be present in the environment, so it's not
relevant for solving the task. Instead, the critical information is whether the door
is opened or closed, which should still be present after subtraction.

Similarly, the subtraction of sy from s; will remove irrelevant visual information,
such as the table in front of the agent, or other properties of the environment that
remain the same whether the task is solved or not. For delta features, computing
the similarity between the textual and visual components will therefore constitute
a comparison of only the most relevant information in each of them, which should
make it easier for the model to recognize the more critical elements.

This interpretation of g bis essentially a new goal embedding, improved by sub-
tracting away irrelevant information. But in the directional reward, g bcan instead
be interpreted as the generally desirable direction, moving from the baseline towards
the goal. The directional reward will therefore be computed as the similarity between
the direction the agent should move ing b, and the direction that was actually
observed, described by the visual component, as de ned in the following subsection.

4.3.2 The Visual Component

The visual component was constructed in ve di erent ways, leading to ve direc-

tional reward functions. Adaptive temporal information is provided through the

input s;. This term contains adaptive temporal information describing the change
St «k ! s, through subtraction. As in previous methods, this di erence can be
computed before or afterf, . However, to make notation more interpretable, this
di erence will be represented as s; = s; S « regardless of when the subtraction
is computed. With this in mind, the rst two directional reward functions are

g™ ( s) = csim(fy (st s w)ifw (9 b); and
rgg (s) = csim(fy (st)  fw, (st «)ifw (@) fw, (D)

The moment where the subtraction is computed in relation tci\',?,I is not explicitly
provided in the input, but is instead implied based on the chosen reward function
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(D1 or D2). Reward computation owcharts for these reward functions can be found
in Figures 4.6 and 4.7.

Figure 4.6: Flowchart of directional reward computation, using only directional
input, where the dierence is computed beford g and fy , i.e. ry"( s) =

csimfy, (st st «)ifw (9 D)

Figure 4.7: Flowchart of directional reward computation, using only directional
input, where the dierence is computed afterfy;, and fy , i.e. rg;"( s) =

csim(fy, (s) W, (s w):fR (@ f& (D)

A potential problem with these functions is that only the direction s; is provided,
while the directional reward is likely also dependent on the current state/position
of the environment and the agent. To explain, imagine that the environment is a
simple 2D plane, where the task is for the agent to move to a speci ¢ point on the
plane, and the observationss; or s; are potential agent positions. This example
is illustrated in Figure 4.8, showing that the optimal direction issq s; in s;, and
Sy Sj in's;, wheresy is the goal state.
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Figure 4.8: Simple 2D environment demonstrating that the optimal direction de-
pends on the current position.

As can be seen in this example, the optimal direction is dependent on the current
position s;=5, which is why a third de nition for the visual component can be
St st, where the operator is concatenation, so that both the position and
direction is taken into consideration when computing the directional reward. With
this concatenated input, the third directional reward function becomes

st (s s) = csimf (s s)if& (g b)

which is shown in Figure 4.9.

Figure 4.9: Flowchart of directional reward computation, using concatenated
states with positions;, i.e. rgs™ (s;; s;) = csim(fy, (st s);fw (@ b)

The fourth directional reward function replaces the positional hal§; of the concate-
nation with delta features, resulting in

o™ (s s = csimfy (s so)  s):ifw, (@ D)

which is shown in Figure 4.10.
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Figure 4.10: Flowchart of directional reward computation, using concatenated
states with positions; so, i.e. rf;M (s;; st) = csim(fy (st so)  s):fw, (9 )

The nal directional reward function replacess; with a goal-baseline regularized
state,

res” (s s = csim(fy, (( projis+(1 )s)  s)ifw (9 D)

which is shown in Figure 4.11.

Figure 4.11: Flowchart of directional reward computation, using concatenated
states with position proj, s+ (1 )s, i.e. rgg™ (si; st) = csim(fy, (( proj s+
€ s s)fe. (@ b).

For concatenated inputs, there is not a formulation for which the directional em-
bedding is computed afterf V'?,l . This is because otherwise, both the positional and
directional input would have to be run throughf{, , which would mean thatfy,
would have to learn how to di erentiate positional and directional embeddings. Or
alternatively, an additional MLP head could be created for the positional input, but
this would likely just increase the complexity of the model unnecessarily. Computing
the subtraction and concatenation before running it througrf\,'?,I would be better,
since thenf\,'?,I can easily be trained to award/penalize good/bad directions, and is
given direct access to all of the information that it needs to do so.

For each of these versions of the visual components; and the positional input are
both normalized separately before being concatenated and passed‘\ﬁbl. This is
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necessary for the netuning, partly because of the speci c loss that is used to train
it (as will be explained in Section 4.3.3), but also to avoid creating a magnitude
bias, by ensuring that the position and direction are weighted equally.

4.3.3 Finetuning the directional reward

The construction of the inputs tof\,?,L and fv?,l is important to ensure that they
have access to the information necessary for producing a valuable directional reward.
However, as these heads are not pretrained, a netuning algorithm is necessary to
ensure that they actually use this information.

But the desired behavior of the directional reward is not the same as the desired
behavior of the positional reward. More speci cally, for the positional reward, the
best outcome would be for the reward to constantly increase along positive trajec-
tories, since it is better for the agent to be positioned closer to the goal stasg.
Trajectories are made up of positions, so it makes sense for the positional reward to
be dependent on the location of the position in the trajectory, as speci ed by the
L pos pos l0ss in the FURL algorithm.

But the directional reward should not be dependent on the corresponding position's
location in a trajectory. Taking an optimal positive trajectory as an example, the
directional reward should be maximal so long as the agent retraces the optimal
trajectory exactly. In other words, the size of the directional reward should not be
relative to the corresponding state's progression towards solving the task. Instead,
for every position, the directional reward should simply be positive in the directions
leading to sy, and negative in the directions that it lead away from it.

Since directional rewards model something fundamentally di erent from positional
rewards, that means a new netuning objective is necessary for the directional re-
ward functions. However, the FURL netuning algorithm can still be used as in-
spiration, particularly how it performs the netuning in two stages, determined by
whether it has access to positive trajectories.

43.3.1 Stage 1l

The rst stage is the time before any positive trajectories have been collected, so
the netuning algorithm only has access to negative trajectories. Given that the
directions in the negative trajectories lead to failure, we can use these directions
as negative training examples in the netuning. In other words, the reward for
these training examples should be minimized, so that the agent is discouraged from
moving in those directions in the future.

However, if the netuning algorithm only has access to directions for which the
reward should minimized, then the directional reward function will simply produce
the minimum possible reward each time, regardless of the input. Positive training
examples are therefore also necessary to address this issue. In the rst stage of
the FURL algorithm, the state for which the reward is maximized/minimized is
determined by its ", distance to the goal state,s;,. This works for the positional
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reward, because the reward should generally be larger for positions that are closer to
the goal. Given thatsy is already used by the positional netuning algorithm, we can
also use this to de ne preferred directions for the directional netuning algorithm,
pointing from s; towards sg.

In summary, the rst stage minimizes the reward for directions s{=s{ s{ , and
maximizes it for directions " s'=s, s'. Something that should be addressed here is
that the magnitude of s! will likely be far smaller than the magnitude of’\st”. This

is a problem, as the directional networks might simply learn to give high rewards
to directional vectors with larger magnitudes. But as mentioned previously in the
nal paragraph of Section 4.3.2, this can be addressed by rede ning the directional
reward function such that s; is always normalized. Figure 4.12 illustrates the
directional netuning in the rst stage.

Figure 4.12: Supervised netuning loss for the directional reward function when
the algorithm only has access to negative trajectories. Directional reward is maxi-
mized for the direction s pointing towards the goal statesy, and minimized for
the direction s actually observed in the negative trajectory.

From this, a netuning objective can be de ned for each directional reward laid out
in Section 3.2.2. When the only input tory'"M is s, this objective is

Lieg = rox" () o™ ("sD)

neg

where X is either 1 or 2, or
Lﬁeg = 1ok (st st) ot (s AS?)

where X is 3, 4 or 5. Minimizing this objective will lead to a higher reward in the
direction of the goal state, and a lower reward in the direction taken in the negative
trajectory.
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The good thing about using concatenated inputs is that the netuning algorithm is
given both negative and positive training examples in the exact same position. So
if the agent ever nds itself in the same position again, then the directional reward
should know which direction works and which direction does not work, given the
current position.

4.3.3.2 Stage 2

With positive trajectories, an additional term LpDos can be added to the netuning
objective, using positive trajectory samples. In the second stage, the netuning
therefore minimizesL®=Lp, +L . The preferred direction with positive samples
is the direction actually taken in the trajectory, i.e. sf=s! s ,. And the non-
preferred direction can simply be the opposite direction, sf=s} , s{. With these
directions, L 3, is complemented by

Lo0= T () 1" ( D)
when X is 1 or 2, and

— (VLM

D VLM
Lpos - rDX

(st; s)  roxt (st )

when X is 3, 4 or 5. This additional term will maximize the reward in the direction
taken in the positive trajectory, and minimize the reward in the opposite direction (at
the same position if the concatenated input is used). This optimization is illustrated
in Figure 4.13.

Figure 4.13: Additional loss for the directional reward function when the algorithm
also has access to positive trajectories. Directional reward is maximized for direction
s observed in the positive trajectory, and minimized in the opposite direction s}.
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Results

The results in this chapter were compiled for the purpose of answering the research
guestions posed in the beginning of this thesis:

1. How is temporal information de ned, and how can it be represented for e cient
reward shaping in a sparse reward RL context?

2. How can a VLM reward function be modeled such that it takes advantage of
temporal inputs, and what should its training procedure look like?

3. How can the performance of these new VLM RL methods be evaluated?
4. Given this evaluation, how do the new methods compare to existing methods?

The evaluation was performed on 6 di erent manipulation tasks from the Metaworld
benchmark [15], shown in Figure 5.1 below. These tasks have xed and random goal
versions. In the xed goal versions, the initial positions of all objects in the envi-
ronment is the same whenever the environment is reset, while they are randomized
for the random goal versions. In this thesis, the xed goal versions were chosen for
evaluation, to reduce randomness and make training faster.

Figure 5.1: Tasks from the Metaworld benchmark, chosen based on di culty such
that they were not too easy nor too di cult for the agent to learn.
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The tasks chosen were:

drawer-open open a drawer by pulling it out.

door-open open a door with a revolving joint.

window-open open a sliding window.

window-close close a sliding window.

push push a puck on top of the table to a goal position.

button-press-topdown  push a red button from the top.

For RL, the states § will be read directly from the environment, describing the
positions of the agent and the objects in the environment. In each environment step
t, an action & is sampled from the Soft Actor-Critic (SAC) agent v given the
current state &, and is used to take a step in the environment, resulting i&.; . Then

a new imageo,.; is rendered of the environment which is used to produce the image
embeddings;+1 = (0+1) using the VLM image encoder . This embedding is
then used with the goal text embeddingy = ( (l4) produced by the text encoder |,
potentially along with other image and text embeddings, to compute the positional
and directional rewards.

Once each episode terminates, they are labeled either positive or negative and then
inserted into the replay bu er from where they can later be sampled to train the RL
model and netune the reward function(s). This training occurs at set time intervals,
taking a single step in both the RL optimization and the supervised netuning of
the reward function(s).

5.1 Evaluation Metrics

In Figure 5.2, the running average success rate for standard FURL with=0:05 is
plotted along with the Time To First Success (TTFS) metric, which corresponds

to the length of the rst stage. From this gure, it is clear that the randomness

in the rst stage is problematic, as TTFS is a dominant factor for success rate
convergence. One run fails to achieve even a single success, staying at 0% for the
entire 1,000 episode duration.

With this randomness, it becomes di cult to evaluate the performance in the second
stage, as the success rate at any speci ¢ point is almost entirely determined by when
the rst success was achieved. For this reason, the evaluation of each stage was
performed separately. For the evaluation of the rst stage, two metrics were used:
Time To First Success (TTFS) and Time To 50 Successes (TT50S).
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Figure 5.2: Blue lines show the running average success rate over 150 episodes
training the original FURL algorithm with  =0:05 (following the FURL con gura-

tion [8]), for 4 runs in the door-open environment. Grey lines correspond to the
moment the rst success is achieved, i.e. Time To First Success (TTFS).

Let z 2 f 0; 1g indicate the success in episode Then TTFS is
TTFS =minfijz =1g

and TT50S is _
XI
TT50S = min i z; =50
j=1
Something that these metrics do not account for is when no success is ever achieved,
or when there are less than 50 successes in the TT50S case. In these scenarios,
TTFS and TT50S are simply evaluated to be 1,000 episodes, since that is the time

horizon for each run.

To evaluate the rewards in the second stage, the rst stage was skipped by preloading
50 positive trajectories into the replay bu er before the training even began. The
reason for choosing 50 positive trajectories rather than just 1 is that some trajectories
are more likely to be useful for learning the task than others. Taking the door-open
task as an example, if the robot arm spins around in a circle rst before opening
the door, then the corresponding positive trajectory would not be as useful as a
trajectory where the arm simply reaches towards the door and opens it right away.

If the one successful trajectory happens to be of the former sort, then the agent will
start o by having to explore more until it collects a successful trajectory of higher
guality. To ensure that the algorithm has access to higher-quality trajectories from
the beginning, the replay bu er is therefore preloaded with more than 1 successful
trajectory, in this case 50. This preloading of 50 positive trajectories is also the
reason why the rst stage evaluation includes TT50S, to assess the performance up
to the point where the second stage evaluation would begin.

With this setup, the second stage was evaluated using the running average success
rate over a window sizev (number of episodes), with a time step budgetdetermined
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by task di culty. The motivation for using a variable time step budget is that with

this evaluation setup, the success rate almost always managed to converge to 100%
in the 1,000 episode time frame, regardless of which reward shaping method was
used. For this reason it would be better to evaluate the success rate at an earlier
time step e, which is then determined by the di culty of the given task, since the

di culty determines the convergence rate.

To evaluate the second stage, the Running Average Success (RAS) metric was de-
veloped, formally
1 e
RAS(e;w) = — Z;
i=e w+l
For all second stage evaluation in this thesis, the window size was= 150, and the
time step budget for each task can be found in Table 5.1.

Table 5.1: Episode budget for second stage RAS evaluation, for each Metaworld
task used in evaluation. Budget was determined by task di culty.

Task Budget e
drawer-open 300
door-open 400
window-open 200
window-close 200

push 1,000
button-press-topdown | 400

To gain an idea of task di culty, please refer to Figure 5.3, which shows the optimal
policy in the door-open environment.

Figure 5.3: Optimal policy for the door-open task. (a) initial positions, door is
closed; (b) agent has grasped the handle and is opening the door; (c) door is opening,
task success imminent; (d) door is open, task success.
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5.2 The First Stage

RAS was chosen as the main metric to evaluate the methods, so the rst stage was
only evaluated for the positional and directional rewards that achieved the best RAS
score. The chosen reward functions werg M (delta features, di erence computed
after MLP heads),ry+™ (goal-baseline regularization performed after MLP heads),
andrgM (concatenated input with positions;). The evaluation was performed with

=0:05, following the optimal con guration found in the FURL paper [8], and =80
for rgsM, as this resulted in optimal RAS. The positional reward when evaluating
rgsM was standard FURL. For a baseline comparison, FURL with=0:05 was also
included. The results with this setup can be found in Table 5.2. TT50S performance
with the same con guration can then be found in Table 5.3. These results again
demonstrate that there is a lot of randomness in the amount of time spent in initial
exploration, before the rst success is achieved.

Table 5.2: Time To First Success (TTFS) for 4 di erent shaping rewards. Evalu-
ated by mean TTFS over 4 runs (4 di erent seeds) for each task/reward pair, and
standard deviation. Then the average over all task means is displayed in the bottom
row. Con guration: =0:05 (following FURL paper [8]), and =80 for directional
rewards. Best performance is illustrated by bold font. Grey background indicates
baseline comparison; white background indicates contribution made by this thesis.

Task FURL rya™ rpsM FURL + ryiM
drawer-open 379 214 | 389 353| 205 57 | 271 29
door-open 420 335| 591 286 | 478 245| 556 324
window-open 171 129|178 75 | 395 350| 335 77
window-close 214 23 | 592 408 | 238 58 | 484 317
push 349 172 | 285 101 | 189 95 | 284 103
button-press-topdown || 559 268 | 626 376 | 399 75 | 856 249
Average 349 444 317 464

Table 5.3: TT50S with the same con guration as in Table 5.2. Best performance
is illustrated by bold font. Grey background indicates baseline comparison; white
background indicates contribution made by this thesis.

Task FuRL M rya™ FURL + rytM
drawer-open 710 275 | 570 255|439 34 | 732 205
door-open 608 238 | 766 241 | 665 197 | 691 245
window-open 375 102 | 405 192|538 271 | 591 110
window-close 520 138 | 655 349 | 456 201 | 704 200
push 880 208 | 931 119 | 1000 O 765 183
button-press-topdown || 709 220 | 759 259 | 620 36 | 986 24
Average 634 681 620 745
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5.3 The Second Stage

The new rewards were evaluated mainly by their performance in the second stage,
with 50 preloaded positive trajectories. The metric used was RAS, as de ned in

Section 5.1. Baselines included were standard Soft Actor-Critic (SAC, no reward

shaping), and the original FURL reward with no temporal information.

5.3.1 The Positional Reward

The positional rewards were evaluated with =0:05, and compared to two baseline
methods: FURL baseline (also with =0:05), and standard SAC (no reward shaping).
The running average success rate can be examined for a qualitative analysis in
Figure 5.4, in the door-open environment.

Figure 5.4. Running average success rate and standard deviation over 150 training
episodes for di erent positional rewards in the door-open environment. For goal-
baseline regularization, =0:4.

For a more quantitative analysis, Table 5.4 contains RAS scores for all positional
rewards and all tasks.

Table 5.4: Average Running Average Success (RAS) scores (in %) over 4 runs (4
di erent seeds) for each reward/task pair, using the second stage evaluation setup
(50 preloaded positive trajectories). Con gured with =0:05, following [8]. For goal-
baseline regularization, =0:4. Best performance is illustrated by bold font. Grey
background indicates baseline comparison; white background indicates contribution
made by this thesis.

Task SAC | FURL | rgfM | ryIM | rgiM |y Y IM
drawer-open 53:5 | 417 52:2 52:0 417 41:5
door-open 352 | 415 | 550 657 66:5 | 630
window-open 397 | 477 467 51:8 | 462 50:8
window-close 328 | 245 233 42:2 42:8 | 195
push 280 | 350 36:3 267 282 335
button-press-topdown || 56:2 | 76.8 68:2 777 68.8 738
Average 409 | 445 469 52:7 49.0 470
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5.3.1.1 Positional Baseline

One central question in the new positional rewards is how to choose the baseline,
and what e ect the baseline has on performance (if any). In this thesis, two types
of baselines were evaluated.

The rst was a general baseline that is applicable in all tasks, which was simply
"robot arm beside table,” since this describes the non-task-speci ¢ elements of the
environment for all 6 tasks. This was the baseline used to produce the results seen
previously in Figure 5.4 and Table 5.4.

The second type of baseline was inspired by the baselines used in the delta features
paper [6]. In this paper, they de ne the baseline as the task when unsolved. For
instance, if the task was to "open microwave," then the baseline might be "closed
microwave." The baselines of the second type were therefore tailored to the specic
task in question, such as "closed drawer" for the open-drawer task. The performance
of this type of baseline, i.e. a baseline tailored for the speci c task, can be seen in
Figure 5.5 and Table 5.5.

Figure 5.5: Same setup as in Figure 5.4, but with a textual baseline that is tailored
to the given task, e.g. "closed door"” for the door-open task.

Table 5.5: Average RAS scores (in %), with the same setup and con guration as in
Table 5.4, but with a textual baseline that is tailored to the given task, e.g. "closed

door" for the door-open task. Best performance is illustrated by bold font. Grey

background indicates baseline comparison; white background indicates contribution
made by this thesis.

Task SAC | FURL | rgfM | ryIM | rgiM |y Y IM
drawer-open 53:5 | 417 51:3 327 34.0 41:3
door-open 352 | 415 | 64:3 | 485 44:2 430
window-open 397 | 477 46.0 478 53:8 | 483
window-close 328 | 245 312 34:7 333 26:2
push 280 | 35:0 | 235 317 297 35:0
button-press-topdown || 56:2 | 76:8 | 70:8 755 567 617
Average 409 | 445 479 451 41:9 42:6
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5.3.1.2 Tuning Positional Reward Size

In the upcoming evaluation of the directional rewards, the parameter was tuned
to optimize the RAS score. To make the comparison to FURL more fair, the
parameter was also tuned with RAS for the FURL baseline. The results from tuning

for optimal RAS can be found in Table 5.6. These results deviate from the FURL
paper [8], which found =0:05to be optimal.

Table 5.6: Average RAS scores (in %), with the same setup and con guration as
in Table 5.4, for original FURL with varying . Best performance is illustrated by
bold font.

Task =0:05 =0:25 =10 =20 =40
drawer-open 41:7 60:0 56:2 553 535
door-open 415 60:2 830 850 877
window-open 477 55:5 54:8 543 49:2
window-close 245 490 42:7 523 52:5
push 350 437 56:5 488 40:3
button-press-topdown || 76:8 833 89:3 86:3 888
Average 445 58.6 63:8 63.7 62:0

This discrepancy could potentially come from the fact that only the second stage
was evaluated to tune in this thesis. With preloaded positive trajectories, more
data is available for netuning, making the reward function more accurate, which
could mean that the agent can handle a larger VLM reward. Another potential cause
could be that xed goals were used in this thesis, while the FURL paper [8] tuned
with random goal tasks. The increased randomness from random goals could have
contributed to instability in the VLM reward, making the optimal  lower.

These results also indicate that the optimal VLM reward size may be task-dependent,

as a very high positional reward seems to be best for e.g. door-open, while a much
smaller value is better for e.g. drawer-open. For a more qualitative analysis, the run-
ning average success rate for each of these tasks can be seen in Figures 5.6 and 5.7,
which demonstrate a clear task-dependency in the optimal VLM reward size.

Figure 5.6: Running average success rate for original FURL positional reward over
4 runs, with standard deviation, for the door-open task, with varying .
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Figure 5.7: Running average success rate for original FURL positional reward over
4 runs, with standard deviation, for the drawer-open task, with varying .

5.3.2 The Directional Reward

Out of rgt™ and r™, only rgiM was evaluated. This was because the optimal
con guration for both delta features and goal-baseline regularization in positional
rewards included computing the subtraction or regularization after the MLP heads,
which also applies tor 2™ but not ry" .

Again following the con guration used in the FURL paper [8], the directional re-
wards were evaluated with =0:05, where the positional reward was standard FURL
(no temporal information). The RAS scores foryi™ can be found in Table 5.7.
Relatively high values were necessary to compensate for the low

Table 5.7: Average RAS scores (in %) forjyt™ with =0:05and varying over

4 runs (4 di erent seeds) per reward/task pair. Best performance is illustrated by
bold font. SAC (no reward shaping) and FURL with optimal =1:0 were included
for comparison. Grey background indicates baseline comparison; white background
indicates contribution made by this thesis.

Task SAC | FuRL =30 =80 =150
drawer-open 535 | 562 300 51:0 62:7
door-open 352 | 830 90:3 84:2 807
window-open 397 | 548 68:5 655 61.0
window-close 328 | 427 59:3 58:8 54:8
push 280 | 56:5 | 392 49:7 193
button-press-topdown || 56:2 | 89:3 | 80:2 457 55.8
Average 409 | 63:8 | 612 591 557

This shows that while the directional reward computed only with the direction is
better than using no reward shaping, positional shaping still achieves a better RAS
score. However, it should be noted that drawer-open is a major outlier in this case.
The running average success rate for drawer-open can be seen in Figure 5.8, which
can be compared to the door-open success rate in Figure 5.9.
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Figure 5.8: Running average success rate fof;" over 4 runs (4 di erent seeds)
for the drawer-open task, with =0:05 and varying . Baselines SAC (no reward
shaping) and FURL with optimal =1:0 were also included.

Figure 5.9: Running average success rate fops" over 4 runs (4 di erent seeds)
for the door-open task, with =0:05 and varying . Baselines SAC (no reward
shaping) and FURL with optimal =1:0 were also included.

As can be seen in Figure 5.8,=30 in drawer-open is a signi cant outlier, as some

of the runs achieve similar performance to other, while others fail completely, and
the same pattern is not observed for the other. However, it is curious that VLM
reward shaping actually does not seem to be bene cial in drawer-open in general, as
SAC achieves essentially the same performance as even the optimal FURL. Figure 5.9
is more aligned with the expected behavior, as SAC performs the worst, then FURL,
and then nally using both FURL and the r¥i™ directional reward is the most

e cient. This again suggests a task-dependency in the e ectiveness of VLM reward
shaping.

Figure 5.9 also shows that higher tend to experience faster convergence, but are
more unstable once convergence is reached. This makes sense, because a higher
means that the the agent will focus more on maximizing the noisy,"™ , and risk
ignoring rask,

Moving onto directional rewards computed with both direction and position, the
results with position s, (i.e. ryt") can be found in Table 5.8.
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Table 5.8: Average RAS scores (in %) for M with =0:05and dierent over

4 runs (4 di erent seeds) per reward/task pair. Best performance is illustrated by
bold font. SAC (no reward shaping) and FURL with optimal =1:0 were included
for comparison. Grey background indicates baseline comparison; white background
indicates contribution made by this thesis.

Task SAC | FuRL =30 =80 =150
drawer-open 535 | 562 97:8 87.0 885
door-open 352 | 830 93.2 96:2 818
window-open 397 | 548 76.0 730 775
window-close 328 | 427 777 76:2 653
push 280 | 56:5 | 435 46:7 51.2
button-press-topdown || 56:2 | 89:3 76:5 90:3 782
Average 409 | 638 774 78:2 738

Here a clear improvement can be seen over both FURL am§;™ . And when the
position is included in the directional reward computation, the previous pattern

of poor performance in drawer-open is no longer observed, as can be seen in Fig-
ure 5.10. This suggests that drawer-open is not appropriate for positional shaping,
but may be more appropriate for directional shaping. This suggests that it is not
only VLM reward shaping in general that is task-dependent, but that the e ective-
ness of positional vs. directional shaping is also task-dependent.

Figure 5.10: Running average success rate fo™ over 4 runs (4 di erent seeds)
for the drawer-open task, with =0:05 and varying . Baselines SAC (no reward
shaping) and FURL with optimal =1:0 were also included.

The task-dependency of positional vs. directional shaping is further demonstrated
by Figure 5.11, where the success rate for the button-press-topdown task is plotted.
For this task, positional shaping with FURL beats SAC, but the di erence between
positional and directional shaping is not as pronounced as in Figure 5.10.
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Figure 5.11: Running average success rate fo™ over 4 runs (4 di erent seeds)
for the button-press-topdown task, with =0:05 and varying . Baselines SAC (no
reward shaping) and FURL with optimal =1:0 were also included.

The position s; in the concatenation can be replaced byt sp or proj si+(1  )s;
for rgs™ and rgiM . The RAS scores forjt™ can be seen in Table 5.9, and the
RAS scores forjs™ can be seen in Table 5.10.

Table 5.9: Average RAS scores (in %) forjs with =0:05and dierent s over

4 runs (4 di erent seeds) per reward/task pair. Best performance is illustrated by
bold font. SAC (no reward shaping) and FURL with optimal =1:0 were included
for comparison. Grey background indicates baseline comparison; white background
indicates contribution made by this thesis.

Task SAC | FuRL =30 =80 =150
drawer-open 535 | 562 89.7 825 757
door-open 352 | 830 825 887 827
window-open 397 | 548 82:5 813 745
window-close 328 | 427 78:7 70:7 77
push 280 | 56:5 51.2 445 44.0
button-press-topdown || 56:2 | 89:3 | 76.0 85.5 84.:8
Average 409 | 638 76:8 755 732
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Table 5.10: Average RAS scores (in %) forgsM with =0:05and di erent s over
4 runs (4 di erent seeds) per reward/task pair. Best performance is illustrated by
bold font. For goal-baseline regularization, =0:4. SAC (no reward shaping) and
FuRL with optimal =1:0were included for comparison. Grey background indicates
baseline comparison; white background indicates contribution made by this thesis.

Task SAC | FuRL =30 =80 =150
drawer-open 535 | 562 87.0 7 878
door-open 352 | 830 95:2 90:8 84:2
window-open 397 | 548 76:8 75.0 755
window-close 328 | 427 75.0 80:2 790
push 28,0 | 565 43.2 61:2 44:8
button-press-topdown || 56:2 | 89:3 94:0 84:3 722
Average 409 | 638 78:5 782 739

Again, directional shaping consistently outperforms positional shaping, with a goal-
baseline regularized position beating FURL with optimal =1:0 in every single task.
Goal-baseline regularization achieves a better RAS score than when the position is
St, but it is not signi cantly better, so it is likely better to just go with s; to avoid
the extra computation.

5.3.2.1 Directional Baseline

As with the positional reward, the e ect of the baseline on the directional reward
can be investigated. Again, two baselines were compared, but only for= 80 for
each algorithm. Only a single was evaluated because the e ect of the baseline
should be the same regardless of the size of the directional reward. The results of
using a generic versus tailored baseline can be seen in Table 5.11. No clear pattern
can be seen for these results, which suggests that the baseline is less important for
the directional reward.
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Table 5.11: Average RAS scores (in %) for M, rg/M and rgiM with =0:05
and =80 over 4 runs (4 dierent seeds) per reward/task pair. Baseline is either
generichy or tailored by. Previous results in Section 5.3.2 used baselite Best
performance (for the same reward function but di erent baseline) is illustrated by
bold font. SAC (no reward shaping) and FURL with optimal =1:0 were included
for comparison. Grey background indicates baseline comparison; white background
indicates contribution made by this thesis.

Task g oy [ b [ e by [ on gy [ gt
drawer-open 89:1% 87.0 74:8% 82:5 89:0% 777
door-open 94:2% 96:2 91:7% 887 82:7% 90:8
window-open 78:2% 730 74:2% 81:3 75:8% 75.0
window-close 71:8% 76:2 77:2% 70:7 75:8% 80:2
push 60:3% 467 48:7% 44:5 54:2% 61:2
button-press-topdown || 81:3% 90:3 86:2% 855 83.7% 84:3
Average 79:2% 782 75:.4% 755 76:9% 78:2

Choosing a generic or tailored baseline does not have much of an e ect, but the
greatest performance so far can be seen withs™ and a generic baseling,.

5.3.3 Combining Positional and Directional Rewards

Table 5.12: Average RAS scores (in %) for xed directionalyiM reward magni-
tude ( =4:0) and varying positional reward magnitude over 4 runs (4 di erent
seeds) per reward/task pair. Baseline used is geneliz Best performance is illus-
trated by bold font. SAC (no reward shaping) and FURL with optimal =1:0 were
included for comparison. Grey background indicates baseline comparison; white
background indicates contribution made by this thesis.

Task SAC | FuRL | w/o rgt™ =0:05| =1:0| =200
drawer-open 535 | 562 7 891 918 837
door-open 352 | 830 96.0 94:2 96:2 95.0
window-open 397 | 548 81:2 782 745 787
window-close 328 | 427 76:5 718 78:5 762
push 280 | 565 51:3 60:3 54:2 480
button-press-topdown || 56:2 | 89:3 | 857 813 847 86:2
Average 409 | 638 781 792 80:0 779

The previous evaluation of the directional rewards included a very small positional
reward. But with =0:05and values 30, 80 and 150, it likely does not have a
big e ect on performance, since the size of the positional reward is much smaller
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than the directional reward. Table 5.12 shows RAS scores for xed directional
rgsM reward magnitude =0:05 80=4:0 but with varying positional reward
magnitude (standard FURL). Evaluated con gurations were( =0:05, =80:0) with-
out ryt™M ' ( =0:05; =80:0) with ry"™ (from previous results),( =1:0; =4:0) and

( =2:0; =2:0).

These results show that optimal performance using only directional rewards (no po-
sitional signal) is far better than optimal performance using only positional rewards

(FURL vs. w/o rg*™). However, adding a small positional reward alongside the
larger directional reward ( =1:0; =4) gives a small uptick in RAS of 1.9 percentage

points to 80.0%, which is the best score achieved by any method this thesis.

5.3.4 Reward Curve Shapes

Once the positional and directional heads have been trained such that the success
rate has converged, the shape of the reward curve along a trajectory can be ex-
amined. The positional and directional rewards along a positive trajectory (blue)
and a negative trajectory (orange) from the door-open environment can be seen in
Figure 5.12.

Figure 5.12: Positive (blue) and negative (orange) trajectory reward curves, for
original FURL positional reward and rytM directional reward, with =0:05 and

=80:0. Numerical markers indicate events in positive trajectory, alphabetical
markers in negative trajectory. (1) handle is grasped and door begins opening;
(2) brief struggle (re ected in directional signal); (3) success; (4) slight backward
shift; (a) agent reaches for and touches the handle, but then leaves and never re-
turns.

The positional reward is monotone (strictly increasing) in the positive trajectory,

which is desired. The directional reward behaves like an indicator function, pro-
ducing only the maximum and minimum possible reward. This behavior can be
interpreted as a yes/no signal of whether the observed change is bene cial. From
the markers in Figure 5.12, the positional reward is useful as a global indicator of
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progress, while the directional reward is useful for assessing local change, in speci c
moments in time. Non-bene cial change in the otherwise positive trajectory is re-
ected by a negative directional reward, while such changes are harder to interpret
using only the positional reward signal, as they lead to a plateau at best, and no
change at worst.

41



6

Conclusion

To conclude this thesis, the results from Chapter 5 will be used to provide an to
answer the research questions posed in Section 3.2, and potential directions for future
research will be suggested.

This chapter will begin with the third and fourth research questions, and then
conclude with the rst and second.

6.1 Reward Evaluation

How can the performance of these new VLM RL methods be evaluated?

The main di culty in evaluating these rewards was how to address the randomness
present in each run. This was partially addressed by assessing the rst and the
second stage separately, so that the randomness present in the rst stage will not
a ect the evaluation of the second stage. One downside of this method is that it
does not measure the e ect that the rst stage has on convergence. This could
be assessed by measuring the convergence time from the start of the second stage,
plotted over TTFS, to see if a longer rst stage makes the convergence faster. If it
does, then that would indicate that the netuning in the rst stage is e ective for

the purpose of solving the task.

For the rst stage evaluation, the results shown in Section 5.2 are not particularly
informative, as the amount of randomness reduces the con dence in the evaluated
performance of the given reward. With a TTFS standard deviation often in the 100's,
only 4 runs per reward and task is not enough for a proper evaluation of reward's
e ect on rst stage exploration. Future research could therefore do a more thorough
investigation into the e ectiveness of temporal methods in rst stage exploration,
for example by simply running it more times for each task and method.

Evaluating the new methods with random goal tasks is also something that should
be explored in the future. This will make the convergence slower, but the success
rate does not need to converge to near 100% for the method to be properly evaluated.
And if the goal is not xed, then a speci c iteration of the model parameters can be
evaluated with multiple episodes, as initial positions will be randomized when the
environment is reset. This would be a more interpretable evaluation than a running
average success rate metric like RAS.
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Additionally, since the success rate converges to near 100% for every algorithm, it
becomes di cult to estimate what the algorithm is capable ofrather than how fast

it can do it. By making the environment more complex, such as by making the goal
variable rather than xed, it could be that it actually becomes impossible for some
of the methods to consistently solve the task.

For instance, it could be that directional rewards speed up the learning in simple
tasks, because the directional reward can be used to easily retrace previous trajec-
tories. But if the environment is more complex, for example if some vital part of the
state is obscured in the image observations, then simply retracing previous (image
embedding) trajectories would not work unless the agent utilizes some other method
to make inferences about the hidden state. However, this is a general problem with
all temporally local rewards (i.e. evaluated at a specic moment in time), so it
would a problem for positional shaping as well.

Finally, the evaluation can also be complemented with more qualitative methods,
such as an evaluation of how the reward curves are shaped over time. With a dataset
of positive trajectories, the rewards for each of their states can be computed at set
intervals as the reward functions are netuned over time. This would show how fast
the algorithm learns to produce desirable reward curves, and can be used to evaluate
the supervised reward netuning in both stages of the algorithm.

6.2 Reward Performance

Given this evaluation, how do the new methods compare to existing methods?

6.2.1 The First Stage

To evaluate each algorithm in its rst stage, the number of episodes spent in the
rst stage were counted (TTFS), along with how many episodes it took to collect
50 positive trajectories (TT50S). From the results in Section 5.2, using goal-baseline
regularization seems to be slightly better than the rest at exploring and achieving
the rst success, for both of the metrics used.

However, there is quite a lot of randomness in these results, as the standard deviation
for 4 runs is often above 100 episodes for both TTFS and TT50S. With only 4
samples for each task and reward, it is therefore hard to make a determination as
to which reward is better with any degree of con dence. This could be amended by
simply running it more times, but this will be left to future research, as the focus of
this thesis was more on the second stage.

6.2.2 The Second Stage: Positional Rewards

For the positional reward algorithms, the best performance in terms of sample e -
ciency was achieved with delta features, where the subtraction was computed after
fo, and f, (i.e. rg;™). With the same =0:05 r¥;" achieved18.4% higher
RAS over FURL (52.7% vs. 44.5%), and a 28.9% improvement over standard
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SAC with no reward shaping 62.7% vs. 40.9%). Similarly small improvements
were observed for the other xed temporal methods. And for goal-baseline regular-
ization, it again seems to be preferable to feed the embeddings directly irit@I and
fw,_ before performing regularization, as imy;" .

A potential explanation for this pattern is that delta features and goal-baseline regu-
larization are fundamentally destructive operations, in that they remove information
from the inputs, either through subtraction or through projection. By running the
embeddings throughf; and fy; rst, these heads can transform the embeddings
such that only unnecessary information is destroyed. However, it should be noted
that this pattern is not repeated when using a tailored baseline (Section 5.3.1.1).
With a tailored baseline, like "closed door" in the open-door task instead of the
generic "robot arm beside table", the opposite pattern can be observed, whese
and rp4 perform better than their "after heads" counterparts. It is therefore possible
that the previous pattern was observed only by chance.

With a baseline tailored to the speci c task, the RAS scores for delta features show
smaller improvements, and goal-baseline regularization even performed worse than
standard FURL. This suggests that the performance is dependent on the chosen text
baseline. It is curious, however, that these results are not very intuitive. Rather
than performing better when the baseline is de ned speci cally for the given task,
the performance is actually consistently better when the baseline is just a general
description of the environment, ignoring the task-speci c elements.

Since these results are unintuitive, it is possible that the generic baseline is actually
also not optimal, and that there might exist a di erent type of baseline that could
perform even better. But assuming that a generic baseline is better, then something
that could be explored is using a general baseline that is more descriptive than just
"robot arm beside table".

But with all of these results in mind, the conclusion made in this thesis is that xed
temporal information, provided through delta features or goal-baseline regulariza-
tion, has little to no bene t in terms of sample e ciency. However, it is important
to recognize the assumptions that this conclusion is made under.

One assumption is that this behavior would remain the same across all VLMs and
across all pretraining objectives. The VLM used in this thesis is a LIV (Language-
Image Value) VLM [13], which was trained speci cally for the purpose of producing
dense rewards in VLM RL using a language or image goal. In Chapter 4, two
interpretations ofg bwere laid out. The rst was that it represents the information

in the baseline subtracted from the goal, thus creating a goal embedding of higher
guality, and the second was thaty b represented the generally desired direction,
moving from the baseline to the goal. What these interpretations assume, however,
Is that they are valid under the representations learned using LIV. Future research
could therefore examine the e ect that the VLM architecture or pretraining objective
could have on the performance of these methods.
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6.2.3 The Second Stage: Directional Rewards

Instead of making alterations to the positional reward, adding a directional reward
seems to be far more bene cial. Since the directional reward sizewas tuned for
optimal RAS, the positional reward size in the FURL baseline was also tuned,
to make the comparison fair. With the updated FURL baseline, directional shap-
ing outperformed it by 23.0% (78.5% vs. 63.8%) with ryt™ , where the visual
component in cosine similarity is s, concatenated with a goal-baseline regularized
st. Similar performance was observed for the other concatenated inputglf" and
rgsM), but with purely directional input s (r3sM) the RAS score decreased by
4.1% compared to the FURL baseline with optimal (61.2% vs. 63.8%).

However, the performance of $}M is still surprisingly good, especially if the per-
formance in each task is examined more closely. This is surprising because as was
explained in Section 4.3.2 with a simpli ed 2D environment, the optimal direction
should be dependent on the current state/position of the environment. In the ex-
ample 2D environment, the directional reward with only directional input should
only be able to give a kind of "global" directional reward, that is higher whenever
the agent moves in the average direction observed in positive trajectories.

But what this explanation does not account for is that the embeddings produced
by the VLM are far more complex than they would be for a simple 2D navigation
problem (e.g. higher dimensionality). With more complex embeddings, it is possible
that some of the changes/directions observed amnly possible in certain states,
which means that the directional reward function can infer the position from the
given direction. This inference is likely not possible in all states however, so it
would be better if a positional input is provided explicitly through concatenation,
as demonstrated by the performance af{t™ , ry M and rgiM .

For the textual baseline, the pattern observed for the positional rewards where the
performance degrades with a tailored baseline is not seen again, as a generic baseline
is slightly better for ryt™ , while a tailored baseline is slightly better for y™ and

rgs™ . No clear pattern can be discerned from these results, so the conclusion made
in this thesis is that the choice of textual baseline has little to no e ect for directional
rewards.

But these results make it clear that directional shaping is preferable to purely posi-
tional shaping for sample e ciency. A big reason for why this might the case is that

directional rewards directly model the value of the change induced by the action,
which is bene cial because the purpose of RL is to optimize the policy, i.e. the
actions chosen by the agent.
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Figure 6.1: Positional reward opti- Figure 6.2: Directional reward opti-
mization for a positive trajectory. To mization in s;. To evaluate a direc-
determine ry'M (s;), the optimization tion observed ins;, the reward func-
makesry ™M gradually decrease (red ar- tion is trained with positive/negative
rows) for states precedings; in the tra-  (green/red) directions previously ob-
jectory, and gradually increase (green ar- served ins;.

rows) for subsequent states.

The improved performance could also stem from how the positional and directional
reward functions are trained. This di erence is illustrated in Figure 6.1 and Fig-
ure 6.2. For the positional value of;, the netuning algorithm needs to account for
the rewards along the entire trajectory. This makes training slower, because each
step in the positional netuning only tries to make the reward fors; larger relative

to s; . This optimization only takes two states into consideration, but as is shown
in Figure 6.1, the ultimate goal is to make the reward monotone over the entire tra-
jectory. This means that multiple passes are necessary before the positional rewards
have converged across the entire trajectory.

But to determine the value of a direction observed irs;, the directional reward
function only needs directions previously observed ig, as shown in Figure 6.2.
This makes the optimization simpler, because there is no relative reward speci cation
that one direction must be e.g. higher/lower than some other direction, as with
positional rewards. And the directional rewards can converge locally &, since the
optimization only needs directions previously observed ig;, while the positional
netuning needs to account for rewards along entire positive trajectories.

While directional shaping is better than purely positional shaping, it seems like a
combination of the two is preferable to maximize RAS, as demonstrated by the
results in Section 5.3.3. By increasing the positional reward such that1:0 and

=40, the best performance was observed with a RAS score &3.0%, which is a
25.4% improvement over the optimal FURL baseline §0.0% vs. 63.8%), and a
95.6% improvement over SAC with no reward shaping§0.0% vs. 40.9%).

But the contribution of the positional reward is still relatively small in the presence

of a directional signal, as its exclusion only degrades the performance to a RAS score
of 78.1%. This suggests that the information encoded in the positional reward is
almost entirely captured by the directional reward already (or at least, the infor-
mation that is actually useful). Purely directional shaping is therefore preferable to
avoid the extra computation, unless data collection is very expensive.
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6.3 De ning Temporal Information

How is temporal information de ned, and how can it be represented for
e cient reward shaping in a sparse reward RL context?

In this thesis, temporal information was categorized as either xed or adaptive.
Both types describes the progression of the system through time, but xed tem-
poral information can only use inputs that do not change over the course of each
episode. This allows the rewards to model the value of the statg from a new
(xed) perspective, but it is limiting because the reward function cannot account
for how the system iscurrently changing, only how it has changed in relation to
xed points. Adaptive temporal information is less limited because it can use states
relative to s, like s; . This can be used to assess not just the current state of the
system, but also the current change.

The utility of the current change in the context of RL can be explained if viewed
through the lens of the agent's actions. In any given state, the agent has a wide
range of actions that it can choose from, each inducing some change in the system,
resulting in a new state. From this perspective, the new state @ownstreamfrom

the change. In practice, modeling the value of the change should therefore be better
than the value of the state, as it would provide a more direct action-consequence
feedback to the agent.

This interpretation explains the results seen in Chapter 5. Directional reward func-
tions receive adaptive temporal information, which means that they can model the
value of the change directly. In doing so, directional shaping outperforms positional
shaping, since the positional reward functions can only observe xed temporal in-
formation. This also explains the relatively small improvements observed when
incorporating xed temporal information, since all positional rewards (new meth-
ods and FuRL baseline) model the value of the downstream state rather than the
value of the change.

But the upside is that it is not a choice between using either xedor adaptive
temporal information, as they are each implemented separately in the positional
and directional reward functions. This means that if a signi cant improvement can
be found for how xed temporal information can be incorporated into positional
rewards, then that improvement can be used in combination with an additional
directional reward, getting the best of both worlds.

For exploiting adaptive temporal information, a potential improvement could be to
take more states into consideration than juss, and s; . This would be especially
helpful for more complex tasks, where the agent needs to perform a speci ¢ sequence
of actions one after the other. For this, temporal information could be encoded with

a short-horizon sequence encoder, like a Transformer.

Finally, as explained in Section 6.2.2, using di erent baselines, VLM architectures,
and pretraining objectives can be evaluated to determine whether they would be
better suited for exploiting either xed and adaptive temporal information.
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6.4 Reward Curves and Finetuning

How can a VLM reward function be modeled such that it takes advantage of
temporal inputs, and what should its training procedure look like?

In Section 5.3.1.2, the directional reward appears to behave as an indicator function.
A possible interpretation of this is thatry™ (s,) is a signal of whether the observed
change ats; is bene cial or not in the eyes of the directional reward function. This
stands in contrast to the positional reward function, which produces values between
its minimum and maximum.

This can be explained by the di erence in netuning objective. Forry™ , mini-
mizing the ranking loss makes the reward fas; larger/smaller relative to s; x=S+«.
The directional netuning does not have this relative reward speci cation. Instead,
the directional reward ins; is simply maximized for some directions and minimized
for others. The result is that the directional reward is always either the minimum or
the maximum, while the positional reward needs to produce values between the min-
imum and maximum, to ensure that:::<r ¥t™™ (s; )<r ™M (s))<r ™M (spei)<:::
holds along entire positive trajectories.

A relevant question here is whether this shape of the directional reward is desirable.
Judging purely by performance, the current directional reward is clearly bene cial.
However, it is possible that a di erent shape could improve performance even further.

To create a di erent shape for the directional reward function, the netuning algo-
rithm would have to be changed such that it is not just provided inputs for which it
should minimize/maximize the reward. A potential change could be to provide the
netuning algorithm with a target, and train the reward function to produce the
target by e.g. minimizing the squared error t)?, wherer is the reward andt the
target.

This target could represent the certainty that the given direction is bene cial or not,
which could be computed using its prevalence in previous positive trajectories, either
through some algorithm or with a separate neural network. The target would be
positive if this algorithm/network is certain that the direction is bene cial, negative

if it is certain that the direction is not bene cial, and close to O if it is uncertain.

Using certainty to determine the directional reward size could also be implemented
outside of the netuning algorithm. The directional reward function would then be
left as a step function, but the output is multiplied by a factor determined by the
certainty.

Alternatively, the directional reward function could produce something other than
an embedding for computing the cosine similarity with the textual embedding. For
instance, with the position s, as input, it could output a desired direction €s;.
The €s; direction would then be treated as an oracle, and the reward would be
computed using the angle between the oracle directiofis; and the direction s
that was actually observed, e.g. through csitn s; €s,).
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Since €s, is a direction, the output could also be modeled using concepts from
directional statistics. For instance, instead of the outputting a direction, the output
could instead be the parameters for a von Mises-Fisher distribution, which is a simple
probability distribution over directions. By outputting a probability distribution,
this method would inherently model the uncertainty in the predicted direction, which
can be used to determine the magnitude of the directional reward. One problem
with these direction prediction methods is that they do not take textual information
into account. However, this could be accounted for by including it in the input for
the direction predictor, possibly through concatenation or cross-attention.
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Appendix 1

A.1 Positional Rewards

A.1.1 Generic Baseline

Figure A.1: Running average success rate and standard deviation over 150 training
episodes with di erent positional rewards trained to perform the door-open task. In
goal-baseline regularization, =0:4.

Figure A.2: Same as in A.1 but in the drawer-open environment.
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Figure A.3: Same as in A.1 but in the window-open environment.

Figure A.4: Same as in A.1 but in the window-close environment.

Figure A.5: Same as in A.1 but in the push environment.
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Figure A.6: Same as in A.1 but in the button-press-topdown environment.

A.1.2 Tailored Baseline

Figure A.7: Same setup as in Figure A.1, but with a baseline that is tailored to
the given task.

Figure A.8: Same as in A.7 but in the drawer-open environment.
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Figure A.9: Same as in A.7 but in the window-open environment.

Figure A.10: Same as in A.7 but in the window-close environment.

Figure A.11: Same as in A.7 but in the push environment.
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Figure A.12: Same as in A.7 but in the button-press-topdown environment.

A.2 Directional Rewards

A.2.1 Generic Baseline

Figure A.13: Running average success rate over 150 episodesrigf , rytM
rgs™ and rydM | with a generic baseline, =0:05and =80. In goal-baseline regu-
larization, =0:4.

Figure A.14. Same as in A.13 but in the drawer-open environment.
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Figure A.15. Same as in A.13 but in the window-open environment.

Figure A.16: Same as in A.13 but in the window-close environment.

Figure A.17: Same as in A.13 but in the push environment.
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Figure A.18: Same as in A.13 but in the button-press-topdown environment.

A.2.2 Tailored Baseline

Figure A.19: Running average success rate in the door-open environment over 150
episodes fory+™ . Evaluated with 4 runs each for =30, =80 and =150.

Figure A.20: Same as in A.19 but in the drawer-open environment.
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Figure A.21. Same as in A.19 but in the window-open environment.

Figure A.22: Same as in A.19 but in the window-close environment.

Figure A.23: Same as in A.19 but in the push environment.
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Figure A.24. Same as in A.19 but in the button-press-topdown environment.

Figure A.25: Running average success rate in the door-open environment over 150
episodes for ji™ . Evaluated with 4 runs each for =30, =80 and =150.

Figure A.26: Same as in A.25 but in the drawer-open environment.
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