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Abstract

Human-in-the-loop learning has gained traction in fields like robotics and natural language processing in recent years.
While prior work mostly relies on human feedback in the form of preference comparisons, this feedback type has
multiple limitations. It does not let users explain the reasons for their preferences and provides only a binary signal
for learning, resulting in huge data inefficiency. Consequently, training robots require a substantial amount of human
feedback, occupying significant time and burdening the user. To overcome these challenges, we take the insight that
language is a preferable medium compared to comparisons, providing more information regarding user preferences.
Thus, in this work, we aim to incorporate comparative language feedback to iteratively improve robot trajectories and
learn reward functions that encode human preferences. We learn a shared latent space that integrates trajectory
data and language feedback, and subsequently leverage the learned latent space to improve trajectories and learn
human preferences. We finally introduce an active learning method that integrates comparative language feedback to
further boost data-efficiency. Our results in simulation experiments and user studies demonstrate the effectiveness
of the learned latent space and the success of our learning algorithms. Our reward learning algorithm exhibits a
23.9% improvement in subjective score on average and 11.3% higher time-efficiency compared to the preference
comparison method in the user studies. Our active querying method further improves user experience featuring an
8.31% average improvement in subjective scores compared to random querying. Our code is publicly available at
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Introduction ), from traffic routing (
computer interaction ( ).
Despite their successes, preference comparisons suffer
from problems ( ) such as the unreliability
of human data and the limited information bandwidth,
i.e., each pairwise comparison contains at most 1 bit of
information: whether one trajectory is preferred over another.
To make up for the lack of explicit justification for a
human’s preference, preference comparisons must overwork
humans through copious amounts of querying, overall
exhibiting severe data inefficiencies. Various papers work at
overcoming these pitfalls through integrating active learning
methods to extract information or diversity for efficient query

) to human-

Learning from human feedback has gained significant
popularity in robotics, leading to the study of different
forms of human feedback such as demonstrations (
), preference comparisons ( ;
; ; ),
), physical corrections (
), gaze or

rankings (
), interventions (
visual saliency maps ( ;
), human language ( ;
), etc. Among these, preference comparisons
gained in popularity for its simplicity and ease of use,
especially compared to demonstrations ( ).

"Thomas Lord Department of Computer Science, University of Southern

Preference comparisons often involve users choosing
between a pair of choices. Using these selections to learn a
reward function and train a policy is known as reinforcement
learning from human feedback (RLHF) (

) or more generally preference-based learning (
; ). It has proven applicable
to a broad range of fields ranging from robotics (
; ; ) to natural

language processing ( ;
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Figure 1. Animage from our human subjects studies where the human user wants the robot to pick up the spoon. Preference
learning from comparisons requires the user to watch multiple trajectories and rank them to learn a reward function. On the other
hand, our introduced method leverages comparative language feedback instead of comparisons, enabling users to provide more
informative feedback after observing only one trajectory, guiding the robot to capture human preferences more ef ciently.

selection to speed up the reward learning process ( in simulation and a human subjects study with a real
); however, robot. These results demonstrate that active learning
these methods still rely on weakly informative preference  selects queries that better elicit user preferences while
comparisons without any explicit justi cations. There has requiring less feedback.
additionally been research to provide a better interface (
), allowing the users to specify their preference@elated Work

for every feature, but they require features to be hand-
designed and interpretable. Before formally de ning the problem, we will rst review

As an alternative form of human feedback, we proposeé(iSting works in robo_t learning from bk feedback,
to usecomparative languageThis feedback is considerablyprmerence'b‘"lSGd leaming, and active reward leaming.
more informative than preference comparisons, allowingarning from Human Feedback. Several promising
users to prioritize speci c aspects. For example, it a||OW§pproaches leverage human feedback to tram robots (
users to naturally indicate their preference about speed by
simply stating, “the robot should move faster,” making it
more intuitive and interpretable. : : ; ;

In this work, we aim to leverage comparative language ;
feedback to learn the human's preferences. Through theZZ; ; ). Demonstratrons are
usage of comparative language feedback, we can newliye modality of feedback that have been extensively studied.
perform trajectory improvement and more effectiveljReward learning from demonstrations, also known as inverse
succeed in reward learning. We then expand this framewdginforcement learning (IRL), features a user enacting an
through integrating an active learning method that furth@ssumed-optimal trajectory ( ). From
optimizes data ef ciency to speed up reward learning. Wéis collected dataset of demonstrations, a reward function
introduce and examine our active reward learning methdaat encodes present trajectory features to reward values
against baselines in both simulation and real-world studieds learned. Users provide demonstrations often through

In pursuit of this objective of efcient learning via teleoperating the robot's movement with a joystick controller
comparative language feedback from humans, we make thkeé ) or virual reality headset (Zhang et :
main contributions in this work ), as such, while these demonstrations provide high-

uality information for reward learning analysis, tasking a

. V\:]ejlearmn a rsr]t?\l/re? |§te”t Sp?CedtQatfll_?_Els tr?es:gr 'b'\f r to repeatedly perform trajectories is t|me -consuming,
and comparative language feedbac s alignmegt 1o nina and drfcult( :

enables the robot to comprehend the language ., . ).

Leehdbeck,t Ielzveragm% t;t t'ror ?dapt"_l?] t’;]he hrobotls Bene ting from recent advancements in natural language
enhavior to learn and better align wi € um"’uﬂ'ﬁrocessmg, works have leveraged Ianguage for adjusting

preferences.
« We highlight the effectiveness of our approacrEObOt trajectories ( i ’ '

through conducting experiments in two srmulatlonne tuning language medels( ' ) a)r;d
environments and a human subjects study with @Bward shaping ( ). For exarr,lple

real robot. These results suggest that reward Iearnrn (
from comparative language feedback outperfor
traditional preference comparisons in performance a
time-ef ciency, and is favored by most of the users.

* We propose an active query selection method b
d I|3 p tual | fq ): b d isiti ¥’arts of this work have been published in the Conference on Robot
éveloping a mutual information based acquisi IC'Dearnlng (CoRL) ( ). This work newly includes the active

function for comparative language feedback angaming method to select the most informative queries to the human, and
empirically compare its performance against baselinesveral new results in simulation experiments and human subjects studies.

) use language-conditioned behavior cloning
CBC) for corrective language commands and improving
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Problem Formulation 3

policies. ( ) describe an approach fdhe other hand, active learning methods aim to iteratively
real-time guidance from humans using natural languagelect thegreedily optimaldata point after each training
in order to achieve a goal. ( ) introducepoch, using various statistical models to estimate the
an approach to use human language feedback to correptimality of each point ( ;
robot manipulation in real-time via shared autonomy. ). This idea naturally applles to preference-
( ) utilize human language combined with pabhsed reward learning paradigms where an oracle (usually a
action sequences to generate rewards. Similarly, hwiman) is queried iteratively. Thus, active reward learning
( ) and ( ) leverage natural languagéms to ensure that the most informative queries are shown
to map image observations to rewards. ( to the oracle for feedback, following metrics such as volume
extract sentiment features from natural language to gaketrieval ( ) or information gain (
insight on trajectory segments that users found bene cial G019). Further work has sought to increase data-ef ciency
detrimental. However, these works focus on using humdny querying users with a batch/slate, instead of a pair, of
language as an instruction or correction for the robot. Pritnajectories ( ; ) or amplify
work has yet to take advantage of the expressive natureddfersity through leveraging ensembles to “vote” on the
language and develop a method of reward learning fronext query ( ;
comparative language feedback. ; ). Most of these
Addressing this gap will provide more scalable methodsethods leverage some sort of an approximate Bayesian
for training robots, particularly in complex environmentsnference method given its data-ef ciency, natural usage for
where traditional feedback modalities may be insuf cieniterative processes, and, crucially, the ability to update a
or impractical. Therefore, our work introduces a rewargosterior to continuously learn what the user deems optimal
learning method that leveragesomparative language ( ).
feedback with the additional capability of iteratively In this paper, our introduction to comparative language
updating the learned reward function for better preferenteedback mandates one trajectory per query. Ergo, we focus
alignment, prowdlng an advantage over one-shot correctionis an active learning method that uses this single trajectory
( ; ). in conjunction with the comparative language feedback
response to decide the next query. This inclusion enables an
extra boost in data ef ciency and leads to faster convergence
reference learning.

Preference-based Learning. Based on preference compar-
ison feedback, preference-based learning is widely us
for its logical intuitiveness and ease of use. Traditionally,

preference comparison feedback iteratively queries two tra-

jectories and asks the user to rank them, after which{oblem Formulation

reward function is trained from this data. Further work hageward Model. We model the robot as a decision-

sought to improve preference-based learning in numerowgking agent in a nite-horizon Markov decision

ways. For example, learning from rankings requires usersggocess (MDP). Each robot trajectory consists of
order a batch, instead of a pair, of trajectories. This feedbagk sequence of state-action pairs far time steps:

bene ts from a low hurdle of entry and has proven to work = f (sq: ag); (S1;@1); 5 (St 1;ar 1)g. A reward function

effectively with deep reinforcement learning ( R(st; &), which is only known by the human user, encodes
). Furthermore, (2023) and human preferences regarquathe task. The reward of a
( ) integrate preference feedback into imitation leargrajectory is de ned asR( ) = R(St,at) For each

ing, demonstrating higher performance in their respectiy@jectory, the human may prowde language feedbhck
approaches. Unfortunately, these methods continue to exhibit attempts to improve the trajectory in one aspect, e.g.,
multiple limitations. First, users struggle to consistentlgpeed, distance to objects, height of the robot's arm, etc. For
choose between two near-equal trajectories, leading to {Agtance, if the robot is currently not distant enough from
paradox of choice—the observation that more choices onlye stove, the human might respond “move farther from the
increase confusion and not the number of good optionsstove” (see ). Our goal is to develop a framework
and thus con icting data entries ( ; B ywhere we utilize such feedback to learn a reward function
)- More fundamentally, each pairwise comparis@n, parameterized by, which best mimics the human's
provides at most 1 bit of information: whether one trajectonynderlying reward functiofR.
is preferred over another ( )- Unfortunately, this task is doomed without any informa-
Our method in this paper overcomes these barriers. Firstign about how language feedback relates to the different
we only show one trajectory per query to the user, thereby ngdpects of the task. In this work, we learn this relation with
inducing the paradox of choice. Secondly, users respond Wih of ine pretraining phase where we collect a dataset that
comparative language feedback, offering more informativ@nsists of pairs of robot trajectories and a language label
and time-ef cient input while maintaining intuitiveness ancescribing how the two trajectories differ. We use this dataset
ease-of-use. to learn encoders that map trajectories and language feed-
back onto a shared latent space. We leverage these encoders

Active Rewar.d Learning. While traditional, non-active %Iearn the preferences (reward functions) of different users
reward learning methods select the next query throu%%sed on their language feedback.

random chance; queries chosen without any thought behin
them lead to data-inef ciency—the reward model may nd@ueries. While the goal of iterative trajectory improvement
learn much per feedback—and overall user burden, as usansl reward learning is to elicit user preferences to search
will be prompted for more or possibly confusing queries. Ofor an optimal trajectory and create a reward function
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respectively, active learning aims to reduce data inef cienambedding | of the utterance by using the following loss

and user burden. function:
We generally follow the notation of ( ) who A B _ s A
studied active learning for pairwise comparisons. In the caskaign( “; ~;1) = log sigmoid [ ( ) (@)

of active learning with comparative language feedback, each . . . .
queryQ consists of a single trajectoryi.e.,Q = f g. Since where the sigmoid is considered as the probability that the

reward learning requires providing a sequence of queriesl?;?guage feedback is uttered for the pair of trajectories

B iti B A i i
the human, the goal is to minimize the sequence length whHe ant(:] ’ Intwg\_/elyi. wh?n d ani dl ahq{g, |.Ie., .
maintaining or improving convergence speed. ave the same direction for xed magnitudes, the 10ss 1S

Query selection is thus performed greedily usin inimized. With this alignment in hand, we acquire the

approximate Bayesian inference techniques. Starting wi H]be_ddlng of an |m|proyed traject((j)ry+ ! for_prelference
some initial prior regarding the distribution over rewar¢c2'NiNg. given initial trajectory and comparative language

function parameters, we query the human with a que€y eedbac.

and receive feedbadkn every iteration. Using this collected To realize a language embeddmg we need a Ianguagg
information, we calculate the posterior: encoder. Instead of training one from scratch, which

would require a prohibitively large and diverse dataset of
P(CjQ:)/ PUjQ; )P(); (1) (*; B;I)tuples, we use apretrained T5 model (

. . ). To align the trajectory embeddings with the language
whereP (1 j Q; ) represents the probability that the humag e qdings, we rst freeze the T5 model and solely train the
with reward parameterization responds with language ajectory encoder. Subsequently, we perform co- netuning
feedbackl when shown quenQ. This posterior is then o poin components.
leveraged for selecting the next greedily optimal query, oqgitionally, we incorporate a normalization term into the
conclusively aiming to reducg the total number of queri§§ss function to balance the magnitude of the embeddings.
necessary to learn the human's preferences. _ This term constrains the norms of the trajectory embeddings

In the next section, we detail our approach to leaming remain below 1 and the norm of the language embedding
the latent space and explain how this learned latent sp3g&)e close to 1:

is utilized for iterative trajectory improvements and reward

learning. We then further explain our active learning method Loom( 2; B3 = (maxfk Ak 1;0g

that integrates comparative language feedback. +maxfk Bk 1:0g) 3)
+ k 1K?;

Methods '

Our approach is composed of three stages: (i) we learVRére and are two hyperparameters.
shared latent space where robot trajectories and comparativeVerall, the objective consists of two terms:
language feedback are aligned, (i) we leverage this Iearneq_( A By = Lol A B+ Lo A B2D): (4)
latent space for trajectory improvement and reward learning, T alignt —» norm b
and nally (i) we further enhance preference learningyphich we use to train the trajectory encoder and netune T5.
through active query selection to achieve higher daigaining this architecture enables us to encode any trajectory
ef ciency. An overview is shown in and language utterance into the same latent space. In the next
. subsection, we demonstrate how this latent space is useful

Learning the Shared Latent Space for iteratively improving robot trajectories and for learning
To learn a shared latent space for trajectories and langudggnan preferences based on their language feedback.
feedback, we collect a dataset ©f*; B;l) tuples, where

A and B are a pair of trajectories arlds a comparative Utilizing the Learned Latent Space

language gtterance that descripes the difference betwqq.[é shared latent space aligns robot trajectories with human
the two trajectories. Note that this language utterance dqgfyage feedback. This alignment enables an intuitive
not suggest anything about a human's preference about {fite standing of user preferences. We will now explore two
robot: it simply describes a difference between the pair Btimary ways to leverage this learned latent space: rst,

trajectories. It |staI|d to h:\vle:“n_wove faster” if the robot 4, jyeratively improve the robot's trajectory, and second, to
moves fasterin® thanin * even if a user would prefer the accurately learn user preferences

robot to move slower.

After collecting such a dataset, we propose the modé¢rative Trajectory Improvement. Firstly, we leverage the
visualized in to learn the shared latent spaé@ientspace to iteratively improve an initial suboptimal robot
between trajectories and language utterances. Similarlyttgjectory. We start by showing the initial trajectory to

( ), we use a neural network to encode edée user and receive language feedbi@ckNVe then use our

state-action paifs;;a;) from the pair of trajectories,” trained encoders to compute the trajectory embedding
and B, to embeddings #* and P, respectively. We want and language embeddingo. We then nd theimproved
these embeddings to contain information about aspectstefiectory * such that its difference with® best aligns with
the trajectories that the human may care and give feedbdbr human's language feedback based on cosine similarity:
about. o0 o

To achieve this, we align the difference between the ! = argmax o ): (5)
trajectory embeddings # and B with the language ok % k %;
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Methods 5

Figure 2. Overview of our approach. (a) Architecture of the model that learns a shared latent space between trajectories and
comparative language feedback. Two trajectories and a comparative language feedback are mapped to trajectory embeddings and
a language embedding respectively. The encoder and T5 model are subsequently trained to align the difference between the
trajectory embeddings and the language embedding. (b) Comparative language-based active reward learning. The trajectory
embedding and language embedding are leveraged for reward learning to learn a reward function, as well as for active learning to
choose the next best query.

We iteratively continue this process fay iterations We now make an important observation about comparative
to obtain ©; %;:::; N. In this work, we search overlanguage feedback. Say in a kitchen task that a user tells
a discrete, predened set of trajectories to solve thie robot to move farther from the stove. This feedback
optimization in Eq. (5) for computational ef ciency. It is, primarily indicates a preference for the improved trajectory
however, possible to use reinforcement learning or moddhat moves farther from the stove over the original trajectory.
predictive control algorithms to solve this optimization at thelowever, this feedback contains much more secondary
expense of increased computational cost. information than solely this comparison. The user could use

any comparative language utterance to teach the robot, but
Reward Learning from Comparative Language Feedback. timately selected one about the distance to the stove. This
In addition to improving trajectories, we also utilize thgmpjies with high probability that the improvement the robot

learned Iatept space _to learn the user's preference, i.e., tr}ﬁgy get from this feedback is higher than that of any other
reward function. Previous approaches ask users to label t"t%anarative language feedback.

preference from a pair of trajectories. This method requires ) o

users to watch two trajectories in order to receive up to Mathematically, this indicates a preference forover

1 bit of information per query—overall, heavily tedious tg7 With trajectory embedding 5 =, + |, wherefj is
users and very data-inef cient. In our language-based rews#8Y 1anguage utterance other thianAgain we apply the
learning approach, we only show users one trajectpryp Bradley-Terry model to utilize this implicit preference:

collect language feedbadkper queryi. Given this queried

trajectory and collected language feedback, we construct expr ()

an improved trajectoryy with trajectory embedding » = PO )= expr () +expl) .Y (8)
.+ 1,. We highlight that”y is an imaginary trajectory i T

that maps to , + |, in the learned latent space. Then,

following the Bradley-Terry model ( Based on this, we samplelanguage feedback from a set of

), a standard approach in preference-based learning,pse-collected language utterances other thamd minimize
model a preference predictor with the reward functioms: the following loss regarding the chosen language feedback:

expr ( ~)
P )= ; , (6) K 1
expr ( A')+eXp ' ( i) leplicit = % IOgP (Ai T ): (9)
wherer is a neural network parameterized with The i=0

reward functionr is trained by minimizing the following

negative log likelihood loss: Henceforth, we train the reward model through leveraging

X 1 the presently-cumulative sequence of provided language
1 logP (n  i): @) feedback in conjunction with th& sampled language

Lexplicit = . .
Explet feedback at every iteration. Overall, the loss for reward

i=0
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learning from comparative language feedback is as followsimpli ed, implementation-friendly formulation here:
!

Lreward = LEexplicit  *+ L implicit X X P(IjQ; )
= arg max log P : ; (13
1% * A 0 gQ 2L 2 ’ » PUIQ 9 )
= o logP (%) (10)
':01 1 where andL denote the sampled set of reward parameters
B X 1 logP (%~ ): and language embeddings, respectively (e.g., using Laplace
N o Kig tous Approximation ( ; ))-

To model user responde(l j Q; ) computationally, we

where is a hyperparameter. Training the reward functiomake two assumptions: (i) the reward is an af ne function
with this loss enables us to efciently capture humamnf the trajectory features, which may still be a nonlinear
preferences through comparative language feedback.  function of states and actions, and (ii) both the linear reward
weights and trajectory features have approximately unit

Active Querying for Reward Learning length. Under these assumptions, we adopt the following

Through leveraging comparative language feedback, v(\:/gmputatmnal model for user responses:

have integrated more bits of information than the pairwise I ( ) I ( )
comparisons to accelerate learning the reward function. ®(1j Q=f g; )= P () P ):
further boost the data-ef ciency of reward learning, we 2L (14)
exploit the sequential nature of this paradigm—after every
feedback from .the human,. we optimize what query Qhere s the optimal trajectory under the linear reward
show next. Inspired by previous work, we use the mutuglion r ; and correspond to the embeddings
information objective, an acquisition function that aims Q¢ trajectories and , respectively. This probability
greedily maximize the information gained after each quety,esnonds to the degree of alignment between a user
with the side benet of asking easier questions to thggyonsel and the difference between their personalized
human ( ). However, these methods haygyima) trajectory  and the queried trajectory. Crucially,
been developed only for comparison feedback, not language, ,pserve that, under the assumptions above, the
Thus_, (_)ur_objecﬁve is to acc_omplish this information gai@mbeddings of the optimal trajectory and the users
maximization using comparative language feedback. reward model parametersare equivalent, considering that
Problem 1. We aim to solve the optimization problem:  the maximum dot product between unit vectors is attained
only when the vectors are equal.
Q =argmaxI( ;ljQ); (11) Using this computational human response model, syn-
Q thesizing queries that maximize the objective presented in

Eg. (13) yields highly informative data points for compar-
ative language integrated reward learning, improving data-
ef ciency of reward learning accordingly.

wherel is information gain and is the language response
to the quen. This is equivalent to:

Q =argmax[H(1jQ) EjoMH(jQ; ) (12
N Simulation Experiments

where H is information entropy ( )in this section, we present our experiments in two simulation

To interpret this optimization, we look at the two termglomains, demonstrating (i) the superiority of comparative
being subtracted. The rst entropy teri (I j Q) depicts language feedback over traditional pairwise comparisons,
the robot's uncertainty regarding the human's languagd (i) how language-integrated active querying improves
feedback for the trajectory 2 Q, and the second entropydata-ef ciency over random querying.
termH (I j Q; ) denotes the human's own uncertainty in the
feedback. Conclusively, information gain maximization aimSimulation Environments

tc_> balance both entropy terms, selecting the trajectory t used two simulation environmenRobosuite
simultaneously enables the robot to learn the most about the ) andMeta-World ( ).Robosuitehas a

reward function and the human to con dently respond Witaaco robot arm at a table with a cube and a bottle, and the
CO\TVE?ratlve language feedback. died thi ... task is to pick up the cube. The state consists of 640 x
He ( ) §tu led this optlm!zatlon480 RGB images, resized to 224 x 224, and 25-dimensional
for pairwise preferer\ce comparisons, the p.robab|llty.ter §0pri0cepti0n, and the action space is 4-dimensional (the
de ned for comparative language fe_zedback is not equwale_ L d-effector always points dowrleta-Worldhas a Sawyer
to those .Of preferencg comparisons. The comparative, ot arm at a table, and the task is to push a button on the
Iapguage interface provides the user with the freedom.fﬂje of the table. The state consists of 480x320 RGB images,
give language feedback from an open vocabulary, whi Bsized to 224x224, and 20-dimensional proprioception, and

preferencg comparison fggdbaek is always .f'rom a knovme action space is 4-dimensional (the end-effector always
binary trajectory set. Deriving these probability terms a\rﬁ

. e ) oints down). depicts our environments.
not straightforward, ergo, by estimating the expectations via
sampling, we rewrite the optimization problem. While th&imulated Humans. For simulation experiments, we syn-

full derivation is provided in the appendix, we present thesize the comparative language feedback from a simulated
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where the level of success is quanti ed by: 1) whether or not
the cube is lifted above the height of a success threshold or
2) a weighted sum of the distance to the cube and whether or
not the end-effector is grasping the cube. For¥teda-World
environment, the hand-crafted features consist of:

» The height of the robot's end-effector.
« The velocity of the robot's end-effector.
» The distance between the end-effector and the button.

Note that the simulated humans leverage the same hand-
crafted features for their reward function, though the
human's reward weightsv was randomly initialized for
reward learning. Thus, the reward learning objective is for the
Figure 3. The simulation environments with example robot to align with the simulated human's reward function

trajectories depicted through the orange dots. (Left) Robosuite i randomly prioritizes different hand-crafted features.
environment: a robot arm moves its end-effector towards the

red cube to lift it. (Right) Meta-World environment: a robot arm
moves its end-effector towards the button to press it.

human with a simpli ed reward functioR:
R(s;a) = W™ (si;&); (15)

where is a function that maps a state-action pair to a vector

of high-level features (e.g., speed, distance to the stove). We

similarly de ne () to denote the sum of features over a

trajectory . w is a vector of weights that maps the features

to a scalar reward value. Bothandw are unknown to our

algorithm. Figure 4. A sample within the dataset used for learning the

Given a true reward function,,, let be the optimal shared latent space between trajectories and cqmparati_ve
trajectory under reward, . Then, the synthetic human gives2"9uge feedback. Each dataset sample contains a pair of
. . 0. trajectories and a comparative language feedback that
the noisy language feedbatkwhen shown trajectory?®: describes a difference between the two.
1 ° softmaxw (, D) ; (16)

We trained RL policies with randomized weights
where and ° denote the true cumulative features of using strati ed sampling ( )
and O respectively, denotes element-wise multiplication.over the features, then generated rollout trajectories with a
The function” takes a sample from the output of the softmadorizon of T = 500 for each environment. FdRobosuite
which is computed across different features we designed fue generated48 unique rollouts and24 for Meta-World
the simulated humans, and outputs a language feedback fHae splits were359, 44, 45 and 260, 32, 32 for training,
corresponds to the sampled feature. The language feedbeglidation, and test sets. Trajectories were paired within each
to output is chosen randomly from all language utterancesssft and matched with a language feedback that describes the

that feature in the GPT-augmented dataset, which we discagsinge in each feature from to B (see ). For the
next. hyperparameters used in ,wesetl; =0:1

for both RobosuiteandMeta-Worldenvironments.
Learning the Latent Space We trained the encoders with the loss in Eqg. (4), and used

Lists of language feedback were created for hand-craftfcUracy as the metric to evaluate:

features to indicate a change (e.d.,Move higher', "Move A B s B A )

lower'g for height). They were then augmented with GPT3.5  5.. = ifiess =i v« ) > Ogj : 17)

( ) 10629 sentences foRobosuiteand 660 for Total number of samples

Meta-World The splits are480, 74, 75 and492, 84, 84 for

the training, validation, and test sets. Note these features ar@raining the encoders with the training set of trajectories
only for synthetic dataset creation—training our architectusnd language utterances, we observed a test accuracy of

does not require hand-designed features. 84:9%in Robosuiteand82:9%in Meta-World This indicates
For the Robosuite environment, these hand-craftedhe trajectory and language embeddings are well-aligned.
features consist of: details our results comparing co- netuning both
» The height of the robot's end-effector the trajectory encoder and language model versus utilizing
» The speed of the end-effector a frozen language model and only training the trajectory

» The distance between the end-effector and the bottleencoder. We found that co- netuning increases test accuracy

» The distance between the end-effector and the cubeperformance by more thadfo, indicating that the encoders

« How well the robot lifts the cube (i.e., the level ofbetter learn a shared latent space between trajectories and
success of in the cube-lifting task) comparative language feedback.
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Method Robosuite Meta-World and 1. Intuitively, the cross-entropy evaluation metric tests
how well a method captures a user's average preference
across a multitude of trajectories, while the true reward value
evaluation metric engages how well a method accurately
identi es an edge case, i.e., the optimal trajectory.

We compare our method against reward learning from
comparisons, where for each query, the simulated user
chooses a preferred trajectory from pdir®; B) with
probability shown in Eqg. (18). We then evaluate the impact
Iterative Trajectory Improvement of active querying for reward learning with comparative

Next, we conducted iterative trajectory improvemerlanguage feedback and compare the results.

experiments. We set the number of iteration steps 15

and repeat the full experiment ov&®0 random seeds. The Baselines. For our analyses, we compare six methods:

true rewards of these trajectories are shown in .@OMPARISON The reward model is parameterized as
both environments, we consistently improve the trajectorie, neural network and learns using comparison feedback
which showcases the effectiveness of the learned lat@@tween two uniformly sampled trajectories at every
space and the improvement algorithm. However, it can B&ration.

noted that our algorithm could not reach the performance bANGUAGE: The reward model is parameterized as a neural
the optimal trajectory. This is because every improvemefgtwork and learns using comparative language feedback to
iteration is completely independent from the previoud uniformly sampled trajectory at every iteration.

iterations (i.e., the improvements are memoryless) and tA€TIVELANGUAGE: The comparative language queries

robot may get stuck in a loop between good, but non-optim&ctively selected in every iteration by the following
trajectories. procedure. We assume a linear reward function and a prior

distribution over its weight® ( ). After every feedback, we
approximate the posterior formulated in with
Laplace approximation ( ;
), which allows us to sample the set of reward weights

. Using these samples2 , we also generate the language
embedding samplels from P(l j Q; ) (see ),
again using Laplace approximation for tractability. Havin
these two sets andL, we compute the best query by
solving . At the end, even though active learning
optimization assumed a linear reward function, we train
a neural network based reward model using the collected

Co- netune 0.8489 0.8288
Freeze T5 0.7625 0.7344

Table 1. Test accuracy of training with co- netuned encoders
versus a frozen language model across both simulation
environments.

Figure 5. Results of experiments where we use simulated

human language feedback to iteratively improve a robot human data. _ _ _
trajectory (mean  std over 100 runs). The dashed line PURELYBAYESIAN: The active querying methodology is
represents average reward of optimal trajectories. identical to that of £TIVELANGUAGE; however, the reward

model at the end is not parameterized as a neural network.

Our reward learning algorithm presented in the rewaldstead, the mean of the set of sampled reward weights,

learning section, on the other hand, utilizes the entire history calculated during the active learning procedure, is used
of human feedback, so it does not suffer from this problerdirectly as the weights of the linear reward model.

We will now demonstrate this. BALD: Following suit the Bayesian Active Learning by
Disagreement (BALD) algorithm by ( ),
Reward Learning a deep ensemble of reward models is trained for reward

learning. The sample mean deep ensemble output is used as

simulate human feedback. We simulate ve syntheti e reward model output. For active learning optimization:
humans for Robosuite and .three for Meta-World and the parameterizations of the deep ensemble are leveraged for
run the experiments with three random seeds for each The set of sampled language embeddibgs obtained

simulated human. We use the loss in Eq. (10) to learn tﬁgmlarly to ACTIVELANGUAGE, but now using the deep

reward function. We adopt cross-entrapg (P P ) as the ensemble's reward model weights Lastly, these andL
evaluation metric. where are used to maximize information gain as in .

QUERYBYCOMMITTEE: Following suit the Query By

We again randomly initialize the reward weighte to

Pu( A B)= expw”> ( A) ) Committee algorithm by . ( ),adgep
w expw” ( A)+expw® ( B)’ ensemble of reward models is learned for reward learning,
expr (1) (18) and the trajectory with the highest ensemble uncertainty is

P(A B)= : chosen as the next query. We model trajectory uncertainty as

expr (2)rexpr (o) the reward value variance outputted by the deep ensemble.

Another metric is the true reward value of the optimalhis does not leverage our information gain formulation.
trajectory selected from the test set based on the learned\t every iteration: ©MPARISON and LANGUAGE
reward, re ecting how close the learned reward is to thehoose the next query randomly; CAIVELANGUAGE,
true reward. All reward values are normalized between PURELYBAYESIAN, and BALD select the next query
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through computing the expected information gain; an@ee ). depicts our results. For cross-
QUERYBYCOMMITTEE selects the next query throughentropy, the combination of both the explicit and implicit
estimating uncertainty. Overall, we make two comparisonsomponents outperforms using each componentindividually,
First, we analyze the impact of feedback modality througthemonstrating the validity of our loss function design. In
evaluating the results of @WPARISON, LANGUAGE, and terms of reward value, the combination of both methods
ACTIVELANGUAGE. Second, to evaluate the effectiveness @fgain performs the best in both environments.
our information gain method, we testCAIVELANGUAGE
against a Bayesian methodURELYBAYESIAN, and two .
ensemble methods, BALD andU@RYBY COMMITTEE. User Studies

] _ To verify the effectiveness of our approach, we conducted
Results and Discussion. We rst compare between ,ree human subject studies, recruiting 10 subjects for each
COMPARISON, LANGUAGE, and ACTIVELANGUAGE—the (4 famale and 6 male for the rst two studies and 3 female
results are shown in - We observe that the croggiq 7 male for the third study) from varying backgrounds
entropy of the IANGUAGE method decreases faster thagng ghserving them to interact with our real robot setup.
that of the @MPARISON preference learing in both envi-\ye note that the rst two studies were conducted with the
ronments. Furthermore, GYIVELANGUAGE then addition- same human subjects. While the results of the studies were
ally outperforms both methods, demonstrating that oWt shared with the subjects before the completion of study
approaches converge quicker than preference learning Withiy s s;ill possible that subjects’ participation in the rst
comparisons. Meanvv_hlle, we also notice t_hat the true re\_lvagfﬂ,dy introduced some bias that may affect the results of
value of optimal trajectories reaches higher values in @,qy 2 All studies were approved by an Institutional Review
smaller amount of queries with ourANGUAGE method, pggarg (IRB) of USC Human Research Protection Program
and even more so USINGOAIVELANGUAGE. Interestingly, (annroval no. UP-24-00340) on April 30, 2024. Participants

in bothRobosuiteandMeta-Worldenvironments, the M- g3y written consent for review and signature before starting
PARISON method degrades in reward value performancgger studies.

despite continuing to improve in the cross-entropy eval-

uation. This implies that reward learning with preferenc .

comparisons fails to generalize to both the user's averagé(pe”mem Setup

preference and optimal reward value edge case; this methe follow the setup of ( ) where the robot

attempts to generalize to the average user trajectory preits in front of a kitchen set ( ). The task is for

erence through sacri cing its performance for dealing witthe robot to prioritize picking up the spoon while avoiding

edge cases. any obstructions such as the pan on the stove. The robot
Next, we compare all the active baselines in state consists o#i80 320 images, resized t@24 224

We observe that all active methods have competitive croged 22-dimensional proprioception, and the actions @re
entropy and reward value results. In terms of cross-entrog§fnensional (6DOF+gripper).

the ACTIVELANGUAGE method performs the best in both To train the latent space, we collected a dataset of 321
environments. For reward value, CAIVELANGUAGE is trajectories with varying levels of success at picking up
slightly faster in theMeta-Worldenvironment and performs the spoon, avoiding the pan, and speed. These trajectories
the comparably equally iRobosuite These trends suggestwere divided into 192 for training, 64 for validation, and
that leveraging an ensemble does not necessarily boG5tfor testing. 496 GPT-augmented sentences were split into
performance. We hypothesize that this occurs because #% for training, 99 for validation, and 100 for testing. The
ensembles may not consist of a signi cantly heterogeneot@lowing lists the hand-crafted features for designing the
mix of networks, given that the reward model we assuntanguage feedback necessary to learn the shared latent space:
for synthetic humans yield a convex optimization problem < The velocity of the end-effector

even though we still learn deep neural networks. As < The distance between the end-effector and the pan
such, ensemble-based active querying methods will suffer « How well the robot picks up the spoon (i.e. level of
from a lack of diversity and overall select inferior success)

gueries. Meanwhile, BTIVELANGUAGE need not train where the level of success is quantied by: 1) whether
over an ensemble of networks to nd optimal queries anithe spoon is grasped from the hook 2) a weighted sum
ef ciently learn a reward model. We also observe thatf the distance to the spoon and whether the end-effector
the curve for RRELYBAYESIAN is not smooth because itis grasping the spoon. The sentences in the GPT-augment
samples new reward parameters every iteration, while ttataset were paired with the trajectories in the same manner
other methods update parameters through gradient des@ntin the simulation experiments. Finally, another set of
methods. Consequently, its evaluation results often jun3@ trajectories was collected for the user studies following
radically, leading to worse results in both environmentthe pretraining phase, which will be used for trajectory
On the other hand, while &r1VEL ANGUAGE leverages the improvement or (active) reward learning.

same querying method asJRELYBAYESIAN, the usage of

a neural network for the reward model instead of sampling-

from a distribution enables a smoother learning process afidterative trajectory improvement application we presented.
better convergence. Users are given a suboptimal trajectory from the dataset

and tasked to provide language feedback. Afterwards, an
Ablation Study. Lastly, we conducted an ablation studymproved trajectory is shown. This process is repeated up to
to evaluate the different components of the loss functidO iterations or until the user is satis ed, whichever is earlier.

n%fudy 1. In the rst study, we investigate the performance
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