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Abstract

Preference-based Reinforcement Learning (PbRL) enables
non-experts to train Reinforcement Learning models using
preference feedback. However, the effort required to collect
preference labels from real humans means that PbRL research
primarily relies on synthetic labellers. We validate the most
common synthetic labelling strategy by comparing against la-
bels collected from a crowd of humans on three Deep Mind
Control (DMC) suite tasks: stand, walk, and run. We find that:
(1) the synthetic labels are a good proxy for real humans un-
der some circumstances, (2) strong preference label agree-
ment between human and synthetic labels is not necessary for
similar policy performance, (3) policy performance is higher
at the start of training from human feedback and is higher at
the end of training from synthetic feedback, and (4) training
on only examples with high levels of inter-annotator agree-
ment does not meaningfully improve policy performance.
Our results justify the use of synthetic labellers to develop
and ablate PbRL methods, and provide insight into how hu-
man labelling changes over the course of policy training.

Introduction
Preference-based Reinforcement Learning (PbRL) is a
human-in-the-loop method to learn from teacher preference
feedback instead of requiring either a hand-engineered re-
ward function, or examples of task success. PbRL infers a
reward function from preference feedback, then iterates be-
tween training the policy and seeking additional preference
feedback, as shown in Figure 1. Given the efforts associ-
ated with collecting human feedback, the majority of PbRL
development relies on synthetic labellers to compare meth-
ods and ablate method components. While prior work has
evaluated proposed PbRL methods with real human feed-
back (Christiano et al. 2017; Lee, Smith, and Abbeel 2021;
Stiennon et al. 2020; Wu et al. 2021), the evaluations are
cursory, are run only on the newly proposed method, do not
validate their synthetic labeller results, and do not provide
insight into the human labels. Therefore, it is important to
establish that synthetic labels are indicative of human labels
to ensure experimental PbRL algorithm success translates
to practical success (Amershi et al. 2014). We address this
question in current work.

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Specifically, we compare synthetic and human labels, and
the policies resulting from training on these labels. We
also analyze trends in human preference labels via inter-
annotator agreement and label quality. The main findings of
this paper are:

1. Policy performance from synthetic preference labels
(Christiano et al. 2017; Lee et al. 2021) aligns with pol-
icy performance from human labels until the final round
of preference feedback.

2. Policy performance from human feedback is higher at the
start of training and higher from synthetic feedback at the
end.

3. High human and synthetic preference label agreement is
not required for similar policy performance.

4. As the policy produces behaviors more similar to the tar-
get behavior, the preference labelling task becomes chal-
lenging for humans.

5. Using human preference feedback with high inter-
annotator agreement does not meaningfully improve pol-
icy performance.

Taken together these findings show that we can use syn-
thetic labels as a proxy for human labels, but that practition-
ers need to measure the quality of their labels to obtain best
results.

Related Work
The importance of studying the human in interactive ma-
chine learning settings was investigated by Amershi et al.
(2014) as their behaviors directly impact the success of
the developed algorithm. However, the majority of work in
PbRL relies primarily on perfect, synthetic preference la-
belers for their evaluations and prior work has not stud-
ied their algorithms in the context of human behavior (Lee
et al. 2021; Park et al. 2022; Liu et al. 2022; Bıyık, Talati,
and Sadigh 2022; Hejna III and Sadigh 2022). Studies that
include experiments with human feedback do not system-
atically evaluate with human labels, they do not compare
across algorithms (Christiano et al. 2017; Lee, Smith, and
Abbeel 2021), they do not investigate human labelling be-
haviors (Palan et al. 2019; Wang, Wang, and Min 2022),
nor do they provide algorithm comparisons for both syn-
thetic and human labellers (Palan et al. 2019; Lee, Smith,
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Figure 1: Schematic of the preference-based reinforcement
learning loop. (1) the policy explores for some number of
steps (either randomly (Christiano et al. 2017) or guided
by an unsupervised exploration objective (Lee, Smith, and
Abbeel 2021)). (2) trajectory pairs are selected from the
buffer and presented to a teacher. The teacher uses their
knowledge of the target behavior to assign preferences. (3)
the labelled pairs are added to the preference dataset and the
reward model is updated to be predictive of the preference
labels. (4) the policy trains on the learned reward function
before returning to the second step.

and Abbeel 2021). A systematic evaluation is important to
understand whether performance gains hold in practice.

The prior work that has directly compared policy perfor-
mance with human labels and synthetic labels suggests per-
formance from human feedback is task dependent (Chris-
tiano et al. 2017). However, this work does not investigate
what might contribute to the task-dependent performance,
thus leaving unknown the conditions under which synthetic
labels may be a good proxy for human labels.

Preference-based Reinforcement Learning
An overview of PbRL is shown in Figure 1. PbRL learns
a policy, πϕ, to maximize the expected discounted return∑∞
k=0 γ

kr(st+k, at+k), where the reward function r(st, at)
is inferred from preference labels over behavior pairs. The
learning process iterates between training πϕ with the cur-
rent estimate, r̂ψ , of the target reward function, rψ , and up-
dating r̂ψ using the preference labels from a teacher. The
teacher is queried every K steps of policy training with mp

behavior pair queries, and assigns a preference label to each
pair forming a dataset of preference triplets (σ1, σ2, yp),
where σ1 and σ2 is the behavior pair and yp is the prefer-
ence label.

The behaviors selected for labelling are those most in-
formative to the reward model according to model uncer-
tainty or reward ensemble disagreement (Metcalf et al. 2023;
Christiano et al. 2017; Lee, Smith, and Abbeel 2021; Park
et al. 2022). We follow Lee et al. (Lee et al. 2021) learn-
ing an ensemble of reward models and selecting the mp be-
haviors with the highest preference-label ensemble disagree-
ment from mb randomly selected pairs.

To learn from preference triplets, PbRL follows the
Bradley-Terry model (Bradley and Terry 1952) and assumes
the preferred behavior has the larger cumulative reward ac-
cording to rψ , and the probability of σ1 being preferred over
σ2 is given by:

Pψ[σ
1 ≻ σ2] =

exp
∑
t r̂ψ(s

1
t , a

1
t )∑

i∈{1,2} exp
∑
t r̂ψ(s

i
t, a

i
t)
, (1)

(a) Standing.

(b) Walking.

(c) Running.

Figure 2: Examples of stand (top), walk (middle), and
run (bottom) behaviors learned from human feedback af-
ter 1, 000 pieces of preference feedback and 500, 000 policy
train steps.

where sit and ait is the state and action from behavior i at
time-step t, and r̂ψ(sit, a

i
t) is the estimated reward for sit and

ait. The parameters ψ of r̂ψ are optimized to minimize:

Lψ = −E
(σ1,σ2,yp)∼Dpref

yp(0) logPψ[σ
2 ≻ σ1]

+ yp(1) logPψ[σ
1 ≻ σ2], (2)

where Dpref is the accumulated dataset of preference feed-
back.

We additionally trained the reward function on an aux-
iliary objective using the reward learning technique intro-
duced in REED (Metcalf et al. 2023): before selecting be-
havior pairs for teacher feedback and updating the reward
function, environment dynamics are encoded in the reward
function’s state-action representation via a self-supervised
objective and the transitions accumulated in the policy’s re-
play buffer. We use the SimSiam (Chen et al. 2020) self-
supervised objective and use the architecture and hyper-
parameter values from REED (Metcalf et al. 2023). The
hyper-parameters are provided in Table ?? in the Appendix.

Methods
We train a total of nine policies across three different
task conditions (walker-stand, walker-walk, and
walker-run DMC tasks (Tassa et al. 2018)) and differ-
ent reward function conditions (from human feedback, from
synthetic feedback, and hand-engineered). Two of the re-
ward function conditions rely on learning the policies with
PbRL and the hand-engineered reward function condition
uses standard RL. Each policy is trained for a total of
500, 000 steps with 1, 000 labelled behavior pairs (100 pairs
per feedback round) for the PbRL policies. All policies are
identical for the first 10, 000 steps (1000 seeding steps and
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9000 unsupervised exploration) after which the policies are
updated according to task and labeller-specific reward mod-
els.

Collecting Preference Feedback and Creating the
Preference Dataset
Preference feedback was collected for each task every
20, 000 policy steps over 10 rounds of feedback following
prior schedules (Metcalf et al. 2023; Lee et al. 2021; Lee,
Smith, and Abbeel 2021). For each feedback round we se-
lected (mp = 200) queries for labelling by the crowd rather
than (mp = 100) (Metcalf et al. 2023; Christiano et al. 2017;
Lee, Smith, and Abbeel 2021; Lee et al. 2021) to ensure
at least 100 usable crowd-labelled pairs. Only 100 behavior
pairs are used to update the reward model.

Selecting behaviors for feedback The policies take ran-
dom actions to populate their replay buffers for 1, 000 steps
and then learn on an unsupervised exploration objective for
9, 000 steps prior to selecting behavior pairs for feedback.
As no information about the tasks has yet been provided, the
policies are identical and the same behaviors are labelled for
all three tasks. Using the same behaviors allows us to un-
derstand the impact of task difficulty on the level of agree-
ment in the labels provided by a crowd. Subsequent feed-
back rounds use different sets of behaviors as the policies
are exposed to task-specific preference feedback.

Collecting Labels from the Crowd Each behavior pair
was labelled by 50 participants who were provided with a
description of successful task completion. For the task de-
scriptions, we used the walk instructions from Christiano et
al. (Christiano et al. 2017) and created similar instructions
for stand and run. The specific instructions given to the par-
ticipants can be found in the Appendix (Figure 9). Partici-
pants were asked to identify which behavior is a better ex-
ample of the specified task. The participants selected from:
(1) σ1 is preferred ([1, 0]), (2) σ2 is preferred ([0, 1]), (3)
both are equally preferred ([0.5, 0.5]), and (4) “cannot tell”,
indicating unable to label. The label assigned to a behavior
pair was the majority label, and samples for which option
(4) was the majority were discarded. For cohort details and
recruitment please see Appendix Cohort Information and
Recruitment Process.

Generating the Synthetic Labels Following Lee et
al. (Lee et al. 2021), the synthetic preference labels were cre-
ated by assigning preference to the behavior with the larger
cumulative reward, or a tie if the two behaviors had the same
cumulative return, according to the task’s hand engineered
reward function. The synthetic labels can be thought of as
oracle labels that are always optimal given the target reward
function. Our experiments use the oracle labeller as it is the
one most commonly used in PbRL research (Christiano et al.
2017; Lee, Smith, and Abbeel 2021; Liang et al. 2022; Park
et al. 2022; Liu et al. 2022).

The Policies
To compare the effects of training with synthetic and human
labels, we trained three policies for each of the three tasks

using a different reward function:

SAC on the DMC task reward standard soft actor-critic
(SAC) (Haarnoja et al. 2018) trained using the DMC re-
wards. This policy acts as a performance upper-bound.

SAC on reward function from synthetic feedback SAC
trained using the reward function inferred from the
synthetic preference labels. The type of policy that is
usually reported in PbRL works.

SAC on reward function from crowd feedback SAC
trained using the reward function inferred from the
human preference labels.

Note that it is not possible to directly compare policy per-
formance across tasks, as the stand, walk, and run tasks have
different difficulty levels for SAC (e.g., stand is easy, and run
is difficult). Therefore we evaluate policy performance using
normalized returns, detailed in Equation 3.

All policies for stand, walk, and run are trained for the
same number of steps (500, 000) and share the same net-
work architecture. While the SAC hyper-parameters differ
by DMC task, they are kept constant within a task. All orig-
inal hyper-parameters are used and specifics are given in the
Appendix Tables ??, ??, and ??.

Experiments and Results
We investigate four specific questions regarding the crowd
annotations and policy performance:

Q1. How does the performance of policies trained with the
synthetic feedback compare to those trained with crowd
feedback?

Q2. How well do human and synthetic preference labels
agree?

Q3. Is human and synthetic labeller agreement necessary for
aligned policy performance?

Q4. What is the relationship between inter-annotator agree-
ment and policy performance?

The performance of each policy is evaluated according to
the DMC task reward function, which is used to generate
the synthetic labels and is distinct from the reward function
used to train the policy. For each policy we show its learn-
ing curve, which plots the mean, and standard error from
the mean return per episode (1, 000 steps). Additionally, for
policies trained with synthetic or human feedback, perfor-
mance is evaluated relative to SAC performance trained with
the DMC ground-truth reward function. A single score per
policy is computed as the mean normalized returns over the
course of policy training:

NR(r̂ψ) =
1

T

∑
t

rψ(st, at, π
r̂ψ
ϕ (ot))

rψ(st, at, π
rψ
ϕ (ot))

, (3)

where NR is the mean normalized returns, rψ is the DMC
task reward for the given state st, and action at, at time t,
π
rψ
ϕ is the policy trained with the DMC task reward, πr̂ψϕ is

the policy trained with the learned reward, and T is the total
number of policy training steps. The closer the normalized
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Figure 3: Policy learning curves for stand, walk and run. For each task, three lines are plotted: SAC from the DMC task
reward, SAC from synthetic feedback, and SAC from crowd feedback. SAC on the DMC task reward shows the expected upper
bound on policy performance. The mean and standard error DMC task return plotted over 10 random seeds per episode. The
dashed vertical lines mark policy steps at which feedback is given.

return is to 1.0 the better a policy was able to recover ideal
performance.

To better understand the crowd annotations, we use two
metrics to analyze inter-annotator agreement. First, Fleiss’ κ
measures inter-annotator agreement (Fleiss 1971) using the
interpretation of κ proposed by Landis and Koch (Landis
and Koch 1977). Second, to establish the level of agreement
for a single behavior pair, we use the normalized L2 similar-
ity between the distribution of annotations and the uniform
distribution representing a tie ([0.5, 0.5]):

agreement = α

(
∥x∥2
∥u∥2

− 1

)
, (4)

where x is a normalized histogram of d votes: x ∈
[0.0, 1.0]d and

∑d
i=0 xi = 1.0, u is a uniform histogram

of d dimensions [1/d, 1/d]), and α =
√
2− 1 is a normaliz-

ing constant to keep the agreement between 0.0 and 1.0. The
agreement is zero when the votes are uniformly distributed,
and 1.0 when x is a one-hot histogram of votes.

After each feedback round, we assess the sensitivity of
the reward model and the policy to the preference triplets in
the preference dataset. We create 10 versions of the prefer-
ence dataset by randomly sub-sampling 100 out of the 200
preference triplets from the human feedback. Across feed-
back rounds the maximum number of rejected behavior pairs
(those with a majority “cannot tell” vote) was 27 resulting
in at least 173 labelled trajectory pairs from which to sub-
sample. The choice of preference triplets impacts r̂ψ , which
in turn impacts πr̂ψϕ .

Synthetic and Crowd End-to-End Policy
Performance
We compare training a policy end-to-end on the stand,
walk, and run tasks with crowd labels against training

Steps Label Stand Walk Run

0 - 190k H 0.59 (0.12) 0.56 (0.14) 0.40 (0.18)
S 0.60 (0.19) 0.54 (0.28) 0.42 (0.27)

190 - 500k H 0.61 (0.03) 0.80 (0.03) 0.53 (0.03)
S 0.96 (0.03) 0.91 (0.03) 0.60 (0.05)

0 - 500k H 0.60 (0.08) 0.71 (0.14) 0.48 (0.13)
S 0.82 (0.21) 0.77 (0.25) 0.53 (0.19)

Table 1: PbRL policy normalized returns (across 10 random
seeds) for the stand, walk, and run tasks learned for
500, 000 steps with human labels versus synthetic labels. H
refers to human and S to synthetic preference feedback.

end-to-end with synthetic labels. Since behaviors that get
selected for labelling depend on the state-actions the agent
visits, which in turn depend on the current reward function,
human and synthetic trained policies each will have been ex-
posed to different datasets after the first round of feedback
The policy learning curves are shown in Figure 3, the nor-
malized returns in Table 1, and the agreement between the
crowd and synthetic labels per feedback round are shown in
Figure 4. Take-away: Policy performance given the crowd
versus the synthetic labels is nearly identical until the last
round of feedback (at step 190, 000), at which point per-
formance diverges and the policies trained from the crowd
under-perform those trained with the synthetic labellers.

Take-away: The drop in performance after the last round
of feedback suggests the crowd is not able to guide the policy
as well as the synthetic labellers once the examples behav-
iors become similar to the target behavior, consequentially
the reward functions learned from the crowd did not gen-
eralize as well to the unseen behaviors with high similarity
to the target behavior, and conclusions about policy perfor-
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Figure 4: The degree of label matching between the human
and synthetic labellers per feedback round for each task.

mance drawn from experiments using the proxy synthetic
labels do not directly generalize to human labels.

An example for each of the stand, walk, and run be-
haviors learned from human feedback are given in Figure 2.
Interestingly, the behavior for walk is actually a run as in
the second frame both feet are off the ground. For the run
behavior, it is difficult to tell if both of the agent’s feet leave
the ground at the same time. If both feet do not come off
the ground at the same time, technically, the walk and run
behaviors may be flipped.

Crowd and Synthetic Label Matching The degree of la-
bel matching between synthetic and crowd feedback is as-
sessed by assigning a synthetic label to each crowd-labeled
behavior pair and evaluating how frequently the human and
synthetic labels are the same (e.g., both the human and syn-
thetic label express a preference for behavior one). Figure 4
shows the changes in label matching over the course of pol-
icy training. In general, there is strong label matching be-
tween the synthetic and human preference labels indicating
that the synthetic labels are a decent proxy. However, the de-
gree of label matching depends on the task and the feedback
round. The walk task has the highest label matching be-
tween the crowd and synthetic labels, with run having the
second highest agreement, and stand the least. For both
stand and run there is a large drop in human-synthetic la-
bel matching in the second round of feedback with a smaller
drop for walk. There is a drop in walk human-synthetic
label matching for the last two rounds of feedback, which
is roughly when the policies trained from crowd versus syn-
thetic feedback begin to diverge. In contrast, both the run
and stand tasks have a slight increase in human-synthetic
label matching and have lower standard deviation in policy
performance. Take-away: The results further support that as
policy performance approaches the target behavior, people
are less able to guide the policy closer to the target behavior
through preference feedback than the synthetic labeller.

Comparing Synthetic and Crowd Labels: First
Feedback Round
Given the differences in policy performance with human
versus synthetic labellers, we directly compare the effects

Task Human NR Synthetic NR NR Difference

stand 0.66 0.54 0.12
walk 0.87 0.69 0.18
run 1.01 0.96 0.05

Table 2: Policy normalized returns (NR, cf. Equation 3) for
the stand, walk, and run with human versus synthetic
feedback. After updating each reward function, a policy was
trained for 20, 000 steps, and then the normalized returns are
calculated. Mean are reported for each task over 10 random
seeds.

of the synthetic and crowd labels on policy performance.
To that end, we evaluate the policy performance after the
first round of feedback when the behavior pairs are identi-
cal both across tasks and labeller conditions. After the first
10, 000 policy steps, 200 behavior pairs were sent to the hu-
man crowd. For each behavior pair, the crowd labelled which
behavior was a better example of stand, of walk, and of
run. In total, 27 behavior pairs were marked as cannot la-
bel and were removed from each task’s preference dataset.
Each remaining behavior pair was then labelled by the syn-
thetic labeller. The synthetic and crowd preference datasets
were used to learn separate reward functions and subsequent
policies (following Section Preference-based Reinforce-
ment Learning). We repeated this process for each task,
and trained for 20, 000 steps. The resulting normalized re-
turns are shown in Table 2.

At early stages of policy training when the behaviors are
mostly unstructured, the crowd feedback results in better
policy performance than the synthetic feedback, as shown
in columns Human NR and Synthetic NR of Table 2. Refer-
ring back to the results in Section Synthetic and Crowd
End-to-End Policy Performance, human feedback quality
decreases during final feedback rounds. Take-away: Human
feedback outperforms synthetic feedback earlier in training
when the behaviors are furthest from the target behavior and
appear mostly random as opposed to later in training when
the example behaviors are more similar to the target behav-
ior.

As shown in column NR Difference in Table 2, the walk
task has the highest relative policy performance gains from
human feedback followed by stand and then run, an or-
dering which aligns with how effectively SAC trained on
the DMC reward is able to learn each task. Therefore, we
conclude that the “easier” the task, the higher the difference
between human and synthetic feedback. Take-away: Tasks
that are “easier” for the policy are also “easier” for people to
assess behavior quality.

Next, we examine the frequency with which the crowd
majority vote and synthetic labels match per behavior pair
and observe more label matching than not between the
crowd and synthetic labels with 0.71 label matching for
stand, 0.75 for walk, and 0.58 for run. The greatest
amount of label matching occurs for the walk followed by
stand and then run. This ordering aligns the task diffi-
culty according to SAC performance with the DMC reward
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Figure 5: Violin plots displaying the distribution of human
and synthetic labels from the first round of feedback. La-
bels are evaluated for the strength with which they indi-
cate a strong behavior preference (1.0) versus a tie (0.0) via
the normalized L2 agreement (Equation 4) between the la-
bel and the uniform distribution ([0.5, 0.5]). “Resp. Dist.”
indicates the degree of inter-annotator agreement and how
strongly one behavior was preferred by the crowd over an-
other.

and the difference between human and synthetic label nor-
malized returns (see Table 2 – the lower the label match-
ing the smaller the performance gap. Take-away: These re-
sults lead us to conclude that easier tasks have more label
matching between crowd and synthetic labels and strong la-
bel matching is not necessary for policy performance to be
aligned between the two label sources (e.g., run).

Crowd and Synthetic Label Agreement We were sur-
prised to find a gap in policy performance between the crowd
and synthetic labels. Consequently, we examine the types
of labels the crowd and synthetic labellers each assign. La-
bel types are considered to exist on a range from expressing
a strong preference to expressing no preference. The votes
and the labels are, therefore, scored based on how strong of
a preference they convey by computing similarity to the uni-
form distribution using the normalized L2 agreement (Equa-
tion 4). The stronger the preference, the more dissimilar to
the uniform distribution and the closer the score is to 1.0. We
compare the crowd response (votes per response), the crowd
majority label, and the synthetic label distribution across be-
havior pairs for each task (see Figure 5).

Across tasks there are large differences between the types
of labels assigned by the crowd (“Human”) and synthetic
(“Synthetic”) labeller. Unlike the crowd, the synthetic la-
beller never assigns a single tie and therefore provides only
strong preferences. For all tasks, the crowd provides label
types indicating no preference (a tie) with most labels in-
dicating a preference. We find that the proportion of tied
behavior pairs and strong preference behavior pairs is sim-
ilar for all tasks. The crowd expresses a weak preference
(less than 0.4) for the majority of behavior pairs. For walk
and run the majority of responses do not indicate a strong
preference behavior pairs and for stand the majority of re-
sponses have a slight preference over behavior pairs. Take-
away: These results suggest that, for the first round of feed-
back, the human labels outperform the synthetic labels due
to having weaker preferences, indicated by providing tie la-
bels.

Assessing Inter-annotator Agreement and
Preference Strength

Given the prevalence of weak preferences (low inter-
annotator agreement) in the first round of feedback, we
explore how inter-annotator agreement changes over the
course of policy training. To analyze inter-annotator agree-
ment, we examine the distribution of votes over the four pos-
sible responses the crowd participants can select from. We
find that at the beginning of policy training, inter-annotator
agreement is poor (Fleiss’ κ ≈ 0.1) and at the last round
of feedback inter-annotator agreement is moderate (Fleiss’
κ = 0.45) when computed across all tasks (see Figure 6).
Conversely, policies trained from human feedback outper-
form those trained from synthetic feedback at the start of
training, but not at the end.

To better understand the spread of inter-annotator agree-
ment over the 200 behavior pairs, we make use of the L2
normalized agreement (Equation 4). Figure 7 shows that
as policy training progresses, inter-annotator agreement in-
creases. How inter-annotator agreement changes depends on
the task. For example, by the eighth round of human feed-
back walk and run have approximately the same number
of samples with low and high scores, whereas for stand
the majority of samples have high inter-annotator agree-
ment. The final rounds of feedback have the highest de-
gree of inter-annotator agreement and are where human and
synthetic policy performance diverge. (Take away) Strong
inter-annotator agreement does not guarantee strong policy
performance.

Inspecting Figure 8 we can see that in addition to an over-
all increase in inter-annotator agreement over the course of
policy training, the number of ties (i.e., the density around
0.0) decreases slightly. The shift in inter-annotator agree-
ment and prevalence of tie labels suggests that the prefer-
ence selection task becomes easier over the course of pol-
icy training, possibly due to the behavior pairs more fre-
quently containing one behavior that is a better example
of the target behavior. Moreover, Figures 6 and 8 suggest
the increase in agreement is driven by increases in a prefer-
ence for one behavior over another (rather than an increase
in ties). However, the shift in crowd labels indicates behav-
ior preference differs between tasks. For stand, the crowd
responses steadily shift to preferring one behavior over an-
other, whereas for walk and run, ties and behavior prefer-
ences appear equally common in the last feedback round. In-
terestingly, for walk and run, there is a decrease in preva-
lence for tie labels until policy step 90, 000 at which point
there is an increase, and then a steady decrease until the last
feedback round at policy step 190, 000. This difference in
ties for walk and runmay be due to the task difficulty: with
the DMC task reward, SAC takes longer to learn to walk
and run than to stand. Further, we see that the number of
labels indicating a tie at first decrease for all three tasks and
continue to decrease for stand, but start to increase again
after policy step 110, 000 for walk and run (that is, the
bottoms of Figure 8 grow thicker).
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Figure 6: Fleiss’ kappa for each round of feedback at 10k,
30k, 50k, 70k, 90k, 110k, 130k, 170k, and 190k policy steps
for each task. Each point in the graph is the Fleiss’ κ score
for responses by 50 participants to 200 preference-selection
samples.

Figure 7: The distribution of inter-annotator agreement
scores per round of human feedback for the stand (top), walk
(middle), and run tasks (bottom). Agreement is computed
for each behavior pair using the normalized L2 distance
(Equation 4) between the distribution of responses and the
uniform distribution. The violin plot at each round of feed-
back covers responses from 50 participants on 200 behavior
pairs, where each response selects one of four classes.

Using Inter-Annotator Agreement to Select
Reward Function Training Samples
Given the co-occurring drop in policy performance and in-
crease in inter-annotator agreement at the end of training,
we investigate whether selecting the reward function’s train-
ing samples (preference triplets) using inter-annotator agree-
ment leads to better policy performance. To this end, we
train a policy for each task on the top and bottom 100 be-
havior pairs according to inter-annotator agreement (Equa-
tion 4).

We remark that at the first round of feedback, roughly
30 behavior pairs have moderate inter-annotator agreement
(measured using Fleiss’ κ) of 0.49 for stand, 0.54 for walk,
and 0.49 for run. Note that as 27 behavior pairs were rejected
by participants, 27 behavior pairs overlap between the 100
top and bottom behavior pairs (almost one third).

Figure 8: The spread of the crowd labels ranging from tie to a
strong behavior preference over the source of policy training
and feedback rounds for stand, walk, and run.

Task Highest Agreement Random Lowest Agreement

stand 0.55 0.66 0.44
walk 0.56 0.87 0.49
run 1.08 1.01 0.87

Table 3: Normalized returns on policies trained after 30k
with one round of reward learning where the reward was
trained with 100 behavior pairs selected with the highest
inter-annotator agreement (Equation 4), the lowest, or se-
lected randomly.

Take-away: The results in Table 3 demonstrate that se-
lecting annotations by highest inter-annotator agreement is
not an optimal strategy. Random sub-sampling outperforms
highest agreement sub-sampling in stand and walk, and is
within a standard deviation for run. On the other hand,
as expected, selecting annotations by lowest inter-annotator
agreement results in clearly worse policies for all three tasks.

Conclusion and Future Work

In this work, we set out to validate the use of “perfect” syn-
thetic preference labellers in place of human labellers dur-
ing the development and evaluation of PbRL algorithms. We
present evidence that human and synthetic labellers produce
similar, but not identical, policy performance. Specifically,
human feedback results in policies that perform better at the
start of training and synthetic feedback policies that perform
better at the end of training. The gap in policy performance
at the end of policy training is especially concerning as it
means the human guided reward functions do not capture the
target behavior as well. Therefore conclusions about the per-
formance of PbRL algorithms that rely on synthetic labellers
may not generalize to human labellers. However, until the
final feedback round conclusions drawn from experiments
using synthetic labellers are likely to generalize.
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Appendices
Human Preference Feedback Instructions
The annotator instructions are given in Figure 9.

Crowd Information and Recruitment Process
The participants were recruited through an internal crowd
sourcing annotation platform. Tasks were submitted to the
platform specifying that the ability to read English was a re-
quirement, the number of evaluations needed per data point,
the geographical regions the tasks should be posted to, and
the expected completion time for each evaluation. Partici-
pants were then able to decide whether to provide evalua-
tions for the task, they were allowed to stop providing eval-
uations at any point without any penalty, and were compen-
sated per evaluated preference pair based on the expected
completion time. The platform continued to post the task un-
til all preference pairs were evaluated the requested number
of times. No individual was able to provide multiple evalua-
tions for the same data point. Participants were not guaran-
teed to annotate all preference pairs in the task.

The crowd sourcing platform was designed to maintain
participant anonymity. Therefore, we do not have access
to any biographical data about the participants. Participants
were recruited from countries spanning North American,
Europe, and Asia. Participants spanned a total of 46 unique
countries with a mean of 6090 (stdev=8685; min=299;
max=39748) annotations per region. Evaluations were pro-
vided by 2033 unique participants with a mean of 138
(stdev=166; min=1; max=1897) annotations per participant.

Preference-based Reinforcement Learning
Hyper-parameters
The hyper-parameters used to train the policies and the re-
ward model follow those used in (Haarnoja et al. 2018) for
SAC and (Metcalf et al. 2023) for PEBBLE.

(a) Instructions for stand.

(b) Instructions for walk.

(c) Instructions for run.

Figure 9: The instructions given to participants for the pre-
ferred behavior selection task. At the top of information how
to complete the task is given (e.g., only consider behaviors
you see in the video) followed by a description of what it
means to complete the target behavior. Below the instruc-
tions videos of the two videos are presented side-by-side.
Below the videos is the question posed to participants and
the response options for participants to choose between. par-
ticipants are only able to select one of the four possible re-
sponses and make their selection by clicking the response
button.
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