Under review as submission to TMLR

Active Teacher Selection for Reward Learning

Anonymous authors
Paper under double-blind review

Abstract

Reward learning techniques enable machine learning systems to learn objectives from human
feedback. A core limitation of these systems is their assumption that all feedback comes from
a single human teacher, despite gathering feedback from large and heterogeneous populations.
We propose the Hidden Utility Bandit (HUB) framework to model differences in teacher
rationality, expertise, and costliness, formalizing the problem of learning from multiple
teachers. We develop a variety of solution algorithms and apply them to two real-world
domains: paper recommendation systems and COVID-19 vaccine testing. We find that Active
Teacher Selection (ATS) algorithms outperform baselines by actively selecting when and which
teacher to query. Our key contributions are 1) the HUB framework: a novel mathematical
framework for modeling the teacher selection problem, 2) ATS: an active-learning based
algorithmic approach that demonstrates the utility of modeling teacher heterogeneity, and
3) proof-of-concept application of the HUB framework and ATS approaches to model and
solve multiple real-world problems with complex trade-offs between reward learning and
optimization.

1 Introduction

Specifying objective functions for machine learning systems is challenging, and misspecified objectives can be
hacked (Pan et al., 2022} |[Skalse et al., |2022)) or incentivise degenerate behavior (Zhuang & Hadfield-Menell,
2020; [Thomas & Uminsky, [2020)). Reward learning techniques such as reinforcement learning from human
feedback (RLHF) enable state of the art ML systems to instead learn appropriate objectives by observing
and interacting with human teachers (OpenAll 2023} |Anthropic, 2023; [ Touvron et al., |2023; |Googlel [2023).
However, almost all deployed systems still rely on a single-teacher assumption: they assume feedback is
generated by one canonical human teacher with fixed noise properties, even though in practice it is aggregated
from a large, heterogeneous pool of humans. For example, [Stiennon et al.| (2020), [Bai et al. (2022]) and
Ouyang et al.| (2022)) assume that all feedback comes from a single teacher, despite finding that annotators
and researchers actually disagree 23% to 37% of the time.

This mismatch between formalism and reality is becoming increasingly problematic. In realistic settings, the
humans that teach Al systems vary in expertise, attentiveness, and capabilities, annotation platforms mix
crowdworkers with domain experts, and safety-critical systems must weigh the benefits of high-quality experts
against their higher cost and scarcity. Prior work shows that reward learning is highly sensitive to incorrect
assumptions about feedback generation (Hong et al., 2022; Freedman et al., 2021; |Skalse & Abate, 2022;
Milli & Dragan), 2020)), and in particular that unrecognized heterogeneity in teacher rationality and context
can significantly distort learned reward functions (Shirali et al., 2025; |Daniels-Koch & Freedman) [2022).
Nevertheless, current systems lack a framework for modeling differences between teachers and reasoning
about which teacher to query for feedback when to query at all.

We formalize and study this teacher selection problem: given access to multiple teachers with different levels
of reliability and cost, how should a reward-learning agent decide which teachers to query when? Good
solutions must balance taking actions to gather utility according to the current reward model and querying
teachers to improve that reward model, and determine when to query expensive, highly accurate teachers
over cheaper, noisier ones. We address this gap by introducing the Hidden Utility Bandit (HUB) framework
for reward learning from multiple teachers (Section . A HUB instance consists of a set of items with utility
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Figure 1: A simple Hidden Utility Bandit (HUB) with two arms and two teachers. The agent pulls the first
arm, observes an apple, and receives the apple’s utility of 8 without observing it. The agent then pulls the
second arm, observes a banana, and receives the banana’s utility of 2 without observing it. Because these
utilities are hidden, the agent foregoes the opportunity for utility on the third timestep to ask the expert
teacher which fruit is better. The expert replies that apples are better than bananas, so the agent pulls the
first arm to maximize apples for all remaining timesteps.

values that are hidden from the agent (but visible to teachers), a set of arms that stochastically produce
items when pulled, and a set of teachers with a shared but unknown utility function. Figure [I]shows a sample
solution to a simple HUB problem.

The HUB framework strictly generalizes standard multi-armed bandits by making arm utilities latent and
learnable only through teacher feedback (Section , while remaining more structured and tractable than fully
general cooperative inverse reinforcement learning formulations (Section. We derive upper and lower bounds
on the number of teacher queries needed to recover the hidden utilities with high confidence, characterizing
how query complexity scales with teacher noise, the number of items, and the required confidence level
(Section [4.2). We deliberately assume that the utility function parameter space is small enough to compute
precise Bayesian belief updates, even though in practice reward functions are often approximated by neural
networks. This allows us to isolate the effect of teacher selection on inference and downstream performance
without conflating it with optimization or function-approximation issues.

Building on this formalism, we propose Active Teacher Selection (ATS), a class of solution methods that
convert the HUB to a partially observable Markov decision process (POMDP) and make teacher selection
part of the planning problem (Section . ATS maintains a belief over utilities and arm outcome distributions
and uses a Monte Carlo tree-search planner (POMCPOW) with tailored rollout policies to select actions that
approximately maximize expected discounted utility. Unlike naive two-phase procedures that first gather
feedback and then exploit a fixed estimate, ATS interleaves exploration and exploitation, naturally trades
off cost against accuracy across teachers, and does not require problem-specific exploration schedules or
hand-picked “reference” teachers. We also show how to estimate teacher rationality parameters from empirical
preference data, so that ATS can operate even when teacher noise levels are not known a priori (Section .

Since there are no existing solutions to the novel HUB problem, we introduce multiple families of baseline
methods and evaluate these against ATS on a realistic recommendation task in Section @ ATS outperforms
methods with fixed exploration windows, demonstrating the usefulness of selecting when to query teachers,
and ATS with specific teacher selection outperforms general teacher selection, demonstrating the usefulness of
selecting which teacher to query. As a proof-of-concept, we also demonstrate application of this framework to
the real-world problem of evaluating COVID-19 vaccines with expensive and unreliable tests in Section[§] Our
HUB framework and ATS algorithm demonstrate the importance of leveraging differences between teachers
to learn accurate reward models and will facilitate future work on scalable reward learning algorithms that
learn accurate, robust and value-aligned models from diverse teachers.

2 Preliminaries

Reward Learning The goal of reward learning is to estimate a function U:7—-U mapping alternative
items from the set Z to scalar utility or reward values in settings where they cannot be observed directly.

1Code to reproduce our experiments is available at github.com/[redacted] /ATS.
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We focus on the most common type of reward learning, preference learning, in which the reward function
is inferred from human preference comparisons between pairs of alternatives. For example, the teacher in
Figure [1| compares the alternatives {apple, banana} and selects apple. The AI can then infer that apple likely
has higher reward.

Because human teachers can make mistakes, they are typically modeled as noisily rational, choosing alternative
i1 over j with probability Pr(i > j) rather than deterministically. In the reward learning literature, human
feedback is most often modeled as Boltzmann-rational (Rajkumar & Agarwall 2014; [Jeon et al., |2020)), where
the probability that a teacher with rationality parameter § € [0, 00) prefers item 4 to j is:

exp(SU(i))
exp(BU(i)) + exp(BU(j))”

where U : T — R gives the true utility of all items in set Z. While Boltzmann-rationality does not fully model
all nuances of human decision-making (Lindner & El-Assady 2022)), it does capture the important property
that humans are more likely to make mistakes when |U(:¢) — U (j)| is small and therefore the comparison is
harder (Barnett et al., |2023]), which likely accounts for its empirical success and pervasive use in practice. It
is now the dominant model for safety finetuning large language models (see for example (Bai et al., [2022])),
so we will use it in this work.

Pr(i > j; 3,U) = (1)

While existing reward inference work typically assumes that the teacher rationality hyperparameter 3 is known
we find this to be an unrealistic assumption, and therefore show how to infer an estimate B in Section
Reward learning systems also typically assume that all feedback is generated by a single Boltzmann-rational
teacher model as described in Equation [1} despite differences in teacher expertise (Daniels-Koch & Freedman),
2022) or context (Pitis et al., [2024} |Siththaranjan et al., |2023)). In this work we relax this assumption,
modeling differences between teachers and the process of selecting between them.

Teacher Selection Given a set of different teachers, the reward inference agent must choose which teacher(s)
to query so as to accurately infer the underlying reward function ¢. We develop a framework to formalize this
problem in Section [@] building off of the related frameworks of multi-armed bandits and partially-observable
markov decision processes.

Multi-armed bandits (MAB) are stateless sequential decision-making problems (Robbins| [1952) that model
choices between fixed sets of alternatives. At each timestep the agent chooses one of K arms, each with
a distribution over utilities. When the agent pulls arm k& € K, it receives utility sampled from arm k’s
distribution u ~ D¥. The agent’s goal is to maximize its expected cumulative utility. Our framework is
similar, though arm utilities are hidden (as in many real-life applications), and the agent must learn about
them from teacher preferences (as in reward learning).

Partially observable Markov decision processes (POMDPs) are sequential decision-making problems where
elements of the world state (in this case, the underlying reward function i), can be hidden from the
agent (Littman et al)|[1995). A POMDP problem is a tuple (S, A, T,R,O,Q,~), where S and A are the
state and action spaces, 7 and R are the transition and reward functions, and + is the discount factor. At
time ¢, the agent begins in state s;, takes action a;, transitions to state s;;1 determined by T (s, a;) and
receives reward 1 = R(s¢, at, St+1). Rather than observing states directly, the agent observes an observation
wi+1 from the observation space O determined by the observation function (s;41,a;). A POMDP solution
is a policy that balances inferring the underlying state and acting in the environment to maximise expected
cumulative reward.

While calculating this solution is typically intractable, approximate POMDP algorithms can perform well.
Partially observable Monte Carlo planning (POMCP) algorithms produce time-efficient online solvers that
form a belief tree of fixed depth then use rollouts to estimate the values of the leaf nodes (Silver & Veness|
2010). In this work we will show how to formulate the teacher selection problem as a POMDP, then solve it
using partially observable Monte Carlo planning with observation widening (POMCPOW), a POMCP-style
algorithm that uses a weighted particle filter to efficiently produce approximate solutions for problems with
large state spaces (Sunberg & Kochenderfer, |2018). We develop problem-specific rollout policies to customize
POMCPOW in Appendix [9]
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3 Related Work and Contributions

To the best of our knowledge, the teacher selection problem is novel and so there are no pre-existing solutions.
However, related work studies learning from heterogeneous teachers, aggregating differing teacher values, and
human-AT cooperation on assistance problems. We overview research in each of these areas, discuss their
relationship to our formalism and algorithms, and then outline the novel contributions of this work.

3.1 Related Work

Teacher Heterogeneity Several prior papers model teacher heterogeneity in reward inference, but few
of these models permit active teacher selection. [Siththaranjan et al| (2023) model teacher populations
as distributions rather than collections of individuals, which prevents selecting individual teachers.
finetune reward models to consider information about context that may cause variation in
annotator preferences and [Poddar et al| (2024) learn individual latent variables for each user, but these
assume that the context or user is fixed. [Shirali et al.| (2025]) prove that it is impossible to represent a
mixture of Boltzmann-rationality models (representing a set of diverse population of teachers) with a single
Boltzmann model, underscoring the importance of modeling teacher heterogeneity, but assume that the
teacher distribution is already chosen.

The HUB framework differs from this prior work along three axes. First, it models teachers as individuals
with distinct rationality and cost parameters, rather than as draws from a distribution as in
, enabling active selection of which teacher to query. Second, it treats teacher selection as a
sequential decision-making problem with cost-aware planning, rather than assuming the teachers are given
as in (Pitis et al] [2024), (Poddar et al] [2024), and (Shirali et al} [2025)). Third, it interleaves inference
and action as an online sequential process, rather than performing reward learning in a separate phase as

in (Siththaranjan et all [2023), and (Pitis et all] [2024), (Poddar et all [2024)).

The most closely related works are (Daniels-Koch & Freedmanl [2022) and (Barnett et al., [2023), both of which
model teacher selection amongst teachers with variation in expertise. However, [Daniels-Koch & Freedman|
use a simple heuristic for teacher selection (maximizing rationality) rather than weighing expected
informativeness against cost as the active teacher selection (ATS) algorithm we propose does. Section
discusses the limitations of this heuristic. [Barnett et al.| (2023]) develop a greedy, value-of-information-based
teacher selection algorithm that selects the teacher whose single query would most reduce expected belief
error. This myopic strategy can be understood as a single-step-lookahead approximation to ATS’s multi-step
planning. However, it operates in a pure-inference setting without arm-pulling, query costs, or an exploitation
objective. ATS extends this approach to multi-step planning in the HUB domain, which requires jointly
deciding when to gather information (explore) and when to collect reward (exploit).

Value Heterogeneity In this work, we address the case where teachers share an underlying utility function,
and differences in their preference feedback arises from differences in their expertise or context on the problem.
However, in some cases teacher values themselves vary. Fleisig et al|(2023) and |Zhang et al.| (2024]) model
value disagreement amongst human annotators, while |Siththaranjan et al.| (2023)) and |Shirali et al.| (2025])
explore the shortcomings of aggregating these diverse perspectives implicitly. Deciding how to aggregate
diverse sets of values is an open problem in social choice theory, and thus beyond the scope of this work, but
see [Conitzer et al| (2024) for discussion of how to integrate social choice theory and reward learning.

Assistance Games Assistance games are problems in which an Al system and a human must collaborate
to achieve the human’s goals (Hadfield-Menell et all [2016; Malik et al.} 2018)). The AI system cannot observe
the human’s goals directly, so optimal human behavior often involves teaching the AT Milli & Dragan| (2020)).
HUB problems can be viewed as a specific class of assistance games in which there are multiple teachers,
but they can only act (by providing feedback) when the agent requests it (by querying them). However,
assistance games are DEC-POMDPS, which are NEXP-complete and thus functionally intractable (Bernstein;
. By fixing the teacher policy and arm distributions, the HUB framework reduces the problem to
a much more tractable POMDP with a stationary transition function. Optimal AI solutions to the assistance
game balance inference and control to produce qualitatively valuable behaviors, such as only asking the
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human questions when necessary (Shah et al., |2020). Our ATS algorithm leverages this insight by actively
deciding when to query teachers, rather than doing so on a fixed schedule as in traditional reward learning.

3.2 Contributions

We state our contributions and how we overcome limitations in prior work:

1. We explicitly model differences in teacher rationality and query cost, rather than assuming that
differences in teacher feedback are due to additional "context" of arbitrary form. This model allows
algorithms to reason about tradeoffs between cost and informativeness of querying specific teachers.

2. We define the hidden wutility bandit (HUB), a novel problem formalism for the teacher selection
problem (see Section . The HUB is more expressive than a MAB, but can be converted to a
POMDP for tractability.

3. We define a procedure for estimating the teacher rationality parameter 3, rather than requiring it to
already be known (see Section [6.2)).

4. We apply active learning to develop a novel class of active teacher selection (ATS) solution methods
that leverage teacher models to efficiently trade off the informativeness of feedback and query costs
(see Section [f]).

5. We provide a case study demonstrating how to apply the HUB framework and ATS algorithm to a
real-world vaccine testing problem (see Section @

4 Hidden Utility Bandits

We design the Hidden Utility Bandit (HUB) framework to formalize the problem of reward learning from
multiple teachers. Formally, a HUB is a partially-observable sequential decision-making problem consisting
of a set of items (each with a distinct utility), a set of arms (each with a fixed distribution over items),
and a set of Boltzmann-rational teachers (each with a rationality parameter and cost). At each step of the
HUB problem, the agent chooses between either pulling an arm, observing an item sampled from that arm’s
distribution and receiving but not observing that item’s utility, or querying a teacher, receiving feedback
modulated by that teacher’s rationality parameter but incurring that teacher’s query cost.

Definition 4.1. A hidden-utility bandit (HUB) is a tuple (Z,U,C, 3, F,Q,7):

e T is aset of N items, each with a hidden utility.

o U: T = [Umin, Umax] 1S & utility function over Z, where U is the utility function space.

e C={c',c?,...,cK} is aset of K arm choices, each associated with an arm distribution D* : T — [0, 1]
giving the probability of returning each item in Z, where D = D! x D? x --- x D¥ is the joint arm
distribution space over all arm choices C.

e B={B, 8% ...,8M} is M teacher rationality parameters.

o F={f',f2,...,fM}is M teacher query costs.

e Q:ZIxZI—][0,1]is a query profile that gives probabilities of picking queries in (g)

e ~y is a discount factor.

The agent can observe Z, C, 3, F, @, and -y but cannot observe the utility function ¢ or the arm distributions
D. At each timestep t, the agent can select an arm choice ¢; € C or a teacher rationality parameter 5; € 3.
If the agent pulls an arm choice ¢; € C, it observes an item i; sampled from the arm distribution D¢ and
receives but does not observe the utility u; = U(i;). Conversely, if the agent queries a teacher with rationality
parameter ; € 3, it receives and observes an item pair (¢, 7) sampled from the query profile @), a preference
p¢ sampled from Bernoulli(P) given the probability P = Pr(i > j; 8:,U) in Equation |1} and the teacher query
cost uy = fP. In this work we use a simple query profile that selects queries randomly in order to focus on
the teacher selection problem. However, the query profile can easily be adjusted to incorporate more complex
sampling strategies.
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Paper Category Relevance Professor Rationality Cost
Application 8 Professor 1 0 0
Benchmark 5 Professor 2 0.01 0
Theory 1 Professor 3 50 0

Figure 2: Paper recommendation as a HUB problem. Paper categories (Application, Benchmark, Theory)
are items (Z), professors are teachers with rationality (8) and cost (F) parameters, conferences are arms
with distributions (D), and relevance scores are utilities (i/). The goal is to recommend the most relevant
conferences to read papers from.

The agent’s objective is to maximize the expected discounted sum of utilities E[X2° vy u,]. To do this, it
must balance querying teachers to learn about the utility function with selecting bandit arms to earn utility.
Standard reward learning systems alternate between fitting a reward model to teacher feedback and learning
a policy using the reward model on a predefined schedule. However, the HUB framework allows the agent to
interweave these processes to optimize performance.

Example: Paper Recommendation

For example, consider a recommender system tasked with recommending Al conference papers to a PhD
student. Imagine that there are three types of papers (Application, Benchmark, Theory) and three conferences
(ICLR, ICML, AAAT) that produce different distributions of paper types. Some types of papers are more
relevant to the student’s research than others, but the recommender system doesn’t initially know how to
distinguish these. Instead, it must learn which paper types are most relevant by asking professors, whose
judgements vary from completely random (B! = 0) to highly accurate (3% = 50). Each day, the system either
recommends a conference to the student, in which case a paper is sampled from that conference’s distribution,
and the system earns a hidden utility score representing that paper’s type’s relevance, or picks a professor
to ask for feedback, in which case that professor compares two paper types and provides a preference. (For
simplicity, we assume that the paper types the professor compares are chosen randomly, and that the only
cost of asking a professor for feedback is the opportunity cost of the student not reading a paper that day.)

Applying the HUB framework, paper categories are the item set Z = {A, B, T}, relevance scores are the
hidden utility function U, conferences are arm choices C = {c¢! = ICLR, ¢* = ICML, ¢® = AAAIT}, and
professors are teachers with rationality 3 = {38! = 0, 32 = 0.01, 3% = 50}. Figure [2shows an example paper
recommendation HUB problemEl In this problem, the system must learn how much more relevant Application
papers are than Benchmark papers in order to determine whether to recommend ICLR or ICML. Without
this information, the system cannot distinguish between cases where U(A) = 8 (indicating that the expected
relevance of ICLR is greater than ICML) and where U(A) = 6 (indicating the reverse). Interestingly, in this
example it will sometimes be more informative for the recommendation system to query the noisy Professor 2
over the more rational Professor 3, because the frequency with which a noisy teacher prefers a lower-reward
item over a higher-reward one gives information about the magnitude of the difference between the rewards.

4.1 Naive HUB Inference

We first propose a simple baseline algorithm: naive HUB inference (Algorithm . Naive HUB inference
explores randomly for a fixed number of timesteps T (lines 1-12), performs a frequentist estimate of the
expected utility of each arm based on those T observations (lines 13-17), then greedily selects the highest-
expected-utility arm for the remainder of the task. For example, a paper recommendation system following
the naive algorithm will randomly recommend conferences and choose professors for the first T days, pause
and calculate which conference’s papers appear to be most relevant according to the professor feedback it has
gotten so far, and then recommend only the conference that it infers to be most useful going forward.

This allows the agent to infer hidden information: the joint arm distribution D¢ = (D', D?,...  DX) (common
to stochastic multi-armed bandit problems) and utility function ¢/ (unique to the HUB). Morever, despite the

2Example relevance scores and paper category compositions were selected arbitrarily.
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Algorithm 1 NAIVEHUBINFERENCE(-)

Require: HUB (Z,U,C, 3, F,Q,7), Umin, Umax, 1 samples, 3™ of selected teacher
Initialize: frequency|c], frequency]|c][i], frequency][b][q], preferences|[b][q]

1: fort=1,...,7 do

2: if sampleUniformly({TRUE, FALSE}) then

3: sample ¢ ~ C > Sample arm uniformly at random
4: sample i ~ D¢ > Sample item from (unobserved) arm distribution
5: frequency][c] + frequency|c] + 1
6: frequency]|c][i] < frequency|c][i] + 1
7 else
8: sample b ~ > Sample teacher uniformly at random
9: sample ¢ = (i,7) ~ Q > Sample query from query profile
10: sample p ~ Bernoulli(Pr(i > 7;b,U)) > Sample preference given Equation
11: frequency/[b][q] + frequency[b][q] + 1
12: preferences|b][q] < preferences[b][q] + p
13: D°(i) + %ﬁi){i}c{]ﬂ VeeC,iel > Estimate arm distributions
14: P(b,q) + %ﬁﬂg] Vbe B, qeQ > Estimate preference probabilities
. o= 1 1 i q
15: Ajj = —gm In [P(ﬂm,qz(i,j)) 1} Vi,j €L
16: (v,y) « argmax, , [Agy] > Find indices of maximum element
17: U(Y) < Umin, U(D) [%] Ay + umin Vi € T\ {y} > Estimate utilities

simplicity of Algorithm [T} it is possible to prove that it converges to the ground truth utility function &/* and
arm distribution set DC* in the limit of infinite queries. We prove the following theorem in Appendix

Theorem 4.2. If the predicted utility function U and the predicted arm distribution DE are estimated by
ezecuting Algom'thm with T samples, then U — U* and D¢ — D as T — 0.

However, exploring randomly for a fixed number of timesteps and querying a fixed teacher may be suboptimal.
By maintaining and updating an internal belief over the hidden information, the agent can instead query
teachers only when teacher feedback is necessary to update its belief.

4.2 Query Sample Complexity

We evaluate the efficiency of learning hidden utilities U from teacher queries by computing upper and lower
bounds on teacher query sample complexity. Theorem (proved in Appendix upper bounds queries
required for a confident estimation as a function of the number of correct classifications required to learn
U, which is nontrivial to calculate but can be estimated from our naive baseline experiments (described
in Section . Theorem [4.4] (proved in Appendix lower bounds queries required to receive correct
classifications for each query pair at least once, assuming that the teacher is queried about each pair until a
correct answer is received.

Theorem 4.3. We can bound the mazimum number of teacher queries t required to learn the hidden utilities
U with ® confidence in the worst case as t < %, where T is the number of successful classifications
from teachers required to learn the hidden utilities, and p = ming a,; WB(AU)) is the worst-case teacher
accuracy.

Theorem 4.4. We can bound the minimum number of teacher queries t required to receive a correct answer
log(2)N(N-1)
2log(l1—p)

and p = ming A, Wﬂ(ﬁu)) is the worst-case teacher accuracy.

for each query pair with & confidence in the worst case as t > , where N is the number of items,

Both bounds depend on the worst-case teacher accuracy p, which is a function of the product of the teacher’s
rationality § and the utility gap A;;. In order for these bounds to be informative, p must be > 0.5. This
holds under two assumptions: (1) at least one teacher has rationality 8 > 0, which is already implicit in any
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setting where querying teachers is useful, since a fully random teacher (5 = 0) provides no information; and
(2) the query profile @ includes at least one item pair (i,7) with U4(i) # U(j), ensuring a positive utility gap
A;;. In practice, the query profile can be designed to avoid comparing items with near-identical utilities.

5 Active Teacher Selection

The Active Teacher Selection (ATS) algorithm solves the HUB problem efficiently by maintaining a belief
over the utility function and arm distributions, and choosing when to query teachers. This allows it to only
query when required for decision-relevant belief updates. This alleviates the need to set the problem-specific
hyperparameters in Algorithm [1] for exploration (") and teacher selection (™).

ATS also actively selects which teacher to query. This is useful because some teachers are “noisy” (8 < 00),
and therefore their preference probability Pr(i > j; 8,U) correlates with the difference in utility between 4
and j. This means that, for HUB problems such as the paper recommendation problem in Figure [2] it is
sometimes more informative for ATS to select teachers with lower § values (Barnett et al., [2023).

5.1 ATS Algorithm

The ATS algorithm has two phases: first convert the HUB to a simplified partially observable Markov decision
process (POMDP) (Littman et al |1995), then solve it using a Monte Carlo POMDP solver with HUB-specific
custom rollout policies.

Phase 1: Constructing the HUB-POMDP The HUB-POMDP state contains the HUB utility function
and arm distributions. The HUB-POMDP reward function gives the ezpected utility of each arm according
to this state. The full HUB-POMDP is specified in Definition

Definition 5.1. A hidden utility bandit POMDP (HUB-POMDP) is a tuple (S, A, T,R,Q,O):

o S =T x D is the state space: the state s € S is a tuple (U, D) that is fixed.
e A=CUQp is the action space: the arm choices C and teachers 3.

e T:8x A— S is the stationary transition function: T(s,a) = s Vses Vaca-
e R:S8 x A— R is the reward function:

Ris.) — | Zetl@P () ifacc
ST _pa ifacp

e Q:ZUP is the observation space: the items Z and query-preferences P =7 x Z x {0, 1}.
o O: AxQ —10,1] is the observation function:

(D) ifaecC
o= {Q(iJ)Pr(i 3BT =aU) faed

Teacher selection can be general or specific. Under specific selection, the agent chooses which teacher to
query. The HUB-POMDP’s action space contains all M teachers, A = C U 3, as shown in the HUB-POMDP
above. Under general selection, the agent chooses when to query a teacher, but as in RLHF cannot choose
which teacher to query. The HUB-POMDP’s action space is modified to contain a single general teacher
selection action, A = C U {f9}.

These alternatives offer a tradeoff: general selection reduces the state space size and computational complexity
while specific selection provides the agent with additional control over its feedback. Our experimental results
(reported in Section indicate that specific greatly outperforms general teacher selection, so we will use
ATS with specific teacher selection unless otherwise specified.

Phase 2: Solving the POMDP While exact POMDP solutions are typically intractable, approximate
POMDP algorithms often perform well. Partially observable Monte Carlo planning (POMCP) algorithms
produce time-efficient online solvers that form a belief tree of fixed depth and use rollouts to estimate leaf
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node values (Silver & Veness| 2010). POMCP with observation widening (POMCPOW) uses a weighted
particle filter to efficiently produce approximate solutions for problems with large state spaces (Sunberg &
[Kochenderfer} |2018)), so we adapt it to the HUB-POMDP with specialized rollout policies. We describe and
compare candidate rollout policies that we designed specifically for the HUB problem in Appendix [0} ATS
with the custom best arm rollout policy performs best, so we use that POMCPOW variant.

Optimality In a standard multi-armed bandit, regret is defined relative to an oracle that always pulls
the best arm. However, this definition is insufficient for the HUB problem because it does not account for
the value and cost of teacher queries. The natural comparator is the Bayes-optimal POMDP policy, which
itself queries teachers strategically. ATS inherits asymptotic convergence guarantees from POMCPOW,
meaning that as the number of simulations per decision step increases, the selected action does converge to
the Bayes-optimal action for the current belief state (Silver & Veness| 2010} |[Sunberg & Kochenderfer] [2018)).
ATS therefore approximates the optimal teacher selection and arm-pulling policy for any HUB instance, given
sufficient computation per step.

However, characterizing finite-time approximation bounds specific to the HUB-POMDP is non-trivial. It
requires jointly reasoning about the cost of information and the value of future actions, and couples the
exploration and exploitation problems in a way that classical bandit regret decompositions do not handle.
We therefore validate ATS’s finite-time performance empirically. Our experiments in Section demonstrate
that it outperforms baselines with practical computation budgets.

5.2 Empirical Performance

We evaluate active, naive and random algorithms on the paper recommendation HUB task described in
Section ] We find that, while both active and naive algorithms successfully identify the most relevant
conference in expectation (Figure , ATS with specific teacher selection best balances querying teachers
with recommending papers, achieving the highest average discounted cumulative reward (Figure , and
most accurately learning relevance scores (Figure @) In further experiments, we compare rollout simulation
policies (Appendix [9)), and examine the impact of varying teacher query costs (Appendix [10).

Algorithms We fix ATS to use the best arm rollout policy and specific teacher selection for this set of
experiments. (We later compare specific and general teacher selection in Section ) To our knowledge, the
HUB problem is novel and has no solutions in prior literature, so we construct multiple families of baseline
methods (random and naive) for comparison. Random algorithms select actions uniformly at random from a
given set. We evaluate a random algorithm that selects actions from the entire action space, as well as one
that selects only arms.

Naive algorithms choose randomly amongst pulling arms and querying the selected teacher for T timesteps,
use these observations to estimate the arm distributions and utility function (using Algorithm , then pull
the arm with the highest estimated expected utility at each timestep. This baseline is chosen to represent
the dominant approach in current RLHF practice: collect a fixed batch of human preference data, fit a
reward model offline, then deploy a policy trained on that model. Although prior work has advocated
for online iterative RLHF (Dong et all [2024)), most deployed systems still follow this pre-collected-data
paradigm (Kaufmann et al} 2024} [Casper et al.|[2023). The performance gap between ATS and naive baselines
demonstrates the benefit of replacing this rigid schedule with adaptive interleaving of inference and action.

Experiments We evaluate all algorithms for 25 runs of 1000 steps on 20 paper recommendation tasks.
Each task is a HUB with Z, C, and 8 as described in Section EI and a unique tuple (U, DC). U and D are
discretized, and each task’s (U, D) is chosen such that ¢! has the highest expected relevance (E[U(i ~ ¢!)] >
E[U(i ~ ¢?)] > E[U(i ~ ¢*)]) and all paper distributions are different and non-deterministic (D7 # D¥ V; rec
and D°(i) # 1.0 Vsez cec). Naive algorithms require problem-specific hyperparameters 8 and T', so for these
experiments we select the intermediate of 3 teachers (3™ = %) and test a range of exploration horizons
(T € [50,100,200]).
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Figure 3: Comparison of ATS, naive and random algorithms. ATS best maximizes discounted reward (a)
and identifies the highest-reward arm more often than most baselines and comparably with Naive[100] and
Naive[200], which explore more and earn less reward (b). ATS initially queries teachers less often than naive
baselines, but continues querying teachers throughout the episode (c). All data is averaged across 25 runs on
20 HUB problems and smoothed over 10 steps.
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(a) L2 loss of U estimate (b) L2 loss of arm reward estimate

Figure 4: Accuracy of reward learning using ATS (with specific and general teacher selection) and naive
algorithms (with exploration parameters of 50, 100, and 200). ATS with specific teacher selection learns both
the underlying utility function (a) and the expected rewards of each arm (b) much more accurately than
ATS with general teacher selection and naive algorithms. The middle line is the median, boxes are the IQR,
whiskers are 1.5 times the IQR, and diamonds are outliers.

Results While all non-random algorithms successfully identify the most relevant conference in expectation
(Figure, ATS also learns the most accurate relevance scores (Figure , and uses this inference to earn the
highest average discounted cumulative reward on average (Figure .

Figure shows how often each algorithm learns to pull the best HUB arm and therefore recommend the
most relevant conference over the course of training. All HUB solution methods (ATS, Naive[50], Naive[100],
Naive[200]) successfully identify the most relevant conference, recommending it about three times as often as
they would if they were behaving randomly (“Random” baseline, light green line) and about twice as often as
if they were blindly recommending conferences (“Random Arms” baseline, dark green line). This indicates
that the HUB formalism can be used to accurately represent the paper recommendation problem.

While all solution methods identify the best arm, ATS does so most efficiently, querying teachers sparingly
even at the start of the task (Figure and best optimizing the HUB objective of expected discounted
cumulative reward (Figure . Moreover, ATS forms the most accurate estimates of the utility function
and expected conference relevance scores (Figure E[) after 1000 timesteps, while continuing to explore and
potentially improve this estimate by occasionally querying teachers and recommending other conferences
(Figure [5a). In contrast, Naive algorithms stop learning after their hand-specified exploration horizon
(Figure [5b)), and Random algorithms never learn at all (Figure [5c]). This demonstrates the benefits of actively
selecting when to query teachers, as in ATS, rather than following a predefined RLHF schedule.

10
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Figure 5: Mean action frequencies for various algorithms. ¢ actions are arm pulls and 8 actions are teacher
queries. Data is averaged across 25 runs of 20 HUB problems and smoothed over 10 steps.

5.3 Specific v. General selection

We further investigate the impact of actively selecting which teacher to query (“specific” selection) over having
the teacher chosen randomly (“general” selection). Standard RLHF systems do not allow the agent to select
which teacher to query and are therefore most akin to general selection. However, we find that the additional
control afforded by specific selection allows ATS to make more informative queries, and consequently to earn
higher reward.

Figure |§| compares the performance of the ATS algorithm with specific teacher selection (in which ATS can
choose which teacher to query) against general teacher selection (in which the teacher is chosen randomly) on
the conference recommendation task. Figure [6a] shows that ATS with specific teacher selection consistently
earns higher expected reward than ATS with general teacher selection across the course of training. Figure [6h]
shows that ATS with general teacher selection queries all arms roughly equally, typically failing to identify the
one with highest expected reward. The performance gap between specific and general selection demonstrates
the importance of modeling differences between teachers and actively selecting which teacher to query.
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Figure 6: Performance of ATS with specific and general teacher selection. All data is averaged across 25 runs
on 20 HUB problems, smoothed over 10 steps, and discounted with v = 0.99.

6 Case Study: Vaccine Testing

Bandit-type problems are commonly used to model medical treatment investigation, so as a proof-of-concept
we apply the HUB framework to a real-world medical problem: evaluating vaccines for COVID-19. In this
case study, the “teachers” are COVID-19 tests rather than human experts, hilighting the flexibility of the
HUB model. Some types of tests are more expensive to run than others, so we calculate testing costs.

11
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We assume that the vaccine trial has two goals: 1) identify the most effective vaccine, and 2) reduce the rate
of COVID-19 infection over the course of the trial. We find that active teacher selection is the only algorithm
to accomplish both goals. The Random Arms baseline algorithm, which vaccinates patients (“pulls arms”) at
every timestep and never runs tests (“queries teachers”), actually earns slightly higher reward on average
(likely because it avoids high testing costs). However, because it never queries a teacher, it never learns about
the underlying utility function and consequently fails to identify the most effective vaccine.

6.1 HUB experiments

COVID-19 vaccine testing is complicated by the difficulty of evaluating whether a patient is infected: many
infections are asymptomatic, and other illnesses cause similar symptoms. There are many ways to test
whether patients have COVID-19, including symptom surveys, antigen tests, and RT-PCR tests, but the
choice of which to use is nontrivial, since these alternative tests vary widely in accuracy and cost.

The HUB framework directly models these challenges. Let the item set be easily observable patient symptoms,
T = {None, Cough, Fever}. The “arms” are vaccine candidates, C = {c! = VaccineA, ¢> = VaccineB, ¢3 =
NoVaccine}, and the “teachers” are COVID-19 test types, {Survey, Antigen, RT-PCR}. Surveys are the least
accurate but least expensive, while RT-PCR tests are the most accurate and most expensive.

Experiments We fix the parameters to the values reported in Figure [7] which are derived from real-world
data and estimates. Specifically, we estimate the US dollar cost of surveys at $1.20 (accounting for 10
minutes of time at the US federal minimum wage of $7.25), antigen tests at $42, and RT-PCR tests at $62
(median prices reported by 2023))), then scale these costs by 0.05. We construct arm distributions
where patients display the most frequent and severe symptoms with no vaccination, and the least symptoms
with Vaccine A, and a utility function where symptoms that have a greater chance of indicating COVID-19
infection have lower scores. Finally, we discuss and demonstrate how to infer the teacher noise parameters (8
in Section [6.2] We evaluate all algorithms for 25 runs of 1000 steps on this COVID-19 task. U and D are
more finely discretized than in the recommendation HUB to permit more realistic values, so the resulting
HUB-POMDP has 5 times more states and is more challenging to solve.

Symptoms Utility Test Rationality Cost
None 8.0 Survey 0.36 -0.006
Cough 3.0 Antigen 1.32 -0.21
Fever 0.5 RT-PCR 2.54 -0.31

Figure 7: COVID-19 vaccine testing as a HUB problem. Symptoms (None, Cough, Fever) are items (Z),
tests are teachers with rationality (8) and cost (F') parameters, and vaccines are arms (C) with the specified
distributions over patient symptoms (D).

Results Figure [§| summarises the performance of various HUB algorithms on the COVID-19 vaccine testing
task. We find that both ATS and the Random Arms algorithm earn high reward during training (Figure [8a)),
but of these only ATS successfully identifies the most effective vaccine (¢! in Figure. Random Arms earns
high reward during training because it vaccinates at every timestep (and never pays for a test), but fails to
learn which vaccine is most effective, which is a core goal of the vaccine trial. In contrast, the Naive baselines
identify the best vaccine, but conduct excessive costly tests during training. ATS strikes the best balance,
identifying the best vaccine while conducting a minimum of costly tests.

12
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6.2 Teacher Noise Inference in ATS

RLHF systems typically assume that the teacher rationality parameters 8 are known. However, as this is
sometimes unrealistic, we show in Theorem [6.1] that 3 can also be estimated from preference data. Specifically,
given Pr(i > j; Bm,U), it is possible to etimate 3, = %,Bm, where z is a scaling factor determined by U. z is
based on the difference A;; = U(i) — U(j), so as long as the same comparison pair (i, j) is used, all teacher
rationality estimates will be on the same scale. (They can be calculated directly if A;; happens to be known
for a specific (i, j )ﬂ We prove the theorem below in Appendix

Theorem 6.1. Given two items i,j € T where U (i) < U(j) and the preference probability P = Pr(i > j; fm,U)
from E’quation we can estimate Bm as Bm =In % —1). If Ay is known, we can further calculate By, = Z-Bm,

where z = —A;jl,

We evaluate this procedure in simulation by setting 8 = {0.01,1.0}, running a random policy for 1000
timesteps, estimating {01, f2}, and scaling the estimate so that the greatest value is equal to 1.0. We observe
a mean squared error of only 0.061 across 100 simulations, indicating that this procedure is accurate.

For the vaccine testing case study, we can estimate § by gathering real-world data on the sensitivity of COVID-
19 symptom surveys (Rufino et al. 2023)), antigen tests (Harmon et al.; [2021]), and RT-PCR tests
2023), interpret this sensitivity as the probability P of the test “preferring” a patient with no COVID-19
(U = Umaqq) to a patient with definite COVID-19 (U = wpin), and let A;j = Umin — Umaz. Then we calculate
Bm for each test type using Theorem These values are reported in Figure [7] and used in our experiments.

7 Conclusion

We formalized the teacher selection problem in reward learning and proposed a solution method that actively
selects teachers based on their query cost and expertise. Our empirical results underscore the applicability of
this framework to real-world problems, as well as the importance of modeling human teachers as distinct
entities and actively choosing both when and which to query.

Scalability Our ATS algorithm uses Bayesian belief updates over discretized utility and distribution spaces,
which limits scalability to larger problems. ATS incorporates POMCPOW to solve the HUB-POMDP, which
improves scalability by using particle filtering to maintain approximate belief representations and using
progressive widening to limit the branching factor. Future work could further improve POMDP solver
scalability using variational inference and state abstraction.

3Note that it is also possible to directly add 8 to the state space of the HUB-POMDP and then solve it, but this increases
the size of the state space and makes the problem less tractable.

13
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In RLHF settings where the reward function is parameterized by a neural network rather than a discrete
utility table, extending the HUB framework would require replacing belief updates with approximate posterior
inference over network parameters (for example, using Laplace approximation or ensembles). While this is a
significant engineering challenge, the conceptual framework of modeling teacher heterogeneity and planning
over teacher queries to balance informativeness against cost transfers directly. Moreover, by making explicit
the cost-accuracy tradeoffs between teachers, our HUB framework offers a principled way to reason about
teacher selection that can inform simpler heuristic strategies at any scale.

Societal Impact While this work is intended to improve Al alignment by learning accurate, robust and
value-aligned reward models from diverse teachers, the explicit teacher modeling could be vulnerable to
bias. The HUB framework assigns rationality parameters 8 to teachers, which in practice could correlate
with demographic factors such as seniority, education, or cultural background. If rationality estimates are
biased, the system may systematically under-query certain groups of teachers, potentially excluding important
perspectives. Similarly, the cost structure could encode or reinforce existing inequities if, for example, expert
teachers are more expensive because they belong to privileged groups. Practical mitigation strategies include
fairness constraints on query allocation and auditing rationality estimates for demographic bias.

Limitations and Future Work The purpose of this work is to investigate the novel problem of selecting
teachers in reward learning, so we empirically evaluate tasks where learning the utility function is more
challenging than optimizing it. However, many real-world tasks, such as language model finetuning, also
involve challenging optimizations across enormous state spaces. Future work should combine our methods
and insights with existing work on state abstractions and hierarchical options to scale the HUB formalism
and ATS method to more complex domains.

References
Anthropic. Introducing Claude, 2023. URL https://www.anthropic.com/index/introducing-claude.

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell, Anna Chen, Nova DasSarma, Dawn Drain,
Stanislav Fort, Deep Ganguli, Tom Henighan, et al. Training a helpful and harmless assistant with
reinforcement learning from human feedback. arXiv preprint arXiv:2204.05862, 2022.

Peter Barnett, Rachel Freedman, Justin Svegliato, and Stuart Russell. Active reward learning from multiple
teachers. In AAAI Workshop on Artificial Intelligence Safety, 2023.

Daniel S Bernstein, Robert Givan, Neil Immerman, and Shlomo Zilberstein. The complexity of decentralized
control of Markov decision processes. Mathematics of Operations Research, 27(4):819-840, 2002.

Rachelle N Binny, Patricia Priest, Nigel P French, Matthew Parry, Audrey Lustig, Shaun C Hendy, Oliver J
Maclaren, Kannan M Ridings, Nicholas Steyn, Giorgia Vattiato, et al. Sensitivity of reverse transcription
polymerase chain reaction tests for severe acute respiratory syndrome coronavirus 2 through time. The
Journal of Infectious Diseases, 227(1):9-17, 2023.

Stephen Casper, Xander Davies, Claudia Shi, Thomas Krendl Gilbert, Jérémy Scheurer, Javier Rando, Rachel
Freedman, Tomasz Korbak, David Lindner, Pedro Freire, Tony Wang, Samuel Marks, Charbel-Raphael
Segerie, Micah Carroll, Andi Peng, Phillip Christoffersen, Mehul Damani, Stewart Slocum, Usman Anwar,
Anand Siththaranjan, Max Nadeau, Eric J. Michaud, Jacob Pfau, Dmitrii Krasheninnikov, Xin Chen, Lauro
Langosco, Peter Hase, Erdem Biyik, Anca Dragan, David Krueger, Dorsa Sadigh, and Dylan Hadfield-
Menell. Open problems and fundamental limitations of reinforcement learning from human feedback. arXiv
preprint arXiv:2307.15217, 2023.

Vincent Conitzer, Rachel Freedman, Jobst Heitzig, Wesley H Holliday, Bob M Jacobs, Nathan Lambert,
Milan Mossé, Eric Pacuit, Stuart Russell, Hailey Schoelkopf, et al. Social choice for ai alignment: Dealing
with diverse human feedback. arXiv preprint arXiv:2404.10271, 2024.

Oliver Daniels-Koch and Rachel Freedman. The expertise problem: Learning from specialized feedback. In
NeurIPS Workshop on ML Safety, November 2022.

14


https://www.anthropic.com/index/introducing-claude

Under review as submission to TMLR

Hanze Dong, Wei Xiong, Bo Pang, Haoxiang Wang, Han Zhao, Yingbo Zhou, Nan Jiang, Doyen Sahoo,
Caiming Xiong, and Tong Zhang. RLHF workflow: From reward modeling to online RLHF. In Advances
in Neural Information Processing Systems, 2024.

Eve Fleisig, Rediet Abebe, and Dan Klein. When the majority is wrong: Modeling annotator disagreement
for subjective tasks. arXiv preprint arXiv:2305.06626, 2023.

Rachel Freedman, Rohin Shah, and Anca Dragan. Choice set misspecification in reward inference. arXiv
preprint arXiv:2101.07691, 2021.

Google. Bard, 2023. URL https://bard.google.com/|

Dylan Hadfield-Menell, Stuart J Russell, Pieter Abbeel, and Anca Dragan. Cooperative inverse reinforcement
learning. Advances in Neural Information Processing Systems, 29, 2016.

Alexander Harmon, Celina Chang, Nol Salcedo, Brena Sena, Bobby Brooke Herrera, Irene Bosch, and Laura E
Holberger. Validation of an at-home direct antigen rapid test for COVID-19. JAMA Network Open, 4(8):
€2126931-e2126931, 2021.

Joey Hong, Kush Bhatia, and Anca Dragan. On the sensitivity of reward inference to misspecified human
models. arXiv preprint arXiv:2212.04717, 2022.

Hong Jun Jeon, Smitha Milli, and Anca D Dragan. Reward-rational (implicit) choice: A unifying formalism
for reward learning. Advances in Neural Information Processing Systems, pp. 4415-4426, February 2020.

Timo Kaufmann, Paul Weng, Viktor Bengs, and Eyke Hiillermeier. A survey of reinforcement learning from
human feedback. Transactions on Machine Learning Research, 2024.

David Lindner and Mennatallah El-Assady. Humans are not boltzmann distributions: Challenges and
opportunities for modelling human feedback and interaction in reinforcement learning. arXiv preprint

arXiv:2206.13316, 2022.

Michael L Littman, Anthony R Cassandra, and Leslie Pack Kaelbling. Learning policies for partially observable
environments: Scaling up. In Journal of Machine Learning Research, pp. 362-370. Elsevier, 1995.

Justin Lo, Krutika Amin, Imani Telesford, Lindsey Dawson, and Jennifer Kates. Prices for COVID-19 testing,
May 2023. URL https://www.healthsystemtracker.org/brief/prices-for-covid-19-testing/.

Dhruv Malik, Malayandi Palaniappan, Jaime Fisac, Dylan Hadfield-Menell, Stuart Russell, and Anca Dragan.
An efficient, generalized bellman update for cooperative inverse reinforcement learning. In International
Conference on Machine Learning, pp. 3394-3402. PMLR, 2018.

Smitha Milli and Anca Dragan. Literal or pedagogic human? Analyzing human model misspecification in
objective learning. Uncertainty in Artificial Intelligence, 2020.

OpenAl. GPT-4 technical report, 2023.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow instructions with
human feedback. Advances in Neural Information Processing Systems, 35:27730-27744, 2022.

Alexander Pan, Kush Bhatia, and Jacob Steinhardt. The effects of reward misspecification: Mapping and
mitigating misaligned models. arXiv preprint arXiv:2201.03544, 2022.

Silviu Pitis, Ziang Xiao, Nicolas Le Roux, and Alessandro Sordoni. Improving context-aware preference
modeling for language models. Advances in Neural Information Processing Systems, 37:70793-70827, 2024.

Sriyash Poddar, Yanming Wan, Hamish Ivison, Abhishek Gupta, and Natasha Jaques. Personalizing
reinforcement learning from human feedback with variational preference learning. Advances in Neural
Information Processing Systems, 37:52516-52544, 2024.

15


https://bard.google.com/
https://www.healthsystemtracker.org/brief/prices-for-covid-19-testing/

Under review as submission to TMLR

Arun Rajkumar and Shivani Agarwal. A statistical convergence perspective of algorithms for rank aggregation
from pairwise data. In International conference on machine learning, pp. 118-126. PMLR, 2014.

Herbert Robbins. Some aspects of the sequential design of experiments. American Mathematical Society, 58
(5):527-535, 1952.

Jesuis Rufino, Carlos Baquero, Davide Frey, Christin A Glorioso, Antonio Ortega, Nina Resci¢, Julian Charles
Roberts, Rosa E Lillo, Raquel Menezes, Jaya Prakash Champati, et al. Using survey data to estimate the
impact of the omicron variant on vaccine efficacy against COVID-19 infection. Scientific Reports, 13(1):
900, 2023.

Rohin Shah, Pedro Freire, Neel Alex, Rachel Freedman, Dmitrii Krasheninnikov, Lawrence Chan, Michael D
Dennis, Pieter Abbeel, Anca Dragan, and Stuart Russell. Benefits of assistance over reward learning.
NeurIPS Workshop on Cooperative Al 2020.

Ali Shirali, Arash Nasr-Esfahany, Abdullah Alomar, Parsa Mirtaheri, Rediet Abebe, and Ariel Procaccia.
Direct alignment with heterogeneous preferences. arXiv preprint arXiv:2502.16320, 2025.

David Silver and Joel Veness. Monte-Carlo planning in large POMDPs. Advances in Neural Information
Processing Systems, 23, 2010.

Anand Siththaranjan, Cassidy Laidlaw, and Dylan Hadfield-Menell. Distributional preference learning:
Understanding and accounting for hidden context in rlhf. arXiv preprint arXiv:2312.08358, 2023.

Joar Skalse and Alessandro Abate. Misspecification in inverse reinforcement learning. arXiv preprint
arXiw:2212.03201, 2022.

Joar Skalse, Nikolaus HR Howe, Dmitrii Krasheninnikov, and David Krueger. Defining and characterizing
reward hacking. arXiv preprint arXiv:2209.13085, 2022.

Nisan Stiennon, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario
Amodei, and Paul F Christiano. Learning to summarize with human feedback. Advances in Neural
Information Processing Systems, 33:3008-3021, 2020.

Zachary Sunberg and Mykel Kochenderfer. Online algorithms for POMDPs with continuous state, action,
and observation spaces. In International Conference on Automated Planning and Scheduling, volume 28,
pp- 259-263, 2018.

Rachel Thomas and David Uminsky. The problem with metrics is a fundamental problem for AL arXiv
preprint arXiv:2002.08512, 2020.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, Dan Bikel, Lukas Blecher, Cristian Canton
Ferrer, Moya Chen, Guillem Cucurull, David Esiobu, Jude Fernandes, Jeremy Fu, Wenyin Fu, Brian Fuller,
Cynthia Gao, Vedanuj Goswami, Naman Goyal, Anthony Hartshorn, Saghar Hosseini, Rui Hou, Hakan
Inan, Marcin Kardas, Viktor Kerkez, Madian Khabsa, Isabel Kloumann, Artem Korenev, Punit Singh
Koura, Marie-Anne Lachaux, Thibaut Lavril, Jenya Lee, Diana Liskovich, Yinghai Lu, Yuning Mao, Xavier
Martinet, Todor Mihaylov, Pushkar Mishra, Igor Molybog, Yixin Nie, Andrew Poulton, Jeremy Reizenstein,
Rashi Rungta, Kalyan Saladi, Alan Schelten, Ruan Silva, Eric Michael Smith, Ranjan Subramanian,
Xiaoqing Ellen Tan, Binh Tang, Ross Taylor, Adina Williams, Jian Xiang Kuan, Puxin Xu, Zheng Yan,
lliyan Zarov, Yuchen Zhang, Angela Fan, Melanie Kambadur, Sharan Narang, Aurelien Rodriguez, Robert
Stojnic, Sergey Edunov, and Thomas Scialom. Llama 2: Open foundation and fine-tuned chat models,
2023.

Michael JQ Zhang, Zhilin Wang, Jena D Hwang, Yi Dong, Olivier Delalleau, Yejin Choi, Eunsol Choi, Xiang
Ren, and Valentina Pyatkin. Diverging preferences: When do annotators disagree and do models know?
arXi preprint arXiv:2410.14632, 2024.

Simon Zhuang and Dylan Hadfield-Menell. Consequences of misaligned Al. In Advances in Neural Information
Processing Systems, pp. 15763-15773, 2020.

16



Under review as submission to TMLR

8 Proofs
8.1 State Estimation (Theorem

Theorem m If the predicted utility function U and the predicted arm distribution DC are estimated by
executing Algorithm |1 with T' samples, then U — U* and D€ — D* as T — 0.

Proof (Sketch). Since the number of arms is finite and they are pulled uniformly as T — oo, the number
of times that a given arm c* is pulled approaches infinity. Since each pull samples an item from the true
distribution DF* i.i.d., the empirical distribution DF will approach D** in the limit of infinite pulls. This
argument applies for all arms c* € C, so DC — D as T — oc. Similarly, in the limit of infinite queries,

A~

P(B, (i,7)) will approach P*(3, (i,7)) = Pr(i »= j; 8,U*), the true probability that teacher b prefers item i
over item j, as determined by Equation|l] Given 3, (4,7j) and 1’5(57 (,7)) from the first T timesteps, we can
calculate A;; = U(i) — U(j) using Equation [2| below.

_ 1

o 1+ exp(—ﬂmAij)

L [1
g [ Pr(io - s 8™, U)

Givgn A =1[Ao1,Ap2y -+ s ANN], Umaz a0d Upin, We can calculate U as described in Algorithm U —ux
as P — P*, which occurs as T — . O

Pr(i - j; 8™, U)

(2)

:>Aij:_ —1]. (3)

8.2 Query Complexity Upper Bound (Theorem [4.3)

Theorem [4.3] We can bound the maximum number of teacher queries ¢ required to learn the hidden utilities

U with g confidence in the worst case as ¢t < %, where 7 is the number of successful classifications from
teachers required to learn the hidden utilities, and p = ming A is the worst-case teacher

accuracy.

1
ij 14exp(—B(Aij))

Proof. Let X ~ NegBinom(r,p).
Let % represent the upper bound desired confidence.

We bound the maximum number of queries t required to observe r correct classifications with confidence ¥ as:

Pr(X =t;r,p) >R

E|X
% >Pr(X =t;r,p) >k applying the Markov Inequality

r(l— 1
<(p)> . <t> >R derived from the definition of the Negative Binomial Probability Mass Function
p
rd-n _,
PR

The worst case teacher accuracy is

- exp(BU(0)) |
D= R Sp(BUG) + exp(BUG)) from Eanation [}
1

=mn-—"————.
8,44 1+ exp(—BAs)
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8.3 Query Complexity Lower Bound (Theorem

Theorem [£.:4] 'We can bound the minimum number of teacher queries ¢ required to receive a correct answer
. 1 — . log(£)N(N—-1 . .
for each query pair with ® confidence in the worst case as ¢t > %7 where NN is the number of items,

and p = ming A, Wﬁ(ﬁu)) is the worst-case teacher accuracy.

Proof. We bound the minimum number of queries ¢ required to observe the correct answer ¢ > j with
confidence k as:

Pr(X > t;p) > &
(1-p)'p>k
log(%)
~ log(1 —p)

. . N(N-1 . . .. . .
Since there are N items, there are ( 5 ) unique pairs. The minimum number of queries ¢ required to
observe the correct answer for each pair with confidence k is therefore

log(Z)N(N —1)

2log(1 — p)
The worst case teacher accuracy is
. exp(BU(i))
p = min ; - from Equation
S8% exp(BU)) + exp(BU() .
1

= min ——.
B.A; 1+ eXp(_rBAij)

8.4 3 Estimation (Theorem [6.1)

Theorem [6.1] Given two items i, j € T where U(i) < U(j) and the preference probability P = Pr(i = j; B, U)
from Equation (1| we can estimate (3,, = %ﬁm as in Equation If A;; is known, we can further calculate
Bm =z Bm, where 2z = _Ai_jl'

B = 111(l - 1). (4)

Proof (Sketch). First, we define an affine mapping function f, ,(x) = az + b such that f, ,(U(i)) = 0 and
fapU(j)) =1 Lemma shows that this is always possible when U(i) # U(j) and furthermore that a = %

Let z, y be the parameters that make this mapping for these particular values of U(i) and U(j). Note that

18
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Next, suppose we have that 3/, = 183,,, it follows that:

P =Pr(i® = i'; B, U)
)
exp(BmU (7)) + exp(Bmld (7))

exp(Zz - ald (i) + Bmb)

B exp(Zz - ald (i) + Lb) + exp(Ze - ald (§) + Lmb)
exp(f, - (ald (i) +b)) iy /

= exp(Fl - (@(0) + b)) + exp(F - (@A) + B) (by definition of 7

exp (B, - fap(U()))

" exp(Bl, - far (i) + exp(B., - fan(U()) (by definition of f, ;)

(by Equation

_ exp(0) _ 1
~ exp(0) +exp(fBy,)  1+exp(B,)
Finally, solving for ], yields 5/, = %Bm = ln(% -1) = Pm=z- 1n(% —1). O

Lemma 8.1. Given any two numbers m, n € R such that m # n, there exists an affine transformation
fap : R = R that maps the greater number to 1 and the lesser number to 0.

Proof (Sketch). Suppose that m > n without loss of generality. We therefore must solve the following system
of equations: fq5(m) =am+b=1and f,,(n) = an+b=0. The solution is ¢ = =L and b= - +1,
which always exists when m # n. O

9 POMCPOW Rollout Policies

ATS solves the HUB-POMDP using partially observable Monte-Carlo planning with observation widening
(POMCPOW) augmented with a custom rollout policy for estimating the value of leaf nodes in the search
tree. We evaluate a random action rollout policy, which takes actions uniformly at random from A =C U g,
a random arm rollout policy, which chooses arms uniformly at random from C, and a best arm policy, which
calculates which arm has the highest expected utility according to the current belief b, then always chooses
that arm.

Since a utility-maximizing agent will choose arms more often if it believes them to have higher utility, the
best arm policy rollouts most closely resemble the actions the actual policy would take from belief b, yielding
the most accurate value estimates. As a result, ATS with best arm rollouts outperforms the alternatives on
the paper recommender domain, as shown in Figure [9] Results are averaged across 25 runs on 20 different
paper recommendation tasks.

300

250

150

Reward

100
——— ATS - Best Arm

50 ——— ATS - Random Arm
ATS - Random Action

0 200 400 600 800 1000
Step

Figure 9: Performance of ATS with various rollout policies. The best arm rollout policy outperforms the
random arm and random action rollout policies. All data is averaged across 25 runs on each of 20 HUB
problems, smoothed over 10 steps, and discounted with v = 0.99.
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Figure 10: ATS behavior and performance varies with teacher query costs. Data is averaged across 25 runs
on 20 paper recommendation HUB problems and smoothed over 10 steps.

10 HUB Cost effects

We investigate the impacts of teacher query cost on ATS performance by varying professor feedback costs in
the paper recommendation domain. We set linear costs F' = {—1, —2, —3} and scale them by a cost multiplier.
As in the other paper recommendation experiments, results are averaged across 25 runs on 20 different paper
recommendation tasks.

We find that ATS responds rationally to changes in costs, querying teachers more sparingly (Figure and
consequently identifying the best arm more slowly (Figure as overall costs increase. This leads to a slight
decrease in overall performance (Figure [10c]).
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