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Abstract

As large language models (LLMs) become in-
creasingly embedded in everyday applications,
ensuring their alignment with the diverse prefer-
ences of individual users has become a critical
challenge. Currently deployed approaches typi-
cally assume homogeneous user objectives and
rely on single-objective fine-tuning. However, hu-
man preferences are inherently heterogeneous, in-
fluenced by various unobservable factors, leading
to conflicting signals in preference data. Exist-
ing solutions addressing this diversity often re-
quire costly datasets labelled for specific objec-
tives and involve training multiple reward models
or LLM policies, which is computationally expen-
sive and impractical. In this work, we present a
novel framework for few-shot steerable alignment,
where users’ underlying preferences are inferred
from a small sample of their choices. To achieve
this, we extend the Bradley-Terry-Luce model
to handle heterogeneous preferences with unob-
served variability factors and propose its practical
implementation for reward modelling and LLM
fine-tuning. Thanks to our proposed approach of
functional parameter-space conditioning, LLMs
trained with our framework can be adapted to
individual preferences at inference time, gener-
ating outputs over a continuum of behavioural
modes. We empirically validate the effectiveness
of methods, demonstrating their ability to capture
and align with diverse human preferences in a
data-efficient manner. Our code is made available
at: https://github.com/kasia-kobalczyk/few-shot-
steerable-alignment.
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1. Introduction

Motivation: The need for personalisation. As large lan-
guage models (LLMs) become more integrated into daily
life, it is critical that these models align with diverse human
values and preferences. The majority of current methods for
LLM alignment via Reinforcement Learning from Human
Feedback (RLHF) (Christiano et al., 2017; Ouyang et al.,
2022) or Direct Preference optimisation (DPO) (Rafailov
et al., 2024), rely on single-objective fine-tuning, which as-
sumes uniformity in human preferences. In reality, users of
LLM-based systems often have diverse or even conflicting
goals, influenced by factors like demographic and cultural
backgrounds, cognitive processes, or implicit ambiguity in
their prompts. Such user-specific factors are often unob-
servable, leading to collected preference data containing
conflicting reward signals. When such data is aggregated
under a homogeneous Bradley-Terry-Luce (BTL) model
(Bradley & Terry, 1952), the result is equivalent to a Borda
count (Siththaranjan et al., 2024), failing to capture the
underlying diversity and learning to counterintuitive results.

The Challenge: Unknown sources of heterogeneity re-
quire new methods. To overcome the limitations of single-
objective models, researchers have explored multi-objective
alignment wherein the outputs of the LLM are guided by a
weighted mixtures of reward functions (Guo et al., 2024b;
Wang et al., 2024b; Ramé et al., 2023; Jang et al., 2023;
Wang et al., 2024c). However, these methods typically
require multiple datasets, each labelled with respect to a
specific objective (e.g., honesty, helpfulness, or safety), and
expect users to represent their preferences as a vector of
weights corresponding to the predefined set of objectives.
In cases where the sources of preference heterogeneity are
unobservable, such approaches become impractical. Addi-
tionally, existing approaches require training multiple in-
dependent reward models or even multiple LLM policies
(Chidambaram et al., 2024), one for each objective, which
can be prohibitively expensive regarding computational re-
sources and memory requirements.

Our goal: Few-shot steerable alignment. The aim of this
paper is to address the following questions: Can we infer the
underlying preferences of a user based on a small few-shot
sample of their historical preference choices? Can we train
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LLMs to align with these preferences at inference time? Our
goal is to achieve this desired form of alignment, which
we refer to as few-shot steerable, by only having access
to a dataset of preference choices collected from multiple
users acting according to diverse, but not explicitly stated
objectives while avoiding the computational costs of having
to train multiple independent reward or LLM policies.

Contributions: » We extend the standard BTL model to
account for the heterogeneous preferences across a popula-
tion of users, enabling few-shot adaptation to individualised
reward functions. » By modelling user-level reward func-
tions as samples from a stochastic process, we propose a
practical implementation of this model based on Neural Pro-
cesses (NPs) (Garnelo et al., 2018a;b). We demonstrate its
applicability in both reward modelling (NP-BTL) and direct
preference optimisation (NP-DPQO). » By introducing func-
tional, parameter-space conditioning, NP-DPO opens up the
possibility for training LLMs that can be adapted to prefer-
ences of individual users at inference time and can generate
outputs across a continuum of behavioural modes, reflecting
diverse human preferences without constraining the under-
lying factors of variability to a finite set of fixed, pre-defined
objectives nor requiring training and storage of multiple
models. » We evaluate our propose models, demonstrating
and carefully analysing their effectiveness in capturing and
aligning with heterogeneous human preferences.

2. Background & Problem Definition
2.1. Background

Standard setup. Throughout this paper, we let ) denote
the space of candidate options that users rank according
to their preferences. For any pair of options y1,y2 € Y
we use the notation y; > y» to denote that y; is preferred
over y,. Conventional approaches to preference learning
start by collecting a dataset of user preference choices D,
represented as tuples, D = {(y¥,y%)} with y%,y5 € ¥
such that y3’ > yf In the context of natural language
modelling, ) is the space of natural language. Users express
their preferences over pairs y1,y2 € ), with y1 = [z, 1],
Y2 = [x, o], Where x is a prompt common for both options
and g1, y» two distinct completions sampled from an LLM,
denoted by g1, J2 ~ 7o (-|z), where g (-|x) is the generative
distribution of the LLM, aka the LLM policy.

A standard RLHF procedure starts by learning a reward
function r : )V — R aiming to capture the utility of individ-
ual options. The higher the utility of a candidate option y,
the more likely it is that it is preferred over the alternatives.
After fitting the reward function to the dataset D, it is then
used to optimise the LLM policy 7y via reinforcement learn-
ing. Alternatively, in DPO, these two steps can be combined
into one optimisation step as (Rafailov et al., 2024).

RLHF under the BTL model. The BTL model (Bradley
& Terry, 1952) is by now a standard approach to modelling
user preferences, with the likelihood of y; > yo defined as:

p(y1 = y2) = o(r(y1) — r(y2))
_ exp(r(y1))
exp(r(y1)) + exp(r(y2))’

where r : Y — R is a reward function assumed common for
all users. Typically, r is modelled by a neural network 7
whose parameters ¢ are fitted by maximising the likelihood
of the preference dataset D. The learned reward function 7
is then used to train the LLM policy 7 by maximising:

ax By p gomy (1) [76 ()] = BD kL [mo (g])l[ et (712)],

where (3 is a parameter controlling the deviation from the
base reference policy 7.

DPO under the BTL model. Thanks to a change of vari-
ables trick, DPO (Rafailov et al., 2024) enables direct opti-
misation of the policy parameters 6 according to the follow-
ing objective:

mpx 5[l (510 TUI — 10 T,

0 (0,§,50)~D Tref (§]2) Tret (§¢|2)

Distributional Preference Learning. We note that both
methods are based on the BTL model which assumes that the
internal preferences of individual users can be summarised
well with a single reward function r. As discussed in de-
tail by (Siththaranjan et al., 2024), this approach does not
cater to diverse, potentially conflicting user preferences that
may stem from unobservable effects of the so-called “hid-
den context”. To uncover the impact of the hidden context,
Siththaranjan et al. (2024) propose distributional preference
learning (DPL)-a class of models that estimate a distribution
of possible reward values for each option rather than return-
ing simple point estimates. In particular, their proposed
mean-variance model assumes that:

p(y1 = y2) = E[1{r(y1) — r(y2) > 0}],

where 7(y) ~ N (u(y), o(y)), with both x and o modelled
as outputs of a neural network. While this model enables the
measurement of the overall variability of utilities that users
assign to a single option y, it does not solve the problem of
identifying the expected value of the utility assigned to a
given option for a given individual.

2.2. Problem Definition

Our Setup. With the focus on modelling preferences of
individual users, our setup assumes access to a pre-collected
dataset D = {D, };c7 of preference choices collected from
multiple users indexed by ¢ € Z. Each user-specific dataset,
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D; consists of a number of preference pairs represented
as tuples D; = {(y;%, yfj)}jvzfl where y;"; is the option

chosen by user ¢ and yf ; the rejected option.

The goal. Given a small, few-shot sample of preferences
expressed in a context dataset DS = {3, yf’ ])}é\’:cl, we
wish to: » 1) For any y;,y2 € Y not part of DY, predict
the probability of the user preferring y; over yo. » 2) Align
the LLM policy mg with the user-specific preferences so
that for any new prompt x, with a high likelihood, the LLM
generates content aligned with preferences of the given user.

3. Method
3.1. Stochastic Reward Modelling

We assume that users, indexed by 7, express their preferences
according to their internal reward function r; : JJ — R. We
model these functions as samples from a stochastic process.
That is, each ; = r(-; z}) for a particular value of 2z € Z,
where Z is an unknown latent space. Given a particular
value of z; and two options y;,y2 € Y, the distribution of
preferences is modelled as:

oo e(rlz)
P el = ) + etz
=0 (r(y; ) —r(y22)) 2

To address the problem of predicting user preferences for
any two previously unobserved options ¥, 2, given a con-
textual dataset DZ-C , we draw inspiration from the line of
work on Neural Processes (NPs) (Garnelo et al., 2018a;b).
An NP is a meta-learning model that learns to map contex-
tual observations to the posterior predictive distribution. In
our context, we will aim to approximate:

Mm>mmﬁ:/ﬂm>mwmwmﬁﬁi($

where p(z}|Df) is the true conditional of z; given the ob-
served context dataset D which is unknown to us. NPs
approximate it with either a variational distribution ¢(-|D)
or a deterministic map from the context dataset D to a
fixed embedding z € RY. For simplicity, we choose to
present here the latter option and model the value of the
individual reward function, conditioned on the contextual
dataset DY as:

ro(yIDY) = gs, (v, ), )
1 XS
Z’LC = h’¢e (DZC) = h¢c,2 W Z h¢c,1(y;fjj7yf,]) ’
j=1
(5)

where g4, and hg, are decoder and encoder networks, re-
spectively. As is standard in NPs, the network hg_ is im-
plemented as a Deep Set (Zaheer et al., 2018) enabling

conditioning the reward function on an arbitrary number
of observed data points N¢. Replacing p(z}|Df) with a
delta-mass centered at z& = hy_ (DY) gives:

p(y1 = 12 D) ~ p(yr = yolzf) (©6)
= o(re(yilzy) —re(y2lz)) (D

We refer to this model as the NP-BTL reward model.

Algorithm 1 NP-BTL reward model training

Require: The dataset D = {D;}icz, Max iter T, Initial

parameters ¢, Learning rate

t=0

while ¢ < T do
Randomly sample a user ¢
Subsample DY, D from D;
L(¢) + — Z(yw,yl)gDiT log pe(y"* >~ yl\Dic)
Update parameters with SGD: ¢ <— ¢ — nVL(¢)
t—t+1

end while

return ¢

Training. The NP-BTL model is trained in an episodic
fashion. The parameters ¢ are found by maximising the
likelihood on tasks consisting of pairs of so-called context
and target datasets (DY, DT'), with DS and D} subsampled
from D;, where DY acts as the observable subset of context
data points and DI = {3, yf’j)}évgl contains pairs of
options whose preference order we aim to predict. The
simplified training procedure (assuming a batch size of 1) is
presented in Algorithm 1.

3.2. Conditional Direct Preference Optimisation

Our next step is to consider the training of personalisable
LLM policies 7y that can be conditioned on the contex-
tual datasets Dic . To do this, we need to find a way of
modulating the output of a language model based on the
observed context set DZ-C , and crucially, be able to do so
at inference time. To enable this, we consider a prototype
method based on modulating hypernetworks inspired by
(Perez et al., 2017). We model conditional policies as:
779(.7;|x’,Dz’C) :71-0’(3]|x)v 0’ =007, ™ :h¢(DF)
In the above, # are the original parameters of the LLM
and 7; is the set of modulating parameters output by a hy-
pernetwork h build on top of the context encoder hy, ,
Le. h¢(DzC) = h¢77Lod(h¢e (D?)) = h¢mod (ZZC)’ so that
¢ = {de, dmod}. Details on implementing the modulat-
ing operation 6 ® 7; are presented in the Appendix D.2.3.
Extending the conventional DPO objective to our condi-
tional formulation, we optimise the parameters 6 and ¢ with
respect to:

max E [loga (rg(yw) — ?"e(ye))] ., (B

0.¢ (D¢ DY),
(z,5,5°)eDF
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(a) Unconditional reward models: BTL and DPL fitted to the synthetic data vs. the
conditional NP-BTL model, given ten randomly sampled contextual data points with Vs.

z*=0and z* = 1.

NP-BTL (10 contexts)
: : : N¢ Accuracy [%]
0 75.2+£0.6
1 80.0+0.4
3 88.2+0.3
93.6 £0.2
10 97.2+0.2

(b) Accuracy of the NP-BTL model
the number of contextual data
points. Baseline accuracy is 75%.

Figure 1: Synthetic data results. Conditioning on user-provided preferences enables the conditional reward model to recover
the correct mode of behaviour. As the number of context data points increases

where r4(y) = Blog % is the implicit DPO re-

ward (Rafailov et al., 2024). As in NP-BTL, during training,
the subsets (DS, DT) are subsampled from D;. The model
learns to condition its outputs on the observed contexts by
training over multiple pairs of context and target datasets.
The introduced parameter-space conditioning enables flexi-
ble modulation of the behaviour of the LLM policy.

4. Empirical Studies and Insights

In this section, we demonstrate the performance of both NP-
BTL and NP-DPO on a series of illustrative experiments
with synthetic data and larger-scale experiments on real
data. We also provide further insights into the efficacy of
conditioning with respect to the conflict rate within the
training data and the number of contextual examples. The
error bars in all plots represent the standard errors across
testing tasks. Details on the experimental setups can be
found in Appendix D.2. For presentation clarity, results in
this sections are presented just for one choice of the base
language model. An extensive evaluation across more LLMs
can be found in Appendix A.

4.1. Illustrative comparison of existing approaches.

We begin with an illustrative example qualitatively compar-
ing NP-BTL with the standard BTL and the DPL models.

Example 4.1. We simulate a heterogeneous population of
users expressing their preferences with respect to options
represented as values y € [0, 1]. We assume that our pop-
ulation consists of two kinds of users represented by the
non-observable latent variables z* ~ Bernoulli(0.5) and
we model the corresponding reward functions as:

r(y,z*) =x for y <05 and 9)
N 2y ifz*=0

) = > 0.5 10

r(y,2") {1—y ifz*:lfory (10)

We generate a synthetic dataset of options y1, y2 € [0, 1] and
user choices made according to p(y1 > y2) = 1{(y1,2*) >
r(y2, 2*)} and fit all three models: NP-BTL, BTL, and DPL.

During training, the number of contexts for the NP-DPL
models varies between 0 and 10, and the number of targets
is set to 20. Figure 1a illustrates the fitted reward functions
for all three models. We observe that, as expected, the BTL
model averages out the rewards across the entire population,
resulting in a flat reward function for y > 0.5 and failing
to align with the preferences of the individual subgroups of
users. While the DPL model can appropriately capture the
variation in user preferences for options y > 0.5, it cannot
adapt to user-specific preferences. Our conditional model
successfully recovers the shape of the ground truth rewards.
Table 1b shows the efficacy of the adaptation based on the
number of preference choices provided as contexts. We
observe that for N¢ = 0, the conditional model matches the
baseline performance of the non-conditional models, ~75%.
As the number of contextual data points increases, so does
the alignment of the predicted rewards and the resulting
predictions, reaching near-perfect accuracy at N¢ = 10.

4.2. Real-world example: Helpfulness vs. Honesty

‘We move beyond synthetic data to evaluate NP-BTL and NP-
DPO on the real-world UltraFeedback dataset!(Cui et al.,
2024) commonly used to evaluate RLHF and DPO pipelines.
Each sample within this dataset consists of user prompts z,
two candidate LLM responses ¢; and g and scores assess-
ing both options with respect to the following categories:
helpfulness, honesty, truthfulness and instruction follow-
ing. To simulate users with varying preferences, we de-
fine two reward functions: r(y;0) = helpfulness(y) and
r(y; 1) = honesty(g) according to which we generate the
preference choices. During training and testing, the reward
models are only presented with the two options in a text
format and the user choice. The underlying scores of help-
fulness and honesty are part of the hidden context. This
experiment aims to investigate the ability of NP-BTL and
NP-DPO to identify the two distinct modes of user pref-
erences and quickly adapt to one of them, given a small
sample of contextual preference choices. Thus, we filter
our training and testing preference dataset to consist of only

"https://huggingface.co/datasets/openbmb/UltraFeedback
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Figure 2: Performance of a) NP-BTL and b) NP-DPO vs. their non-conditional counterparts.

pairs which are conflicting with respect to r(+; 0) and r(-; 1).
Such pairs maximise the information gain with respect to
the true value of z*.

Definition 4.2 (Conflicting pairs). Given two reward func-
tions: 79, 71, we say that two options y, 3 are conflicting if
the decision made according to r( differs from the decision
made with rq, i.e.

1{ro(y) > ro(y')} # L{r1(y) > (')}

We fit the NP-BTL reward model with Llama-3-8B? text
embeddings and fine-tune the gemma-2b? language model
with NP-DPO on our generated dataset. We compare the ac-
curacies of the NP-BTL reward model and the accuracies of
the implicit rewards of NP-DPO with respect to the BTL re-
ward models’ accuracies and the implicit rewards of the LM
policy trained with standard BTL-DPO. We train two kinds
of baseline models: 1) trained on the same heterogeneous
dataset of preferences as the NP-based models (BTL-mixed)
and 2) trained on each of the two homogeneous subsets of
data generated according to the honest and helpful reward
functions (BTL-honesty and BTL-helpfulness). Note that
the BTL-honesty and BTL-helpfulness models require priv-
ileged access to the value of the hidden variables z;. Their
performance is reported for comparative purposes as the
theoretically achievable upper bound.

Figure 2 shows the results with models evaluated separately
on the honesty valuing and helpfulness valuing subsets of
users. We observe the following. Due to the nature of
this dataset with 100% conflicting pairs, the standard BTL-
mixed models fail to align with the heterogeneous pref-
erences of the population, resulting in an average perfor-
mance of 50% across the entire population. In contrast,
the NP-based rewards and policies successfully adapt to
the preferences of individual subgroups as the number of
contextual data points increases. At N¢ = 10, the condi-
tional NP-BTL rewards nearly match the accuracies of the

“https://huggingface.co/meta-llama/Meta-Llama-3-8B
3https://huggingface.co/google/gemma-2b

dedicated BTL-honesty and BTL-helpfulness models (see
dashed lines). Similar observations can be drawn for the
NP-DPO implicit rewards.

[DC =10

—10

10 ~50 0 50

helpfulness honesty

Figure 3: PCA of context embeddings. Points are labelled
by the true value of z;. We observe a clear clustering effect
with increasing contextual data points.

We investigate the latent embeddings z& of the context
datasets DY used to condition the reward functions. In
Figure 3, we display the plots of the embeddings reduced
to 2 dimensions via principle component analysis (PCA).
Points are labelled according to the ground truth value of 2
according to which the context dataset has been generated.
Two clusters are visible in the graphic, indicating that the
model learned to separate the two types of users.

4.3. Beyond just two behavioural modes
4.3.1. HELPFULNESS VS HONESTY VS TRUTHFULNESS

We adopt an analogous setup as before, but this time with the
reward functions representing three different modes of be-
haviour. We let z* ~ Multinomial([1/3,1/3,1/3]), with
z* € {0,1,2} corresponding to the honesty, helpfulness,
and truthfulness objectives, respectively. To ensure high in-
formativeness of contextual samples, we filter the dataset to
pairs y1, yo for which one choice made according to r(- ;0),
r(-;1), r(- ;2) is distinct from the others. As previously,
we train NP-BTL and NP-DPO models and compare them
against baselines analogous to our previous setup.
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Figure 4: Performance of a) NP-BTL and b) NP-DPO vs. their non-conditional counterparts.
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Figure 5: Accuracies of the NP-BTL models. a) y-axis represents the accuracies of the NP-BTL-2D rewards evaluated

on test-set preference pairs with choices made according to rop (- ;

z*), where z§ = 1 — z{ varies between 0.0 and 1.0.

Values of the x-axis are binned into ten equally-sized bins in the range [0, 1]. b) Colour corresponds to the accuracy of the

NP-BTL-3D rewards evaluated on test-set preference pairs with choices made according to r3p (- ;

z*), varying the value of

* inside the 3D simplex. The area of the simplex is divided into triangular bins with edge lengths of 0.1.

Figure 4 shows the test-time accuracies of the learned re-
wards evaluated separately on preference choices made with
the helpfulness- (r(- ; 0) in blue), honesty- (r(- ; 1) in green),
and truthfulness-preferring (r(- ; 2) in orange) rewards. We
make analogous conclusions to experiments on the 2-mode
datset. The BTL-mixed reward model fails to align with
any of the three objectives. The accuracy of the NP-BTL
model increases with the number of contextual preference
pairs across all three modes of behaviour. At N& = 10,
its performance matches the performance of the dedicated
BTL-helpfulness, -honesty and -truthfulness models.

4.3.2. A CONTINUOUS SPECTRUM OF BEHAVIOURS

One of the appealing properties of the NP-based models is
that they are not constrained to modelling just a fixed set
of rewards. Instead, they can represent an entire spectrum
of behaviours. We illustrate this with the UltraFeedback
dataset in a two- and three-dimensional setup.

2D: We let 2* = [z, 2;]7 ~ Dirichlet([0.5,0.5]) and we
set rap (y; 2*) = z§ - helpfulness(g) + 2} - honesty(9)
3D: We let 2* = [, 2}, 25]7 ~ Dirichlet([0.5,0.5,0.5])

and we r3p (y; 2*) = 2§ -helpfulness(§)+ 2 -honesty (§)+
25 - truthfulness(9)

We train one NP-BTL model for the 2D setup (NP-BTL-2D)
and one for the 3D setup (NP-BTL-3D). Figure 5 shows the
accuracies of the NP-BTL-2D and NP-BTL-3D rewards on
the test-set pairs, with choices made according to ryp and
r3p, varying the value of the ground-truth z* inside the 2-
and 3- dimensional simplex, respectively. Both in the 2D
and 3D setups, with increasing contextual data points, the
accuracy improves across the entire spectrum of behavioural
modes represented by z*. This observation implies that our
NP-BTL model successfully adapts its predictions to the
observable contexts, enabling not only discrete, group-level
alignment, but a truly personalisable, user-level alignment.

4.3.3. GENERALISATION TO NEW USERS

Appendix A.3 presents results showing the ability of NP-

based reward modelling in generalising to novel users.

4.4. Correlations in data and identifiability of the
hidden context.

4.4.1. ANALYTIC STUDY

In the experiments of section 4.2, training and testing
datasets were constructed such that the competing options
were perfectly conflicting. In reality, the underlying factors
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driving human decisions may exhibit strong correlations.
For instance, if an answer is helpful, it is also likely that
it is honest. As a result, real-world datasets do not consist
of just conflicting examples, despite being generated by
distinct reward functions. In this section, we investigate
how correlations within the collected datasets of preference
pairs affect the model’s ability to identify a user’s underly-
ing reward function correctly. We begin with an analytics
example inspired by the example of helpfulness vs. honesty.

Example 4.3. Suppose all options y € Y can be repre-
sented with two numbers y = [ho, hi] (e.g. helpful and
honest scores). We assume that our population of users
consists of two equally sized groups of users represented
by ground-truth latent variables z* ~ Bernoulli(0.5); with
the corresponding reward functions r(y, z* = 0) = hg and
r(y,2* = 1) = hy. Decisions are taken according to:

p(y" = y'12") = 1{r(y",z") > r(y",2")}

This setup simulates a scenario where half of the users al-
ways prefer the more helpful while the half always choose
the more honest answer. To investigate the impact of corre-
lations in honest vs. helpful scores on the performance of
our model, we will assume that scores of all options are i.i.d
and normally distributed so that [hy, ha] ~ N (11, 3).

Suppose we observe a contextual dataset D¢ provided by a
single user according to the abovementioned process. We
wish to investigate the performance of a Bayes optimal
classifier in determining the underlying value of z*. We let

Z(DY) = argmax P(z* = k|D°), (11)
ke{0,1}
and we look at the error rate of Z defined as:
£:=E [Z(DC) + z} . (12)

In the above, the expectation is taken over all possible ob-
servable contexts D¢. In case when we restrict D¢ to
observations consisting of only a single preference choice
p
1
show that £ = 1 + - arcsin(p) (Appendix B). Note, at
p = —1.0, the dataset consists of 100% conflicting pairs, re-
sulting in the theoretical 0% error rate, meaning that a single
preference choice is sufficient to determine the underlying
value of z* unambiguously. On the other hand, at p = 1.0,
none of the preference pairs are conflicting. If a response is
helpful, it must also be honest. Such data does not allow us
to differentiate between the underlying reward functions of
individuals, resulting in an expected error rate of 50%.

DC = {y* = ye}, and assuming that > = E }, we can

In light of the above, we now assess the performance of our
NP-BTL model on synthetic data generated according to the

40
< 30 ---- Bayes-optimal &£
E —— NP-BTL (p!" = —1.0)
£ 0 —— NP-BTL (" = —0.7)
g NP-BTL (p'" = 0.0)
I —— NP-BTL (o' = 0.7)
0

—-1.0 —-0.5 0.0 0.5
Context correlation p

Figure 6: Error rate of NP-BTL vs Bayes optimal.

process described in Example 4.3. We fit four independent
NP-BTL models where, at training time, the correlation p is
setto p" € {—1.0,—0.7,0.0,0.7}. This corresponds to a
rate of conflicting pairs of 100%, 75%, 50% and 25%, re-
spectively. Figure 6 shows the error rate of all four NP-BTL
models where the two options forming the single preference
pair provided in context are sampled from a normal distri-
bution with a varying parameter p value. We find that all
models achieve near-optimal error rates, with the error rate
increasing as the correlation in the training set increases.
This confirms our hypothesis that datasets exhibiting strong
correlations provide weaker training signals for the NP-BTL
model to learn how to differentiate between conflicting re-
ward functions of individuals.

4.4.2. HELPFULNESS VS. HONESTY
NP-BTL models trained on datasets with conflict rate:

—o— 1.0 —o— (.75 0.5

Context conflict rate at test time
0.5 0.75 1.0

Accuracy [%)
N
N
TR

01 3 5 0 01 3 5 0 01 3 5 10
Number of contexts
Figure 7: Accuracy of NP-BTL rewards vs. conflict rate on
the HH dataset.

We now go back to the Helpfulness vs. Honesty (HH)
dataset introduced in section 4.2 to investigate the impact of
the conflict rate within the training dataset and in-context
examples on the performance of our NP-BTL rewards. We
train three NP-BTL models on three versions of the HH
dataset, with rates of conflicting pairs of 0.5, 0.75 and 1.0,
both in the context and target pairs. We evaluated these
models on a held-out test set where the rate of conflicting
pairs in DC varies, and the rate of conflict in DT is set to
1.0. 7 shows the results. We observe that model perfor-
mance decreases for all models as the in-context conflict
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rate decreases. Contextual pairs which are not conflicting do
not provide the necessary information to identify the hidden
intentions of the user. We also observe that the performance
of the NP-BTL model trained on data with a 0.5 conflict
rate is significantly worse than that of the NP-BTL models
trained on datasets with conflict rates of 1.0 and 0.75. This
confirms our hypothesis from earlier—data with low conflict
rates may not provide sufficiently strong training signals to
learn to identify distinct human preferences.

5. Related Work

RLHF and DPO. Reinforcement Learning from Human
Feedback (RLHF) has been foundational to aligning Al
systems with human preferences. This technique typically
involves learning a reward function from binary human
preference data, commonly modelled using the BTL frame-
work (Bradley & Terry, 1952). The applications of RLHF
to language models has been a significant focus of recent
research, aiming to align LLMs with human values and pref-
erences. Notable works in this area include those focusing
on fine-tuning models (Bai et al., 2022; Stiennon et al.; Kim
et al., 2022; Ouyang et al., 2022). However, aligning LLMs
through RLHF remains challenging due to training instabil-
ity, which typically requires learning a reward model and
the subsequent fine-tuning of the LLM. To address these in-
efficiencies, (Rafailov et al., 2024) propose DPO, a method
that bypasses the need for explicit reward model training by
optimising preference data directly in a supervised fashion.

Pluralistic Alignment. Most RLHF and DPO methods are
based on the BTL model, which assumes a single reward
function for all users. This approach can fail to capture
the diversity of user preferences. Sorensen et al. (2024)
identify the need to develop methods that enable pluralistic
alignment, serving humans with varying objectives. An
important contribution in this field has been in recognising
the “hidden context effect”—factors that influence user pref-
erences in a not directly observable manner. To address
these effects, Siththaranjan et al. (2024) propose DPL, mod-
elling a distribution over plausible reward values for each
competing option. While DPL enables the identification
of potential hidden context effects, it does not provide a
solution for adapting the reward functions, and thus the final
LLM policies, to individual users. Our approach builds on
the concept of steerable pluralism (Sorensen et al., 2024),
wherein a model is steered towards responses that faithfully
represent a given user’s preferences or a subgroup of users.

Multi-objective Approaches. Multi-objective learning
frameworks address Al alignment with diverse or conflicting
user preferences. Pareto-optimal optimisation balances mul-
tiple objectives by finding optimal trade-offs (Boldi et al.,
2024; Zhong et al., 2024). In contrast, our focus is on steer-
able LLM adaptation to individual preferences. A limited

number of related works attempts to extend preference op-
timisation with such flexibility. Rewarded Soups (Ramé
et al., 2023) fine-tune one LLM per reward function and in-
terpolates the LLM’s parameters for conditional generation.
Wang et al. (2024c) learns adapting parameters to enable
inference-time control. Others (Wang et al., 2024b; Guo
et al., 2024b) use prompt-based methods, steering LMs via
reward weightings in text. Unlike these approaches, our
method neither relies on a predefined set of objectives nor
requires users to express they preferences as a vector of
weights. Instead, we infer user-specific preferences based
on a few-shot sample of their historical choices. We learn
to condition reward functions and LLM policies by meta-
learning from a heterogeneous dataset of user preferences
with unknown factors of variability. The presented NP-BTL
reward model can be seen as a generalisation of the work
presented by (Poddar et al., 2024) enabling conditioning on
a variable number of contextual preference pairs.

Appendix E presents a summary table of the related work.

6. Limitations

Due to computational limitations, our empirical evaluation
is limited to relatively small LLMs. We presents additional
results with three other LLMs in Appendix A.1 and A.2. To
ensure safe and reliable deployment of few-shot steerable
LLM policies with NP-DPO, experiments on larger datasets
and LLMs with more parameters are essential. We also
note that the proposed modulation operation based on FiLM
layers is just a prototype solution which may be further im-
proved by considering more parameter-efficient approaches.

7. Conclusions

This work introduces a novel framework for few-shot steer-
able alignment, addressing the challenge of personalising
Al systems. By extending the BTL model to handle hetero-
geneous preferences with unobserved variability factors, we
enable the inference of user preferences from small samples
of their choices. Our conditional reward modelling approach
(NP-BTL) and its extension to DPO (NP-DPO) allow for
training steerable LLM policies that can adapt to individual
user preferences with minimal data. Experiments on syn-
thetic and real-world datasets demonstrate the effectiveness
of our methods in efficiently capturing and aligning with
diverse human preferences. We also analyse the value of
contextual data in determining the underlying reward func-
tion of a user. Noting that not all preference pairs are equally
informative, future research directions include exploring ac-
tive learning approaches for heterogeneous preference data
collection, enabling maximum information gain about the
internal preferences of users. We believe that the methods
and insights presented in this paper mark a significant step
towards developing truly personalisable Al agents.
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Appendix

Code: Code implementing the NP-BTL and NP-DPO models, alongside the instructions to reproduce the key experiments
presented in this paper are made available at: https://github.com/fanconic/few-shot-steerable-alignment.

A. Additional results

In this section, we expand our results on real-world data to multiple LLMs, demonstrating that our proposed method
generalises to different backbones. We observe that the conclusions from our original experiments generalise across different
LLMs. With increasing number of contextual observations, the accuracy of the conditional NP rewards and policies
increases, nearly matching the performance of the BTL models trained on the respective subsets of the data and significantly
outperforming the baseline BTL-mixed policies.

A.1. NP-BTL with different LLM Backbones for Encoding

We run the BTL and NP-BTL reward models using gemma—-2b embeddings of responses instead of the originally used
Llama-3-8B embeddings. The size of the gemma-2b embeddings is 2048 (half of the size of the L1ama-3-8B
embeddings. We obtained the following results presented in an analogous format to Figures 2 and 4 of the main manuscript
in Table 2 for the HH dataset and Table 2 for the HHT dataset.

NE  Helpfulness  Honesty

2

0 399+03 603+0.3

Model Helpfulness = Honesty 1 509+ 04 62.0+04
BTL-helpfulness  68.7 4 0.3 32.14+03 3 5934+04 664+04
BTL-honesty 30.1 £0.2 69.7+0.3 5 639+04 675+04
BTL-mixed 51.14+0.3 48.5+0.3 10 685+04 69.7+04
(a) Accuracy [%] of the BTL reward models (b) Accuracy [%] of the NP-BTL model

Table 1: Comparison of BTL reward models (sub-table 1a) and NP-BTL model (sub-table 1b) using gemma—2b as backbone
for encoding, instead of L.1ama—-3-8b on the HH dataset with two behavioural modes.

Nic Helpfulness Honesty  Truthfulness

Model Helpfulness  Honesty  Truthfulness 0 451403 520403 575403

BTL-helpfulness 70.8 + 0.3 452+ 0.3 34.14+0.3 1 51.6 £ 04 533403 59.8 + 04

BTL-honesty 43.1 £ 0.3 56.24+0.3 522403 3 63.0+04 57.94+0.3 64.5+ 04

BTL-truthfulness 322+03 509 +£0.3 69.5+0.3 5 68.6 =04 61.3+04 68.0 =04

BTL-mixed 50.5+0.3 55.04+03 54.04+0.3 10 735+ 04 62.7+04 70.6 = 0.4
(a) Accuracy [%] of the BTL reward models (b) Accuracy [%] of the NP-BTL model

Table 2: Comparison of BTL reward models (sub-table 2a) and NP-BTL model (sub-table 2b) using gemma—2b as backbone
for encoding, instead of L.1ama—3-8b on the HHT dataset with three behavioural modes.

We observe that the standard BTL-mixed models fail to align with the heterogeneous preferences of the population, resulting
in an average performance of 50% across the entire population. In contrast, the NP-based rewards again successfully
adapt to the preferences of individual subgroups as the number of contextual data points increases. This presents empirical
evidence that NP-BTL can learn to condition on a few preference samples encoded by different backbone LLMs.

A.2. NP-DPO on different LLM Policy Models

In the same spirit as in the previous subsection, We repeat our experiments with NP-DPO and BTL-DPO using three different
LLMs as the base models. While in the main paper we used gemma—2b to perform DPO and NP-DPO on, we change the
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policy model to Smo1LM2-1.7B% Qwen2.5-1.5B% and L1ama-3.2-3B°

We report the results obtained for the HHT dataset in Table 3. We observe that the results are consistent with what we
reported in Figure 4b. Across all three policy models, the implicit reward accuracy increases with more available context
samples N when trained with NP-DPO. If we apply a traditional BTL DPO learning model to a dataset of conflicting pairs,
we observe that implicit reward accuracy stays around ~ 50%. This provides empirical evidence that the NP-DPO and the
FiLM layer injection method generalise well across different LLM policies.

LLM Model NiC Helpfulness  Honesty  Truthfulness
BTL-helpfulness 0 80.8 04 408=+0.5 27.1£0.5
BTL-honesty 0 33.6£05 63.9+0.6 56.2 £0.6
BTL-truthfulness 0 284+05 526+05 76.1+0.5
SmolnM2-1.7p . Bilrmixed 0__5904£05 495+05 453106
0 533+05 5194+06 51.5+0.6
1 589+0.7 51.7+06 559+0.7
NP-DPO 3 66.3+0.8 53.0+06 604+0.38
5 71.0+ 0.8 55.0+0.7 65.8+0.8
10 720+ 1.0 582+ 1.1 67.5+ 1.1
BTL-helpfulness 0 788 +£04 394405 292 £0.5
BTL-honesty 0 358+05 65105 53.5+05
BTL-truthfulness 0 282+05 525+05 749+04
owen2.5-1.5p . DlL-mixed 0 __451+05 549+05 3569405
0 410+ 05 541+05 61.9+0.5
1 494 +0.7 552+05 64.2 + 0.6
NP-DPO 3 58.1+0.8 563+0.6 68.8+0.6
5 64.0+0.8 574+07 71.0£0.6
10 726+10 578+10 727+1.0
BTL-helpfulness 0 79.6+04 393+05 31.3+0.5
BTL-honesty 0 417+£05 657+05 50.7 £ 0.5
BTL-truthfulness 0 26704 525405 785 +£04
Llama-3.2-3p . Dil-mixed 0 __566+05 496+05 520+05
0 444+05 551+05 573+0.5
1 570+ 0.8 554+06 599+0.7
NP-DPO 3 679+0.7 568+06 652+0.7
5 71.1+0.7 583+0.7 68.4 + 0.7
10 763+09 60.6+10 703+£1.0

Table 3: Accuracy [%] of BTL-DPO and NP-DPO on the implicit reward on the HHT dataset with three behavioural modes
across different LLMs.

A.3. The Persona Dataset

To further demonstrate the flexibility of our method in adapting to diverse user preferences, we present an additional set of
experiments with the Anthropic Persona dataset’.

The Persona dataset consists of preference data of 135 simulated personas acting according to their underlying political
or religious views, personality, and moral beliefs. To test the ability of the NP-based rewards models in learning across
heterogenous preference data with unobserved factors of variability, in our experiments, we do not use any descriptions of
the underlying behaviours of each persona—we assume it to be part of the hidden context. The only contextual information

*https://huggingface.co/HuggingFace TB/SmolLM-1.7B-Instruct
>https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
Shttps://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://github.com/anthropics/evals/tree/main/persona
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model N¢ Q1 Mean Median Q3

2

BTL - 47.8 495 50.1 51.5

NP-BTL 0 16.1 44.6 43.8 71.9
1 20.5 509 51.8 78.3

3 529 69.6 77.8 92.1
5 67.2 785 86.6 96.3
10 722 81.8 89.7 97.2

Table 4: Distribution of the average reward accuracy [%] among the testing personas. Results averaged across all 5 testing
folds.

about a given persona is the few-shot sample of their preference choices.

Our main focus in using the Persona dataset is to test the ability of our NP reward models to generalise to previously unseen
users (i.e. personas). To ensure that the reward functions of different personas are indeed conflicting, we introduce anti
personas. Let D; denote the original dataset corresponding to the persona ¢. For each ¢ we randomly split D; into two halves:
D, and D, and we reverse the preference choices in D;»—creating the anti-persona of <. This procedure ensures that no
pairs (y1, y2) are shared between the conflicting users i’ and i”. The resulting collection of training data can be represented
as {Di };25 U {Di }J35.

To minimise the impact of variance from the choice of which personas are in the testing dataset, we perform a 5-fold
meta-training-testing procedure. We split all 270 personas (135 original + 135 anit-personas) into five folds and train five
independent models. For each model, we use a different fold for testing and the remaining folds for meta-training. At test
time, we always evaluate our models on unseen preference pairs belonging to unseen personas. Each training, validation,
and testing meta-split consists of preference data of 177, 39, and 54 personas, respectively (with around 500 data points
per persona). As in the experiments on the UF datasets, we use between 0 and 10 contextual data points and 20 target data
points during both training and testing.

Results. We present the results of the NP-BTL model in Table 4. This table shows the mean, upper and lower quartiles of
the mean accuracy of the learned rewards across all test-time, unseen personas. L.e. the score of 72.2% for the NP-BTL
model at N& = 10, means that for 75% of the personas, the mean accuracy of the learned reward is 72.2% or higher. We
note that for the non-conditional BTL model and the NP model at N = 0 the alignment is poor and highly variable due to
the high heterogeneity in preferences between different personas. This alignment improves substantially upon conditioning
on the contextual preference data DY Even with just 5 examples, for half of the test-time personas the accuracy is 86.6% or
higher, and for 75% of personas the accuracy is 67.2% or higher. This confirms that our few-shot conditional reward model
can successfully generalise to users acting according to previously unseen reward functions.
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A.4.NP-BTL vs. VPL

As noted in the related work section, the NP-BTL model presented in this paper bears close resemblance with the VPL
model proposed by Poddar et al. (2024). If VPL’s encoder is extended to handle a varying number of in-context samples and
if the NP-BTL’s deterministic encoder is replaced with a variational encoder, we arrive at essentially equivalent architectures.

For completeness, we include a comparison of the NP-BTL reward model implemented with a deterministic encoder (as in
the main body of this paper) and with two versions of a variational encoder:

The first implementation follows the training objective of neural process with variational encoding as introduced by Garnelo
et al. (2018b). If we let ¢(-|D) correspond to the latent distribution inferred based on samples (z, y*, y*) included in a
dataset D, the the loss of the NP-BTL model with variational encoding can be represented as:

We let ¢(-|D) be a multivariate normal distribution whose mean and standard deviation are the outputs of the context
encoding network.

The second implementation follows the setup of Poddar et al. (2024). Similarly as above, we let ¢(-|D) correspond to the
latent distribution inferred based on samples (z, %", 3*) included in a dataset D and we let p(z) denote the variational prior.
The loss under this model is defined as:

We let ¢(z|D) be a multivariate normal distribution whose mean and standard deviation are the outputs of the context

encoding network and p(z) a standard normal.

Note, the two versions differ in the Kullback-Leibler regularisers. Refer to Garnelo et al. (2018b) for the derivation of the
loss presented in 13.

NE  deterministic  variational (Garnelo et al., 2018b)  variational (Poddar et al., 2024)

2

0 499+03 50.0+0.1 50.3+0.2
1 52.1+£0.3 54.6+0.2 55.5+0.2
3 60.2+0.3 61.4+0.3 61.1+0.3

65.6+0.3 65.0+0.3 63.9+0.2
10 68.7+£0.2 69.4+0.2 67.1+0.2

(a) The HH dataset

NE  deterministic  variational (Garnelo et al., 2018b)  variational (Poddar et al., 2024)

0 51.6+£0.2 50.9 £0.1 52.1+0.2

1 55.1+£0.2 54.5+£0.1 55.5+0.2

3 61.4+0.2 59.7+£0.2 60.2+£0.2

65.4+£0.2 64.0+£0.2 63.3+£0.2

10 68.5+0.2 69.9+0.2 67.1£0.2
(b) The HHT dataset.

Table 5: Deterministic vs. variational encoders.
As illustrated in Table 5, all three versions of the encoders perform similarly, with a slight advantage of the Neural Process

version of variational encoding over the one suggested by Poddar et al. (2024). Given these results and the simplicity in
training of the deterministic encoder, we decided to employ it as default for our NP-BTL model.
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A.5. Few-shot learning with noisy data

The data for the experiment presented in the main body of this paper has been generated with no aleatoric noise in the
preference choices given the knowledge of the ground truth value of z". To test our method’s ability to learn from noisy
preference choices, we have conducted additional experiments where the preference choices are sampled from the BTL
model, with the level of noise controlled by the temperature parameter 7" in the sigmoid function, namely:

eXP(%T(yli E9)
exp(77(y1; 2)) + exp(F7(y2; 27))

p(yr = 12l2)) = (15)

Table 6 demonstrates that, as anticipated, with increasing levels of noise in preference choices (i.e. increasing value of T'),
the accuracy of the NP-BTL model decreases. Nevertheless, the model does retain its ability to perform few-shot preference
learning over the noisily generated data: its performance improves significantly with increasing the number of example
provided in context. For reference, the BTL (mixed) models obtain accuracy equivalent to a random guess in all settings.

T 0.0 0.01 0.1 0.7 1.0
NC

K3

0 49604 50.1+x02 502+02 494+£0.2 49.7+0.2
512+03 55803 554+03 51.6+£02 515+02
60.7+03 625+x03 61.7+£03 566+£0.2 559+0.2
5 659+02 656+02 650+03 606+£02 585+02
10 69.0+£02 679+£02 675+02 63.6+x02 61.0+£0.2

W =

(a) The HH dataset.
T 0.0 0.01 0.1 0.7 1.0

0 515+£02 512+02 524+£02 506+£02 513+02
1 550+£02 551+£02 56.1+£02 527+£02 529+02
61.1+£02 61.1£02 620+£0.2 57.6+£02 56.7+£0.2
654+02 64102 65602 61.6+£0.2 60.6+0.2
10 69.0+£02 67.6+£02 68702 655+02 64.0+0.2

(b) The HHT dataset.

Table 6: Results on the HH and HHT datasets generated with noisy preference choices. T" = 0.0 corresponds to the
deterministic choices as in the main experiments.
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A.6. The HelpSteer Dataset

To demonstrate our method’s generalisability to latent factors other than those considered by the UltraFeedback dataset, we
also conducted experiments with a new dataset obtained by combining the HelpSteer® and HelpSteer2® datasets. These
datasets support aligning models to become more helpful, factually correct and coherent while being adjustable regarding
the complexity and verbosity of their responses. To reflect this objective, we consider a setup where users behave with
respect to one of the four objectives described by the following reward function:

overall(y) + complexity(y) + verbosity(y), ifz; =0

r(y, z;) = ; (16)

() (v) (
overall(y) + complexity(y) — verbosity(y), ifzf =1
overall(y) — complexity(y) + verbosity (

( ) (

)
)
y), ifzf=2
overall(y) — complexity(y) — verbosity(y), if zf =3
where overall(y) = helpfulness(y) + correctnes(y) + coherence(y), and z¥ ~ Multinomial([0.25,0.25,0.25, 0.25]).

Preference choices are generated with a deterministic choice function based on the reward difference. We have created two
versions of this dataset:

* High conflict: a dataset in which, for every sample, at least one reward function assigns a different preference choice
than the others.

* Low conflict: A dataset in which, for 50% of samples, at least one reward function assigns a different preference choice
than the others, while for the remaining 50%, all four reward functions yield the same preference choice.

We report the results for the NP-BTL and the BTL (mixed) models under the two variations in the conflict rates in Table 7.

model BTL (mixed) NP-BTL model BTL (mixed) NP-BTL
N€ NC

0 70.2+0.8 69.0£0.6 0 71.0+0.2 71.0+0.3
1 - 74.4+0.5 1 - 72.1+0.3
3 - 842 +04 3 - 74.6 £0.2
5 - 86.1£04 5 - 75.8£0.2
10 - 89.0+£0.3 10 - 76.1 £0.2

(a) The high conflict version. (b) The low conflict version.

Table 7: Accuracy of the NP-BTL vs. BTL (mixed) on the HelpSteer datasets.

8https://huggingface.co/datasets/nvidia/HelpSteer
“https://huggingface.co/datasets/nvidia/HelpSteer2
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B. Analytic study: proof

Suppose y = [hg, h1] ~ N (p, 2), where & = [; p]' Let Z* ~ Bernoulli(0.5), and

1
ho ifZ*=0
1 Z%) = 17
r(y ) {h1 7 =1 (17)
We assume that decisions are made according to
1 if 1 4*) > A
P(yl >_ y2) — 1 r(yl ) r(yQ ) (18)
0 ifr(y; Z2%) <r(ys2*)
We define a Bayes optimal classifier predicting the value of Z*, given an observed dataset D¢ as :
Z(p°) = P(Z* = k|D° 19
(D7) = arg max, P( %), (19)
where in case P(Z* = 0|DC) = P(Z* = 1|D°), we let Z(DC) ~ Bernouli(0.5).
We look at the expected error rate of Z(DC). We have that:
E|2(DC) Z*] —P (Z(DC) ” Z*)
—P (Z(DC) 1,7 = 0) 4P (Z(DC) —0,7" = 1)
=2P ( (D) =1,2" = O) (by symmetry)
—P (Z(DC) 12" = 0)
Let us now consider a special case of a single contextual sample, such that D¢ = {(y*,y*)}, where y* = [h¥, h¥],
y* = [h§, ht] are sampled i.i.d from A'(y, ). We then have, for k € {0, 1}
P (Z* = kD) x P(y* = y*|Z* = k)P(Z* = k) (20)
Therefore,
0.5 ifhy > hf and Y > hf 0.5 ifhY > h{ and hY > hf
P(Z*=0/D) = 1.0 ifhy >h§andhP <hf P(Z*=1D°) =210 ifh{¥ > h{andhy < hf
0  otherwise 0  otherwise

The event Z(DC) = 1 can only happen in two cases: a) it happens with a probability of 1 if P(Z* = 1|D¢) > P(Z* =
0]D%) b) it happens with a probability of 0.5 when P(Z* = 1|pc) = P(Z* = 0|/D%). Conditioned on Z* = 0,
we must necessarily have hY > h§. This in turn implies that Z(DY) = 1 can only happen in case b), i.e. when
P(Z* = 1|DY) = P(Z* = 0|D®) = 0.5, which happens if and only if 2%’ > h{ and hY > h§. Thus,
. 1

P (Z(DC) ”] Z*) = SP(hY > hilhy > h) 21
To compute this probability we define X = [Xo, X1] = [h& — h§, b} — hY]. We have that X ~ N/(0, ¥) and our probability
of interest is equal to

P (Z(DC) ” Z*) - %[P’(Xl > 0]X, > 0) = P(X; > 0, Xp > 0), (22)

which by a standard result based on the geometry of the Gaussian distribution is equal i + % arcsin(p).
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C. Complexity Analysis of NP-BTL and NP-DPO

Training. Several operations influence the time complexity per iteration of the algorithm. First, sampling a user ¢ from the
dataset is an O(1) operation. Sampling the context set D and the target set D from the user-specific dataset D; requires
again O(1). During training, the number of context data points N for each task varies between N ™" and N©-™% The
number of target data points N7 is constant for all tasks.

At each forward pass, the algorithm computes the conditional latent variable z{ for the sampled context datasets DY This
operation takes O(NZ»C - fenc) Where fep. is the complexity of a forward pass of the encoder network. The loss, i.e. negative
log-likelihood of the target pairs D/, is computed with a forward pass of all target pairs (Yi%, yf ;)€ DT and the latent
variable zf through the decoder network. This takes O(N T, fdec), where fge. is the complexity of one forward pass
through the decoder network.

Parameters of the model are optimised with a version of stochastic gradient descent run for a maximum of 7" steps. Thus,
the overall time complexity of training an NP-BTL or NP-DPO model is:

O(T : (NC,ma:v : fenc + NT : fdec))a

which is linear in the number of iterations 7', the number of target pairs N7, and the maximum number of context pairs
NC ,maz.

C
Inference. To infer the reward for a single option y € ), given a contextual sample DLC = {(y;‘JJ7 yf j)};\f:"’l, the model first
computes the contextual embedding zzc and then passes it through the decoder network together with the option y. Thus,
time complexity of inference is O(NE - fene + faec)-

D. Implementation and experimental details

All experiments are implemented in Python, using the PyTorch (Paszke et al., 2017) and HuggingFace libraries (Wolf et al.,
2020). All experiments can be run on a machine with a single A100 Nvidia GPU. We provide the code implementing
the NP-BTL and NP-DPO models alongside the instructions needed to reproduce the key experiments in this repository:
anonymous.4open.science/r/few-shot-preference-learning-5CA1/.

All reward and LLM policies are trained using the Adam optimiser (Kingma & Ba, 2014).

Unless otherwise stated, all mentions of MLPs are implemented as a two-layer neural networks with a hidden dimension of
256 and GELU activation.

Following the convention of NP training (Garnelo et al., 2018a;b), all tasks 7 = (DC, DT) are constructed such that context
pairs are a subset of the target pairs, i.e. D¢ C DT We only report the unseen pairs’ accuracies during model evaluation:
DT\ DC.

D.1. llustrative comparison of existing approaches

Dataset. In this experiment all options y € ) are represented in )) = [—1, 1]. The dataset is constructed by first generating
20k pairs sampled uniformly from [—1,1]2. This dataset is split into 10k training, Sk validation and 5k testing pairs. To
construct a single task 7; = (D, DT), we first sample the unobservable 2} ~ Bernoulli(0.5). Then, we sample N
context and N7 target pairs from the training, validation, or testing split. For each pair in the context and target datasets, the
preference choices are determined deterministically so that p(y1 = y2) = 1{r(y1, 2*) > r(y2, 2*)}, where

r(y,z*) = for y <0.5 and (23)
2 if z2* =0

r(y,2*) = Y ne fory > 0.5 24)
1—y ifzr=1

The number of context pairs varies uniformly between N = ( and N"™%* = 10. The number of target pairs is set to
NT = 20.

NP-BTL implementation. The encoder network hg,_ is implemented as a DeepSet (Zaheer et al., 2018), with the inner
and outer encoders implemented as MLPs: hgy, , : R? — R*S hy_, : R?® — R?56. The inputs to the inner network
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are preference pairs from the context dataset (y*, y* ) € DC concatenated together. The decoder oy R256+1 & R, first
maps a single target option y € D7 to a 256-dimensional embedding e, with an MLP. Then, e, is concatenated with the
embedding of the context dataset, 2 = h¢(DC), and passed through another MLP to obtain the value of the conditional
reward 74 (y|DY) € R, i.e.:

ro(yIDE) = 9o, (y, 2) = MLP ([MLP1(y)[|2F])

Baseline implementation. Both the BTL and DPL models are implemented as MLPs. For the BTL model, the 1-dimensional
output represents the reward value of a single option 74(y). For the DPL model, the output is 2-dimensional, representing
the mean and the logarithm of the standard deviation of a normal distribution N (1(y), o(y)), describing the distribution of
the likely values that r(y) takes.

Training. Each batch consists of 64 tasks containing the same number of context data points (DZC , D;F ) (for the non-
conditional baselines we have DY = @). Models are trained for a maximum of 50 SGD updates, retaining the model

parameters with the lowest loss on the validation split. The learning rate is set to le-4.

D.2. Experiments with the UltraFeedback dataset
D.2.1. THE DATASETS

Helpful-Honest dataset. The basis of this experiment is the UltraFeedback'® dataset. Each option y = [, 7] within
this dataset is represented with a user prompt x and a candidate LLM response y. Alongside the set of prompts and
candidate responses, each response in this dataset is assigned a score in four categories: honesty, helpfulness, truthfulness
and instruction following. To simulate users with varying preferences, we define two reward functions:

(25)

(g, 2) = honesty () ifz*=0
b= helpfulness(y) if z* =1

To construct the dataset with 100% conflicting pairs, we filter the dataset to pairs of options for which the response made
with r(+; 0) differs from the response made with 7(-; 1). As a result, our final dataset consists of 28763 training, 3673
validation, and 3509 testing pairs (y1, y2).

Helpful-Honest-Truthful dataset. This dataset is generated in an analogous manner, but instead, the reward functions are
determined by three instead of two factors. We let:

honesty(g) ifz* =0
r(y,z") = { helpfulness(y) ifz* =1 (26)
truthfulness(g) if z* =2

where z* ~ Multinomial([1/3,1/3,1/3]). To ensure high informativeness of contextual samples, we filter the dataset to
pairs y1, 2 for which one choice is made according to 7(- ;0), 7(- ; 1), r(- ;2) is distinct from the others The resulting
dataset consists of 27475 training, 3415 validation, and 3415 testing pairs.

Training and testing. The raw representation of prompts and responses is in natural language. For computational efficiency,

we represent them as frozen embeddings pre-computed with the LL.ama—3-8B!'! language model. These embeddings

are obtained as the last hidden state representation of the last token in the tokenized representation of y. We denote the
¢

embeddings of y*;, s ; as e}’ ef ; € R*9®. During training, validation, and testing, we first sample z; ~ Bernoulli(0.5)

and then sample NZ-C context pairs and N7 target pairs with decisions made deterministically according to p(y; > y2) =
Hr(yr, z7) > r(ya, ) }-

During training, the number of context pairs for reward modelling varies uniformly between N©™™ = ( and N ™ = 10.
The number of target pairs is set to N7 = 20.

For LLM policy fine-tuning, during training, the number of context pairs varies uniformly between N©™" = () and
N¢maz — 6 The number of target pairs is set to N7 = 9.

https://huggingface.co/datasets/openbmb/UltraFeedback
"hitps://huggingface.co/meta-llama/Meta-Llama-3-8B
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D.2.2. REWARD MODELS

Cc
NP-BTL. Our context encoder is implemented as a DeepSet with multi-head self-attention. For DY = {(w, yf j)};v:ll the
contextual embedding z¢ is computed as:

NE
2 =hg, , | Y MultiHeadAtin(W 7 [e)||ef ) | , 27)

Jj=1

where W € R*4096x256 jg 4 linear map, hyg, , : R?*® — R?°6 is an MLP, and MultiHeadAttn a multi-head attention layer
with 8 heads and dropout 0.1 '2.

The decoder gg, : R?*6256 — R, first passess the embedding e of a target option y € DT through an MLP, then
concatenates the output with zf , and passess it through another MLP so that:

(YD) = g, (y, 28) = MLP, ([MLP (e)]|2f']) (28)

BTL. The BTL model is a simple MLP mapping the embedding e € R*%% to scalar rewards in R.

Training. Each batch consists of 64 tasks containing the same number of context data points (DY, DT) (for the non-
conditional baselines we have DY = @). Models are trained for a maximum of 450 SGD updates, retaining the model
parameters with the lowest loss on the validation split. The learning rate is set to le-4.

D.2.3. LLM PoLICY MODELS

NP-DPO. Contextual embeddings z¢ are obtained in the same way as in reward modelling with NP-BTL. A key component
in this task is modulating the LLM parameters 6 with the conditional latent variable zf . Our modulation operator is
based on feature-wise linear modulation (FiLM) (Perez et al., 2017). We map zf to a set of modulating parameters
7i = {Ym (29), B (25)},—1, where L is equal to the number of attention blocks. The shorthand notation § ® 7; introduced
in the main body of the paper denotes the operation of rescaling the output of each attention block by the parameters
Yms Bm € Rdmodet | If we denote by o,, the output of the attention block at the mh layer, then hidden representations
modulated via 2z are obtained as:

O = Ym ® 0 + B, (29)
where ® denotes element-wise product. The parameters 6 of the base LLM and the collection of the weights ¢ = {Pmod, Pe }

defining the modulating hypernetwork Ay, _, and the context encoder h,_ are optimised jointly by maximising the conditional
DPO objective:

Jv|z, D 7%z, DC
max  E [logo (ﬁ log 7012 D) gy ”(y”jf))] : (30)

0,6 (D?»D?)a Wrcf(ywkc) Wrcf(y |£L’)

(z.5*,5°)eD]
BTL-DPO. We optimise the parameters 6 of the chosen language model with the standard DPO objective:
~w ~0
max  E [bga(ﬁlogW—mo W)] 31)
(z,5v,5%) Wrcf(y |$) Wrcf(y |£L’)

Training. To reduce memory requirements, parameters ¢ of the base LLM are optimised with Low-Rank Approximation
(LoRA) (Hu et al., 2021), with a rank of 512 and a LoRA-« of 1024. The learning rate of the Adam optimizer is set to le-6.
The parameter [ is set to 0.05. During training, we use a batch size of 1.

Zhttps://pytorch.org/docs/stable/generated/torch.nn.Multihead Attention
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D.3. Correlations in data and identifiability of the hidden context

D.3.1. ANALYTIC STUDY

Dataset. Options y = [hg, h1] € R? are sampled with N'(u,¥) with 4 =

and X = [[1) ﬂ For any two pairs

0

0

Y1, Y2 € R?, decisions are made according to p(y1 = y2) = 1{r(y1, z*) > r(y2,2*)}, where
ho ifz*=0

,20) = 32
E R DA (32)

The dataset is constructed by first generating 20k pairs 31, %> € R2. This dataset is split into 10k training, 5k validation
and 5k testing pairs. To construct a single task 7; = (DY, DT), we first sample the unobservable z} ~ Bernoulli(0.5) and
then sample N context and N7 target pairs from the training, validation, or testing split with preference choices made
according to (- ; ). The number of context pairs varies uniformly between N™" = ( and N“™%* = 10. The number
of target pairs is set to N7 = 20.

Model implementation and training. Implementation of the NP-BTL and the baseline BTL reward models is analogous to
that presented in D.1, with the input dimension replaced from 1 to 2. The training setup is identical to D.1.

E. Related Work

We extend our comparison to related work in Table 8, where we investigate the works on (1) whether the source of
heterogeneity is observable or not, (2) whether and how contextual information is provided, (3) whether it generalises to
new and unseen users, (4) what kind of steerable model they investigate, (5) if the number of learnable rewards and policies
is finite or unbounded.

Model Source of Contextual Generalises to  Steerable Number of Learnable
Heterogeneity = Information New Users Model Type Rewards / Policies
P-SOUPS (Jang et al., 2023) Observable Preference prompt ? Reward Finite, pre-determined
CLP (Wang et al., 2024d) Observable User-specific weight vector v Policy Finite, pre-determined
P-RM (Li et al., 2024) Observable User-specific ID vector X Reward Finite, pre-determined
P-DPO (Li et al., 2024) Observable User-specific ID vector X Policy Finite, pre-determined
DPA (Wang et al., 2024a) Observable User-specific weight vector v Reward Unbounded
CPO (Guo et al., 2024a) Observable User-specific weight vector v Policy Unbounded
PAL (Chen et al., 2024) Semi-observable  User-specific feature vector v Reward Unbounded
VPL (Poddar et al., 2024) Unobservable User preference data DY (fixed size) v Reward Unbounded
GPO (Zhao et al., 2023) Unobservable User preference data DY v Reward Unbounded
Pplug (Liu et al., 2024) Unobservable Historical user interaction data v Policy Unbounded
NP-BTL (ours) Unobservable User preference data D¢ v Reward Unbounded
NP-DPO (ours) Unobservable User preference data DE v Policy Unbounded

Table 8: Comparison of the related work. (*) Likely yes, but not demonstrated in the paper.
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