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Abstract

Foundation models trained on internet-scale data benefit
from extensive alignment to human preferences before de-
ployment. However, existing methods typically assume a
homogeneous preference shared by all individuals, over-
looking the diversity inherent in human values. In this work,
we propose a general reward modeling framework for plu-
ralistic alignment (PAL), which incorporates diverse pref-
erences from the ground up. PAL has a modular design that
leverages commonalities across users while catering to in-
dividual personalization, enabling efficient few-shot local-
ization of preferences for new users. Extensive empirical
evaluation demonstrates that PAL matches or outperforms
state-of-the-art methods on both text-to-text and text-to-
image tasks: on Reddit TL; DR Summary, PAL is 1.7% more
accurate for seen users and 36% more accurate for unseen
users compared to the previous best method, with 100x less
parameters. On Pick-a-Pic v2, PAL is 2.5% more accurate
than the best method with 156 x fewer learned parameters.
Finally, we provide theoretical analysis for generalization
of rewards learned via PAIL showcasing the reduction in
number of samples needed per user.

1. Introduction

Foundation models trained on internet data are often not
readily deployable and undergo alignment to human pref-
erences using large amounts of pairwise comparison feed-
back [44]. While aligning AI/ML models to human pref-
erences, it is important to consider whose preferences are
we aligning them to? The status quo for popular alignment
frameworks is to assume a homogeneous preference shared
by all humans. However, humans have diverse preferences,
values and opinions [6, 20, 42, 69]. The need to capture
this plurality in the context of Al alignment was also high-
lighted recently by [61]. However, the methods suggested
therein and other recent works look at learning multiple
rewards with a top-down approach, where the system de-
signer decides the number and axes that one should care

about [15, 33, 44, 53], e.g., helpfulness vs. harmlessness
[4, 5, 24, 49]. In reality, human preferences are more com-
plex than designer-specified axes [6], especially on subjec-
tive aspects, which leads us to propose the following goal.

Goal: Develop a sample-efficient, personalized reward
modeling framework for pluralistic alignment from the
ground up which learns and generalizes to heteroge-
neous preferences.

Our Contributions.

1. We propose PAL, a novel, sample-efficient, person-
alizable reward modeling framework for pluralistic
alignment from the ground up (Section 2). Our modu-
lar and versatile framework achieves superior perfor-
mance to the state-of-the-art (SoTA) in both vision
(Section 3) and language (Appendix D.3) tasks, while
utilizing only a fraction of their learnable parameters.

2. PAL reward models achieve competitive performance
with simple 2-layer MLPs on top of frozen founda-
tion models of varying sizes in practical settings across
modalities (Section 3). PAL enables democratic align-
ment via strong accuracy-compute optimality [50].

3. PAL is complementary to existing alignment frame-
works, and works seamlessly across compute budgets
(see Figure 2) demonstrating the strength of its flexible
and modular design.

4. We provide sample complexity guarantees for gener-
alization towards new preference predictions for users in
the dataset as well as for unseen users via few-shot learn-
ing, in the fully connected linear layer setting for one of
our models (Appendix C.1), and we verify these results

with extensive numerical simulations (Appendix C.2).
The learned PAL reward models can be used flexibly

for personalizing downstream task of alignment through (i)
train-time methods such as PPO-based RLHF [16, 70] and
(i1) inference time methods via best-of-n sampling such as
controlled decoding [37, 41]. In addition, the modular na-
ture of PAL has high potential for future adaptability as
it enables seamlessly updating learned reward models via
switching data encoders and distance metrics, or adding



Foundation Model

- RE - R

Prompt Generation

b) PAL: pluralistic RM with learned latent pref. points P or pref. mappings G

Reward Model
(RM) for user i

a) Learn Reward Model ry : does user ¢
prefer x; or x,. for context z. ?
Score

— 8 X 'r{(,i)(zl 3@0)

&

¢) How does PAL
adapt to new users?

| prefer item with
higher reward!

a® g . Meiohts AV L) Weishts
T ol Fixed for new user. L d
W ks T - J; 1XeC earned
2D . . N — A - v d = G() 14 3 Wyew 1S learned from Data
1 € N> ! « N> T
Prototypical Prototypical A
PAL-A: pref. points PAL-B: pref. mappings (£, Pp W)
(1) (4 . )2 ) (o . _ i B:
Ty (X ,XC) = ||f(x’x6) - f(a(Z))HZ Té[ (X axc) — <f(X), Z(l)(xv)> (£, & W)

Figure 1. (a) Using preference data, the PAL framework learns a personalized reward model for each user ¢, réi)(~), which captures
the user’s preference for any output x given context x.. (b) PAL models the common perceptions of similarity across users through a
shared representation f(-), and represents the individual aspects of preferences via either a preference point a inpPAL-Aora preference
mapping z® (xc) in PAL-B. In particular, we assume a low-rank structure with K prototypical preference points or preference mappings;
see Section 2 for details. (c) PAL enables efficient few-shot preference learning for a new user—only a K -dimensional weight vector is
learned. This reduces computational cost as well as data needed for generalization.

new prototypes to account for dynamically changing het-
erogeneous preferences.

Background. Our reward modeling builds on the pop-
ular preference learning models, the Bradley-Terry-Luce
(BTL) model [10] and the ideal point model [17], both of
which are special cases of the linear stochastic transitiv-
ity (LST) models. We provide a brief discussion of these
models, including their assumptions and limitations here.
Let D denote the dimension of the representation space of
the foundation models. Given a context/prompt x. € R?,
generative model(s) can produce different outputs, denoted
by x € RP.! The LST models make the following as-
sumption: Suppose each output for the prompt is associated
with a true score s*(x;x.) € R. Given any list of alter-
nates, the true scores lead to a true ranking of them: for
any two alternates, x; is preferred over x,. if s*(x;;x.) >
s*(x,;X%.). However, when we elicit comparison feed-
back from humans, the answers may be noisy and are mod-
eled as, Pr(x; > x.|x.) = h(s*(x;;%c) — $*(Xr;%c)))s
where h : R — [0,1] is a strictly monotonic link func-
tion that satisfies h(z) = 1 — h(—z). In other words,
Pr(x; > x,|x.) = 1/2 when s*(x;,x.) = s*(xr,X.) and
Pr(x; > x,|xc) > 1/2 when s*(x;,X.) > s* (X, Xc).

The BTL model uses the logistic sigmoid function as the

These representations can be taken from penultimate layer(s) of a
foundation model. While we use the same D for the prompt and output
for simplicity, this can easily be extended to different dimensional spaces.

link function:
1
1+ exp (S*(XT; xc) - S*(Xl; xc)) 1)
(

On the other hand, the ideal point model uses a latent vector
a € RP to denote the ideal preference point of a user, along
with (negative) distance-based scoring function; the model
is given by,

Pr(x; > x,|x.) = h(dist?(x,,a) — dist?(x;,a)), (2)

Pr(x; > x,|x.) =

where h can be any valid link function. The key idea here
is that the larger the difference in distances between the al-
ternates to the ideal point, the easier it is to choose between
them, and hence the answer is less noisy. We note that with
a sigmoid link function, the ideal point model can be viewed
as the BTL model with a distance-based scoring function.

A key limitation of these approaches is that they assume
a single true ranking of the alternates and model the differ-
ences in elicited preference as noisy observations. In reality,
the differences in elicited preferences are not merely noise,
instead a reflection of plurality of human preferences.

The ideal point model provides a natural starting point
to incorporate individual preferences since each user can be
modeled using their own latent preference. However, the
assumption that we know the distance function that reflects
a human notion of similarity of alternates can be too strong
in practice. Further, completely individualized models de-
void of any shared structure will lead to unnecessary bur-
den on per user sample complexity for learning and would
be difficult to generalize. Our aim is to capture the hetero-
geneity of preferences while also leveraging commonalities



(Section 2), allowing for sample efficient learning and gen-
eralization.

2. PAL: Reward Modeling for Pluralistic
ALignment

In this section, we describe our proposed personalizable
reward modeling framework that captures commonalities
shared across the population which can be learned using the
pooled data and individual aspects that is learned per user
in a sample efficient way. For user i, given a context X,
the probability of alternate x; being preferred over x,. is as
follows,

Pr(x; > X,|x.,7) = h® (réi)(xr;xc) —réi) (x15%¢)), 3)

where h(?) is any valid link function that can depend on the
user, and (¥ (.) is the personalized reward function for user
i.> We do not assume the knowledge of the link function
for our learning algorithms (Section 2.1). We propose two
models for the personalized reward function’:

PAL-B: Diverse preferences modeled via latent pref-
erence mappings. Here each user’s preference also in-
corporates the given context and is modeled using an un-
known preference mapping z : RP? — R? The shared
sense of similarity of different alternates being compared is
modeled as cosine similarity in an unknown mapped space,
f : RP — S The commonality in the preferences
among users is captured by modeling each user’s prefer-
ence mapping as a convex combination of K prototypi-
cal mappings, ie., 29 (x.) = Zle w,(:)gk(xc), where
{g1, .., 9 } with g, : RP — S?=1 are the prototypical
mappings, w,(j) > 0and Yr_, w,(;) = 1. Formally, the
personalized reward function and the corresponding proba-
bilistic preference model is given by,

PAL-B: réi) (x;%,) = (f(x),z(i)(xc», 4)
Pr;(x; = x,|x.)
=0 ((fx), 20 (x0) = (), 20 (x.)))

For any context x. denoting G(x.) =
[91(%c), -+ , 9K (Xc)], each user’s preference mapping
of the given context is, 2V (x.) = G(x.)w® with
w) ¢ AR

PAL modeling framework is modular, i.e., it provides a
systematic way to incorporate shared and personalized por-
tions of preferences, as well as transparent way to control
multiple notions of complexity via cross validation: (i) the

(&)

2We drop the superscript i on h denoting user specificity for simplicity
in the rest of discussions, however, we note that the link function need not
be the same for all users and our learning methods are agnostic to them.

3In Appendix B.2, we discuss when to choose one model over the other
in practice.
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Figure 2. On Reddit TL;DR, PAL is accuracy-compute optimal
and shows state-of-the-art (SoTA) performance.

complexity of mapping f (and g’s in PAL-B) captures the
shared human notion of similarity between alternates. If
the underlying foundation model used to obtain the repre-
sentations of outputs and contexts (x and x.) are rich and
semantically meaningful, then much smaller models suffice
in capturing the rewards (Figure 2); (ii) the number of pro-
totypes K capture the level of heterogeneity of human pref-
erences in the dataset: more diverse preferences mandate a
larger K for good generalization (Figure C.1(b)); and (iii) in
conjunction with the prototypes, the individualized weights
allow for personalization with much fewer samples per user
for both seen and unseen users. This reduces the annotation
burden on individuals during data collection (Figure C.1(c))
and the amount of samples needed for few-shot learning for
new users arriving on deployment (Figure D.3). We illus-
trate the PAL framework in Figure 1 and Figure B.2 (Ap-
pendix B).

2.1. Learning PAL models from Diverse Preferences

. N
LetD := {{(xl,x,«; Xy y)gl) ;":’1} ) be a dataset of pref-
erence comparisons, where m; den(;tEs the number of pairs
answered by user 7, and y is the answer given to the pair
(y = —1if x; is preferred, y = 1 otherwise). This
can be looked at as a supervised learning problem with bi-
nary labels. The goal of the learning algorithm in the PAL
framework is to learn the mappings and prototypes shared
across the population, and for each user ¢, the weights
w( ¢ AK=1 For PAL-A, the mapping f and the pro-
totypes {py }5-_, are shared, while for PAL-B, the mapping
f and the prototype mappings {gi }_, are shared. These
shared portions are learned using data pooled from all users
while the user specific weights are learned using each indi-
vidual user’s preferences.
Given the comparison dataset D, loss function ¢

R — [0,1], model class for fp and prototypical map-
pings {g1, -.., gi } the learning algorithm for PAL-B starts



by randomly initializing these functions, and user weights
w( e AK=1 j =1 ... N. Then, in each iteration until
convergence criteria, the following steps are repeated,

e Sample a random mini-batch {(xl, X5 X, y)g-i)} of
comparison data from D.
* For each comparison j from user ::
- Cqmpute user ideal mappings: _
2t (xc) = [g1(xc) .- gr(Xc)] - w,
— Compute distances: 4
dy') = (fo (1), 29 (x0)), A = (fo (x,) 20 (%))
— Compute loss:
¢§Z) (X1, X Xy y) = £ (y ) (dl(?j) - dﬁz,;))
» Update Step: 4
argming ¢y, o} (w®}N D w;l)(xlvxr;xmy).

Learning steps are similar for PAL-A. See Appendix B for
pseudocode details.

2.2. Generalization of preference predictions for
seen Versus unseen users

When learning a reward function from diverse preferences,
there are two types of generalization to consider: Predict-
ing preferences for (1) unseen pairs for seen users, i.e.,
the people for whom the weights have already been learned
from the training data; (2) unseen users, i.e., people whose
data was not part of the training data at all. For such new
users, a portion of their data will be used to learn weights
to localize them within the learned model while keeping the
shared mappings and prototypes fixed. We also note that
the weighted combination of the prototypes, i.e., an aver-
age of all the seen users, can be used as the zero-shot ideal
point for new users (e.g. Netflix recommendations for new
accounts). However, we emphasize that it is important for
reward functions to generalize to unseen users and PAL pro-
vides a natural way to localize new users, as we demonstrate
in Appendix D.3. Appendix C.1 provides theoretical guar-
antees on the per-user sample complexity of PAL for few-
shot generalization to unseen users.

3. Experiments on Real Datasets

We verity the following claims through extensive empirical
evaluation:

C1. PAL can effectively capture the diversity of user pref-

erences and outperform status-quo homogeneous reward
models.

C2. Compared to existing pluralistic reward modeling meth-

ods, PAL can achieve state-of-the-art (SoTA) perfor-
mance with significantly fewer parameters.

C3. PAL works for both text-to-text (T2T) and text-to-image

(T2I) tasks.
We employ two strategies for defining and training the

learnable mapping f between the embeddings from a foun-
dation model and latent space. In the Tiny strategy, f is

Table 1. Seen user test accuracy of PAL compared to baselines
on Pick-a-Pic v2. Entries with asterisk™ have inflated accuracy
due to the V2 test set overlap with V1 train (See dataset details in
Section 3.1).

9
Model ‘ Params  Trainset ‘ V1 Test Accuracy (%) V2 Test Accuracy (%)

‘ ‘ No-Leakage Leakage
CLIP-H/14 986M - 59.23 62.57 58.59
ImageReward 447M - 61.10 - -
HPS v2.1 986M - 66.70 - -
PickScore 986M Vi 71.85 68.04 74.16%
PAL-A-Tiny (CLIP-H) 8.4M Vi 69.29 £ 0.6 - -
PAL-B-Tiny (CLIP-H) 6.3M Vi 7113 £ 0.3 70.02 £0.39  79.32 + 1.68*
PAL-B-Tiny (CLIP-H) 6.3M V2 - 70.51 £0.22 68.67 +0.51
PAL-B-Tiny (Pickscore) | 6.3M V2 70.16 £ 0.19  74.79 £+ 0.13*

a simple two-layer MLP operating on a frozen foundation
model. In the Large strategy, f is a combination of the
foundation model and a two-layer MLP, with both com-
ponents being learnable. Models employing these strate-
gies are referred to as PAL-A-Tiny/ PAL-B-Tiny and
PAL-A-Large/ PAL-B-Large respectively. Appendix
D.1 describes the general training procedure of PAL.

We perform experiments on datasets in different do-
mains: the Reddit TL;DR Summary dataset (Appendix D.3)
and the Pick-a-Pic dataset (Section 3.1). Due to limita-
tions in currently available datasets for pluralistic align-
ment, which we highlight in Section 3.1, we also created
semi-synthetic datasets, Pick-a-Filter (Section 3.2) and Per-
sona (Appendix D.4), to further validate the above claims.

3.1. Pick-a-Pic (Text-to-Image)

In this section, we examine how agnostic PAL is to data
modality (C3) via the Pick-a-Pic dataset [31]. Popular
T2I reward models usually require fine-tuning foundation
models with billions of parameters [31, 71, 74]. We show
that PAL achieves competitive performance or SoTA per-
formance while having significantly fewer parameters than
baselines (C2).

Dataset. The Pick-a-Pic dataset [31] is a large, open
dataset for human feedback in T2I generation. There are
two versions of Pick-a-Pic, vl and v2, where v2 extends
v1l. To ensure a fair model evaluation, we divide the v2
test set into “no-leakage” and “leakage” subsets due to over-
lap (“leakage”) with the v1 train set. We only consider the
18391 samples with no preference ties, i.e. one generated
image is always preferred to the other. Out of these, 10587
samples (~ 58%) overlap with the training and validation
sets of v1, which was used to train PickScore [31] — we call
this the v2 “leakage” subset. The remaining 7804 test sam-
ples (~ 42%) in v2 do not overlap with v1 train and val,
ensuring they are distinct for evaluation purposes — we call
this the v2 “no-leakage” subset.

Setup. We train PAL-B with logistic loss on both v1 and
v2 for 10 epochs on top of CLIP-H/14 or PickScore [31]
embeddings (details in Appendix D.5).

Baselines. We compare to SoTA PickScore [31] and a
vanilla CLIP-H/14.

Results. Table 1 shows (a) PAL matches SoTA
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Figure 3. On Pick-a-Filter, PAL-B-Tiny outperforms homogeneous models as
user groups become more heterogeneous (1 3).

PickScore when trained on V1 with 165x fewer parame-
ters (b) PAL exceeds SoTA performance on v2-no-leakage
(i.e. fair comparison) by 2% when training on vl, and
by 2.5% if training on v2 (C1, C3). Training PAL from
“scratch” i.e. with CLIP-H embeddings, outperforms train-
ing on PickScore embeddings (which were trained on v1).
We note that PAL-B-Tiny (~6M params) exceeds SoTA
performance while training on a single RTX 4090 GPU (see
Appendix E), whereas PickScore (~1B params) is trained
with 8xXA100 GPUs — highlighting the suitability of PAL
for efficient and democratic reward modeling (C2).

Remark. Since the data collection process for existing
datasets involves the usage of strict rubrics [31, 62, 71], la-
beler performance monitoring [74], and a disproportionate
amount of data provided by a small fraction of users, these
datasets may not be heterogeneous. We note that a strict
rubric leads to uniformity as it essentially crowdsources the
criteria of the rubric instead of eliciting the preferences of
the users. Therefore, even using PAL with K = 1, we can
surpass existing SOTA performance. These results highlight
the need for more nuanced approaches to collect datasets
that elicit diverse opinions.

3.2. Pick-a-Filter (Text-to-Image)

As PickScore has been shown to lack significant hetero-
geneity [31], we artificially inject plurality to create the
Pick-a-Filter dataset, and show that PAL significantly sur-
passes homogeneous reward models when pluralistic pref-
erences are present (C1, C2, C3).

Dataset. Motivated by a natural human color preference
distribution [45], we choose adding different color filters to
the generated images as the mechanism by which we explic-
itly “inject” preference diversity into the v1 dataset (group
1 prefers ‘red’ tones and group 2 prefers blue’ tones). To
avoid the model latching on purely to color features when
learning preferences, we use a hyperparameter called mix-
ture ratio 5 = Ny /N,, where N is the number of v1 pairs

we choose to apply filters on, and N, is the total number of
original v1 pairs. The larger the /3, the more color-filtered
v1 pairs in the training set. We show and discuss our careful
construction of Pick-a-Filter in Appendix D (Figure D.8).

Setup. We train PAL-B-Tiny with logistic loss on the
Pick-a-Filter dataset with different mixture ratios. Detailed
training setups are deferred to Appendix D.6.

Baselines. We compare PAL to CLIP-H, following [31],
as well as strong T2I reward models: PickScore [31], Im-
ageReward [74] and HPS v2 [71].

Results. Figure 3 shows that PAL-B-Tiny can learn
diverse user preference groups across mixture ratios (C1,
C3). We can view [ as indicating how much the two user
groups prefer their respective color filters (higher 5 —
affinity for filters). PAL significantly outperforms the ho-
mogeneous reward model in predicting user preferences —
at 3 =1, PAL achieves 95.2% test accuracy compared to
75.4% from the homogeneous reward model (C2).

4. Conclusions

We propose PAL, a novel framework for modeling per-
sonalizable rewards for pluralistic alignment (Section 2),
which leverages shared structure across the population
while learning to personalize in a sample-efficient way.
We demonstrate that PAL is agnostic to modality, showing
strong results on both image (Section 3.1, 3.2) and text
(Appendix D.3) tasks. We also provide sample complexity
bounds for generalization of the learned rewards to both
seen and unseen users (Appendix C.1). Our work aids in
building much-needed foundations toward plurality for
the alignment of ML/AI models. Our experiments also
highlight the limitations of many real human preference
datasets that are collected with rubrics that make the dataset
homogeneous, and call for a more nuanced approach to
data collection in the future (Section 3.1). While the
mixture modeling approach of PAL is flexible, a limitation
of using it in a static setting is that it will not generalize
to new users who fall outside the convex hull of learned
prototypes (Appendix C.2). A more pragmatic and exciting



approach would be to continually learn prototypes to adapt
to new users on the fly, which we leave for future work.
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A. Extended Related Work

Alignment Status Quo. Popular existing foundation mod-
els [1, 2,44, 64] typically use RLHF [16, 22, 62, 70] to align
models after pretraining. Recent foundation models such as
Zephyr [65] and the Archangel suite* have shifted to di-
rectly optimizing on human preferences [3, 22, 47] to avoid
the nuances of RL optimization [19]. There has also been
significant recent work in collecting large human prefer-
ence datasets for reward model training in the text-to-image
space [31, 71, 74] (typically diffusion models [51]).

Reward Modeling. These existing alignment frame-
works generally assume that all humans share a single uni-
fied preference (e.g. LLM “helpfulness” or “harmless-
ness” [4]) and ascribe to the Bradley-Terry [10] model of
pairwise preferences. Consensus-based methods [6] aim to
find agreement among labelers for specific goals like harm-
lessness [5, 24], helpfulness [4], or engagement [27]. By de-
sign, these methods inherently prioritize the universal pref-
erence (and biases) induced by the labelers [15, 33, 53].
In reality, humans have diverse, heterogeneous prefer-
ences [42, 61, 69] that depend on individual contexts, and
may even share a group structure [6]. Rewarded soups [49]
make a case to capture diversity through post-hoc weight-
space interpolation over a mixture of experts that learn di-
verse rewards. However, these rewards are learned by pre-
defining what aspects are important which is done by the
system designer. Separate datasets are collected to elicit hu-
man preferences on these axes as to how much people care
of them. DPA [67] models rewards as directions instead
of scalars, and trains a multi-objective reward model for
RLHF. Wu et al. [72] propose fine-grained multi-objective
rewards to provide more focused signal for RLHF. Recently,
Li et al. [35] propose personalized reward modeling by
learning a general user embedding and treating each indi-
vidual as a perturbation to the embedding. As this prefer-
ence formulation is still homogeneous for users not in the
dataset, they use the fixed general user embedding for gen-
eralizing to unseen users, i.e., do not personalize to new
users.

Recent survey works provide excellent summaries of lit-
erature for alignment [29] and reward modeling [66].

Human Preference Datasets. The preference uni-
versality assumption also extends into the data annota-
tion/labeling processing, where labelers are given a rubric
to select preferences (e.g. to rank an image pair considering
image aesthetics and image-prompt alignment [31]). Due
to this rubric, the current largest scale text-to-image gener-
ation preference datasets [31, 71, 74] show limited diversity
among labelers. In the Pick-a-Pic train set [31], there are
only 701 disagreements among the 12487 image pairs la-
beled by different users (94.38% agreement), and there are

4ht tps://github.com/ContextualAI/HALOs

zero disagreements in validation (1261 pairs) and test (1453
pairs) sets. HPS [71] found that labeler agreement over dif-
fusion model generations was higher for models of similar
quality or size, though this diversity comes with the caveat
of the labelers being provided a rubric to provide their pref-
erences. Imagereward [74] use researcher agreement as a
criteria to hire labelers. In the LLM domain, the popu-
lar Summarize from Feedback dataset [62] is also collected
with rigid rubric, with labeler performance measured via
agreement to the preferred answer of the authors. During
the data collection period, only labelers with satisfactory
agreement were retained, which led to a small number of
users, all in agreement with the authors’ rubric, being re-
sponsible for a majority of labeled comparisons. Status quo
preference datasets used to align foundation models thus
suffer from a lack of diversity due to the nature of their data
collection.

Preference learning. There is rich literature on prefer-
ence learning and ranking in various domains ranging from
psychology, marketing, recommendation systems, quantify-
ing social science surveys to crowdsourced democracy, vot-
ing theory and social choice theory. We provide a few rel-
evant works here and direct reader to surveys such as [23].
Ranking based models, e.g., BTL-model [10, 38], stochastic
transitivity models [55] focus on finding ranking of m items
or finding top-k items by pairwise comparisons [11, 21, 26,
30, 43, 48, 56]. Ranking m items in these settings requires
O(mlogm) queries. There is also rich literature that stems
from ideal point model [12, 17, 18, 25, 28, 60, 73]. Under
the ideal point based models, the query complexity for rank-
ing m items reduces to O(dlogm), where d is the dimen-
sion of the domain of representations which is usually much
smaller than the number of items being ranked [28]. This is
due to the fact that once the preference point is learned, it
can then be used to predict rankings of new items without
needing more comparisons.

Metric learning has been studied quite extensively and
we direct the reader to surveys [34] and books [9]. In partic-
ular, metric learning based on triplet querying has also been
quite extesively studied [7, 8, 32, 34, 39, 54, 57-59, 63]
which aims to learn the underlying unknown metric under
the assumption that the people base their judgement for a
triple query with concepts x,, Xp, X, € D on the relative
similarities based on the distances between these concepts
under the unknown metric.

Simultaneous metric and preference learning. More
recently a few works have considered the problem of un-
known metric in preference learning and proposed meth-
ods [12, 68, 73] and provided sample complexity analy-
sis [12, 68] for simultaneously learning an unknown Maha-
lanobis metric and unknown user preference(s). Learning
the unknown Mahalanobis metric can be viewed as learn-
ing linear layer on top of the embeddings from a foundation
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model. From our reframing of alignment, these works can
be looked as PAL-A with linear function for f and indi-
vidual user preferences instead of having any structure over
them.

B. Detailed Model Overview

PAL-A: Diverse preferences modeled via latent ideal
preference points. The shared sense of similarity of differ-
ent alternates being compared is modeled as Euclidean dis-
tance in an unknown mapped space, captured by f : R2P —
R? that jointly maps the output and context, (X;X.), to this
unknown space. The latent preference of each user ¢ is mod-
eled using an unknown ideal preference point a) € R2P.
How much the user ¢ values output x for given context x,
is modeled as inversely proportional how far away the map-
ping of (x;x.) is from the user’s ideal point. To further cap-
ture the commonality in the preferences among users, each
user’s preference points is modeled as a convex combina-
tion of K prototypical points, that is, a® := ST wl(j)pk
where the weights w{’ > 0 and 3w = 1, and
{p1, ..., pr } with p; € R?P are K prototypical ideal pref-
erence points. More formally, the personalized reward func-
tion and the corresponding personalized probabilistic pref-
erence model is given by,

PAL-A: 7 (xix) = | f(xix) — f@D)[3,  (6)

Pr(x; > x,|xc, %)

= h(||f (xrixe) = f@D)]E = [1f(xixe) = f@D)][3),

)

,PK], each user’s preference
point a® := Pw(®, where w(?) := [wy), cen 711)%)]1—, lies
in the (K — 1)-dimensional simplex, AX~1,

Denoting P := [pq,---

B.1. Illustrations and Pseudocode for the PAL
Framework

Figure B.1 illustrates the ideal point model considered in
PAL-A. We show the modeling mechanism of PAL (Sec-
tion 2) in slightly more detail in Figure B.2. Algorithm |
and 2 provide the pseudocode for the learning algorithms of
PAL-A and PAL-B.

B.2. Modeling Choices:
PAL-B in Practice?

When to Use PAL-A or

We note that PAL-B is more natural in generative modeling
settings, as it learns a personalized mapping (V) (x.) for
each user ¢ and any given prompt X, and it learns a separate
mapping for outputs x. In contrast, PAL-A learns an ideal
point al) for each user i fixed across all prompts and it
learns to jointly map the prompt x. and output x in the same
space.

From experiments, we found that PAL-B serves as a reli-
able default choice (see Figure 2, Figure D.3 and Table 2 on
Reddit TL;DR Summary; Table 1 on Pick-a-Pic; and Fig-
ure 3 on Pick-a-Filter). We are able to get PAL—-A to work
competitively to PAL-B in most settings (see Table D.1,
Table D.3 and Section D.4 in the Appendix); however, in
practice, this may require additional engineering effort to
optimize effectively.

C. Sample complexity for learning rewards un-
der PAL modeling

In this section, we shed light on the per-user sample com-
plexity of PAL for (1) generalization to unseen pairs involv-
ing known users, and (2) few-shot generalization to unseen
users. We present theoretical guarantees in Section C.1,
and empirical results from numerical simulations in Sec-
tion C.2.

C.1. Theoretical Guarantees

To shed light on the benefits of using mixture model-
ing approach, we provide theoretical analysis of PAL-A
with fully-connected linear layer in neural network map-
ping f. For simplicity of exposition, we subsume the
context/prompt vectors into the item embeddings, treating
(x;%.) as x € RP. Consider a class linear transformations,
FcC{f:RP5>RP ’ f(x) = Ax,A € RP*P}. Then,
the difference of scores between two items for a user with
ideal point a = Pw is given by

1£00) = F@)lz = 1£(xr) = F(@)ll;
=(x;—a)'ATA(x;—a)— (x, —a) ATA(x, —a)
=x/ (ATA)x; —x (ATA)x, —2(x; —x,) (ATA)Pw

Algorithm 1 Learning algorithm for PAL-A
O OO L
y;)},

Require: Dataset D = |JV, {(xV’ Jl, XX Yy ) il
loss function ¢, model class for fy, prototypes P =
[P1,..-,Px] Where p, € RP, user weights W =
[w, .., w)] where w®) € AKX,

1: for each iteration do

2 Sample a mini-batch {( ]17 gll, x;! c,y]( ))}
> random pairs, not ordered by users

3. User Ideal Points: a) =P . w(?)

Distances: @ '
1fo (xlj, x) = S

) =

—Hf(”, x()) = fo@™)|3
¢ Loss: p0 0wl 10) = 0 (o) -
d()))
7: Update Step:

(2)
8: argming p (v~ iy (Xz X J
9: end for

Q) )

CJ’ J
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Figure B.1. In the ideal point model considered in PAL-A, items and users (represented by their ideal points) are mapped to R? via an
unknown function f. A user’s preference for an item (e.g., an image or a text summary) is inversely related to the distance between the
item and the user’s ideal point. For example, the yellow user prefers the green text summary, and the purple user prefers the orange text

summary, as these items are “closer” to their respective ideal points.

Algorithm 2 Learning algorithm for PAL-B

Require: Dataset D = J¥, {(xV’ i ), gil,xﬁ, yj( ))};"‘1,

loss function ¢, mapping function fy, prototype map-
ping functions {gs, }X_,, user weights {w(® :=
[ (4) (l)]

Wy ey i
1: for each iteration do
2 Sample a mini-batch {(x l,x( Dokl g

g Xjier Yj
random pairs, not ordered by users
3: User Ideal Point (conditioned on prompts):
4 al) = [gei (), ey g (xC >)} Cw(®)
: Distance: '
B = ()., a0 =

<f9( (i)-) a)

7: Loss: @D(l (le),X(z (z,;a%( ) = E(yg@ ‘ (dl(jj)‘ -
d( )))

8: Update Step:

9 argming p rwy > wj(i) (xl(lj)7 xiz S; , y]( ))
10: end for

Observe that the right-hand side of the first equality repre-
sents the difference between the squared Mahalanobis dis-

tances’ from x; to a and from x, to a, where the Maha-
lanobis distance is defined by AT A. In other words, the
problem is equivalent to simultaneously learning a Maha-
lanobis distance and the user ideal points [12, 73].

Now, let M := AT A and Q := —2MP. The difference
in scores can then be written as:

(i) = F@)I5 = [1f(x0) = f@)ll3

=x, Mx; — x! Mx, + (x; — x,) Qw.

Given these reparameterizations from f to M and
from P to Q, for the remainder of this section,
we assume that the reward modeling problem is de-
fined over M € {M e RP*P: HMHF < (u,M = 0},
Q € {QEeRP*K 1 ||Qull2 < ¢ Vk € [K]}, and w) €
AE=1 for each user i. In addition, we let ¢:R —[0,1] be
an L-Lipschitz loss function.

Work of Canal et al. [12, Theorem 3.1] shows that a set of
N > Q(D?) known users, the per-user sample complexity
for generalization to unseen pairs of items is O (D). Key
questions remain: Does our mixture modeling lead to im-
proved per-user sample complexity, e.g., O(K)? Can we

5The Mahalanobis distance defined by a symmetric, positive semidefi-
nite matrix M is given by dnp(x,y) := V(x —y) TM(x — y).
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Figure B.2. Illustration of PAL framework for learning from diverse preferences (Section 2). For any user ¢, the probability of preferring

X; to X, for the context x. is computed by a reward model r(gi>

which uses a mixture modeling approach to assign a scalar reward to a

sample (e.g. x; or X,) given context (x.). In PAL-A, each user ¢’s preference a™ is modeled as a convex combination of K prototypical
preferences, i.e. a® = Pw®. In PAL-B, each user i’s preference z(l)(xc) is modeled as a convex combination of K prototypical

functions g; - -

- gK, 1.e. 2® (xc) =. Reward functions formulated using the PAL framework can be used flexibly, e.g., with fixed

preference points (PAL-2), with preference points that are functions of the context/prompt x. (PAL-B).

characterize PAL’s generalization ability to unseen users,
and determine the per-user sample complexity for few-shot
localization of preference points (going beyond analysis in
[121)?

Generalization for seen users and unseen pairs.
Without loss of generality, let us assume that each
user answers m preference comparisons. Let S; =
{(x gl), gzz7y§z))};n:1 denote an i.i.d. sample of size m

from user 4, and let S = UN S; represent the dataset from

N users. Given S, for any (M Q, {wDIN ), we define
its empirical risk Rs(M, Q, {w®}Y ) as
@7 () _ @OT (@)
Zf Xg,l Mx;; —x;; Mx; +
(®)

5 )T Qut))

Let (M,Q,{w®}Y ) minimize the empirical risk
given D, and (M*, Q*, {w*(}V| ) minimize the true risk,
Es[Rs(M, Q, {w®}N )]. Theorem C.I below provides

an upper bound on the excess risk. See Chen et al. [13]
(Appendix C) for detailed proofs.

Theorem C.1. (Seen user generalization) Suppose K <
min(N, D), and for each comparison, the user is asked to
compare two items drawn i.i.d. from the uniform distribu-
tion on the unit sphere, Unif (SP~1). Then, with probability
at least 1 — 6,

Es[Rs 1\7[Q
/210g(S

To interpret this result in a practical setting, let us further
assume that the entries of M* and Q* are bounded by some
constant, and set {3y = D and (, = v D, as done in [12].

Then, the above bound becomes O (\/W),

wORL)]

(KN
+K) ¢
D )& log(N + D)+

—Es[Rs(M*, Q*, {w*} )]



where O hides the parameters d and L and ignores loga-
rithmic terms. Observe first that the bound decays as either
the number of users N or the number of samples per user
m increases. In addition, when N > €(D?), the bound
simplifies to O(y/K/m), which implies a per-user sample
complexity of O (K). This contrasts with the existing result
of O (D) without mixture modeling [12, Theorem 3.1]. The
result captures the intuition that if the users amortize the
cost of learning the common M and Q, then each user only
needs to individually learn their weights w(?) € AK—1,

Generalization for unseen users. So far, we have dis-
cussed the generalization ability of PAL to unseen pairs
among known users, but how well does our model gener-
alize to new users, whose data was not included in the train-
ing set at all? In this work, we provide the first answer to
this question in the context of preference alignment under
the ideal point model, leveraging the framework and tools
for multi-task learning and learning-to-learn [40].

Suppose there is a distribution 7 over a set of users .
Given any representation IM and prototypes Q, along with
an i.i.d. sample S = {(xj7l,xj7,>,yj)}?l:l of m compar-
isons from some new user u € U, the natural approach is to
few-shot learn the weights that minimize the empirical loss:

WsiM,Q 1=
m

1 T
argmin — é(y : (X, Mx;;—
weAK-1TN ; TN !
X, M + (%0 — Xj,r)TQW));
and one can evaluate the expected performance of
(M, Q, Ws;m,q) for user u:
LM, Q:u, 5) =
IE(Xz,xny) [é (y (XZTMXl — X;FMXT«I»
(xi — X’I‘)TQ“’V,S;M)Q))} .

defined
where

The wunseen-user risk of (M,Q) is
as:Liwser (M, Q) = E,[L(M, Q;u)],
LM, Q;u) :=Eg [i(M,Q;u,S)].

Suppose that for training, N users are drawn according
to 7, and each answers m comparison queries, resulting in
the dataset, S; U ... U Sy. Let (M, Q) be components of
the minimizer of the empirical risk given by Eq. (8). The-
orem C.2 provides an upper bound on its excess risk when
compared with

(M", Q") ==
i Eu|: i EX X
argmink, | min | B x. )

f(y(xlTMxl — %, Mx, + (x; — XT)TQW)H],

which assumes oracle knowledge of each user’s prefer-
ences. See Chen et al. [13] (Appendix C) for a detailed
proof.

Theorem C.2. (Unseen user generalization) Suppose
K < min(N, d), and for each comparison, the user is asked
to compare two items that are drawn i.i.d. from the uniform
distribution on the unit sphere, Unif(SP~1). Then, with
probability at least 1 — 6 over S1, ..., SN,

unseen , -~ unseen

L user (M7Q) — [, user (M*7Q*>

[C3, + K2¢2 [ K (2 810g%
< 18L4/ *—>Y + 3L v .
- N + Dm * N

Again, let us set (3 = D and ¢, = v/D. The above

bound becomes O (\ / % + 1/£). Intuitively, the

first term captures how well the common mapping and the
prototypes learned on seen users’ dataset translate to new
unseen users. This term decays as the number of seen users
N increases. The second term characterizes how well our
few-shot preference localization for a new unseen user gen-
eralizes to unseen pairs of this user. This term indicates a
sample complexity of O (K) and suggests efficient gener-
alization, especially since K can be quite small in practice.

C.2. Numerical Simulation

In this section, we carefully and systematically examine
how PAL adapts to a plurality of preferences via numeri-
cal simulations. To this end, we construct a synthetic, het-
erogeneous dataset similar to [12], where each item x ~
N(0,11) and the user weight W ~ N/(0, ). The true f*
is a linear mapping from R? — R?. Let K* denote the
number of user prototypes and let P = {p;}/<| denote the
set of user prototypes, where each p; ~ N(0, $1). We as-
sume that the distance between any pair of user prototypes
is lower bounded by some value .

Experiment Setting. We study a mixture setting, where
each user is located in the convex hull of P. Let a; de-
note the i user. To learn this user’s ideal point, we draw n
pairs of items {x;, x,-} uniformly at random and assign the
user’s preference as sign(|| f*(x;) — f*(a;)||2 — || f* (%) —
f*(a;)|l2). We generate datasets with different K*, K,
latent dimension d, number of prototypes, and number of
samples per user n. We evaluate PAL-A on these synthetic
datasets.

Results. Figure C.1 (a) shows that PAL can learn the
user ideal points in the representation space. Figure C.1 (b)
shows that the homogeneous reward model () = 1) can
only achieve sub-optimal performance when diverse prefer-
ences exist. Incorporating plurality via multiple learnable
prototypes with PAT, we gain a significant 7% accuracy
boost. Figure C.1 (c) shows that as we increase the num-
ber of training samples for seen users, PAL achieves higher



# Prototypes in Model

1 EEm 2 N3 N4 w5

# Samples Per Unseen User

# Samples Per Seen User

200 400 600 800 1000

2.5 1.00
x  User Ideal Points (Truth)
2.0 User Ideal Points (Prediction) 0-98
1.5 0.954
>
~N  1.04 8 0.934
v
% 0.5 2 0.904
£ 0.01 3 0.88
=
—0.5 4 0.85
_1.0{ ® Prototypical Ideal Points (Prediction) 0.834
Y Prototypical Ideal Points (Truth)
-1.5 T T T T 0.80-
-2 -1 0 1

2 3 4
Feature 1 # True Prototypes in Dataset
(a) (b)

0.964 i

Test Accuracy
o o
© ©
S N
\%4
Test Accuracy

5 True Prototypes
in Dataset
emsmm Seen User (100 samples)

o
@
@

1 5 True Prototypes
in Dataset 0.884

=)
@
-3

10 2 10

4 6 8 4 6 8
# Prototypes in Model # Prototypes in Model

(c) (d)

Figure C.1. (a) shows that PAL can accurately capture the user prototypes and each user’s ideal point. We set d = 2 for visualization of
the user’s ideal point. (b) illustrates the performance of PAL on diverse preference datasets. (c¢) empirically highlights the importance of
the number of samples per seen user and the number of prototypes in PAL. (d) demonstrates the sample efficiency of the PAL framework
on unseen users. With as few as 40 samples, we can still achieve performance comparable to that of seen users.

test accuracy, and is also more accurate in capturing the true
number of prototypes in the dataset. Figure C.1 (d) presents
PAL’s potential to generalize to new unseen users via few-
shot learning to only learn their weights. We also studied
a partition setting, where each user is drawn from P uni-
formly at random. Figure D.1 in the Appendix D.2 shows
the learned ideal points under partition setting have similar
trends to the mixture setting.

To further validate our findings, we also examine PAL’S
generalization properties via Anthropic personas [46],
which we restrict to Appendix D.4 for brevity.

D. Experiment Details

D.1. General Procedure

We initialize our models with random weights for all of
our experiments, including the prototypical weight for each
user. We apply the softmax function to each prototypi-
cal weight to ensure that it is a probability vector. For
the unseen user, we initialize its prototypical weight ran-
domly. However, when we update the model using gra-
dient descent, we fix the learned projectors and the proto-
typical points and only update the prototypical weight of
the unseen users. During the training of the Large vari-
ant of PAL, we sample # batchsize samples from the prefer-
ence datasets and concurrently update the shared foundation
model, the mapping functions, and the corresponding user-
specific weights for each sample. For the Tiny variant of
PAL, we fix the foundation model and keep updating other
components.

D.2. Numerical Simulation

Experiment Setup. We introduce the dataset simulation
procedure in Section C.2. We use the following hyperpa-
rameters to generate the synthetic dataset: d = 16, K =
3,N = 100,n = 100, = 1. We generate another 50

comparison pairs per user as the held-out dataset. Note
that here we don’t follow the prompt-guided item gener-
ation, i.e. conditioning x. generates z; and x,. Instead,
we directly draw the item {z;,z,} from a normal distri-
bution for simplicity. In the experimental setup, we ap-
ply a toy version of PAL-A, where the distance between
the synthetic item and the user’s ideal point is measured
by || f(z) — f(u)]|2. We use a projection matrix (i.e. one-
layer MLP network without bias term and activation func-
tion) as the model architecture. We randomly initialize the
learnable parameters of prototypical user groups and user
weights and use the Adam optimizer. The projector f has
learning rate 5e — 4 and weight decay le — 3. The learn-
ing rate of the learnable parameters of prototypical user
groups and user weights is 5e — 3. With the aim of good
convergence, we train for 1000 epochs per run. We run
multiple trials to explore the influence of each hyperpa-
rameter: 1) varying the number of samples of seen users
n = {20,40,60,80,100,400,800,1000}, d = {2,16},
K =5, N = 250, 2) varying the number of samples of
new users n,¢, = {5, 10, 20, 30, 40, 50, 100}, d = {2, 16},
K = 5, n = 50, 3) varying the number of groups K =
{2,3,4,5,6}, d = {2,16}, n = 50, N = 50 « K. We
plot the results of this experiment in Figure C.1 and discuss
implications in Section C.2.

We consider two variants of modeling each user’s ideal
point through the lens of a shared group structure of pref-
erences via prototypical ideal points (henceforth referred to
as “prototypes”):

S1. Mixture Model: a user ideal point is a convex combina-
tion of K prototypes, i.e. lies in the convex hull of all
prototypes.

S2. Partition Model: a user ideal point is one of K proto-
types.

To visualize how well PAL can adjust to the frue num-
ber of user groups present in data, via learnable prototypical



points to represent each group, we consider a simple setting
withd = 2, K* = 3, K = {1,2,3} and N = 100 and
plot the results in Figure D.1 for both partition and mixture
settings. We also plot items in the partition setting in Fig-
ure D.2.

Partition Model : With only a single allowed assignment
for a learnable prototype (Figure D.la., K = 1), the pre-
dicted prototype is approximately the centroid of the true
prototypes, i.e. the model tries to predict a good group as-
signment on average. Also note that since we have a single
prototype, all predicted user ideal points lie on the proto-
type itself and performance is close to random. As we in-
crease the degrees of freedom for learnable prototypes to
two (Figure D.1b., K = 2), the model can predict one pro-
totype close to a true prototype (in red), while the other pre-
dicted prototype is approximately an average of the blue
and green true prototypes. User ideal points now lie in the
convex hull of these two predicted prototypes, i.e. the line
joining these points. It is only when we increase K = K*,
i.e. we match the “true” number of groups in the data (Fig-
ure D.1c., K = 3), the model can correctly predict close to
all three true prototypes, and user ideal points are concen-
trated around the predicted prototypes. These observations
extend to Figure D.2, where we additionally plot normally
distributed items. Recall that in our modeling design, the
distance between the user ideal point and the item reflects
the user’s preference; hence the closer the predicted user
ideal point is to the true ideal point, the higher the perfor-
mance.

Mixture Model : The results for the mixture model are
similar to those of the partition model. With a single al-
lowed assignment for a learnable prototype (Figure D.1(d.),
K = 1), the predicted prototype is approximately the cen-
troid of the true prototypes. As we increase the degrees of
freedom to two (Figure D.1(e.), K = 2), predicted proto-
types are close to two true prototypes, but one is neglected.
When we increase K = K* (Figure D.I1(f.), K = 3),
matching the true number of groups in the data, the mix-
ture model successfully predicts prototypes that lie close to
all three true prototypes. This demonstrates that similar to
the partition model, the mixture model can also adjust well
to the true number of user groups present in the data.

D.3. Reddit TL;DR Summary (Text-to-Text)

Dataset. Reddit TL;DR Summary dataset curated by [62]
contains a series of preferences over summaries generated
by language models. For each pair of summaries, x; and
X, a labeler ¢ determines if x; is preferred or not. Each pair
is also accompanied by the unique identifier of the labeler.
We used the variant of the TL;DR dataset proposed by [35],

which uses the summary length as the preference. The ma-
jority group prefers longer summaries while the minority
prefers shorter summaries.

Setup. We train PAL with sentence em-
beddings from foundation models including
OPT-350M [75], DistilBERT [52], BGE-M3 [14],
and gte—Qwen2-1. 5B [36], which make up Large and
Tiny variants depending on their size (#parameters). The
loss design follows the typical loss of the Reward Model,
we use the cumulative loss which weights the per-token
reward loss. Details of the loss function, hyperparameter
setting, unseen dataset, and training setup are deferred to
Appendix D.3.

Baselines. We compare to personalized [35] and vanilla
DPO [47].

Results. We train our model with 5 different seeds
and report the mean and standard deviation. Figure 2
shows the performance of PAL with foundation models
of different sizes. PAL shows strong accuracy-compute
optimality with no hyperparameter tuning: compared to
SoTA, PAL-B-Large ( gte-Qwen2-1.5B) is 5.9%
more accurate on seen users with 4x less parameters while
PAL-B-Tiny (DistilBERT) is on-par with 1000x
fewer parameters. Furthermore, Figure D.3 illustrates
PAL’s ability to generalize effectively to unseen users in
few-shot settings. As the number of samples per unseen
user increases, PAL progressively adapts to their prefer-
ences. With just 20 samples per unseen user, PAL achieves
performance comparable to that of seen users. Additionally,
as depicted in Figure D.4 (Appendix D), PAL exhibits su-
perior performance over baseline models on unseen users,
even when provided with as few as 2 samples.

Table 2 reports the performance of PAL-B-Large
(OPT-350M) compared to SoTA P-DPO ( [35]). We ob-
serve that PAL, with around 6.3 billion fewer parameters,
is 1.7% more accurate on seen users, and 36% more ac-
curate on unseen users (C2). Figure D.3 shows that for
new users, PAL can match seen user performance with
only 20 samples, showing its promising potential to flexi-
bly adapt to new users. We further highlight PAL’s strong
few-shot generalization to unseen users compared to base-
lines in Figure D.4 in the Appendix. Lastly, we also show
exhaustive results for all our model configurations based on
OPT-350M in Table D.1 and D.3 (Appendix D.3).

Details of seen dataset. We train PAL reward models
on a variant of the Reddit TL;DR Summary dataset from
[35]. In this variant, only the ten workers who gave the
most feedback were chosen (Each user contains at least
1,000 samples). These ten workers are then divided into
a majority and minority group, where the majority prefers
the longer response, and the minority prefers the shorter re-
sponse. More details about how the dataset is generated
can be found in Section 6.1 of [35]. This processed dataset
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Figure D.1. In synthetic dataset experiments (Section C.2), we model user ideal points in two distinct ways: the partition model and the
mixture model. To visualize how PAL performs in these settings, we set d = 2, K* = 3, K = {1,2,3} and N = 100 where each user
ideal point and prototype is represented as a point in a two-dimensional space. In both scenarios, as the number of prototypes or user groups

in our model (K) approaches the true number in the synthetic dataset (K ™), the PAL framework effectively learns both the prototypes and
the heterogeneous user ideal points.

Table D.1. Seen user test accuracy of PAL vs. P-DPO (Li et al. v2) and vanilla DPO on the Reddit TL;DR Summary dataset. We run 5
trials with K = 2 and K = 1. Our method consistently performs better than the baseline methods. For the Large version of PAL, we use
OPT-350M as the foundation model.

Model Params Seen User Test Accuracy
PAL-A-Tiny (K =2) 1.6M 52.91 £0.55
PAL-B-Tiny (K = 2) 2.4M 79.54 + 0.54
PAL-A-Large (K =2) 352M 90.00 £+ 1.89
PAL-B-Large (K =2) 352M 92.82 + 0.95
P-DPO Individual 6.7B 91.04
P-DPO Cluster (K = 5) 6.7B 91.12
PAL-A-Tiny (K =1) 1.6M 49.99 £+ 0.17
PAL-B-Tiny (K =1) 1.6M 51.51 £ 0.08
PAL-A-Large (K =1) 352M 61.28 £ 2.25
PAL-B-Large (K =1) 352M 59.96 + 3.45
Vanilla DPO 6.7B 5891

contains 20,969 training samples, 2,330 validation samples,
and 4,921 test samples. Each example consists of one user
ID, one prompt, two responses, and the user’s preference.

Details of unseen dataset. We selected all workers, ex-
cluding the ten used in the seen dataset, as candidates for
the unseen dataset. From this pool, we filtered users with
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Figure D.2. Here we plot all items, the predicted user ideal
points, and predicted and true prototypes in two-dimensional fea-
ture space. The items are normally distributed with d = 2, K* =
3, N = 100,n = 100. As seen in the figure, when we set the
number of prototypes in the model K equal to the true number of
user groups K* = 3, PAL can accurately capture the group struc-
ture and predict each user’s ideal preference point, as well as the
prototypes that represent each group (K = 3).

at least 100 valid comparison pairs (i.e., no missing values),
resulting in a total of 31 users. We randomly assigned 70%
of these users to prefer longer summaries, while the remain-
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Figure D.3. On Reddit TL;DR, PAL generalizes well to unseen
data using just 20 samples per unseen user (few-shot).

ing users were designated as preferring shorter summaries.
Based on these assignments, the users’ preferences were re-
labeled. Given the varying numbers of few-shot samples in
the training set, we partitioned each user’s comparison pairs
into training, validation, and test sets, resulting in multiple
datasets.

We leverage multiple pretrained LLMs, includ-
ing OPT-350M, DistillBERT, Bge-m3, and
gte—Qwen?2,’ as the base model, combined with two-layer
MLPs utilizing GELU activation. In the Tiny variant of
PAL, we fix the pretrained foundation model and only train
the two-layer MLP, whereas in the Large variant, we also
train the foundation model. In our PAL reward model, we
set K = 2 and apply different learning rates for various
model components: 9.65e-6 for pretrained LLMs (Large),
le-4 for the two-layer MLPs, and 5e-3 for user weights.
The higher learning rate of user weights can enhance the
exploration of each user’s weight across user groups. As
with typical reward models, we train for only 1 epoch to
avoid overfitting. The hyperparameter configurations are
detailed in Table D.2. The training process takes roughly 1
hour on 1xRTX4090 GPU.

The loss design follows the typical loss of the Reward
Model, we use the cumulative loss which weights the per-
token reward loss,

ZiL:1 i-logo (r(gc, yl(i)) —r(x, y,(j)))

LRM(xaywayl;e): (L+1)L/2

where z is the prompt, 3(?) represents the LLM back-
bone prediction at generation timestep ¢, y,, and y; sep-

6[35] use GPT-J 6.7B. However, the model card for that model on
Hugging Face is broken.



arately represent the winning response and the losing re-
sponse. Note that in our implementation of PAL-A, we con-
catenate the prompt and the item on the token level. There-
fore, the embedding for an item produced by a founda-
tion model already contains the information of the prompt.
This implementation allows us to use the embedding di-
rectly without needing to concatenate it with the embed-
ding of the prompt. Table D.I reports the performance
of our models and the numbers reported in [35]. We run
our model 5 times and report the mean and standard devia-
tion. We want to note that even though we did not conduct
any hyperparameter tuning, With heterogeneous modeling
(K > 1), PAL-B-Large achieves approximately +1.8%
higher prediction accuracy compared to the state-of-the-art
heterogeneous P-DPO ([35]) with 5 clusters. With homo-
geneous modeling (K = 1), PAL-A-Large is able to out-
perform vanilla DPO by +2.4%.

D.3.1. Few-shot generalization to unseen users

The procedure for few-shot generalization to unseen users
is as follows: We randomly initialize the user weights, as
done during seen user training, and then learn the user
weights while keeping the LLM components and MLP
projectors fixed. Since only the user weights need to be
learned, the sample efficiency is significantly higher com-
pared to seen user training. Results indicate that with
just 20 samples per new user, we can achieve perfor-
mance comparable to that of seen user generalization (Fig-
ure D.3). In Table D.3, we compare the performance
of PAL-A-Tiny, PAL-A-Large, PAL-B-Tiny, and
PAL-B-Large trained on OPT-350M embeddings when
K = 2and N = 10,20,50,100. Our results show that
PAL-A-Large, PAL-B-Tiny, and PAL-B-Large out-
perform the baselines substantially. We note that while P-
DPO was state-of-the-art on seen users, it’s performance
drops off dramatically for unseen users (-36.6%), while
PAL-B-Tiny (91.63%) exceeds P-DPQ’s state-of-the-
art seen accuracy (91.12%) with only 10 samples on un-
seen users! This indicates the promising potential of PAL
for cheap few-shot adaptation to new, unseen users in a
sample-efficient manner.

We observe that increasing sample complexity N from
10 to 100 is impactful only for PAL-B-Tiny (+3%), while
the other configurations gain only +0.4 to +1%. PAL-B
vastly outperforms PAL-A for the same size and sample
complexity (up to +27%). Lastly, Large models outper-
form their Tiny counterparts across sample complexities
from +14.2 to +23.5%.

D.3.2. Choice of foundation model

The choice of foundation model is an important fac-
tor that impacts the performance of PAL, especially for
PAL-A-Tiny and PAL-A-Large. This is because the
foundation model directly decides the quality of the em-
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Figure D.4. We evaluate few-shot adaptation capabilities via un-

seen accuracy on the Reddit TL;DR dataset comparing to state-of-
the-art [35] and simple vanilla DPO [47].

beddings we obtain for the items. Table D.4 illustrates
that there is a performance gap between using OPT-350M
and Disti1BERT as the foundation model, especially for
Tiny variants where we do not train the foundation model.
The existence of such a gap is possibly due to the fact
that D1 st 11BERT is an encoder-based model, which pro-
vides a better sentence embedding than the decoder-based
OPT-350M.

D.4. Persona (Text-to-Text)

Anthropic’s Persona dataset [46] consists of a series of per-
sonalities (personas), each corresponding with 500 state-
ments that agree with the persona and 500 statements that
do not. We denote the set of statements that agrees with a
persona p as S(p). We construct a semi-synthetic dataset
using Anthropic’s Persona to evaluate PAL.

Dataset. Let p = {p1,...,pk~} denote the set of
personas that exists in our semi-synthetic heterogeneous
dataset with K* “true” preference (prototypical) groups i.e.
each person (user) has one of the K™* personalities. For each
pj € p, we generate N synthetic seen and unseen users.
For each seen synthetic user, we generate n,, queries that
ask if the user agrees with a given statement from the per-
sona dataset. For each unseen synthetic user, we generate
Np.unseen queries. If the statement aligns with the persona
p; of the user, i.e. the statement belongs to S(p,), then the
user answers yes, otherwise no. Table D.5 lists the per-
sonas used for each K*, and Figure D.5 shows a sample
question.

Experiment Setup. We evaluate the performance of
PAL-A-Tiny with hinge loss and model PAL-B-Tiny
with logistic loss on the heterogeneous persona dataset in



Table D.2. The training hyperparameter setting of PAL reward modeling on Reddit TL;DR. The corresponding experiment setup is de-
scribed in Section D.3.

Hyperparameters Values

K 2

Batch size 4
Projectors mlp-2layer-gelu-dropoutQ
Epoch 1

Learning rate of LLM 9.65e-6
Learning rate of projectors le-4
Learning rate of user weights Se-3
Weight decay of LLM 0.0
Weight decay of projectors 0.01
Weight decay of user weights 0.0

Loss weighting cumulative

Dimension of preference embedding 512
End of conversation token <|endoftext |>
Maximum sequence length 600

Table D.3. Unseen user generalization of PAL compared to baselines on the Reddit TL;DR Summary dataset. Here NV refers to the number
of samples used to learn the weights for the unseen users, and seen accuracies are those reported in Table D.1. We note that with just 10
samples for each new (unseen) user, PAL-B-Large exceeds state-of-the-art performance of P-DPO with K=5 (91.12%), demonstrating
the suitability of PAL for few-shot adaptation and generalization to new users.

Model Seen Accuracy (%) ‘ Unseen Accuracy (%)

P-DPO individual 91.04 55.34

P-DPO K=5 91.12 54.55

Vanilla DPO 58.91 55.37

PAL-A-Tiny K =2,N =10 50.12 £ 1.20
PAL-A-Tiny K =2, N =20 50.55 £ 0.43
PAL-A-Tiny K =2, N =50 5291 £ 0.55 50.49 +0.39
PAL-A-Tiny K =2, N =100 50.40 £ 0.55
PAL-B-Tiny K =2, N =10 74.88 £0.79
PAL-B-Tiny K =2, N =20 77.37 +£0.37
PAL-B-Tiny K =2, N =50 79.54%0.54 76.19 £ 0.49
PAL-B-Tiny K =2, N =100 77.80 £ 0.07
PAL-A-Large K =2,N =10 73.39 £ 1.82
PAL-A-Large K =2,N =20 74.04 £+ 2.50
PAL-A-Large K =2, N =50 90.00 £ 1.89 72.33 £2.36
PAL-A-Large K =2, N =100 74.39 +£1.70
PAL-B-Large K =2 N =10 91.63 +1.43
PAL-B-Large K = 2, N = 20 91.72+1.40
PAL-B-Large K =2, N =50 92.82+0.95 92.02+1.10
PAL-B-Large K =2, IN =100 91.97+1.91

various settings. Both model utitlize a 2-layer MLP as the
f function. To examine the impact of various hyperparam-
eters, we conduct experiments varying the number of true
prototypes in the dataset K*, the number of prototypical
groups used in the model K, queries per seen user 7, and

latent dimension d with a fixed number of users per group

N =10, 000. Details of the values for each hyperparameter

used are listed below:

(a) varying K* = {2,...,6}and K = {1,...,8} while
fixing n, = 1000, d = 16,



Table D.4. Comparison of performance of PAL-A-Tiny and PAL-A-Large with different foundation models on the Summary dataset.

Model Foundation Model Seen User Test Accuracy
. . OPT-350M 52.91 £ 0.55
PAL-A-Tiny (K=2) b, ¢i1mERT 72.99 +1.21
DAL AT (K =9 OPT-350M 90 +£1.89
argeit =2 pistilmerT 91.75 + 0.41

Table D.5. Personas used across various “true” number of user groups K™ in our heterogeneous persona dataset.

K* Personas

2 interest in art, interest in literature

3 interest in art, interest in literature, interest in math

4 interest in art, interest in literature, interest in math, interest in music

5 interest in art, interest in literature, interest in math, interest in music, interest in science
6 interest in art, interest in literature, interest in math, interest in music, interest in science,

interest in sports

Is the following
statement something
you would say?

I enjoy figuring out
the solution to a
challenging
mathematical problem

interest in art interest in math

Figure D.5. An example of a pairwise comparison query with a
prompt from our heterogeneous persona dataset generated using
Anthropic’s Personas. For example, a synthetic user assigned the
persona interest in art will have ground truth y = —1 by answer-
ing no, whereas a synthetic user assigned the persona interest in
math will have ground truth y = 41 by answering yes.

(b) varying n, = {75,100,200,500,1000} and K =
{1,...,5} while fixing K* = 4, and d = 16,

(c) varying d = {4,8,16,32,64} and K = {1,...,5}
while fixing K* = 4, and n,, = 1000,

(d) Vafying Tip,unseen -
{1, 10, 20, 50, 100, 200, 500, 1000} and K =
{1,...,5} while fixing K* = 4, n, = 1000,
and d = 16.

Both PAL-A-Tiny and PAL-B-Tiny used the same
value, except for d. This is because PAL-A utilizes a resid-
ual connection. Therefore, the latent dimension is fixed to
768, the dimension of the input embedding.

Results. We repeat these experiments five times and
report the results on PAL-A-Tiny in Figure D.6 and on
PAL-B-Tiny in Figure D.7. Both Figure D.7 and Fig-
ure D.6 (a, b) illustrate the generalization performance of
PAL-A-Tiny and PAL-B-Tiny on the heterogeneous

persona dataset. We observe that as K — K™*, the seen ac-
curacy increases to 100% given a sufficient number of users
and number of comparisons per user. Figure D.6 and Fig-
ure D.7 (b) shows that as we get more comparisons per user,
we achieve better seen user accuracy, i.e. we can general-
ize to unseen pairs for users who are seen (provide train-
ing samples) in the dataset. Figure D.7 (c) shows that the
size of latent dimension d does not affect the seen accuracy
dramatically. Figure D.6 (c) and Figure D.7 show the accu-
racy for unseen users, i.e., users who do not provide train-
ing samples. When K = 1, no further learning is needed
to generalize to new users. However, when K > 1, we re-
quire weights over the K prototypes for the new users to
be learned. To learn these new user weights, as discussed in
Section 2.2, we fix the K prototypes and the mapping f and
use only a few test data samples to learn the user weights
(C4). We use these learned weights to make predictions
on the remaining test data. From Figure D.6 (c) and Fig-
ure D.7 (d), we see that for K = 1 the number of samples
used to learn weights makes no difference since there are no
weights to learn over a single prototype. For K = 2, we see
that as we use more data for learning the new user weights,
the performance shows diminishing returns until saturation.
We also demonstrate that as the number of prototypes K in-
creases, more comparisons per user are needed to learn the
new user weights, since the dimension of the weight vector
increases with K.

D.5. Pick-a-Pic (Text-to-Image)

Dataset. The Pick-a-Pic dataset is a large, open dataset de-
signed to capture human preferences in text-to-image gener-
ation. It includes over 500,000 examples where users com-
pare two Al-generated images based on a text prompt and
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Figure D.6. Seen accuracy (a,b) and unseen accuracy (c) evaluated on the heterogeneous persona dataset across the number of prototypes
K used in PAL-A-Tiny. The number of true prototypes K* in (b, ) is 4. We vary (a) the number of true prototypes K *, (b) the number
of comparisons per seen user n,, (c) the number of comparisons per unseen user 7p unseen. Since we used a residual connection in the
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Figure D.7. Seen accuracy (a,b,c) and unseen accuracy (d) evaluated on the heterogeneous persona dataset across the number of prototypes
K used in the PAL-B—-Tiny. The number of true prototypes K™* in (b, c, d) is 4. We vary (a) the number of true prototypes K*, (b) the
number of comparisons per seen user n,, (c) the size of latent dimension d, (d) the number of comparisons per unseen user 7y unseen-

choose their preferred one. This dataset is used to align
models with human preferences.

Experiment Setup. We apply PAL-B-Tiny on the
Pick-a-Pic dataset. Since the Pick-a-Pic dataset collection
process requires strict rubrics, the labels collected from
workers may not reflect the worker’s diverse preferences.
Thus we set K = 1 for the PAL model. We use two-layer
MLP networks with ReLU activation and residual connec-
tions as the mapping functions. To avoid overfitting we set
the dropout rate to 0.5 and weight decay to 1le — 2. We ap-
ply different learning rates for various model components:
le — 4 for the two-layer MLPs and 5e — 3 for user weights.

D.6. Pick-a-Filter (Text-to-Image)

Dataset: due to the high level of “agreement” among la-
belers over image preferences on Pick-a-Pic v1 [31], we
construct a semi-synthetic dataset by applying filters to a
subset of Pick-a-Pic v1, which we call the Pick-a-Filter
dataset. To construct the dataset, we consider only samples
that have no ties, i.e. the labeler decides that one image is
decisively preferable to the other, given the text prompt. As

Pick-a-Pic provides unique and anonymous user IDs for all
preference pairs, we consider a subset of users who provide
samples in both the train and test sets (468 / 4223 users).
We further only consider users who provide more than 50
labels (234 / 468 users) and sort the users by number of sam-
ples provided. We split these users into equal groups of 117
each, and we assume without loss of generality that the first
group of users (G1) prefers “cold” tones (blue filter) and the
second group (G2) prefers “warm” tones (red filter). Lastly,
we arbitrarily consider the first 50 users (who provide the
most number of samples) as “seen” users, i.e. users that pro-
vide samples in both the train and test sets of Pick-a-Filter.
We add this seen vs. unseen distinction to evaluate how well
PAL can adapt to unseen (i.e. new) users after training. Cur-
rently, our experiments on Pick-a-Filter (Section 3.2) train
on vl-train-seen (116031 samples) and evaluate on v1-test-
seen (3693 samples). We show the number of samples in
each of these splits in Table D.6. After constructing splits,
we apply the following filtering logic:

1. Apply “winning” and “losing” filters to appropriate im-
ages depending on label. For G1 the winning filter is
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Figure D.8. The construction diagram for the semi-synthetic Pick-a-Filter dataset. It involves randomly selecting approximately 135,000
samples from the Pick-a-Pic v1 dataset and dividing the user IDs into two disjoint groups. We assume one group prefers images with “cold
tone” (blue) filters and the other with “warm tone” (red) filters. To incorporate diverse color filter preferences, we randomly select 3% of

samples per user on which to apply filters.

Table D.6. Number of samples in each split of the newly con-
structed Pick-a-Filter dataset.

Category Train  Val  Test
Seen 58831 628 1597

Group1 Unseen | 9527 79 1886
Total 68358 707 3483

Seen 57200 404 2096

Group2 Unseen | 9402 52 1812
Total 66602 456 3908

blue, and for G2 the winning filter is red.

2. Randomly shortlist 5% of samples to add filters. The
remaining (1 — 3)% of samples will remain unaltered
(default images from Pick-a-Pic v1).

3. Randomly select 50% of above-shortlisted samples to
apply a filter to only the winning image, and the remain-
ing 50% to apply a filter to only losing image
We add these sources of randomness to make learning

preferences on Pick-a-Filter less prone to hacking (e.g. the

model could trivially learn to predict an image with a filter
as the preferred image).

Experiment Setup. We choose 2-layer MLP networks
with ReLU activation and residual connection as the prompt
mapping function g and the output mapping function f. To

avoid overfitting, we set the dropout rate to 0.5 and weight
decay to le —2. We use the Adam optimizer with a learning
rate le — 4. To evaluate the model’s performance, we use
the checkpoint with the highest accuracy on the validation
set.

E. Computational Resources

We conducted most of our experiments using 4 x RTX 4090,
each with 24 GB of VRAM. For the experiments involving
a foundation model that has 1.3B parameters or more, we
used 2 x A100, each with 80GB of VRAM. A typical run
of the experimentw finished within 2 hours.
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