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Abstract

Personalised text generation is essential for
user-centric information systems, yet most eval-
uation methods overlook the individuality of
users. We introduce PREF, a Personalised
Reference-free Evaluation Framework that
jointly measures general output quality and
user-specific alignment without requiring gold
personalised references. PREF operates in a
three-step pipeline: (1) a General-quality stage
uses a large language model (LLM) to generate
a comprehensive, query-specific guideline cov-
ering universal criteria such as factuality, coher-
ence, and completeness; (2) a User-alignment
stage re-ranks and selectively augments these
factors using the target user’s profile, stated
or inferred preferences, and context, produc-
ing a personalised evaluation rubric; and (3)
a scoring step that assigns a score using the
personmalised rubric. This separation of cover-
age from preference improves robustness, trans-
parency, and reusability, and allows smaller
models to approximate the personalised qual-
ity of larger ones. Experiments on the PrefE-
val benchmark, including implicit preference-
following tasks, show that PREF achieves
higher accuracy, better calibration, and closer
alignment with human judgments than strong
baselines. By enabling scalable, interpretable,
and user-aligned evaluation, PREF lays the
groundwork for more reliable assessment and
development of personalised language genera-
tion systems.

1 Introduction

Large language models (LLMs) have propelled
open-ended text generation to new heights (Brown
et al., 2020; Achiam et al., 2023), enabling high-
quality dialogue, code synthesis, and data-to-text
narration at scale. Despite these successes, evalu-
ating the outputs of such models remains an open
problem. Traditional reference-based metrics, in-
cluding BLEU and ROUGE (Papineni et al., 2002;
Lin, 2004), which count n-gram overlap with one

or more gold references, correlate weakly with hu-
man judgements on tasks that admit many equally
valid answers (e.g., creative writing, recommenda-
tion, and advice). Embedding-based alternatives
such as BERTScore (Zhang et al., 2020) mitigate
surface mismatch by measuring semantic similarity
in a latent space, yet they still require high-quality
reference texts and ultimately reflect generic rather
than user-specific desiderata.

A parallel line of research bypasses references al-
together by treating a strong LLM as an automatic
judge (Li et al., 2025; Zheng et al., 2023; Li et al.,
2023). Benchmarks such as MT-Bench (Zheng
et al., 2023) and AlpacaEval (Li et al., 2023) ask
GPT-4 to rate or rank candidate answers and re-
port impressive agreement with crowd workers.
Although this LLM-as-a-Judge paradigm scales
cheaply and reproducibly, its rubric is fundamen-
tally universal—"a good answer is a good answer
for everyone”—and therefore blind to individual
preferences, constraints, or prior interactions that
might radically alter a user’s perception of quality.

Modern LLM-based applications increasingly
interact directly with end users who expect out-
puts tailored to their tastes, goals, and contexts.
Recent work has shown that LLMs can indeed
adapt to user profiles, feedback signals, and stylis-
tic norms (Zhang et al., 2024). However, evaluat-
ing personalised text generation is especially tricky
because quality is now user-dependent, i.e., an an-
swer that delights one person might frustrate an-
other. Generic references or model-centric rubrics
cannot capture this subjective dimension. On the
other hand, human evaluation remains the gold stan-
dard but is expensive, time-consuming, and prone
to annotator variance and bias, even when detailed
guidelines are provided (Van Der Lee et al., 2019).
Collecting user-aligned ratings for every system
update or user cohort is therefore impractical, hin-
dering rapid iteration on personalised experiences.

To fill this evaluation gap, we propose



PREF, a Personalised, Reference-free Evaluation
Framework that scores generated text without
gold personalised answers. Specifically, PREF
performs personalised evaluation with two-stage
rubrics:

1. General-quality stage. A general guideline
enumerates the salient factors to check, such
as truthfulness, coherence, and completeness,
whileexplicitly ignoring user preferences to
ensure baseline adequacy.

2. User-alignment stage. A personalised guide-
line is further synthesised from user informa-
tion (profile attributes, past dialogue, stated
preferences) and used to weight or re-rank the
general factors, yielding a customised rubric
that reflects what this user cares about.

The LLM then judges candidate answers against
the composite rubric, producing a scalar score with-
out ever consulting ground-truth references. In this
way, PREF combines universal quality control with
user-centric alignment while remaining scalable
and reproducible.

Our contribution can be summarised as:

* We formulate a reference-free evaluation pro-
tocol for personalised generation that jointly
considers task adequacy and user alignment.

* We instantiate this protocol with two-stage au-
tomatic rubric construction and LLM-based
scoring, eliminating the need for gold refer-
ences or repeated human ratings.

* Through extensive experiments on the PrefE-
val benchmark, we demonstrate that PREF’s
scores track human judgements of person-
alised quality more faithfully than existing
baselines.

* We show that integrating PREF during devel-
opment helps smaller models (e.g., LLaMA-3
8B) close much of the performance gap to
larger counterparts, facilitating cost-effective
deployment.

Taken together, our findings position PREF as
a practical and effective foundation for evaluating
and ultimately improving user-aligned language
generation systems.

2 Related Work

2.1 Foundations of Personalisation

Personalisation research has historically followed
two complementary paradigms.

Explicit user modelling. Early adaptive hy-
permedia systems showed that maintaining a
structured user model—encoding attributes such
as background knowledge, goals, or learning
style—enables real-time adaptation of content,
sequencing, and navigation (Brusilovsky, 2001).
These systems rely on explicitly specified user char-
acteristics to guide system behaviour.

Implicit preference inference. In contrast, col-
laborative filtering approaches such as GROU-
PLENS infer preferences from behavioural signals
at scale, exploiting patterns in user—item interac-
tions to predict future agreement (Resnick et al.,
1994). Modern LLM personalisation strategies
largely inherit this dichotomy, combining explicit
profile conditioning with implicit signal mining
(e.g. clicks, dwell time, edits).

2.2 Personalised Text Generation with LLMs

Persona and attribute control. Early neural ap-
proaches such as PERSONA-CHAT incorporated
speaker embeddings into sequence-to-sequence
models, improving persona consistency in dia-
logue (Li et al., 2016). Subsequent work on at-
tribute and style control introduced mechanisms for
steering generation toward user-specified proper-
ties. In particular, Plug-and-Play Language Models
(PPLM) enabled gradient-based control of frozen
LMs (Dathathri et al., 2020), while parameter-
efficient methods (e.g. prefix-tuning, adapters,
LoRA) achieved per-user or per-task specialisation
with minimal trainable parameters (Li and Liang,
2021).

Personalised RLHF and prompt-based methods.
More recently, Reinforcement Learning from Hu-
man Feedback (RLHF) has been adapted to hetero-
geneous users by learning multiple reward models
or preference heads aligned with user clusters (Li
et al., 2024). In parallel, prompt- and profile-based
approaches replace opaque embeddings with ed-
itable natural-language profiles, improving trans-
parency and controllability (Ramos et al., 2024a).
Soft-prompt methods such as PEAPOD further in-
tegrate collaborative and individual signals without
updating model parameters (Ramos et al., 2024b).



2.3 Evaluating Personalisation in LLMs

Limits of reference-based evaluation. Tradi-
tional metrics such as BLEU and ROUGE mea-
sure surface overlap with gold references, while
semantic metrics like BERTScore still assume a
user-agnostic notion of quality. As a result, these
metrics correlate poorly with user-perceived quality
in personalised settings.

LLM-as-judge evaluators. Reference-free eval-
uation has gained traction through LLM-as-a-judge
approaches. Systems such as AuPEL score per-
sonalisation, relevance, and fluency jointly using
a strong LLM (Wang et al., 2023), while PerSE
conditions the evaluator on explicit user prefer-
ences, improving correlation with human judge-
ments (Wang et al., 2024).

Preference-agnostic reference-free evaluators.
Parallel work has developed general-purpose LLM
evaluators that decompose quality into task-specific
criteria. G-Eval prompts an LLM to reason over
such criteria before scoring (Liu et al., 2023),
and CheckEval enhances robustness by verify-
ing outputs against automatically generated check-
lists (Lee et al., 2025). However, these methods as-
sume a universal notion of quality: their criteria are
fixed across users and cannot encode user-specific
priorities or exclusions.

Benchmarks for personalisation. Several
benchmarks target complementary aspects of
personalised generation: LAMP and LONGLAMP
evaluate short- and long-form tasks (Salemi
et al., 2023; Kumar et al., 2024); PERSONALENS
simulates multi-session user profiles (Zhao et al.,
2025b); PERSONAMEM studies preference drift
over time (Jiang et al.,, 2025); PERSOBENCH
focuses on persona consistency in dialogue (Af-
zoon et al., 2024); and PREFEVAL evaluates
adherence to explicit and implicit preferences in
conversational QA (Zhao et al., 2025a).

2.4 Positioning of This Work

Despite substantial progress, existing evaluators for
personalised text generation typically suffer from at
least one of three limitations: reliance on costly hu-
man annotations, assumption of a universal notion
of quality, or narrow task-specific scope. PREF
addresses these gaps through a principled redesign
of reference-free evaluation.

Specifically, PREF (i) separates general quality
coverage from user-specific alignment via a two-

tier evaluation rubric, (ii) operates fully reference-
free, enabling scalable and reproducible evaluation,
and (iii) is model-agnostic, supporting diverse back-
bone LL.Ms and personalisation strategies. Unlike
prior personalised evaluators that directly condi-
tion a single scorer on user preferences, or general-
purpose judges that apply a fixed rubric, PREF
makes user alignment an explicit, inspectable com-
ponent of evaluation.

In the experiments that follow, we focus on
open-domain question answering and use PrefE-
val as our primary benchmark, as it stresses both
explicit and implicit preference-following and di-
rectly probes PREF’s core design assumptions.

3 From Personalisation to Evaluation

Algorithm 1 PREF Scoring Pipeline (Prompts and
Samples in appendix A and B)

RmMm:QmewdQ:{%HLh
Preference set P = {px, N
Answer set A = {a, }3_1,
Coverage LLM Moy,
Preference LLM M s,
Scoring LLM M core
Ensure: Personalised scores S = {s,}1_;
Phase 1: Generate General Guidelines
for each g, € Q do
gn < GENERATEGUIDELINE( Moy, qn)
> gn lists factors { fn 1, ..., fn, K, }
end for
Phase 2: Personalise Guidelines
for each index n from 1 to N do
G < PERSONALISE(Mopret, Gry Dy gn)
> Re-rank / augment factors to obtain personalised
guideline
end for
Phase 3: Score Answers
for each index n from 1 to NV do
Sn <= SCOREANSWER (M core; Gry Py Gy G )
end for
return S

3.1 Overview and Design Intuition

We study personalisation in the context of eval-
uation, where the quality of a generated answer
depends on the needs and preferences of a partic-
ular user !. Following Kirk et al. (2024), we view
personalisation as operating within a system’s gen-
eral capabilities: many behaviours may be possible
in principle, but only a subset will be useful for a
given user in a given context.

PREF is motivated by a simple observation
about user attention. If users had unlimited atten-

1https: //dictionary.cambridge.org/dictionary/
english/personalization
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Figure 1: PREF at a glance. Venn diagrams illustrating: (left) the relationship between an ideal, exhaustive
answer and a personalised answer to the same query; (centre) the relationship between a general guideline and
a user-specific selection (or ordering) of evaluation factors; and (right) the practical regime in PREF, where the
preference stage may add factors when the general guideline omits user-salient constraints.

tion and patience, a single exhaustive answer would
suffice, making explicit personalisation largely un-
necessary. In practice, attention is limited, and
users therefore prefer answers that prioritise infor-
mation aligned with their preferences, even if less
relevant details are omitted.

Figure 1 illustrates this perspective. A person-
alised answer can be understood as a prioritised
slice of an ideal complete answer, and a person-
alised evaluation rubric as a user-specific priori-
tisation of general quality factors. In practice, a
general guideline may omit criteria that become
salient under a particular user profile; PREF there-
fore permits the preference stage to add targeted
factors to prevent such omissions from propagating
to the final score.

3.2 The PREF Pipeline

PREF operationalises the above intuition through
a modular, three-step pipeline consisting of two
rubric-construction stages followed by scoring (Fig-
ure 2).

General-quality stage. Given a query g, a cover-
age LLM generates a general evaluation guideline g
that enumerates salient factors 7 = {f1,..., fn},
such as factuality, coherence, and completeness.
This stage is query-driven and explicitly ignores
user preferences, ensuring baseline adequacy.

User-alignment stage. Conditioned on a user
profile p, a preference LLM transforms the general
guideline into a personalised guideline g*. Con-
cretely, it induces either an ordering 7 over F or
non-negative weights w € R‘f[]'. When necessary,
it may augment F with additional user-salient fac-
tors. The resulting rubric reflects what matters most

for this user.

Scoring step. Finally, a scoring LLM evaluates a
candidate answer a against the personalised guide-
line ¢* in the context of (g, p), producing a scalar
score s, € R, written as

Sq = Score(a | ¢,p, g").

Interpretation. Conceptually, the general guide-
line g provides coverage, specifying what aspects
of an answer should be checked, while the person-
alised guideline ¢* provides alignment, specifying
which aspects matter most for a particular user.

Figure 2 and Algorithm 1 summarise the full
pipeline. Given a query g, user profile p, and candi-
date answer a, the coverage LLM produces g, the
preference LLM derives ¢*, and the scoring LLM
outputs s,. For simplicity, we instantiate all three
roles using a single backbone model.

3.3 Design Rationale and Constraints

Why separate coverage from preference? Sep-
arating coverage from preference yields three prac-
tical benefits. (i) Robustness to omission: cov-
erage is query-driven, while the preference stage
can introduce missing but user-critical constraints.
(ii) Transparency: the guidelines g and ¢g* form
a human-auditable rubric that explains why an an-
swer received a given score. (iii) Reusability: the
same general guideline can be reused across users,
and the same user profile can be applied across re-
lated queries, reducing recomputation and enabling
controlled ablations.

Constraints and guardrails. The scorer bal-
ances universal desiderata (e.g., factuality, com-
pleteness, clarity) with user-specific ones (e.g., ex-
clusions, tone, budget). We enforce two invari-
ants: (i) user alignment does not excuse factual



errors, and (ii) newly added factors should not con-
tradict coverage factors without explicit justifica-
tion. These guardrails preserve reliability while
allowing user-specific trade-offs.

4 Experiments

4.1 Dataset

To assess the performance of PREF, we adopt the
PrefEval benchmark (Zhao et al., 2025a), which
supplies question—preference—answer triples tai-
lored for personalised text generation. We focus
on the implicit multiple-choice subset of PrefE-
val (1000 questions), where the link between user
preferences and the “ideal” answer is not stated
explicitly. For instance, if a user dislikes fish, a
question asking for a recommended Japanese dish
is implicitly challenging because many Japanese
dishes contain fish, even though the question never
mentions it. Each example offers four candidate
answers, only one of which a human annotator
marks as satisfactory. We restrict our evaluation to
PrefEval because it is, to our knowledge, the only
publicly available benchmark that provides explicit
user preference context together with multiple can-
didate answers and human preference annotations
conditioned on those preferences.

4.2 LLMs

To probe the flexibility of PREF, we pair it with
four different backbone language models: Claude
Haiku (claude-3-haiku-20240307), GPT-4.1 Mini
(gpt-4.1-mini), LLaMA 8B (llama3-8b-instruct),
and LLaMA 70B (llama3-70b-instruct). For every
model, we set the sampling temperature to 0 to
guarantee deterministic generation and full repro-
ducibility.

4.3 Baselines

We compare PREF against four baselines. Two
baselines, ZERO-SHOT and REMINDER, are
adopted directly from the PrefEval paper (Zhao
et al., 2025a), using the original prompting strate-
gies and reported results. In addition, we include
two widely used automatic evaluation frameworks,
G-EVAL (Liu et al., 2023) and CHECKEVAL (Lee
etal., 2025), which assess responses by aggregating
scores over four dimensions: Naturalness, Coher-
ence, Engagingness, and Groundedness.

Method ‘ LLaMA 8B LLaMA 70B Haiku GPT-4.1 Mini
Zero-shot 27 37 34

Reminder 84 91 88

PREF (ours) 94 97 94 98

Table 1: Accuracy (%) on the PrefEval implicit multiple-
choice subset. Bold numbers denote the best score for
each backbone model. Zero-shot and Reminder results
are taken from the PrefEval paper (Zhao et al., 2025a).

5 Results and Discussion

5.1 Evaluating Personalisation

Baselines and overall accuracy. Table 1 com-
pares the preference on the PrefEval implicit
multiple-choice benchmark: ZERO-SHOT, where
the backbone LLM answers with its default prompt;
REMINDER, which prepends a single instruction to
consider the user preference; and PREF, our full
two-stage framework. Zero-shot and Reminder re-
sults are taken from the PrefEval paper (Zhao et al.,
2025a)

Across all backbone models, PREF achieves
the highest accuracy. Compared to the Reminder
baseline, PREF yields absolute gains of +6-10
points (=~ 6%—12% relative) on all models where
Reminder results are available. Relative to the Zero-
shot setting, PREF improves accuracy by more
than 460 absolute points across backbones. These
results indicate that while lightweight preference
cues provide some benefit, explicitly constructing
and weighting a personalised evaluation rubric is
essential for accurate personalised evaluation, re-
gardless of backbone model capacity.

Beyond accuracy: calibration and ranking qual-
ity. Accuracy alone captures only whether the
correct answer is top-ranked. To assess score cal-
ibration and ranking quality, we additionally re-
port mean-squared error (MSE) and normalised
discounted cumulative gain (nDCG), mapping gold
answers to 10 and distractors to 0.

Table 2 reveals two consistent patterns. The
largest backbone (LLaMA 3 70B) achieves both
high accuracy and the lowest MSE, indicating more
fine-grained and better-calibrated scoring when
paired with PREF. In contrast, smaller models
(Claude 3 Haiku and LLaMA 3 8B) attain near-
perfect nDCG despite substantially higher MSE:
they reliably rank the correct answer first but tend
to over-score distractors. Notably, GPT-4.1 Mini
achieves the highest accuracy and the second-
lowest MSE, suggesting that despite its smaller
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Figure 2: The PREF scoring pipeline. A three-step process—coverage, preference (user profiles), and scor-
ing—maps a query g, user profile p, and candidate answer a to a personalised score s, (shown with an example

from PrefEval).
Method | Model | Accuracyt MSE | nDCG
PREF GPT4.1 Mini 0.98 211 09992
PREF Haiku 0.94 402 0.9907
PREF LLaMA 8B 0.94 477 09894
PREF LLaMA 70B 0.97 187  0.9980
CheckEval 0.48 2136 09852
CheckEvalc 0.56 2080 0.9530
CheckEvalp | GPT4.1 Mini 0.77 2336 09381
CheckEvalg 0.79 20.72 0.9805
CheckEvaly 0.25 2087 0.8904
G-Eval 0.76 2427 0.8469
G-Evaly 0.76 2481 0.8012
G-Evalp GPT4.1 Mini 0.75 2489 07546
G-Evalg 0.75 2500 0.7273
G-Evaly 0.74 2259 0.8207

Table 2: Performance on the PrefEval benchmark.
Higher values are better for Accuracy and nDCG, while
lower is better for MSE. Boldface marks the best score
for each metric. CheckEval and G-Eval are introduced
as a comparison, here C for coherence, E for engaging-
ness, G for groundedness and N for naturalness.

size, its more recent architecture yields strong cali-
bration and ranking performance.

Comparison with prior reference-free evalua-
tors. Table 2 also reveals a substantial gap be-
tween PREF and prior reference-free evaluators
such as CheckEval and G-Eval. While both base-
lines perform reasonably in generic settings, their
accuracy and calibration degrade sharply on per-
sonalised evaluation. CheckEval variants exhibit
particularly low accuracy and high MSE, indicat-
ing difficulty separating generically plausible from
user-misaligned answers. G-Eval is more stable but
still lags behind PREF, especially in nDCG. These
results suggest that task-centric, user-agnostic cri-
teria are insufficient for personalised evaluation.

Effect of the user-alignment stage. To isolate
the contribution of Stage 2, we ablate the user-
alignment stage and score answers using only gen-
eral guidelines. As shown in Table 4, removing
Stage 2 consistently degrades performance across
all backbones, confirming that explicit user align-
ment is a critical component of PREF.

In summary, PREF’s two-stage rubric provides
three key benefits: (i) robust accuracy through
explicit preference integration; (ii) improved cal-
ibration by discouraging inflated scores on user-
irrelevant answers; and (iii) capacity amplifica-
tion, enabling smaller backbones to approach the
performance of much larger models. Together,
these results position PREF as a scalable and
model-agnostic framework for evaluating person-
alised language generation.

5.2 Explainability

Leveraging PrefEval’s answer explanations.
Unlike many personalisation benchmarks, PrefE-
val supplies not only a gold (personalised) answer
for each query but also a natural-language expla-
nation describing why that answer is appropriate.
This additional signal allows us to probe a differ-
ent capability of PREF: its ability to identify and
prioritise the right evaluation factors.

Concretely, we treat the explanation as an “or-
acle” preference and ask: Does the ranking pro-
duced by PREF (when conditioned on the user’s
preference) agree with the ranking obtained when
we instead condition on the explanation? Formally,
let e be the accompanying explanation supplied by
PrefEval and g(q) = {f1,..., fn} be the general
guideline produced in Stage 1.

We then execute the following steps:
PREFERENCE-BASED RANKING. Feed p



‘ GPT-4.1 Mini LLaMA 70B

Pearson r 0.6164 0.4693
Spearman p 0.5906 0.3811
Kendall 7 0.5612 0.3532

Table 3: Rank—rank correlation between the factor or-
dering induced by the user preference and the oracle
ordering derived from PrefEval answer explanations.
Higher values indicate closer agreement.

into the preference LLM to derive an ordering 7,
(or weight vector wy,) over g(q). EXPLANATION-
BASED RANKING. Replace p with the explanation
e and obtain a second ordering 7. (or w.). We
regard 7, as an oracle since it reflects the human
rationale behind the gold answer. COMPARE THE
RANKINGS. Measure correlation coefficients
between 7, and 7w, with a suitable correlation
metric (e.g., Kendall’s 7, Spearman’s p and
pearson’s p). High correlation indicates that the
preference-conditioned rubric surfaces the same
factors humans deem decisive.

This procedure isolates the factor-ranking com-
petence of PREF: even if the final scores differ, we
can verify whether the framework attends to the
criteria that matter most for a high-quality person-
alised answer.

Table 3 reports the correlation between the fac-
tor ranking produced by PREF when conditioned
on the user preference and the “oracle” ranking ob-
tained from PrefEval’s human-written explanations.
All three coefficients—Pearson’s r, Spearman’s p,
and Kendall’s 7—are positive and statistically sub-
stantial, confirming that both backbones identify
broadly the same criteria that humans deemed de-
cisive.

GPT-4.1 Mini shows the stronger alignment,
achieving a Pearson r of 0.62 and a Kendall 7
of 0.56, whereas LLaMA 3 70B trails at 0.47 and
0.35, respectively. In practical terms, GPT-4.1 Mini
not only places the correct factors near the top but
preserves their relative ordering more faithfully.
The gap suggests that, despite its larger parameter
count, LLaMA 3 70B still benefits from the sec-
ond stage (accuracy gains in Table 1) yet requires
further tuning to internalise nuanced preference
cues.

Overall, the moderate-high correlations indicate
that PREF’s preference module successfully sur-
faces the factors humans reference when justify-
ing a good personalised answer, but there remains
headroom—especially for open-source models—to

tighten that alignment.

5.3 Additional Factors in Stage Two

In Stage 2, the preference model may augment the
general guideline. Two concise observations from
the first 200 questions:

(1) Additions are few. With GPT-4.1 Mini, we
observe 1,986 general factors vs. 153 added (=
7.7%); on LLaMA 3 70B, 1,893 vs. 241 (~ 12.7%).
Per question, this is 9.93 general and 0.765 addi-
tional factors on average. Thus, coverage already
captures most criteria; Stage 2 makes targeted fixes.

(2) Additions encode exclusions. Keyword
filtering (dislike, avoid) shows that 25.49% of
added factors (vs. 0% general) on GPT-4.1 Mini
and 5.81% (vs. 0.01%) on LLaMA 3 70B express
user-specific “blacklists.”

In summary, augmentation is selective and pri-
marily used to inject user-dependent constraints
that the preference-agnostic coverage stage omits.

5.4 Ablation Study

We conduct ablation experiments to isolate the con-
tributions of PREF’s two components—general-
quality coverage (Stage 1) and user alignment
(Stage 2)—and to validate the design choice of
separating coverage from preference.

Effect of removing user alignment. We first
ablate Stage 2 and score answers using only the
general guideline from Stage 1 (w/S7). As shown
in Table 4, removing user alignment consistently
degrades performance across all backbones. Accu-
racy and nDCG decrease, while MSE increases sub-
stantially, indicating poorer calibration. These re-
sults show that explicit preference weighting is es-
sential for distinguishing generically plausible but
user-misaligned answers, particularly for smaller
models.

Contribution of each stage. We further com-
pare three variants: base (direct scoring without
guidelines), w/S1 (coverage only), and full PREF.
Two trends emerge. First, the coverage stage alone
yields large gains over the base setting, especially
for LLaMA 3 8B, demonstrating that explicit fac-
tor enumeration provides a strong inductive bias.
Second, adding user alignment on top of coverage
further improves performance, most notably cali-
bration, yielding the lowest MSE for GPT-4.1 Mini
and LLaMA 3 §B.

Claude 3 Haiku shows a slight degradation with
coverage alone, suggesting that generic rubrics can



Method Accuracy  MSE | nDCG 1
GPT4.1 Mini

PREF;, 4 0.97 2.20 0.9998

PREF,, /51 0.97 3.01 0.9997

PREF 0.98 2.11 0.9992

LLaMA 8B

PREF}45¢ 0.85 14.36 0.9329

PREF,/s1 0.92 5.71 0.9889

PREF 0.94 4.77 0.9894
Claude Haiku

PREF, s 0.90 6.77 0.9794

PREF,, /51 0.86 9.21 0.9748

PREF 0.94 4.02 0.9907

Table 4: Ablation on the two stages of PREF. Here,
base means prompting the model directly (no General-
quality stage and User-alignment stage); w/S1 means
prompting the model with only the answers from the
Coverage stage.

occasionally conflict with model heuristics; this
effect disappears once user alignment is introduced.

Overall, the ablations confirm that (i) coverage
and preference play complementary roles, (ii) cov-
erage alone is insufficient for personalised evalua-
tion, and (iii) explicit user alignment is particularly
beneficial for capacity-limited backbones, empiri-
cally justifying PREF’s two-stage design.

6 Discussion

Our experimental results yield four key insights.

Fine-grained personalisation is critical. Eval-
uating personalised generation requires reasoning
at the level of individual factors rather than coarse,
global criteria. By explicitly modelling factor-level
priorities, PREF improves accuracy by 6% —12%
over the one-line Reminder baseline (Table 1),
demonstrating that lightweight preference cues are
insufficient.

Separating coverage from preference is essen-
tial. Ablation results show that removing the user-
alignment stage consistently degrades calibration
(higher MSE) and ranking quality (lower nDCQG),
with the largest impact observed for the 8B model
(Table 4). While general coverage provides a strong
inductive bias, it cannot capture user-specific trade-
offs on its own.

Evaluation can compensate for limited model
capacity. When paired with PREF, LLaMA 3 8B
approaches the performance of substantially larger
backbones such as Claude 3 Haiku. This sug-
gests that improved evaluation and guidance—not

merely increased parameter counts—can substan-
tially narrow the quality gap in personalised set-
tings.

Learned factor rankings align with human
reasoning. Rankings induced by user preferences
correlate moderately to strongly with “oracle” rank-
ings extracted from human-written explanations
(Table 3). This alignment indicates that PREF sur-
faces evaluation criteria that humans themselves
consider decisive when judging personalised qual-

ity.
7 Conclusion

We introduced PREF, a Personalised, Reference-
free Evaluation Framework that explicitly disentan-
gles coverage from preference. By first ensuring
baseline adequacy and then tailoring evaluation
criteria to individual users, PREF delivers accu-
rate, interpretable, and scalable assessment with-
out requiring gold personalised references. Ex-
periments on the PrefEval benchmark show that
PREF (i) aligns closely with human judgements,
(ii) improves calibration and ranking quality across
backbone models, and (iii) substantially raises the
performance ceiling of smaller models.

Code and evaluation scripts will be released
upon publication. We hope that PREF helps catal-
yse research into genuinely user-centred language
generation—and into evaluation methodologies ca-
pable of keeping pace with that ambition.

8 Limitations

Evaluator reliability. PREEF relies on LLMs to
construct evaluation guidelines, personalise factor
weightings, and assign final scores. Consequently,
it inherits known limitations of LLM-based eval-
uators, including sensitivity to prompt phrasing,
latent biases, and occasional reasoning failures. Al-
though we mitigate variance through determinis-
tic decoding (temperature = 0), systematic biases
may still affect both factor construction and scoring.
Hybrid approaches—such as ensembling multiple
judges, incorporating lightweight human audits, or
combining LLM judgments with symbolic or sta-
tistical checks—represent promising directions for
improving robustness.

User preference representations. Our frame-
work assumes access to relatively concise and co-
herent user preference signals, expressed either ex-
plicitly or implicitly through benchmark-provided



context. In real-world settings, however, prefer-
ences are often noisy, incomplete, evolving over
time, or inferred indirectly from behavioural sig-
nals. PREF does not explicitly model preference
uncertainty or temporal drift, and its performance
may degrade when preferences are sparse, contra-
dictory, or outdated. Extending the user-alignment
stage to handle uncertain, implicit, or dynamic pref-
erences remains an open challenge.

Task and domain generality. Our empirical eval-
uation focuses on open-domain question answering
using the PrefEval benchmark. While this setting
captures core challenges in personalised evaluation,
it does not cover other important generation tasks
such as long-form summarisation, creative writing,
code generation, or multimodal outputs. Applying
PREEF to these domains may require richer cover-
age representations, task-specific factor schemas,
or alternative aggregation strategies.

Scalability and computational cost. Although
PREF avoids expensive human evaluation and gold
personalised references, it requires multiple LLM
calls per instance, introducing non-trivial compu-
tational overhead compared to single-pass evalua-
tors. While smaller backbone models benefit sub-
stantially from PREEF, large-scale deployment may
require caching, guideline reuse, or further optimi-
sation to reduce inference costs.

Ethical considerations. Personalised evaluation
frameworks risk reinforcing filter bubbles or am-
plifying sensitive user attributes if deployed with-
out safeguards. Although PREF is an evaluation
framework rather than a user-facing generation
system, its outputs may influence model develop-
ment and optimisation in ways that indirectly affect
user experiences. Future work should incorporate
fairness diagnostics, privacy-aware preference han-
dling, and mechanisms that allow users or devel-
opers to inspect, constrain, or override inferred
preferences.

Overall, these limitations highlight important
directions for future research while underscoring
that PREF is intended as a modular and extensi-
ble foundation rather than a complete solution to
personalised evaluation.
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A Prompts

This appendix presents the prompt templates used in PREF in Figure 3, 4 and 5. All For reproducibility,
we use temperature = 0.

Stage 1: General-quality Prompt

Given the following question:
{question}

Please provide points for what makes a good answer to this question. Each point should be a pair
of a keyword and a sentence. for example:

"Goals":"Understand the user’s goals and What the user wants to achieve"

output as python dict:

Figure 3: Stage 1 (General-quality) prompt used in PREF to elicit a query-specific, user-agnostic evaluation
guideline. The prompt instructs the LLM to enumerate key factors defining a good answer, independent of any user
preferences.

Stage 2: User-alignment Prompt

Given the following question:
{question}

Here is a list of factors that from an expert that should be considered to answer this question:
{ge}

Here is a statement of the user’s preference:
{preference}

When answering the question, what factors are highly related to the user’s preference? Reply with
the full list of factors where highly related factors with the score from O to 10, and the factors
that are not addressed with 0. if there are factors don’t exist in the list of factors, add new fac-
tors with the keywords start with prefix *preh_’. Remenber most of the factors are not highly related.

output as json dict:

Figure 4: Stage 2 (User-alignment) prompt used in PREF. Given a general evaluation guideline and a user preference
statement, the LLM re-weights existing factors and introduces new preference-specific factors when necessary,
producing a personalised evaluation rubric.
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Step 3: Scoring Prompt

Given the following question:
{question}

Here is the user’s preference:
{preference}

Here is a list of candidate answers to the question:
{choice_list}

Here is a list of factors that should be considered to answer this question:
{factor_list}
(a high score means the factor is highly related to the ideal answer)

Consider the user’s preference and the list of factors, score each choice from 0 to 10. output as a
json list, each item is the score of the corresponding candidate answer. The list should only include
scores, no other text.

Figure 5: Stage 3 (Scoring) prompt used in PREF. The LLM scores candidate answers by jointly considering the
user preference and the personalised factor list, outputting scalar scores without relying on gold references.
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B Example

"preference": "I have a strong aversion to digital or online learning environments
and prefer traditional , in—person classroom settings.",
"question": "What are some good ways to learn a new language?",
"choice_list": [

"Enroll in an in-person language course ...",

"Sign up for an online language ...",

"Use a language learning app ...",

"Join an online language

exchange community..."
]

”’e": {

"Consistency ": "Practice the language regularly to build and retain
skills over time.",
"Immersion": "Surround yourself with the language through media, conversations,

and environments where it is spoken.",

"Cultural Understanding": "Learn about the culture associated with the language
to gain context and motivation."

}s

"preh": {
"Consistency ": 5,
"Immersion": 7,

"Cultural Understanding": 5,
"preh_InPersonLearning": 9
),
"scoring": [
9,

s

1
0,
0

Figure 6: Illustrative JSON example showing a complete PREF instance, including the user preference, query,
candidate answers, general evaluation factors (ge), personalised factor weights (preh), and final scores assigned to
each candidate answer.

13



	Introduction
	Related Work
	Foundations of Personalisation
	Personalised Text Generation with LLMs
	Evaluating Personalisation in LLMs
	Positioning of This Work

	From Personalisation to Evaluation
	Overview and Design Intuition
	The PREF Pipeline
	Design Rationale and Constraints

	Experiments
	Dataset
	LLMs
	Baselines

	Results and Discussion
	Evaluating Personalisation
	Explainability
	Additional Factors in Stage Two
	Ablation Study

	Discussion
	Conclusion
	Limitations
	Prompts
	Example

