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Abstract

Natural Language Recommendation (NLRec)
generates item suggestions based on the rel-
evance between user-issued NL requests and
NL item description passages. Existing NL-
Rec approaches often use Dense Retrieval (DR)
to compute item relevance scores from aggre-
gation of inner products between user request
embeddings and relevant passage embeddings.
However, DR views the request as the sole rel-
evance signal, resulting in a unimodal scoring
function centered on the request embedding,
which is often a weak proxy for true relevance.
To better capture the multiple relevance modes
that may arise in complex NLRec data, we pro-
pose GPR-LLM, which uses Gaussian Pro-
cess Regression (GPR) to estimate the under-
lying relevance function from multiple LLM-
judged anchor passages instead of treating the
request as the sole relevance signal. Experi-
ments on four NLRec datasets and three LLM
backbones demonstrate that GPR-LLM consis-
tently outperforms baseline methods including
DR, cross-encoder, and pointwise LLM-based
relevance scoring by up to 65%.

1 Introduction

Natural Language Recommendation (NLRec)
(Kang et al., 2017) aims to generate item sugges-
tions based on user-issued free-form textual NL
requests. Unlike traditional recommender systems
that rely on historical interaction data, NLRec as-
sumes the request itself encodes the user’s prefer-
ences and intent (Kang et al., 2017; Bogers and
Koolen, 2017). Each item is typically associated
with multiple descriptive passages such as sum-
maries, reviews, or menus. To score item relevance,
existing approaches commonly use Dense Retrieval
(DR; Karpukhin et al., 2020), which first estimates
passage relevance scores based on inner product
between NL request and passage embeddings, and
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Figure 1: (Top) Dense retrieval (DR) methods assume a
unimodal relevance scoring function concentrated near
the user’s NL request within the embedding space. (Bot-
tom) In practice, the true relevance function is often
multimodal, with relevant passages dispersed across dis-
tinct regions. The relevance scoring function for NL
request "Family friendly cities for vacations" is multi-
modal as it covers multiple theme passages.

then aggregates these passage-level scores into
item-level scores. The standard DR approach im-
plicitly assumes that the relevance scoring function
is unimodal with a peak centered around the NL
request (Figure 1, top). However, in practice, rele-
vance in NLRec is often more complex, since a sin-
gle request may involve multiple semantic aspects,
each supported by different relevant passages. As
a result, passages relevant to the same request may
reflect different aspects of the request and therefore
lie in separated regions of the embedding space
(Figure 1, bottom).

Large Language Models (LLMs) have recently
emerged as a promising resource for reasoning
about relevance between items or passages and NL
queries, which offer more reliable relevance scor-
ing than can be achieved with DR (Sachan et al.,
2022; Qin et al., 2024; Sun et al., 2023; Ma et al.,
2023; Zhuang et al., 2024; Shen et al., 2024). How-
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Figure 2: Overview of GPR-LLM. A small subset of R ≪ N passages is sampled from the full set of N passages
using an ϵ-greedy sampling strategy and labeled using an LLM. A query-specific GPR model is then trained on this
labeled subset to estimate relevance scores for all passages. Finally, item-level relevance scores are aggregated from
the passage-level scores using Equation 3, and items are ranked accordingly to generate the recommendation list.

ever, exhaustively prompting LLMs for relevance
judgments of all passages associated with an item
is expensive, especially with large item collections
and numerous NL description passages.

In order to improve the reliability of relevance
scoring for NLRec while working within a minimal
budget of LLM labeling calls, we propose GPR-
LLM (cf. Figure 2), which uses Gaussian Pro-
cess Regression (GPR) (Rasmussen and Williams,
2006) to estimate the underlying relevance function
from LLM relevance judgments on a small subset
of candidate passages.

As GPR is defined by a kernel function, GPR-
LLM naturally generalizes DR. Under a linear ker-
nel and with the NL request as the only relevance
signal, it reduces exactly to standard DR. GPR-
LLM becomes more flexible once additional rel-
evance signals from LLM passage judgments are
incorporated to estimate the underlying relevance
function. In particular, these LLM-judged passages
act as anchor relevance signals, while kernels with
stronger locality, such as RBF, allow each anchor to
primarily influence nearby passages, thereby cap-
turing multiple relevance modes.

In summary, we make the following key contri-
butions:

• We propose GPR-LLM, which uses GPR to
estimate the relevance scoring function from
multiple LLM-judged anchor passages, ad-
dressing the unimodal assumption of DR.

• We empirically show that GPR-LLM with an
RBF kernel consistently outperforms linear
kernels, as its stronger locality allows different
LLM-judged anchor passages to influence dif-
ferent neighborhoods and better capture multi-
ple relevance modes in complex NLRec data.

• GPR-LLM consistently outperforms all base-
lines, including BM25, DR, Cross-encoder,
and LLM-based relevance scoring under the
same LLM labeling budget, and achieves com-
parable performance to the best baselines even
with a significantly smaller budget.

2 Preliminaries

2.1 Gaussian Process Regression
Gaussian Process Regression (GPR) is a non-
parametric Bayesian regression method that models
an unknown real-valued function through a Gaus-
sian process prior (Rasmussen and Williams, 2006).
Let f : Rd → R denote the latent function of inter-
est. In GPR, f is assumed to follow

f ∼ GP(0, k(·, ·)),

where k : Rd × Rd → R is a kernel function.
Given a set of inputs X = [x1, . . . , xn]

⊤ ∈
Rn×d and corresponding observed outputs y ∈ Rn,
GPR defines the posterior predictive distribution at
a new input x∗ ∈ Rd as

f(x∗) | X,y, x∗ ∼ N (µ∗, σ2
∗),
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with posterior mean and variance

µ∗ = k⊤
∗ (K+ αI)−1y,

σ2
∗ = k(x∗, x∗)− k⊤

∗ (K+ αI)−1k∗,

where K ∈ Rn×n is the kernel matrix with entries
Kij = k(xi, xj), k∗ ∈ Rn is the vector of ker-
nel values between x∗ and the training inputs, i.e.,
k∗ = [k(x∗, x1), . . . , k(x∗, xn)]⊤, and α > 0 is
the observation noise variance. The function value
at x∗ is estimated by the posterior mean µ∗, while
σ2
∗ quantifies predictive uncertainty.

Kernels for GPR The kernel function in GPR
determines how similarity between inputs is mea-
sured. In this work, we consider the following
kernels:

• Dot Product (Linear):

k(x, x′) = x⊤x′

This kernel measures similarity by the inner
product between two inputs.

• Cosine Similarity:

k(x, x′) =
x⊤x′

∥x∥ · ∥x′∥
This kernel measures similarity by the angle
between two inputs.

• Radial Basis Function (RBF):

k(x, x′) = exp

(
−∥x− x′∥2

2ℓ2

)

This kernel defines similarity as an exponen-
tial decay of squared Euclidean distance be-
tween two inputs.

2.2 Natural Language Recommendation
We formulate Natural Language Recommendation
(NLRec) as the task of ranking a set of items in re-
sponse to a user-issued NL request. We denote such
a NL request by a query q ∈ Q. Let I represent a
collection of total M items. Each item i ∈ I is as-
sociated with a set of textual passages. We denote
the complete collection of N passages as P , and
their corresponding text embeddings as V , where
v(pj) ∈ RD represents the embedding of passage
pj ∈ P . Each passage pj ∈ P is uniquely linked
to item i. We define the set of item i’s passages as

P(i) = {pj ∈ P | pj is associated with item i}.
(1)

The objective is to recommend the item i ∈ I
that is most relevant to q based on its associated pas-
sages P(i). Thus, we decompose the task into two
subproblems: passage-level relevance estimation
and item-level relevance aggregation.

Passage-Level Relevance Let f∗
q : P → R be a

query-specific passage relevance scoring function
that assigns a ground-truth real-valued relevance
score to passage pj ∈ P with respect to query q.

Let s∗j denote the ground-truth relevance score
of passage pj ∈ P with respect to query q, defined
as:

s∗j = f∗
q (pj) ∀pj ∈ P. (2)

However, in real-world applications, f∗
q (pj) is

often unknown; thus, we employ f̂q : P → R to
estimate these scores as sj = f̂q(pj) for all pj ∈
P . For notational convenience, we group passage
scores by item, i.e., Si,j = sj ∀pj ∈ P(i), i ∈ I.

Item-Level Relevance Given the estimated
passage-level relevance scores, item-level scores
can be derived by aggregating Si,j by item. Specif-
ically, for each item i, we first select the top-T
passages from P(i) with highest Si,j . We denote
this list as P(i)

top-T.
The item-level relevance score Si for an item i

is computed as follows:

Si = ϕ
([

sj | pj ∈ P(i)
top-T

])
∀i ∈ I, (3)

where ϕ : RT → R is an aggregation function (e.g.,
mean or max). The top-K NLRec items are ranked
by Si in descending order.

The effectiveness of NLRec relies heavily on the
quality of estimated passage-level scores. Thus, we
focus on the formulation of f̂q, aiming to closely
approximate the true relevance function f∗

q and
capture multimodal relevance patterns, thereby en-
abling better item-level relevance estimation for
NLRec.

3 GPR-LLM: Gaussian Process
Regression with LLM Relevance
Judgments

To estimate the underlying relevance function f∗
q in

complex NLRec settings, we use a query-specific
GPR scorer f̂q : V → R that leverages LLM rele-
vance judgments on a small, carefully sampled sub-
set of passages as anchor relevance signals. This

36861



allows GPR-LLM to move beyond a single query-
centered relevance signal and better capture multi-
ple relevance modes that may arise in S∗ (cf. Fig-
ure 1, bottom). At a high level:

1. Candidate Sampling: from all N passages,
construct a small labeled set PGP of size
R ≪ N via an ϵ-greedy strategy that mixes
top DR-ranked passages with uniform random
exploration (cf. Section 3.3).

2. LLM Relevance Judgments: Obtain an LLM
relevance score sj for each sampled passage
pj ∈ PGP(cf. Section 3.2).

3. Fitting GPR: fit a query-specific GP
prior/posterior over f̂q(cf. Section 3.1).

4. Scoring all passages: use the GPR posterior
mean E[f̂q(v(p))] to produce passage-level
scores for all p ∈ P , followed by standard
item-level aggregation.

3.1 Query-specific GPR.
For each NLRec query q, we instantiate a query-
specific GPR scorer f̂q : V → R to estimate
passage-level relevance in the embedding space.
Specifically, f̂q(v(p)) predicts the relevance score
of passage p to query q. We place a GP prior over
this query-specific relevance function:

f̂q(V) ∼ GP(0, k(V,V ′)). (4)

where k(·, ·) is the kernel function defined in
Section 2.1. In this work, we consider three kernel
choices: dot product, cosine similarity, and RBF.

To construct supervision for q, we use both the
query embedding and a small set of sampled pas-
sages with observed relevance scores. In particular,
we define

D = {(v(q), smax)} ∪ {(v(pj), sj)}Rj=1, (5)

where v(q) is the embedding of the query, smax is
the maximum relevance score assigned to the query
anchor, and sj is the observed relevance score of
sampled passage pj .

For a candidate passage p∗ with embedding
v(p∗), the noisy-observation posterior is

p
(
f̂q(v

(p∗)) | D
)
∼ N (µ∗, σ2

∗),

with
µ∗ = k⊤

∗ (K+ αI)−1y, (6)

σ2
∗ = k(v(p∗),v(p∗))− k⊤

∗ (K+ αI)−1k∗, (7)

where

• y = [smax, s1, . . . , sR]
⊤ ∈ RR+1 is the vec-

tor of observed relevance labels,

• K ∈ R(R+1)×(R+1) is the kernel matrix over
the query anchor and the R labeled passages,

• k∗ ∈ RR+1 is the cross-kernel vector between
p∗ and the labeled query-passage set, and

• α > 0 is the observation noise variance on the
relevance labels.

The posterior mean µ∗ = E[f̂q(v(p∗))] is used
as the estimated relevance score of passage p∗ for
query q, which is later aggregated to the item level.

3.2 LLM Relevance Judgments for GPR

Another crucial consideration for GPR-LLM is the
source of relevance judgments used in D. LLMs
are capable of modeling complex relationships be-
tween queries and passages that require contextual
reasoning, inference, or multi-step understanding
(Sun et al., 2023; Qin et al., 2024; Jiao et al., 2026;
Wen et al., 2025b; Liu et al., 2025a). This makes
LLM relevance judgments a natural choice to esti-
mate S∗.

We use the commonly adopted UMBRELA
prompt (Upadhyay et al., 2024) and follow the
procedure of Zhuang et al. (2024) to obtain the
LLM relevance judgment between a query q and a
passage pj as follows:

z = LLM(q, pj , prompt) (8)

where z = [z0, z1, . . . , zK−1] corresponds to the
logit of a predefined discrete relevance label rk ∈
{0, 1, . . . ,K − 1}. We then compute the LLM-
based relevance score using the expected relevance:

sj =
K−1∑

k=0

(
ezk

∑K−1
j=0 ezj

)
· rk. (9)

3.3 Sampling for GPR

Since obtaining LLM relevance judgments for all
N passages is expensive, we instead construct a
sampled subset of passages of size R ≪ N , de-
noted as PGP. Ideally, PGP should cover all rel-
evant passages. While dense retrieval (DR) effi-
ciently identifies potentially relevant passages, its
unimodal bias in embedding space may overlook
relevant passages that are distant from the query
representation.
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To mitigate this limitation, we propose an ϵ-
greedy sampling strategy that balances exploita-
tion of DR rankings with controlled exploration.
Let {p(1), . . . , p(N)} denote passages sorted by DR
score in descending order. We construct PGP as:

PGP = Gq ∪ Uq,

where:

Gq = {p(1), . . . , p(⌊(1−ϵ)R⌋)}

is the greedy set consisting of the top-ranked pas-
sages, and

Eτ
q = {p(1), . . . , p(τ)} \ Gq

is the exploration pool formed by removing the
greedy set from the top-τ DR-ranked passages. We
then sample:

Uq ∼ UnifSample(Eτ
q , ⌈ϵR⌉),

i.e., ⌈ϵR⌉ passages are drawn uniformly at random
from Eτ

q without replacement.
This sampling scheme thus introduces two pa-

rameters:

ϵ ∈ [0, 1] controls the exploration–exploitation
trade-off. When ϵ = 0, the method reduces to
purely greedy selection based on DR. When
ϵ = 1, all sampled passages are drawn uni-
formly from the top-τ DR-ranked pool.

τ defines the size of the candidate pool for explo-
ration, restricting sampling to high-ranking
passages and avoiding low-relevance regions
of the ranking.

Let Dq = {(v(pj), sj)}pj∈PGP denote the la-
beled dataset, where sj is the LLM-derived rel-
evance score for passage pj , and v(pj) is its dense
embedding. We then estimate relevance scores for
all passages in P using Gaussian Process regres-
sion (cf. Equation 6), and aggregate them for item-
level recommendation (cf. Equation 3). Figure 2
illustrates the overall GPR-LLM pipeline.

3.4 Complexity Analysis
Per query, GPR-LLM proceeds in four stages:

1. Candidate sampling. We construct the candi-
date pool via ϵ-greedy sampling that selects a
fraction of passages from a DR ranking. The
DR pass over N passages with D-dimensional
embeddings costs O(ND), with negligible
additional cost for the ϵ-greedy draw.

Method Per-query Complexity Latency (sec)

DR O(ND) 0.165 [0.161, 0.168]
LLM-based Scoring

PW O(ND + RCLLM) 0.678 [0.671, 0.685]
GPR–LLM

Dot O
(
ND + NRD + RCLLM

+ R2D + R3
)

0.782 [0.769, 0.795]
Cosine 0.774 [0.762, 0.787]
RBF 0.754 [0.730, 0.780]

Table 1: Per-query time complexity and latency (sec-
onds) under R=50, N=100,000, and D=384. Laten-
cies show 95% CIs in [·]. All computations were per-
formed on an NVIDIA GeForce RTX 4070 GPU.

2. LLM relevance judgments; We obtain rel-
evance judgments for R passages at cost
O
(
RCLLM

)
, where CLLM is the per-call cost.

3. GPR fitting. Building the dense kernel on
the R labeled embeddings costs O(R2D); the
exact GP Cholesky solve costs O(R3).

4. Scoring all passages. Scoring all N passages
requires forming the cross-kernel KN×R in
O(NRD) and computing the posterior mean
in O(NR); overall this stage is O(NRD).

Putting it together, the per-query runtime is

O
(
ND + RCLLM + R2D + R3 + NRD

)
.

With R ≪ N , the dominant terms are typically
the DR pass and the GP inference over all pas-
sages, i.e., O(ND + RCLLM), while GPR fitting
is inexpensive. In practice, the additional overhead
of GPR–LLM compared to pointwise LLM-based
scoring with a budget of R passages is minor. See
Table 1 for details.

4 Experiments

4.1 Experimental Setup
We compare GPR-LLM against the following base-
line relevance scoring methods12:

• BM25 (Robertson et al., 1994): Computes
relevance scores using BM25.

• Dense Retrieval (DR) (Karpukhin et al., 2020):
Computes relevance scores using inner prod-
ucts between query and passage embeddings.

• Cross-Encoder (CE) (Nogueira et al., 2019):
Computes relevance scores by jointly encod-
ing query-passage pairs.

1Code for reproducing experiments is available at https:
//github.com/QianfengWen/Bandit_Retrieval.git.

2See Appendix B for detailed baseline implementations.
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Dataset # Queries # Items # Passages # Qrel

TravelDest 50 774 126,400 3,721
POINTREC 28 59,553 592,818 498
TripAdvisor Hotel 100 589 133,759 4,887
Yelp Restaurant 100 1,152 283,658 11,726

Table 2: Statistics of our benchmark datasets. Qrels
indicates the total number of relevant items summed
over all queries.

• Pointwise LLM-based Relevance Scoring
(PW) (Zhuang et al., 2024): Computes rel-
evance scores by prompting an LLM with
query–passage pairs and computing the ex-
pected relevance score from the model’s pre-
dicted label distribution.

We conduct experiments on four publicly avail-
able benchmark datasets:

• POINTREC (Afzali et al., 2021): Point-of-
interest recommendation using reviews and
structured descriptions.

• TravelDest (Wen et al., 2024): Travel city
recommendation using city-level descriptions.

• TripAdvisor Hotel (Wen et al., 2025a): Ho-
tel recommendation using user reviews.

• Yelp Restaurant (Wen et al., 2025a):
Restaurant recommendation using user re-
views.

These datasets allow us to assess the generaliz-
ability of our approach across diverse NLRec sce-
narios. We selected them because their queries are
typically complex, broad, and multi-aspect natural
language requests, while their items are represented
by diverse collections of textual passages, such as
descriptions and reviews. This makes them suit-
able for evaluating whether a method can estimate
multiple relevance modes rather than relying on a
single dominant similarity pattern. See Table 2 for
dataset statistics.

We experiment with three LLM backbones:

• GPT-4o (OpenAI, 2024)

• Qwen3-Next-80B-A3B as an open-source
model (Yang et al., 2025)

• Qwen3-8B as a smaller open-source model
(Yang et al., 2025)

We use the UMBRELA prompt (Upadhyay et al.,
2024) to obtain LLM relevance judgments across
various LLM budgets R. For embeddings, we use
the all-MiniLM-L6-v2 (Reimers and Gurevych,
2019) and the msmarco-distilbert-base-tas-b
( Hofstätter et al., 2021; see Appendix E). We set
the number of top passages to aggregate as T = 3
and define the aggregation function ϕ (cf. Equa-
tion 3) as the mean mean(·) over passage scores.
The observation noise variance α is set by default
to 10−3. Finally, the length scale ℓ in the RBF ker-
nel is optimized using the L-BFGS-B (Zhu et al.,
1997) algorithm.3

Evaluation is conducted using NDCG and Pre-
cision@10 and @30, where NDCG measures the
quality of the ranked list by accounting for both
relevance levels and item positions, while Precision
measure the accuracy of the top-ranked recommen-
dations at practically relevant cutoffs.

We address the following research questions:

RQ1 (Kernel Choice): Does the RBF kernel,
whose stronger locality allows it to estimate
multiple relevance modes, outperform linear
kernels in passage-level relevance scoring for
complex NLRec data?

RQ2 (Sampling Strategy): Does including a
fraction ϵ of randomly sampled exploratory
passages with a cap τ lead to better relevance
scoring compared to only selecting top-ranked
passages from DR?

RQ3 (Performance Comparison): Does GPR-
LLM consistently outperform baseline
methods across different LLM backbones
given the same labeling budget?

RQ4 (Multimodal Relevance Scoring): Do em-
pirical results support that GPR-LLM with the
RBF kernel more effectively captures multi-
modal relevance compared to other methods?

4.2 Results

RQ1 (Kernel Choice) To address RQ1, Figure 3
compares different kernel functions under greedy
sampling (ϵ = 0) with τ set to include all passages.
The RBF kernel consistently and significantly out-
performs the linear dot product and cosine similar-
ity kernels across all datasets and LLM backbones.

3Additional experiments analyzing the impact of differ-
ent embeddings and hyperparameter choices are provided in
Appendix E, Appendix F, and Appendix G
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Figure 3: RQ1: Kernel choices comparison with Greedy Sampling (ϵ = 0) under varying LLM labeling budget.

0.00 0.25 0.50 0.75 1.00
0.29

0.34

0.38

0.43

0.48

GP
T-

4o

ND
CG

@
10

TravelDest

0.00 0.25 0.50 0.75 1.00

POINTREC

0.00 0.25 0.50 0.75 1.00

Yelp Restaurant

0.00 0.25 0.50 0.75 1.00

TripAdvisor Hotel

0.00 0.25 0.50 0.75 1.00
epsilon

0.28

0.33

0.38

0.42

0.47

Qw
en

3-
80

B

ND
CG

@
10

0.00 0.25 0.50 0.75 1.00
epsilon

0.00 0.25 0.50 0.75 1.00
epsilon

0.00 0.25 0.50 0.75 1.00
epsilon

 = 500  = 1000  = 5000  = All DR Point.

Figure 4: RQ2: Performance of GPR-LLM under R = 50 with varying sampling sets. Each configuration labels
an ϵ fraction of random passages from the remaining top-τ DR-ranked passages and a (1− ϵ) fraction from top
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These results suggest that kernels with stronger lo-
cality are better suited to GPR-LLM, since they
allow different labeled anchors to primarily influ-
ence different neighborhoods and thereby better
capture multiple relevance modes in the passage-
level relevance function. This is further examined
in RQ4. Additionally, Figure 3 demonstrates that
GPR-LLM with the RBF kernel outperforms all
baseline methods under the same labeling budget,
even without tuning sampling parameters.

RQ2 (Sampling Strategy). We next investigate
whether tuning the sampling strategy beyond purely
greedy selection can further improve GPR-LLM.
Figure 4 shows the effect of different sampling
configurations that mix a fraction ϵ of randomly
selected passages from the remaining top-τ DR-

ranked passages with (1 − ϵ) passages drawn
from the top DR rankings. Across all datasets
and LLM backbones, a small exploratory fraction
(ϵ = 0.3) consistently improves GPR-LLM per-
formance when the sampling range is sufficiently
large (τ ≥ 5000), whereas no such gain is observed
for smaller τ . Under most sampling configurations,
GPR-LLM also outperforms the pointwise LLM-
based scoring baseline (dot–dash line). These re-
sults suggest that exploration enables GPR-LLM to
better capture the multimodal relevance distribution
by incorporating a more diverse subset of anchor
passages, but only when the exploration remains
balanced and the sampled passages are sufficiently
distinct from the top DR-ranking.
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Budget Backbone Method TravelDest POINTREC Yelp Restaurant TripAdvisor Hotel
P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30

Budget = N/A

N/A N/A BM25 0.234 0.238 0.237 0.239 0.025 0.032 0.025 0.038 0.309 0.327 0.236 0.283 0.205 0.257 0.153 0.325
N/A DR 0.360 0.366 0.314 0.332 0.164 0.179 0.104 0.182 0.346 0.362 0.282 0.331 0.231 0.297 0.166 0.365

Budget = 25

25

N/A CE 0.384 0.385 0.316 0.336 0.121 0.131 0.087 0.137 0.332 0.349 0.275 0.321 0.227 0.273 0.168 0.336

GPT-4o PW 0.294 0.309 0.238 0.219 0.175 0.206 0.106 0.158 0.324 0.374 0.237 0.260 0.251 0.349 0.178 0.332
GPR-LLM 0.376∗ 0.401∗ 0.340∗ 0.364∗ 0.157 0.200 0.106 0.158 0.360∗ 0.402∗ 0.273∗ 0.340∗ 0.282∗ 0.382∗ 0.182 0.426∗

Qwen3-80B PW 0.308 0.345 0.286 0.309 0.175 0.214 0.111 0.206 0.336 0.381 0.266 0.331 0.258 0.353 0.165 0.398
GPR-LLM 0.366∗ 0.384∗ 0.285 0.316 0.179 0.223 0.082 0.177 0.395∗ 0.437∗ 0.277 0.353∗ 0.270 0.365 0.176 0.418

Qwen3-8B PW 0.282 0.313 0.288 0.303 0.150 0.174 0.106 0.185 0.322 0.352 0.261 0.314 0.234 0.316 0.164 0.377
GPR-LLM 0.328∗ 0.357∗ 0.273 0.304 0.154 0.176 0.096 0.182 0.355∗ 0.394∗ 0.274 0.336∗ 0.252 0.338 0.163 0.384

Budget = 50

50

N/A CE 0.390 0.399 0.325 0.348 0.093 0.096 0.077 0.110 0.314 0.334 0.272 0.315 0.216 0.258 0.167 0.329

GPT-4o PW 0.356 0.371 0.248 0.281 0.196 0.234 0.105 0.208 0.386 0.426 0.254 0.332 0.289 0.397 0.169 0.417
GPR-LLM 0.432∗ 0.445∗ 0.362∗ 0.389∗ 0.236∗ 0.262∗ 0.113 0.222 0.408 0.451∗ 0.304∗ 0.377∗ 0.324∗ 0.439∗ 0.197∗ 0.482∗

Qwen3-80B PW 0.392 0.415 0.273 0.315 0.211 0.242 0.108 0.213 0.401 0.439 0.266 0.347 0.296 0.390 0.169 0.417
GPR-LLM 0.414∗ 0.437∗ 0.327∗ 0.363∗ 0.200 0.234 0.102 0.202 0.439∗ 0.490∗ 0.308∗ 0.398∗ 0.314 0.420∗ 0.196∗ 0.472∗

Qwen3-8B PW 0.348 0.382 0.261 0.302 0.182 0.205 0.101 0.189 0.343 0.371 0.254 0.316 0.252 0.333 0.164 0.384
GPR-LLM 0.370∗ 0.408∗ 0.315∗ 0.350∗ 0.188 0.211 0.099 0.192 0.401∗ 0.429∗ 0.300∗ 0.367∗ 0.278∗ 0.367∗ 0.184 0.426

Budget = 100

100

N/A CE 0.364 0.359 0.312 0.324 0.089 0.095 0.069 0.104 0.320 0.330 0.270 0.309 0.204 0.253 0.161 0.322

GPT-4o PW 0.398 0.406 0.296 0.328 0.225 0.255 0.124 0.231 0.418 0.459 0.298 0.379 0.322 0.438 0.189 0.472
GPR-LLM 0.448∗ 0.472∗ 0.380∗ 0.412∗ 0.246∗ 0.269 0.130 0.239 0.444∗ 0.487∗ 0.334∗ 0.413∗ 0.358∗ 0.481∗ 0.218∗ 0.529∗

Qwen3-80B PW 0.418 0.449 0.323 0.366 0.207 0.230 0.121 0.218 0.424 0.457 0.303 0.381 0.319 0.425 0.192 0.467
GPR-LLM 0.472∗ 0.486∗ 0.362∗ 0.399∗ 0.225∗ 0.258∗ 0.123 0.226 0.491∗ 0.534∗ 0.355∗ 0.443∗ 0.345∗ 0.456∗ 0.220∗ 0.520∗

Qwen3-8B PW 0.378 0.403 0.299 0.333 0.182 0.198 0.106 0.190 0.356 0.384 0.274 0.334 0.260 0.344 0.172 0.403
GPR-LLM 0.414∗ 0.442∗ 0.344∗ 0.376∗ 0.191 0.196 0.111 0.192 0.401∗ 0.438∗ 0.314∗ 0.383∗ 0.295∗ 0.388∗ 0.193 0.450∗

Table 3: RQ3: Comparison of DR, Cross-Encoder (CE), Pointwise LLM-based Relevance Scoring (PW) and
GPR-LLM (RBF kernel, ϵ = 0.3, τ set to include all passages) across four datasets and three LLM backbones
at varying LLM label budgets. Metrics: Precision@10 (P@10), NDCG@10 (N@10), Precision@30 (P@30),
NDCG@30 (N@30). Bold values indicate the best-performing method between PW and GPR-LLM for each
backbone. Statistically significant improvements over PW (paired t-test, p < 0.05) are indicated by an asterisk (∗).

RQ3 (Performance Comparison) Table 3 com-
pares GPR-LLM (with the best-performing RBF
kernel, ϵ = 0.3, and τ including all passages)
against all baseline methods across various LLM
backbones and labeling budgets. GPR-LLM con-
sistently outperforms baselines at same LLM bud-
gets with only a few exceptions, and specifically
achieves up to 65% improvements over the point-
wise LLM relevance scoring. Also, GPR-LLM is
often able to outperform baselines that use twice
as many labels. The performance is consistent
across different NLRec datasets and LLM back-
bones, which highlights the robustness and effec-
tiveness of our proposed method.

RQ4 (Multimodal Relevance Scoring) Next,
we investigate the underlying factors contributing
to these performance gains. Figure 5 visualizes the
distribution of top-ranked passages for a represen-
tative query from each dataset using both DR and
GPR-LLM in the reduced embedding space using
t-SNE (van der Maaten and Hinton, 2008).

DR’s top-ranked passages tend to cluster tightly
around the query across all datasets, reflecting its
unimodal relevance assumption with a single peak
at the query (i.e., passages closer to the query are in-

herently more relevant). In contrast, GPR-LLM re-
trieves passages distributed across multiple distinct
regions in the embedding space. This distribution
aligns naturally with our multimodal relevance hy-
pothesis illustrated in Figure 1, where each region
represents a local relevance peak within the overall
multimodal relevance surface. By capturing distant
yet relevant passages, GPR-LLM overcomes a key
limitation of DR. This multimodal retrieval pattern
is consistently observed across all four datasets.

5 Related Work

5.1 Natural Language Recommendation

Natural Language Recommendation (NLRec) aims
to generate item recommendations based on user-
issued textual requests (Kang et al., 2017). NL-
Rec systems typically exhibit two key properties.
First, they utilize natural language requests to en-
code user intent and preferences, contrasting with
traditional recommender systems that mainly rely
on structured interaction history (e.g., clicks, rat-
ings) as their primary source of preference sig-
nals (Bogers and Koolen, 2017; Bogers et al., 2018,
2019; Afzali et al., 2021; Liu et al., 2026). Second,
NLRec leverages collections of textual sources,
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TravelDest POINTREC Yelp Restaurant TripAdvisor Hotel

All Passages Example Query top-100 Passages from DR top-100 Passages from GPR-LLM

Figure 5: RQ4: Distribution of the top-100 passages from DR and GPR-LLM for example queries across all
datasets. The embedding space is reduced to two dimensions using t-SNE for visualization. Passages ranked highest
by DR (purple squares) cluster tightly around the query (red star), reflecting DR’s unimodal assumption. In contrast,
GPR-LLM (blue circles) identifies passages dispersed across multiple regions, highlighting its ability to capture the
multimodal relevance distribution hypothesized in Figure 1.

such as item descriptions, reviews, or menus, to
represent items and aggregate them into item-level
representations (Afzali et al., 2021; Zhang et al.,
2023; Wen et al., 2025a; Liang et al., 2026).

As NLRec tasks grow in complexity, they of-
ten exhibit multimodal relevance, characterized by
multiple regions of high relevance scores in the
dense embedding space (cf. Figure 1; Liu et al.,
2025b; Wen et al., 2025a). To effectively address
this multimodal relevance, we propose GPR-LLM,
which aims to estimate the multimodal relevance
scoring function using Gaussian Process Regres-
sion from multiple LLM-judged anchor passages.

5.2 LLM Relevance Judgment

Recently, Large Language Models (LLMs) have
emerged as promising resources for determining
the relevance between items or passages and natu-
ral language queries due to their strong contextual
understanding and reasoning capabilities (Sachan
et al., 2022; Qin et al., 2024; Sun et al., 2023; Ma
et al., 2023; Zhuang et al., 2024; Shen et al., 2024).

LLM-based relevance judgments generally fall
into three categories: pointwise, listwise, and
pairwise. Pointwise methods independently com-
pute relevance scores for each query–passage
pair (Sachan et al., 2022; Zhuang et al., 2024; Upad-
hyay et al., 2024). Listwise methods prompt LLMs
with a query and multiple candidate passages simul-
taneously, often using a sliding window approach
to facilitate passage comparisons and directly gen-
erate a ranked list (Sun et al., 2023; Ma et al., 2023;
Shen et al., 2024). Pairwise methods prompt LLMs
to compare two passages, determine their relative
relevance, and aggregate these pairwise preferences
into final rankings (Qin et al., 2024).

To obtain passage-level relevance scores for ag-

gregation into item-level scores in NLRec tasks, we
primarily focus on pointwise LLM-based relevance
scoring, which we compare against GPR-LLM.

6 Conclusion

We introduced GPR-LLM, a method for NLRec
that uses Gaussian Process Regression with a
small set of LLM-judged anchor passages to es-
timate the underlying relevance function. GPR-
LLM moves beyond DR’s query-as-sole-signal as-
sumption by combining multiple relevance signals
through kernel-based GPR estimation, allowing it
to better capture the multiple relevance modes that
may arise in complex NLRec data while reducing
reliance on exhaustive LLM labeling. Experiments
across multiple datasets and LLM backbones show
that GPR-LLM consistently outperforms strong
baselines, including DR, Cross-Encoder, and point-
wise LLM relevance scoring under the same label-
ing budgets, and often achieves comparable perfor-
mance with substantially fewer LLM labels. These
results establish GPR-LLM as an efficient and ef-
fective approach for passage-level relevance esti-
mation and item ranking in NLRec.

Limitations

While GPR-LLM achieves consistent improvement
over baselines, several limitations remain. First,
the performance of GPR-LLM critically depends
on the quality and consistency of the LLM rele-
vance judgments. Variations in LLM prompting or
labeling criteria can impact accuracy and reliability,
potentially influencing the quality of the GPR.

Second, we use an ϵ-greedy sampling strategy
for exploration that depends on uniform random
sampling. However, alternative sampling methods
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that explicitly leverage uncertainty-aware active
learning or diversity-maximization exploration may
align better with the exploration goal. Although
such methods could further enhance performance,
investigating them is beyond the scope of this paper
and is thus left for future study.

Third, we aggregate item-level scores using a
fixed aggregation function ϕ (mean or max) over
the top-T passages. Alternative aggregation meth-
ods, such as harmonic mean or learned fusion net-
works, could be explored to potentially enhance
performance. However, as our primary focus in this
paper is on improving passage-level relevance scor-
ing, we leave the investigation of more advanced
aggregation methods for future work.
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A UMBRELA Prompt for LLM
Relevance Judgment

We show the UMBRELA prompt used to judge the
relevance between a query and a single passage
(pointwise setting):

UMBRELA Prompt (Pointwise Final Score)

Task: Given a query and a passage, assign a
single integer relevance score from 0 to 3.
Relevance scale: 0 = The passage is unrelated
to the query. 1 = The passage is somewhat
related but does not answer the query. 2 = The
passage contains relevant information, but the
answer is incomplete, unclear, or mixed with
extraneous content. 3 = The passage directly
and fully answers the query.
Instructions:

• Assign 1 if the passage is topically re-
lated but does not answer the query.

• Assign 2 if the passage provides useful
but partial or unclear information.

• Assign 3 if the passage fully and directly
answers the query.

• Assign 0 if none of the above applies.

Input: Query: {query} Passage: {passage}
Evaluation steps:

1. Identify the underlying intent of the
query.

2. Measure how well the passage matches
the query intent (M).

3. Assess the trustworthiness of the passage
(T).

4. Decide on the final score (O).

Output format: Return only a single integer
in {0, 1, 2, 3}. Do not include any explanation
or additional text.

##final score:

B Implementation Details

We implement the following baseline methods for
relevance scoring in Natural Language Recommen-
dation (NLRec).

BM25. We employ the Okapi BM25 algo-
rithm (Robertson et al., 1994) as implemented in
the Pyserini toolkit, using default hyperparame-
ters (k1 = 0.9, b = 0.4).

Dense Retrieval (DR). We use the
all-MiniLM-L6-v2 embedding model (Reimers
and Gurevych, 2019) with D = 384 and the
msmarco-distilbert-base-tas-b model (Hof-
stätter et al., 2021) with D = 768 from Hugging
Face. Candidate relevance scores are computed
as the inner product between query and passage
embeddings.

Cross-Encoder (CE). We use the
cross-encoder/ms-marco-MiniLM-L-6-v2
model (Reimers and Gurevych, 2019; Wolf et al.,
2020) from Hugging Face, which jointly encodes
query–passage pairs and outputs a fine-grained
scalar relevance score. The CE is applied to
the top-R passages retrieved by DR to maintain
comparability with GPR-LLM and pointwise
LLM-based scoring.

Pointwise LLM-based Relevance Scoring (PW).
We use the commonly adopted UMBRELA
prompt (Upadhyay et al., 2024) and follow the
procedure of Zhuang et al. (2024) to obtain LLM-
based passage relevance scores. For each query q
and passage pj , the LLM outputs a vector of logits:

z = LLM(q, pj , prompt) = [z0, z1, . . . , zK−1],
(10)

where each zk corresponds to the logit of a prede-
fined discrete relevance label rk ∈ {0, 1, . . . ,K −
1}. We compute the scalar LLM-based relevance
score using the expected relevance (ER) formula-
tion:

SLLM
i,j =

K−1∑

k=0

(
ezk

∑K−1
j=0 ezj

)
· rk. (11)

We use one closed-source LLM (GPT-4o; OpenAI,
2024) and two open-source LLMs (Qwen3-80B and
Qwen3-8B; Yang et al., 2025) for generating rele-
vance judgments. Pointwise LLM-based scoring is
applied to the top-R passages retrieved by DR to
ensure fair comparability with GPR-LLM.

C Asymptotic Behavior of PW Scoring

This analysis aims to determine whether the advan-
tage of GPR-LLM at low labeling budgets would
disappear if PW were allowed substantially more
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LLM calls. To this end, we compare PW with bud-
gets ranging from 200 to 600 against GPR-LLM
with a budget of 100 using the Qwen3-80B.

As shown in Table 4, increasing the PW budget
yields diminishing returns at larger budgets. De-
spite using only 100 labels, GPR-LLM remains
competitive with much higher-budget PW on most
datasets. These results suggest that the benefit of
additional PW labels eventually weakens, while
GPR-LLM can achieve comparable performance
with substantially fewer labels. Therefore, the ad-
vantage of GPR-LLM is not merely that it operates
under a smaller budget, but that it uses labeled pas-
sages more efficiently than brute-force PW scoring
in several settings.

D Effect of Sampling Quality on
GPR-LLM

To examine how the quality of the labeled passage
subset affects GPR-LLM, we conduct a controlled
study in which the initial sampled subset is aug-
mented with additional passages of different rele-
vance levels. This experiment is intended to assess
whether improved sampling can further enhance
GPR-LLM, and whether the resulting gains depend
on the choice of kernel.

We start from a baseline subset of 100 pas-
sages selected greedily according to dense-retrieval
scores. We then incrementally augment this sub-
set with 1–20 additional passages drawn from two
supervision pools:

1. High-relevance augmentation: passages as-
signed high LLM relevance scores (2–3);

2. Lower-relevance augmentation: passages
assigned low LLM relevance scores (0–1).

Results are shown in Figure 6. Adding lower-
relevance passages leads to limited and inconsistent
changes across all kernels, suggesting that weakly
informative samples provide little benefit. By con-
trast, augmenting the subset with high-relevance
passages yields consistent improvements only for
the RBF kernel. The dot product and cosine kernels
show little sensitivity to either augmentation type.

These findings suggest that the benefit of im-
proved sampling quality depends on kernel expres-
siveness. When more informative anchor passages
are available, the RBF kernel better captures multi-
modal relevance patterns due to its locality, which
allows relevance to propagate within local neigh-
borhoods. This observation supports moving be-
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Figure 6: Effect of augmenting the sampled subset
with high-relevance and lower-relevance passages on
TravelDest. We report NDCG@10 as 1–20 additional
passages are added. Only the RBF kernel exhibits
consistent gains under high-relevance augmentation,
whereas the dot product and cosine kernels remain rela-
tively insensitive to both augmentation types.

yond purely greedy DR-based sampling toward the
proposed ϵ-greedy strategy, which introduces ex-
ploration to recover additional relevant passages.

E Impact of Different Embeddings

Table 5 presents the results obtained using the
msmarco-distilbert-base-tas-b encoder with
GPT-4o as the LLM backbone. The results fol-
low the same overall trend observed with the
MiniLM-L6-v2 encoder, where GPR-LLM consis-
tently outperforms both pointwise LLM-based scor-
ing and other baseline methods across all datasets
and LLM labeling budgets. The performance gains
are most pronounced at smaller labeling budgets,
indicating that GPR-LLM effectively leverages lim-
ited high-quality supervision to model the underly-
ing multimodal relevance function. This consistent
pattern across distinct embedding models demon-
strates that the improvements of GPR-LLM stem
from its core modeling design rather than encoder-
specific characteristics.

F Hyperparameter Settings for GPR

F.1 Observation Noise Variance α.

In a noisy observation setting (i.e., the ground truth
relevance is unknown), the performance of GPR
can be affected by the variance of the Gaussian
observation noise α. Thus, we examine the per-
formance of GPR-LLM under nDCG@10 using
different values of α in Figure 7.

Overall, we observe a non-monotonic relation-
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Method Budget TravelDest POINTREC Yelp Restaurant TripAdvisor Hotel

P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30

PW

200 0.435 0.448 0.345 0.376 0.199 0.221 0.123 0.216 0.420 0.460 0.338 0.409 0.336 0.452 0.204 0.495
300 0.456 0.470 0.365 0.398 0.197 0.221 0.128 0.221 0.452 0.484 0.356 0.427 0.366 0.478 0.219 0.524
400 0.469 0.487 0.381 0.416 0.210 0.222 0.122 0.211 0.479 0.514 0.372 0.446 0.381 0.492 0.225 0.537
500 0.480 0.506 0.390 0.427 0.205 0.220 0.114 0.203 0.489 0.520 0.375 0.453 0.388 0.499 0.231 0.548
600 0.482 0.509 0.391 0.429 0.218 0.230 0.117 0.207 0.493 0.524 0.376 0.453 0.391 0.501 0.234 0.552

GPR-LLM 100 0.472 0.486 0.362 0.399 0.225 0.258 0.123 0.226 0.491 0.534 0.355 0.443 0.345 0.456 0.220 0.520

Table 4: Comparison between higher-budget pointwise LLM scoring (PW) and GPR-LLM (RBF kernel, ϵ = 0.3, τ
includes all passages) using the Qwen3-80B backbone. PW is evaluated at budgets 200–600, while GPR-LLM uses
100 labels.

Budget Method TravelDest POINTREC Yelp Restaurant TripAdvisor Hotel

P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30 P@10 N@10 P@30 N@30

N/A DR 0.358 0.365 0.318 0.333 0.143 0.161 0.094 0.165 0.363 0.385 0.294 0.351 0.224 0.275 0.165 0.349
BM25 0.234 0.238 0.237 0.239 0.025 0.032 0.025 0.038 0.309 0.327 0.236 0.283 0.205 0.257 0.153 0.325

25 PW 0.344 0.379 0.313 0.339 0.154 0.188 0.094 0.178 0.340 0.382 0.289 0.355 0.227 0.302 0.165 0.369
GPR-LLM 0.370 0.402 0.325 0.356 0.159 0.192 0.098 0.183 0.359 0.397 0.272 0.343 0.286 0.378 0.177 0.419

50 PW 0.380 0.419 0.298 0.339 0.171 0.215 0.098 0.193 0.368 0.410 0.282 0.355 0.251 0.336 0.166 0.389
GPR-LLM 0.416 0.453 0.348 0.386 0.176 0.217 0.103 0.197 0.376 0.414 0.286 0.361 0.325 0.402 0.199 0.470

100 PW 0.428 0.467 0.323 0.371 0.214 0.245 0.102 0.200 0.391 0.432 0.285 0.366 0.273 0.366 0.170 0.408
GPR-LLM 0.444 0.479 0.344 0.389 0.215 0.246 0.121 0.227 0.430 0.472 0.311 0.398 0.360 0.476 0.225 0.535

Table 5: Comparison of BM25, DPR, Pointwise LLM-based Scoring (PW), and GPR-LLM (RBF kernel, ϵ = 0.3, τ
includes all passages) using the msmarco-distilbert-base-tas-b encoder with GPT-4o as the LLM backbone
across four datasets. Bold values indicate the best performance in each column.

ship between α and performance. Extremely low
noise levels (e.g., α = 10−4, effectively assum-
ing near-perfect LLM relevance judgments) tend
to underperform, likely due to overfitting to the
few LLM judgments. Conversely, very high noise
settings (e.g., α = 10, treating LLM relevance
judgments as extremely noisy) also degrade perfor-
mance by underfitting the relevance signal.

In all cases, moderate noise variance yields the
best results: performance generally peaks at inter-
mediate α values (around 10−2 to 10−1 in our ex-
periments) and remains fairly stable across a broad
mid-range. This trend is consistent across datasets,
though the optimal α can vary slightly by dataset
(each dataset’s curve achieves its maximum nDCG
at a slightly different α). Crucially, adding a rea-
sonable amount of observation noise improves gen-
eralization, but too much noise or none at all is
detrimental.

F.2 Length Scale of the RBF Kernel.

The RBF kernel in GPR is defined as

k(v,v′) = exp

(
−∥v − v′∥2

2ℓ2

)
(12)

where ℓ is the length scale hyperparameter that
controls the smoothness of the learned function.

Smaller values of ℓ yield more flexible, highly
localized functions, while larger values impose
smoother, more global behavior.

While ℓ is optimized using the L-BFGS-B al-
gorithm, we empirically evaluate the impact of
varying the initial value of ℓ over the range
[0.001, 0.1, 1, 10, 100, 1000]. As shown in Fig-
ure 8, GPR-LLM is robust to different initializa-
tions of the length scale except under very small
LLM labeling budgets, where label noise has a
larger impact.

We also evaluate performance across different
fixed values of ℓ without applying the L-BFGS-B
algorithm. As shown in Figure 9, under a fixed α,
the best performance achieved without L-BFGS-B
is comparable to that with L-BFGS-B. This sug-
gests that L-BFGS-B provides an efficient and ef-
fective method for kernel parameter selection in
GPR-LLM.

F.3 Scaling of Relevance Scores.

Figure 10 illustrates the effect of varying the rat-
ing scale used by the LLM to provide relevance
judgments, with results shown for all four datasets
(nDCG@10 across different LLM budgets of la-
bels). Across all four datasets, applying extreme
scaling to the LLM relevance scores consistently
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Figure 7: Sensitivity of GPR-LLM to the observation noise variance α across datasets and LLM labeling budgets.
Moderate noise values generally provide the best trade-off between overfitting noisy LLM judgments and underfitting
the relevance signal.

degrades GPR-LLM’s nDCG@10 performance,
whereas keeping the labels at or near their orig-
inal scale yields the best results.

In particular, using the original rating range
(scale factor = 1) produces the highest nDCG@10
on TravelDest, POINTREC, Yelp Restaurant, and
TripAdvisor Hotel, for both low and high LLM
budgets. Any substantial compression of the la-
bel range (e.g., a 0.1× factor) or expansion (e.g.,
a 10× factor) leads to a notable drop in ranking
effectiveness across all LLM budgets.

This suggests that over-compressing the rele-
vance scores blurs meaningful differences between
items, while over-expanding them amplifies noise
and overemphasizes minor relevance distinctions,
in both cases hurting the GPR-LLM’s ability to
accurately rank items. Consequently, maintaining
the original scale preserves the proper balance of
signal to noise in the LLM labels and achieves the
strongest overall nDCG@10 performance in the
GPR-LLM framework.

G Hyperparameter Settings for
Item-Level Relevance Aggregation

The final item-level score Si for item i ∈ I is
computed by aggregating the top-T passage-level

scores:

Si = ϕ
({

f̂q(vpj ) | pj ∈ topT (Pi, f̂q)
})

,

(13)
where ϕ is the aggregation function (e.g., mean,
max) and topT (Pi, f̂q) returns the top-T passages
for item i ranked by the GPR relevance scoring
function f̂q.

We vary the number T of top-ranked passages
used in aggregation and evaluate its effect on
item-level ranking performance. A small T may
ignore informative passages, while a large T
may include irrelevant noise. We vary T over
{1, 3, 5, 10, 25, 50} and set the LLM budget and
ϵ to 100 and 0, respectively.

As shown in Figure 11, mean aggregation gener-
ally improves as more than one passage is used and
performs best with a moderate number of top pas-
sages. Performance then decreases when many
lower-ranked passages are included, suggesting
that T around 3–10 best balances coverage and
noise. Mean aggregation also consistently outper-
forms max aggregation once multiple passages are
considered.
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Figure 8: Sensitivity to the initial RBF length scale ℓ when L-BFGS-B is used to optimize the kernel hyperparameter.
Results are shown across datasets and LLM label budgets.

10−3 0.01 0.1 1 10 100 1000
0.15

0.30

0.45

0.60

nD
CG

@
10

(a) TravelDest

10−3 0.01 0.1 1 10 100 1000

0.1

0.2

0.3

(b) POINTREC

10−3 0.01 0.1 1 10 100 1000
Length scale ℓ

0.15

0.30

0.45

0.60

nD
CG

@
10

(c) Yelp Restaurant

10−3 0.01 0.1 1 10 100 1000
Length scale ℓ

0.15

0.30

0.45

0.60

(d) TripAdvisor Hotel

Other budgets R=1 R=25 R=50 R=100 R=200

Figure 9: Sensitivity to fixed RBF length scale values ℓ without L-BFGS-B optimization. The panels show that
carefully selected fixed length scales can approach optimized performance, but optimization avoids manual tuning
across datasets and budgets.
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Figure 10: Effect of scaling the LLM relevance labels before fitting GPR-LLM. Across datasets, the original label
scale generally provides the most stable performance, while strong compression or expansion degrades ranking
quality.
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Figure 11: Performance of GPR-LLM under varying numbers of top-T passages and different aggregation functions
for item-level relevance scoring. Moderate values of T retain informative evidence while avoiding excessive noisy
passages.
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