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Abstract

In-context learning (ICL) has emerged as a pow-
erful paradigm for adapting large language mod-
els (LLMs) to new, data-scarce tasks using only
a few carefully selected task-specific examples
embedded in the prompt. However, given the
limited context size of LLMs, a fundamental
question arises: Which examples should be se-
lected to maximize performance on a given user
query? While nearest-neighbor-based meth-
ods have been widely adopted for this purpose,
they suffer from well-known drawbacks in high-
dimensional embedding spaces, including poor
generalization and limited diversity. In this
work, we study example selection in ICL from
a principled, information-theoretic perspective.
We frame the example selection task as a query-
specific high-dimensional optimization prob-
lem: selecting a subset of exemplars from a
larger example bank to minimize prediction er-
ror for a given query. To solve this, we first
derive a principled surrogate objective that is
approximately submodular, enabling the use
of a greedy algorithm with an approximation
guarantee. We further enhance our method by
introducing an optimal design-based regular-
izer to encourage diversity in the selected exam-
ples. Empirically, we demonstrate significant
improvements over standard retrieval methods
across a suite of classification tasks, highlight-
ing the benefits of structure-aware, diverse ex-
ample selection for ICL in real-world, label-
scarce scenarios.

1 Introduction

With the advent of highly capable large language
models (LLMs) (Adiwardana et al., 2020; Wang
etal., 2019; Zhang et al., 2021; Wang et al., 2022a),
in-context learning (ICL) (Rubin et al., 2022; Liu
et al., 2022; Wu et al., 2022) via prompt opti-
mization has emerged as a powerful technique for
generating responses to complex user queries in
data-scarce settings. In this popular and practical
paradigm, we assume access to a small bank of

high-quality task-specific examples. For a given
user query, a few unique and relevant demonstra-
tions are selected to form additional context for the
language model. Since LLMs are pre-trained on
large corpora, even a small number of carefully
chosen exemplars can often suffice to guide the
model toward accurate, task-consistent responses
(Luo et al., 2024). Given the limited context win-
dow of large language models, a natural and im-
portant question arises for ICL: “Given a specific
user query, how can we optimally select and order
a subset of task-specific examples from an asso-
ciated example bank to include in the prompt to
maximize performance?” While several existing
methods address this question empirically (Dong
et al., 2022; Luo et al., 2024), we take a principled,
information-theoretic approach.

Motivated by data-scarce settings and the need
for task generalization, we focus on common and
practical scenarios where the exemplar retriever is
frozen and non-trainable. Among unsupervised re-
trieval methods, the most widely used is KATE (Liu
et al., 2021), which pioneered a nearest neighbor
(kNN)-based strategy for selecting in-context exam-
ples. Such methods retrieve examples most similar
to the query using pretrained embeddings. However,
as with classical kNN methods, similarity-based re-
trieval in high-dimensional embedding spaces inher-
its well-known limitations — pairwise distances can
become less discriminative and more sensitive to
noise (Beyer et al., 1999). As aresult, nearest neigh-
bors may not reliably correspond to the most infor-
mative examples for prediction. In machine learn-
ing, this problem is often addressed by assuming
a structured hypothesis class (e.g., linear models),
thereby reducing model complexity and improving
generalization guarantees with fewer samples. This
motivates our central theoretical question in the ICL
problem: “Can we design an example selection al-
gorithm—i.e., a retriever—that, given a user query,
operates under a structured modeling assumption
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to improve selection quality?” By incorporating
modeling structure into retrieval, we move beyond
purely distance-based heuristics and instead select
examples that are informative for prediction as well
as promote diversity among the selected set.

From a theoretical standpoint, we analyze ex-
emplar selection within a predictive framework in
a reproducing kernel Hilbert space (RKHS).! Un-
der this formulation, we approximate the model re-
sponses by a linear function in a high-dimensional
(possibly infinite and implicit) feature representa-
tion of inputs. The goal of ICL reduces to selecting
a small subset of datapoints that minimizes the pre-
diction error for a test query: “Given a test point
z € R? and an example bank (Xi, Yi)iy € R? xR,
which r examples should be selected to train a
model (predictor) in an RKHS such that the pre-
diction error at z is minimized?” The resulting se-
lection rule naturally induces a retriever for ICL
demonstrations in LLLMs. Notably, this departs
from standard learning-theoretic goals, which aim
to generalize across a distribution of test points. In
contrast, we focus on query-specific generalization,
i.e., training a model that performs well on a sin-
gle (and potentially arbitrary) test query using a
carefully selected subset of training examples.

To this end, we derive a surrogate loss function
over sets that quantifies query-specific prediction
error. The negated loss function exhibits two nice
properties - monotonicity and (approximate) sub-
modularity. This key structural insight allows us to
apply a greedy selection algorithm with a provable
1—e~7 approximation guarantee relative to the opti-
mal subset, where v € (0, 1) is the approximate sub-
modularity ratio of the negated loss with respect to
the example bank. In addition to this strategy that
selects examples to minimize prediction error, we
introduce a mechanism to enforce diversity among
the selected examples. Inspired by maximum infor-
mation gain theory — a well-established framework
in experiment design (Lattimore and Szepesvari,
2020) — we consider the scenario where the goal is
to select a subset of examples such that the resulting
trained model performs well across all queries in

"We do not assume that LLMs are kernel machines; rather,
the model serves as a theoretical framework from which we de-
rive a learning-theoretic objective with guarantees and design
an algorithm that transfers effectively to practical ICL settings.
Many commonly used kernels (e.g. Gaussian RBF, Matern)
are universal and their associated RKHS is dense in the space
of continuous functions on compact domains (Micchelli et al.,
2006). Hence, RKHS elements are highly expressive and can
approximate a wide range of nonlinear functions.

the example bank. We incorporate this design ob-
jective as a regularizer into our selection criterion
to encourage diversity among selected examples,
which improves the model’s generalizability and
enhances the quality of LLM responses.

Building on this formulation, we design a com-
putationally efficient and fully unsupervised exam-
ple selection algorithm, Krte. We focus on the
setting where the retriever is frozen and training-
free. In many real-world deployments, labeled
data is scarce, models are accessed via APIs, and
retraining/fine-tuning a retriever is either costly or
infeasible. Classic top-r similarity-based retrieval
methods are widely used precisely because they are
model-agnostic, task-agnostic, and deployable off-
the-shelf. Our work falls under this setting, and our
goal is to provide a principled theoretical founda-
tion for exemplar selection that retains these practi-
cal advantages while improving performance.’

We show that KitE preserves the simplicity and
negligible overhead of top-r retrieval while deliver-
ing consistent gains across model families, dataset
characteristics, and embedding encoders. On five
classification benchmarks with three open-source
LLMs (GPT-Neo-2.7B, Qwen-2.5-1.5B, Llama-3.2-
3B), KiTE attains the highest accuracy in 13 of 15
settings, outperforming kNN-based retrieval (Liu
et al., 2021), the DPP-based CEIL retriever (Ye
et al., 2023a). These gains extend to four fron-
tier LLMs (GPT-40-mini, GPT-4.1, Claude-Haiku-
4.5, GPT-5.2) across seven datasets, where KiTE
achieves the best average on every model, and they
remain robust across multiple encoders. Beyond
classification tasks (which is our theoretical focus),
KrTE achieves the highest average accuracy across
four open-domain QA and reasoning benchmarks
on all four frontier models, with gains of +0.2 to
+1.8 points over the best KNN retriever, demon-
strating KiTe’s generalization.

1.1 Related Work

In-Context Learning (ICL) introduced by Brown
et al. (2020b) is a powerful paradigm in which
LLMs learn new tasks by conditioning on a few
input-output examples provided in the prompt, with-
out any parameter updates. The underlying mecha-
nisms of ICL have been extensively studied; some
works suggest that ICL allows the model to infer
a shared latent concept from demonstrations (Xie
et al., 2021). Further research indicates that ICL

*When training is permissible, our framework can naturally
incorporate learned embeddings.



is a nuanced process, as models do not always rely
strictly on the provided input-output mappings (Min
etal., 2022). A broad range of studies has also inves-
tigated the factors that influence ICL performance,
such as demonstration calibration and corpora ef-
fects (Zhao et al., 2021; Shin et al., 2022; Wei et al.,
2022; Yoo et al., 2022; Wei et al., 2023).

Example retrieval for few-shot learning. The ef-
fectiveness of ICL is highly sensitive to the choice
of examples, leading to extensive work on example
selection (Brown et al., 2020b; Min et al., 2022).
Prior methods can be broadly categorized into
training-free and training-based retrieval strategies.

Training-free (unsupervised) retrieval methods
select examples at inference time without updat-
ing retriever parameters. Classic approaches use
semantic similarity (e.g., nearest neighbors in em-
bedding space) to choose top-r exemplars (Liu et al.,
2022). Diversity-enhancing subset selection strate-
gies, most notably CEIL (Ye et al., 2023a) — which
uses a determinantal point process (DPP) score over
a kernel similarity matrix to encourage diverse ex-
emplar selection — also fall into this category. KiTe
also operates in this regime but differs in that its
selection objective is derived from a principled ker-
nelized predictive framework with provable approx-
imation guarantees.

In contrast, training-based methods learn a re-
triever to select effective demonstrations. These
approaches often fine-tune dense retrievers using
labels distilled from a language model (Rubin et al.,
2022), train neural networks to predict ICL per-
formance (Wu et al., 2024), or employ contrastive
objectives to balance relevance and coverage (Li
et al., 2023; Nguyen and Wong, 2023; Luo et al.,
2023; Wang et al., 2023; Ye et al., 2023b; Ghosal
et al., 2025b,a). Such methods improve task adapta-
tion but require labeled data and retriever training,
which introduce additional deployment complex-

ity.
2 Problem Formulation

Consider access to a dataset X of n known input—
output pairs (X1,91), .- -, (Xn, yn), Where inputs
are d-dimensional vectors and outputs are real
scalars. Given a test query z € R? and » < n,
the in-context learning (ICL) problem is to select
an optimal subset of r examples from X as context
for the LLLM’s prediction on z, so as to minimize
prediction error. The selected subset must contain
unique elements, since duplicating examples does

not provide additional context in LLMs.

We assume that, conditioned on z, the model
response y for any input x is a noisy evaluation
of an unknown function A from a function class
H,i.e., y = h(x) + n, where 7 is zero-mean sub-
Gaussian noise. Although LLM outputs are token
sequences, we treat y as a scalar task-relevant signal
extracted from the output — for classification tasks,
y is the likelihood of the correct label given x. This
scalar regression view is standard in the ICL theory
literature (Xie et al., 2021; Garg et al., 2022), and
the noise term absorbs stochasticity from sampling,
prompt-order effects, and tokenizer-level variability.
The function h is defined with respect to the test
query z, and the selected subset S of r examples is
used to train the model to predict z.

We focus on ICL tasks with single-valued out-
puts, such as classification and regression. In these
settings, the ICL problem reduces to: for a given
test query z, which subset S of size at most r from X
should we select so that a predictor hs € H fitted
on S minimizes the expected error at z? Formally,

arg min ‘h(z) - ﬁg(z)} . (1)

SCXx:|S|<r

This discrete problem is computationally challeng-
ing, with complexity exponential in 7 and polyno-
mial in 72 due to the (') possible subsets. Since this
runtime would be incurred per query, and fast infer-
ence without sacrificing accuracy is paramount, our
goal is an efficient algorithm that finds high-quality
solutions to equation 1. The resulting selection rule
can be used directly for ICL by providing the cho-
sen examples as demonstrations; the selected subset
thus acts as a proxy for training a predictor in H.

To make the problem tractable, we assume H
is a reproducing kernel Hilbert space (RKHS,
see Scholkopf and Smola (2002)). An RKHS is
fully characterized by a symmetric, positive semi-
definite kernel function k : R% x R? — R, and

vice versa. Three commonly used kernels are
linear: ki, (x,x’) = x'x’, polynomial with de-
gree m: kpoly (%, %) = (x'x' + ¢)™ and Gaus-

sian/RBF with length-scale o: kgauss(X,%x’) =
=)

oxp (~ 5
map ¢ : RY — H with k(x,x') = ¢(x) p(x),
where the inner product is that of 7. By the repro-
ducing property, h(z) = ¢(x) hforall h € H
and = € R?. Together, these let us perform all com-
putations in the high-dimensional (possibly infinite)
Hilbert space ‘H analogously to Euclidean space,
without explicitly computing inner products.

) . The kernel trick gives a feature



3 Algorithm Design

We develop a principled two-stage approach to solve
the in-context learning problem: reformulate equa-
tion 1 as a submodular optimization problem and a
greedy algorithm to solve it.

3.1 Problem Reformulation

We first invoke the Representer theorem to find a
predictor hs € H. Consider a fixed, known, posi-
tive semi-definite kernel £ and the associated (im-
plicit) feature map ¢. By the reproducing property,
the kernel ridge regressor with a regularizer 5 > 0
takes the form (Scholkopf and Smola, 2002)

~

hs(z) = 6(2) V' Yo o(xi)yi

where Vg = 3. ¢ ¢(x:)p(x;) " + BI denotes the
B-regularized design covariance matrix and I de-
notes the identity matrix (operator) in H. Now,
applying Chernoft bound for sub-Gaussian random
variables, we can bound, for any 6 € (0,1), the
prediction error for the test query z as

h(z) - hs(2)| £/6(2) TV 6(2)log(1/0)

with probability > 1 — 4, where a noise-variance
dependent factor is hidden under . This is a well-
known result on the prediction error in RKHSs (Lat-
timore and Szepesvdri, 2020, Chapter 20). It shows
that the upper bound on prediction error is related
to the chosen subset S via the term gﬁ(z)TVgld)(z).
Hence, we need to minimize this for a fixed z € R¢,
or, equivalently solve the optimization problem:

argmax f,(S), f2(S) = —6(2z) V5'o(z). (2)
SCXx,|S|<r

Note that we can write the set function f, in
terms of the kernel k, so that it can be implemented
solely with kernel computations, avoiding matrix
inverses and matrix-vector multiplications in (pos-
sibly) infinite-dimensional RKHSs. We start with
a few notations - for a set S = {x;,,... 7Xi|3\}’
define a matrix s by stacking the feature vectors
(X, ), - -, P(xi ) TOW-Wise.

Next, define the kernel vector between an input
x and the set S as ks(z) = Pso(x).

The corresponding kernel (Gram) matrix admits
Ks = <I>3<I>j§— and the regularized design covari-
ance matrix becomes Vg = @g@s + BI. Then,

using Woodbury identity together with the kernel
trick, we obtain

£4(S) = —/13 - ks(z, 7) , where 3)

ks(x,y)=k(x,y)—ks(x) (Ks+8Ls) 'ks(y)

denotes the similarity between inputs x and y con-
ditioned on the set S (derivation in appendix).

The set function f, is monotonically increasing,
since forany S C L, the design covariance matrices
satisfy Vs < V. in the Lowener order. Along with
monotonicity, a desirable property for maximizing
set functions is submodularity, defined below.

Definition 1 (Submodular function). A set function
f : 2% — R is called submodular if for all S C
L C Xandx € X\ L, it satisfies

FSU{x}) = f(S) = fF(LU{x}) — f(L).

For monotone and submodular functions, a greedy
algorithm admits an (1 — 1/e)-factor approximation.
However, f, isn’t submodular. Instead, it exhibits
approximate submodularity and retains the near-
optimality guarantee of greedy algorithms. This
approximation is captured by the submodularity
ratio (Das and Kempe, 2011), defined below.

Definition 2 (Submodularity ratio). For a ground
set X and a parameter r € N, the submodularity
ratio of a set function f : 2% — R is defined as

2oxer (F(SULx}) — f(S5))
fEuL) -8

Vr(f) =

= m

S,LCX:|L|<r,

LNS=0

The submodularity ratio captures how much the
value of f can increase by adding any subset £ of
size at most 7 to S, compared to the combined ben-
efits of adding its elements to S. It quantifies the
degree to which f satisfies the diminishing returns
property, and hence how well greedy algorithms
perform in maximizing f under cardinality con-
straints. If f is submodular, then v, = 1. When
¥ < 1, the function is approximately submodular.

Lemma 1 (Submodularity ratio of f,). For any

zcRYand B > 0, v,.(fz) > m where |1 =
max ks (xi,%;)]
Xi X 88 \[ Btk (xi.x:) /B ks (3,%)

coherence between any pair in the set X \ S.

is the maximum

3.2 Greedy Algorithm

Selecting relevant examples. For any S’ C S
such that S \ &’ = {x}, using Sherman-Morrison



Algorithm 1 KErNELIZED INFORMATION THEORETIC EXEMPLARS (KITE)

Require: Dataset X' = {(x;,%;)}"; € R? x R; kernel function k; test query z; subset size r; regulariza-

tion 8 > 0; diversity weight A > 0

1: Initialize available datapoints mask <« 1,, selected set S < 0, kernel ks(z, x) < k(z,x)

2: for:=1tor do

3 Xavailable < {Xj : maSkj = 1}
4: for each x € Xyailaple do
5 rel(x) « (ks ()

: ﬁ+k5 (X,X) ’
6: div(x) « log (8 + ks(x,x))
7: score(x) « rel(x) + A - div(x)
8: X* ¢ argmaxycy, . score(X)

9: S + S U {x*}, update mask to exclude x*

10: return S

where ks(z,x) = k(z,x) — ks(2) " (Ks + fls)) "'ks(x)

formula and kernel trick (equation 3), we get

1 (ks(2,x))*
6 B"‘kS’(XaX) '

This naturally yields a greedy algorithm. Start-
ing with an empty set Sy = 0, at each step i €
{1,2,...,r}, select the example that provides the
maximum marginal gain over already chosen exam-
ples S;—1 = {x1,...,X;_1}, i.e., select

2
X; = argmax —(ksifl(zvx))
' x€X\S;—1 B+ k5¢71 (X7 X)

fZ(S) = fZ(S,) +

“4)

Adapting from Das and Kempe (2011), we obtain
the following guarantee for the greedy algorithm.

Theorem 1 (Greedy algorithm performance). For
any z € RY, let the greedy algorithm return a set S
for the optimization problem in equation 2. Then
fa(8) > (1 —e™7U2)) . £(S*), where S* is an

optimal solution of size at most r.

The approximation guarantee degrades gracefully
with the submodularity ratio 7,(fz). When
vr(fz) = 1, the greedy algorithm performs nearly
as well as the optimal algorithm (up to an (1 —1/e)
factor). Increasing the regularization strength 3
drives 7, (fz) — 1. In practice, y can be estimated,
providing useful certificates of near-optimality for
greedy selection. Empirical verification on the
datasets used in this work (Appendix B, Table 8)
shows that the realized submodularity ratio is typi-
cally in the 0.7-0.9 range and approaches 1 as r or
B grow; the lowest values are observed at small r on
HellaSwag (down to ~ 0.4 at r=5), where greedy
selection still performs well empirically (Table 1).
Selecting diverse examples. Equation 4 seeks
the example x; which is most relevant to the in-

put query z in the geometry induced by the ker-
nel function ks, ,(-,-). However, for ICL, both
relevance (i.e., choosing examples similar to the
input) and diversity (i.e., choosing diverse exam-
ples) are essential, and need to be carefully bal-
anced. To select diverse examples, we seek the set
S that fetches the maximum information about the
unknown function A € H from noisy responses.
If we assume h to be sampled from a Gaussian
process’ with covariance function %, then the in-
formation gain about h from r noisy responses is
given by g(S) = logdet (Ks + 5I,.), where K
is the Gram matrix over the set S (Cover, 1999).
The set function g is known as the D-optimal
design (Pukelsheim, 2006) and the most informative
(i.e., diverse) set is the one that maximizes g.
Lemma 2 (Submodularity). For any 8 > 0 and
r € N, g(S) = logdet(Ks + BI,.) is monotone,
submodular, and admits the greedy selection
X; = argmax log (ﬂ + kgi_l(x,x)) . %
xXeX\S;i—1

Combining relevance and diversity. To select rel-
evant as well as diverse examples (set-conditioned),
we combine equation 4 and equation 5 to obtain

X; = argmax —(ksifl(z’x)f
' x€X\Si—1 B+ ksifl (X, X)
+ Alog (ﬁ + ks, , (x, x)) )

where A > 0 controls the relevance-diversity trade-
off. The combined objective remains monotone

(6)

3A Gaussian process (GP) over R?, is a collection of
random variables (h(z)),cga, such that every finite sub-
collection (h(x;))i%; is jointly Gaussian (Williams and Ras-
mussen, 2006). The GP model only aids in designing the
diversity objective, and has nothing to do with the actual func-
tion A, which is a fixed, unknown, member of the RKHS #.



and approximately submodular, so the set S ob-
tained from equation 6 achieves a guarantee similar
to Theorem 1. We call this algorithm Kernelized
Information Theoretic Exemplars (Kite) for ICL;
pseudo-code is in Algorithm 1. In our experiments,
the kernel is a tunable hyperparameter of KitE.

4 Experiments

We present a comprehensive empirical analysis of
Kite along multiple axes: (i) base accuracy on five
classification benchmarks across three open-source
LLMs (Table 1); (ii) scaling to 7B/8B variants
(Table 2); (iii) generalization to four frontier API-
only LLMs (GPT-40-mini, GPT-4.1, Claude-Haiku-
4.5, GPT-5.2) on seven classification datasets (Ta-
bles 3, 6); (iv) kernel ablations on both open-source
and frontier settings (Tables 4, 17); (v) robustness
across multiple encoders (Tables 5, 14); (vi) sen-
sitivity to the exemplar budget r (Tables 11, 21;
Fig. 2); (vii) empirical verification of the submod-
ularity property (App. B, Table 8); and (viii) wall-
clock runtime analysis showing negligible overhead
vs. standard retrieval (App. G).

Implementation details. For experiments with
open-source LLM, we use g = 0.02, A = 0.5,
and bert-base-uncased (Devlin et al., 2019) em-
beddings for retrieval. Our main open-source ex-
periments (Table 1) use three LLMs: GPT-Neo-
2.7B (Black et al., 2021), Qwen-2.5-1.5B (Hui et al.,
2024), and Llama-3.2-3B (Grattafiori et al., 2024),
with 7=>50 in-context examples (truncated to fit the
context window) and three kernels: Linear, Polyno-
mial (degree m=3), and Gaussian/RBF (o=1.0).
For experiments with Frontier-LLM, we use
r=5,10 (matching realistic API usage) and an
expanded kernel suite (Linear, RBF, Laplacian,
Matérn-3/2, Rational Quadratic) - Tables 6, 12,
13 and 15. We use two distinct encoders - Ope-
nAl’s text-embedding-3-large and NVIDIA’s
NV-Embed-v2 embeddings of 3072 and 4096 dimen-
sions respectively. For each frontier experiment we
use 500 inference queries and a candidate bank of
2000 examples (first from val/train splits respec-
tively). In Tables 3 and 6, KitE is reported with A
fixed at 0.5 and the best accuracy across the five
kernels; per-kernel and per-\ breakdowns appear
in Tables 4, 17, and App. E.5. For reproducibility,
we follow a uniform protocol: embeddings are used
directly from the pretrained encoder with no center-
ing, whitening, or per-dataset re-scaling; the kernel
hyperparameters above (o, m, polynomial constant

c=1, Laplacian/Matérn/RQ length-scales =1) and
the model hyperparameters /3 and A are fixed across
all datasets and models. The same fixed values are
used for all baselines wherever they admit a kernel
parameter, ensuring the comparison is not biased
toward KiTE.

Datasets. A detailed description of the datasets
is given in Section D. For the open-source experi-
ments, to empirically demonstrate the efficacy of
KrtE, we evaluate on five few-shot classification
datasets: SST-2 & 5 (Socher et al., 2013) (single-
sentence sentiment), CMSQA (Talmor et al., 2019)
(question answering), MRPC (Dolan et al., 2004)
(sentence-pair paraphrase), QNLI (Wang et al.,
2018) (binary entailment classification), and Hel-
laSwag (Zellers et al., 2019) (common sense NLI).
For each task, we use the corresponding validation
split for evaluation and employ the deduplicated
training split as the candidate exemplar set.

Evaluation metrics. Following Brown et al.
(2020a), we formulate all classification tasks as
multiple-choice problems. Input prompts concate-
nate the context with each candidate label. We com-
pute the conditional log-likelihood of the label to-
kens given the prompt, and select the candidate with
the highest log-likelihood as the prediction. Perfor-
mance is evaluated using accuracy on the validation
split. For all methods, we use the retriever’s own
ranking as the prompt order: kNN uses descending
similarity, CEIL uses its greedy DPP-selection or-
der, and KrtE uses its greedy acquisition order. This
ensures that observed differences are attributable
to which exemplars are selected rather than how
they are ordered. For frontier models accessed via
API, logits are unavailable; we instead prompt each
model to generate the answer directly and report
accuracy as exact match of the generated token to
the gold label.

Baselines. We compare KiTe against Random,
BM25 (Robertson et al., 2009), top-r with Dense
embeddings (Liu et al., 2021), and the training-free
version of CEIL (Ye et al., 2023a), a DPP-based
retrieval strategy.

Results. We report evaluation results in Table 1.
We find that Kite consistently outperforms all
baselines across most datasets and model archi-
tectures. On GPT-Neo-2.7B, for example, Kite
delivers an accuracy improvement of +4.55% on
SST-5 (Socher et al., 2013) and +3.69% on CM-



| SST-2 \ SST-5 \

CMSQA

|  MRPC | QNLI | HellaSwag

Method| GN QW LL |[GN QW LL |[GN QW LL [GN QW LL |[GN QW LL |GN QW LL

Random|63.36 86.32 89.84|32.31 40.53 42.41|42.25 65.90 67.22(66.38 70.45 71.12|57.56 70.21 68.43|41.75 66.30 65.21

BM25
Dense
CEIL
Kite

67.78 90.14 91.63136.05 47.86 47.85|42.91 70.02 70.92|66.96 73.77 70.58|62.12 71.11 69.38|41.34 67.85 66.32
72.94 88.99 92.55]35.96 46.64 44.14|43.98 70.18 72.23|65.83 73.92 71.81|64.42 70.73 70.04|40.44 68.80 67.88
71.22 90.25 91.86|36.84 47.88 46.45|37.53 70.05 71.65|68.04 74.25 70.63|63.62 70.53 70.08|40.56 69.32 68.55
74.41 93.35 94.28|40.60 49.59 47.59|46.60 71.25 72.89(68.38 75.27 71.98|65.32 71.05 71.68|41.68 71.02 70.12

Table 1: Evaluation Results. We compare classification accuracy (%) of KITE against retrieval baselines on six few-shot
benchmarks. Model abbreviations: GN (GPT-Neo 2.7B), QW (Qwen 2.5-1.5B), LL (Llama 3.2-3B).

SST-2 CMSQA
Method QW-1.5B QW-7B LL-3B LL-8B QW-1.5B QW-7B LL-3B LL-8B
Zero-shot  61.69 65.82 6873 7421 57.00 64.53 58.86 61.52
Random 63.36 71.53  89.84 90.12 65.90 68.29  67.22  68.95
Dense 88.99 89.45 9255 9335 70.18 7235 7223 74.19
CEIL 90.25 91.63 91.86 93.61 70.05 74.82  71.65 73.83
Krte 93.35 9450 9428 94.84 71.25 75.69 7289 75.22

Table 2: Scaling results. Accuracy (%) when scaling from smaller backbones to larger ones. QW denotes Qwen-2.5, and LL
denotes Llama-3.2. KiTE consistently outperforms zero-shot and retrieval-based baselines across model sizes.

SQA (Talmor et al., 2019) over BM25 (Robertson
et al., 2009). This trend is consistently observed
across all evaluated models. With Qwen-2.5-1.5B,
KitE surpasses the strongest baseline, CEIL (Ye
et al., 2023a), on four out of five datasets, achieving
notable gains of +1.71% on SST-5 and +1.70% on
HellaSwag. On Llama-3B, KitE achieves the high-
est accuracy on four datasets, including a +2.24%
improvement on HellaSwag over CEIL (Ye et al.,
2023a). Across all 15 evaluation settings (five
datasets and three models), KiTE attains the highest
accuracy in 13 cases, underscoring its robustness
and efficacy as an exemplar retrieval framework.

Computational cost. A natural concern is whether
Kirte’s greedy selection imposes meaningful over-
head at r=>50. We measure end-to-end wall-clock
time per query on SST-5 (8534 examples) using
Qwen-2.5-1.5B/7B on a single A6000 GPU. KitE’s
selection adds only < 0.03 s per query on the 1.5B
model and < 0.19s on the 7B relative to BM25,
leaving end-to-end latency effectively unchanged
(App. G, Table 24).

Scaling to larger models. To study the effect of
model scale, we evaluate KITE on SST-2 (Socher
et al., 2013) and CMSQA (Talmor et al., 2019)
using both smaller and larger variants of Qwen-
2.5 and Llama-3.2. As shown in Table 2, KITE
consistently outperforms all baselines across model
sizes, and the gains persist as we scale to larger
models such as Qwen-2.5-7B and Llama-3.2-8B.

Scaling to Frontier LLMs. To validate that
Kite’s gains extend beyond open-source models
with accessible logits, we evaluate on four fron-

Model BM25 KNN CEIL KitE
GPT-40-mini 79.0 80.5 80.4 81.3
GPT-4.1 80.7 81.2 81.2 82.2
Claude-Haiku-4.5 81.1 82.3 82.8 83.5
GPT-5.2 79.7 81.6 81.7 82.9

Table 3: Average classification accuracy (%) on seven clas-
sification datasets with frontier LLMs (r=>5, OpenAlI large
text embeddings). For each method, we report the best result
across five kernels. Kite achieves the highest accuracy on
every model.

tier LLMs accessed via API: GPT-40-mini, GPT-
4.1, Claude-Haiku-4.5, and GPT-5.2. We use
OpenAl’s text-embedding-3-large for retrieval
(as the deployment-realistic choice in an API set-
ting), with r=5, 5=0.02, A=0.5, and evaluate on
seven classification datasets: SST-5, MRPC, QNLI,
SWAG (Zellers et al., 2018), IMDB, DBPedia, and
BoolQ, reporting the best result across five ker-
nels. Table 3 presents the average accuracy. Kite
achieves the highest average accuracy on all four
models, with gains of +0.8 to +1.3 points over the
best KNN retriever and 4-0.7 to +1.2 over CEIL.
The improvements are consistent across capability
tiers, from the lightweight GPT-40-mini to the more
capable GPT-5.2, showing that KiTe’s information-
theoretic selection provides complementary bene-
fits to model capability.

Ablation study on kernel function. The kernel is a
critical hyperparameter in KitE, as it defines the ge-
ometry of the feature space. We conduct an ablation
comparing three kernels: Linear, Polynomial (de-
gree m = 3), and Gaussian RBF (o = 1.0). Table 4
shows that no single kernel is universally optimal;
the best choice depends on the dataset and its under-
lying distribution. Table 1 reports the best perfor-



Dataset  Linear Polynomial Gaussian RBF
SST-5 47.95 48.38 49.59
CMSQA  69.86 71.06 71.25
MRPC 75.27 71.22 67.15
QNLI 70.46 70.38 71.05
HellaSwag 67.18 71.02 70.67

Table 4: Ablation study on the kernel function. We report
accuracy for Kite using different kernels on Qwen-1.5B.

Method BERT RoBERTa ES5 DistilBERT MiniLM

CEIL 47.88 41.41 45.68 48.77 48.13
Dense  46.64 36.33  45.14 49.04 48.68
Kite 49.59 48.31  48.04 49.29 48.72

Table 5: Robustness to embedding encoders. Accuracy (%)
on SST-5 with Qwen-2.5-1.5B using different embedding en-
coders for retrieval. The headers denote bert-base-uncased,
roberta-base, e5-base-v2, distilbert-base-uncased,
and all-MinilM-L6-v2, respectively.

mance across these kernels for each task. For a fully
fair kernel-by-kernel comparison against the base-
lines, we extend this to five kernels (Linear, RBF,
Laplacian, Matérn-3/2, Rational Quadratic) on all
four frontier LLMs in App. E.4 (Table 17). Two pat-
terns emerge: (i) KNN is largely insensitive to the
kernel (since it only enters pairwise similarity), and
CEIL shows moderate kernel sensitivity, whereas
(ii) KrTe’s best kernel achieves the highest accuracy
among all method—kernel combinations on every
frontier model, and even KiTE’s worst-case kernel
matches or exceeds the best CEIL configuration.
This indicates that KiTe’s information-theoretic ob-
jective is robust to kernel misspecification while
still benefiting from a good kernel choice.

Robustness to embedding encoders. A natural
question is whether KiTE’s gains are sensitive to
the embedding encoder. To investigate, we evaluate
KitEg, Dense, and CEIL on SST-5 using Qwen-2.5-
1.5B with five embedding models: BERT (Devlin
etal., 2019), RoBERTa (Liu et al., 2019), ES (Wang
et al., 2022b), DistilBERT (Sanh et al., 2019), and
MiniLM (Wang et al., 2020). As shown in Ta-
ble 5, Kite achieves the highest or near-highest
accuracy across all encoders. While Dense and
CEIL exhibit significant variance (e.g., CEIL drops
from 48.77% with DistilBERT to 41.41% with
RoBERTa), KiTE remains consistently strong, with
a much narrower performance range. This shows
that our information-theoretic selection criterion
is robust to the embedding backbone, underscor-
ing KitE’s practical deployability. We further con-
firm this with the NV-Embed-v2 (Lee et al., 2024)
encoder across all four frontier LLMs and seven
classification datasets (App. E.3, Table 14): KiTe

attains the highest average on all models, with gains
of +1.0 to +2.1 points over the best KNN retriever.

Per-dataset analysis. Table 6 provides per-dataset
results for two representative models. On GPT-4.1,
KitE achieves substantial gains on SWAG (43.2
over both KNN & CEIL), MRPC (+2.4 over KNN),
and QNLI (+0.8 over KNN). On Claude-Haiku-
4.5, the largest gains appear on SWAG (+3.0 over
KNN), QNLI (+1.6), and MRPC (+1.5). On near-
saturated benchmarks (IMDB, DBPedia), perfor-
mance remains tied or within noise, as expected.
Across all four models and seven datasets, KiTe
matches or exceeds the best baseline in the majority
of cases, with remaining gaps typically within 0.5%
(see Appendix E.1 for full per-model breakdowns).
Extension to QA and reasoning tasks. We further
evaluate KiTe on four QA and reasoning bench-
marks: NQ (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), HotpotQA (Yang et al.,
2018), and GSM8K (Cobbe et al., 2021), using
four frontier LLMs with r=5. NQ, TriviaQA, and
HotpotQA are scored with Soft Exact Match (nor-
malised substring overlap); GSMS8K uses chain-of-
thought prompting and numeric match on the final
answer. As shown in Table 7 (Appendix F), KiTe
achieves the highest average accuracy on all four
models, with gains of +0.2 to +1.8 over KNN.

GPT-4.1 Claude-Haiku-4.5
Dataset KNN CEIL Kite Ax Ap ‘KNN CEIL Kite Ag Ap

SST-5 53.6 528 542 +0.6 +1.4| 528 532 540 +12 +0.8
MRPC 689 70.1 713 +24 +12|71.8 728 733 +1.5 +0.5
QNLI 838 83.0 84.6 +0.8 +1.6|86.6 87.0 882 +1.6 +12
SWAG 718 71.8 750 +32 +32|758 766 788 +3.0 +2.2
IMDB 994 992 994 00 +02|97.6 974 974 +02 0.0
DBPedia 99.0 994 990 0.0 +04]99.0 996 996 +0.6 0.0
BoolQ 91.6 918 922 +0.6 +0.4|928 932 93.0 +0.2 +0.2

Avg 812 812 822 +1.0 +1.0|823 828 835 +1.2 +0.7
Table 6: Accuracy (%) on core benchmarks for GPT-4.1 and

Claude-Haiku-4.5 (r=5, OpenAl large text embeddings). Best
resultin bold. A columns show KiTE’s gain over each baseline.

Model BM25 KNN-best DPP-best Kirte-best AKITE-KNN
GPT-40-mini 64.1 65.1 65.1 65.3 +0.2
GPT-4.1 71.2 71.5 71.7 72.5 +1.0
Claude-Haiku-4.5  59.1 60.3 61.0 62.1 +1.8
GPT-5.2 68.2 69.8 70.1 71.0 +1.2

Table 7: Average accuracy (%) on four QA/reasoning datasets
with frontier LLMs (r=5, OpenAl large text embeddings).
KitE-best = max over all kernels and A values.

Effect of exemplar budget (). Note that redun-
dancy is more likely with larger » (more in-context
examples). We repeat the frontier-LLLM evaluation
at r=10 (Appendix E.2, Tables 11-12). KiTe’s ad-
vantage over KNN grows with budget: from +1.0 at
r=5to +1.9 at r=10 on GPT-4.1, and from +1.2



to +2.1 on Claude-Haiku-4.5 (App. E.6, Table 21).
Per-dataset, the largest =10 gains over KNN ap-
pear on SWAG (+3.8 on GPT-4.1, +3.0 on Claude-
Haiku-4.5), QNLI (+2.4 and +4.2), and SST-5
(+4.4 and +3.2). At the other end of the budget
spectrum, App. A (Figure 2) shows that on SST-
5 the gap between KiTeE and BM25/Dense/CEIL
is largest in the low-shot regime (r=2-10), where
careful selection matters most. These indicate that
KirE is effective across the full budget range.

5 Conclusion

We introduced KitE, a query-specific greedy exem-
plar selection method for ICL. It selects examples
that balance relevance and diversity, yielding con-
sistent improvements over strong retrieval baselines
across multiple datasets and models.

Limitations

In Section 4, we demonstrated the effectiveness of
our proposed framework across multiple models
and benchmarks. However, our theoretical anal-
ysis is currently grounded in classification tasks.
Extending the theoretical analysis of KiTE to open-
ended generation tasks such as summarization or
dialogue requires defining an appropriate theoret-
ical surrogate objective, which we leave as future
work.

A second consideration is computational scaling.
Krte’s greedy loop is O(r - n) per query, which
is comparable to DPP-based methods and incurs
negligible overhead at the bank sizes used in our ex-
periments (up to n ~ 8,500; Appendix G). For sub-
stantially larger candidate banks (e.g., n > 10%, as
in MNLI’s ~ 400,000 examples), KITE is naturally
combined with an approximate-nearest-neighbor
pre-filter to obtain a top- N candidate pool (/N < n)
before the greedy selection step. The approximation
guarantee of Theorem 1 then applies with respect to
this pruned ground set; characterizing the trade-off
between /N and the resulting approximation quality
is an interesting direction for future work.
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A Extended Ablation Study

MNLI Dataset: Accuracy Comparison Across Lambda Values
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Figure 1: Ablation study on the MNLI dataset illustrating the
effect of varying A values. We report accuracy for KITE using
different kernel-based selection strategies on the Qwen-1.5B
model. Since MNLI has a large example bank (over 400k
examples), a purely relevance-based selection (A = 0) un-
derperforms. Incorporating diversity through higher A values
(e.g., A = 1) leads to notable improvements in accuracy by
promoting a more diverse selection of in-context examples.

Ablation study on A. In this section, we
present an ablation study over A on the MNLI
dataset (Williams et al., 2017). As shown in Fig-
ure 1, we evaluate the impact of the trade-off param-
eter A, which balances relevance and diversity in
our selection process. For the MNLI dataset, which
has a very large and varied example bank (over
400k examples), relying solely on relevance-based
selection (A=0) results in suboptimal performance.
This is because many examples can be semantically
similar, leading to a redundant in-context set. By
increasing A, we introduce diversity into the selec-
tion, which proves crucial for this task. The results
indicate that a balanced approach, with \ set to ap-
proximately 1, achieves the highest accuracy. This
demonstrates that for complex, large-scale datasets,
a combination of both relevance and diversity is
essential for selecting the most effective in-context
examples.

Ablation study on number of ICE examples.
We also experimented with the number of in-context
examples to understand how it affects model per-
formance. In Figure 2, we report the accuracy of
the Qwen-1.5B model on the SST-5 dataset as a
function of the number of provided examples. As
expected, performance for all methods generally
improves as more examples are added to the con-
text. However, our proposed KITE algorithm con-
sistently and significantly outperforms all baseline
methods, including BM25, Dense retrieval, and
DPP. The advantage of KITE is particularly pro-
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nounced in low-resource settings (e.g., with 2 or 4
ICE), where it establishes a substantial performance
gap. This highlights KITE’s superior ability to se-
lect high-quality, informative examples, making it
highly effective even when the number of in-context
examples is limited.

SST-5 Dataset: Accuracy vs Number of In-Context Examples
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Figure 2: Accuracy comparison of the Qwen-1.5B model on
the SST-5 dataset across varying numbers of in-context exam-
ples (ICE). The KITE algorithm, using kernel-based selection
strategies, significantly outperforms baseline methods (BM25,
Dense, DPP) in low-ICE settings.

B Empirical Validation of Submodularity

We empirically validate the submodularity of our
set function, f.(S) by estimating its submodular-
ity ratio (Def. 2) on real-world text embeddings.
For this analysis, we used the first 500 examples
from each dataset to generate embeddings. We cre-
ated two distinct types: demonstration embeddings,
which concatenate an input with its gold label, and
query embeddings, which use the input alone.

To estimate the ratio, we run a Monte Carlo sim-
ulation across a grid of hyperparameters for subset
size r and regularization (5. In each trial, we sam-
ple a disjoint triplet (S, £, z), where S is a random
set of demonstration embeddings, £ is a diverse
set of up to r demonstration embeddings selected
via farthest-point sampling, and z is a query em-
bedding. We then compute the ratio and record
the minimum value observed for each configuration
(Ymin)- As shown in Table 8, vy, is typically in the
0.7-0.9 range across most datasets and settings, and
approaches 1 as r or 3 grow (right block of Table 8).
The lowest values appear on HellaSwag at small 7
(down to 0.395 at r=5, $=1), where the candidate
bank’s higher embedding coherence reduces the ra-
tio. Even in that regime, greedy selection remains
empirically strong (Table 1); the theoretical guaran-
tee in Theorem 1 degrades gracefully with ~,., so a
v of 0.4 still yields a ~ 0.33-factor approximation
rather than no guarantee. Overall, the data support



Vary r (fixed 5 = 1) | Vary 3 (fixed r = 20)

Dataset 5 10 15 20 25 30 35 | 1 3 5 7 9 11

SST-5 0.748 0.685 0.705 0.689 0.703 0.716 0.696]0.689 0.744 0.719 0.758 0.792 0.827
CMSQA 0.852 0.811 0.816 0.841 0.830 0.797 0.836(0.841 0.804 0.884 0.843 0.907 0.886
MRPC 0.876 0.840 0.793 0.816 0.850 0.887 0.848]0.816 0.765 0.803 0.824 0.824 0.898
QNLI 0.844 0.801 0.900 0.893 0.875 0.837 0.877]0.893 0.829 0.823 0.919 0.912 0.882

HellaSwag 0.395 0.601 0.525 0.596 0.839 0.908 0.806(0.596 0.803 0.767 0.806 0.935 0.852

Table 8: Analysis on Submodularity ratio vmin. Left: We vary r while fixing 8 = 1; Right: We vary 8 while fixing r = 20.

the use of a greedy algorithm. This finding justifies
our use of a greedy algorithm, as it is expected to
yield near-optimal results.

C Theoretical Proofs and Results

In this section, we present the missing proofs.

C.1 Kernel Trick

The following well-known result on linear opera-
tors helps us apply the kernel trick to compute the
greedy selection rule of KiTE, see equation 3.

Lemma 3. Let A be a linear operator. Then, for
any 8 > 0, the following holds:

(ATA+ 8D AT = AT(AAT +81) 71,
I-AT(AAT +BT) TA =B(ATA +51) L.

Using these identities, we get

0(2) 'V5'o(2) = ¢(2) (25 D5 + BI) ' (2)
HEON®

— 0(2) OF (2503 + Ble)) " @s(2))

* (k) — ks(2) (Ks + Alg) "ks(2)

B
= lkg(z,z) .

B

C.2 Proof of Lemma 1

For a set S C X and an element x; ¢ S, define
the marginal gain of adding x; to S in the set func-
tion f,(S) as (the second step is obtained via an
application of the Sherman Morrison formula)

A; = fZ(S U {X%}) - fZ(S)
_ (#(2) V5 e(x:))"
1+ ¢(xi) TVg'o(x;)’

where f(S) —qb(z)TVgng)(z) and Vg
Sies @(xi)p(x;) T + BL. Now consider a set
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L={x1,...,%x.} CX\S. We compare
Z Aia VSs. fz(SU'C)_fz(S)
x;, €L

The ratio of these two quantities defines the sub-
modularity ratio -y, which quantifies how closely
the function f adheres to submodularity. Let

6(x:)T

be the matrix obtained by stacking the feature vec-
tors corresponding to the elements of £. Then the
updated covariance matrix becomes

Vsue = Vs +®L0.

To compute Vg& r» we apply the Woodbury matrix
identity and obtain

Vsbe = Vs'=
-1
Vs'ol (T+a:v5'el)  oovgh
Substituting this into the objective gives
~6(2) V5l o(2)
(z) Vs'o(z)
-1
+¢(z) VD) (I + <I>£V51<I>Z) >, Vs'o(z).

fo(SUL)

Hence the total gain from adding £ is
fz(S U ‘C) - fz(S)
-1
= 6(2) V5o (T+0.V5'0L ) 0oV5'o(2).
Let w = Vg'¢(z). Then, we have

fZ(S U ﬁ) - fZ(’S)
1
- <I+ <I>£V§1<I>Z) Oow,



which can be interpreted as a bilinear form involv-
ing the projection of the vector w onto the subspace
spanned by the rows of ® ., that is, the set of vectors
{#(x;)}jec. The matrix (I + <I>£V§1<I>Z) ~acts
as a correction factor that accounts for interactions
between the new feature directions {¢(x;)} e, and
the current inverse covariance Vgl. Intuitively, the
total gain from adding a group of elements depends
not only on the alignment of each ¢(x;) with w but
also on their mutual (in)dependence in the Vgl—
induced geometry.

Let us define the matrix G = @ EVgl @Z =

D + N, where D = diag(¢(x;)" V5'o(x;))
and N contains the off-diagonal terms
(qb(xj)TVglqﬁ(xk))#k We ideally want

these terms to be low, i.e., low mutual coherence
among the rows of @, in the Vgl—inner product.
Now see that

(D+N)"'= (D(I+D'N))™"
— (I+D'N)"'DL.

If [D™!N|| < 1, then we can expand the inverse
using a Neumann series 4

I+D'N)" =) (-1 Nk,
k=0
Then we obtain
(D+N) = (Z(—l)k(D‘lN)’“> DL
k=0

Keeping only the first two terms in the series, we get
(D+N)~! ~ D-'~D~!ND~!. This approxima-
tion is accurate when the norm of N is small relative
toD,ie., |[DIN|| = |[D"Y/2ND /2| « 1as
N is a symmetric matrix. Therefore, we get

1
1. q
(I + G’) ~ dlag (1 + (b(Xj)TV§1¢(Xj)

+ D 'ND L.

Now, note that

T I 1
w &, diag (1+¢(xj)TV1¢(xj)> brw
B z VS o(x;))

Zl—l—gb TV ¢ ZA

=1

*This condition holds when vectors $(x;) and ¢(x;) are
nearly orthogonal under the Vgl-induced geometry, which
ensures that the off-diagonal elements of G are small relative
to the diagonal ones.
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Similarly, for the diagonal matrix D
diag(di, da, . ..,d,) and the off-diagonal matrix
N = [n;;] € R™*", we have

w D I'ND 'w = A “C’l’;”]
i#]
This gives us

w' ®.D'ND 'd,w

B >Tv-1¢><xz~>
N ¢<z>TVg o(x;)

1+ ¢(x)) T Vg o(x;)
=> VAApui;,
7]

where 1 is given by

o(xi) V5 o(xy)

)

) % (6(x:) V5 0(x,)

1+ 0TV 0y /1+ 6(x)) TV 0(x;)

Therefore, we obtain

k
f (SU£ ZAZ Z\/AiAj,ui,j-
=1 i#]
This implies
A
(2 £.8) = 2

Zz 1 Aj— Zz;é] V AA; /J/’Lj

Let us denote a; := +/A;. Then we have

77’(f7zu ,C,S) =

= .
>0 ai = 3 aiaj
i=1 i#j
Using the bound |p; ;| < p, we get
1Y il < p Y laiay)
i i#]
e O Zaiaj,um < ,LLZ |aiaj| .
i#] i#]
To bound >, ., |a;a;|, note that

'

(Z\al|> Za +Z|azaj|
= -1 i#i

= Z laja;| =

.
(Zw) S
1#] i=1
= Z]aza]]< r—1) Zal,

7]



since by the Cauchy-Schwarz inequality
(7 lai)? < Y7 a2 Therefore, we
can bound the denominator as

T
2

Za? - Zaiajﬂz‘,j <A+ (r—=1p)

a; ,
i=1 i#] i=1
which yields
vw(f,2z,L,S) > -
VA .
A IR T

Since the bound holds for any z, any S C X and
any £ C X such that LN S = (), we can conclude
the proof by applying kernel trick to rewrite

]{TS(Xi,Xj) )
\/ﬁ + ks(xi,xi)\/B + ks(x4,%;)

C.3 Proof of Theorem 1

From Das and Kempe (2011), we know that for any
z € R?, if the greedy algorithm return a set Sgreedy
for the optimization problem in equation equation 2,
then Sgreedy satisfies

fz(Sgreedy) > (1 - 677) : f(S*),

where S* is an optimal solution of size at most

r. Substituting the lower bound on submodularity
. . 1

rat19 from Lemma 1, i.e., v > = Ve get the

desired bound.

Mi:j:

C.4 Proof of Lemma 2

The result holds by first noting that Ks = <I>5<I>§,
then applying Sylvester’s identity to get det(Ks +
BL,.) = det Vg, and finally invoking the matrix-
determinant lemma, which, for any x ¢ S, yields

log det(Vs + ¢(x)$(x) ") — log det(Vs)
= log(1 + ¢(x) "V5'(x))

= log(1 + ks(x,x)/5). 7

Monotonicity follows since this increment log(1 +
ks(x,x)/B) is non-negative. Submodularity holds
because this increment decreases as the set .S grows,
due to redundancy in the directions already spanned.
Furthermore, equation 7 naturally admits the greedy
selection rule.

D Dataset Descriptions

Table 25 lists the prompt templates and an example
input—output pair for each dataset, along with the
train/validation split sizes used in our experiments.
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The text below provides a short description of each.
SST-2 is a sentiment classification benchmark con-
taining two coarse-grained classes: positive and
negative.

SST-5 is a sentiment classification benchmark con-
taining five fine-grained classes: very positive, pos-
itive, neutral, negative, and very negative.

MRPC is a corpus of sentence pairs automatically
extracted from online news sources, with human an-
notations indicating whether the sentences in each
pair are semantically equivalent.

MNLI is a crowdsourced collection of premise—
hypothesis sentence pairs annotated for textual en-
tailment. The task is to predict whether the premise
entails, contradicts, or is neutral with respect to the
hypothesis.

QNLI is a question—sentence dataset derived from
QA pairs, where the task is to determine whether
the given context sentence contains the answer to
the question.

CMSQA is a multiple-choice question-answering
dataset requiring diverse forms of commonsense
knowledge. Given a question and five candidate
answers, the model must select the correct one.
HellaSwag is a large-scale benchmark for grounded
commonsense reasoning. Each example pairs a con-
text with four candidate endings: one true video
caption (from ActivityNet Captions and the Large
Scale Movie Description Challenge) and three ad-
versarially generated distractors designed to fool
machines.

SWAG (Zellers et al., 2018) is a multiple-choice
sentence-completion benchmark for grounded com-
monsense inference. Each example consists of a
partial sentence followed by four candidate continu-
ations; the model must select the most plausible one.
Note: the open-source experiments (Table 1) use
HellaSwag (Zellers et al., 2019); the frontier LLM
experiments (Tables 3—13) use SWAG, a related but
distinct benchmark from the same authors.

IMDB is a binary sentiment classification bench-
mark of movie reviews. Each review is labeled
positive or negative.

DBPedia is a 14-class topic-classification bench-
mark constructed from Wikipedia article abstracts,
with classes spanning company, educational insti-
tution, artist, athlete, office holder, mean of trans-
portation, building, natural place, village, animal,
plant, album, film, and written work.

BoolQ is a yes/no question-answering benchmark.
Each example consists of a passage and a question,
and the task is to predict whether the answer is yes



or no given the passage.

E Extended Results on Frontier LLMs

We provide complete experimental results for the
frontier LLM evaluation described in Section 4. All
experiments use 5=0.02 and report the best result
across five kernel choices (Linear, RBF, Laplacian,
Matérn-3/2, Rational Quadratic) unless otherwise
stated.

E.1 Per-Model Per-Dataset Results (r=>5,
OpenAl Embeddings)

Tables 9-10 present per-dataset head-to-head com-
parisons for all four frontier models.

Dataset KiTE KNN CEIL AKNN ACEIL
SST-5 49.8 50.0 51.4 —-0.2 —1.6
MRPC 72.1 70.3 69.6 +1.7 +2.5
QNLI 87.6 85.6 84.8 +2.0 +2.8
SWAG 70.2 69.6 69.4 +0.6 +0.8
IMDB 99.6 99.0 98.6 +0.6 +1.0
DBPedia  99.8 99.4 99.6 +0.4 +0.2
BoolQ 90.0 89.6 89.6 +0.4 +0.4
Avg 81.3 80.5 80.4 +0.8 +0.9

Table 9: GPT-40-mini: Per-dataset accuracy (%) on core
benchmarks (r=5, OpenAl large text embeddings of 3072
dimensions).

Dataset Kite KNN CEIL Axnny Acew
SST-5 54.4 54.0 52.6 +0.4 +1.8
MRPC 74.5 72.1 74.0 +2.5 +0.5
QNLI 86.2 82.6 81.4 +3.6 +4.8
SWAG 72.8 70.6 72.0 +2.2 +0.8
IMDB 99.8 99.8 100.0 0.0 —0.2
DBPedia  99.2 99.2 994 0.0 —0.2
BoolQ 93.2 92.6 924 +0.6 +0.8
Avg 82.9 81.6 81.7 +1.3 +1.2

Table 10: GPT-5.2: Per-dataset accuracy (%) on core bench-
marks (r=>5, OpenAl large text embeddings).

E.2 Effect of Increasing In-Context Examples
(r=10)

To study the interaction between KiTe and the num-
ber of in-context examples, we repeat the frontier
evaluation with r=10 (OpenAl large text embed-
dings of dim 3072). Table 11 shows that KiTe’s
advantages persist and, in several cases, grow with
more examples. On GPT-4.1, the gain over KNN
increases from +1.0 (r=>5) to +1.9 (r=10); on
Claude-Haiku-4.5, from +1.2 to +2.1. This aligns
with the intuition that diversity-regularized selec-
tion becomes more important as the number of se-
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lected examples grows, since redundancy in the
selected set is more likely.

Model BM25 KNN CEIL Kite
GPT-40-mini 80.0 80.6 81.4 814
GPT-4.1 81.8 81.1 81.9 83.0
Claude-Haiku-4.5 83.0 83.0 84.2 85.1
GPT-5.2 80.8 82.1 82.6 83.0

Table 11: Average accuracy (%) on seven classification
datasets with 7=10 in-context examples (OpenAl large text
embeddings). Kite gains over KNN grow for GPT-4.1 and
Claude-Haiku-4.5 compared to r=5 (Table 3).

Table 12 presents per-dataset results for GPT-
4.1 and Claude-Haiku-4.5 at r=10. The gains are
particularly striking on Claude-Haiku-4.5: KrTe
improves over KNN by +4.2 on QNLI, +3.2 on
SST-5, and +3.0 on SWAG.

Table 13 reports the corresponding per-dataset
breakdown for the remaining two frontier models,
GPT-40-mini and GPT-5.2, at r=10. On GPT-5.2
the largest gain over KNN appears on QNLI (4-5.2),
with additional improvements on SWAG (+1.8)
and SST-5 (+0.2). GPT-40-mini shows more mod-
est gains since several datasets are already near-
saturated for this model, but KitE still leads on
SWAG (+2.6 over KNN), BoolQ (+1.2), and SST-
5 (4+1.0).

E.3 Robustness to Embedding Encoder:
NV-Embed-v2

Section 4 (Table 5 in the main paper) showed that
KitE is robust across five BERT-family encoders.
Here we extend this analysis to a fundamentally
different and substantially stronger encoder: NV-
Embed-v2 (Lee et al., 2024), a state-of-the-art text
embedding model. All experiments use r=5.

As shown in Table 14, KiTE achieves the high-
est average on all four frontier models when using
NV-Embed-v2 embeddings, with gains of +1.0 to
+2.1 points over the best KNN retriever. The gains
are broadly consistent with — and in fact stronger
than — the OpenAl-embedding results in Table 3,
confirming that KiTe’s selection criterion transfers
across embedding architectures.

Tables 15 and 16 provide the complete per-
dataset head-to-head breakdown that the averages
in Table 14 summarize. Several patterns are worth
highlighting. First, Kite’s largest gains under NV-
Embed-v2 appear on SWAG (+43.0 to +4.4 over
KNN across all four models), MRPC (+2.9 to
+4.9), and SST-5 (up to +5.4 on GPT-40-mini) —
exactly the datasets where balancing relevance with



GPT4.1

Claude-Haiku-4.5

Dataset KNN DPP Kite Ax Ap \KNN DPP Kite Ax Ap
SST-5 51.8 546 562 +44 +16| 546 58.6 578 +3.2 —-0.8
MRPC 69.6 69.6 71.8 +2.2 +22 | 745 733 760 +1.5 +2.7
QNLI 85.6 872 880 +24 +08 | 852 878 894 +42 +1.6
SWAG 704 718 742 +3.8 +24 | 766 778 79.6 +3.0 +1.8
IMDB 100.0 998 996 —-04 —02|996 996 99.6 00 0.0
DBPedia 99.2 99.0 99.2 00 +02]99.0 99.6 996 +0.6 0.0
BoolQ 914 914 922 +08 +0.8| 914 93.0 93.6 +22 +0.6
Avg 81.1 819 83.0 +1.9 +1.1 \ 83.0 842 851 +2.1 +09

Table 12: Per-dataset accuracy (%) for GPT-4.1 and Claude-Haiku-4.5 at r=10 (OpenAl large text embeddings of dim 3072).

GPT-40-mini GPT-5.2
Dataset KNN CEIL Kite Ax Ac \ KNN CEIL Kite Ax Ac
SST-5 504 534 514 +1.0 —-20| 538 54.6 540 +02 -—-0.6
MRPC 730 718 728 —-02 +1.0]| 743 745 735 -—-08 —1.0
QNLI 854 86.8 860 +0.6 —0.8| 83.0 844 882 +52 +3.8
SWAG 67.6 688 702 +26 +14 | 71.8 728 73.6 +1.8 +0.8
IMDB 99.6 99.8 100.0 +04 +02 998 998 998 0.0 0.0
DBPedia 996 99.8 996 00 —-02]|99.6 996 992 -—-04 —-04
BoolQ 88.8 896 900 +12 +04 (924 922 928 +04 +0.6
Avg 80.6 814 814 +08 +0.0 \ 82.1 826 83.0 +09 +04

Table 13: Per-dataset accuracy (%) for GPT-40-mini and GPT-5.2 at r=10 (OpenAl large text embeddings of dim 3072). Best

result per dataset in bold.

diversity matters most. Second, on near-saturated
benchmarks (IMDB, DBPedia) all methods are tied
within noise, as expected.

E.4 Kernel Comparison on Frontier LLMs

Table 17 extends the kernel ablation study (Table 4
in the main paper) to frontier LLMs. We report
the average accuracy over the seven classification
datasets for each method—kernel combination with
r=5 and OpenAl large text embeddings.

Several patterns emerge. First, KNN is largely in-
sensitive to the kernel choice, since it only uses the
kernel to compute pairwise similarities; all five ker-
nels produce nearly identical results. Second, DPP
shows more kernel sensitivity (up to 0.6% spread on
GPT-40-mini), and its best kernel varies across mod-
els. Third, KiTe’s best kernel consistently achieves
the highest accuracy among all method—kernel com-
binations, and its worst-case kernel still matches or
exceeds the best DPP configuration. This suggests
that KrTe’s information-theoretic objective is ro-
bust to kernel misspecification while still benefiting
from a good kernel choice.

Table 18 provides a complementary single-
dataset, single-model breakdown on SST-5 with
Qwen-3-1.7B, where all three retrievers are evalu-
ated across the same seven kernels (Linear, Poly-
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3, Poly-4, RBF, Laplacian, Matérn-3/2, Rational
Quadratic). The story matches Table 17: KiTg’s
best kernel (50.77) edges out kINN’s best (50.68)
and CEIL’s best (50.59), confirming the fairness
conclusion at a finer kernel granularity than the
frontier-LLM grid above.

E.5 Kernel and )\ Selection Guidance

To guide practitioners, we evaluate all five kernels
across A € {0,0.5,1} on 13 datasets (9 classifica-
tion, 4 QA/reasoning) and 4 frontier LL.Ms, yield-
ing 780 evaluation cells (5 kernels x 3 X values x
13 tasks x 4 models). For each (task, model, \)
triple, we record which kernel achieves the highest
KirtE accuracy (win rate), and measure the perfor-
mance range across A values (A-sensitivity). Ta-
ble 19 summarizes the results.

Key findings. (1) Laplacian achieves the high-
est win rate on both classification (35.2%) and
QA/reasoning tasks (39.6%), and its optimal A is
0.5—the intermediate setting that balances rele-
vance and diversity. (2) Matérn-3/2 is the most
robust kernel: its accuracy varies by only 0.37 pp
across A € {0,0.5,1}, making it a safe fallback
when A is not tuned. (3) The Linear kernel is A\-
sensitive on QA tasks: while competitive at A=0,
its per-cell accuracy spread (8.89 pp average) is



Model BM25 KNN CEIL KitE AkimekNN
GPT-40-mini 79.1 79.6 80.8 81.7 +2.1
GPT-4.1 80.2 81.7 81.6 82.7 +1.0
Claude-Haiku-4.5 81.1 81.6 82.6 83.6 +2.0
GPT-5.2 79.5 81.4 82.5 82.6 +1.2

Table 14: Average accuracy (%) on the seven classification datasets using NV-Embed-v2 embeddings (r=5). KitE achieves the

highest average on all four frontier models.

GPT-40-mini GPT-4.1
Dataset KNN CEIL Kite Ax Ac ‘ KNN CEIL Kite Ax Ac
SST-5 476 496 53.0 +54 +341] 552 534 554 +02 +2.0
MRPC 694 723 723 +29 00 | 674 684 721 +4.7 +3.7
QNLI 858 866 874 +1.6 +0.8| 882 874 872 —-1.0 —-02
SWAG 670 680 700 +3.0 +2.0]| 70.8 714 752 +44 +3.8
IMDB 994 994 992 -—-02 —-02|994 998 994 00 -04
DBPedia 996 998 99.6 00 —-02]99.2 990 988 —04 —02
BoolQ 88.6 89.6 902 +1.6 +0.6| 914 916 91.0 —-04 —-0.6
Avg 79.6 80.8 81.7 +2.1 +0.9 \ 81.7 81.6 827 +1.0 +1.1

Table 15: Per-dataset accuracy (%) with NV-Embed-v2 embeddings (r=5) for GPT-40-mini and GPT-4.1. Best result per dataset

in bold.

driven by QA settings where A=1 can hurt sub-
stantially; on classification the spread is under 1 pp
(Table 20). It is safest to fix A=0 when using the
Linear kernel. (4) RBF has the lowest win rate on
QA tasks (16.7%) and should generally be avoided.
The kernel ranking is consistent between classifica-
tion and QA (Spearman p = 0.80), suggesting that
these preferences transfer across task types.

Recommendation. Use Laplacian with \=0.5
as the default Kite configuration—it achieves the
highest win rate across both task families and ben-
efits from the diversity bonus. If A cannot be vali-
dated (e.g., zero-shot deployment), use Matérn-3/2
with A\=0; its flat A-response (<0.37 pp spread)
makes it essentially insensitive to this hyperparam-
eter. When using the Linear kernel, fix A=0.

A sensitivity: classification vs. QA. Table 20
reports the classification counterpart of the QA ab-
lation in Table 22. Two differences stand out. First,
A sensitivity on classification is uniformly small
(under 1 pp for every kernel), meaning the choice
of A\ matters little for focused multi-class tasks at
r=>b. Second, Linear, RBF, and RQ slightly pre-
fer A=0 on classification, whereas Laplacian and
Matérn-3/2 prefer A=0.5 on QA — consistent with
the win-rate ranking in Table 19. The practical
implication: on classification, A\ can be fixed to
any value in {0, 0.5} with negligible effect; on QA,
A=0.5 provides a consistent, if modest, improve-
ment for the stronger kernels.
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E.6 Comparison of KiTe Gains at r=5 vs.
r=10

Table 21 directly compares KiTE’s improvement
over KNN at two exemplar budgets, confirming that
the diversity regularizer becomes more valuable as
the number of selected examples increases.

Model Aatr=5 Aatr=10
GPT-40-mini +0.8 +0.8
GPT-4.1 +1.0 +1.9
Claude-Haiku-4.5 +1.2 +2.1
GPT-5.2 +1.3 +0.9

Table 21: Akus_knn On the seven classification datasets at r=>5
vs. r=10 (OpenAl large text embeddings). Gains grow for
GPT-4.1 and Claude-Haiku-4.5.

F QA and Reasoning Experiments

We extend the frontier-LLM evaluation to four
QA and reasoning benchmarks: Natural Questions
(NQ), TriviaQA, HotpotQA, and GSMS8K. We re-
tain the same retriever configurations, embedding
model, and hyperparameters (r=>5, $=0.02) de-
scribed in Section 4. For NQ, TriviaQA, and Hot-
potQA, we report Soft Exact Match; for GSM8K,
we report numeric match. For each dataset, we take
the first 500 queries from the validation split for
inference and the first 2000 examples from the train
split as example bank.

Cross-Model Summary Table 7 reports the best-
of-kernel average accuracy across all four QA tasks.
KrtE achieves the highest average on every model,



Claude-Haiku-4.5 GPT-5.2

Dataset KNN CEIL Kite Ax Ac \ KNN CEIL Kite Ax Ac

SST-5 496 530 526 +3.0 —-04| 51.8 554 536 +1.8 —1.8
MRPC 68.1 694 73.0 +49 +3.6| 716 735 735 +19 00

QNLI 882 87.8 892 +10 +14| 8.6 8.0 872 +1.6 +1.2
SWAG 756 766 794 +3.8 +28 | 69.8 708 720 +22 +1.2
IMDB 984 984 982 -0.2 —-02/100.0 100.0 99.6 —-04 —04
DBPedia 986 994 99.6 +1.0 +02 | 994 994 99.6 +0.2 +0.2
BoolQ 930 934 930 00 —-04|918 926 928 +1.0 +0.2
Avg 81.6 826 836 +2.0 +1.0 \ 814 825 826 +1.2 +0.1

Table 16: Per-dataset accuracy (%) with NV-Embed-v2 embeddings (r=>5) for Claude-Haiku-4.5 and GPT-5.2. Best result per

dataset in bold.

Method Kernel 40-mini 4.1 Haiku 5.2
Linear 78.2 78.8 79.7 78.5
RBF 78.0 78.6 79.7 78.6
KNN Laplacian 78.1 78.8 79.7 78.8
Matérn 78.1 78.6 79.7 78.8
RQ 78.0 78.6 79.7 79.1
Linear 77.6 78.3 79.3 78.8
RBF 77.5 78.0 79.4 78.8
DPP Laplacian 77.8 78.0 79.2 789
Matérn 77.4 78.1 79.3 78.5
RQ 77.2 784 794 189
Linear 78.3 79.2 79.6 79.8
RBF 78.7 79.2 80.0 79.4
KiTe Laplacian 78.4 79.4 80.1 79.3
Matérn 78.8 79.6 79.6 79.6
RQ 78.4 79.6 79.9 79.2

Table 17: Average accuracy (%) over the seven classification datasets by method and kernel (r=>5, OpenAl large text embeddings).
The best kernel for each method is underlined; the overall best per model is in bold.

Kernel kKNN CEIL Kite
Linear 50.68 50.23 48.50
Poly-3 50.67 50.41 50.77
Poly-4 50.68 50.59 49.59
RBF 50.66 50.23 49.68
Laplacian  50.68 49.59 50.68
Matérn-3/2 50.67 49.50 50.23
RQ 50.68 50.50 50.77
Best 50.68 50.59 50.77

Table 18: Accuracy (%) on SST-5 with Qwen-3-1.7B, where
each method is evaluated under the same seven kernels. KiTe’s
best kernel attains the highest accuracy; this is the SST-5 single-
dataset analog of the frontier-LLM grid in Table 17.

with gains of 0.2 to +1.8 over the best KNN re-
triever, consistent with the classification results in
Table 3.

Per-Task Breakdown Table 23 disaggregates
these results by dataset. The largest improvements
appear on open-domain factoid tasks: +5.3 on Triv-
iaQA (Claude-Haiku-4.5), +2.6 on NQ (GPT-5.2),
and +2.2 on HotpotQA (GPT-5.2). On GSMS8K,
where all frontier models already exceed 96% accu-
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Kernel CLS Win% QA Win% \-range (pp) Rec. \
Laplacian 35.2 39.6 1.38 0.5
Matérn-3/2 343 31.2 0.37 0.0
Linear 31.9 25.0 8.897 0.0
RQ 25.9 25.0 0.34 0.0
RBF 222 16.7 0.75 0.0

Table 19: Kernel win rates and A-sensitivity across 13 datasets
and 4 frontier LLMs (r=>5, OpenAl large embeddings). Win%
= fraction of (task, model, \) triples where this kernel achieves
the highest KiTE accuracy. A-range = mean per-cell accuracy
spread across A € {0,0.5,1} (i.e., best minus worst A for
that task—-model pair, averaged over all pairs). T The Linear
kernel has a large per-cell A-range (8.89 pp on average), driven
primarily by QA tasks; on classification alone the spread is
under 1 pp (Table 20).

racy, retrieval method differences are marginal. On
HotpotQA, DPP occasionally matches or exceeds
Kite (e.g., Claude-Haiku-4.5), suggesting that its
global diversity measure may better suit multi-hop
settings with distractor paragraphs.

A Ablation Table 22 reports accuracy averaged
over all four QA tasks for each kernel-A combina-



Kernel A=0.0 A=0.5 X=1.0
Linear 81.2 80.3 80.4
RBF 81.2 80.3 80.2
Laplacian 80.8 80.7 80.4
Matérn-3/2 80.8 80.9 80.4
RQ 81.1 80.3 80.4

Table 20: )\ ablation for classification: average accuracy (%)
over seven classification datasets and four frontier LLMs (r=>5,
OpenAl large text embeddings). Each entry is the mean ac-
curacy of Kite with the given kernel and )\, averaged over all
models and datasets. Best A per kernel in bold. Compare with
the QA analogue in Table 22.

Kernel A=0.0 A=0.5 X=1.0
Linear 66.40 66.15 65.84
RBF 64.33 66.05 65.94
Laplacian 66.30 66.51 65.83
Matérn-3/2  66.19 66.48 65.66
RQ 64.45 65.74 65.99

Table 22: X ablation: average accuracy (%) over four QA tasks
per kernel and A value. Each cell is the mean across GPT-40-
mini, GPT-4.1, Claude-Haiku-4.5, and GPT-5.2. Best A per
kernel in bold.

tion. For most kernels, A=0.5 yields the best or
near-best accuracy. The linear kernel is an excep-
tion where pure relevance (A=0.0) is slightly pre-
ferred. Compared with the classification analogue
(Table 20 in App. E.5), QA tasks show a clearer
benefit from A=0.5 for Laplacian and Matérn-3/2,
while classification is largely insensitive to A across
all kernels.

KitE achieves the highest average accuracy on
all four models, with gains of +0.2 to +1.8 over
the best KNN retriever, consistent with the classifi-
cation results in Table 3 of the main paper.

Discussion. We observe: (1) First, KiTe’s gains
over KNN are most pronounced on open-domain
factoid tasks (NQ, TriviaQA), where the diversity-
regularized selection helps avoid redundant exem-
plars that share surface-level similarity but provide
limited additional signal. (2) Second, on HotpotQA,
a multi-hop reasoning task where the “distractor”
split includes irrelevant paragraphs, DPP occasion-
ally matches or exceeds KiTE, suggesting that DPP’s
global diversity measure may be better suited to
settings requiring exemplars with complementary
evidence chains. (3) Third, on GSM8K, all retrieval
methods perform within a narrow range (~1-2%),
as the task is nearly saturated for frontier models;
the exemplar choice matters less when the model
already achieves >96% accuracy. Overall, the QA
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results complement the classification findings in
the main paper, showing that Krte’s information-
theoretic framework extends to generative QA set-
tings with consistent, though task-dependent, im-
provements.

G Computational Cost Analysis

Method Qwen-2.5-7B (s) Qwen-2.5-1.5B (s)

BM25 2.42 0.20
Dense 2.45 0.21
CEIL 2.58 0.21
Kite 2.61 0.23

Table 24: End-to-end wall-clock time per query (seconds)
on SST-5 with »=>50 in-context examples on a single Nvidia
RTX A6000 GPU. LLM inference dominates total latency;
Kite’s greedy selection contributes at most 0.19 s of additional
overhead.

A natural concern with greedy submodular selec-
tion is its per-query overhead relative to standard
top-r retrieval. To quantify this, we measure end-
to-end wall-clock time per query on the SST-5 vali-
dation set (1,101 queries against an exemplar bank
of 8,534 examples) using two Qwen-2.5 variants on
a single Nvidia RTX A6000 GPU. All four retriev-
ers select the same number of in-context examples
(r=>50), so prompt lengths — and therefore LLM
inference cost — are matched across methods.

The selection step contributes at most 0.03 s per
query on Qwen-2.5-1.5B and 0.19 s on Qwen-2.5-
7B relative to BM25 — a small fraction (under
8%) of total per-query latency, which is dominated
by LLM inference. Kite’s overhead over CEIL
— the closest baseline algorithmically, since both
perform greedy selection over a kernel matrix — is
only 0.02-0.03 s. In practice, KiTe’s information-
theoretic objective therefore imposes no meaningful
deployment cost beyond standard kNN/DPP-based
retrieval.

H Software and Hardware Used

We run all experiments with Python 3.12.8 and
Transformers 4.49.0. For all experimentation, we
use one Nvidia RTX A6000 GPU.



Task Model BM25 KNN-best DPP-best Kire-best AKiTE-KNN

GPT-40-mini 48.6 50.4 50.8 50.8 +0.4
NQ GPT-4.1 54.8 572 572 58.2 +1.0
Claude-Haiku-4.5  37.4 39.6 41.0 41.4 +1.8
GPT-5.2 52.8 55.6 56.2 58.2 +2.6
GPT-40-mini 78.6 78.7 77.5 79.2 +0.5
Triviaga  OPT41 87.0 86.3 84.9 87.8 +15
Claude-Haiku-4.5  75.8 747 74.4 80.0 +53
GPT-5.2 83.8 83.6 82.2 83.4 02
GPT-40-mini 352 36.4 36.8 36.4 +0.0
Hotpotga  GPT41 454 454 46.8 46.8 +1.4
otpo Claude-Haiku-4.5  25.0 28.6 29.6 28.4 02
GPT-5.2 39.4 42.8 44.8 45.0 422
GPT-40-mini 94.2 95.0 95.2 95.0 +0.0
GPT-4.1 97.4 97.0 97.8 972 +0.2
GSMBK  (oude-Haiku-4.5  98.0 98.2 98.8 98.4 +0.2
GPT-5.2 96.6 97.4 97.4 97.4 +0.0

Table 23: Per-task accuracy (%) on QA/reasoning benchmarks (r=5, OpenAl large text embeddings). Best result per row in
bold. A columns show KiTe’s gain over the corresponding baseline.

Dataset  Prompt Example #Train #Validation

SST-2 {input} It is {output} Input: a stirring, funny and finally transporting 67,349 872
re-imagining of beauty and the beast.
Output: positive

SST-5 {input} It is {output} Input: this is a stunning film, a one-of-a-kind 8,534 1,101
tour de force.
Output: very positive

MRPC {input1} Can we say “{input2}”? Inputl: The company didn’t detail the costs of 3,668 408
{output} the replacement and repairs.
Input2: But company officials expect the costs
of the replacement work to run into the millions
of dollars.
Output: No

MNLI {input1} Can we say “{input2}”? Inputl: yeah i know and i did that all through 392,568 19,647
{output} college and it worked too
Input2: I did that all through college but it never
worked
Output: No

QNLI {input1} Can we know “{input2}”? Inputl: As of that day, the new constitution 104,707 5,463
{output} heralding the Second Republic came into force.
Input2: What came into force after the new con-
stitution was herald?
Output: Yes

CMSQA {input}{output} Input: Sammy wanted to go to where the people 9,740 1,221
were. Where might he go?
Output: populated areas

HellaSwag {input}{output} Input: Members of the procession walk down 52,611 20,006
the street holding small horn brass instruments.
A drum line
Output: passes by walking down the street play-
ing their instruments

Table 25: Datasets with corresponding prompts and examples used in the experiments.
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