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Abstract

In-context learning (ICL) is a crucial capabil-
ity of current large language models (LLMs),
where the selection of examples plays a key
role in performance. While most existing ap-
proaches focus on selecting the most similar
examples to the query, the impact of diversity
in example selection remains underexplored.
We systematically investigate the role of diver-
sity in in-context example selection through
experiments across a range of tasks, from sen-
timent classification to more challenging math
and code problems. Experiments on Llama-3.1,
Gemma-2, and Mistral-v(.3 families of models
show that diversity-aware selection methods
improve performance, particularly on complex
tasks like math and code, and enhance robust-
ness to out-of-distribution queries. To support
these findings, we introduce a theoretical frame-
work that explains the benefits of incorporating
diversity in in-context example selection.

1 Introduction

In-context learning (ICL) (Brown et al., 2020) has
emerged as one of the most significant and versa-
tile capabilities of large language models (LLMs).
This paradigm allows a model to adapt to a vast
array of new tasks on the fly, simply by condi-
tioning on a prompt containing a few input-output
examples, all without requiring updates to its pa-
rameters. The power and resource efficiency of
ICL have made it a cornerstone of LLLM applica-
tions, ranging from simple text classification(Min
et al., 2022) and commonsense reasoning (Srivas-
tava et al., 2023) to complex, multi-step tasks like
mathematical problem-solving(Wei et al., 2022)
and code generation (Chen et al., 2021).

The effectiveness of ICL, however, is highly sen-
sitive to the choice of in-context examples (Lu et al.,
2021; Liu et al., 2021; Chang and Jia, 2023). This
makes example selection a critical area of study.
To address this, prior work has explored various
selection strategies: choosing examples most sim-
ilar to the query in embedding space (Liu et al.,

2021; Yang et al., 2022; Wu et al., 2023; Qin et al.,
2023), maximizing feature coverage (Levy et al.,
2023; Ye et al., 2023; Gupta et al., 2023), selecting
based on difficulty (Ma et al., 2025; Swayamdipta
et al., 2020; Yuan et al., 2025; Cook et al., 2025), or
choosing examples based on sensitivity (Chen et al.,
2023). Other approaches train deep neural retriev-
ers (Karpukhin et al., 2020; Rubin et al., 2022; Luo
et al., 2023; Scarlatos and Lan, 2023) or leverage
feedback from large language models to guide se-
lection (Li and Qiu, 2023a; Chen et al., 2023; Wang
et al., 2023). More discussion can be found in Ap-
pendix A. Among these, similarity-based methods
remain the fundamental baseline due to their con-
ceptual simplicity and consistent empirical success.
However, relying solely on similarity can lead to
redundancy among demonstrations and potentially
omit important but less similar features (Levy et al.,
2023; Gupta et al., 2023).

Within machine learning, diversity is also a fun-
damental principle for building robust and gen-
eralizable models, and its importance is widely
recognized in related domains—such as fixed-
prompt ICL with global demonstration sets (Li
and Qiu, 2023b; Luo et al., 2024), active learn-
ing (Giouroukis et al., 2025; Shi and Shen, 2016),
coreset construction (Wan et al., 2024; Zhan et al.,
2025; Sener and Savarese, 2018), and instruction
tuning (Wang et al., 2024). By exposing a model to
a varied set of examples, we can prevent overfitting
and encourage the learning of more abstract, trans-
ferable patterns. Given its foundational role, a deep
understanding of diversity is crucial for unlocking
the full potential of in-context learning.

Despite its importance, the explicit role of diver-
sity in retrieval-based ICL remains underexplored.
While some recent work has incorporated feature
coverage as a proxy for diversity (Levy et al., 2023;
Ye et al., 2023; Gupta et al., 2023), this approach is
limited in scope. Coverage primarily aims to span
the concrete input features of a given query, which



is a narrower goal than promoting the broader rep-
resentational variety that is central to true diversity;
see also examples in Appendix E that compare
coverage with diversity. Other diversity-aware ap-
proaches have also been proposed, such as the S3
method from Kumari et al. (2024). However, that
study was confined to simple classification and se-
lection tasks. Consequently, the effectiveness of
diversity in more complex, reasoning-based ICL
applications remains an open question.

Furthermore, pursuing diversity without care can
be counterproductive, as explicit diversity-aware
selection risks retrieving examples that are too dis-
similar from the query, potentially harming perfor-
mance (An et al., 2023a). The field, therefore, lacks
a systematic understanding of this trade-off. It re-
mains unclear whether and when explicit diversity
is beneficial—especially for tasks that lack clear
local structure and demand more abstract reason-
ing. This gap in knowledge motivates the following
fundamental questions:

Should we explicitly consider diversity
when selecting in-context examples? If
so, under what conditions does it out-
perform similarity-based methods? And
Sfundamentally, why does diversity help?

1.1 Our contributions

We present, to the best of our knowledge, the
first systematic investigation of the role of diver-
sity in in-context learning. Our study spans a
broad range of tasks—including sentiment clas-
sification, commonsense reasoning, math genera-
tion, reading comprehension, and SQL code gen-
eration—covering diverse types and varying levels
of difficulty. We compare five demonstration se-
lection methods: (1) random selection (Rand); (2)
selecting the K most similar examples to the query
(TopK) (Liu et al., 2021); (3) Select the most repre-
sentative examples from a similarity-reduced sub-
set (Div-S3) (Kumari et al., 2024); (4) selecting
similar examples from a diversity-reduced subset
(Div) (Suetal., 2023), which relates to DPP-based
diversity (Chen et al., 2018); and (5) a sequential
method that balances similarity to the query and
diversity among selected examples (TopK—-Div).
We are the first to systematically evaluate methods
for (4) and (5) in the ICL setting. Their approaches
are particularly compelling because they offer ex-
plicit control over the diversity level, enabling a
tunable trade-off between selecting highly relevant
examples and avoiding redundancy—a key factor
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Figure 1: An illustrative example for TopK, Div, and
TopK-Div methods. Point filled in black denotes the
query. (a) TopK: Select the most similar demonstrations
(red points) in the embedding space. (b) Div: First se-
lect a “coreset” based on some diversity metric, which
is fixed for all queries (red/gray points). Then select
the most similar demonstrations (red points) among this
“coreset”. (¢) TopK—Div: Select the demonstrations se-
quentially based on the linear combination of similarity
to the query and the diversity with the selected examples.
The first example is the one most similar to the query.
When picking the second, it is balanced between the
similarity to the query and the diversity from the first
example.

in optimizing LLM performance within limited
context windows. See Figure 1 for illustration and
Section 2 for formal definitions.

Through experiments on frontier open-source
models (Llama-3.1 (Dubey et al., 2024), Gemma-
2 (Team et al., 2024), and Mistral-v0.3 (Jiang
et al., 2023)), we reach the following findings.
Finding 1: Diversity-aware demonstration selec-
tion methods achieve better performance on more
‘challenging” tasks like reading comprehension,
math, and code. As task difficulty increases,
diversity-aware methods yield greater relative ben-
efits, narrowing the gap with the TopK method or
even surpassing it.

¢

While changing the tasks and even the lan-
guage model to use will change the ranking of the
demonstration selection methods we test, in gen-
eral we find that diversity-aware methods, namely
Div, TopK-Div and Div-S3, perform better on
more challenging tasks like reading comprehension,
math, and simple code generation. On the other
hand, on simple tasks like sentiment classification
and multiple-choice, TopK performs the best (Ta-
ble 1). TopK-Div achieves, on average, more than



a 1% improvement over TopK on difficult tasks,
whereas on simpler tasks TopK holds a marginal
0.14% average advantage over TopK-Div. Quanti-
tative analysis of performance improvements under
varying levels of added diversity for TopK-Div
and Div demonstrates that more challenging tasks
benefit more from increased diversity, further vali-
dating this finding (Figure 4,Table 7).

Finding 2: Diversity-aware methods work bet-
ter for out-of-distribution queries. When the
query and demonstrations come from different
distributions, diversity-aware methods are more
likely to perform well. For example, on senti-
ment classification, when both demonstration and
query come from the SST-2 dataset, which con-
sists of movie reviews, TopK performs the best,
and there is a gap with all other methods (Table 2).
The average performance gap between TopK and
TopK-Div is 1.26% across the two models. How-
ever, when changing the demonstrations from SST-
2 to IMDB (which also consists of movie reviews),
TopK-Div outperforms TopK by 0.6% on aver-
age (Table 2). A similar observation holds for vari-

ous splits of Geoquery dataset (Figure 2).
Finding 3: In the same task, diversity-aware
methods likely perform better on “harder” exam-
ples, e.g. reading comprehension with longer con-
text, or SQL code generation with more structures
(Table 3). On the easier samples from GeoQuery
and SQuAD, TopK-Div achieves an average ac-
curacy improvement of 2.12% over TopK. On the
more challenging samples, the average improve-
ment of TopK-Div over TopK increases to 6.47%.
Our analysis also reveals that diversity exhibits a
“beyond-coverage” phenomenon, both at the task
level and the example level (see discussion in Sec-

tion 3.1 and Appendix E).
We discuss these findings in detail in Section 3.

To ensure robustness, we perform extensive abla-
tions across model scales (1B—70B) and in-context
demonstration counts. Beyond empirical trends,
our study provides actionable guidance for tuning
demonstration diversity across tasks such as reason-
ing and generation. Overall, our findings deepen
the understanding of how diversity influences in-
context learning, and inform principled strategies
for demonstration selection in real-world applica-
tions.

2 Background and notations

In this section, we introduce the in-context learning
(ICL) paradigm, relevant demonstration selection

methods, and associated notations.

In-context learning (ICL). A task 7 =
(X,), P(y|x)) defines a probabilistic mapping
from an input x € X to an outputy € ). For exam-
ple, the task can be sentiment classification where
the input space contains reviews of products and the
output space contains the customer’s correspond-
ing sentiment (positive or negative). We are pro-
vided with a demonstration set D = {(z;,y;)}- 1,
where inputs z; are drawn from a demonstration
distribution Dy and y; ~ Pr(y|z;). Queries z,
are drawn from a query distribution Qy, which
may differ from Dy (representing shifts in domain
or complexity). For math tasks, the demonstra-
tion set may contain many elementary-level prob-
lems, while the query may require solving more ad-
vanced, middle-school-level problems. Now given
a query input z, ~ Qy, the in-context learning
paradigm refers to the following capability of a
large language model.

Definition 2.1 (In-Context learning (ICL)).
Given an LLM, a prompting strategy Prompt,
a demonstration set D = {(x;,y;)}", and a
query x4, ICL involves selecting a small subset
S = {(zj,,yj;) }}£, with shots K from the demon-
strations D. The LLM then predicts the output y,
for x4 as: Pr(y|zy) ~ LLM(Prompt (S, z4)).

Demonstration selection for ICL. Choosing a
small subset S (see Theorem 2.1) is vital due to
LLM context limits, efficiency needs, and the ob-
servation that excessive demonstrations can impair
performance. Prior work has shown that ICL per-
formance is highly sensitive to this selection (Liu
et al., 2021), and thus sparks the study for demon-
stration selection. While numerous selection strate-
gies are proposed , the most notable and effective
methods are the ones that select the demonstrations
most similar to the query in the embedding space.
Efforts are also made to retrieve the demonstrations
using another model (can be another LLM), as well
as considering diversity/coverage. However, there
is no consensus on which method to use in a spe-
cific setting, and there is nearly no understanding of
these methods (further discussed in Appendix A).

To analyze these methods and the role of di-
versity, we focus on five representative selection
strategies:

Method 1: Rand. For a query x4, this method
uniformly and randomly selects K demonstrations
from the set D. Note that Rand can also be viewed
as a method that is aware of diversity, but it has



nothing to do with the coverage.

Method 2: TopK. This method selects K
demonstrations from D that exhibit the highest co-
sine similarity to the query x, within an embedding
space mapped by E/ : X — £. It maximizes

(B(z:),B(zq)) (1)

Sin(E(2:), E(%q)) = [5Gl T

Method 3: Div-S3. This method, proposed by
Kumari et al. (2024) for in-context demonstration
selection, combines a similarity-based pruning step
with a greedy submodular optimization to select
examples that are both relevant and diverse. The
approach aims to ensure representative coverage
while maintaining closeness to the query. Although
submodular diversity techniques have been well-
studied in classical data selection (Lin and Bilmes,
2011; Prasad et al., 2014), their application in ICL
has not been systematically explored.

Method 4: Div. This approach first constructs
a diverse “coreset” D, C D of size m (where
K < m < n). Starting with one randomly cho-
sen demonstration, D, is built greedily by adding
(z,y) € D\ D, that maximizes

. Z((L‘j,y]')GDT Slm(E(x)7E(x]))
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we stop after D, contains m examples. This is the
procedure to get a diverse set of demonstrations for
a task (Su et al., 2023). Subsequently, TopK selec-
tion is applied to D, to choose K demonstrations
for the query 4. The coreset size m controls the
trade-off between diversity and similarity: setting
m = K emphasizes diversity by forcing selection
from a small pool, while increasing m shifts the
method closer to TopK by enlarging the candidate
set based on similarity.
Method 5: TopK-Div. This method serves as
a combination of TopK and Div, which includes
some awareness of the diversity through similarity-
based selection. It is also a greedy-like procedure
when selecting the demonstration set S. Suppose
that S does not reach size K, then we select the
demonstration (z,y) € D \ K that maximize the
following metric:

Div(E(z),D,) =1

a-Sim(E(z),eq) + (1 — ) -Div(E(x),S) (3)

The hyperparameter o governs the balance between
diversity and similarity: setting o = 0 empha-
sizes diversity among selected examples, while
a = 1 recovers the TopK method that prioritizes
similarity to the query. We stop when S has size

K. For the first demonstration (when S is empty),
Diversity(E(x),S) is defined as 0, thus priori-
tizing similarity.

The use of TopK-Div and Div methods for
demonstration selection is, to our knowledge, new
in the ICL setting. Their flexibility in adjusting the
diversity level offers practical value, as it enables
task-specific tuning to improve performance; see
Section 3.1 for details.

3 Experiments and findings

This section empirically tests whether diversity-
aware retrieval (Div, TopK-Div) yields more re-
liable in-context learning than similarity-only base-
lines (TopK).

Tasks and datasets. We consider 5 tasks: senti-
ment classification (classification task), common-
sense reasoning (multiple-choice), text to SQL gen-
eration (generation), math (generation), and read-
ing comprehension (generation). For sentiment
classification, we test on SST-2 (Scarlatos and Lan,
2023), IMDB (Maas et al., 2011) and Amazon
(polarity) (McAuley and Leskovec, 2013). For
commonsense reasoning, we use ARC-Easy (Clark
et al., 2018) and CommonsenseQA (CsQA) (Tal-
mor et al., 2019). For text to SQL generation,
we use GeoQuery (Zelle and Mooney, 1996; Tang
and Mooney, 2001). For math problems, we test
on GSM8K (Cobbe et al., 2021) and GSM-Plus-
Mini (Li et al., 2024) datasets. For reading compre-
hension, we use SQuAD (Rajpurkar et al., 2016)
and SCIQ (Welbl et al., 2017) datasets. We sub-
sample some datasets to reduce the computation

resources needed.
Models. Our main experiments are conducted

on Llama 3.1 and Llama 3.2 (Dubey et al,
2024), Gemma 2 (Team et al., 2024), and Mistral
v0.3 (Jiang et al., 2023) families of models. For
math problems (GSM8K and GSM-Plus-Mini), we
use the instruction-tuned LLMs, while for all other
datasets, we use the base model. For the main ex-
periments, we use Sentence-BERT (Reimers, 2019)
to compute all the embeddings for TopK, Div,
and TopK-Div. Experiments are conducted on 2

A100 GPUs.
Hyperparameters. For Div, we choose to first

reduce the demonstration set D to a “coreset” D,
with size 100. This choice balances full similarity
selection (TopK) and methods focusing mainly on
diversity. For TopK-Div, we choose o = 1/2
to balance between similarity and diversity. For
Div-S3, we choose | D,| = 100. For the classifi-



cation task, we predict positive if the logit for token
great is larger than that for token terrible
for the next token prediction given a prompt. For
multiple-choice tasks, we choose the option with
the lowest average CE loss given a prompt. For
generation tasks (text to SQL, math, reading com-
prehension), we use greedy decoding. More exper-
imental details, including the prompt for each task,
can be found in Appendix B.

3.1 Main findings

Finding 1: Diversity-aware methods perform
better on more “challenging” tasks. Table 1 sum-
marizes our main results in the in-distribution (ID)
setting, where the demonstration distribution Dy
matches the query distribution Qy. For simpler
tasks like sentiment classification, TopK consis-
tently performs best, significantly outperforming
diversity-emphasizing methods like Rand and Div
(e.g., TopK outperforms these methods by at least
1% on average in SST-2), while TopK-Div (bal-
ancing similarity and diversity) typically ranks be-
tween these extremes. In commonsense reason-
ing (multiple-choice), introducing some diversity
via TopK-Div improves performance over pure
TopK, as observed in Commonsense QA, although
the gains on ARC-Easy remain modest.

For more complex tasks—including read-
ing comprehension, text-to-SQL generation,
multi-step mathematical reasoning, and Geo-
Query—introducing diversity consistently im-
proves performance over the similarity-based
TopK baseline. In GeoQuery specifically, diver-
sity (TopK-Div) yields at least a 7% absolute
accuracy gain, likely due to enhanced feature cov-
erage (Levy et al., 2023; Ye et al., 2023).1 How-
ever, excessive diversity (Rand and Div) becomes
detrimental, as overly dissimilar examples fail to
illustrate coherent solution patterns.

For math and reading comprehension tasks,
methods that emphasize diversity—such as Div
and even Rand —outperform TopXK. Interestingly,
the effectiveness of random selection cannot be
explained solely by coverage, as random demon-
strations do not systematically capture similar prob-
lem structures. Instead, we observe that for tasks
where the model already exhibits strong zero-shot
abilities (e.g., Math and Reading), incorporating

'The correspondence between inputs and outputs is deter-
ministic, and the model need to learn this mapping from the
provided examples. Better coverage of the query inputs im-
plies that the model acquires a larger portion of the mappings
required for the query inputs.
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Figure 2: (Comparison of different methods on Geo-
Query OOD setting) We report the relative improvement
of TopK-Div over TopK when demonstrations and queries
come from different GeoQuery dataset splitting ways. “stan-
dard” split denotes ID the setting. The relative improvement
enlarges in the OOD setting.

diverse demonstrations encourages the model to
rely more on its general reasoning skills rather than
memorizing surface-level patterns. To support this
interpretation, we present O-shot and 1-shot perfor-
mance results in Appendix C.1, which highlight
the model’s underlying capabilities.

Regarding Div-S3, we observe that it under-
performs TopK on relatively simple classification
tasks, but shows a performance advantage on more
complex tasks such as Math and Reading. These
trends are consistent with other diversity-based
methods and complement the analysis in (Kumari
et al., 2024), extending their findings to a broader
range of task types and difficulty levels.

To further verify the impact of diversity on differ-
ent tasks, we also conducted experiments on both
Div and TopK-Div by varying their degree of
diversity (Figure 4 and Table 7). We observe a con-
sistent pattern across both Div and TopXK: for sim-
pler tasks, introducing less diversity (i.e., employ-
ing larger subset size m for Div or higher « for
TopK-D1iv) leads to better performance, whereas
for more complex tasks, incorporating greater di-
versity yields superior performance. Due to space
limit, we defer a more detailed discussion to Ap-
pendices C.2 and C.3.

Finding 2: Diversity helps out-of-distribution
generalization. Table 2 presents results on senti-
ment classification, commonsense reasoning, and
reading comprehension, while Figure 2 shows
text-to-SQL generation performance in the out-of-
distribution (OOD) setting, where the demonstra-
tion distribution Dy and query distribution Qx
differ.

Overall, diversity improves OOD in-context
learning. In sentiment classification, TopK per-
forms best when both demonstrations and queries
come from SST-2. However, when demonstra-
tions shift to IMDB (another movie review dataset),
TopK and TopK-Div perform similarly. When



Table 1: (Comparison of different in-context example selection methods) We compare diversity-aware methods
Div and TopK-Div with randomly chosen (Rand) and similarity-based method TopK on a variety of tasks
using different models with different number of in-context examples K. For TopK and TopK-Div, we test ten
different permutations of the demonstration due to the determined choice by these methods; For Rand and Div,
we test ten different random seeds. We use the corresponding instruct-tuned model for math tasks (GSM8K and
GSM-Plus-Mini) and base model for all other tasks. For TopK and TopK-Div methods - both being deterministic
approaches - we computed outcomes across ten distinct example permutations. For Rand and Div methods, we report
the averaged results across ten random seeds. There is a huge improvement when the shot number increases from 0
to 4 / 8, which demonstrates the effectiveness of our example selection. Due to the absence of prior knowledge for
Geoquery in the zero-shot (k = 0) setting, we omit its £ = 0 results. The bold entries indicate optimal performances.
The std is no more than 1% in most cases; see Appendix D for details.

Model K Method Classification Multiple-choice Math Code Reading
SST-2 Amazon ARC-Easy CsQA GSM8K GSM-Plus-Mini GeoQuery SQuAD  SCIQ
0 - 87.50 95.40 82.43 62.80 53.45 65.12 — 42.30 36.40
m Rand 91.31 96.38 84.72 71.15 82.24 66.90 12.50 75.95 74.00
% TopK 94.13 96.24 86.10 72.54 81.99 65.30 62.79 73.51 72.70
- 4 Div-S3 92.89 96.81 85.81 82.52 66.97 34.54 77.95 7461
S Div 91.50 96.18 85.06 7117 82.14 66.92 33.79 75.66 74.47
E TopK-Div  92.75 96.43 85.83 72.57 81.74 66.12 71.14 73.28 73.87
~ Rand 92.27 96.63 84.38 72.23 82.81 66.72 23.11 77.13 74.65
TopK 93.64 96.12 85.91 73.91 82.26 65.99 72.04 75.52 74.72
8 Div-S3 93.65 96.74 85.50 73.04 83.00 66.82 43.61 79.41 75.15
Div 92.95 96.25 84.97 72.77 82.98 66.56 38.61 77.71 75.17
TopK-Div  93.33 96.57 85.39 73.76 82.63 66.48 78.68 76.13 75.07
0 - 67.50 85.10 88.15 61.80 16.07 32.79 — 37.90 41.10
m Rand 93.33 96.15 89.52 74.70 84.29 74.40 13.89 77.19 75.80
Q TopK 94.47 96.34 90.50 75.19 84.25 74.50 61.14 74.82 75.24
(:, 4 Div-S3 93.64 96.54 89.98 84.07 74.86 37.32 7794 76.13
g Div 93.45 95.69 90.03 74.85 84.44 73.34 36.29 77.06 75.96
5 TopK-Div  93.34 96.57 90.19 75.60 83.54 74.47 70.43 75.05 75.21
© Rand 93.30 96.09 89.39 75.98 84.34 74.48 24.36 79.23 76.28
TopK 94.20 96.55 90.62 76.14 83.57 75.36 71.00 77.59 75.55
8 Div-S3 93.38 96.60 90.10 76.98 83.56 75.62 45.86 79.79 77.24
Div 93.41 95.94 89.90 76.60 84.22 74.69 42.07 79.05 76.65
TopK-Div  94.04 96.58 90.48 76.53 83.85 75.16 76.32 77.64 76.24
0 - 66.50 94.00 76.41 51.80 9.48 5.17 — 30.50 34.20
e Rand 91.00 94.02 82.77 69.83 48.78 37.20 12.14 76.70 7471
> TopK 93.57 96.17 85.21 69.73 49.28 38.20 60.14 75.04 73.73
A 4 Div-S3 92.83 95.60 83.93 70.29 51.43 38.22 37.75 75.74 75.54
= Div 91.98 94.15 82.98 49.49 37.50 34.89 75.96  75.83
Z TopK-Div ~ 92.73 95.90 84.55 69.91 49.99 38.45 71.46 74.43 73.16
s Rand 92.49 95.35 83.69 71.65 47.86 36.32 22.18 77.30 75.54
TopK 93.61 96.15 85.17 71.88 48.43 37.35 70.50 77.05 75.44
8 Div-S3 92.79 96.10 84.38 72.47 48.57 36.60 45.86 7771 76.56
Div 92.55 95.10 84.27 48.33 36.12 39.14 77.67 76.30
TopK-Div  93.47 96.11 84.85 71.81 48.60 37.81 77.93 77.44 75.22

Table 2: (Comparison of different methods when
demonstration and query come from different distri-
bution) Across tasks with K = 4 shots, diversity-aware
methods are more robust to out-of-distribution query.
The performance drop from ID to OOD on TopK is in
general larger than diversity-aware methods.

Test Demo. Rand TopK Div-S3 Div  TopK-Div

SST-2 91.31 94.13 92.89 91.50 92.75
B SST2 IMDB 88.85  90.80 86.90 90.71 90.80
—_ Amazon 88.28  89.50 90.70 86.64 89.60
'g CsQA CsQA 7115 7254 72.28 T1.17 72.57
£ i ARC-Easy 66.86 66.70 66.50 67.08 67.70
j—" SCIQ SCIQ 74.00 7270 74.61 T4.47 73.87

SQuAD 72.11  71.40 73.67 72.79 71.60

SST-2 93.33 9447 93.64 93.45 93.34
2 SST2 IMDB 88.66  89.90 85.50 88.59 91.10
IS Amazon 88.69  89.40 89.30 90.49 89.60
é CsQA CsQA 7470 75.19 75.51 74.85 75.60
g ) ARC-Easy 6830 68.90 68.80 68.58 69.50
3 SCIQ 7580 75.24 76.13 75.96 7521

SCIQ  SQuAD  73.63 7360 7607 7464 73.50

using Amazon (a shopping review dataset) as
demonstrations, TopK-Div surpasses TopK. A
similar trend is observed in commonsense reason-

ing: replacing Commonsense QA (ID) demonstra-
tions with ARC-Easy (OOD) increases the perfor-
mance gap between Div and TopK from 0.4% to
1.0%. Text-to-SQL generation follows this pattern,
with a larger improvement in OOD settings. Ad-
ditionally, we note that GSM-Plus-Mini serves as
an OOD setting for GSM8K (Math in Table 1),
as they share the same training set. A larger im-
provement from adding diversity is also observed
on GSM-Plus-Mini.

For reading comprehension, switching to an
OOD demonstration dataset does not significantly
widen the gap between Div and TopK, but Div
still outperforms TopK. We provide additional out-
of-distribution (OOD) results in Appendix C.4,
which further reinforce our conclusions.

Beyond explicitly defined OOD settings, the con-
trast between the Amazon and SST-2 classification
tasks in Table 1 further illustrates the impact of



Table 3: Relative improvement of TopK-Div over
TopK on GeoQuery and SQuAD on different sets of
the queries. For the GeoQuery dataset, we fine-tuned
both base models on its training set. We categorized
questions in testing set as “Easy” if the fine-tuned mod-
els correctly answered them in a 0-shot setting, and as
“Hard” if these models failed to answer them correctly
in the same 0-shot setting. We report the performance
of both methods in a 4-shot setting. For SQuAD, we
split the testing set only using the fine-tuned gemma-2-
9B model, since fine-tuning the Llama-3.1-8B model
yielded poor results. We observe that TopK-Div ex-
hibits greater improvement on “Hard” examples.

. Gemma-2-9B Llama-3.1-8B
Split Method GeoQuery SQuUAD  GeoQuery SQuAD
Eas TopK 72.09 83.01 79.31 81.04

Y Topk-piv 7791 82.66 83.71 79.65
Hard LOPK 56.29 20.00 51.52 24.44
TopK-Div 67.11 23.70 62.13 25.19

distributional differences on the effectiveness of
diversity-based selection. While SST-2 consists
of curated movie reviews with relatively homoge-
neous content—where TopK consistently outper-
forms diversity-based methods—Amazon reviews
span heterogeneous domains such as electronics,
books, and household items. This broader domain
variability in Amazon leads to performance gains
for diversity-driven methods like Rand, Div-S3
and Div, sometimes even surpassing TopK. These
results are consistent with the patterns observed in
Table 2 and provide additional empirical support
for our Finding 2.

Finding 3: Diversity performs better on
harder examples. Besides discussing the perfor-
mance of diversity-aware methods (TopK-Div,
Div, and even Rand) at task levels, we also an-
alyze which specific examples benefit most from
diversity. For this, we first provide a method to
quantify the “difficulty level” of examples. Mo-
tivated by (Swayamdipta et al., 2020), we use
whether a model can correctly answer a question
after fine-tuning as an indicator of that question’s
difficulty for a specific language model. Therefore,
we fine-tuned the corresponding base model on the
dataset’s training set using LoRA. Subsequently,
based on whether this fine-tuned model could ac-
curately answer questions in the testing set under a
zero-shot setting, we classified these questions as
“easy” or “hard”.

We examine this phenomenon in GEOQUERY
and SQUAD, where TopK-Div consistently out-
performs TopK. Table 3 shows diversity yields
greater benefits on harder examples. In GEO-

QUERY, the absolute accuracy improvement of
TopK-Div over TopK is 5.11% on easy examples
(averaged across two models), increasing to 10.72%
on hard examples. In SQUAD, while TopK-Div
slightly underperforms TopK on easy examples by
0.87%, it outperforms TopK on hard examples by
2.23%.

3.2 Understanding the Role of Diversity:
Beyond Coverage Effects

We investigate diversity’s impact on ICL by disen-
tangling coverage from mechanisms beyond cover-
age at both example and task levels.
Example-level analysis. In the GeoQuery dataset,
the observation that diversity performs better on
harder examples (see Table 3) aligns with the no-
tion of enhanced coverage: difficult examples often
require modeling more nuanced or rare local struc-
tures (Levy et al., 2023; Gupta et al., 2023), which
diversity-based methods are more likely to capture.

However, in SQuAD, we observe a different pat-
tern. Even when k£ = 1, TopK underperforms com-
pared to Rand and Div, suggesting that coverage
alone is insufficient to explain the performance gap.
To probe this, we remove irrelevant noisy examples
from the SQuAD dataset and rerun the compari-
son. This cleaning significantly improves TopK
and TopK-Div, but has minimal impact on Rand
and Div —indicating that the strength of diversity-
based methods extends beyond simple structural
alignment with the query.

We present detailed results and analysis in Ap-

pendix C.5 to support this claim.
Task-level analysis. As shown in Table 7, increas-
ing the number of demonstrations (e.g., from 4 to
8 shots) magnifies the benefits of diversity. While
coverage-based reasoning suggests this may be due
to broader inclusion of features, our findings point
to a richer effect.

Specifically, when given more demonstrations,
models appear to better synthesize the overall con-
ceptual structure of the task. Diversity enables this
by exposing the model to varied facets of the task
distribution, which helps form a more general and
transferable representation. In contrast, with fewer
shots, the model has limited capacity to form such
abstractions, and similarity alone may suffice.

We further justify this effect theoretically in Ap-
pendix E, showing that diversity supports a form
of generalization that cannot be fully explained by
coverage alone.
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Figure 3: The relative improvement of diversity-aware meth-
ods over TopK. Left: relative improvement of TopK-Div
over TopK on GeoQuery standard split. Right: relative im-
provement of Div over TopK on SCIQ.

3.3 Practical insights

In summary, our findings provide the following
guidelines for selecting demonstrations in ICL:

1. Leverage similarity for simple tasks. When
the task is relatively easy (e.g., sentiment clas-
sification) and the model already exhibits suf-
ficient ability, selecting demonstrations purely
based on similarity to the query is generally
sufficient to elicit strong performance.

2. Use diversity to bridge distribution gaps.
When there is a significant mismatch between
the test distribution and the available demon-
stration pool, incorporating diversity in selec-
tion helps the model generalize better by ex-
posing it to a broader range of examples.

3. Favor diversity for complex or knowledge-
intensive tasks. For tasks that require the
model to extract and apply task-solving knowl-
edge (e.g., math or reading), selecting diverse
demonstrations provides broader coverage of
relevant patterns or skills.

4. Adapt to noise levels. For low-noise datasets,
coverage-oriented (similarity-based) selection
is more effective, as it aligns demonstrations
closely with the query and helps the model
lock onto the correct input-output mapping.
In contrast, for high-noise datasets, increased
diversity is beneficial to reduce overfitting to
spurious correlations and enhance robustness.

3.4 Ablation studies

We examine how diversity-aware gains over TopK
vary with LLM scale, as larger models might be
less sensitive to data selection, potentially dimin-
ishing diversity’s advantages.

Figure 3 shows the relative improvement on Geo-
Query standard split and SCIQ, where we observe
the clear benefit of the diversity-aware method in
Section 3.1, on Llama-3.1/3.2 and Gemma-2 fami-
lies with different sizes. We observe that in these
two tasks, in general, the relative improvement does

not decrease that much even if the model scales up,
which indicates the importance of understanding
the role of diversity in demonstration selection.

In Appendix D, we present experiments on addi-
tional models. We also report results across a range
of settings, including fine-grained variations in k,
different subset sizes for the Div method, fixed
training sets, and changes in the embedding or de-
coding strategies. In particular, we implement a
purely diversity-based method, K-Means, whose
diversity score can exceed that of Div. Its superior
performance on Math and Reading tasks further
supports Finding 1. These ablation studies consis-
tently reinforce our main findings, demonstrating
the generality and robustness of our conclusions.

4 Conclusion, limitations, and future
works

We investigate the role of diversity in retrieval-
based demonstration selection for ICL. Across a
wide range of tasks and model families, we find
incorporating diversity into selection strategies con-
sistently improves performance, especially when
the task is difficult, the query is challenging, or
there is a distribution shift between the query and
available demonstrations. These findings are fur-
ther supported by comprehensive ablation studies.

In addition, we provide theoretical justification
for when and why diversity offers advantages over
purely similarity-based selection. Together, our
empirical and theoretical insights offer practical
guidance for selecting effective demonstrations in
ICL and deepen the understanding of diversity’s
role in prompting large language models.

Note that the internal mechanism behind why
diversity benefits still remains unclear. Part of
our findings can be explained by coverage, which
is aligned with previous literature, but the supe-
rior performance on math, reading comprehension,
and OOD generalization, cannot be explained by
simply incentivizing coverage. Potential future re-
search directions include both theoretical and em-
pirical explorations into why diversity aids demon-
stration selection beyond coverage. This could
involve deeper analysis of model representations,
interactions between diverse demonstrations, or
alternative explanations grounded in information
theory or representation learning. Additionally, our
diversity heuristic is tested on English text only;
cross-lingual robustness is left for future work.



Limitations

While our results consistently show that diversity-
aware selection improves performance on challeng-
ing tasks and under distribution shift, the mech-
anism remains incompletely understood: cover-
age can explain part of the gains, yet the im-
provements on math, reading comprehension, and
OOD settings are not fully attributable to coverage
alone. Establishing a more causal account (e.g.,
via representation-level analyses or controlled syn-
thetic setups) is left for future work.

Our empirical study focuses on English bench-
marks; cross-lingual robustness of the proposed
heuristics remains to be explored.

Beyond these, our theoretical analysis relies on a
linear model to provide an interpretable account of
why diversity can help. However, this abstraction
omits many properties of modern LLMs (nonlinear-
ity, depth, attention, and optimization dynamics),
so the theory should be viewed as offering qualita-
tive insights rather than quantitative predictions.

Ethics Statement

This research fully aligns with the ethical princi-
ples of ACL. Our work systematically investigates
the role of sample-selection diversity in In-context
learning (ICL), aiming to improve the performance,
robustness, and reliability of large language mod-
els.

Our work studies diversity-aware demonstration
selection for in-context learning as a foundational
method, rather than proposing or releasing a de-
ployable system. As such, it does not directly intro-
duce new capabilities for disinformation, surveil-
lance, or privacy attacks; we do not release new
models, collect user data, or construct datasets con-
taining personal information.

The primary motivation is to contribute posi-
tively to society and human well-being. By demon-
strating that diversity-aware selection of in-context
examples can lead to improvements on complex
tasks (such as mathematical reasoning and code
generation) and out-of-distribution queries, we
hope to foster Al systems that generalize better,
thereby serving societal applications in research,
education, software development, and beyond. We
pay particular attention to underrepresented or chal-
lenging settings, in line with the ACL principle of
giving emphasis to less-advantaged groups.

In striving for scientific excellence, we adhere
to methodological rigor, transparency, and repro-

ducibility. Our conclusions are supported by sys-
tematic experiments across multiple tasks, datasets,
and models (including LLaMA 3.1, Gemma 2,
Mistral-v0.3), and by a theoretical framework that
elucidates why diversity helps. We use publicly
available benchmark datasets (e.g. SST-2, GSMS8K,
GeoQuery) and open-source models, and we pro-
vide full details of experimental design, hyperpa-
rameters, and evaluation procedures in the paper
and appendix.

We also commit to fairness and non-
discrimination.  Although bias mitigation is
not a direct focus, our findings suggest that
diversity-aware in-context selection can improve
out-of-distribution robustness, potentially helping
models maintain performance even for underrepre-
sented groups or non-mainstream distributions. We
view this as a positive step toward more equitable
Al systems.

Privacy and respect for intellectual labor are also
core commitments. Our study uses only publicly
available, anonymized datasets; no new personal
or sensitive data were collected, and no human
subjects were involved. We fully cite all utilized
datasets, models, and prior work, giving due credit
to others’ contributions.

In summary, we believe this work is a respon-
sible and beneficial contribution toward building
more robust and trustworthy large language models.
We have carefully considered the relevant ethical
dimensions and commit to conducting our research
according to the scientific and ethical standards
expected under ACL’s Code of Ethics.
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A More related works

Demonstration selection Retrieval-based demonstration selection for ICL has long been studied, and
the most notable methods are the similarity-based methods (Liu et al., 2021; Yang et al., 2022; Wu
et al., 2023; Qin et al., 2023). These are often augmented by trainable deep learning retrievers aimed at
capturing core skills or features beyond mere semantic similarity (Karpukhin et al., 2020; Rubin et al.,
2022; Luo et al., 2023; Scarlatos and Lan, 2023; An et al., 2023b), or by incorporating LLM feedback for
refinement (Li and Qiu, 2023a; Chen et al., 2023; Wang et al., 2023). Conversely, diversity-based, or more
accurately, coverage-based methods are less prevalent in retrieval-based selection. Existing studies in this
vein typically address tasks with clear local structures where feature coverage is advantageous (Levy et al.,
2023; Ye et al., 2023; Gupta et al., 2023; An et al., 2023a). For non-retrieval-based ICL, where a fixed set
of demonstrations is selected for a specific task, diversity is recognized as beneficial (Zhang et al., 2023b;
Gao et al., 2023; Su et al., 2023; Yang et al., 2023).

Understanding in-context learning Efforts to understand ICL span both theoretical and empirical
investigations. Theoretical perspectives often frame ICL as either a Bayesian inference procedure (Xie
et al., 2022; Wang et al.; Wies et al., 2023; Jiang, 2023; Zhang et al., 2023a) or an implicit form of meta-
optimization akin to gradient descent (Dai et al., 2023; Von Oswald et al., 2023a,b; Deutch et al., 2024;
Shen et al., 2023). Research on ICL for regression tasks (Garg et al., 2022; Li et al., 2023b,a; Akylirek
et al., 2023) provides valuable insights; notably, (Akyiirek et al., 2023) suggest transformers can identify
min-norm solutions in-context for linear regression, a finding that supports the role of demonstration
diversity. Empirical studies have further examined factors such as input-label mapping (Min et al., 2022;
Yoo et al., 2022; Pan et al., 2023), the influence of demonstration order (Lu et al., 2022; Liu et al., 2024),
and the importance of calibration for ICL efficacy (Zhao et al., 2021).

B More experiment details

B.1 Prompt template

Table 4 lists the template we use for different tasks. We take K = 2 as an example.

B.2 Dataset details

To reduce computational cost, we performed random sampling on both the demo and test set for classifica-
tion, multiple-choice and reading tasks. For classification tasks, the sampled datasets from IMDB and
SST-2 are consistent with (Chang and Jia, 2023). A fixed random seed of 42 was used for all sampling
procedures. For math tasks, since the fest set sizes of PRM800K and GSMS8K datasets are close to the
sampled fest set sizes of other tasks, we directly used their existing demo and fest set. Detailed sampling
statistics are provided in Table 5.

B.3 Evaluation details

For the sentiment classification task (classification), given the prompt listed in Table 4, we compute the
logit for “great” and “terrible” respectively, and predict the sentiment to be positive if the logit for “great”
is larger than that for “terrible”, and vice versa. We report the accuracy metric.

For commonsense reasoning tasks (multiple-choice), given the prompt, we compute the average cross-
entropy loss on each given option, conditioned on the prompt. Then we pick the option with the smallest
average cross-entropy loss. We report the accuracy metric.

For reading comprehension (generation), given the prompt, we generate the answer using greedy
decoding. We stop if we generate one of the following string: ‘“\n\n”, “\n\n\n”, "Support", "Support:",
"Question", "Question:". We compare the generated answer with the gold answer, and report the exact
match metric. There are several optional answers for the squad test sample, if the generated answer exactly
matches one of them, we consider it correct.

For text to SQL (generation), given the prompt, we generate the answer using greedy decoding. We

stop if we generate one of the following string: “\n\n”, “\n\n\n”, "Question", "Question:". We compare the
generated answer with the gold answer, and report the exact match metric.
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Table 4: Prompt template for different tasks with 2 demonstrations. For Math problems, we also apply the chat
template since we use the instruct models (done by applying the function “apply_chat_template” on the instruct
models’ tokenizer).

Name Template

Question: {input_1}
Answer: {output_1}

Sentiment Classifica-

tion (SST-2, IMDB, | Question: {input_z}
Amazon) ’ " | Answer: {output_2}

Question: {input_gquery}
Answer:

Question: {input_1}
Answer: {output_1}

Commonsense Rea-

soning  (ARC-Easy, Questi?n: {input_2}
CsQA) Answer: {output_2}

Question: {input_query}
Answer:

Support: {support_1}
Question: {input_1}
Answer: {output_1}

Reading Comprehen- Support: {support_2}

SIOH (SQUAD, SCIQ) Que stion: { il’lput_Z }
Answer: {output_2}

Support: {support_query}
Question: {input_query}
Answer:

Question: {input_1}
Answer: {output_1}

text to SQL (Geo- | Question: {input_2}
Query) Answer: {output_2}

Question: {input_query}
Answer:

Question: {input_1}
Answer: {output_1}

Question: {input_2}
Math (GSMBK, | Answer: {output_2}
PRMB800K)
Let’s think step by step. You need to solve the final
< question and answer in the format: \n#### \{result\}
Question: {input_query}

Answer:
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Table 5: Detailed dataset size before and after sampling. We show the original and sampled size of demonstration
set and test set for all dataset we considered.

Dataset size Classification Multiple-choice Math Code Reading
T SST-2 Amazon Imdb ARC-Easy CsQA PRM800K GSM8K GSM-Plus-Mini GeoQuery SQuAD  SCIQ
Sampled demo set 1000 1000 1000 1000 1000 12000 7473 7473 600 10000 1000
Sampled test set 1000 1000 1000 1000 1000 500 1319 2400 280 1000 1000
Original demo set 67300 3600000 25000 2250 9740 12000 7473 7473 600 87600 11700
Original test set 1820 400000 25000 2380 1140 500 1319 2400 280 10600 1000

Table 6: Performance of 0-shot and 1-shot Baseline in Code and Reading Tasks. When k£ = 1, there is only
one possible permutation, so we report a single result for both TopK and TopK-Div methods. For Rand and Div
approaches, we report the averaged results across ten random seeds. Embedding = all-roberta-large-v1.

Model Dataset K=0 K=1 K=4
Rand  Topk Div Topk-Div.  Rand  Topk Div Topk-Div
Llama-3.1-88 Code (Geoquery) — 2.61 3714 16.93 37.14 12,57 63.04 33.71 71.07
: Reading (SQuAD) 42.30 68.64 67.00 67.87 67.00 75.95 73.51 75.66 73.28
Gemma-2-9B Code (Geoquery) — 3.07 4143 16.71 41.43 13.89 61.14 36.29 70.43
Reading (SQuAD) 37.90 71.34 69.00 70.69 69.00 7719 74.82  77.06 75.05
Code (Geoquery) — 2.75  40.71  18.39 40.71 12.14 60.14 34.89 71.46

Mistral-7B-v0.3 Reading (SQUAD)  30.50 69.12 66.30 67.80  66.30  76.70 75.04 75.96  74.43

For math problem (generation), given the prompt, we generate the answer using greedy decoding. We
do not stop the generation process unless the instruct model generates the stop sign itself. We first try to
extract the math expression from the following format “#### {expression}”. If failed, we try to extract
from the following format “\{boxed}{expression}”. If both failed, we extract the final math expression
from the answer. The report exact match metric.

For each task, the selected examples in TopK and TopK-Div are fixed, and these two methods are tested
once. For Rand and Div, where example selection involves randomness, we test with ten random seeds
and report the average results.

C Additional experiments

In this section, we present some addition (supplementary) experiment results for Section 3. This section is
structured as follows:

* Appendix C.1 shows the results of different tasks under 0-shot or 1-shot, to justify the effectiveness
of in-context examples;

* Appendix C.2 discusses the best subset_size in Div;
* Appendix C.3 illustrates the gap between different levels of diversity in TopK-Div;
* Appendix C.4 includes more results and discussions for the OOD setting;

* Appendix C.5 contains the detailed experiments that imply the effect of diversity that is beyond
coverage.

C.1 Results of 0/1-shot

To verify whether the model inherently possesses the ability to solve certain tasks, we tested its 0-shot and
1-shot performance on the SQuAD and GeoQuery datasets. For the Reading task, accuracy is calculated
only when the output exactly matches the answer, imposing strict format requirements. Consequently, on
SQuAD, once the model understood the output format in the 1-shot setting, the absolute performance gap
compared to the 4-shot setting was less than 8%. However, on GeoQuery, even after the model grasped
the output format via the 1-shot example, the absolute performance gap compared to the 4-shot setting
was still over 20%.
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Figure 4: (Optimal Subset_Size of the Div Method for Different Tasks) We report the optimal subset_size of the Div
method across different tasks. The results show that relatively easier tasks, such as Classification and Multiple-choice, tend to
favor larger subset_size values (with data points concentrated on the left side of the x-axis), whereas more challenging tasks,
such as Math and Reading, exhibit substantially smaller optimal subset_size values, with an overall average not exceeding 30
(with data points concentrated on the right side of the x-axis).

Therefore, the model possesses a strong inherent ability to solve the Reading task (a similar conclusion
also holds for the Math task). Conversely, the model itself lacks domain-specific knowledge related to
GeoQuery and thus needs to learn more from the provided context.

C.2 Additional supplement of Finding 1: Adjusting subset sizes for Div

For each task, we identify the subset_size that yields the best performance for Div (subset_size €
{10, 20, 30, 50, 80, 100, 120, 150, 200}). On simpler tasks (e.g., Classification and Multiple-choice), the
average optimal subset_size exceeds 100 (Figure 4), indicating that introducing less diversity is more
beneficial. In contrast, on more complex tasks (e.g., Math and Reading), the average optimal subset_size
is below 30, suggesting that incorporating more diversity is advantageous . GeoQuery serves as a typical
example of a task that requires strong coverage, for which Div with small subset_size fails to achieve
satisfactory performance.

C.3 Additional supplement of Finding 1: Adjusting o for TopK-Div

Let Acc,, denotes the accuracy of TopK-Div parameterized by o (Equation (3)), We define:
L Lo I
A= 5 .Z6ACCi/1 — 5 z:IACCi/lo. (4)
1= 1=

The difference A quantifies the gap between the average accuracy of lower diversity and higher diversity
in TopK-Div (e.g, A > 0 means less diversity is better). As shown in Table 7, minimal diversity is
optimal for simpler tasks, while higher diversity consistently enhances performance as task difficulty
increases.

C.4 More results on OOD setting

In this part, we show the OOD results of math problems on Llama-3.1-8B/70B and Gemma-2-9B/27B
instruct-tuned models. We use GSMS8K as the demonstration set and PRM800K (Lightman et al., 2023)
as the query set. Table 8 summarizes our result. We observe that diversity-aware methods are more
robust to this distribution shift. Even for Gemma models where TopK performs very well on ID tasks
(demonstration and query set are all PRM800K), TopXK is outperformed by diversity-aware methods
on the OOD setting. A similar trend also holds for Llama models. One interesting finding is that for
PRMS800K, more demonstration might not lead to better performance, and also in our experiment, using
GSMSK as demonstration works better than using PRM80OK data as demonstrations.
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Table 7: Comparison of TopK-Div results with different o.. We report A (Equation (4)) for Classification,
Multiple-choice and Reading task across six datasets. For each value of o in TopK-Div, we tested ten permutations
and calculated the mean. For relatively simple tasks (SST-2, Amazon, ARC-Easy and CsQA), the average value
0.27% of A indicates that incorporating less diversity is more beneficial. In contrast, for relatively complex
tasks (SCIQ, SQuAD), the average value -0.44% of A suggests that incorporating more diversity is advantageous.
Specifically, the average A for SST-2 is 0.42%, for ARC-Easy is 0.34%, for CsQA is 0.07%, and for SCIQ is
-0.53%. This trend is consistent with our understanding of task difficulty.

A
Model K SST2  Amazon ARC-Easy CsQA  SCIQ  SQuUAD
Lama3osp 4 O11%  0.12% 045%  041% -0.80%  0.40%
8 105% -0.01% 020%  0.06% -0.74% -1.01%
Gemmanop 4 034%  050% 087%  -037% -0.07%  0.04%
8 0.19% 027% 0.15%  0.18% -0.49%  -0.82%

Table 8: (Comparison of different methods on math when demonstration and query come from different
distribution) OOD setting for math problem where the test dataset is chosen to be PRM800K. We find that,
diversity-aware methods are more superior than TopK in OOD setting. The method that achieves the best in each
setting is highlighted.

Model Shots Demo. Rand TopK Div TopK-Div

PRM8OOK 43.50 41.40 44.86 44.80
GSM8K 4150 41.00 43.28 42.00
K—3 PRMS8OOK 43.32 43.00 44.28 40.00
GSMBK  41.66 42.00 43.46 40.80

K4 PRM8OOK 57.78 58.20 57.42 59.40
N GSM8K  60.62 62.00 61.88 61.00
PRM8BOOK 54.72 59.00 55.86 58.00

K=4
Llama-3.1-8B

Llama-3.1-70B

K=8% "GsMsK 6L14 5960 6096  60.00
& _, PRMSOOK 3804 4240 3678  44.40
Gemmanop  GSMSK 4210 4100 41.04 4220
ST, PRMSOOK  40.66 4620 3920 4440
~° GSMSK 4206 4180 4274  41.60
i _, PRMBOOK 4606 4920 47.80  49.60
% GSMSK 4606 4600 4630 4520
Gemma-2-27B

PRMS80OK 47.10 5040 47.04 48.60
GSMSK 4540 44.80 45.92 45.20

C.5 Results on perturbation of datasets

To explore whether the way diversity works is by achieving better coverage, we noticed that even when
k = 1, TopK still underperforms Rand/ Div methods. We speculate this is because the support in the
original dataset contains a lot of noise, causing similar examples not only to fail to provide effective
information but also potentially to mislead the model into focusing on noisy information (“‘coverage” isn’t
helpful in such case).

Using DeepSeek-R1, we removed information irrelevant to the answer from the support passages in
SQuAD, reducing content by approximately 50%. Based on this, we constructed two variants: SQuAD-
Cut, where only the training set is streamlined, and SQuAD-Both-Cut, where both the training and test
sets are streamlined. As shown in Table 9, the more streamlined (i.e., higher-quality and less noisy)
the dataset, the better the performance of TopK and TopK-Div. Notably, their improvement margins
are significantly larger than that of Div (though still more than 1% lower than Div). This indicates
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Table 9: Results for SQuAD with cut perturbation. We performed content trimming on the support portion of the
SQuAD dataset using Deepseek-r1, retaining only the top 1/3 most answer-relevant content. SQuAD-Cut refers to
trimming applied solely to the testing set, while SQuAD-Both-Cut indicates trimming performed on both testing
and training sets. The values in parentheses represent performance improvements relative to the original SQuAD
dataset.

Method
Model - K Dataset Rand Topk Div Topk-Div
SQuAD 68.64 67.00 67.87 67.00
1 SQuAD-Cut 69.43 (+0.79)  68.20 (+1.20) 68.45 (+0.58)  67.70 (+0.70)
8 SQuAD-Both-Cut 69.71 (+1.07)  69.90 (+2.90) 69.47 (+1.60)  69.90 (+2.90)
- SQuAD 75.95 73.51 75.66 73.28
i 4 SQuAD-Cut 77.15(+1.2)  75.96 (+2.45) 77.00 (+1.34) 76.89 (+2.61)
£ SQuAD-Both-Cut 76.95 (+1.00) 76.15 (+2.64) 77.76 (+2.10)  76.47 (+3.19)
5 SQuAD 77.13 75.52 71.71 76.13
8 SQuAD-Cut 79.10 (+1.97) 7743 (+1.91) 79.43 (+1.72) 78.64 (+2.51)
SQuAD-Both-Cut 79.39 (+2.26)  78.66 (+3.14)  79.26 (+1.55)  79.13 (+3.00)
SQuAD 71.34 69.00 70.69 69.00
1 SQuAD-Cut 72.96 (+1.62)  71.20 (+2.20) 72.25(+1.56) 71.10 (+2.10)
a SQuAD-Both-Cut 73.14 (+1.80)  72.30 (+3.30) 72.67 (+1.98) 72.30 (+3.30)
o SQuAD 77.19 74.82 77.06 75.05
g 4 SQuAD-Cut 78.75 (+1.56)  77.64 (+2.82) 7823 (+1.17)  78.65 (+3.60)
g SQuAD-Both-Cut 78.72 (+1.53)  77.47 (+2.65) 78.54 (+1.48) 76.78 (+1.73)
3 SQuAD 79.23 77.59 79.05 77.64
8 SQuAD-Cut 80.41 (+1.18)  79.74 (+2.15)  80.45 (+1.40)  80.72 (+3.08)
SQuAD-Both-Cut 80.22 (+0.99)  79.05 (+1.46) 80.10 (+1.05) 78.84 (+1.20)
SQuAD 69.12 66.30 67.80 66.30
- 1 SQuAD-Cut 71.38 (+2.26)  69.70 (+3.40) 69.21 (+1.41) 69.70 (+3.40)
= SQuAD-Both-Cut 71.44 (+2.32)  70.70 (+4.40) 72.00 (+4.20)  70.70 (+4.40)
M SQuAD 76.70 75.04 75.96 74.43
= 4 SQuAD-Cut 7778 (+1.08)  77.78 (+2.74)  77.18 (+1.22)  78.70 (+4.37)
g SQuAD-Both-Cut 77.76 (+1.06)  77.92 (+2.88) 77.89 (+1.93)  77.40 (+2.97)
2 SQuAD 77.30 77.05 71.67 77.44
= 8 SQuAD-Cut-R1 79.00 (+1.70)  79.09 (+2.04) 78.64 (+0.97) 79.07 (+1.63)
SQuAD-Both-Cut-R1 ~ 79.92 (+2.62) 78.76 (+1.71)  79.61 (+1.94)  79.64 (+2.20)

that when the dataset quality is higher, the “Coverage” mechanism can focus on high signal-to-noise
ratio information (rather than incorrectly covering noise), and its effectiveness is significantly enhanced.
TopK-based methods are more likely to “cover” high-quality information segments truly relevant to
the answer, whereas Div, as an intrinsic metric, inherently includes effective mechanisms not directly
dependent on precise semantic coverage (e.g., structural diversity: selecting examples with different
sentence structures or argumentation styles). These mechanisms already play a role in the original noisy
data, avoiding overfitting to noise, causing it to outperform noise-sensitive coverage strategies, and its
baseline performance is already relatively robust. This fully demonstrates that the value of diversity is
“beyond coverage”.

D Additional ablation studies

D.1 Results on more models

We evaluated different model sizes from the Gemma and Llama families, including Llama-3.2-1B,
Gemma-2-2B, Llama-3.2-3B, Llama-3.1-8B, Gemma-2-9B, Gemma-2-27B, and Llama-3.1-70B. For
math tasks, we used the instruct version of the corresponding models. For other tasks, we used the base
models. For code tasks, we also tested domain-specific CodeL.lama models, including CodeLlama-7B-hf,
CodeLlama-13B-hf, and CodelLlama-34B-hf. The results on CodelLlama were consistent with those of
other base models.

We report the complete experimental results of the Llama family in Table 11, the Gemma family
results in Table 12, and the CodeLlama results in Table 13. The methods that performed well on the
corresponding tasks in Table 1 also demonstrated good performance across different model sizes.
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Table 10: We supplemented the content omitted in Table 1. The main numerical values represent the mean results
over ten random seeds, while the subscript indicates their std. We still highlight the result with the highest mean in
bold. In most cases, the fluctuations within each method do not affect our conclusions.

Model K Method Classification Multiple-choice Math Code Reading
SST-2 Amazon  ARC-Easy CsQA GSM8K  GSM-Plus-Mini ~ GeoQuery SQuAD SCIQ
0 - 87.50 95.40 82.43 62.80 53.45 65.12 — 42.30 36.40
™ Rand 91.3T0.50 96.380.25 84.72035 71.150.65 82.240.52 66.900.59 1257133 7595055  74.000.57
f 4 TopK 94.130.21  96.240.16 86.100.32  72.540.36 81.990.55 65.300.46 63.041.96 73.510.48 72.700.40
- Div 91.500.63  96.180.25  85.060.27  71.170.42  82.140.45 66.920 52 33.711.35  75.660.07 74.470.62
= TopK-Div  92.750.33  96.150.22  85.8303s 72.57035 81.740.53 66.120.85 71.071.11 7328079  73.870.35
E: Rand 9227055 96.630.27 84.380.34 72.230.34 82.810.61 66.720.72 2321141 77.130.80 74.650.88
— s TopK 93.64036 96.120.00 85.910.20 73.910o3s 82.260.65 65.990.60 72.040.03  75.52043  T4.720.65
Div 92.950.35 96.250.19 84.970.32 7277061  82.980.34 66.560.60 38.540.00 77.7loso 75.170.53
TopK-Div  93.330.36  96.430.00  85.390.40  73.760.37  82.630.57 66.480.52 7836124 76.13042  75.070.19
0 - 67.50 85.10 88.15 61.80 16.07 32.79 — 37.90 41.10
o Rand 93.33052  96.150.23  89.520.25  74.700.70  84.29¢.43 74.400.47 1389167 77.190.89 75.800.54
S 4 TopK 94.470.48 96.340.20 90.500.16  75.190.25 84.250.73 74.500.55 61.14; 33 74.820.70 75.240.34
% Div 93.450.46  95.690.23  90.030.24  T4.850.39  84.440.01 73.340.62 36.291.05  77.060.57  75.960.55
g TopK-Div  93.34034 96.57016 90.190.19  75.600.54  83.540.56 74.470.63 70.43124 75.050.41  75.210.29
E Rand 93.300.36 96.090.23 89.390.28 75.980.56 84.340.54 74.480.63 2436110 7923064 76.280.50
o 8 TopK 94.200.28 96.550.16  90.620.16  76.140.63  83.570.53 75.360.43 71.001.20  77.590.42  75.550.18
Div 93.41020  95.940.25  89.900.19 76.600.32  84.22052 74.690.64 42.071.00  79.050.93  76.650.60
TopK-Div  94.040.29 96.580.04  90.480.22 76.530.21 83.850.66 75.160.32 76.320.85 77.640.63 76.240.48
0 - 66.50 94.00 76.41 51.80 9.48 5.17 — 30.50 34.20
« Rand 91.000.7s  94.020.61 82.770.4s  69.830.51 48.781.00 37.200.69 1214147 76.700.72  74.7Tlo.54
= 4 TopK 93.57025 96.17020 85.21030 69.730.43  49.28;.17 38.200.55 60.140.82  75.040.74  73.730.59
B Div 91.980.46  94.150.31  82.980.25 70.15056  49.490.87 37.500.76 34.891.39  75.961.08 75.830.57
= TopK-Div  92.73030 9590015  84.55020  69.910.49  49.991.02 38.450.81 71.46135 7443050  73.160.28
2 Rand 92.490.34 95.350.36 83.690.36 71.650.60 47.861.19 36.320.71 22.181.96 77.300.54 75.540.63
s 8 TopK 93.610.32 96.15016 85.170.25 71.880.38  48.431.02 37.350.53 70.501.36  77.050.41  75.440.43
Div 92.550.20  95.100.37  84.270.41  72.04061 48.331.10 36.120.34 39.141.40 77.6T156 76.300.31
TopK-Div  93.470.41 96.110.16 84.850.34 71.810.10 48.600.71 37.810.76 77.931.70 7744037 75.220.42
0.92 0.9
0.91
> 0.7
@ 0.90 0.5
8 0.89 Rand
<Lt) TopK 0.3
0.88 Div
TopK-Div | Q.1
4 6 8 10 4 6 8 10

Figure 5: The performance of different demonstration selection methods with different number of shots K. Left:
sentiment classification task with demonstrations come from Amazon and queries come from SST-2. Right: text to
SQL task with demonstrations and query come from the training and test set of GeoQuery Standard Split.

Due to resource constraints, our experiments primarily focused on mainstream open-source models.
We tested the Math task on the commercial-grade models gpt-4o-mini and deepseek-v3. As shown in
Table 14, the Div method consistently outperformed TopK on both gsm8k and prm800k.

D.2 Changing the number of shots

In this section, we investigate how the performance advantage of diversity-aware methods over TopK
evolves with increasing shot count. Our results in Figure 5 show that the improvement from diversity-aware
selection (Div) remains substantial even with higher number of shots.

We believe that as the shot number increases, there is an increase in redundant information among the
examples selected by the TopK method. In contrast, the TopK—-D1v method minimizes the occurrence of
redundant information as much as possible, thereby enabling the model to more clearly identify the task
theme.

Figure 5 presents the relative improvement on the GeoQuery standard split and SCIQ — two tasks
where diversity-aware methods showed clear benefits (Section 3.1) — across different sizes of the Llama-
3.1/3.2 and Gemma-2 model families. The results indicate that, in general, the relative improvement from
diversity-aware selection does not diminish significantly as model size increases. This underscores the
continued importance of understanding diversity’s role in demonstration selection.
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Table 11: Performance of different algorithms for models belong to Llama-family. Setting same as Table 1 while
adding results from more models (Llama-3.2-1B, Llama-3.2-3B, Llama-3.1-70B). Our finding that diversity helps
for more challenging tasks still holds.

model K Method Classification Multiple-choice Math Code Reading
SST-2 Amazon Arc-easy CsQA GSMSK GSM-Plus-Mini  GeoQuery SQuUAD SCIQ

Rand 86.880.49 90.640.43 71.650.46 59.540.63 22.180.81 12.620.56 7.431.97 56.170.75 62.750.84

m 4 TopK 91.870.40 93.460.25 75.28057 60.200.46 19.570.71 9.410.60 48.250.94 55.090.38  63.650.36
Z Div 88.351.19 91.140.43 73.520.54 60.600.65 21.291.05 13.160.73 29.461.70 55.401.18 63.380.54
Py TopK-Div 91.470_60 93.220.33 74.620.44 60.89¢.36 20.300.80 9.350.53 56.571.18 56.390.96 62.960.31
E Rand 89.560.81 92.620.39 72.720.32 61.270.62 21.040.63 10.010.44 13.041.71 58.760.56 65.050.45
= 3 TopK 92.91¢.30 93.950.24 75.41¢.40 61.770.35 16.580.53 7.120.44 56.291 94 58.380.66 65.870.45
— Div 87.961.14 92.720.34 73.530.45 62.24055 22.24¢.93 11.731 55 32.751.46 58.371.16 65.890.94
TopK-Div  92.300.38 94.060.20 74.740.28 62.200.50 16.000.81 6.450.46 65.111.63 5827972 66.24¢0.57

Rand 90.400.66 95.870.21 78.620.44 68.510.64 69.640.98 50.500.59 9.861.28 71.590.60 72.430.70

m 4 TopK 92.870.31 96.250.24 81.510.34 68.720.37  70.050.86 50.100.53 54.041 68 71.210.48 70.870.46
o« Div 90.870.59 95.570.18 80.410.60 68.800.57 68.710.75 51.530.87 31.211 52 7113142  72.580.61
2 TopK-Div 93.030.29 96.430.15 81.71p9.30 68.950.25 69.140 .86 50.600.38 59.752.03 70.730.49 71.280.40
< Rand 91.790.36 96.090.14 78.910.40 69.890.65 68.790.94 51.12¢.81 19.291 60 73.140.63 72.570.85
E 3 TopK 93.710.40 96.180.20 81.030.36 70.530.33 69.400.89 50.000.84 61.891 49 72.610.30 71.830.46
= Div 91.99¢.47 95.830.27 80.680.34 70.260.40 66.541.14 50.870.61 36.711.39 72.76153 74.070.40
TopK-Div 93.550.35 96.370.17 81.570.30 70.18¢.33 69.380.08 49.96¢.73 72111 .77 73.800.56 72.080.53

Rand 91.31l059 96.380.25 84.720.35 71.150.65  82.240.52 66.900.59 12.571.33  75.950.55  74.000.57

m 4 TopK 94.130.21  96.240.16 86.100.32  72.540.36 81.990.55 65.300.46 63.041.96 73.510.48 72.700.40
e Div 91.500.63 96.180.25 85.060.27 T1.170.42 82.140.45 66.92¢ 52 33.711.35 75.660.97 74.470.62
:; TopK-Div  92.750.33 96.150.22 85.830.38  72.570.35 81.T40.53 66.120.85 71.071.11 73.280.79 73.870.35
< Rand 9227055 96.630.27 84.380.34 72.230.34 82.810.61 66.720.72 23.211.41 77.130.80 74.650.88
E 8 TopK 93.640.36 96.120.00 85.91p.20 7391038 82.260.65 65.990.60 72.040.93 75.520.43 74.720.65
— Div 92.950.35 96.250.19 84.97¢.32 72.770.61  82.980.34 66.560.60 3854090 T7.7Tloso 75.170.53
TopK-Div  93.330.36 96.430.00 85.390.40 73.760.37 82.630.57 66.480.52 78.361.24 76.130.42 75.070.49

Rand 94.160.33 96.770.38 89.760.16 75.480.62 88.640.48 77.140.39 1750188 81.470.75  75.510.87

g 4 TopK 94.810.34 96.860.11 90.57p.28 76.22¢0.28 88.870.52 76.190.57 66.461 23 79.15¢0.22 75.670.38
= Div 94.340.28 96.360.23 90.140.30 75.530.33  89.27¢.53 77.210.47 39.001.87 81.271.25 77.750.44
; TopK-Div 94.200.18 96.880.12 90.46¢ 32 76.21¢.49 88.670.42 76.940.45 77.320.95 79.260.37 75.590.33
& Rand 94.660.36 96.95¢.28 89.84¢ 28 77.140.40 89.470.54 76.930.77 26.891 .90 82.620.47 76.560.78
g 8 TopK 94.18¢.32 96.950.18 90.24¢.25 77.650.30 89.330.29 76.290.46 75.681.08 81.380.51 76.700.63
3 Div 94.950.30 96.470.25 89.999.17 77.330.59  89.65¢.27 77.110.29 44.251.92 83.18143 78.370.60
TopK-Div  94.750.19 97.270.11 90.71¢0.25 77.240.31 89.170.42 76.740.92 81.391.16 81.470.23 76.770.41

Table 12: Performance of different algorithms for models belong to Gemma-family. Setting same as Table 1 while
adding results from more models (Gemma-2-2b and Gemma-2-27b). Our finding that diversity helps for more
challenging tasks still holds.

model K Method Classification Multiple-choice Math Code Reading
SST-2 Amazon Arc-easy CsQA GSM8K GSM-Plus-Mini ~ GeoQuery SQuAD SCIQ

Rand 85.000.94 92.340.75 82.840.45 68.890.61 40.451.11 33.430.69 9.144 38 69.030.34  71.270.63

™ 4 TopK 90.670.55 95.140.18 84.570.35 69.930.47 41.330.85 34.390.71 53.391.88 68.190.76 71.090.49
3N Div 89.630.54 92.550.44 84.21p.37  T1.030.62  40.532.15 32.751.64 31.291 47 67.731.18  72.340.45
N&S TopK-Div  91.660.57 95.01¢.22 84.510.32 70.720.52  42.740.57 34.390.64 61.041.55 67.850.60 71.640.30
£ Rand 89.960.51 94.100.47 82.620.33 70.260.34 36.440.82 34.550.46 16.682.01 69.990.68 72.120.29
E 8 TopK 92.220.46  95.580.23  84.300.10 71.060.44  43.050.69 36.450.42 61.001.44 69.150.44  72.350.44
o Div 91.810.48 94.570.37 84.37038 72.22062 38.871.28 34.071.12 35.291.25 69.310.99 72.280.43
TopK-Div  92.400.28 95.53020 84.390.24 71.990.36 42.930.66 36.470.47 68.931.35 70.090.54 72.300.37

Rand 93.330.52 96.150.23 89.520.25 74.700.70 84.290.43 74.400.47 13.89167 T77.190.80  75.800.54

m 4 TopK 94.47¢.48 96.34(}_20 90.500.16 75.190.25 84.250.73 74.500.55 61.141 33 74.820.70 75.24(]_34
= Div 93.450.46 95.690.23 90.030.24 74.850.39  84.440.91 73.340.62 36.291.05 77.060.57  75.960.55
(;-; TopK-Div 9334031  96.570.16 90.190.19 75.600.54  83.540.56 74.470.63 70.431.24  75.050.41 75.210.29
g Rand 93.300.36 96.090.23 89.390.28 75.980.56 84.340.54 74.480.63 24.361.19 79.230.6a 76.280.50
% 3 TopK 94.200.28 96.550.16 90.620.16  76.140.63 83.570.53 75.360.43 71.001.20 77.590.42 75.550.18
) Div 93.41¢.20 95.94¢ 25 89.900.19 76.600.32 84.220 52 74.690.64 42.071.10 79.050.93 76.650.60
TopK-Div 94.04¢.29 96.580.04 90.480.22 76.530.21 83.850.66 75.160.32 76.320.85 T7.640.63 76.240.48

Rand 94.160.40 96.060.26 89.990.30  76.150.41 90.160.33 70.760.71 18.681.83 80.540.50 75.610.78

m 4 TopK 95.000.33 96.470.11 89.640.15 76.470.46 89.730.38 69.270.49 67.751.45 78.430.49 76.350.46
Q TopK-Div 94.430.18 96.59¢.12 89.760.16 76.150.41 89.530.23 69.620.56 79.11¢.97 78.390.46 75.910.53
g Rand 94.59¢.45 96.420.46 89.620.21 T7.170.69 90.230.25 69.040.53 30.362.04 81.81¢.37 77.090.53
g 3 TopK 94.300.32 96.600.18 90.14¢.24 77.200.42 89.950.27 66.540.37 77.541.00 80.720.38 76.420.52
] Div 94.610.29 95.950.27 90.21p.23 78.470.41 90.450.22 70.020.91 46.962.23 81.380.80  77.840.51
TopK-Div  94.560.29 96.430.13  90.340.22  77.290.31 89.700.25 68.480.38 82.391.35  80.900.53 77.100.54
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Table 13: CodeLlama-family results on GeoQuery dataset with different split. We observe that on GeoQuery
dataset, TopK-Div consistently works better than TopK, and there is also a large gap between TopK and more
diversity-aware methods like Div and Rand, which aligns with the results in Table 11, Table 12, and Table 1 for
Mistral-v0.3. The gap between different methods is wide and std is small, so we omit the std.

GeoQuery

model K Method Standard Tmcd Template Length

- Rand 12.21 10.43 9.75 3.61
= 4 TopK 57.86 35.68 36.90 2591
f!i Div 33.11 21.95 27.22 13.16
= TopK-Div 67.86 40.00 50.34 33.64

=S Rand 21.11 17.25 17.93 8.05
= 3 TopK 58.21 42.95 48.06 32.95
§ Div 38.29 24.75 31.41 16.48
TopK-Div 66.79 46.36 55.13 39.09

= Rand 13.82 11.66 11.73 4.11
o’ 4 TopK 63.57 37.73 38.04 29.77
© Div 37.43 23.23 26.51 18.07
< TopK-Div 72.14 44.32 53.99 40.68

g Rand 2489 1864  21.16 952
- ] TopK 69.64 44.09 56.04 41.14
B Div 42.71 26.00 30.59 20.68
o TopK-Div 79.29 47.73 64.24 44.32

= Rand 15.75 13.02 14.42 5.98
) 4 TopK 63.57 42.05 43.51 30.23
& Div 39.86 24.75 32.92 19.18
S TopK-Div 72.50 48.18 56.72 44.55
g Rand 25.46 20.50 2476 11.73
- 3 TopK 73.93 48.41 56.04 44.09
B Div 44.18 27.50 39.29 24.32
o TopK-Div 80.71 50.00 64.92 48.86

Table 14: Results of GPT-40-mini and Deepseek-v3 in Math Task.

Method
Model K Dataset Rand TopK Div  TopK-Div
GPTdo-mini 4 GSM8K 93.03 91.06 92.80 92.27
PRMS80OOK 68.40 66.60 71.20 69.20
Deepseck-vd 4 GSM8K 96.13 9575 9591 95.45
P v PRMSOOK 85.00 87.00 85.00 86.80
0.79
0.75 0.77
> 0.73 0.75
g . —=— Rand 0.73
S —e— TopK 0.71
< 071 e Div :
—e— TopK-Div 0.69
0.69
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

Figure 6: (The accuracy of different methods with different number of shots K on reading comprehension
tasks.) We choose report the results on Llama-3.1-8B, with Sentence-BERT embeddings (all-roberta-large-v1).
Left: results where demonstration and query come from SCIQ. Right: results where demonstration and query come

from SQuAD.

We present the experimental results on reading comprehension task (SCIQ, SQuAD), where diversity-
aware methods perform well, with different numbers of shots K ranging from 1 to 10. We test different
methods on the Llama-3.1-8B model. Figure 6 summarizes. To our surprise, when k£ = 1, TopK performs
significantly worse than Rand on both datasets, indicating that the accuracy of these datasets is not solely
related to the coverage of example sets. Under most settings of k, Div shows significant advantages over
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Table 15: Results of K-Means Method in Math Task. We add the K-Means baseline based on Table 1 in our paper.
The implementation of K-Means consists of two steps: First, partition the input into k clusters using the k-Means
method. Second, select k points as demonstrations by choosing the point closest to the cluster center within each
cluster.

Method
Rand  Topk Div Topk-Div  K-means

GSMBK 82.24 8199 82.14 81.74 83.89

model K Dataset

GSM-Plus-M  36.32 37.35 36.12 37.81 36.41

2]

; 4 GSM-Plus-M  66.90 65.30 66.92 66.12 68.10
g 3 GSMBK 82.81 8226 82.98 82.63 82.36
3 GSM-Plus-M  66.72 65.99  66.56 66.48 66.52
2 4 GSM8K 84.29 84.25 84.44 83.54 85.24
5 GSM-Plus-M  74.40 74.50 73.34 74.47 74.52
£ ] GSM8K 84.34 83.57 84.22 83.85 84.97
S GSM-Plus-M  74.48 75.36  74.69 75.16 76.29
3 4 GSM8K 48.78  49.28  49.49 49.99 43.90
& GSM-Plus-M  37.20 38.20 37.50 38.45 35.50
z ] GSMEK 47.86 48.43  48.33 48.60 49.13
=

Table 16: Embedding on answer using Gemma-2-9B with 4 shots. Comparing to Table 1, the relative ranking
between the tested methods doesn’t change.

Rand TopK Div  TopK-Diwv

GSM8K 8221 8453 84.14 84.69
PRMS800K 38.04 4560 37.56 46.40

GeoQuery(Standard)  13.71  79.64 54.32 84.29

TopK. Moreover, the correlation between example sets selected by Div and test samples is relatively low.
This sufficiently demonstrates that even when example samples do not have coverage of test samples, they
can still be high-quality examples, which is also consistent with the good performance of Rand.

D.3 More diversity-aware method

In the main text, TopK-Div and Div are both diversity-aware methods that combine the TopK method.
We want to understand what happens when using a purely diversity-based method. Therefore, we
implemented the K—Means method: dividing the training set into k clusters by k-means algorithm and
then choose the nearest sample to the Centroid from each cluster (K-Means), K-Means can be viewed
as a purely diversity-based met.

The results in Table 15 show that the K-Means method still has advantages compared to the TopK
method. In fact, we believe Rand can also be considered a purely diversity-based method. This implies
the advantage of diversity methods does not depend on the specific implementation.

D.4 Abalations on the size of training set

To investigate whether the way diversity works is related to the size of the training set—for example,
whether the example selection strategy needs to change when the available training set is limited, We
conducted experiments on the SQuAD and SCIQ datasets by randomly sampling 50 examples from each
training set to create SCIQ-50 and SQuAD-50, while keeping the original testing set unchanged.

When the available training set size is reduced, TopK still underperforms compared to Div, maintaining
an average performance gap of 1% in 4-shot and 8-shot settings.

D.5 Ablations on “better’’ embeddings

“better” embedding in a cheating way. All methods we test, except randomly chosen (Rand), depend
on an embedding model. It is always possible that the embedding model is not good enough. Indeed, using
Sentence-BERT on questions/input (optimized for semantic similarity) might not be optimal for math
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Table 17: Results of different embeddings on Llama-3.1-8B. We test different methods using different similarity
scores computation (“all-roberta-large-v1”, “BM25”, “BertScore”). We test on Llama-3.1-8B model on math (using
instruct model) and reading comprehension (using base model). The numbers for embedding “all-roberta-large-v1”
are copied from Table 1. The numbers corresponding to Rand for BM25 and BertScore are also copied. We
find that: (1) using another embedding might affect the TopK performance, as we can observe an increase of
performance for TopK while changing to BM25 or BertScore. (2) Diversity still helps, since if we look at the best
performance with the best embedding, in most of the cases the best performance is still achieved by diversity-aware
methods.

. Math Reading
Embedding K Method  Goprep pRMSOOK  SQUAD  SCIQ
— Rand 82.40 43.50 75.87  74.17
7 4 TopK 82.64 41.40 7370 72.80
£ Div 82.43 44.86 76.02  74.44
3 TopK-Div  81.43 44.80 7440  73.60
£ Rand 8277 1332 7735 7479
S . TopK 82.11 43.00 76.90  74.40
& Div 83.13 44.28 78.05  75.52
= TopK-Div  81.73 40.00 75.90  74.90
Rand 82.40 43.50 7587 7417
A TopK 81.88 42.00 73.80  74.40
Div 82.47 44.12 76.65 7274
Q TopK-Div  81.20 45.00 7550  74.30
= Rand 8277 1332 7735 7479
g TopK 82.94 44.80 76.60  75.20
Div 83.44 43.92 7897  74.12
TopK-Div  83.02 45.60 7750 74.50
Rand 82.40 43.50 7587  74.17
A TopK 81.58 45.60 75.00  74.30
o Div 82.81 44.06 7416 73.06
3 TopK-Div  81.05 44.40 7490  73.20
2 Rand 82.77 332 7735 7479
@ g TopK 82.34 42.60 7640  75.50
Div 83.09 43.68 76.00  74.95
TopK-Div  81.58 44.00 75.70  74.70

tasks and text-to-SQL generation, and the ideal embedding might be highly dependent on the structure
or reasoning steps of the answer. In this section, we test if diversity still helps when given a better
embedding, computed in a “cheating” way: For math problems, we append the gold answer after the
question and compute the embedding using Sentence-BERT; For text-to-SQL generation, we compute
the occurrence of keywords in the answer (Levy et al., 2023). Table 16 summarizes the result using the
“cheating” embeddings on Gemma-2-9B, and in general, diversity still helps for these tasks.

Computing local structure for GeoQuery. For the code-standard task, we tokenized the sample
answers at the word level and obtained 52 distinct tokens, with each dimension representing a token. For
a given sample, in its 52-dimensional vector, if the corresponding token appears in its answer, the value at
that position is 1, otherwise 0. We use this embedding as the code embedding on answers.

BM25 and BertScore for math and reading comprehension. We conduct ablation studies on the
model to compute the similarity score, changing from cosine similarity from embeddings computed by “all-
roberta-large-v1” to BM25 and BertScore, and test different methods on math and reading comprehension
tasks. Table 17 summarizes our results. We find that (1) using another embedding might affect the
TopK performance, as we can observe an increase in performance for TopK while changing to BM25 or
BertScore. (2) Diversity still helps since if we look at the best performance with the best embedding, in
most cases, the best performance is still achieved by diversity-aware methods.

D.6 Decoding method

In this part we show some preliminary results on changing the decoding strategy for reading comprehension
tasks (SQuAD and CommonsenseQA), since for code and math, greedy decoding is known to perform
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Table 18: Decode performance using Llama-3.1-8B on reading comprehension tasks. The number of shot is fixed as
4.

Decode Test. Rand TopK Div  TopK-Div

Squad 75.87 7370  76.02 74.40
Greedy Scig 7417 7280 74.44 73.60

Squad 7093 7240 70.95 72.80
Scig  66.86 66.70 67.08 67.70

Sampling

well. By changing greedy decoding to sampling decoding (topP = 0.95, Temperature = 0.7), we find that
the performance of all tasks drops a lot (Table 18), which justifies our decoding strategy selection.

E Theoretical justification and simulations

In this section, we give a theoretical justification for combining diversity in demonstration selection for
ICL, even if the “embedding” is accurate (Theorems E.2 and E.3). Then we validate the superiority of
TopK-Div compared to TopK in more general settings. In Appendix E.3 and Appendix E.4, we also

employ the theoretical framework to conduct detailed simulation experiments.
We consider the linear regression model, where there is a task vector f7 € R?. The data for this task

has embedded input e € R and output y = (A7, €). We also have a demonstration set D = {(e;, yi)}",
with size n, where y; = (07, ;) and e; is drawn from the demonstration distribution Dg. Now given a
query e, drawn from the query distribution Qg¢, the goal of demonstration selection is to select a subset
S = {(ej,,yj;) Y, such that given the demonstrations S = {(ej,,y;,) } X ,, the LLM predicts the output
close to the gold label y, = (67, ¢,), i.e, y; = LLM(S, e,). We make the following assumption on the
mechanism of LLM for learning linear regression in-context, given the demonstration .S and the query e,.

Assumption E.1 (ICL for linear regression). Suppose that the task 7 is to predict the value of a
linear function y = (f7,¢) and K demonstrations S = {(e;,,y;,)}, are selected. Denote E =
[€jry-ees ejK]T € RE*d a5 the data matrix. Then given a query eq, we assume that the prediction
given by the LLM is yprea = (e, ETE07->. Namely, the LLM learns the min-norm solution for the

overparameterized linear regression.
By this assumption, the prediction loss of e, is

Loss(eq) := (Yprea — (07, 6q>)2 = (07 — E'E07, 6q>2-

ICL for linear regression has been extensively studied, empirically and theoretically (Appendix A).
Theorem E.1 is also empirically justified, where (Akyiirek et al., 2023) observed that after pretraining
an autoregressive transformer model on noiseless linear regression tasks, the transformer will learn the
min-norm solution for the linear regression in-context if the size of demonstrations K < d.

We further assume that the embedding for each data e € {0, 1}¢. This is inspired by the theoretical

framework that each problem from a specific task contains certain skills (or local structures), and an LLM
is able to solve that problem perfectly if the LLM knows all the skills (local structures) and is able to
compose the skills (local structures) together (Arora and Goyal, 2023; Yu et al., 2024; Zhao et al., 2025).
For example, for a specific math problem related to algebra, the skills required to solve this problem are
polynomial multiplication and solving equations, while for another math problem related to geometry, the
skills required might be changed to coordinate systems and solving equations. It is also worth noting that
the skill(local structure)-based embedding design also gains empirical success. For example, (Levy et al.,
2023; Didolkar et al., 2024) improves semantic parsing and (An et al., 2023b) improves math ability by
selecting demonstrations that require similar skills or local structures to the query.
Example I: Diversity benefits from coverage. We characterize the demonstration distribution D¢ and
the query distribution Q¢ below. Let [ > 200 be an even number and let d = 4/, where the choice of
200 is to simplify the analysis. Let D¢ be: Uniformly draw a subset 77 C [2[] of size [/2 and a subset
T, C {2l +1,...,4l} of size [/2, and output e = ep,ur,, i.€., the i-th entry of e is 1 iff i € T} U Tb.
Assume the size n of D is sufficiently large that D covers the entire ground set of Dg. Let Q¢ be:
Uniformly draw a subset 7' C [21] of size [. We have the following theorem, whose proof can be found in
Appendix E.1.
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Theorem E.2 (Justification example I). Suppose each entry of 01 is i.i.d. drawn from the uniform
distribution on [0, 1]. Let K = 2 and D¢, Q¢ be as defined above. For a query eq drawn from Qg, let
L, L’ denote the expected prediction loss of e, using TopK and TopK-Div, respectively, where the
randomness comes from 0, eq, and the selection of demonstration examples. Then L > L' for any
hyperparameter o € (0, 1) for TopK—D1iv.

Intuitively, the selected two demonstration examples of TopK-Div must cover all non-zero entries of

eq» while this property is unlikely to hold for TopK. This demonstrates that adding diversity may increase
the coverage of demonstration examples to queries and lead to a lower prediction loss, aligning with the
findings in (Levy et al., 2023; Gupta et al., 2023; Ye et al., 2023).
Example II: Diversity is beyond coverage. We again characterize D¢ and Q¢ below. Let [ > 3 be
an integer and let d = 4[. Let D¢ be: Uniformly draw a subset 77 C [2] of size [ — 1 and a subset
To C {21+ 1,...,41} of size 1, and output e = er, u7,. Assume the size n of D is sufficiently large that
D covers the entire ground set of Dg. Let Q¢ be: Uniformly draw a subset T' C [2{] of size [. We have
the following theorem for this example, whose proof can be found in Appendix E.2.

Theorem E.3 (Justification example II). Suppose each entry of 01 is i.i.d. drawn from the uniform
distribution on [0,1]. Let K = 2 and Dg, Q¢ be as defined above. For a query e, drawn from Qg,
let L, L’ denote the expected prediction loss of eq using TopK and TopK-D1iv, respectively, where
the randomness comes from 0T, e, and the selection of demonstration examples. Then L > L' if
hyperparameter o > 1 — 1/l for TopK-Div.

The demonstration examples of TopK and TopK-Div must cover all non-zero entries of e,. The
smaller loss of TopK—-D1iv is caused by selecting two demonstration examples with different non-zero
entries among {2] + 1, ..., 4[}, indicating that adding diversity could benefit ICL “beyond coverage”.

In Appendix E.3, we conduct simulations to validate that the advantage of TopK-Div over TopK,
driven by coverage and beyond, extends to more general settings, including the ID setting (Dg = Q¢) and
scenarios with different training scales for D.

E.1 Proof of Theorem E.2: justification example I

Fix a query e, drawn from Qg. By symmetry, we can assume the non-zero entry set of e, is [2]. For
simplicity, we let § = 0.

Demonstration example set for TopK-Div We first analyze the demonstration example set for
TopK-Div, denoted by S = {5(1), 8(2)} C D. Let T® denote the non-zero entry set of s(). By the
construction of D, we first note that [T} N [I]| = L. By the rule of TopK-Div, we also note that
7@ N (1] = £ and T N T2 = (. Such s(? must exist since all elements in the ground set of D are
contained in D, and is selected since it minimizes

a-Similarity(e,eq) + (1 —a)Diversity(e,S)

overalle e D — {s(l)}.

Demonstration example set for TopK Next, we compute the expected prediction loss L for TopK.
Again, let its demonstration example set be S = {s(1), s} C D. Let T® denote the non-zero entry set
of s(). By the construction of D, we note that [T N [1]| = [T?) N [1]| = L. However, different from the
case of TopK-Div, |[T™MNT®)| can vary from 0 to I — 1. To handle this, we define a = |7 NTE N ]]|
andb = [T N TP N ([d] \ [1])], and define L, to be the expected prediction loss conditioned on pair
(a,b). Note that 0 < a,b <[/2anda+b<1—1.

Comparing L and L’ We remark that L is a linear combination ), , pasLap With Y, Dap = 1,
where p,  is the conditional probability with respect to intersection numbers (a, b). Also, L' = Lg o. By
symmetry, we have the following observation:

Prla < 1/4 < b] > 0.25,
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where /4 is the expectation of a and b. Thus, we have

L> L,y > - min L, >0.25 min L
= Z Papliap = Z Pab a<1j4<b ab — a<1j4<b a,b-
a<l/4<b abel /441

Thus, to prove L > L/, it suffices to prove the following lemma.

Lemma E.4 (Comparing L, and Lo ). For any a <1/4 <b, we have L}, > 4L .

Proof. By symmetry, we assume 7'(1) = [%]U([ 1—[21), T® = ([l]—[a]—[é—a]) ([381—=b]—[21-1)),
TONTEHNL)| = [TONTEN[2L]| = a, [TV NT® N ([4L] - [2L])| = b. The expected prediction
loss for this setting equals L, since 0;s are i.i.d. random variables. Let 6 denote the min-norm solution
defined as in Assumption E.1. Then we have

N~

(0 —0,e00) Za + Z b; —Ze - Z 0; =0, )

1=21+1 =1 1=21+1
and
I-a 31—b I-a 31—b
O—Oepe)= > O+ > bi— > 60— > 6i=0 (6)
i=f—a+1 i=31-b+1 i=Lt—a+1 i=31-b+1

To get the min-norm solution, we need to minimize the following Lagrangian multiplier
LOM,A) =D 02 = 2010 — 0, eq0)) — 2X2(0 — 0, e7).-
i=1

To ensure the partial derivatives with respect to ) equal to 0, we obtain that

1=...=0,= 2141 =05 = A1,
A%+1 =...= lia = 9§l+1 =...= 3l—Ab = A2, o
9%—a+1 =...= 9% = Hgl—b-i-l =... =05 =M+ A
Opagr1=...=0yq =03 p1=...=04y =0
Adding Equations (5)-(7), we have
5 5 I-a 31-b
U+a+b)M+r)=D 0+ D> O+ Y 0+ > b 8)
i=1 i=2l+1 i=f—a+1 i=31-b



Thus, we conclude that

2

l
Zé

! 2
l
= (—a)()\1+)\2)+a)\1+a)\2—29i]

=1

- 1 2
l Z

2

31—b l
1 S UE S TID SR S B 3
i=21+1 i= —fa+1 z—“’l b i=1
ta+bis Lya+b =2 a+b :
2 graTho
_ 0;
l—l—a+bz l+a+b Z Cl+a+b Z )
zzf—a—l—
2
2 2
7 H’L )
l+a+b72l+1 l4+a+ .

where the first equation follows from Equation (7) and the third equation follows from Equation (8). Since
each 0; is i.i.d. drawn from the uniform distribution over [0, 1], we have

a(a+b) 3(bl—a?—ab)?

(t+a+b)2(L—a)+ +5 >+ 5

6(l+a+b)

Thus, Loy = 2l—4. When a < 1/4 < b, we have

Lab

b >

>

v

This completes the proof.

3(bl — a? — ab)?/2
6(1+a+0b)?

2/ _ 22
e (0 <t/a<)
(2/8)?

1612

l2
1024
ALoyp. (1 > 200)

E.2 Proof of Theorem E.3: justification example II

By symmetric, we fix e; = e[;j. Like the proof of Theorem E.2, we first study the demonstration example

sets, denoted by 5 = {s)

,s®@} C D, derived from TopK and TopK-Div. We observe that for both
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algorithms, [T N [7]| = |T®) N [1]] = | — 1. Note that this property for TopK-Div follows from the
1

choice of & > 1 — 7, which ensures that |T(2) N [{]| <1 — 2 can not achieve the minimum for
a-Similarity(e,eq) + (1 — a)Diversity(e, S)

Thus, by symmetry, we can fix 7)) = [l — 1] U {2 4 1]} and there are only three choices for T'(?):

fJu{2l +2} —{1};

» Case 2: T =[lJu {2l + 1} — {1}.

e Case 1: T

e Case 3: T

[l — 1)U {2l +2}.

We define the expected prediction loss of these three cases to be L1, Lo, L3, respectively. By the
definition of TopK—-Div, we know that L = L. Moreover, the expected prediction loss L of TopK must
be a linear combination of L1, Lo, L. Thus, it suffices to prove that Ly > L; and L3 > L;. Below, we
compute Ly, Lo, L3 separately.

Computing ;. The computation idea is similar to that of Lemma E.4. Suppose 0 is the min-norm
solution and we have

-1 -1 l !
Z 0; + 02141 — Z i — 62141 = 0 and Z i + 02142 — Z ;i — b2 = 0.
i=1 i=1 =2 =2

Again, consider the Lagrangian multiplier £(6, Ay, Ag) = Zl: (0;)2 =2, (00, epa)) —2A2 =) er@))-
To ensure the partial derivative w.r.t. @\equal to 0, we havZe:1

b =03=...= 0,1 =X\ + Ay, and 0y = Oy 1 = A1, 0 = Ogs0 = Mo

Combining the above equations, we have

-1
(20 =2)(M 4+ A2) =2 Zei + 01 4 0+ O 11 + G142,
=2

Thus,
l l l

(Zei B Z@)Q = [l =DM+ A2) — 29@'}2 = (921+1 +Oa142 — 01 — 91)2.

‘ ‘ ; 2
=1 =1 =1

Consequently, we have

Oo141 + b0 — 01 — 0, 1

Ly = E[(f - 0,¢,)%] = E[( : =15

Computing L,. Similarly, we have

-1 -1 l l
Z@' + 0241 — Zei — 0241 =0, and Zei + 0141 — ZQi — 0241 =0.
i—1 i—1 i—2 i—2

Thus, using the Lagrangian multiplier, we obtain that
O =03=...= 01 =01 = A\ + o, and ) = Ay, 0, = Mo

Combining the above equations, we have

-1
2l =1)(M +A2) = 2291' + 209141 + 61 + 0.
i—2
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Thus,

l l

I
Ly= E[D 6= 61 =E 6, — [ = 1)(\ + Ao)]’]

=1 =1 i=1

-1
1 l 2l — 2 9% — 7142
= E[——)» ¢ 01 +0 —0 === > L.
[2Z—1ZZ; ity O 0 = Pl 12(120—1)2 ~
Computing L3. Similarly, we have
-1 -1 -1 -1
Z 0; + 0141 — Z 0; — 641 =0, and Z O0; + 02140 — Z ;i — 02142 = 0.
i=1 i=1 i=1 i=1
Using the Lagrangian multiplier, we obtain that
0 =0y =03 =...= 0,1 = A1 + Ay, and Oy 1 = A1, 09140 = Ao

Combining the above equations, we have

-1

(20 = 1)(A\1 4+ Xo) = 22 0; + 02111 + Oy 2.
=1

Thus,

l

l l
Ly = E[(Z 0; — Z@ﬂ =E[D 6 — [ — )01 + M)

=1

912 — 71+ 2
_ E 21

Overall, we complete the proof of Theorem E.3.

E.3 Experiment settings

We consider the ID setting with Dg = Og.

Metric for coverage. Given a sample (e, yg), let T(©) denote the non-zero entry set of e. Given a
demonstration example set S C D and a query e,, we define the coverage ratio of S with respect to e, to
be:
(Uees T@) NT)]

|T(ea) | ’

rs(eq) ==

i.e., the ratio of non-zero entries of e, covered by samples in S. By definition, rg(e,) € [0,1] and a
larger rg(e,) represents higher coverage. Specifically, when rg(e,) = 1, we say e, is fully covered by S.
Moreover, given a method A that generates a demonstration example set A(e,) C D for each query e,
we define

7(A) = Eegnge [ra(ey) (€0)] ©)

to be the expected value of its coverage ratio r 4., (€q). If 7(A) = 1, we say every query is fully covered
by A.

We want to study the loss difference between TopK-Div and TopK under two scenarios: 1) when query
eq is fully covered by both algorithms TopK-Div and TopK, i.e., 7(TopK-Div) = r(TopK) = 1; and
2) when the coverage ratio of TopK-Div is smaller than that of TopK, i.e., r(TopK-Div) < r(TopK).
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Table 19: (Simulation of the min-norm solution) “Coverage” represents the coverage ratio of methods, defined as
in Equation (9). For each random seed, we selected one hundred test samples. We report the average results across 3
different random seeds for each metric.

Method \ Shot \ Metric \ Train scale = 1 \ Train scale = 5 \ Train scale = 10
| | | 1=3 (=4 1=8|1=3 l=4 1=8|1=3 l=4 =8
Loss 0.21 0.31 12.70 0.15 0.30 9.55 0.19 0.30 7.51

TopK K=41 Coverage | 100 100 055 | 1.00 100 061 | 1.00 100 0.66

K_g| Los [ 047 057 309 [ 043 084 133 | 045 083 119

=8 | Coverage | 100 100 075 | 1.00 100 080 | 1.00 100 081

h_4 | Los [ 019 032 1025 048 031 547 [ 021 029 397

. =4 | Coverage | 100 100 063 | 1.00 100 075 | 1.00 100 0.80
TopK-Div

K_g| Los [031 038 258|023 038 132|020 038 L7

=8 | Coverage | 1.00 100 087 | 1.00 100 094 | 1.00 100 094

Parameters. Let d = 200. Let [ vary from 3,4, 8. Let K = 4 or 8. Let Dg = Q¢ be the distribution
that first samples a subset 7' C [d] of size [ and then generate er. We set the size of training set D to be
|D| = d x train_scale, where train_scale € {1,5,10}.

For each pair (I, K), we generate a testing set Dieg of size 100. We ensure that Dy N D = (). We
report the expected prediction loss and coverage ratio of TopK and TopK-Div for each pair (I, K).

E.4 Result and discussions

The results, reported in Table 19, reveal key insights into the performance differences between TopK and
TopK-Div. We observe that when | = 8, the coverage ratio of TopK is lower than that of TopK-Div,
while its loss is significantly higher. For example, when [ = 8, K = 4, and train_scale = 5, the coverage
ratio is 7(TopK) = 0.61, compared to r(TopK-Div) = 0.75, while the loss for TopK is 9.55, notably
larger than the 5.47 observed for TopK-Div. This demonstrates that incorporating diversity can reduce
prediction loss by improving coverage, aligning with Theorem E.2.

When [ = 3 or 4, the coverage ratios of TopK and TopK-Div are both 1. We find that the loss of
TopK is comparable to or even lower than that of TopK-Div when K = 4, but significantly higher
when K = 8, across various training scales. For instance, when [ = 3, K = §, and train_scale = 5, the
loss for TopK is 0.43, whereas for TopK-Div it is 0.23. This supports our findings in Theorem E.3,
demonstrating that diversity can enhance in-context learning beyond just coverage. The inverse trend in
loss between K = 4 and K = 8 suggests that increasing coverage is beneficial when the query is not fully
covered but becomes redundant when the demonstration example set already provides sufficient coverage.

The Use of Large Language Models (LLMs)

We employed large language models (LLMs) solely for word-level grammar checking and minor stylistic
refinement of the manuscript. Beyond this limited function, LLMs did not contribute to any other
aspects of our research or writing, including conceptualization, experimental design, data analysis, or
interpretation of results.
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