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Abstract

Demonstration selection algorithms play a crucial role in op-
timizing Large Language Models’ (LLMs) in-context learn-
ing performance. Despite numerous proposed algorithms,
their comparative effectiveness remains understudied. We
present a comprehensive evaluation of six state-of-the-art
demonstration selection algorithms across five datasets, ex-
amining both their effectiveness and computational effi-
ciency. Our findings reveal significant trade-offs: while some
demonstration selection algorithms achieve superior accu-
racy, they incur substantial computational costs. We also dis-
cover that increasing demonstration examples doesn’t con-
sistently improve performance, and some sophisticated al-
gorithms struggle to outperform random selection in cer-
tain scenarios. These insights provide valuable benchmarks
for future algorithm development and practical implemen-
tation. Our code is available at https://github.com/Tizzzzy/
Demonstration_Selection_Overview.

Introduction

Large Language Models (LLMs) excel in in-context learn-
ing, where they adapt to new tasks using few-shot learning
without requiring additional training (Xie et al. 2021). How-
ever, their performance is highly sensitive to the quality of
the provided demonstrations. Recently, various demonstra-
tion selection algorithms have been developed to enhance
this quality by selecting the most informative and relevant
examples from the data pool. These algorithms have signifi-
cantly reduced the time required for LLMs to address unseen
tasks and have greatly improved their overall performance.

Despite the success of these approaches, the effectiveness
of selected examples and the efficiency of the selection and
inference processes are not well understood. This lack of un-
derstanding makes it challenging for future research to iden-
tify areas for improvement and makes it difficult to use these
algorithms in real-life situations. This paper aims to evaluate
these two critical aspects, offering insights that will serve as
a benchmark for future research.

Demonstration Selection Algorithms
In this paper, we aim to provide a comprehensive analysis
of current demonstration selection methods and their impact
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Figure 1: An overview of demonstration selection algo-
rithms: These algorithms select demonstrations from the
data pool, which the LLMs then use to generate answers.

on LLM performance. In this study, we compare six demon-
stration selection algorithms for in-context learning: Con-
cept Based Demonstration Selection (CBDS) (Wang et al.
2024), Rethinking Demonstrations direct (RD-direct) and
channel (RD-channel) (Min et al. 2022), LLM Retriever
(Wang, Yang, and Wei 2023), UPRISE (Cheng et al. 2023),
and OpenICL TopK (Wu et al. 2023). These algorithms em-
ploy various strategies, from leveraging latent concepts to
using retrieval models, to select the best examples for LLMs.
Additionally, we include OpenICL Random as a baseline,
which randomly selects examples from the data pool.

Experiments
Experimental Settings

Datasets: The demonstration selection algorithms will be
evaluated on 5 datasets, categorized into two groups: classi-
fication and multi-choice. The classification datasets include
GLUE-MRPC, GLUE-QNLI, and GLUE-SST2 (Wang et al.
2018). The multi-choice datasets are CMSQA (Talmor et al.
2018) and SWAG (Zellers et al. 2018).

Metrics: Given that all datasets are either classification or
multi-choice, accuracy is an appropriate metric for evaluat-
ing the performance. To show the algorithm’s computational
efficiency, we present the results in seconds.

Implementation Details: All of the demonstration selec-
tion algorithms were tested on LLaMa3-8B (Dubey et al.
2024) to evaluate their effectiveness. As shown in Figure 1,
each algorithm first selects £ demonstration examples from
the available data pool based on the input question, which
serve as in-context learning exemplars. These exemplars,
along with the input question, are then fed into LLaMa3 for



Datasets MRPC QNLI CMSQA SWAG SST2

k= =8 k=10 k=20 k=4 k=8 k=10 k=20 k=4 k=8 k=10 k=20 k=4 k=8 k=10 k=20 k= =8 k=10 k=20
CBDS 62.3 80.8 78.8 573 51.1 50.7 544 54.8 29.2 294 344 432 36.8 38.1 346 369 914 939 935 732
RD-direct 40.6 40.6 342 34.0 33.6 35.1 359 355 423 428 43.1 412 562 56.6 57.3 56.4 919 757 94.6 83.8
RD-channel 44.0 45.1 453 429 46.7 47.8 449 38.8 53.6 534 56.6 488 53.2 520 51.8 57.8 91.2 879 793 764
LLM Retriever 74.7 754 759 762 715 723 729 72.7 50.6 52.2 52.8 53.8 65.1 64.7 649 64.7 93.7 93.8 93.6 935
UPRISE 75.2 747 759 76.0 81.8 81.9 81.8 81.1 614 63.2 644 66.2 69.0 66.8 69.9 619 934 925 924 913
OpenIlCL TopK  64.1 642 65.0 652 78.1 74.7 70.8 699 342 37.6 36.7 329 354 36.7 37.1 349 912 92.1 923 94.5
Random Selection 59.0 62.6 60.1 62.3 51.8 483 47.9 474 26.7 28.1 28.1 285 29.6 31.8 31.4 31.1 86.2 89.5 913 91.7

Table 1: Effectiveness of the Demonstration Selection Algorithms

Datasets MRPC QNLI tance of thorough evaluation before implementation.

selection inference selection inference . Among the Compared algorithms, CBDS and UPRISE
CBDS 544 182 535 180 stand out for their high accuracy but also for their poor ef-
RD-direct 2.34 %1077 1807 2.37 1077 1.81 ficiency. On average, these algorithms require over 5 sec-
RD-channel 2.24 %107 1.80 2.50 * 10 1.79 d d3 d ivel le for d
LLM Retriever ~ 8.32x 1071 1281  6.74x10"!  12.84 onds and 5 seconds respectively per sample tor demon-
UPRISE 3.06 3.67 3.23 3.66 stration selection. Referring to Table 1, out of 20 com-
OpenlICL TopK 1.46 %1071 120 2.22x107! 1.19 binations (4 k values x 5 datasets), CBDS or UPRISE
Random Selection  5.24 106 1.11 5.63 % 1076 1.10 achieved the best accuracy in 14 cases. However, this

Table 2: Efficiency of Demonstration Selection Algorithms
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Figure 2: A visualize trend of the algorithms effectiveness

evaluation. We measured the absolute time each algorithm
took to select k& demonstration examples per single input,
as well as the model inference time for the same input. To
ensure fairness, we excluded all offline computational time,
such as pre-training or other preliminary computations, for
all algorithms. The values of & considered in this study were
{4, 8, 10, 20}. All experiments were conducted using an
NVIDIA RTX A6000 GPU, with the LLaMa3-8B model
directly loaded from Huggingface, and we used the default
sampling parameters such as temperature and top_p.

Main Results

Table 1 presents the effectiveness of each algorithm across
different datasets and varying numbers of k in-context ex-
amples. The highest accuracy in each column is highlighted
in bold format. We evaluated the computational efficiency
of the six algorithms and a baseline, and report the results in
Table 2. Our key takeaways are listed as follows:

» Contrary to expectations, not all demonstration selec-
tion algorithms consistently outperform random selec-
tion. While some algorithms show significant improve-
ments, others struggle to surpass the baseline set by ran-
dom selection in certain scenarios. This finding chal-
lenges the assumption that sophisticated selection meth-
ods always yield better results and highlights the impor-
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superior accuracy comes at the cost of high computa-
tional complexity. The low efficiency of these algorithms
makes them challenging to apply in real-world applica-
tions where quick response times are crucial.

* The RD algorithm provides both direct and channel ap-
proaches for presenting demonstration examples to the
model. In our comparisons, we used ‘“demonstrations
with gold labels” for both the direct and channel ap-
proaches. We found that the channel approach generally
outperforms the direct approach. This observation aligns
with the results presented in Figures 8-10 of the original
paper (Min et al. 2022). A possible explanation is that the
channel approach better aligns the input features with the
class labels, making it easier for the model to understand.

Our analysis reveals that increasing the number of
demonstrations (k) does not always lead to better perfor-
mance. The relationship between k and accuracy is not
monotonic and varies significantly across tasks and algo-
rithms. In Figure 2, we visualize the effectiveness trends
of six algorithms on the CMSQA dataset. We observed
two primary patterns: (1) as shown on the left, perfor-
mance peaks at a certain k before declining, and (2) on
the right, accuracy continues to improve as k increases.
Thus, it is crucial to tune the number of demonstrations
for each specific task and algorithm combination.

Conclusions and Future Work

In this paper, our comprehensive evaluation of demonstra-
tion selection algorithms reveals significant variations in
both effectiveness and efficiency across different tasks and
datasets. While some algorithms show promising results, the
trade-offs between accuracy and computational cost present
challenges for real-world applications. Our findings high-
light the need for task-specific optimization and suggest po-
tential avenues for future research. These include develop-
ing adaptive algorithms to adjust demonstration numbers by
task complexity, using advanced retrieval methods, and bal-
ancing effectiveness with efficiency.
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