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Abstract

In-context learning is a technique in which a model leverages demonstrations provided in
the input context to perform tasks, without requiring parameter updates. However, existing
selection methods that require the selection of a specialised demonstration set for each
query impose significant computational overhead. Inspired by Data Maps (Swayamdipta
et al} 2020), this thesis proposes an alternative approach to improve in-context learning
by categorizing the dataset into three regions: easy-to-learn, ambiguous, and hard-to-learn.
Results indicate that demonstrations from the ambiguous region offer more effective and
stable support for in-context learning. Moreover, this approach reduces the size of the
dataset to 33% of its original volume while retaining high-quality demonstrations, thereby

improving efficiency without compromising performance.
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1 Introduction

Large Language Models (LLMs) have shown remarkable performance in different downstream
tasks (Brown et all [2020; Dong et al., 2024). However, the traditional fine-tuning method
requires updating the parameters of the whole model, which is both time-consuming and resource-
intensive (Isik et al., 2024)). This process requires powerful computational power, often requiring
high-performance GPU clusters, which can take hours to days even with sufficient resources,
delaying the practical application of the model. In addition, the traditional fine-tuning method
requires a substantial amount of labeled data to achieve good results, as fine-tuning relies on a
large and high-quality dataset, which can be expensive to obtain (Wang et al., [2020; [Liu et al.|
2023; Ziegler et al., |2019). Moreover, fine-tuning has limitations in enabling models to handle a
diverse range of tasks, highlighting the importance of following exemplars and instructions for
real-world applications (Gao et al., 2023} Xi et al.,[2023; Liu et al.|2022al). With the expansion of
pre-training datasets and model parameters (Brown et al.,2020), LLMs have increasingly gained
the ability to perform In-Context Learning (ICL), enabling them to infer effectively in different

tasks based on provided context.

In-Context Learning In-context learning, first introduced by Brown et al.| (2020), is a tech-
nique in which models learn to perform tasks by observing selected demonstrations provided
directly within the prompt. First, the human-designed template will turn pairs of text and label
from the training corpus into a uniform format. Next, demonstrations are selected from the
training dataset using various methods and concatenated with a test query (an instance from
the test dataset). Finally, the LLMs will perform inference based on the demonstrations and
make further predictions for the test query. As illustrated in Figure[l] given a Natural Language
Inference classification dataset Recognizing Textual Entailment (RTE) (Wang et al., [2018)),
we put instances into template (e.g., A computer system failure ... Based on that information,
is the claim: The Tokyo Stock ... “True® or “False“? Answer: True. ); Secondly, we take
k instances with selection methods like KATE (Liu et al.l 2022b)); Finally, we combined the
demonstrations with the templated query (Yet, we now are ... Based on that information, is the
claim: Bacteria is winning the war against antibiotics.“True® or “False“? Answer:) and feed
them into our LLMs. By mimicking the template of demonstrations, LLMs can directly infer the
relationship between two sentences (True) instead of explanations or meaningless answers (The

claim is “false®), which also helps reduce the likelihood of hallucination (Huang et al., 2024).



A computer system failure closed down share trading at the Tokyo Stock
Exchange for most of yesterday, the worst disruption to date for Asia\s
largest bourse:\n Based on that information, i the claim: The Tokyo Stock
Exchange was closed down by computer system failure. True” or “False"2\n

Selection Methods ner, True,
Nagin defended his plan o return up to 180,000 people o the city, within a
week and a half, despite concerns about the short supply of drinking water Without
and heavily polluted floodwaters \n Based on that information, is the claim: .
Thousands of people are expected to return to New Orleans s week, as Demonstrations
areas of the city are opened up to residents."True" or “False™?\n Answer: False.
Template -

{sentence1) Based on that information, is the claim: (sentence2) "True" or

“False’?\n Answer: {label) Yet, we now are discovering that antibiotics are losing their effectiveness Yet, we now are discovering that antibiotics are losing their effectiveness
against iiness. Disease-causing bacteria are mutating faster than we can against iiness. Disease-causing bacteria are mutating faster than we can

New Query | come up with new antibiotics to fight the new variations.\n Based on that New Query | come up with new antibiotics to fight the new variations.\n Based on that
‘ information, is the claim: Bacteria is winning the war against antibiotics. True* information, is the claim: Bacteria is winning the war against antibiotics. True*
or “False’\n Answer: or “False2\n Answer:
Corpus
Sentencel: A computer system failure closed down share trading at the Tokyo Input Input
Stock Exchange for most of yesterday, the worst disruption to date for Asia's

largest bourse. \n_Sentence2: The Tokyo Stock Exchange was closed down by
computer system failure. \n Label: True Pre-trained Large Language Model ‘ |
Sentence1: Nagin defended his plan to return up to 180,000 people to the

city, within a week and a half,despite concerns about the short supply of l

drinking water and heavily polluted floodwaters. \n Sentence2: Thousands of Output Output
people are expected to return to New Orleans this week, as areas of the city
are opened up to residents. \n Label: False

Pre-trained Large Language Model

True. It\s also important to remember The claim is *false”\nNot the answer you\'re looking for?
Browse other questions tagged logic truth ...

Figure 1: Illustration of in-context learning

Formally, given a pre-trained large language model fp;, a set of candidate answers ¥ =
{y1, .., ym and k demonstration examples: C = {s(x1,y1), $(zk,yr)}, where x; and y; are the
ground truth text and label in the demonstration set, and s is the template according to the task
(Dong et al., 2024). For example:

s(x): No Weapons of Mass Destruction Found in Iraq Yet. Based on that information, is the

claim Weapons of Mass Destruction Found in Iraq. “True“ or “False“? s(y): Answer: False

Then the final predicted label y for instance x will be the candidate answer with the highest
probability:

y= argmaXfM(yj,C’,x) (1)
y; €Y

Because in-context learning does not require changing the parameters of LLMs, this paradigm
has made it possible for LLMs to quickly adapt to new tasks and has been proven successful in
many practical applications (Gao et al.l [2023; Xi et al., 2023} [Liu et all |2022a).

How to select demonstrations for in-context learning (ICL)? The performance of ICL
is affected by many factors, such as the number of demonstrations (Liu et al, [2022D)), the order of
demonstrations (Lu et al.,2022; Liu et al.,2024), label imbalances (Zhao et al.,2021; |Chen et al.,
2023a)), and the templates of demonstrations (Sorensen et all, [2022). Among these, found

that the selection of demonstrations has the greatest impact on ICL performance, outweighing

the influence of labels and templates. Additionally, selecting a few high-quality demonstrations
as a prompt for LLMs is more efficient, as it reduces both inference time and the costs associated
with long contexts (Chen et al.| [2023D)).

Most current demonstration selection methods operate at the instance level, where a unique
set of demonstrations is selected for each query. While corpus-level selection strategies are more

efficient, as they eliminate the need to make individual selection for each query, identifying a



single set of demonstrations that performs well across all queries is still a huge challenge and

relatively unexplored (Dong et al., 2024]).

This thesis aims to address this challenge by selecting a subset of instances that consistently
improve the model’s ICL capability on unseen data. Identifying these traits, the model could
perform ICL robustly across all queries, even with randomly sampled demonstrations from this
subset. Furthermore, for instance-level selection, this approach has the potential to narrow the

search space, making the process more efficient.

Data Maps This paper explores the use of Data Maps (Swayamdipta et al.| 2020). Data
Maps are constructed by first fine-tuning models on the training dataset and then categorizing
the data into three regions based on training dynamics (Swayamdipta et all |2020): easy-to-
learn, ambiguous, and hard-to-learn. These regions are used to analyze which one facilitates the
model’s generalization ability - the capacity of the model to perform well on unseen data beyond
the training set. However, Swayamdipta et al.| (2020) focused on the fine-tuning stage, and this
paper investigates the usability of Data Maps for in-context learning. A detailed explanation of

why Data Maps hold potential for use in ICL is provided in Appendix A.1.

This thesis aims to explore whether a data map can serve as a tool for data selection in
in-context learning (ICL). To address this, I investigated two sub-questions: SQ1: How to
quantify the contribution of each instance towards the ICL performance? As training
dynamics could be seen as two features of datapoints, it does make sense to explore the potential
relationship between training dynamics and the performance of ICL. However, as the demonstra-
tions in one set will interact with each other (Chen et al. [2023b) and the accuracy of one-shot
learning (ICL with only one demonstration) ignore the impact from other demonstrations, the
accuracy of one-shot learning is not sufficient to evaluate the influence of one demonstration.
Therefore, I introduced DataModels (Nguyen and Wong}, 2023)) to calculate the influence scores

of each instance on the ICL.

Secondly, SQ2: How do the three regions in Data Map affect in-context learning?
Understanding the impact of different regions within a Data Map on ICL is also useful for
optimizing demonstration selection. By analyzing each region’s contribution to ICL, I can identify
which types of data offer the most reliable support. I will sample a large number of demonstration
sets from each region and then calculate the average accuracy to represent each region’s influence
on ICL.



2 Related Work

There are two main kinds of methods to select demonstrations: unsupervised methods
[2022b; |Sorensen et al., |2022; Nguyen and Wong), 2023; (Gonen et al., 2023; |Sun et al [2024)) and
supervised methods (Rubin et all [2022; [Li et all [2023} |Ye et al) 2023; |Wang et al. [2023)).
Unsupervised methods do not need to update the parameters of LLMs, they leverage various

metrics (e.g., distance to the query, perplexity, diversity) of the text to select the demonstrations.
In contrast, supervised methods generally fine-tune two retrievers (also called encoders — one
for encoding candidate demonstrations from the training dataset, and one for encoding query
texts) through a customised loss function. This loss function often includes specific metrics
designed to guide the retrievers toward focusing on particular features of the demonstrations.
After the retrievers are fine-tuned, demonstrations are then selected by the unique features used
in the above loss function. For example, as shown in Figure [2] it first used an unsupervised
method (BM25 (Robertson et al.| |2009))) to retrieve a set of candidate training instances, then

uses a scoring model to categorize the data into positive and negative. Finally, it trained the

query encoder and the demonstrations encoder through contrastive learning (Oord et al., 2018)

to learn to retrieve demonstrations that are most similar to the query. Since this paper focuses

on unsupervised approaches, this section will only review related work in unsupervised methods.

(" Which states border the ) Which states border the Positive

Examples

[What is the length of the longest river in the usa?] :
shortest river in the usa? longest river in the usa?

[ 1) rivers 2) #1in the usa 3) lengths of #24) ... ] 1) the usa 2) rivers of #1 3) 1) the usa 2) rivers of #1 3)
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Figure 2: An overview of one supervised method, cited from [Rubin et al.| (2022)

LLiu et al.|(2022b) found that random selection of demonstration sets often leads to significant

variability in ICL accuracy, as different demonstration sets can lead to large differences in ICL
performance. They also proposed an unsupervised method called KATE (Knn-Augmented in-
conText Example selection), which is based on the distance (Euclidean Distance or Cosine
Similarity) between query and training instances to select demonstrations. Based on their result,
proposed a data compression-based approach to selecting demonstrations with
the aim of efficiently selecting examples relevant to the query input while retaining sufficient
information from the training dataset. Firstly, they applied BM25 (Robertson et al.l 2009)) to
retrieve a set of relevant demonstrations. Next, they used the Influence Function




2022) to estimate the parameter change caused by re-weighting an example for the training

dataset. Finally, they re-ranked demonstrations by combining relevance and impact scores.

Different from KATE, which assumes that the more similar the demonstration is to the
test query, the better in-context learning performs, it’s also crucial to consider the diversity of
demonstrations set. [Levy et al.| (2022) thought that when models are tested on queries that are
out of distribution from the training set, selecting similar demonstrations is insufficient; instead,
diverse demonstrations can enhance generalization. They applied Determinantal Point Process
(DPP) (Kulesza et al.| 2012]) to choose sets that contain relevant and diverse demonstrations and
performed experiments on semantic parsing datasets. Their results proved that DPP method
outperformed Top-k (select k most similar demonstrations based on the distance metric (Liu
et al., [2022D)).

In addition to similarity and diversity, Gonen et al.| (2023]) assumed that demonstrations with
lowest perplexity conform to the syntax of the used LLMs, i.e., the better it is understood by
that LLM leading to the better performance. They performed experiments on 2 tasks: word-
level translation and classification tasks and looked at two measures: (a) the confidence of the
correct label given by LLMs, averaged across 1,000 test instances; (b) the accuracy on the task,
computed over the 1,000 test instances. They found that the prompts with the lowest perplexity
often performed the better than than the prompts with higher perplexity.

Unlike the methods above, which make various assumptions about the properties of demon-
strations and their contribution to ICL, Nguyen and Wong| (2023)) selected demonstrations based
on the changes they caused to accuracy on the validation set. First, they randomly selected NV
(a hyperparameter) subsets S; of instances from the training dataset as demonstration sets and
recorded the accuracy y; for each demonstration set S;. Secondly, they fit a Linear Lasso Model
(Tibshirani, [1996) g on the dataset D of {(S;,y:)} pairs:

gg(si) =0- 121 + 6y (2)

where s; is i-th demonstrations set and 1, is a binary indicator vector of length equal to the size
of the original training set. A value of 1 at position j indicates that the instance j in training
set is included in the demonstrations and a value of 0 is the opposite. By training this linear
model on D, the parameter §; could be seen as influence estimates on ICL (the j-th value in the

vector is the influence score of the j-th instance).

They performed experiments in classification tasks and multi-choice tasks and compared their
methods with random choosing, best set (demonstrations with the highest accuracy in validation
set), one-shot (also one demonstration with the highest accuracy in validation set), KATE (Liu
et al.l 2022b)) and perplexity (Gonen et al.|2023). For positive demonstrations (influence score is

positive), their methods outperform other unsupervised methods (KATE (Liu et al., [2022b) and



Perplexity (Gonen et all 2023)). Furthermore, in most cases, selecting instances with negative
influence scores as demonstrations for ICL tends to result in lower performance compared to using
instances with either positive or neutral influence scores. This indicates influence-based selection
methods can consistently identify helpful/harmful demonstrations. In addition, they also found
different LLMs (GPT-NeoX, LLaMA, OPT) will not share the high-influence demonstrations and
the accuracy of LLMs tends to increase as the number of demonstrations increases. Finally, they
studied the relationship between the position of demonstrations (the order) and the performance
of ICL. They computed the influences of each position in 4-shot ICL and the results showed that
influence scores of demonstrations increased as their position moved closer to the query in the

order.

All of the above methods examined the sensitivity of their approaches to the number of
demonstrations used. [Chen et al.| (2023b) was the first to investigate the universal impact of
demonstration quantity on reasoning tasks and found: a single positive demonstration (for each
test query, the demonstration leading to the correct answer in one-shot ICL is positive) outper-
forms using eight positive demonstrations. They suggested that multiple demonstrations may
introduce redundant information, which can confuse the model. Their experiments also revealed
that adding more positive demonstrations reduces performance, while adding negative demon-
strations (with stricter rules) improves it. This indicates interactions among demonstrations in
in-context learning and suggests that carefully selected negative demonstrations may enhance

ICL performance more effectively than positive ones.
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3 Methodology

This section describes two main concepts of my methodology. In the first section, I will introduce
the concept of Data Maps. In Section 3.2, I will focus on DataModels and explain how they can

be leveraged to analyze demonstrations in in-context learning.

3.1 Data Maps

Swayamdipta et al.| (2020) proposed a method called Data Maps to categorize and diagnose
datasets, which is based on the idea that each instance in the training dataset contributes differ-
ently to the model. They fine-tuned a large language model, RoBERTa (Liu et all [2019), over
multiple epochs on the training set and defined two Training Dynamics: Confidence and
Variability, where confidence refers to the mean model probability of the true label (y;) for the
i-th instance across E epochs:

E

- 1 *

Hi=5 ZPO<€> AED 3)
e=1

where py) denotes the model’s probability with parameters 0(¢) at the end of the e-th epoch.

Variability measures the standard deviation of the i-th instance’s py() (y;|x;) across epochs:

S e (5 |i) — fi)?
g; = \/ o E (4)

As shown in Figure 3] the authors concluded that there are three main regions in the training
dataset: easy-to-learn, ambiguous and hard-to-learn. Specifically, easy-to-learn instances are
those consistently predicted with high confidence across epochs, while hard-to-learn instances
show consistently low confidence, and ambiguous datapoints are instances with high variability.
Their experimental results show the datapoints in the ambiguous region make the greatest con-
tribution to improving out-of-distribution generalization. Secondly, easy-to-learn region plays an
important role in model optimization. While [Swayamdipta et al.| (2020)) focused only on the fine-
tuning setting, the potential value of Data Maps for in-context learning remains understudied.
Since ICL can be explained as a form of implicit fine-tuning (Dai et all [2023) (see Appendix
A.1 for details), I hypothesize that using instances from the ambiguous region as demonstrations

could also enhance ICL performance on unseen instances.

Most work using DataMaps have focused on the fine-tuning setting (e.g., Ethayarajh et al.
(2022); Karamcheti et al| (2021)). One exception is that Liu et al|(2022a) used it to generate
a new dataset based on MultiNLI. They selected the demonstrations from the most ambiguous

(25%) region of the dataset and leveraged GPT-3’s in-context learning capabilities to generate

11
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Figure 3: Data Map for SNLI training dataset, taken from (Swayamdipta et al.l [2020)

new instances that have a high probability of also belonging to the ambiguous region. In this
way, compared with the datasets from the same task, their new datasets have more instances in
the ambiguous region. Their experimental results proved that the models trained on their new
dataset perform better on test datasets than the same models trained on other datasets from
the same task, including the original dataset. However, their aim is not to enhance ICL directly,
but rather to utilize ICL for the generation of datasets containing more ambiguous instances,

intended for further fine-tuning.

3.2 DataModels

Nguyen and Wong (2023)) proposed an influence-based demonstrations selection that invokes

DataModels (Ilyas et al., [2022)) framework. Firstly, they randomly selected a subset of instances

from the training dataset to create a demonstration set s;, repeating this process N times. For
each demonstration set s;, they recorded its corresponding accuracy y; on the validation set. Sec-
ondly, consider the combined dataset D = {S,Y}, where S = {s1,...,sn} and Y = {y1,...,yn}
such that s; represents a demonstrations set and y; represents the validation accuracy corre-
sponding to subset s;. To predict validation accuracy, they fit a Linear Lasso Model

12



1996)) go on the dataset D of {(s;,y;)} pairs:
go(si) =0 - lsTi ) (5)

where s; is i-th demonstrations set, gq(s;) predicts the validation accuracy given s;, and 1, is
a binary indicator vector of length equal to the size of the original training set. A value of 1 at
position j indicates that the instance j on the training set is included in the demonstrations and

a value of 0 is the opposite.

Lasso model is chosen for its ability to produce sparse models by shrinking less important
feature weights to zero, which allows the identification of the most influential training instances.
By training the model on D, the parameter §; represents the influence score of the j-th training
instance, while the bias term 6y indicates the baseline accuracy of the model’s predictions. The

output gs(s;) provides a predicted accuracy for the given demonstration set.

In Data Maps (Swayamdipta et al., 2020), each of the three regions had a different effect
on the performance of the fine-tuned model, so I created separate DataModel for each region
in this work. Since a Data Map divides the dataset into three regions, comparing the influence
scores of instances from each region directly would not be meaningful due to different bias of
each DataModels. To address this, I introduce a metric called the Influence-Bias Score. This
score combines the bias of the DataModel with the influence score of the i-th demonstration,
providing a measure of how the demonstration adjusts the baseline accuracy after receiving the
effect from the sampling region. The Influence-Bias Score is computed as the sum of the bias

(fo) and the influence score for a given demonstration:

IBS; = 0y + 0; (6)

13



4 Experiments

This section describes the experimental steps of my methodology. In Section 4.1, I will present
the experimental configuration: the large language model and the NLI dataset I choose. In

Section 4.2 and 4.3, I will describe my main research findings.

4.1 Setup

Models. For the Data Map, I will follow the original paper by |Swayamdipta et al.| (2020), using
the RoBERTa models to build the data map. Compared with larger LLMs
such as LLaMa-2 (Touvron et al.,2023), RoBERTa models are more lightweight. Furthermore,
found that the overall structure of data maps remains consistent across different
models. Therefore, I will use the RoBERTa-base model with 125M parameters to build data

maps.

For ICL, since [Brown et al| (2020) first proposed the concept of in-context learning with

GPT, most studies have used the GPT family for experiments. [Nguyen and Wong| (2023) used

a different large language model family, LLaMa-2 (Touvron et al.| [2023)), and demonstrated its

strong ICL abilities. In this thesis, I will perform ICL experiments using the LLaMa-2-13b model
from Hugging Face. All experiments were conducted using an NVIDIA A100 80 GB GPU.

Dataset. I use one Natural Language Inference dataset: RTE (Recognizing Textual En-

tailment) dataset (Wang et all 2018]), which is designed to determine the semantic/entailment

relationship between two sentences. RTE has been extensively studied in previous work on Data

Maps (Swayamdipta et al. 2020) and will be the primary focus of my experiments. The goal

of RTE is to predict whether the first sentence entails the second sentence and classify each

pair into two categories: entailment and not entailment. In previous studies, this dataset has

been used to analyze how to select optimal demonstrations for ICL (Lu et al., [2022; Nguyen and|
[Wong, 2023; |Li et al., 2023).

Previous studies generally used the training set for demonstration selection and the develop-

ment and test sets for prediction in their experiments, e.g., (Nguyen and Wong}, 2023). Following

previous studies, I used the entire training set for demonstration selection and performed in-
context learning (ICL) on the complete development set, evaluating performance with accuracy
as the metric. The data split statistics are shown in Table

14



Dataset | Train Dev
RTE 249k 277

Table 1: Data split for the datasets

Examples from the RTE dataset and the prompt template are shown in Tables [2| and

Premise Hypothesis Label
No Weapons of Mass
Destruction Found in Iraq Yet.
Edward VIII became King in January
of 1936 and abdicated in December.

Weapons of Mass Destruction Found in Iraq. not_entailment

King Edward VIII abdicated in December 1936. entailment

Table 2: Examples from RTE, cited from |Wang et al.| (2018))

Dataset Template
RTE “text1“ Based on that information, is the claim “text2*
“True“ or “False“? Answer:

Table 3: Templates of RTE dataset

In my experiments, I also used Stanford Natural Language Inference (SNLI) (Bowman et al.
2015) and Multi-Genre Natural Language Inference (MultiNLI) (Williams et all [2018)) datasets.
The SNLI dataset comprises 570k sentence pairs labeled as entailment, contradiction, or neutral,
while the MultiNLI dataset contains 433k sentence pairs spanning ten distinct genres. Although
SNLI and MultiNLI are well-established benchmarks for natural language inference, the per-
formance of Llama2-13b on these datasets was unexpectedly low, nearly approaching random
guessing. Given that these are three-class classification tasks, the model’s accuracy hovered
at approximately 34%, slightly above the random guessing baseline of 33.3%. In contrast, the
model performed more reliably on the RTE dataset, likely due to its simpler two-class classifica-
tion structure. This suggests that task complexity and class structure significantly impact model

performance. Consequently, my thesis focuses on the RTE dataset.

Configurations. Firstly, for each shot, I randomly sampled demonstration sets from each re-
gion and calculated the accuracy of each set on the validation set separately, configured as shown
in Table 4} T also sampled a number of demonstration sets from the entire training dataset and
compared it to different regions to explore which region retained more demonstrations that pos-
itively impact ICL. Secondly, to compute influence scores of instances in different regions under
different shots, I constructed Lasso linear models using binary vectors representing demonstra-
tion indices (with each dimension indicating whether a demonstration was included (1) or not
(0)) and the corresponding accuracy. The weight of each demonstration in DataModel can then

be seen as the influence score of this demonstration for ICL in the region.

15



shot dataset the number of demonstration sets

Entire 5200

3 Easy-to-learn 1800
Ambiguous 1800
Hard-to-learn 1800
Entire 2000

5 Easy-to-learn 700
Ambiguous 700
Hard-to-learn 700
Entire 2000

3 Easy-to-learn 700
Ambiguous 700
Hard-to-learn 700
Entire 1300

19 Easy-to-learn 450
Ambiguous 450
Hard-to-learn 450
Entire 1000

16 Easy-to-learn 350
Ambiguous 350
Hard-to-learn 350
Entire 800

20 Easy-to-learn 300
Ambiguous 300
Hard-to-learn 300

Table 4: The number of demonstration sets for different regions under different shots

For the calculation of influence scores, the official code by Nguyen and Wong| (2023)) sampled
400 data points from the original training set. However, since I need to calculate influence scores
for all 2,490 instances, I expanded the number of demonstration sets. This expansion increased

the number of indices-accuracy pairs, thereby providing a better fit for the lasso model.

In the inference process, to accelerate in-context learning, I utilized the vLLM (Kwon et al.
2023)) library. For each set of experiments, I configured the following parameters: temperature
=1, top_k = 10, repetition_penalty = 1, maz_tokens = 5 and random_seed = 42. See Appendix

A.2 for specific configuration instructions.

4.2 Main Results

Data Maps. Figure 4] demonstrates the Data Map for the training set of the RTE dataset
constructed by RoBERTa-base. For RTE dataset, datapoints with high confidence (i.e., the
mean probability of the true label of a data point across epochs) constitute the majority of the

data points. The variability values (i.e., the standard deviation of the true label of a data point

16



across epochs) are concentrated in the middle range, around 0.2. T have also listed a few examples
from different regions in Table The first example is categorized as easy-to-learn because it
involves different subjects (compensation vs. shares) and different quantifiers (549 million vs. 30
million). The ambiguous example can be interpreted in two ways: one interpretation is that if
the discussion is about when humans left Africa, the hypothesis is unrelated to the premise (as
they cover different subjects); the other interpretation is that the premise, which states humans
left Africa one million years ago, implies humans existed 10,000 years ago, since one million is
greater than 10,000. The hard-to-learn example is more complex: although the premise contains

all the words of the hypothesis, there is no causal relationship between them.
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Figure 4: Data Map for RTE training dataset built by roberta-base
Premise Hypothesis Label Region
With $549 million in cash as of June 30, Some 30 million shares have been assigned .
. . s not_entailment  easy-to-learn
Google can easily afford to make amends. to the company’s workers.

About one million years ago,
these people began to slowly leave Africa.
The Chicago White Sox are a major
league baseball team based in Chicago, Illinois.

Humans existed 10,000 years ago. entailment ambiguous

The Bulls basketball team is based in Chicago, Illinois. not_entailment hard-to-learn

Table 5: Example from each region in the RTE dataset

I experimented with various numbers of demonstrations and observed consistent results across
different shots. I therefore present the experimental results for 12 shots in the main text and

the experimental results for 3-shot, 5-shot, 8-shot, 16-shot and 20-shot can be found in the
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Appendix A.3. Following the configuration of Table 4] I sampled 1300 demonstration sets from
the entire training dataset and 450 demonstration sets from each of three regions for 12-shot.
For each region, I calculated the accuracy corresponding to each demonstration sets to construct
the DataModels.

Reliability of DataModels. In order to explore the potential relationship between training
dynamics and the performance of ICL, I performed DataModels to evaluate the impact of the
specific demonstration. I trained DataModels with the demonstration set and corresponding true
accuracy pairs obtained in the previous step. The fitted DataModels closely approximate the true
accuracy: there is a strong linear correlation between true accuracy and predicted accuracy by
DataModels of the entire training dataset (Figure|5)). I also calculated the Pearson Correlation
Coefficient , which has a value greater than 0.759. Overall, when the influence
score of a demonstration is greater than zero (increases the predicted accuracy), it will positively
impact the in-context learning performance. Similarly, I also created three DataModels for each
of the three regions of Data Maps, and the experimental results show that there is a strong linear

relationship between prediction accuracy and true accuracy, as shown in Table [6]

True Accuracy vs Predicted Accuracy (Corr: 0.759)

g °
o
= oes o
°
0.64 o °
) o®
0.62. . .
° )
° C)
o )

True

Figure 5: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 12 shots. Pearson Correlation Coefficient describes the strength and
direction of the linear relationship between true accuracy and predicted accuracy
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Methods Pearson Correlation Coefficient
the entire dataset 0.759
easy-to-learn 0.930
ambiguous 0.904
hard-to-learn 0.956

Table 6: The Pearson Correlation Coefficient of four methods under 12 shots

Training Dynamics and Influence Scores. In order to explore the direct relationship be-
tween training dynamics and in-context learning, I examined the scatter plot between confi-
dence/variability and influence scores, as shown in Figure |§| and Figure Most results are
mixed and there is no explicit relationship between training dynamics and influence score for the
entire training dataset. However, as shown in Figure[6] the influence scores for samples with low
confidence scores are usually 0. This indicates that, when sampling from the entire dataset as

demonstrations, hard-to-learn instances usually have no effect on ICL.

Confidence vs Influence Score

Confidence

Figure 6: Scatter Plot of Confidence vs. Influence Score for the entire training dataset under 12
shots
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Variability vs Influence Score

Variability

Figure 7: Scatter Plot of Variability vs. Influence Score for the entire training dataset under 12
shots

Likewise, there is no explicit relationship between training dynamics and influence score
for three separate regions (Figure Figur and Figure in Appendix A.3). Overall, the
connection between these factors is more complex and may be influenced by other variables, such

as similarity, which warrants further exploration in future work.

Accuracy of Different Regions. In order to measure the impact of different regions on
ICL, T computed the average accuracy and variance of the demonstration sets from different
regions, as configured in Table [4| of Section 4.1. Table[7|shows the average accuracy and variance
for the entire dataset as well as for the three regions. The analysis reveals that ambiguous
demonstration sets achieve a similar average accuracy (0.681) to the entire training dataset but
with lower variance, indicating more consistent performance. The average accuracy of easy-
to-learn demonstration sets was slightly lower, coming in second. In contrast, hard-to-learn
demonstration sets had the lowest average accuracy and the highest variance. This indicates

that most hard-to-learn instances perform worse than ambiguous or easy-to-learn instances.

Methods Average Accuracy Variance

the entire dataset 0.681 0.001348
easy-to-learn 0.676 0.001316
ambiguous 0.681 0.001088
hard-to-learn 0.668 0.001540

Table 7: The accuracy (mean and variance) of four methods under 12 shots
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Impact of Sampling Regions on ICL Performance. In order to evaluate the impact of
one demonstration in different regions (e.g., when it is combined with only ambiguous instances
and when it is combined with instances from the entire training dataset), I used influence-bias

scores (IBS) to represent how sampling the same instance from different sets impacts ICL.

Figure [§ shows the distinct effects of different sampling regions on the IBS, where Easy
(whole) denotes the IBS of the easy instances when other demonstrations are sampled from
the whole dataset, whereas Easy (region) refers to the performance of the ICL when other
demonstrations are only sampled from the easy-to-learn region. Firstly, when only easy-to-
learn instances were used as demonstrations, the upper fence (Q3 + 1.5 x IQR, where Q3 is
the third quartile, marking the 75-th percentile of the data, and IQR is the interquartile range,
calculated as Q3 — QQ1, representing the range between the first and third quartiles) of the IBS
of the instances didn’t change but the mean and lower fence (@1 — 1.5 x IQR) of IBS became
lower compared with Easy (whole). This indicates that too many easy-to-learn demonstrations
can actually be detrimental to ICL. Secondly, for the hard-to-learn instances, the overall IBS
significantly decreases when demonstrations were only sampled from the hard-to-learn regions.
Finally, the mean IBS of ambiguous instances improves when ambiguous demonstration was
only combined with ambiguous demonstration. The upper fence of IBS increased while the lower
fence also decreased. Ambiguous demonstrations usually have a more positive impact on ICL

than demonstrations from other regions.

Box Plot of the result

—.r
B = E=

Easy (whole) Easy (region) Ambiguous (whole) Ambiguous (region) Hard (whole) Hard (region)

Figure 8: The Influence-Bias Scores of three regions under 12 shots; Easy (whole) represents
the IBS of easy instances when other demonstrations are sampled from the entire dataset, while
Easy (region) refers to the performance when other demonstrations are only sampled from the
easy-to-learn region for ICL; the same applies to Ambiguous and Hard.
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4.3 Overall Performance for all shots

Average Accuracy and variance

Average Accuracy Variance Difference between Ambiguous region and entire dataset
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Figure 9: The mean (left) and variance (middle) accuracy of four methods under different shots,

along with average accuracy of ambiguous region minus average accuracy of the entire dataset
(right)

Average influence_score + bias
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Figure 10: The average influence-bias scores of three regions under different shots; Easy (whole)
represents the IBS of easy instances when other demonstrations are sampled from the entire
dataset, while Easy (region) refers to the performance when other demonstrations are only
sampled from the easy-to-learn region for ICL; the same applies to Ambiguous and Hard.

Average Accuracy and Variance across different shots. For all shots, selecting demon-
strations exclusively from the ambiguous region results in both improved performance and greater

consistency in in-context learning (ICL). In Table [7} the average accuracy of the ambiguous re-
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gion for 12 shots is slightly lower than that of the entire dataset. However, as shown in Figure [0}
for other shots, ambiguous demonstration sets consistently achieve the highest average accuracy
(slightly exceeding that of the entire dataset) and the lowest variance, while the hard-to-learn
region shows the opposite trend. In terms of both mean and variance, the easy-to-learn region
and the entire training dataset show no significant difference, with the average accuracy of the

entire dataset being only about 0.2% higher.

Average Influence-Bias Score across different shots. The result shows that only am-
biguous (region) achieves a higher average influence-bias score compared to ambiguous (whole)
for in-context learning in all shots. Figure [10] illustrates the average influence-bias scores (IBS)
of demonstrations sampled either from specific regions or the entire dataset. For the other two
regions, the average IBS of easy (region) is exceeded by that of easy (whole) at 12 shots and
the average IBS of hard (region) is exceeded by that of hard (whole) when shot is 8. This in-
dicates that as the number of demonstrations increases, sampling exclusively from the easy or
hard regions becomes less effective for ICL compared to incorporating demonstrations from other

regions.
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5 Conclusions

Since different demonstrations are selected for each query, most current unsupervised selection
methods for ICL are computationally expensive. Inspired by Data Maps, this thesis introduces
a method to classify and diagnose the training dataset using a smaller model (RoBERTa). This
approach effectively reduces the search space for demonstrations while maintaining their quality.
Furthermore, I demonstrate that instances in the ambiguous region can positively influence ICL

performance.

Importantly, my findings reveal that there is no straightforward linear relationship between
individual training dynamics and in-context learning. However, the results suggest that the
ambiguous region provides more effective and robust demonstrations for ICL compared to other
regions. By sampling solely from the ambiguous region, which contains the top 33% of instances
with the highest variability, Data Maps can reduce the search space for unsupervised methods

to just 33% of the original dataset.

In addition, demonstrations from the easy-to-learn region perform slightly underperform com-
pared to those sampled from the entire training dataset, while the hard-to-learn region proves to
be the least effective and most unstable. Notably, across all shots, demonstrations solely from the
ambiguous region outperform those combined with the other two regions. For the easy-to-learn
and hard-to-learn regions, combining demonstrations within the same region only yields positive

effects when the number of demonstrations (shots) is small.

6 Future Work

In this section, I'd like to discuss the limitations of the current work and outline several potential
avenues for future research. Firstly, Swayamdipta et al. (2020) used 33% as threshold for each
region: for each region, they selected the top 33% of data with the largest or smallest confi-
dence/variability. For RTE dataset, the number of instances with low confidence is relatively
low and the instances in the hard-to-learn region exhibit significant variation in confidence score.
Similarly, the ambiguous region also contains some instances with low variability. Therefore, dy-

namically adjusting the threshold for different datasets may lead to improved ICL performance.

Secondly, this paper applied Data Maps in the RTE dataset with the LLaMa-2-13b model.
It remains to be seen whether models with different structures or different parameter sizes can
achieve similar results on the RTE dataset using Data Maps. Moreover, since this paper only
applied Data Maps to the RTE dataset for ICL, future work could evaluate the performance of
Data Maps across various Natural Language Inference datasets. Given that |[Swayamdipta et al.

(2020) applied Data Maps specifically to the NLI task, which is a classification task, extending
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its use to ICL in generation tasks presents an additional challenge. Finally, even within the same
region of the RTE dataset, the performance of different instances varies considerably. Therefore,
it would be valuable to explore how to select the most effective set of demonstrations from one

region to maximize the performance of ICL.
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A  Appendix

A.1 Explanation

Dai et al.| (2023)) explains language models as meta-optimizers and understands ICL as a kind of

implicit fine-tuning:

Fron(q) = Wzspg + Wy X' (W X')Tq
=Wzsrg+AWicrq (7)
= (WZSL + AW[CL)(]

where Wyzsr, is the the initialized parameters of zero shot learning, X’ denotes the input rep-
resentations of the demonstration tokens, ¢ is the attention query vector and Wg, Wy are the

projection matrices for computing the attention keys and values respectively;

As shown in the above equation, the attention to the demonstration tokens is equivalent to
parameter updates AWjc that take effect on Wzgr. The authors explained in-context learning
as a process of meta-optimization: (1) a pre-trained GPT model serves as a meta-optimizer; (2) it
produces meta-gradients according to the demonstration examples through forward computation;
(3) through attention mechanism, the meta-gradients are applied to the original language model
to perform ICL (Dai et al.l |2023). Therefore, I hypothesize that the instances which can improve
the model’s generalization ability during fine-tuning stage may also enhance the ICL ability of

LLMs on unseen instances.

A.2 Inference Configuration

Temperature: This hyperparameter adjusts the randomness of predictions by scaling the logits
before applying softmax. A value of 1 implies no additional scaling, maintaining the model’s
original distribution, while lower values reduce randomness and higher values increase it (Tunstall

et al.l [2022)). In this paper, temperature is set to 1.

Top K: This parameter limits the number of candidate tokens considered for sampling. The
model selects from the top K most likely tokens based on their likelihood scores, introducing a
degree of controlled randomness by sampling from the most probable options (Holtzman et al.)
2019). In this paper, Top K is set to 10.

Repetition Penalty: This parameter influences the model’s tendency to repeat words or
phrases during text generation. A value of 1 indicates no additional penalty, while values greater

than 1 discourage repetition, enhancing the diversity of generated text (Tunstall et al. |2022]).
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In this paper, Repetition penalty is set to 1.

Max Tokens: This hyperparameter defines the maximum number of new tokens generated
in the output. For efficiency and brevity, I set it to 5, which helps to limit the length of generated
text and accelerate the inference process (Tunstall et al.l |[2022). In this paper, max tokens is set
to 5.

In this configuration, temperature = 1 maintains the model’s original predictive distribution
while Top-k ensures that the model outputs the most likely words and ensures randomness, and
repetition penalty is set to 1 so that the predicted label will not be influenced by the labels in

the demonstrations.

A.3 Full Results

This Appendix will provide the results of all my experiments including 3-shot, 5-shot, 8-shot,
16-shot and 20-shot. Because the pearson correlation coefficient of 3-shot is relatively low, the

experimental results of bias and influence-bias scores will not be shown here.

Methods Average Accuracy  Variance

the entire dataset 0.661 0.0018024
easy-to-learn 0.659 0.0018528
ambiguous 0.661 0.0017332
hard-to-learn 0.655 0.0021904

Table 8: The mean and variance accuracy of four methods under 3 shots
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True Accuracy vs Predicted Accuracy (Corr: 0.147)
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Figure 11: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 3 shots. Pearson Correlation Coefficient describes the strength and direc-
tion of the linear relationship between true accuracy and predicted accuracy
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Figure 12: Scatter Plot of Confidence vs. Influence Score for the easy-to-learn region under 12
shots
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Variability vs Influence Score

Variability

Figure 13: Scatter Plot of Variability vs. Influence Score for the ambiguous region under 12
shots

Confidence vs Influence Score
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Figure 14: Scatter Plot of Confidence vs. Influence Score for the hard-to-learn region under 12
shots

Methods Average Accuracy  Variance

the entire dataset 0.668 0.0019587
easy-to-learn 0.666 0.0019102
ambiguous 0.670 0.0017032
hard-to-learn 0.659 0.0027713

Table 9: The mean and variance accuracy of four methods under 5 shots
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True Accuracy vs Predicted Accuracy (Corr: 0.652)
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Figure 15: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 5 shots. Pearson Correlation Coefficient describes the strength and direc-
tion of the linear relationship between true accuracy and predicted accuracy
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Figure 16: Scatter Plot of Confidence vs. Influence Score for the entire training dataset under 5
shots
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Variability vs Influence Score
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Figure 17: Scatter Plot of Variability vs. Influence Score for the entire training dataset under 5
shots

Box Plot of the result
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Figure 18: The Influence-Bias Scores of three regions under 5 shots; Easy (whole) represents
the IBS of easy instances when other demonstrations are sampled from the entire dataset, while
Easy (region) refers to the performance when other demonstrations are only sampled from the
easy-to-learn region for ICL; the same applies to Ambiguous and Hard.
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Methods Average Accuracy  Variance

the entire dataset 0.676 0.0016903
easy-to-learn 0.674 0.0016477
ambiguous 0.678 0.0014744
hard-to-learn 0.665 0.0021193

Table 10: The mean and variance accuracy of four methods under 8 shots

True Accuracy vs Predicted Accuracy (Corr: 0.671)

Predicted
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Figure 19: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 8 shots. Pearson Correlation Coefficient describes the strength and direc-
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tion of the linear relationship between true accuracy and predicted accuracy

Figure 20
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Confidence vs Influence Score

: Scatter Plot of Confidence vs. Influence Score for the entire training dataset under 8
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Variability vs Influence Score
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Figure 21: Scatter Plot of Variability vs. Influence Score for the entire training dataset under 8
shots

Box Plot of the result
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Figure 22: The Influence-Bias Scores of three regions under 8 shots; Easy (whole) represents
the IBS of easy instances when other demonstrations are sampled from the entire dataset, while
Easy (region) refers to the performance when other demonstrations are only sampled from the
easy-to-learn region for ICL; the same applies to Ambiguous and Hard.
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Methods Average Accuracy  Variance

the entire dataset 0.684 0.0010789
easy-to-learn 0.682 0.0012179
ambiguous 0.685 0.0009928
hard-to-learn 0.669 0.0016272

Table 11: The mean and variance accuracy of four methods under 16 shots

True Accuracy vs Predicted Accuracy (Corr: 0.806)
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Figure 23: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 16 shots. Pearson Correlation Coefficient describes the strength and
direction of the linear relationship between true accuracy and predicted accuracy
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Figure 24: Scatter Plot of Confidence vs. Influence Score for the entire training dataset under
16 shots

40



Variability vs Influence Score

o o sem e m se some oo

Score

—0.01

-0.02

~0.03

—0.04

Variability

Figure 25: Scatter Plot of Variability vs. Influence Score for the entire training dataset under
16 shots

Box Plot of the result
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Figure 26: The Influence-Bias Scores of three regions under 16 shots; Easy (whole) represents
the IBS of easy instances when other demonstrations are sampled from the entire dataset, while
Easy (region) refers to the performance when other demonstrations are only sampled from the
easy-to-learn region for ICL; the same applies to Ambiguous and Hard.
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Methods Average Accuracy  Variance

the entire dataset 0.688 0.0009908
easy-to-learn 0.690 0.00088003
ambiguous 0.689 0.00077313
hard-to-learn 0.675 0.00124258

Table 12: The mean and variance accuracy of four methods under 20 shots

True Accuracy vs Predicted Accuracy (Corr: 0.867)
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Figure 27: The predicted versus true accuracy of the linear in-context DataModel for the entire
training dataset under 20 shots. Pearson Correlation Coefficient describes the strength and
direction of the linear relationship between true accuracy and predicted accuracy
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Figure 28: Scatter Plot of Confidence vs. Influence Score for the entire training dataset under
20 shots
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Variability vs Influence Score
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Figure 29: Scatter Plot of Variability vs. Influence Score for the entire training dataset under
20 shots

Box Plot of the result

Easy (whole)
Easy (region)
Ambiguous (whole)
Ambiguous (region)
Hard (whole)
Hard (region)

OopEEmE

0.7

-
LL
"
L1
i

Easy (whole) Easy (region) Ambiguous (whole) Ambiguous (region) Hard (whole) Hard (region)

Figure 30: The Influence-Bias Scores of three regions under 20 shots; Easy (whole) represents
the IBS of easy instances when other demonstrations are sampled from the entire dataset, while
Easy (region) refers to the performance when other demonstrations are only sampled from the
easy-to-learn region for ICL; the same applies to Ambiguous and Hard.
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