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Article
In-Context Learning in Large Language Models: A
Comprehensive Survey

Clyde Highmore

Scholar-Chat Research; research@scholar-chat.com

Abstract: This survey provides a comprehensive overview of in-context learning (ICL) in large language models
(LLMs), a phenomenon where models can adapt to new tasks without parameter updates by leveraging task-
relevant information within the input context. We explore the definition and mechanisms of ICL, investigate the
factors contributing to its emergence, and discuss strategies for optimizing and effectively utilizing ICL in various
applications. Through a systematic review of recent literature, we first clarify what ICL is, distinguishing it from
traditional fine-tuning approaches and highlighting its unique characteristics. We then delve into the underlying
causes of ICL, examining theories ranging from implicit meta-learning during pre-training to the emergence
of task vectors in LLMs. The survey also covers various approaches to enhance ICL performance, including
prompt engineering techniques, demonstration selection strategies, and methods for improving generalization
across diverse tasks. Additionally, we discuss the limitations and challenges of ICL, such as its sensitivity
to demonstration ordering and potential biases. By synthesizing findings from numerous studies, we aim to
provide researchers and practitioners with a clear understanding of the current state of ICL research, its practical
implications, and promising directions for future investigation. This survey serves as a valuable resource for
those seeking to leverage ICL capabilities in LLMs and contributes to the ongoing discourse on the remarkable
adaptability of these models.

Keywords: large language model; in-context learning

1. Introduction

The advent of large language models (LLMs) has introduced a paradigm shift in machine learning,
where models exhibit remarkable capabilities in understanding and generating human language. A
critical avenue of exploration within this domain is In-Context Learning (ICL), a process allowing
LLMs to learn from and adapt to new information presented in their input context. This literature
review aims to provide a comprehensive overview of ICL in LLMs, elucidating what ICL is, the
factors contributing to its emergence and optimization, and strategies for effective utilization. We
review the characteristics of ICL, examine the mechanisms underpinning it, and discuss approaches to
enhance its performance and generalization. This survey not only captures the advancements in ICL
research but also underscores the existing challenges that prompt ongoing inquiry, thereby serving as
an informative resource for researchers and practitioners alike'.

2. Defining In-Context Learning in Large Language Models

2.1. Characteristics of ICL

Large language models (LLMs) manifest emergent abilities and improved in-context learning
(ICL) as they scale, but with limitations and increased social biases [1,2].

In the paper by Wei et al. [1], LLMs are observed to develop emergent abilities that are not present
in smaller models. These abilities, which arise unpredictably as the model scales, indicate that further
scaling could expand the capabilities of LLMs, potentially enhancing ICL characteristics.

1 This survey can be reproduced with Scholar-Chat Al
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Srivastava et al. [2] introduce the BIG-bench to assess the capabilities of LLMs and identify
that quantitative improvements in model performance also translate to qualitative enhancements in
ICL. However, the study also notes that despite the scaling advantages, LLMs exhibit poor absolute
performance in calibration when compared to human raters and that social biases tend to increase with
model size. This suggests that while ICL characteristics improve with scale, they are accompanied by
challenges that need addressing.

2.2. Research Gaps and Suggested Agenda

Large language models demonstrate emergent abilities and improved task performance with scale,
but the mechanisms of in-context learning remain underexplored [1,2]. To advance our understanding,
we suggest the following research agenda:

¢ Investigate the threshold at which in-context learning emerges in language models of varying
sizes and architectures.
¢ Explore the differences in in-context learning capabilities between models trained on diverse

datasets.
¢ Examine the impact of model scaling on the robustness and generalizability of in-context learning.

3. Theoretical Foundations of ICL

The chapter explores the theoretical foundations of In-context Learning (ICL) in large language
models, revealing its connections to implicit meta-learning, Bayesian inference, and feature learning
relevant to downstream tasks. Research by [3] and [4] provides mathematical and empirical evidence
for these connections, while [5] further shows transformers’ ability to select and implement various
machine learning algorithms in-context. The chapter concludes with the insight from [6] that "in-
duction heads" within transformers may be instrumental in facilitating ICL, thereby enhancing our
understanding of the adaptability of these models.

3.1. Implicit Meta-Learning During Pre-training

The theoretical underpinnings of In-context Learning (ICL) suggest that large language models
develop implicit meta-learning capabilities during pre-training, which enable them to adapt to new
tasks without explicit re-training. In the work by [3], it is argued that in-context learning can be seen as
a form of implicit Bayesian inference, emerging when pretraining involves documents with long-range
coherence, and the model must infer latent concepts to generate coherent text. This understanding
is supported by experiments on a synthetic dataset where both Transformers and LSTMs exhibit
in-context learning behaviors. Meanwhile, [4] explores the success of autoregressive language models
in downstream tasks, providing mathematical reasoning that connects learning the distribution of
natural language with the efficacy of solving downstream tasks. They show that language models that
minimize cross-entropy also learn features beneficial for natural linear classification tasks. Lastly, [5]
demonstrates that transformers can implement a variety of machine learning algorithms in-context
and, more crucially, perform in-context algorithm selection, which mimics the adaptability of a human
statistician in choosing the right method for a given problem. Collectively, these works provide a
mathematical and empirical foundation for understanding the phenomenon of ICL in large language
models.

3.2. Emergence of Task Vectors

TLDR: Evidence suggests induction heads may drive in-context learning in transformers [6].

Olsson et al. [6] present a compelling argument that "induction heads" within transformer models
are critical for the phenomenon of in-context learning, where the model improves its predictions as
it processes more tokens in a sequence. The authors identify a correlation between the emergence
of these induction heads and a marked increase in the model’s in-context learning capabilities. This
discovery is significant as it points to a possible mechanistic source of in-context learning, which could
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be a foundational element for task-specific adaptations in large language models. The study offers both
direct and indirect evidence across different model sizes, with stronger causal evidence for smaller
models and correlational evidence for larger ones. This work contributes to the theoretical foundation
of in-context learning (ICL) by shedding light on the internal structures, specifically induction heads,
that facilitate this learning process, thereby advancing our understanding of the emergence of task
vectors in transformer networks.

3.3. Research Gaps and Suggested Agenda

The theoretical underpinnings of in-context learning (ICL) in large language models are beginning
to be explored, yet substantial gaps remain [3-6].

¢ Further investigation into the precise mechanisms by which transformers represent and utilize
in-context information is needed, building on the preliminary identification of induction heads
[6].

¢ There is a need for a deeper understanding of the distributional properties that facilitate ICL,
especially in real-world data, beyond synthetic datasets [3].

¢ Expanding on the theoretical frameworks that link language modeling to downstream task
performance, including the exploration of alternative objectives to cross-entropy, could yield
insights into more efficient pretraining strategies [4].

4. Mechanisms Underlying ICL

This chapter delves into the research question of "Mechanisms Underlying ICL," revealing that
In-Context Learning in large language models is a complex process influenced by model scale and the
semantic role of label words, rather than relying solely on accurate ground truth demonstrations. It
encapsulates the evolving understanding that ICL may involve gradient descent-like optimization,
with empirical and theoretical insights suggesting that models can meta-learn from context and exhibit
rapid performance leaps termed 'Eureka-moments.” The chapter also underscores the importance of
the representation of label space, input distribution, and the semantic anchoring role of label words in
driving ICL, pointing toward a future where these insights inform more effective model training and
error diagnosis strategies.

4.1. Gradient Descent-like Behavior

In the exploration of the mechanisms underlying In-Context Learning (ICL), recent studies have
proposed that language models may exhibit gradient descent-like behavior during ICL. Dai et al. [7]
argue that the Transformer’s attention mechanism implicitly performs meta-optimization akin to
gradient descent, where demonstrations generate meta-gradients that fine-tune the model in-context.
This hypothesis is supported by empirical evidence showing that ICL resembles explicit fine-tuning
at various levels of model behavior. Additionally, they propose a novel momentum-based attention
mechanism that outperforms the standard attention mechanism, further supporting the gradient
descent analogy.

In contrast, Natan et al. [8] highlight gaps in the evaluation of the ICL-gradient descent correspon-
dence, particularly in the use of problematic metrics and insufficient baselines. Their findings suggest
that even untrained models can achieve similar ICL-GD similarity scores without demonstrating actual
ICL. They introduce a new gradient descent-based optimization that respects layer causality, which
aligns more closely with the information flow in ICL and improves similarity scores.

Lastly, Hoffmann et al. [9] observe "Eureka-moments’ in transformers during multi-step tasks,
where performance rapidly improves after a prolonged plateau. They attribute this phenomenon to
the softmax function within the self-attention mechanism and demonstrate that addressing this issue
can enhance the training of both language models and ICL.

Overall, these findings collectively contribute to a nuanced understanding of the gradient descent-
like processes that may underpin ICL in large language models.
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4.2. Statistical Learning in Transformers

The key findings from recent literature suggest that in-context learning (ICL) in large language
models (LLMs) does not rely heavily on ground truth demonstrations, and the mechanism of learning
can be influenced by the model’s scale and the nature of label words. In [10], it is demonstrated that
performance on classification tasks is not significantly impacted even when labels in demonstrations
are randomly replaced, suggesting that label correctness is not critical for ICL. Instead, aspects such as
label space representation, input text distribution, and sequence format are vital. The study in [11]
elaborates that larger LLMs can override their semantic priors based on the input-label mappings
provided in-context, emphasizing that the capacity to learn from contextually presented exemplars
scales with model size. Furthermore, [12] presents label words as informational anchors in ICL,
where semantic information consolidates into these anchors in early computation layers, guiding the
model’s final predictions. This understanding has led to methods for enhancing ICL performance
and diagnosing errors. Finally, [13] offers a data generation perspective on the mechanism of ICL,
distinguishing between skill learning and skill recognition, and suggesting a unifying technical
foundation for interpreting and advancing ICL research.

4.3. Research Gaps and Suggested Agenda

In-context learning (ICL) mechanisms in large language models are partially understood, with
diverse perspectives but lacking a unified theory [7-13]. Research gaps include:

¢ The precise nature of the gradient descent-like processes that occur during ICL and their correla-
tion with explicit fine-tuning needs further investigation [7,8].

¢ Understanding the role of softmax in attention mechanisms and its impact on abrupt learning
improvements can be valuable for enhancing ICL [9].

* A more systematic approach is needed to integrate the various perspectives on ICL, such as the
data generation view and the role of demonstration examples [10,13].

5. Optimizing ICL Performance

In addressing the research question "Optimizing ICL Performance," this chapter reviews recent
advancements in In-Context Learning (ICL) that focus on improving the efficiency and effectiveness of
Large Language Models (LLMs) through novel prompt engineering methods and example selection
strategies. These advancements span various techniques, including contrastive learning for response
customization, adversarial optimization for prompt refinement, and state vector adjustments for
incremental improvements, as well as innovative algorithms for demonstration selection that prioritize
relevance and quality, offering a narrative of progress towards more sophisticated ICL paradigms.

5.1. Prompt Engineering Techniques

TLDR: Recent studies have introduced novel prompt engineering techniques to enhance the
performance of In-Context Learning (ICL) in Large Language Models (LLMs), utilizing contrastive
learning, adversarial optimization, and state vector refinement.

In the pursuit of optimizing ICL performance, Gao and Das [14] proposed a method that leverages
contrastive examples to customize LLM responses, significantly improving content generation on
platforms like StackExchange and Reddit. The technique uses positive examples to highlight desired
output characteristics, while negative examples teach the model what to avoid, resulting in fine-tuned
responses aligned with user intent.

Meanwhile, Do et al. [15] introduced Adversarial In-Context Learning (adv-ICL), an innovative
prompt optimization framework. By adopting an adversarial setup, adv-ICL uses a generator and
discriminator LLM to iteratively refine prompts. This approach has demonstrated substantial en-
hancements across a variety of tasks, outperforming existing methods in efficiency and adaptability,
particularly in low-resource scenarios.
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Lastly, Li et al. [16] explored the optimization of ICL through state vectors, analogous to trained
parameters. The paper presented inner and momentum optimization techniques to incrementally
refine these vectors, achieving state-of-the-art results on tasks such as Llama-2 and GPT-J, even when
examples are too lengthy for conventional ICL approaches.

Collectively, these studies contribute to the evolving field of prompt engineering, offering robust,
adaptable, and efficient techniques for optimizing the performance of LLMs.

5.2. Demonstration Selection Strategies

Demonstration selection strategies are crucial for optimizing In-Context Learning (ICL) perfor-
mance, with recent studies proposing various approaches to enhance the relevance and quality of
selected examples. Li et al. [17] introduced the Unified Demonstration Retriever (UDR), which is a
multi-task list-wise ranking framework capable of retrieving demonstrations across a wide array of
tasks, showing significant improvements over baselines in diverse scenarios. Ye et al. [18] focused on
subset selection using Determinantal Point Processes (DPPs) through their Compositional Exemplars
for In-context Learning (CEIL) approach, demonstrating state-of-the-art performance with benefits in
transferability and compositionality. Mavromatis et al. [19]'s AdalCL algorithm leverages uncertainty
and diversity sampling within an active learning framework for ICL to achieve both effectiveness and
budget efficiency. Luo et al. [20] enhanced retrieval-based ICL methods, showing that task-specific
retrievers and simple similarity measures like BM25 can outperform random selection. Lastly, Li et
al. [21]'s LENS method employs a two-stage process to filter and search for supportive examples,
introducing a novel informativeness metric and demonstrating notable improvements against various
baselines.

Together, these studies present a narrative of advancing ICL by prioritizing example selection
based on relevance, diversity, and language model feedback—each contributing to more effective and
efficient learning paradigms.

5.3. Example Ordering Methods

TLDR: Recent studies [22], [23], and [24] provide novel methodologies for optimizing in-context
learning performance by addressing the challenges posed by example ordering.

In [22], the authors propose Batch-ICL, which treats in-context learning as a meta-optimization
process, demonstrating its effectiveness and efficiency. Batch-ICL is agnostic to the order of examples
due to its strategy of using separate one-shot computations and aggregating meta-gradients, which
consistently outperforms standard ICL permutations and reduces computational demand.

The work in [23] introduces EASE, an approach that uses a neural bandit algorithm to optimize
example ordering, significantly impacting LLM performance. EASE operates without extra test-time
computation, providing an efficient solution to select and order exemplars, and can be extended to
optimize the instruction component of prompts as well.

Lastly, [24] formulates example ordering as an optimization problem, proposing principles guided
by model probability predictions. These principles are shown to enhance classification accuracy, reduce
model miscalibration, and select better in-context examples across various datasets and LLMs.

5.4. Research Gaps and Suggested Agenda

Despite advancements in in-context learning (ICL) optimization, challenges remain in example
selection, ordering, and computational efficiency [14-25].

¢ Investigate the interplay between example selection and ordering to understand their combined
influence on model performance and calibration [18,24].

* Develop methods to reduce the computational cost of ICL, especially in real-time applications,
without sacrificing the quality of the generated content [22,25].

¢ Explore the potential of unsupervised or self-supervised methods for demonstration retrieval
and optimization to enhance ICL across diverse tasks and domains [17,23].


https://doi.org/10.20944/preprints202407.0926.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 July 2024 doi:10.20944/preprints202407.0926.v1

60f 11

6. Enhancing ICL Generalization

The chapter investigates the research question of "Enhancing ICL Generalization," revealing
strategies to improve In-context Learning (ICL) without extensive fine-tuning. Recent studies have in-
troduced various methods, such as in-context knowledge editing, bias calibration, and direct preference
optimization, which show promise in enabling large language models to update knowledge, mitigate
biases, and align responses more effectively across diverse tasks. Additionally, innovations such as
Self-ICL, Z-ICL, and kNN Prompting enhance zero-shot and few-shot learning, while approaches for
document information extraction further the ability of models to generalize across different contexts.

6.1. Cross-task Transfer in ICL

The collective findings from recent literature suggest that In-context Learning (ICL) can be
enhanced for better cross-task generalization without the need for costly fine-tuning processes. Zheng
et al. [26] demonstrated that in-context knowledge editing (IKE) could effectively update factual
knowledge in large language models (LLMSs) like GPT-] and OPT-175B, with fewer side effects such as
over-editing or knowledge forgetting. Meanwhile, Fei et al. [27] addressed label biases in ICL and
proposed a bias calibration method that significantly improves performance across a variety of tasks
by controlling for estimated biases. Lastly, Song et al. [28] introduced In-Context Direct Preference
Optimization (ICDPO), a method that enhances LLMs’ alignment capabilities by borrowing from
superior models without fine-tuning, showing promise in generating well-aligned responses across
different tasks. Together, these studies contribute to the understanding of how ICL can be refined to
facilitate better transfer of knowledge and preferences across diverse tasks.

6.2. Few-shot and Zero-shot ICL Approaches

Research in enhancing the generalization capabilities of In-Context Learning (ICL) has led to
the development of methods that improve few-shot and zero-shot performance. [29] introduces
Self-ICL, a method that generates its own demonstrations for zero-shot ICL, demonstrating superior
performance on various tasks without real demonstrations. [30] presents Z-ICL, which constructs
pseudo-demonstrations from a raw text corpus, achieving significant improvements in zero-shot
performance and matching few-shot learning with actual labeled data. [31] proposes kNN Prompting,
which scales beyond-context learning and eliminates the need for calibration, showing effectiveness
across a vast range of training data sizes and model scales. Finally, [32] explores ICL for document
information extraction, employing a diverse demonstrations updating strategy that allows LLMs
to better generalize to different documents, achieving top performance in both in-distribution and
out-of-distribution settings.

6.3. Research Gaps and Suggested Agenda

While significant progress has been made in the field of In-Context Learning (ICL), there are still
important research gaps that need to be addressed to enhance ICL’s generalization capabilities. Here
we identify pivotal areas for future research.

¢ Mitigating Label Biases: Despite attempts to control label biases in ICL, as highlighted by [27],
further research is necessary to develop more robust bias mitigation strategies that can handle
the nuanced and diverse label biases that can occur across different domains and model scales.

¢ Knowledge Editing and Updating: The ability to edit and update factual knowledge within
LLMs without retraining is a crucial area of exploration. Studies like [26] show the potential of
in-context knowledge editing, but more scalable and efficient methods need to be developed to
handle the dynamic nature of knowledge.

* Diverse Demonstration Effectiveness: While the use of diverse demonstrations for ICL has
been proposed ([32]), understanding the optimal strategies for selecting and updating these
demonstrations to maximize generalization across various tasks remains an open question.
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7. Applications and Use Cases of ICL

The chapter on "Applications and Use Cases of ICL" illustrates the effectiveness and adaptability
of in-context learning (ICL) across a spectrum of areas, including medicine, cloud services, visual tasks,
and multimodal challenges. Studies within the medical domain indicate that ICL, as exemplified by
ChatGPT’s performance on USMLE exams, has the potential to revolutionize medical education and
clinical decision-making. In the realm of cloud services, ICL has been shown to enhance incident
diagnosis without the need for extensive training. Furthermore, advancements in visual and mul-
timodal applications demonstrate ICL’s capability to interpret complex prompts and improve task
performance through innovative methodologies such as MMICL and Prompt Diffusion. Overall, the
chapter underscores ICL’s transformative impact on diverse domains by enabling models to learn and
generalize from context with minimal specialized training.

7.1. Natural Language Processing Tasks

The application of in-context learning (ICL) in natural language processing (NLP) tasks showcases
its potential to transform educational and professional realms, particularly in the medical field and
incident diagnosis within cloud services. Kung et al. [33] demonstrated that ChatGPT can perform at
or near the passing threshold on USMLE exams, indicating its capability as an assistive tool in medical
education and potentially in clinical decision-making. Gilson et al. [34] also evaluated ChatGPT’s
performance on USMLE Step 1 and Step 2, finding that it outperformed other large language models
and provided logical justifications for its answers, reinforcing its suitability as an educational aid.
Li et al. [35] introduced KB-BINDER, a framework that utilizes ICL for answering queries over
diverse knowledge bases without specialized training, proving its effectiveness by outperforming
or matching state-of-the-art trained models. Seegmiller et al. [36] explored ICL’s scope in extracting
medical temporal constraints from unstructured texts, achieving notable success and suggesting
its use for enhancing patient-centric healthcare applications. Lastly, Liu et al. [37] and Zhang et
al. [38] respectively advanced our theoretical understanding of ICL’s capabilities in NLP tasks and
demonstrated its practical application in automated root causing for cloud incidents, with Zhang et al.
showing significant improvements over previous models without the need for fine-tuning. Collectively,
these studies underscore ICL’s versatility and efficacy in various NLP tasks, heralding a new era of
Al-assisted applications across different domains.

7.2. Visual and Multimodal Applications

In the realm of visual and multimodal applications, in-context learning (ICL) has been explored
to enhance the capabilities of models in understanding complex prompts and tasks. Zhao et al. [39]
introduced MMICL, a vision-language model that incorporates multi-modal in-context learning, and
demonstrated its superior zero-shot performance on general vision-language tasks. Zhang et al. [40]
focused on the selection of in-context examples for visual ICL, proposing both unsupervised and
supervised prompt retrieval methods to improve performance. Wang et al. [41] presented Prompt
Diffusion, a diffusion-based generative model framework that enables ICL by using vision-language
prompts, showing high-quality in-context generation and generalization to new tasks. Lastly, Zhang
et al. [42] investigated the use of ICL for compositional generalization in LLMs and introduced a
human-guided tool manipulation framework that significantly enhances performance on complex
compositional questions. Collectively, these papers underscore the potential of ICL in a variety of
visual and multimodal applications, from improving task understanding to automating example
selection and facilitating compositional generalization.

7.3. Research Gaps and Suggested Agenda

In-context learning (ICL) has shown promise in various domains, yet challenges remain in its
broader application and understanding [33—42]. Research gaps and a future agenda could include:
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¢ Exploring the mechanisms behind ICL’s performance variability across different tasks and
datasets, as evidenced by the variance in medical question-answering [34] and root causing of
cloud incidents [38].

¢ Enhancing the in-context learning capabilities of VLMs for complex multi-modal prompts,
building on the work in [39], and addressing language biases in these models.

¢ Developing more effective methods for selecting in-context examples to improve ICL perfor-
mance, as the quality of examples is critical for tasks like visual in-context learning [40].

8. Conclusion

In-Context Learning (ICL) is a defining feature of large language models, enabling them to
adapt and respond to new tasks with minimal intervention. Our literature survey has outlined the
characteristics, mechanisms, optimization techniques, and applications of ICL, while also pinpointing
the research gaps and proposing a future agenda. It is evident that while ICL has made impressive
strides, particularly in domains such as healthcare and cloud services, significant challenges remain.
These include understanding the emergence and optimization of ICL, mitigating biases, improving
generalization, and enhancing computational efficiency. Addressing these challenges will require
concerted research efforts to unlock the full potential of ICL in LLMs, which promises to revolutionize
how we interact with and leverage artificial intelligence for complex problem-solving.
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