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Large language models (LLMs) have significantly advanced the field of natural language processing (NLP),
providing a highly useful, task-agnostic foundation for a wide range of applications. However, directly applying
LLMs to solve sophisticated problems in specific domains meets many hurdles, caused by the heterogeneity of
domain data, the sophistication of domain knowledge, the uniqueness of domain objectives, and the diversity
of the constraints (e.g., various social norms, cultural conformity, religious beliefs, and ethical standards in the
domain applications). Domain specification techniques are key to making large language models disruptive
in many applications. Specifically, to solve these hurdles, there has been a notable increase in research and
practices conducted in recent years on the domain specialization of LLMs. This emerging field of study, with its
substantial potential for impact, necessitates a comprehensive and systematic review to summarize better and
guide ongoing work in this area. In this article, we present a comprehensive survey on domain specification
techniques for large language models, an emerging direction critical for large language model applications.
First, we propose a systematic taxonomy that categorizes the LLM domain-specialization techniques based on
the accessibility to LLMs and summarizes the framework for all the subcategories as well as their relations
and differences to each other. Second, we present an extensive taxonomy of critical application domains that
can benefit dramatically from specialized LLMs, discussing their practical significance and open challenges.
Last, we offer our insights into the current research status and future trends in this area.

CCS Concepts: • Computing methodologies→ Natural language processing; Planning and scheduling;

Additional KeyWords and Phrases: Large language models, natural language processing, domain specialization
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1 Introduction
The evolution of natural language processing (NLP) and artificial intelligence (AI) models
has witnessed a remarkable trajectory, beginning with the rule-based systems of the 1950s and
1960s, transitioning to statistical models in the 1990s, followed by the emergence of neural net-
works in the 2010s. Owing to the success of self-attention and Transformer-based neural network
architecture [167], Pre-trained Language Models (PLMs) emerged and swiftly gained popularity
in the late 2010s due to their ability to learn universal language representations from large-scale
data in an unsupervised manner, which can be beneficial for many downstream NLP tasks such as
commonsense reasoning [192], multiple-choice question answering [141], and story generation [14],
while avoiding training new models from scratch. In the last few years, with the fast growth of
large corpus and hardware capacities, researchers have found scaling up model and training data
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can continuously improve the model capacity, following the scaling law [65], eventually resulting
in Large Language Models (LLMs) [184], such as GPT-3 [12] (175B parameters), PaLM [20] (540B
parameters), and LLaMA [163] (65B parameters). LLMs, significantly outperforming smaller models
in understanding and generating human-like text, have emerged as a promising AI research trend.
Their potential to revolutionize natural and social sciences through efficient literature analysis,
novel hypothesis generation, and complex data interpretation could accelerate research, enhance
the discovery process, and facilitate interdisciplinary collaboration.

While LLMs hold great promise as general task solvers, effectively extending their functionality
beyond mere “chatbot” roles poses significant challenges. This has led to the emergence of “domain
specialization of LLMs”. Specifically, domain specialization of LLMs is defined as the process
of customizing general-purpose LLMs according to specific domain contextual data, augmented by
domain-specific knowledge, optimized by the domain’s objective, and regulated by domain-specific
constraints. This shift towards domain specialization of LLMs is motivated by several compelling
reasons. First, there are significant differences in conversation and language styles in different
fields, roles, and tasks, ranging from medical prescriptions to legal sentences, to online chatting,
and so on. The acquisition of such capabilities and experience even requires human beings many
years of training, a lot of which is hands-on and proprietary. Moreover, different fields, institutions,
and teams have their own “business models” about which response will maximize their own utility
function for their tasks, which is not directly replaceable by a single general-purpose LLM solver
with no customization. More importantly, the requirement for domain knowledge in professional-
level usage also needs to be very in-depth, real-time, and accurate, none of which can be easily
achieved by pre-trained LLMs. Many domain knowledge resources are proprietary assets and core
competitiveness of the organizations that can never be leaked to general-purpose LLMs. Last but
not least, languages are constrained by social norms [126], cultural conformity [160], religious
beliefs [127], legal and ethical requirements [97], all of which are changing parameters in different
locations, countries, populations, races, communities, and so on, which make general-purpose
LLMs impossible to be a one-fits-all solver without any customization.

Domain Specialization of LLMs is a critical yet challenging problem that requires inventing and
integrating effective techniques to address the serious challenges. In particular, there are three
significant challenges.

Challenge 1: Difficulty keeping an LLM updated with the latest knowledge. The power of
LLMs is attributed mainly to their massive training corpus. Yet, it also indicates LLMs tend to have
a knowledge cut-off and lack sufficient access to the latest information, events, or discoveries. In
many specialized domains, new discoveries, regulations, and best practices continuously emerge,
making it difficult for LLMs to stay up-to-date. For instance, more than 30 thousand mainstream
news articles are published every day [172]. For social media analysis and fact-checking, LLMs
may not handle them since the knowledge extracted from the training corpus is offline. This
indicates that regular re-training or continuous learning mechanisms are required to maintain
LLMs’ relevance and accuracy in these dynamic fields. However, ensuring the model freshness can
be resource-intensive, as it necessitates continuous high-quality and up-to-date data collection,
processing, and computationally intensive model re-training.
Challenge 2: Difficulty in learning all specialized knowledge of different domains

in one LLM. LLMs, by default, possess general knowledge across a wide range of topics and
may have seen and obtained specific knowledge for most domains. However, more popular or
widely-discussed topics may be over-represented, while very domain-specific topics can usually
be under-represented, which makes it difficult to be effectively learned for domain-specific tasks.
In addition, domain-specific tasks often involve complex concepts, specialized terminology, and
intricate relationships between entities. Without proper guidance, LLMs may generate plausible-
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sounding but inconsistent answers to similar queries (i.e., LLM’s hallucination) or slightly rephrased
questions [7]. This issue arises because LLMs are designed to predict the most likely word sequences
based on the input rather than providing a definitive answer based on a structured knowledge base.
Researchers have found users can guide the model to produce more relevant, accurate, and task-
specific responses, enhancing the overall utility and effectiveness of AI systems across numerous
domains by providing LLMs with a few task-specific demonstrations [184]. However, crafting
effective demonstrations remains challenging due to ambiguous or incomplete user instructions.
While newer LLMs have incorporated techniques like sparse attention to increasing the context
window (up to 60K tokens) [189], these advancements primarily optimize for perplexity, not
practical usability. Challenges still remain in efficiently utilizing extended context for complex
tasks, such as context forgetting and difficulty in retrieving relevant information.

Challenge 3: Intensive model and computational complexity required for downstream
task learning. To better adapt to specific domain applications, downstream task learning is
historically a commonly used practice to specialize language models. However, different from
traditional language models, adapting an LLM to downstream tasks needs vast amounts of high-
quality, task-specific data. Acquiring, cleaning, and pre-processing such data can be time-consuming
and resource-intensive. Moreover, the sheer complexity of LLMs makes it challenging to identify the
most appropriate down-stream task learning strategy, as the choice of hyperparameters, learning
rate, and training duration can significantly impact the model’s performance. Chen et al. [16] have
also discussed down-stream task learning for LLMs may lead to severe catastrophic forgetting since
the LLM with a complex architecture is more likely to forget previously learned knowledge and
overfit to target domains. In addition to the data requirement and complex model architecture, LLMs
typically consist of billions of parameters, e.g., LLaMA models [163] and Gemini [161] contain more
than 100 billion parameters, which require substantial computational power to train. Fine-tuning
or re-training these models necessitates access to high-performance GPUs or specialized hardware,
such as TPUs, which can be expensive and difficult to obtain, especially for individual researchers
or smaller organizations.

Over the past few years, significant research has been conducted on domain specialization
techniques for LLMs. Many methods focus on generic technical contributions, adaptability to
specific domains with minor modifications, and access to domain-specific information. However,
cross-referencing these techniques across different application domains remains a challenge, as
does the absence of a systematic standardization and summary of methods for evaluating various
domain specialization techniques. This lack of clarity creates obstacles for non-AI professionals and
obfuscates existing bottlenecks, open problems, and potential future directions. To surmount these
obstacles and harness artificial intelligence for more effectively accomplishing tasks across various
domains, this survey article comprehensively reviews the current state-of-the-art LLM domain
specialization. The major contributions of this article include:

—A systematic categorization and taxonomy of LLMs domain specialization tech-
niques: We comprehensively classify existing methods based on different levels (i.e., black-
box, grey-box, and white-box) of accessibility to the LLM and organize their corresponding
techniques into a taxonomy. We discuss details, relationships, pros, and cons among different
subcategories. The proposed taxonomy is designed to assist domain experts in identifying
the most suitable techniques for their target problem settings.

—A comprehensive categorization and summarization of major application domains:
We debut the taxonomy of representative application domains that domain-specialized LLMs
can enhance. The practical significance and open challenges for each application domain or
subdomain are elucidated, allowing for easy mapping to the proposed technique taxonomy.
Researchers and various domain experts could cross-reference additional application domains
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for evaluating their newly proposed methods while expanding their advanced techniques to
encompass new application domains.

—An insightful discussion of the current status of research in this area and future
trends. Based on the comprehensive and systematic survey and investigation of existing
domain specialization techniques and applications, an overall picture and trends of LLM
domain specialization have been outlined and discussed. This article concludes by presenting
fresh insights into the bottlenecks, open problems, as well as a discussion of possible future
directions.

1.1 Related Surveys
This section briefly outlines previous surveys relevant to the domain specialization of LLMs in three
categories: (1) fundamental overview of PLMs and LLMs; (2) techniques on domain adaptation and
generalization of PLMs; and (3) specializing language models for specific domains.

Fundamental overview of PLMs and LLMs. While comprehensive reviews [108, 133] of PLMs and
their use in diverse NLP tasks exist, they don’t necessarily apply to LLMs. Given the recent growth
in popularity and effectiveness of LLMs, several review articles have emerged, addressing various
LLM aspects. Some focus on fundamental LLM components [93, 192, 206], others on the history
and potential applications of generative AI [14, 200], and a few [107] on enhancing LLMs with
reasoning capabilities. However, a comprehensive review and technical taxonomy of LLM domain
specialization are yet to be provided.

Specializing language models for specific domains. Recent review articles have emphasized the
benefits and necessity of customizing LLMs for specific domains. Risks linked with applying generic
LLMs to areas like medical education have been noted in [24, 143], including lack of originality
and inaccuracies. Practical considerations for legal domain-specific language models have also
been suggested in [149]. In the finance sector, initial steps towards a finance-specialized LLM have
shown improved performance on financial tasks without compromising general benchmarks [187].
These advances highlight the need for a comprehensive review and technical taxonomy of domain
specialization techniques to assist different sectors in effectively employing LLMs for their unique
tasks.

2 Taxonomy of Domain Specialization
LLMs are advanced PLMs characterized by their massive scale, typically containing billions of
parameters, enabling them to perform a wide range of tasks and generate coherent, context-aware
text [108, 133]. Both LLMs and PLMs undergo pretraining on large corpora to learn language
patterns, but LLMs differ in their greater capacity, generalization ability, and effectiveness in
handling complex, multi-step tasks. In this section, we begin by reviewing the fundamental concepts
of PLMs and proceed to present a comprehensive taxonomy of existing techniques aimed at
specializing LLMs for specific domains.

2.1 Background
In PLMs, a type of neural network pre-trained on large text corpora, the input is a text sequence with
context, often accompanied by a task-specific prompt that clarifies the objective. For example, in text
summarization, a prompt like “Summarize the key points in the following passage:” would precede
the input passage. The output is the generated text sequence or prediction, which may require
post-processing like token decoding or label extraction depending on the specific NLP task. As LLMs
are typically scaled-up versions of PLMs, they follow a similar architecture design to PLMs, which
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come in three main flavors: encoder-only, encoder-decoder, and decoder-only architectures. This brief
introduction will provide an overview of these architectures and summarize their characteristics.

— Encoder-only Language Models transform input text into vector representations, capturing
patterns and semantics without explicit decoding. Models like BERT [30] excel at tasks such
as classification and sentiment analysis through masked language modeling.

— Encoder-Decoder Language Models combine encoding of input text with decoding for out-
put generation, using cross-entropy loss to optimize sequence-to-sequence tasks. T5 [135]
exemplifies this architecture for tasks like translation and summarization.

— Decoder-only LanguageModels, such as GPT [134], generate text autoregressively by predicting
each subsequent token based on previous context, making them ideal for text generation
tasks.

2.2 Taxonomy of Domain Specialization Techniques
Domain specialization of LLMs can be understood as tailoring broad, universally trained LLMs
to operate optimally within a specific field or domain. To tackle the three challenges of domain
specialization mentioned in Section 1, respectively, the approaches in LLM domain specialization
can be categorized into three corresponding classes of approaches: external augmentation, prompt
crafting, and model fine-tuning. As shown in Figure 1, these classes correspond to assumptions of
different levels of accessibility to LLMs, namely, no access (black box), partial access (grey box),
and full access (white box). The black box assumption typically indicates we only have access to
the model API (e.g., ChatGPT) without knowing any information but the generated output; the
grey box assumption denotes we have limited information (e.g., the probability of generated tokens
in GPT-3 API), such information can guide us to design and fine-tune a suitable prompt to elicit
domain knowledge better; and the white box assumption indicates we have full access to the LLM
(e.g., LLaMA and its variants), ranging from the parameter setting to the model architecture.

Beyond LLM accessibility-based taxonomy, domain specialization methods can be categorized
by training strategies (fine-tuning with domain-specific data, training from scratch, or mixed
approaches), or intervention levels (pre-training, fine-tuning, or inference-time interventions). Each
approach offers unique methods for enhancing LLMs’ domain-specific capabilities. In this survey,
we categorize existing approaches based on the LLM’s accessibility and provide an overview of
each approach in Figure 2. To be more specific, (1) External augmentation (black box) does not
necessarily require access to the LLM’s inner parameter space, making it the most accessible for
users with limited resources (e.g., computational resources and domain-specific data). As shown in
Figure 2(b), by using external resources or tools, domain-specific knowledge is incorporated into
the input prompt, generated output, or both, effectively adapting the LLM’s performance without
modifying its internal structure. (2) Prompt crafting (grey box) involves designing various types
of prompts by accessing the gradient or loss values of LLMs, allowing for finer control over the
model’s behavior. (3) Model fine-tuning (white box) demands the most access and resources, as it
involves updating the LLM’s parameters to incorporate domain-specific knowledge directly into
the model. (Figure 2(d)). The relation between approaches in different categories is summarized as
follows:
Different levels of specialization. Each approach operates at a different level of specialization (i.e.,
black, grey, and white boxes). Augmenting with external knowledge provides a focused injection
of domain-specific information while prompt engineering works at the input level, shaping the
model’s inference process (Section 3). On the other hand, fine-tuning modifies the LLM’s internal
parameters, leading to more profound changes in the model’s behavior (Section 5).
Tradeoffs. The approaches exhibit different tradeoffs regarding computational cost, ease of im-
plementation, and generalization. Augmenting with external information (Section 3) and crafting
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Fig. 1. The taxonomy for current techniques on LLM domain specialization.

task-specific instructions (Section 4) are often less computationally expensive than knowledge
updates but may not yield the same level of performance improvement [107]. Fine-tuning provides
more performance gains but can be more challenging to implement and may suffer from reduced
generalization capabilities if overfitting occurs [206] (Section 5). While white-box approaches are
often regarded as superior for domains requiring high precision or profound domain adaptation,
there is evidence that black or grey-box methods can achieve comparable performance in certain
cases. For example, tasks that require lightweight, modular adaptations—such as integrating real-
time external knowledge for rapidly changing domains like news summarization—may benefit more
from black-box methods due to their flexibility and lower computational demands [93]. Similarly,
grey-box approaches can be particularly effective in structured domains, such as legal document
analysis, where prompt crafting can exploit domain-specific patterns without retraining the entire
model [164].
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Fig. 2. Different approaches for tailoring LLMs to domain-specific tasks: (a) using a general LLM without
modifications, (b) enhancing the LLM’s performance through retrieving relevant external knowledge, (c)
utilizing domain-specific and task-relevant instructions to improve LLM’s capabilities, and (d) updating the
LLM’s internal knowledge with domain-specific text and tasks.

Complementary nature: Three approaches can be used independently or in combination to
achieve better performance on domain-specific tasks. For instance, external knowledge can be
integrated with a fine-tuned LLM to leverage both specialized knowledge and optimized parame-
ters [53]. Similarly, designed prompts can be used alongside neural adapters to guide the model’s
output while taking advantage of the newly learned domain-specific knowledge [75, 91].

Common Framework. Researchers can utilize these methods independently or in combination
to achieve optimal performance on specific tasks while considering the unique requirements and
constraints of each approach. In this article, we provide a common framework underlying the
black box, grey box, and white box methods for domain specialization of LLMs, which is a process
consisting of four core stages: Definition, Augmentation, Optimization, and Evaluation.

(1) Definition: The initial step involves clearly defining the domain, objectives, and constraints.
Whether fine-tuning a model (white box, Section 5), crafting prompts (grey box, Section 4),
or augmenting inputs/outputs (black box, Section 3), a clear understanding of the domain is
crucial for identifying relevant data, knowledge, and resources.

(2) Augmentation: This stage incorporates domain-specific knowledge into the model or its
inputs/outputs through various approaches: fine-tuning with domain-specific data (white
box), using gradients to craft prompts (grey box), or modifying inputs/outputs with external
tools (black box) [107].

(3) Optimization: Once the model or its inputs/outputs are augmented with domain knowledge,
the next step is to optimize the model’s performance to fulfill the domain objectives best. This
can be done through methods like gradient descent for white box approaches [87], prompt
engineering for grey box approaches [88], or post-processing and filtering of outputs for
black box approaches [208].

(4) Evaluation: The final stage tests the specialized model’s performance against predefined
benchmarks, gathering feedback from domain experts or domain-specific test sets to refine
the model.

3 External Augmentation for Domain Specialization
Retrieval augmentation aims to enhance LLMs by retrieving relevant information from external
sources to augment the response. There are two primary categories: (1) Domain Knowledge Aug-
mentation, where LLMs are provided with domain-specific context from an external knowledge
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source, and (2) Domain Tool Augmentation, which integrates LLMs with external systems or
tools, often via APIs. Knowledge Augmentation supplements the model’s responses with external
information, while Tool Augmentation expands the model’s capabilities for tasks it couldn’t perform
otherwise. Domain knowledge enhances depth and accuracy within a specific field, while domain
tools enable the model to perform tasks beyond its inherent capabilities. Both approaches can
augment LLMs on domain-specific tasks with up-to-date knowledge, solving Challenge 1 without
frequent model retraining.

3.1 Domain Knowledge Augmentation
Domain knowledge, in the broadest sense, is a comprehensive understanding of a specific field
or subject area. It includes concepts, principles, facts, and patterns that are unique to a particular
domain. The knowledge can be represented in various forms, including a set of documents, a
domain-specific knowledge graph, or a neural network that contains parametric domain knowledge.
Domain knowledge augmentation in LLM specification refers to the process of enriching an LLM’s
performance in specific domains by incorporating additional information from domain knowledge.
Two categories of external knowledge typically can facilitate LLMs in their domain specialization:
explicit knowledge refers to knowledge that is clearly defined, easily expressed, and structured
in a manner that can be directly understood and utilized; and implicit knowledge refers to
knowledge that is not directly stated or easily expressed, but is embedded within the data or the
system, often in a latent, non-obvious form.

3.1.1 Utilizing Explicit Knowledge with LLM. A conventional method for customizing language
models to domain-specific tasks is to retrieve domain-specific information from an external context,
which is also known as Retrieval-augmented Generation (RAG). When presented with an
explicit knowledge source containing domain-specific information, LLMs prioritize the context if
the data source holds task-relevant details that contradict the model’s memorized knowledge. This
strategy ensures that model predictions are anchored in the context without frequent fine-tuning.

Current techniques often employ a neural retriever to acquire task-relevant information from
either a large corpus (e.g., Wikipedia [26, 77, 89, 153]) or a knowledge base (e.g., Wikidata) [11,
42, 78, 95]. Specifically, given a task-specific query, early works [11, 77, 89, 153] designed neural
retrievers to vectorize the query and all information in the external knowledge source to search for
relevant information based on various similarity metrics (e.g., cosine similarity) in the latent space.
The searched information can then be concatenated with the query for downstream tasks, typically
by appending the retrieved content directly to the query’ input representation before feeding it
into a model. This concatenation can occur at the token level, where the retrieved text is treated
as additional context [26], or in a latent space, where vectorized representations of the query and
retrieved information are combined [77]. The enriched input allows the model to leverage external
knowledge more effectively during task execution. Common downstream tasks can benefit from
this approach. For instance, the model can reference retrieved factual data in question answering
tasks to provide more accurate and context-aware answers [153]. Similarly, in fact verification
tasks, incorporating external content ensures that responses are comprehensive and aligned with
domain-specific details [121].

With the prevalence of LLMs, researchers have been using LLMs to replace the neural network-
based retriever [57, 136], and one work [57] demonstrated that coupling a rather lightweight LLM
(around 11 billion parameter size) with an external knowledge base can achieve similar performance
when using PaLM [20] on question answering datasets. Furthermore, to enhance the transparency
and explainability of the retrieval, He et al. [42] proposed to leverage LLMs to decompose the
information retrieval process with detailed reasoning steps, and Lu et al. [95] explored utilizing
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LLMs to verify whether information obtained by a pre-trained neural-network-based retriever is
relevant or not.

3.1.2 Utilizing Implicit Knowledge with LLM. Implicit domain knowledge in machine learning
refers to latent, non-obvious information embedded within data or the system, often represented
as vectorized knowledge or embeddings learned during pre-training. Such embeddings capture
intricate data patterns, symbolizing domain knowledge in an abstract form. Previous works [36, 39,
106, 170] leverage attention mechanisms to enable PLMs to retrieve task-related information from
this implicit knowledge. These studies transform task-specific queries into embeddings, calculating
attention between the query vector and each knowledge entry. A softmax function generates a
weight or probability distribution across all knowledge entries concerning the input query. The
retrieved memory vector is then obtained via a weighted sum of the memory entries, using attention
weights. This method enhances traditional neural networks with implicit knowledge, allowing the
model to access relevant information during inference.

While LLMs store substantial information in their parameters for generating high-quality re-
sponses, augmenting them with implicit knowledge isn’t always necessary. Implicit knowledge
requires additional steps, such as transforming domain-specific data into latent vectors, which can
reduce practicality. However, researchers are exploring its potential to address complex scenarios.
This process often involves transfer learning, where pre-trained models are adapted to perform
specialized tasks by integrating domain-specific knowledge. For instance, implicit knowledge has
been utilized to store instructional sequences in solving long-form mathematical problems or
multi-step logical reasoning tasks [147, 178] that contain “large inputs”.

In this context, “large inputs” refer to sequences or datasets that exceed standard LLM context
lengths, such as detailed financial reports or lengthy legal documents. By employing an instruction
cycle, implicit knowledge enables LLMs to retrieve relevant parts of such inputs dynamically [67].
For example, implicit knowledge can store case precedents as embeddings in legal analysis, allowing
the LLM to retrieve and reference specific cases when analyzing new legal queries [198]. Similarly,
implicit knowledge embeddings in financial forecasting can help the LLM process historical market
data and extract relevant patterns to predict future trends [116]. This augmentation facilitates
handling domain-specific problems requiring extensive or complex input processing beyond the
typical token limit. Moreover, they also explored ways to integrate retrieved information beyond
the input layer, incorporating it into intermediate and output layers of language models[35].
Specifically, this involves techniques such as fusing external knowledge into hidden states during
forward propagation [139] or dynamically updating model representations through attention
mechanisms [196]. These approaches aim to refine the model’s understanding and improve its
performance on knowledge-intensive tasks by leveraging external information at multiple stages
of processing, rather than relying solely on static inputs.

3.1.3 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Broadly, the following factors influence the
resource requirements: Domain knowledge augmentation involves varying computational demands
depending on the type of knowledge integrated. For explicit knowledge, such as structured knowledge
graphs or ontologies, the computational overhead arises primarily during preprocessing and
integration, which may require moderate to high resources depending on the scale of the knowledge
base and the complexity of the methods used. These approaches benefit from the structured nature
of the data but often require large, curated datasets to be effective. Implicit knowledge integration, on
the other hand, typically involves fine-tuning or domain-adaptive pretraining using unstructured
datasets. This process demands substantial computational power, particularly for large-scale LLMs,
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as it involves training or adapting models on extensive domain-specific corpora. While these
techniques enable the model to internalize nuanced, domain-specific information, they are resource-
intensive and time-consuming.

By incorporating external knowledge, LLMs function like librarians, retrieving relevant informa-
tion rather than memorizing every resource. This approach enhances performance in specialized
tasks without extensive retraining, enabling more adaptable AI systems that can update their
knowledge dynamically. Unlike traditional memorization, this process involves the retrieval of
domain-specific or up-to-date information from structured databases or knowledge sources [155],
which can then be integrated at various stages beyond the input layer. For instance, retrieved
knowledge can be explicitly embedded within intermediate layers of the model or used to refine
output probabilities, enabling deeper interactions between the retrieved content and the model’s
internal reasoning process. However, this method raises significant challenges, such as ensuring
the accuracy, relevance, and seamless integration of retrieved information—topics central to fields
like digital libraries and information science [72]. Shared tasks in information retrieval, such as
CLEF1 and TREC,2 provide valuable benchmarks for evaluating and improving these capabilities,
offering insights into how retrieval-based approaches can achieve robust performance in real-world
scenarios.

(1) Seamless integration: Seamless integration of external knowledge into LLMs is crucial, whether
the knowledge is explicit or implicit. Existing methods typically concatenate retrieved knowl-
edge to the LLM’s input or intermediate layers. However, the LLM needs to have the option
of accepting or rejecting retrieved information [5], given that such information may be
incomplete or conflicting.

(2) Scalability and adaptability: Designing systems capable of scaling to manage large amounts
of domain-specific data and adapting to new or changing information is challenging. With
rapidly expanding knowledge bases, computing pairwise knowledge similarity will become
increasingly computationally unfeasible.

3.2 Domain Tool Augmentation
Domain tools refer to specialized software, libraries, or frameworks that are developed specifically
for a particular domain or field ( NCBI Web APIs for genomics QA [64], automated formal theorem
prover for mathematical proofs [61], sandbox environment for social behavior simulation [120],
etc.). These tools are designed to handle domain-specific tasks, data, or knowledge effectively, and
they often incorporate algorithms, techniques, or data structures that are tailored to the unique
requirements of that domain. However, the utilization of these domain tools often demands strict
adherence to input formats or extensive training, making them less accessible to general users.
On the other hand, LLMs also exhibit cognitive capabilities across a wide range of tasks and
domains. Despite their versatility, current LLMs are constrained in tasks that require domain
specialization. These limitations [107, 145] include (1) unstable result formats depending on the
random seeds, generation hyperparameters, and input contents [146]; (2) inability to access up-to-
date information [115] since LLMs are solely capable of acquiring information from their training
data; (3) a tendency to make up facts observed by researchers [59]; (4) lack of precision in certain
tasks such as arithmetic [37].

Researchers propose a collaborative approach to overcome the limitations of solely using either
domain tools or LLMs for domain-specific tasks. This approach combines the strengths of both,
utilizing domain-specific knowledge, algorithms, and functionalities from the tools, while offering

1https://www.clef-initiative.eu/
2https://trec.nist.gov/
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Question: There are 72
heads and 200 feet inside
a cage. How many rabbits
and chickens are there?

Python Script
def solve_chicken_rabbit_problem(heads, feet):
    a = np.array([[1, 1], [2, 4]])
    b = np.array([heads, feet])
    try:
        x, y = np.linalg.solve(a, b)
        if x >= 0 and y >= 0 and \
           x.is_integer() and y.is_integer():
            return int(x), int(y)
        else:
            raise ValueError
    except:
        print("No solution found.")

44 Chickens
28 Rabbits

LLM
Program

Interpreter

Fig. 3. A toy example for LLMs call domain tools.

a user-friendly interface through LLMs. This collaboration optimizes the use of domain resources
and eases user engagement by allowing LLMs to guide effective tool usage.

LLMs Call Domain Tools. One straightforward way for domain tool augmentation is to allow
LLMs to call domain tools. Essentially, this type of approach follows a multi-stage pipeline, given
an LLM 𝑓Θ(⋅) and a domain tool 𝒯(⋅): (1) elicit an executable command 𝑐 for the domain tool from
the LLM by curated or constructed prompts 𝑝, denoted as 𝑐 = 𝑓Θ(𝑝). (2) execute the command 𝑐 in
the domain tool and get the outputs, denoted as 𝑟 = 𝒯(𝑐). (3) post-process the domain tool outputs
by pre-defined rules or the LLM, denoted by 𝑦 = 𝑝𝑜𝑠𝑡 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠(𝑟).

This pipeline provides a general diagram and can be easily expanded to multi-LLM multi-tools
collaboration scenarios. The key technical challenge is to ensure the instruction-following and
validity of generated commands 𝑐 from LLMs, so that domain tools can accurately solve desired tasks.
Most existing works propose to utilize zero-shot or few-shot prompting for executable command
generation (please refer to Section 4 for more details). According to Figure 3, where the task is an
arithmetic question “There are 72 heads and 200 feet inside a cage. How many rabbits and chickens
are there?”. To elicit LLMs to generate an executable Python program, we can formulate the prompt
as “Please write a Python script to solve the arithmetic question. Question: {question_text}”. Then,
a snippet of scripts is returned by LLM as the executable command 𝑐 for the Python interpreter.
Finally, the Python interpreter responds with the program outputs “44, 28”, and further post-
processed into desired results “44 Chickens and 28 Rabbits”. Depending on the types of tools, LLMs
can generate commands that adhere to their syntax and format requirements. Early explorations
focused on eliciting search engine queries [71, 105, 115] and database queries [19, 81, 129]. Later
work expanded to writing executable codes for interpreters like Python [17, 37, 159], Wolfram [186],
and domain-specialized APIs like the chatGPT plugin system [117], typically using zero-shot or
few-shot prompting techniques.

Some tasks involve multiple types of tools to accomplish. Researchers have started to generalize
LLMs as task planners (also known as “API selectors” or “controllers”) that call multiple tools.These
approaches focus on decomposing complex tasks into concrete subtasks and coordinating between
multiple tools. Examples include DSP [61]’s Draft, Sketch, and Prove framework for automated
theorem proofs, TaskMatrix.AI [84]’s approach to deriving solution outlines and matching sub-
tasks to domain models, HuggingGPT [150]’s LLM-controlled domain model management, and Qin
et al. [132]’s tool-augmented framework for task decomposition and dynamic execution planning.

LLMs Embodied to Domain Tools. LLMs can also be called domain tools to serve as smart agents
in interactive environments, namely, LLMs embodied to domain tools. LLMs, when embodied in
interactive robots, can serve as the decision-making module for domain-specific applications.
For example, ProgPrompt [154] investigates LLMs’ ability to assist robots, when the robot’s
perception module observes surrounding objects and the LLM is prompted with available action
specifications. Results indicate the LLM can generate situated actions for simulated household and
real-world tabletop tasks. Furthermore, Murali et al. [114] employ LLMs as the primary component
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for identifying different speakers in multiparty conversations involving a social robot. The robotics
community is progressively exploring these areas, studying LLM utility in human-robot interfaces,
planning, grounding, and more [27, 83, 181]. Furthermore, researchers are exploring how multiple
LLMs can interact with their environment or collaborate to solve complex tasks. Mind’s Eye [90]
uses simulated physics engines to align LLM reasoning with physical tasks. CAMEL [79] enables
LLM agents to collaborate through role-based instruction-following. Similarly, [120] employs 25
LLMs in a sandbox environment to simulate human-like behavior. These efforts point toward a
community of specialized LLMs, where expert models collaborate, combining strengths to tackle
real-world challenges beyond the scope of a single model.

3.2.1 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Generally, these approaches leverage pre-
existing domain-specific tools, which may reduce the computational burden on the LLM itself by
offloading specialized tasks to external systems. However, the integration process can introduce
overhead, particularly if the LLM must format inputs and interpret outputs according to the
strict requirements of the domain tool. For instance, the need to preprocess data or generate API-
compatible queries can increase computational complexity. Additionally, domain tools often have
their own resource demands, including memory, processing power, and sometimes specialized
hardware or licenses. In terms of data requirements, these techniques typically rely on curated
domain-specific datasets for fine-tuning or aligning the interaction between the LLM and the
domain tool. While the amount of data needed can vary widely, the quality and specificity of
the data are more critical than sheer volume. Thus, while domain tool augmentation is resource-
intensive in its setup, it can achieve significant efficiency gains during task execution by leveraging
specialized systems.

By harnessing the capabilities of LLMs, domain tools can facilitate a wide range of tasks across
diverse fields, such as robotics, virtual agents, and real-world problem-solving. These tools enhance
human-machine collaboration by enabling more intuitive and efficient interactions, ultimately
improving adaptability and effectiveness in addressing complex challenges. However, augmenting
LLMs with domain tools still presents several open obstacles:

(1) Automated integration: Integrating LLMs with domain tools requires significant effort to
ensure compatibility and effectiveness. A promising direction is to use LLMs as a unified
interface, leveraging standardized protocols to seamlessly connect diverse applications and
services, thus enabling streamlined communication.

(2) Eliminating dependency on domain tools: An alternative future direction focuses on advancing
LLMs toward artificial general intelligence (AGI) capable of handling tasks without relying
on external tools or domain-specific knowledge. Such an AGI model could transform the
utility of LLMs, enabling them to autonomously perform complex and sophisticated tasks
with higher efficiency and minimal external intervention.

4 Prompt Crafting for Domain Specialization
While general LLMs are powerful, to address Challenge 2, further model tuning on prompts can
enhance their ability to adhere to user intentions and generate accurate and less toxic responses [119,
177]. Prompts, or task-specific input texts designed to elicit specific model responses, help guide
the LLM’s content generation process and set expectations for the desired output. Approaches
generally fall into two categories: (1)Discrete Prompt involves creating task-specific natural language
instructions to prompt LLMs, eliciting domain-specific knowledge from their parameter space, and
(2) Continuous Prompt uses learnable vectors to prompt LLMs, eliminating the need for manually
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designed text instructions. This section delves into both approaches and the merits and limitations
of domain specialization.

4.1 Discrete Prompt
Recent works [12, 118] allow LLMs to quickly adapt to unseen domains by discrete prompting,
and GPT-3 [12] is the first work that introduces how to perform an unseen task using an LLM
with zero-shot/few-shot discrete prompts without updating the LLM’s inner parameter. We give a
formal definition of the discrete prompt framework below.

Given an LLM 𝑓Θ(⋅) where Θ denotes pre-trained model parameters, the task is to elicit desired
output 𝑦 from LLM with a discrete prompt 𝑝 and a test query, denoted as 𝑦 = 𝑓Θ([𝑝; 𝑐]), when
freezing Θ. It is worth noting that both 𝑦, 𝑝 and 𝑐 are sequences of tokens (i.e., natural language
sentences). The rationale behind using discrete prompts is that they can serve as instructions to
elicit the generalized reasoning abilities of LLMs. By following such instructions, LLMs can perform
domain-specific tasks that they have not been specifically trained for.

Depending on the prompting types, discrete prompts can be divided into two categories: (1)
zero-shot [9, 70, 144], where the prompt 𝑝 consist of only the task description; and (2) few-shot [98,
109, 185], where the prompt 𝑝 consists of the task description and few illustrative examples. The
key difference lies in whether task demonstrations are provided.

# Task description
Please determine if the two sentences en-
tail, contradict, or are neutral to each
other.
# Test query
Premise: A man inspects the uniform of
a figure in some East Asian country.
Hypothesis: The man is sleeping.
Answer: # LLM response
LLM∶ Contradiction

Fig. 4. An example (adapted from [73]) of zero-shot
discrete prompts, where task description, and/or a test
query are provided to LLMs. No illustrative examples
are provided in zero-shot prompts.

4.1.1 Zero-shot Discrete Prompts. The
zero-shot setting represents the cold-start
scenario, where not a single supportive labeled
example is available. Figure 4 presents how
zero-shot discrete prompts work. The task
description that compromises the prompt 𝑝 can
be curated by human users or automatically
generated by templates, where the intent of the
task and the expected outcomes are described
in natural language. However, as stated
in [146], post-processing is sometimes required
to extract the rigorous prediction results from
the unbounded raw outputs. Researchers
demonstrate that instruction alignment pre-
training enables decent zero-shot performance
on various unseen tasks [12, 144, 182], where
different tasks can be represented in a unified
sequence generation format. PADA [9] is one of the pioneering works that explore how to elicit
the domain adaptation ability of LLMs for domains unseen during the training phase. PADA first
generates the target domain name followed by a set of domain-related features related to the test
query, and then uses them together as the prompt to predict task labels. Follow-up works explore
how to utilize zero-shot discrete prompt for domain adaptation in sentiment analysis [60], image
classification [38], semantic segmentation [34], and rumor detection [85]. Later, Kojima et al. [70]
extend the few-shot-Chain-of-Thoughts (Few-shot-CoT) [185] into zero-shot-CoT to elicit multi-
step reasoning ability of LLMs. The core idea of Zero-shot-CoT is a two-stage prompting, where the
1st stage simply adds the same prompt “Let’s think step by step” before each answer to derive the
reasoning process sentences, and the 2nd stage takes the generated reasoning sentences to generate
the final answer. Zero-shot-CoT has achieved significantly stronger performance than the standard
zero-shot prompting method on arithmetic, symbolic reasoning, and other logical reasoning tasks.
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4.1.2 Few-shot Discrete Prompts. The few-shot setting reflects the characteristics of sparse
training samples of many domain-specific applications (i.e., only a few annotated examples are
available).

# Task description
Please determine if the two sentences en-
tail, contradict, or are neutral to each
other. Below are several examples.
# Example 1
Premise: A soccer game with multiple
males playing.
Hypothesis: Some men are playing a
sport.
Answer: Entailment
# Example 2
Premise: Chest x-ray showed mild con-
gestive heart failure.
Hypothesis: The patient complains of
cough.
Answer: Neutral
# Test query
Premise: A man inspects the uniform of
a figure in some East Asian country.
Hypothesis: The man is sleeping.
Answer: # LLM response
LLM∶ Contradiction

Fig. 5. An example (adapted from [73]) of few-shot
discrete prompts, where task description, illustrative
examples, and/or a test query are provided to LLMs.
Compared to zero-shot prompts, a few supportive la-
beled samples are provided in few-shot prompts.

Figure 5 presents an example of how few-
shot discrete prompts work. Different from
zero-shot prompts, few-shot prompts consist
of a few input and desired output pairs to
convey the task intention and provide illus-
trations of the desired output formats. Few-
shot prompts yield more stable output for-
mats and more decent performance on down-
stream tasks [12, 118]. Chain-of-Thought
(CoT) [185] enhances the domain specialization
ability of LLMs by introducing a series of inter-
mediate reasoning steps for complex reasoning
tasks, such as multi-step mathematical problem
solving, causal inference, or logical deduction.
However, CoT also brings extra cost in manu-
ally designing reasoning chains for each test
example. As a follow-up, Auto-CoT [204] elim-
inates manual designs by appending the “Let’s
think step by step” prompt to the given task
context and letting LLMs generate reasoning
chains directly. Other than the natural language
format instructions, CoCoGen [98] studies the
programming language format instructions to
tackle structured reasoning tasks.

More advanced techniques are then pro-
posed to further improve the discrete instruc-
tion of LLMs for domain specialization and
customization. For instance, ensemble-based in-
struction [96, 175, 176] utilizes multiple differ-
ent instructions to derive multiple model out-

puts and then aggregates these outputs to achieve better task performance. Another line of research
proposes recursive instruction [3, 31, 32, 68, 191, 207] to break down a complex, unseen task into a
series of easier subtasks and then employs LLMs with specific instructions for each subtask.

4.1.3 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Discrete prompting techniques, particularly
zero-shot and few-shot approaches, are computationally efficient compared to other domain spe-
cialization methods because they do not require updating the pre-trained LLM parameters. Instead,
they rely on carefully crafted natural language prompts to guide the model’s reasoning abilities.
This eliminates the need for extensive fine-tuning or retraining. The computational cost is largely
determined by the model’s size and the context window required to accommodate the prompt
and test query. Zero-shot prompting, involving only task descriptions, typically demands fewer
tokens and is more lightweight than few-shot prompting, which includes illustrative examples and
therefore requires more extensive use of the model’s context window. Overall, discrete prompting
is highly efficient in terms of both computation and data requirements, as it leverages pre-trained
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Fig. 6. An illustration of soft prompt tuning. The fire icon represents tunable modules and the ice icon
represents that the parameters of those modules are frozen during tuning. Verbalizers are only used for
classification tasks where a mapping from class label to label words is required, which can be one-one mapping,
trainable tokens [41], or enhanced with extra knowledge [52].

knowledge without additional training datasets. However, performance may depend on the quality
of the prompt design, requiring iterative experimentation rather than computational overhead.

However, crafting discrete prompts for LLMs in domain specialization poses several open
challenges:

(1) Effectiveness: The discrete instructions are often curated by experts for domain-specific
tasks, raising concerns about whether these instructions are the most effective or introduce
unintended biases. Biases can emerge from the perspectives or preferences of the experts
involved, potentially limiting the generalizability of the prompts. Therefore, there is a need
for robust (automatic) evaluation methods to assess the effectiveness and neutrality of these
instructions. This can be achieved through collaboration between domain experts and data
scientists, who can iteratively analyze performance and refine instructions.

(2) Scalability and adaptability: Developing automated methods to generate, select, or combine
discrete instructions without excessive human intervention is critical for improving scalability.
However, such approaches must also address the challenge of data scarcity in certain domains,
as limited access to high-quality domain-specific examples may hinder the adaptability of
LLMs to niche or less-studied areas. Techniques for augmenting or synthesizing representative
domain data could play a vital role in addressing this issue.

4.2 Continuous Prompt
The continuous prompt is a sequence of tokens proposed to attach with the input sentence and
guide LLMs with extra and learnable knowledge from datasets by continuous prompt tuning. In
this case, the continuous prompt serves as a parameterized vector/matrix instead of the natural
language instruction. Prompt tuning aims to optimize the prompt that adapts an LLM to cus-
tomized tasks or domains with the preservation of LLM’s general language understanding ability.
Here, one can solely update prompt-related parameters, whose quantity is around only 0.01% of
the total number of the LLM’s parameters, while freezing the LLM itself during the fine-tuning
phase.

A general framework of continuous prompt tuning (Figure 6) can be concisely described
in the following stages: (1) Given an input sentence 𝑐 and its corresponding target 𝑦, a tem-
plate function 𝑇 (⋅) organizes them along with a prompt 𝜏 of length 𝑚 into a new sentence
𝑇 (𝜏, 𝑐) = {𝜏0∶𝑖, 𝑐, 𝜏𝑖+1∶𝑚}. (2) Subsequently, the sequence 𝑇 (𝜏, 𝑐) is mapped into an embed-
ding space using model’s input layer 𝑒(⋅), resulting in the sequence of token embeddings:
𝑇𝑒(𝜏, 𝑐) = {𝑒(𝜏1), ..., 𝑒(𝜏𝑖), 𝑒(𝜔1), ..., 𝑒(𝜔𝑛), 𝑒(𝜏𝑖+1), ..., 𝑒(𝜏𝑚)}, where 𝜏𝑖 is the 𝑖th token in the prompt
and 𝑇𝑒(⋅) denotes the sequence in the embedding space. To perform prompt tuning, 𝜏 is
considered as pseudo tokens without explicit semantic meanings, and thus 𝑒(𝜏𝑖) is replaced
with a trainable tensor ℎ(𝜏𝑖) reparameterized by 𝜃𝜏. This modifies the template to: 𝑇 ′

𝑒 (𝜏, 𝑐) =
{ℎ(𝜏1), ..., ℎ(𝜏𝑖), 𝑒(𝑥1), ..., 𝑒(𝑥𝑛), ℎ(𝜏𝑖+1), ..., ℎ(𝜏𝑚)}. (3) Finally, we can feed the embedding sequence to
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an LLM, and optimize the continuous prompts 𝜃𝜏 using the downstream loss function ℒ as follows:

𝜃𝜏⋆ = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝜃𝜏

ℒ(𝑓Θ(𝑇
′
𝑒 (𝜏, 𝑐)), 𝑦), (1)

where 𝑓Θ(⋅) is the LLM function parametrized by Θ. For a cloze-style input reformulated from
general tasks, for example, the sentiment analysis task for the sentence “I like the movie!” can be
rephrased as a cloze-completion problem: “I like the movie! It was [MASK].”. The predicted words
at the masked position are then employed for subsequent classification. In this case, a unique token
[MASK] is integrated during the generation of the template in step (1), and a verbalizer 𝜙 is required
to map class labels to words in the language model’s vocabulary, e.g., positive→‘great’, resulting in:

𝜃𝜏⋆ = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝜃𝜏

∑
𝑐
log 𝑃 ([𝑀𝐴𝑆𝐾] = 𝜙(𝑦)|𝑇 ′

𝑒 (𝜏, 𝑐)). (2)

The continuous prompt techniques fall into two categories: (1) task-dependent prompt tuning, and
(2) instance-dependent prompt tuning. Each category encompasses general and specific enhancements
for domain and task adaptation. Although some studies are based on PLMs, the advantages apply
to LLMs, given the correlation between prompt tuning enhancements and model size [75] and
successful implementations on large-scale PLMs. Moreover, it provides a parameter-efficient, fully
controllable tuning method to adapt PLMs for more customized purposes.

4.2.1 Task-dependent Prompt Tuning. Task-dependent prompt tuning optimizes a shared prompt
for all instances within a specific task, enabling it to encapsulate information from extensive
datasets comprising thousands or millions of examples. However, training a naïve prompt is hard
to converge and suboptimal for different scenarios, leaving room for improvement for specific tasks
and domains.

Prompt Content Enhancement. We refer prompt content as the embedding values of continuous
prompt, enhancements are developed in terms of task-specific initialization and prior knowledge
transfer. Pilot works have validated that in contrast to many optimizers that begin with a random
distribution applied in general ML tasks, the optimization process of soft prompt is significantly
influenced by its initial value. For language models, word embeddings are pre-trained to be quite
distinct. Consequently, a standard optimizer such as stochastic gradient descent can only update
the parameters in a limited vicinity, leading to the possibility of falling into a local minimum [2].
Therefore, a more effective initialization approach would involve using embeddings of concrete
task-specific words.

One of the pioneering works, WARP [41] initializes the prompt by the embedding of a special
token “[MASK]”. KnowPrompt [18] designed learnable prompts as virtual type words and virtual
answer words, which are initialized by the aggregated representation of concrete label words and
disassembling words based on their frequency in the dataset. In addition, random initialization
has been proven to be the least efficient, especially for small models, while Prompt-tuning [75]
presented no significant gap between initialization strategies when the model size grows to 11B,
indicating that LLMs is robust for prompt’s initialization values in general tasks.

Further studies have shown prompt transfer capabilities across domains, with methods like
SPoT [168] and PPT [40] initializing prompts using source tasks or self-supervised learning. Su
et al. [156] demonstrated prompt transferability across tasks and models, revealing that well-
initialized prompts can accelerate training convergence. LFPT5 [131] leveraged this transferability
for lifelong learning, using soft prompts to simultaneously solve current tasks and generate samples
from previous tasks to mitigate catastrophic forgetting. Progressive prompts [137] further extended
this approach by concatenating prompts optimized on previous tasks with a tunable current prompt.
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Prompt Construction Enhancement. We refer to the prompt construction about the positioning
and length of the prompt, and combinations of additional templates or discrete prompts. Continuous
prompts can be simply prepended, appended, and inserted into the original input sentences without
extra language phrases. The pioneering study, WARP [41] adopted all three intersections with a
“[MASK]” token for classification tasks. In Prefix-tuning [82], tunable prompts are prepended to the
sentence embedding and the activation of all attention blocks, capitalizing on the left-to-right nature
of the autoregressive model: the prepended prompt can efficiently affect the subsequent words
through attention. In addition, a recent work [75] prepend prompts at the input layer, achieving
comparable results to fine-tuned models.

Templates are widely used to improve adaptation performance [146], such as reformulating NLP
tasks like sentence classification into masked word prediction. For instance, KnowPrompt [18]
designed a template appending a “[MASK]” between subject and object for relation extraction,
incorporating trainable “virtual type words” to align output embeddings logically with target
relations. Similarly, KiPT [80] developed a knowledge extractor for event detection that identifies
trigger words based on semantic similarity, prepending these words and event labels to soft prompts
and reformulating sequence tagging tasks into generative event record outputs.

4.2.2 Instance-dependent Prompt Tuning. A shared task-dependent prompt is static against
the change in input sentence, which ignores semantic differences as well as specific knowledge
of individual instances, and thus be suboptimal in fine-grained objectives. Instance-dependent
prompt tuning however conditionally generates prompts for individual instances, incorporating
both contextual information and task instructions.

Prompt Content Enhancement. Enhancement of prompt content for instance-dependent tun-
ing focuses on learning a joint and adaptive representation of tasks as well as instance context.
IDPG [188] proposed an additional two-layer perceptron as a prompt generator, down and up
project the sentence embedding to the adaptive soft prompt. ATTEMPT [4] first trains multiple
prompts on large-scale source tasks, and calculates an aggregated prompt based on a sentence-wise
attention network, which will then be mixed with a newly initialized target task prompt as the final
instance-dependent prompt. Jin et al., [63] assume that prompt tokens differently contribute to the
instance, and thus designed a look-up module to score the association of prompt tokens to instance
tokens, which is then used to calculate the aggregated prompt embeddings. Bhardwaj et al., [10]
generate context-aware prompts by a transformer-based sentence encoder, but further quantize
the contextual prompt into a more compact representation to avoid optimization collapse. Levine
et al., [76] learn the joint representation of prompt and input by a frozen T5 encoder following
cross- and self-attention layers. Liu et al., [92] propose an instance-aware prompt that is applied to
the intermediate layers of LM. The proposed prompt generator is a simple feed-forward layer with
bottleneck architecture which takes the embedding of [CLS] token or pooling of embeddings of
sentence tokens.

Prompt Construction Enhancement. Similar to the construction enhancement, instance-dependent
prompt tuning introduces instance-dependent knowledge as concrete words or learns adaptive
prompts in terms of positioning and length. OntoPrompt [197] enriches the template with instance-
related knowledge from external ontology as an additional text, and tunes continuous prompts
surrounding the “[MASK]” to help prediction. Recently, to give a comprehensive discussion of the
effect of content and structure of prompts, dynamic prompting [194] proposed a unified framework
to learn an instance-dependent prompt by dynamically defining prompt position, length, and values
for each instance. It also proves the effectiveness of the post-fix prompt, given most prior works
prepend the prompt to the input sentence.

ACM Comput. Surv., Vol. 58, No. 3, Article 79. Publication date: October 2025.



Domain Specialization as the Key to Make Large Language Models Disruptive 79:19

4.2.3 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Continuous prompting is computationally
efficient compared to full model fine-tuning because it updates only a small fraction (approximately
0.01%) of the LLM’s parameters [87], specifically those associated with the prompt.This significantly
reduces memory and computational overhead during the tuning process, as the LLM remains frozen.
The primary computational cost arises from optimizing the trainable prompt embeddings using
gradient-based methods during fine-tuning. This cost is relatively low compared to approaches
requiring updates to the entire model’s parameter set. The data requirements for effective prompt
tuning depend on the task but are generally smaller than those for traditional fine-tuning, as the
pre-trained LLM provides a strong foundation. However, achieving optimal performance may
require iterative experiments with template construction and verbalizer mappings, which can
increase the time spent in the development phase rather than computation.

Continuous prompt tuning presents an efficient way to handle domain-specific tasks. However,
it has its limitations:

(1) Interpretability remains a key challenge, as continuous prompts often lack meaningful or
human-interpretable content when mapped to token vectors [18, 41]. While methods like
KnowPrompt [18] reveal domain-specific patterns, their coherence as sequences remain
unclear.

(2) Limited access to LLMs, especially API-restricted models, constrains gradient-based optimiza-
tion for continuous prompts. Derivative-free methods like Black-box tuning (BBT) [157]
and RLPrompt [29] offer promising alternatives, but data scarcity and risks of introducing
biases persist, particularly for discrete prompt search. Further advancements are needed to
address these challenges effectively.

5 Model Fine-tuning for Domain Specialization
a) Adapter-based Fine-tuning

b) Task-oriented Fine-tuningDomain-specific Knowledge

LLM

Fig. 7. The visualization of two approaches to fine-tune LLMs based
on domain-specific knowledge, where the blue rectangle denotes the
set of parameters in LLM. (a) the adapter-based LLM fine-tuning aims
to fine-tune LLMs on specific domains with a small number of extra
parameters (i.e., adapter); and (b) the task-oriented model fine-tuning
aims to fine-tune LLMs based on specific tasks.

LLMs, despite being trained
on extensive general text data,
might not encode adequate
knowledge for specific tasks or
domains. In such scenarios, fine-
tuning the model on a smaller,
domain-specific dataset can
enhance its performance within
that particular area. This fine-
tuning can be divided into two
main approaches. Adapter-based
Fine-tuning and Task-oriented
Fine-tuning. (1) Adapter-based Fine-tuning: This approach, as illustrated in Figure 7(a), employs
neural adapters or modular components to enhance the LLM’s performance on domain-specific tasks
without major modifications to the LLM’s inner parameters. These adapters, typically integrated
into the existing LLM architecture, allow for task-specific learning while keeping the original model
largely intact. (2) Task-oriented Fine-tuning: As represented in Figure 7(b), this method focuses
on modifying the LLM’s inner parameters to improve alignment with specific tasks. However,
entirely updating all parameters of an LLM may be impractical due to hardware limitations and
potential performance degradation.Therefore, the challenge for researchers lies in identifying which
parameters require alteration within the expansive parameter space, or in efficiently updating a
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subset of these parameters. To solve Challenge 3, both types of approaches allow LLMs to be tailored
to specific tasks or domains, offering flexibility and efficiency in handling specialized applications.

5.1 Adapter-based Fine-tuning
Adapter-based fine-tuning aims to add a small number of extra parameters to the LLM for achieving
better performance in specific tasks. Typically the additional parameters are encoded in simple
modules to guide the language model’s adaptation to target domains or tasks. The golden spots
for the added modules include: (1) simple with a small number of parameters; (2) extensible to the
original language models; (3) flexible with sequential training on each specific domain. Most of the
proposed strategies with the above favorable properties are built on adapters [48, 138] under the
umbrella of parameter-efficient fine-tuning.

5.1.1 Adapters. Adapters are trainable modules inserted between layers of a pre-trained
model [48]. The key property of adapters highlights that the parameters of the original language
model keep frozen, thus providing sustainable parameter sharing even with varying domains and
tasks. Suppose 𝑓Θ(⋅) denotes the function of LLM parametrized with the set of parameters Θ and
𝑔ΔΘ(⋅) denotes the function of adapters with parameter ΔΘ, then 𝑓Θ ∘𝑔ΔΘ represents the fine-tuned
language model by adapters. Let 𝑋 be general input data with task performance metric 𝜙, and 𝐷 be
the domain training data with domain-specific task performance 𝜙𝐷 (for both 𝜙 and 𝜙𝐷, a higher
value indicates better performance), the goal of adapters is to find 𝑔ΔΘ such that:

𝜙(𝑓Θ(𝑋)) ≈ 𝜙(𝑓Θ ∘ 𝑔ΔΘ(𝑋)), 𝜙𝐷(𝑓Θ(𝐷)) ≤ 𝜙𝐷(𝑓Θ ∘ 𝑔ΔΘ(𝐷)). (3)

The first equation ensures general task performance is preserved while the second improves domain-
specific tasks. This balance is crucial for models requiring both versatility and specialization. In
scenarios where task performance on general data is less critical, such as when focusing solely
on domain-specific tasks, techniques like child models and knowledge distillation can be applied.
These approaches further optimize performance by distilling knowledge from the general model
while retaining essential domain-specific knowledge.

Despite most empirical studies on cross-lingual or multi-task learning, some recent works explore
unsupervised domain adaptation, particularly using adapters.Unsupervised Domain Adaptation
(UDA) using adapters has been explored in recent work, aiming to enhance the cross-lingual or
multi-task learning capabilities of pre-trained models. The first attempt [203] targeted multi-domain
adaptation with a two-step strategy: domain-fusion training with Masked Language Model
(MLM) loss on a mixed corpus, followed by task fine-tuning with a task-specific loss on the domain
corpus. Subsequently, UDApter was introduced, which also adopted the two-step training and fine-
tuning approach, but segregated this into two adapter modules: a domain adapter and a task adapter.
The domain adapter first learned domain-invariant representations, which were then concatenated
with the task adapter whose parameters were frozen [100]. This was achieved using the architecture
defined in AdapterFusion [123]. AdapterSoup further improved adaptation efficiency by adopting a
weight-average of domain adapters only during the testing phase [22]. To select domain adapters,
three strategies were explored: exhaustive combination, text clustering, and semantic similarity.

Though these works focused on domain specialization, they were evaluated on PLMs like GPT-
2 [22, 100, 203], indicating potential applicability to larger language models. To address this,
LLaMA-adapter was designed for efficient adaptation on Large Language Models with Adapters
(LLaMAs) using self-instruct demonstrations. The adapter architecture incorporated a zero-init
attention mechanism, and the domain specialization capability was tested on instruction-following
and multi-modal reasoning tasks [202].

As the application of adapters expands, several techniques, while not explicitly claimed as effective
for domain specialization, have either demonstrated potential by offering favorable performance
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on downstream tasks or served as integrated components in existing frameworks for domain
specialization. Hence, adapters are classified based on their architectures into neural and low-rank
adapters. To facilitate user-friendly implementation, a growing body of work is dedicated to building
comprehensive frameworks of different adapters [54, 124]. Certain studies have also shown that
adapter integration can yield superior performance across various downstream tasks.

Neural adapters. We call adapters with neural network architectures neural adapters. In their
original design, [48] uses a composition of down-projection, GeLU non-linearity [45] and up-
projection with the feed-forward layers as the backbone. Later [8] simplifies the architecture to
a single hidden-layer feed-forward network and demonstrates the effectiveness on domain adap-
tation. The adapter modules are inserted after the multi-head attention and feed-forward layers
in the transformer. These adapters have been named as bottleneck adapters or serial adapters.
We use the latter throughout this article when referring to [48]. Neural adapters draw inspira-
tion from neural network architecture designs. Adapters in [123] feature residual connections,
while [125]’s MAD-X framework introduces invertible adapters mimicking autoencoders. Zhao
et al.[205] explored tiny-attention adapters, and most architectures use fully connected layers for
projections. Compacters[66] innovatively use parameterized hypercomplex multiplication layers
for parameter efficiency, while SparseAdapter [44] applies network pruning techniques. Adaptation
approaches include inserting adapters inside language models (like standard adapters) and outside
models, such as 𝐾-adapters [173] which train domain-specific adapters. Sung et al. [158] addressed
training memory concerns by proposing ladder side-tuning, which adds small modules connected
via shortcuts to the language model backbone.

Low-rank adapters. Low-rank adaptation (LoRA) [51] is inspired by the observation that LLMs
reside on an intrinsic subspace [1], where model parameters are efficiently updated. Therefore,
learning in this subspace significantly reduces the amount of parameters. LoRA modules im-
plant learnable SVD blocks as the subspace with a low matrix rank 𝑟 ≪ 𝑑, where 𝑑 is the di-
mension of input data. The matrices are added in parallel to the pre-trained weights, thus keep-
ing them frozen during the fine-tuning. Notably, LoRA shows superiority in further reducing
the number of trained parameters and introducing no latency during inference. A follow-up
work on this line is DyLora [165], which addresses two issues of LoRA using dynamic search:
fixed block size and exhaustive search on the optimal rank. Recently, another concern of LoRA
was raised that low-rank modules have limited representation power, and further resolved by
the Kronecker adapter (KronA) [33]. The essence is to substitute the SVD modules with a
Kronecker product module with two matrices of smaller sizes. Despite not many follow-ups
on the low-rank adapters, LoRA modules are included in various integrated adaptation frame-
works [43, 54, 101, 179] as an important building block. More details on these frameworks follow
below.

Integrated adapter framework. With the flourishing results of effective adapters, as introduced
above, it is a natural extension to incorporate several adapters from various families to boost
their performance. AdapterFusion [123] employs a straightforward idea: train multiple adapters
on different tasks and combine the learned embeddings from each adapter with a fusion layer.
UniPELT [101] proposes to activate different combinations of methods that best suit the current
data or task setup via a gating mechanism. The sub-modules included serial adapter [48], LoRA [51],
Prefix-tuning [82] and Bitfit [199]. Orthogonal to UniPELT, AdaMix [179] stacks multiple adapters
of the same type, but avoids more computational cost by training the activation with stochastic
routing. AdaMix can be regarded as a general technique that applies to any adapter, despite their
implementation on only serial adapters and LoRA.

ACM Comput. Surv., Vol. 58, No. 3, Article 79. Publication date: October 2025.



79:22 C. Ling et al.

The concept of learning a routing function on adapter inventories inspired various works:
Polytropon [128] jointly learns adapters and routing functions for multi-task learning, with variants
studied by [13] including weight averaging and multi-head routing. AdapterHub [124] provides
comprehensive adapter integration but lacks LLM support. LLM-adapters [54] addresses this by
introducing a framework for open-access LLMs, incorporating four basic adapters (Serial [48],
MAD-X [125], Parallel [195], and LoRA [51]) while remaining extensible.

5.1.2 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Adapter-based fine-tuning is a computation-
ally efficient and resource-friendly approach to domain specialization. By adding a small number of
trainable parameters through lightweight modules, such as adapters, this method avoids updating
the original LLM’s parameters, significantly reducing the computational overhead compared to full
model fine-tuning. The added modules are designed to be compact, typically comprising a fraction
of the total model size, making them resource-efficient in terms of both memory and storage.
The training process for adapters is also resource-efficient, as it focuses only on the additional
parameters rather than the entire model. This enables rapid adaptation to specific tasks or domains
with minimal computational overhead. Moreover, since the base model remains frozen, parameter
sharing is maintained across domains, allowing for scalable, sequential training of multiple tasks
without requiring retraining from scratch.

Adapter-based methods have several drawbacks. Their performance can be sensitive to architec-
tural design and size, risking insufficient representational power or overfitting. Additional modules
enlarge the model size, increasing resource demands and potentially extending inference time.
Moreover, as Sung et al. note, training memory remains substantial as backpropagation involves
the entire model even when previous parameters are frozen [158]. These limitations are further
compounded by broader challenges inherent to LLM domain specialization techniques. Potential
biases introduced during the adaptation process—such as overemphasis on specific patterns in
the fine-tuning data—can inadvertently propagate or exacerbate pre-existing model biases. Data
scarcity in niche domains may also hinder the generalizability of adapter-based methods, as limited
or imbalanced datasets can restrict the ability to capture diverse and nuanced domain-specific
knowledge. Given these challenges, we outline two key ones:

(1) Stability and universality: The performance of adapters can vary with different architectures
or hyper-parameters, raising questions about their stability and universality across LLMs
and task settings. Addressing these issues requires ensuring robustness against potential
biases introduced during domain adaptation and extending applicability to underrepresented
domains with limited training data.

(2) Computational resources: While adapters have shown promise with large-scale LLMs, it
remains unclear if they are sufficiently scalable. The potential need for more adapter modules
could bring computational cost concerns, especially in resource-limited environments. This
underscores the need for novel architectural designs, efficient training algorithms, and
strategies to mitigate data scarcity, such as synthetic data generation or active learning.

5.2 Task-oriented Fine-tuning
Despite these incredible capabilities of LLMs trained on large text corpus, fundamentally improving
the model performances beyond few-shot examples and auxiliary adapters still requires updating
the inner parameters of LLMs on an extensive amount of high-quality domain-specific datasets.
However, fine-tuning an LLM on any (domain) specific tasks poses two challenges: (1) updating
LLM’s global knowledge may destroy the in-context learning ability due to reasons including but
not limited to overfitting, catastrophic forgetting, and task-specific biases [180]. (2) Fine-tuning
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LLM

Task Pool

machine Translation

Neural Reasoning
......

Task: Commonsense Reasoning

Pick the most likely answer to the following question: 

Question: How many wings does a sparrow have?
A. One  B. Two C. Five D. Ten
Answer: B. Two

Task: Information Extraction

Extract the triplet of (objective, action, subjective):

Text: Quantum computing is a rapidly developing field
with many applications. 
Triplet: (quantum computing, is, a field)

Instruction-based
 Fine-tuning

Information Extraction
Task: Text Summarization

Summarize shorter text for the following paragraph:

Text: Quantum computing uses quantum bits or
qubits to perform calculations ...
Summarization: Quantum computing ...

Deploy on Unseen Tasks

Fig. 8. The overview of fine-tuning an LLM with explicit instructions across various domains and datasets.
Particularly, the LLM is fine-tuned on a collection of tasks ( commonsense reasoning, information extraction,
etc.) with detailed instructions, and the fine-tuned LLM is expected to obtain problem-solving skills.

LLMs is computationally expensive due to the vast parameter space and the deep model architecture.
In this section, we review recent techniques on how to update the global knowledge of LLMs,
which can be primarily categorized into two areas: Instruction-based Fine-tuning and Partial
Knowledge Update to address both challenges, respectively.

5.2.1 Instruction-based Knowledge Update. Instruction-based Knowledge Update refers to up-
dating an LLM’s parametric knowledge by fine-tuning it on a diverse set of tasks with explicit
instructions or prompts, which aligns conceptually with Instruct Learning introduced in [119].
As illustrated in Figure 8, the LLM is fine-tuned on a wide range of NLP tasks (e.g., question
answering, sentiment analysis, and others) and then evaluated on held-out and previously unseen
tasks. Although the training set covers most major NLP tasks, some niche or highly domain-specific
tasks (e.g., product question answering in online shopping scenarios) may not be included. Wei
et al. [182] provided the very first attempt to fine-tune LLMs based on a collection of datasets
described via instructions. Empirically, effective instructions can substantially improve zero-shot
performance on unseen tasks. The instruction-tuned language model FLAN is fine-tuned on a 137B
LLM over 60 NLP datasets using natural language instruction templates. The study shows that FLAN
outperforms its unmodified counterpart and even surpasses both zero-shot and few-shot 175B
GPT-3 on most unseen tasks. Subsequently, in recent works by [23, 56, 105], explicit instructions
have been employed to fine-tune LLMs, with emphasis placed on (1) expanding the number of tasks,
(2) enlarging the model’s size, and (3) fine-tuning on CoT data. As a result, the fine-tuned LLM
attains state-of-the-art performance on numerous benchmarks in both zero/few-shot NLP tasks.

Fine-tuning with Human Instructions. Fine-tuning with human instructions aims to guide LLMs
towards generating safer, truthful, less toxic content in line with user intentions. Most LLMs utilize
autoregressive approaches, making the generated content largely influenced by the training corpus
distribution and less controllable. Reinforcement learning from human feedback (RLHF) is
a notable technique for aligning LLM content with human needs [21]. In RLHF: (1) LLMs create
multiple content options for a prompt, ranked by humans for quality, relevance, and desired output
alignment; (2) an external reward model assigns scores to content based on rankings, capturing
evaluator preferences; (3) model policy is updated using reinforcement learning techniques to
maximize expected reward, fine-tuning the model to better align with human preferences; (4)
this process of content generation, ranking, reward modeling, and policy optimization repeats in
iterations, with the model continually learning from human feedback. Existing methods successfully
apply RLHF to fine-tune LLMs on complex reasoning tasks using human instructions [122, 171].

Potential Limitations of Instruction-based Knowledge Update. Knowledge updates based on explicit
instructions tend to perform well on Natural Language Understanding tasks but are limited to
simpler instructions and struggle with tasks diverging from evaluation sets. Improving adaptability
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to diverse tasks often incurs catastrophic forgetting. A crucial question is extending model knowl-
edge and abilities without causing such forgetting. Recently, Huang et al. proposed a method that
uses a pre-trained LLM to generate high-confidence, rationale-augmented answers for unlabeled
questions, improving general reasoning without ground truth labels or explicit instructions [55].
Additionally, Scialom et al. are expanding LLM knowledge and abilities without forgetting previous
skills by fine-tuning LLMs across various tasks and introducing an approach to counter catastrophic
forgetting with Continual Learning via Rehearsal [148, 151].

5.2.2 Partial Knowledge Update. Other than leveraging task-specific instructions to fine-tune
LLMs, a number of approaches emerge to conduct LLM fine-tuning by updating/editing a part of
LLM parameters that link to specific knowledge without leveraging external guidance. Suppose
𝑓Θ(⋅) denotes the function of LLM parametrized with the set of parameters Θ and 𝜃 ∈ Θ is the
single parameter in Θ. Updating the inner knowledge of 𝑓Θ(⋅) based on a collection of training data
𝐷 is denoted as

Θ̃ = Θ + ∇𝑓Θ(𝐷) ⊙ 𝑇 , 𝑇 (𝑖) = {
1, if 𝜃(𝑖) ∈ Θ𝑇
0, if 𝜃(𝑖) ∉ Θ𝑇

, (4)

where 𝑇 denotes the mask vector and 𝑇 (𝑖) ∈ 𝑇 denotes the 𝑖th element of 𝑇. The mask controls
the amount of LLM’s inner knowledge to be updated in each fine-tuning iteration, where we use
Θ𝑇 ⊆ Θ to denote the parameters that need to be updated in Θ. In the conventional setting of fine-
tuning PLMs [49, 140, 210], |Θ| = |Θ𝑇|. However, updating all of the parameters is computationally
prohibited and resource-consuming in the context of LLM. Empirically, |Θ| ≫ |Θ𝑇|, which refers to
the modification of only a small number of parameters. Existing parameter-efficient knowledge
update can be categorized into three streams: i.e., Knowledge Editing aims at directly locating
and updating a small subset of parameters in an LLM; Gradient Masking aims at masking out the
gradients of non-relative parameters during the fine-tuning; and Knowledge Distillation focuses
on obtaining a child model with domain-specific knowledge from LLMs.

Knowledge Editing. Recent research has seen success in updating LLMs with new memories
to replace outdated information or add specialized domain knowledge. For instance, improving
the ability to update an outdated prediction like “Boris Johnson is Prime Minister of the UK” can
enhance an LLM’s reliability and generalization. Various methods have been proposed to locate and
edit an LLM’s parametric knowledge [25, 28, 46, 103, 104]. De Cao et al. proposed a hyper-network
trained to update LLM parameters with a single fact needing modification, avoiding fine-tuning to
prevent performance degeneration [28]. However, later works found that hyper-network-based
editing falters as the LLM scales up, proposing retrieval-based methods to store edits in explicit
memory and reason over them to adjust LLM predictions [110, 111]. Other methods focus on
localizing and understanding LLM internal mechanisms. Notable works identify crucial neuron
activations for LLM factual predictions through attention mechanisms and causal interventions,
successfully updating domain facts [25, 103, 104]. A recent method is proposed learning a map
from textual queries to fact encodings in an LLM’s internal representation, using these encodings
as knowledge editors and probes [46].

Gradient Masking. Gradient masking is a technique used to selectively update specific parts of
an LLM during the fine-tuning process. The main goal is to reduce computational overhead and
potentially mitigate issues such as catastrophic forgetting or overfitting, particularly when adapting
pre-trained models to smaller or specialized datasets. Gradient masking involves modifying the
gradients during back-propagation by applying a masking function (Equation (4)). This function
determines which parts of the model will be updated, effectively masking the gradients for certain
parameters and keeping them unchanged.The choice of parameters to mask can be based on various
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criteria, such as their relevance to the task, importance in the model, or contribution to the overall
loss.

Earlier attempts [62, 199] have been made to efficiently fine-tune relatively small language models
by utilizing various regularization techniques, their methods cannot easily adapt to fine-tuning
LLMs. This is primarily due to the substantially larger amounts of data and computational resources
required to train LLMs effectively, which can be several orders of magnitude more than what is
needed for smaller language models. To add gradient masks to LLMs, CHILD-TUNING [190] utilizes
the downstream task data to detect the most task-related parameters as the child network and
freezes the parameters in the non-child network to their pre-trained weights. Moreover, Zhang
et al. [201] propose a Dynamic Parameter Selection algorithm for efficiently fine-tuning LLMs,
which adaptively selects a more promising sub-network to perform staging updates based on
gradients of back-propagation, which brings great improvement in domain-specific downstream
tasks under low-resource scenarios.

Knowledge Distillation. While most works on LLM self-knowledge update focus on task-specific
instructions and parameter efficiency, a promising area of research explores distilling domain-
specific knowledge from LLMs into smaller networks to reduce inference latency and enhance
domain-specific task solving ability. Muhamed et al. compressed a 1.5 billion parameter LLM to a 70
million parameter model for Click-through-rate prediction, introducing twin-structured BERT-like
encoders and a fusion layer for a cross-architecture distillation from a single LLM, resulting in
superior performance in both online and offline settings [113]. Similarly, [6, 102, 169] employ
a knowledge distillation module for LLM fine-tuning, achieving faster convergence and better
resource utilization. This module leverages pre-trained parameters for quick convergence and trains
a small subset of parameters to address model over-parameterization. Furthermore, [50, 152] distill
the step-by-step CoT reasoning abilities of larger models into smaller models.

5.2.3 Approach Efficiency and Open Challenges.

Computational efficiency and resource requirements. Task-oriented fine-tuning involves updating
the internal parameters of LLMs to enhance their performance on specific domain tasks. This
process is computationally intensive due to the size of modern LLMs and the complexity of their
architectures. The resource requirements include substantial GPU or TPU memory, prolonged train-
ing time, and access to high-quality domain-specific datasets. Fine-tuning also demands significant
energy consumption, making it less efficient compared to prompting-based methods. Additionally,
the risk of overfitting, catastrophic forgetting, and task-specific biases can necessitate careful opti-
mization and regularization strategies, further increasing the resource overhead. To mitigate these
challenges, approaches like instruction-based fine-tuning and partial parameter updates aim to
strike a balance by focusing on efficiency and preserving the model’s general capabilities, reducing
the overall computational burden compared to full fine-tuning of all parameters.

We have observed that different applications or users may have unique requirements or prefer-
ences. However, fine-tuning large-scale LLMs also poses several open challenges:

(1) Compliance with regulations: Updating and fine-tuning LLMs are necessary to ensure compli-
ance with specific regulations or guidelines, such as data protection laws or industry-specific
requirements. The so-called LLM alignment can be accomplished during the fine-tuning phase.
However, ensuring compliance may introduce unintended biases, particularly if regulatory
constraints conflict with the generality or fairness of the model.

(2) Computational resources: Fine-tuning LLMs necessitates access to high-performance or spe-
cialized hardware, which can be expensive to obtain, particularly for individual researchers
or smaller organizations. Pursuing fine-tuning efficiency is still a practical yet essential
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problem. Additionally, data scarcity in niche domains can hinder fine-tuning efforts, leading
to suboptimal performance or overfitting to limited examples.

(3) Bias and fairness: The domain specialization process may inadvertently amplify or introduce
biases present in the training data, resulting in outputs that are unfair or unreliable. Addressing
these biases requires careful data curation and rigorous evaluation, which are resource-
intensive and may not completely eliminate the issue.

6 Applications of LLM Domain Specialization
In this survey article, we explore the applications of LLMs across a range of domain-specific tasks
in social sciences (e.g., education, finance, and law), natural sciences (e.g., biomedicine and earth
science), and formal sciences (e.g., human-computer interaction (HCI), software engineering,
and cyber security). To achieve domain specialization for LLMs in these diverse fields, readers can
employ various techniques, such as external augmentation, instruction crafting, and knowledge
updates. These approaches can help tailor LLMs to specific tasks and challenges in each domain,
enabling more accurate, relevant, and effective applications. Although each domain has its unique
challenges and requirements, several common applications of specialized LLMs are shared across
these fields:

—Advanced information extraction: They can identify entities, relationships, and events from
domain-specific texts, such as recognizing genes in biomedical literature or detecting legal
clauses in contracts.

— Text generation and summarization: They can generate high-quality, domain-specific content
and create accurate summaries of complex domain-specific texts.

—Data-driven predictions and recommendations: They can analyze domain-specific data for
forecasting and providing recommendations, e.g., predicting financial trends or suggesting
personalized medical treatments.

— Conversational agents and expert systems: They can be incorporated into conversational agents
or expert systems for domain-specific guidance, such as virtual tutors or legal chatbots.

—Automated code generation and analysis: In software engineering, they can generate or analyze
code, identify bugs, or suggest improvements based on natural language descriptions.

In this section, we dive deep to review existing techniques for specializing LLMs in domain-specific
tasks and discuss potential open challenges in detail. Due to the space limitation, we only provide a
brief introduction of each domain and leave the complete discussion in the supplementary material.

Biomedicine. Language models are becoming increasingly useful in the field of biology, from
fundamental biomedical research [99, 142] to clinical healthcare support [58]. At the fundamental
biomedicine science level, LLMs can be trained on vast domain-specializing data (e.g., genomic
and proteomic) to analyze and predict biological functions, disease mechanisms, and drug discov-
ery [162]. LLMs can also aid in predicting protein structures and interactions, which are critical for
understanding cellular processes and designing new drugs [209]. At the clinical healthcare support
level, pre-trained or medical corpus fine-tuned LLMs can be used for the NLP of medical records
to identify patterns, make diagnoses, and provide personalized treatment recommendations [112].
Also, LLMs can assist in medical image analysis in a multi-modality learning way, such as identify-
ing specific features in X-rays or MRI scans [174]. Overall, LLMs offer tremendous potential for
advancing biology research and improving healthcare outcomes.

Finance and Law. Specializing LLMs in the financial and legal domains requires careful adaptation
to the distinctive characteristics of these fields. In the financial domain [74, 94, 187, 193], models
need to comprehend complex financial terminologies, economic trends, and regulatory norms
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to accurately generate content like financial reports, investment analyses, or risk assessments.
Meanwhile, the legal domain [15, 130, 166] demands understanding and generation of intricate
legal language, comprehension of laws, legal codes, and court rulings, while maintaining absolute
precision and an extra formal tone. For both domains, model specialization often involves fine-tuning
with domain-specific datasets, incorporating explicit domain knowledge, and optimizing for domain-
specific objectives like compliance with regulations, accuracy of information, or effectiveness of
advice. However, it’s crucial to maintain an ethical guardrail for these models, given the high-stakes
nature of both financial and legal decisions. The specialized models also need to keep abreast of the
evolving landscapes of these domains, adapting to changes in laws, regulations, or financial trends.

HCI and Software Engineering. HCI and software engineering also require a deep understanding
of the terminologies, workflows, and conventions unique to these areas. In the HCI domain, an
LLM may be specialized to understand and respond to user inputs more effectively, potentially
improving the design and usability of interfaces by offering more natural and intuitive interaction
paradigms [69]. This involves training the model on diverse data, ranging from human conversa-
tional data to user interaction logs. On the other hand, in the software engineering domain, an
LLM can be specialized to aid in tasks such as code generation, bug detection, code review, and
documentation [47]. This involves training the model on large codebases, issue trackers, documen-
tation, and other software-related data. These specialized models can provide valuable assistance to
developers, enhance the software development process, and potentially revolutionize the way we
interact with computers.

7 Open Challenges and Future Works
7.1 Open Challenges
It is essential to acknowledge that despite the significant progress in this field, there remain
several open challenges. These challenges pervade all categories of models, irrespective of their
accessibility or the specific techniques employed for specialization. As we strive to create LLMs
that can effectively understand and generate domain-specific content, it is these challenges that
will shape the future trajectory of research in this field. Let us delve into these open challenges to
better comprehend the complexities of domain specialization and the areas where further research
is required.

— Domain Complexity: Domain complexities could range from highly specialized vocabularies,
and nuanced terminologies to complex knowledge structures. For instance, the legal or
medical field employs language and terms that are extremely domain-specific and follow
certain syntax and structure rules. This complexity extends to the relationships between
different entities and concepts within the domain. Accurately understanding and modeling
this intricate domain knowledge is a significant challenge for all types of models.

— Balancing General and Domain Knowledge: An LLM, while needing to understand the specifici-
ties of a particular domain, also has to maintain its general knowledge to provide contextually
appropriate responses. If a model is overly specialized, it may perform exceptionally within
the targeted domain but fail to understand or generate coherent responses to prompts outside
of it. Conversely, retaining too much general knowledge may dilute the domain-specific
responses. Striking this balance between general and domain knowledge is a complex task.

— Explainability and Trust : As LLMs become more sophisticated, their decision-making process
also becomes more opaque, raising the challenge of explainability. It is crucial for users,
especially in high-stakes domains like healthcare, law, or finance, to understand how the
model arrived at a certain output. Achieving this transparency can help build trust in the
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system. The challenge lies in the tradeoff between model complexity and explainability, as
increasing one often decreases the other.

—Adapting to Domain Evolution: Domains are not static; they evolve over time with the intro-
duction of new terminologies, concepts, and trends. For example, the ongoing COVID-19
pandemic introduced a slew of new medical terms and concepts. Therefore, an LLM that is
specialized for a certain domain must continuously adapt to these changes to stay relevant
and effective. Designing models that can keep pace with the evolving landscape of their
specialized domain is a challenging task.

— Scalability: Domain specialization often involves training or fine-tuning the LLMwith domain-
specific data, crafting specific prompts, or using other domain-specific resources. While this
might be feasible for a few domains, scaling this process to cover a wide range of domains or
to handle large, complex domains is a significant challenge. It involves not just computational
resources but also the availability of domain-specific data and expertise. The challenge is to
create efficient and effective methods for domain specialization that can be scaled to cover
many different domains.

7.2 Future Works
As we chart the frontier of LLM specialization, we anticipate and explore innovative, out-of-the-box
techniques that have the potential to transcend these conventional approaches. Leveraging the
rapid advancement of AI technologies and the increased understanding of LLMs, we can envision a
future where novel techniques will emerge that push the boundaries of what’s possible in domain
specialization, providing enhanced performance, greater flexibility, and more efficient utilization of
resources.

—Hybrid Approaches: This could involve combining multiple methods depending on the stage
or specific needs. For example, a model could start with a black-box approach, using external
resources to augment input prompts, then proceed to a grey-box method where gradients or
loss values are used to further refine the prompts, and finally employ a white-box approach
to fine-tune the model based on the learned strategies and feedback. This hybrid approach
could provide a balance between resource requirement and model performance and might be
especially effective when dealing with scarce domain-specific data.

—Meta-Learning or AutoML Techniques: AutoML could be used to automate the process of
selecting the best strategies for domain specialization. For instance, a meta-learning approach
might learn a policy to select the best data for fine-tuning, the best prompt engineering
techniques, or the best layers to fine-tune for a given domain, based on previous experience
with similar domains. This could significantly reduce the resources and expertise needed for
domain specialization, and could potentially lead to more effective and efficient methods.

— Incorporating More Explicit World Knowledge: Instead of relying solely on text-based pre-
training, future LLMs might leverage structured knowledge sources, like knowledge graphs,
to augment their understanding of the domain. This could involve techniques like graph
neural networks or attention mechanisms that operate on graph-structured data. For instance,
a medical LLM could incorporate knowledge from a medical ontology graph to better under-
stand the relationships between various medical terms and concepts. This could lead to more
accurate and informative outputs, especially in domains where explicit structured knowledge
is available.

—Human-in-the-loop Learning: This involves continuous interaction from normal users or
experts to guide the model’s learning process. For instance, a legal LLM could be continuously
updated based on feedback from legal professionals using the model. This feedback could be
incorporated in the form of additional training data, changes to the model’s reward function
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in a reinforcement learning framework, or modifications to the model’s prompts. This could
lead to a more dynamic and adaptable model that can evolve with human needs.

—Active Learning: This approach involves the model actively querying for information or
feedback when it encounters a domain-specific concept it doesn’t understand or has low
confidence about. For instance, if a model trained on general news articles encounters a
specialized medical term it doesn’t understand, it could query a medical ontology or ask
for clarification from a human user. The model could then incorporate this new informa-
tion into its subsequent responses. This could make the model more effective at handling
unfamiliar domain-specific topics, and could provide a more interactive and engaging user
experience.

8 Conclusion
In conclusion, the rapid advancement of LLMs has generated substantial interest in their applica-
tion to domain-specific tasks across diverse fields. However, challenges such as limited domain
expertise, knowledge elicitation, and model complexity often limit their effectiveness. This survey
systematically categorizes existing domain specialization techniques based on access levels to
LLMs, providing a comprehensive overview of application domains that can benefit from these
techniques. By analyzing the advantages, limitations, and interrelationships of these methods, the
survey aims to guide domain experts in selecting suitable approaches and inform data scientists
about the practical significance and challenges within specific domains. While this work offers
a detailed synthesis of the current landscape, future research should focus on the quantitative
evaluation of these techniques, benchmarking their performance across metrics such as accuracy
and computational efficiency. Incorporating such analyses will provide deeper insights and practical
guidance for users. This article serves as a foundational resource for researchers and practitioners,
fostering innovation and interdisciplinary collaboration as the field of LLM domain specialization
continues to evolve.
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