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This article presents a comprehensive and practical guide for practitioners and end-users working with Large

Language Models (LLMs) in their downstream Natural Language Processing (NLP) tasks. We provide discus-

sions and insights into the usage of LLMs from the perspectives of models, data, and downstream tasks. First,

we offer an introduction and brief summary of current language models. Then, we discuss the influence of pre-

training data, training data, and test data. Most importantly, we provide a detailed discussion about the use

and non-use cases of large language models for various natural language processing tasks, such as knowledge-

intensive tasks, traditional natural language understanding tasks, generation tasks, emergent abilities, and

considerations for specific tasks. We present various use cases and non-use cases to illustrate the practical ap-

plications and limitations of LLMs in real-world scenarios. We also try to understand the importance of data

and the specific challenges associated with each NLP task. Furthermore, we explore the impact of spurious

biases on LLMs and delve into other essential considerations, such as efficiency, cost, and latency, to ensure a

comprehensive understanding of deploying LLMs in practice. This comprehensive guide aims to provide re-

searchers and practitioners with valuable insights and best practices for working with LLMs, thereby enabling

the successful implementation of these models in a wide range of NLP tasks. A curated list of practical guide

resources of LLMs, regularly updated, can be found at https://github.com/Mooler0410/LLMsPracticalGuide.

An LLMs evolutionary tree, editable yet regularly updated, can be found at llmtree.ai.
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1 INTRODUCTION

In recent years, the rapid development of large Language models has been revolutionizing the field
of natural language processing [14, 139, 142]. These powerful models have shown great potential in
addressing a variety of Natural Language Processing (NLP) tasks and real-world cases, ranging
from Natural Language Understanding (NLU) to generation tasks, even paving the way to
Artificial General Intelligence (AGI). However, utilizing these models effectively and efficiently
requires a practical understanding of their capabilities and limitations, as well as the characteristics
of the data and tasks.

To provide a guide for practitioners and end-users, this work focuses on the practical aspects
of working with Large Language Models (LLMs) in the real world and downstream NLP tasks.
This guide aims to provide practical advice on why or why not to choose LLMs for a given task,
as well as guidance on how to select the most suitable LLM, taking into account factors such as
model sizes, computational requirements, and the availability of domain-specific pre-trained mod-
els. This work offers a thorough understanding of LLMs from a practical perspective, therefore,
empowers practitioners and end-users with the practical knowledge needed to successfully lever-
age the power of LLMs for their own tasks.

Our work is structured as follows. First, our work offers a brief introduction to LLMs by dis-
cussing the most important models, such as GPT-style and BERT-style architectures. Then, we
delve into the critical factors that influence model performance from the data perspective, in-
cluding pre-training data, training/tuning data, and test data. Last and most importantly, we dive
deep into various concrete tasks, offering insights into the applicability of LLMs for knowledge-
intensive tasks, traditional NLU tasks, and generation tasks, along with the emergent abilities that
these models possess and challenging real-world scenarios. We provide detailed examples to high-
light both the successful use cases and the limitations of LLMs in practice.

To analyze the abilities of large language models, we compare them with fine-tuned models. As
of present, there is no universally recognized definition for LLMs and fine-tuned models. With
consideration to practical utility, in our article, the definitions of them are proposed as: LLMs are
huge language models pretrained on large amounts of datasets without tuning on data for specific
tasks; fine-tuned models are typically smaller language models, which are also pretrained and then
further tuned on a smaller, task-specific dataset to optimize their performance on that task.1

This work summarizes the following main practical guides for using LLMs:

— Natural language understanding. Employ the exceptional generalization ability of LLMs
when facing out-of-distribution data or with very few training data.

— Generation. Utilize LLMs’ capabilities to create coherent, contextually relevant, and high-
quality texts and code for various applications.

— Knowledge-intensive tasks. Leverage the extensive knowledge stored in LLMs for tasks
requiring domain-specific expertise or general world knowledge.

1From a practical standpoint, we consider models with less than 20B parameters to be models that can be fine-tuned.

While it is possible to fine-tune even larger models like PlaM (540B), in reality, it can be quite challenging, particularly

for academic research labs and small teams. Fine-tuning a model with 3B parameters can still be a daunting task for many

individuals or organizations.
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— Reasoning ability. Understand and harness the reasoning capabilities of LLMs to improve
decision-making and problem-solving in various contexts.

— Real-world scenarios. Take the advantages of LLMs in real-world scenarios due to their
ability to handle noisy input, tackle unformalized tasks, and follow human instructions after
alignment.

Recently, numerous surveys have delved into the evolution of LLMs. For instance, [139] offers
a review of the recent advancements in LLMs, including their foundational principles, key contri-
butions, and predominant techniques. [20] specifically focuses on evaluating the performance of
LLMs, while [51] provides an in-depth overview of the current understanding of reasoning capabil-
ities within these models. Additionally, Reference [106] explores the challenges and opportunities
related to discerning text generated by LLMs. Despite the wealth of existing literature, most sur-
veys are tailored for an audience of computer science researchers. There is a noticeable gap in
the provision of practical guidance for practitioners and end-users who may not have specialized
knowledge of LLMs but wish to leverage their capabilities for downstream tasks. This survey aims
to fill that void, offering a hands-on guide for a broader audience interested in harnessing the
power of LLMs for various NLP applications.

2 PRACTICAL GUIDE FOR MODELS

This section provides a brief introduction to state-of-the-art LLMs. These models differ in their
training strategies, model architectures, and use cases. To provide a clearer understanding of the
LLM landscape, we categorize them into three types: non-causal attention language models, half-
causal attention language models, and causal attention language models.2 In Figure 1, we show the
detailed evolution process of language models. From the evolutionary tree, we make the following
interesting observations:

(a) Decoder-only models have been gradually dominating the development of LLMs. At the
early stage of LLMs development, decoder-only models were not as popular as encoder-only
and encoder-decoder models. However, after 2021, with the introduction of game-changing
LLMs - GPT-3, decoder-only models experienced a significant boom. Meanwhile, after the
initial explosive growth brought about by BERT, encoder-only models gradually began to
fade away.

(b) OpenAI consistently maintains its leadership position in LLM, both currently and potentially
in the future. Other companies and institutions are struggling to catch up with OpenAI in
developing models comparable to GPT-3 and the current GPT-4. This leadership position
may be attributed to OpenAI’s steadfast commitment to its technical path, even when it was
not widely acknowledged initially.

(c) Meta contributes significantly to open-source LLMs and promotes research of LLMs. When
considering contributions to the open-source community, particularly those related to LLMs,
Meta stands out as one of the most generous commercial companies, as all the LLMs devel-
oped by Meta are open-sourced.

(d) LLMs exhibit a tendency towards closed-sourcing. In the early stages of LLM development
(before 2020), the majority of models were open-sourced. However, with the introduction
of GPT-3, companies have increasingly opted to close-source their models, such as PaLM,
LaMDA, and GPT-4. Consequently, it has become more difficult for academic researchers

2There are many ways to categorize LLMs. For example, LLMs can be categorized by the architecture, such as encoder-only,

encoder-decoder or decoder-only. LLMs can also be categorized by the pretraining task, such as prefixLM and masked

language modeling. It is hard to find a taxonomy that can include all LLMs. Some discussion may be helpful about the

difference among LLMs [119].
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Fig. 1. Evolutionary tree of modern LLMs traces the development of language models in recent years and

highlights some of the most well-known models. Models on the same branch have closer relationships.

Transformer-based models are shown in non-grey colors: decoder-only models in the blue branch, encoder-

only models in the pink branch, and encoder-decoder models in the green branch. The vertical position of the

models on the timeline represents their release dates. Open-source models are represented by solid squares,

while closed-source models are represented by hollow ones. The stacked bar plot in the bottom right corner

shows the number of models from various companies and institutions. A dynamic version of this figure could

be found by this link. Further, an editable yet regularly updated version of this tree is available at llmtree.ai.

to conduct experiments on LLM training. As a result, API-based research could become the
predominant method in the academic community.

(e) Encoder-decoder models remain promising, as this type of architecture is still being actively
explored, and most of them are open-sourced. Google has made substantial contributions
to open-source encoder-decoder architectures. However, the flexibility and versatility of
decoder-only models seem to make Google’s insistence on this direction less promising.

2.1 BERT-style Language Models: Encoder-Decoder or Encoder-only

As natural language data is readily available and unsupervised training paradigms have been pro-
posed to better utilize extremely large datasets, this motivates the unsupervised learning of natural
language. Non-causal models are one of the earliest pretrained language models that sparked dis-
cussions. They are encoder-only models and adapt the approach of predicting masked words in
a sentence while considering the surrounding context. This training paradigm is known as the
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masked language modeling. As the name suggests, for such models, all input tokens are visible to
each other in the attention mechanism, which does not follow the casualty of language. Notable
examples of non-causal models include BERT [31] and RoBERTa [76]. Non-causal models have
shown good performance in the field of natural language understanding.

2.2 Decode-only Models: GPT-style Language Models

Although language models are typically task-agnostic in architecture, these methods require fine-
tuning on datasets of the specific downstream task. Researchers found that scaling up language
models significantly improves the few-shot, even zero-shot performance [18]. The most successful
models for better few-shot and zero-show performance are causal attention language models. They
are decoder-only and are trained by generating the next word in a sequence given the preceding
words. For each token, only tokens before it is visible to this token in the attention mechanism
following the casualty of human speaking. The GPT series belong to this category. They are also
called autoregressive models. These models have been widely used for downstream tasks such
as text generation and question answering. Examples of autoregressive language Models include
GPT-3 [18], OPT [137], PaLM [25], and BLOOM [102]. The game changer, GPT-3, for the first time,
demonstrated reasonable few-/zero-shot performance via prompting and in-context learning.

2.3 Hybrid Models

In addition to the standard encode-decode model, encoder-only, and decoder-only models, there
are a series of works that employ hybrid pretraining objectives such as prefixLM [9, 96]. These
models integrate aspects of both decoder and encoder models. For these models, the input text is
divided into two parts when using the attention mechanism. The first part mirrors the encoder
section in encoder-decoder models or the prefix segment in models using a prefixLM objective.
However, the second part aligns with the method of decoder-only models, in which each token
only accesses information from the tokens that came before it. The primary goal of these hybrid
models is to boost the generative abilities of decoder-only models. Many popular models including
T5 [96], UniLMv2 [9], and BART [67], belong to this category.

2.4 The Architecture of LLMs

The architecture of Language Models varies depending on their category—BERT-style (Encoder-
Decoder or Encoder-only), GPT-style (Decode-only), or Hybrid models. In this section, we briefly
introduce the architectures of the recent LLMs as follows:

— Encoder-only or Encoder-Decoder models introduced the concept of bidirectional pre-
training. These models, such as BERT and RoBERTa, consist of an encoder-only architecture.
In the case of encoder-only models, they use a masked language modeling training paradigm.
This involves predicting masked words within a sentence while considering the surround-
ing context. Unlike decoder-only models, all input tokens in encoder-only models are visible
to each other in the attention mechanism, disregarding the causality of language. However,
encoder-decoder models use the encoder to process the input data and compress the infor-
mation into a context-rich representation, and the decoder to generate the output sequence
from this representation.

— Decode-only models, exemplified by the GPT series, are decoder-only architectures trained
using autoregressive language modeling. Autoregressive training involves generating the
next word in a sequence given the preceding words. Tokens in these models can only at-
tend to tokens that precede them in the input sequence, adhering to the causal structure of

ACM Trans. Knowl. Discov. Data., Vol. 18, No. 6, Article 160. Publication date: April 2024.



160:6 J. Yang et al.

language. GPT models have demonstrated impressive few-shot and zero-shot performance
in tasks like text generation and question answering, especially when scaled up.

These three categories represent the main architectural paradigms of LLMs and have signif-
icantly contributed to the advancements in natural language understanding and generation. Re-
searchers continue to explore and refine these architectures, pushing the boundaries of what LLMs
can achieve in various language-related tasks.

When selecting an appropriate LLM architecture for the downstream tasks, several considera-
tions come into play. If the task relies on capturing bidirectional contexts, such as Named Entity
Recognition or document classification, then Encoder-only models like BERT and RoBERTa may
be more suitable. However, if the task focus is on generating text like translation or summarization,
then Decoder-only, or Encoder-Decoder models like GPT-series and BART-series could be more
beneficial. Additionally, the model size is another crucial factor; larger models generally perform
better but come at the cost of computational resources and latency. Therefore, balancing perfor-
mance and resource availability is essential. Last, always consider the nature of the specific task,
as specialized architectures might offer benefits over general-purpose models.

3 PRACTICAL GUIDE FOR DATA

In this section, we will be discussing the critical role that data plays in selecting appropriate mod-
els for downstream tasks. The impact of data on the models’ effectiveness starts during the pre-
training stage and continues through to the training and inference stages.

Remark 1

(1) LLMs generalize better than fine-tuned models in downstream tasks facing out-of-
distribution data, such as adversarial examples and domain shifts. Evidenced by the
comparison-based empirical results in related literature like References [38, 95, 117], as
well as the generalization improvement gained through alignment techniques like Rein-
forcement Learning from Human Feedback (RLHF) [89]. More in Section 3.3.

(2) LLMs are preferable to fine-tuned models when working with limited annotated data, and
both can be reasonable choices when abundant annotated data is available, depending on
specific task requirements. This is evidenced by LLMs impressive zero-shot and few-shot
learning ability [18, 132], as well as the fact that in-context learning does not require
weight update, which mechanically prevents unfavorable fine-tuning-related behavior
like catastrophic forgetting. More in Section 3.2.

(3) It is advisable to choose models pre-trained on fields of data that are similar to down-
stream tasks. We investigate this data alignment on various popular LLMs in Section 3.1
and find preferable results when such alignment exists.

3.1 Pre-training Data

Pre-training data plays a pivotal role in the development of large language models. As the foun-
dation of remarkable capabilities [5, 57] of LLMs, the quality, quantitative, and diversity of pre-
training data influence the performance of LLMs significantly [135]. The commonly used pre-
training data consists of a myriad of text sources, including books, articles, websites, and codes.
The data is carefully curated to ensure a comprehensive representation of human knowledge, lin-
guistic nuances, and cultural perspectives. The importance of pretraining data lies in its capacity
to inform the language model with a rich understanding of word knowledge, grammar, syntax,
and semantics, as well as the ability to recognize context and generate coherent responses. Re-
cent studies indicate that pre-training data quality is a crucial factor affecting model performance.
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For example, a study by Gunasekar et al. [43] demonstrated that a Transformer-based model with
only 1.3 billion parameters could achieve commendable performance on code generation tasks
when trained on 6 billion tokens of “textbook quality” web data and an additional 1 billion tokens
generated synthetically using GPT-3.5. The diversity of pretraining data also plays a crucial role in
shaping the model’s performance, and the selection of LLMs highly depends on the components
of the pretraining data. For example, PaLM [25] and BLOOM [102] excel in multilingual tasks and
machine translation with an abundance of multilingual pretraining data. Moreover, PaLM’s per-
formance in Question Answering tasks is enhanced by incorporating a considerable amount of
social media conversations and Books corpus [25]. Likewise, the code execution and code comple-
tion capabilities of GPT-3.5 (code-davinci-002) are amplified by the integration of code data in its
pretraining dataset. In summary, when end-users aim to directly employ pre-trained models for
their specific downstream tasks, it is recommended to select a model that has been pre-trained
on data from a similar domain. If end-users intend to assemble their own pre-training data and
train a custom model, then both the quality and quantity of the data become critical factors that
substantially influence the model’s performance.

3.2 Fine-tuning Data

When deploying a model for downstream tasks, it is essential to consider three primary scenarios
based on the availability of annotated data: zero, few, and abundant. In this section, we provide a
succinct overview of the appropriate models to employ for each scenario.
Zero annotated data: In scenarios where annotated data is unavailable, utilizing LLMs in a zero-
shot setting proves to be the most suitable approach. LLMs have been shown to outperform previ-
ous zero-shot methods [132]. Additionally, the absence of a parameter update process ensures that
catastrophic forgetting [59] is avoided, since the language model parameters remain unaltered.
Few annotated data: In this case, the few-shot examples are directly incorporated in the input
prompt of LLMs, which is also called in-context learning, and these examples can effectively guide
LLMs to generalize to the task. As reported in Reference [18], one-shot and few-shot performance
make significant gains, even matching the performance of the SOTA fine-tuned open-domain mod-
els. And LLMs’ zero/few-shot ability can be improved further by scaling [18]. Alternatively, some
few-shot learning methods are invented to enhance fine-tuned models, such as meta-learning [64]
or transfer learning [99]. However, performance might be inferior compared to using LLMs due to
fine-tuned models’ smaller scale and overfitting.
Abundant annotated data: With a substantial amount of annotated data for a particular task
available, both fine-tuned models and LLMs can be considered. In most cases, fine-tuning the model
can fit the data pretty well. Although, LLMs can be used to meet some constraints such as pri-
vacy [108]. In this scenario, the choice between using a fine-tuned model or a LLM is task-specific
and also depends on many factors, including desired performance, computational resources, and
deployment constraints.

In a brief summary: LLMs are more versatile w.r.t. data availability, while fine-tuned models can
be considered with abundant annotated data.

3.3 Test Data/User Data

When deploying LLMs for downstream tasks, we often face challenges stemming from distribu-
tional differences between the test/user data and that of the training data. These disparities may en-
compass domain shifts [143], out-of-distribution variations [35], or even adversarial examples [95].
Such challenges significantly hinder fine-tuned modes’ effectiveness in real-world applications.
They fit into a specific distribution and have a poor ability to generalize to out-of-distribution
(OOD) data. However, LLMs perform quite well facing such scenarios, because they do not have an
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explicit fitting process. Moreover, recent advancements have further enhanced the ability of lan-
guage models in this regard. The Reinforcement Learning from Human Feedback (RLHF)
method has notably enhanced LLMs’ generalization capabilities [89]. For example, InstructGPT
demonstrates proficiency in following various instructions for a wide range of tasks and occasion-
ally complying with instructions in different languages, even though such instructions are scarce.
Similarly, ChatGPT exhibits consistent advantages on most adversarial and OOD classification and
translation tasks [117]. Its superiority in understanding dialogue-related texts led to an impressive
performance on the DDXPlus dataset [112], a medical diagnosis dataset designed for OOD evalu-
ation. In summary, LLMs generalize better than fine-tuned models in the most downstream tasks.

4 PRACTICAL GUIDE FOR NLP TASKS

In recent times, LLMs are predominantly generative models. Executing a typical NLP task with
LLMs differs from the approach with traditional models. The latter often transforms labels into
somewhat arbitrary integers. For LLMs, both the labels and input texts are first represented using
natural language descriptions. The LLMs then process these natural language inputs and generate
predictions, such as the label name, directly.

When utilizing LLMs, certain practical strategies can enhance their capabilities. Two of the most
commonly employed are Chain-of-Thought (CoT) and In-context Learning (ICL):
In-context Learning. The ICL paradigm is widely adopted with LLMs [18, 34, 78]. In ICL, LLMs
make predictions based on contexts enhanced with a few sample examples. An LLM in ICL mode
receives a set of examples and a query related to a specific task. This data is then presented as
examples in a prompt to the model. Unlike traditional supervised learning, which updates model
parameters during training, ICL does not alter parameters. It relies on the pretrained capabilities
of LLMs, trusting them to identify patterns in the demonstrations and predict accurately. ICL can
markedly improve LLM performance across various tasks. However, while ICL shows promise,
several aspects remain elusive. Its efficacy can vary based on factors like the prompting template
or the choice and order of in-context examples. Furthermore, the inner workings of ICL are not
fully understood, with only a handful of studies investigating its mechanics [46, 103].
Chain-of-Thought. Despite LLMs’ prowess in handling numerous tasks, they sometimes require
augmentation for intricate reasoning tasks [26, 125]. The CoT prompting method was devised to
bolster LLM reasoning abilities. CoT demands that LLMs emulate a sequential, logical progression
reminiscent of human thought processes. Using a few-shot approach, CoT supplies the LLM with
task-solving steps in prompts, guiding it through a systematic reasoning process. Rather than of-
fering a direct answer, the model is urged to methodically work through the problem, delineating
logical steps, similar to human problem-solving techniques. In the zero-shot scenario, CoT merely
instructs the model to approach the problem by “thinking through it step by step.” CoT can enhance
a model’s proficiency in intricate reasoning tasks, yielding more precise and refined responses. It
also provides a deeper insight into the model’s cognitive processes. This concept has been ex-
panded upon, leading to the “X-of-Thought” (XoT) methodology [11, 131], which encompasses
a vast array of methods related to sequential reasoning in AI.

Following this understanding of how LLMs function in NLP tasks, we will next we discuss the
specific scenarios where they are particularly effective (the use case), and contrastingly, situations
where their application might not be the most optimal choice (the no-use case).

4.1 Traditional NLU Tasks

Traditional NLU tasks are some fundamental tasks in NLP including text classification, named
entity recognition (NER), entailment prediction, and so on. Many of them are designed to serve
as intermediate steps in larger AI systems, such as NER for knowledge graph construction.
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Remark 2

Fine-tuned models generally are a better choice than LLMs in traditional NLU tasks, but
LLMs can provide help while requiring strong generalization ability. We demonstrate how
fine-tuned models are delivering superior performance to LLMs across such tasks in Sec-
tion 4.1.1 and point out a few generalization-required NLU tasks where LLMs are preferable
in Section 4.1.2.

4.1.1 No-use Case. In most natural language understanding tasks, such as tasks in GLUE [116]
and SuperGLUE [115], fine-tuned models still have better performance, if such tasks come with rich
well-annotated data and contain very few out-of-distribution examples on test sets. For different
tasks and datasets, the gap between small fine-tuned models and LLMs varies.

In text classification, on most datasets, LLMs perform slightly worse than fine-tuned models.
For sentiment analysis, such as on IMDB [81] and SST [104], fine-tuned models and LLMs perform
equally well. For toxicity detection, which is another iconic text classification task, the gap is much
larger. All LLMs cannot perform well on this task, and on CivilComments [15] even the best one is
only better than random guessing [69]. However, most popular fine-tuned models can obtain much
better performance [36]. and the Perspective API3 is still one of the best for detecting toxicity. This
API is powered by a multilingual BERT-based model, which is tuned on publicly available toxicity
data and several smaller single-language CNNs distilled from this model. This might be due to the
fact that toxicity is defined by subtle nuances in linguistic expressions, and large language models
are unable to accurately comprehend this task solely based on the provided input.

The trend of performance gaps is similar in some other tasks. For natural language inference
(NLI) tasks, on most datasets, such as on RTE [116] and SNLI [16], fine-tuned models perform bet-
ter than LLMs, while on some data such as CB [115], LLMs have obtained comparable performance
with fine-tuned models [25]. For question answering (QA), on SQuADv2 [97], QuAC [24], and
many other datasets, fine-tuned models have superior performance, while on CoQA [98], LLMs
perform as well as fine-tuned models [25].

In information retrieval (IR) tasks, LLMs are not widely exploited yet. One major reason is
that IR tasks are fundamentally different from others. There is no natural way to transform the
thousands of candidate texts into a few/zero-shot form, which is required by LLMs. The existing
evaluation results on MS MARCO (regular/TREC) [85] show that methods based on fine-tuned
models have better performance [69]. In this evaluation, the LLMs rank passages in an unorthodox
way, which requires the LLMs to produce probabilities for passages one by one.

For some low-level intermediate tasks, which are not intended for regular users but rather for
high-level tasks, such as NER and dependency parsing, there is not enough result coming from
LLMs, because the most current evaluation of LLMs focuses on practical tasks. According to avail-
able evaluation results, for the NER task, CoNLL03 [100] is still a challenge for LLMs [94], where
the performance of fine-tuned models is around as twice as LLMs. These intermediate tasks may
vanish soon, because LLMs can take over high-level tasks without the help of those intermediate
tasks (e.g., dependency parsing for coding tasks; NER for some text generation tasks).

In brief, for most traditional NLU tasks, a fine-tuned model is a better choice in terms of the
performance on benchmark datasets and the computational cost. The scale of LLMs is usually
10× or even 100× larger than fine-tuned models. One possible cause for the inferior performance
of LLMs on certain tasks can be the design of instructions/prompts. Transforming input from
tasks like IR and sentence labeling into a few/zero-short instruction form is non-trivial. There

3https://perspectiveapi.com
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may be better ways to adapt language models to traditional NLP tasks in the future. However,
the upper limit of capabilities of fine-tuned models is not reached, and some methods like FLAN-
tuning [77] can further boost the performance on NLU tasks. Another interesting finding is that
on NLU tasks, after fine-tuning, masked language models, like T5 [96], are better than most auto-
regressive language models at the same scale, while some recent results imply that this gap can be
bridged by scaling [25].

4.1.2 Use Case. However, there are still some NLU tasks suitable for LLMs.
One of the representative tasks is miscellaneous text classification [69]. In contrast to classic

domain-specific text classification tasks such as sentiment analysis, miscellaneous text classifica-
tion deals with a diverse range of topics and categories that may not have a clear or strong relation-
ship with one another. It is closer to real-world cases and hard to be formatted for using fine-tuned
models. Another is the Adversarial NLI (ANLI) [86]. It is a difficult dataset composed of adver-
sarially mined natural language inference questions in three rounds (R1, R2, and R3). LLMs have
shown superior performance on ANLI, especially on the R3 and R2. Both examples demonstrate
the exceptional ability of LLMs to generalize well on out-of-distribution and sparsely annotated
data in traditional NLP tasks, surpassing that of fine-tuned models. We have discussed this in
Section 3.3.

4.2 Generation Tasks

Generation tasks broadly encompasses two major categories of tasks, with the goal of creating co-
herent, meaningful, and contextually appropriate sequences of symbols. The first type focuses on
converting input texts into new symbol sequences, as exemplified by tasks like paragraph summa-
rization and machine translation. The second type, “open-ended” generation, aims to generate text
or symbols from scratch to accurately match input descriptions such as crafting emails, composing
news articles, creating fictional stories, and writing code.

Remark 3

Due to their strong generation ability and creativity, LLMs show superiority at most gener-
ation tasks. We demonstrate the superiority of LLMs on various popular generative bench-
marks like summarization, translation, coding, and even just some open-end generative tasks
in Section 4.2.1. We also investigate some generative benchmarks where the LLMs fall short
in Section 4.2.2, which generally happen due to extreme resource/data limitation.

4.2.1 Use Case. Generation tasks require models to have a comprehensive understanding of
the input contents or requirements and a certain level of creativity. This is where LLMs excel.

For summarization tasks, although LLMs do not have an obvious advantage over fine-tuned
models under traditional automatic evaluation metrics, such as ROUGE [70], human evaluation re-
sults indicate that humans tend to prefer the results generated by LLMs [42, 138] compared to that
of fine-tuned models. For example, on CNN/DailyMail [83] and XSUM [84], fine-tuned models like
Brio [75] and Pegasus [136] have much better performance than any LLMs w.r.t. ROUGE, but LLMs
like OPT [137] perform far better in human evaluation considering all aspects including faithful-
ness, coherence, and relevance [138]. This demonstrates the superiority of LLMs in summarization
tasks. However, it implies that current summarization benchmarks do not contain summaries with
high quality or the automatic metrics are not proper for the evaluation of summarization.

In machine translation (MT), LLMs can perform competent translation, although the aver-
age performance is slightly worse than some commercial translation tools [53] considering some
automatic metrics like BLEU [91]. LLMs are particularly good at translating some low-resource
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language texts to English texts, such as in the Romanian-English translation of WMT’16 [13], zero-
shot or few-shot LLMs can perform better than SOTA fine-tuned model [25]. This is mainly due
to the fact that English resources compose the main part of the pre-training data. BLOOM [102] is
pre-trained on more multi-lingual data, leading to better translation quality in both rich-resource
and low-resource translation. Another interesting finding is that BLOOM achieves good transla-
tion quality among Romance languages, even for translation from Galician, which is not included
in the pre-training data. One reasonable explanation is that texts from some languages in the same
language group can help the LLMs learn more from the similarity. If more multi-lingual texts can
be added to the pre-training data, then the translation capability may be improved further.

Additionally, LLMs are highly skilled in open-ended generations. One example is that the news
articles generated by LLMs are almost indistinguishable from real news articles by humans [18].
LLMs are remarkably adept at code synthesis as well. Either for text-code generation, such as
HumanEval [22] and MBPP [7], or for code repairing, such as DeepFix [45], LLMs can perform
pretty well. GPT-4 can even pass 25% problems in Leetcode, which are not trivial for most human
coders [88]. With training on more code data, the coding capability of LLMs can be improved
further [25]. While performing well on such tasks, the codes generated by LLMs should be tested
carefully to figure out any subtle bugs, which is one of the main challenges for applying LLMs in
code synthesis.

4.2.2 No-use Case. Fine-tuned models, such as DeltaLM+Zcode [130], still perform best on
most rich-resource translation and extremely low-resource translation tasks. In rich resource ma-
chine translation, fine-tuned models slightly outperform LLMs [25, 102]. And in extremely low-
resource machine translation, such as English-Kazakh translation, fine-tuned models significantly
perform better than LLMs.

4.3 Knowledge-intensive Tasks

Knowledge-intensive NLP tasks refer to a category of tasks that have a strong reliance on back-
ground knowledge, domain-specific expertise, or general real-world knowledge. These tasks go
beyond simple pattern recognition or syntax analysis. And they are highly dependent on memo-
rization and proper utilization of knowledge about specific entities, events, and common sense of
our real world.

Remark 4

(1) LLMs excel at knowledge-intensive tasks due to their massive real-world knowledge. Ev-
idenced by their dominating performance on various general Question-Answering (QA)
benchmarks as showcased in Section 4.3.1.

(2) LLMs struggle when the knowledge requirements do not match their learned knowledge,
or when they face tasks that only require contextual knowledge, in which case fine-tuned
models can work as well as LLMs. We walk through some specific examples in this cate-
gory in Section 4.3.2 and point out that this issue can be reasonably mitigated with the
help of knowledge retrieval pipelines.

4.3.1 Use Case. With billions of tokens and parameters, LLMs have more real-world knowledge
than fine-tuned models.

Closed-book question-answering tasks require the model to answer a given question about
factual knowledge without any external information. It does require the memorization of
real-world knowledge in the model. LLMs perform better on nearly all datasets, such as on
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NaturalQuestions [62], WebQuestions [10], and TriviaQA [56]. On TriviaQA, even zero-shot LLMs
is still much better [25].

The massive multitask language understanding (MMLU) [47] is also highly knowledge-
intensive. It contains multiple-choice questions spanning over 57 different subjects and requires
general knowledge of the model. It is pretty challenging even for LLMs, although the newly re-
leased GPT-4 [88] outperforms existing models by a considerable margin in English with a satis-
factory 86.5% accuracy.

Also, some tasks in Big-bench [105], which are designed to probe LLMs and extrapolate their
future capabilities, heavily relied on the memorization of real-world knowledge. In such tasks,
the performance of some LLMs is better than the average level of humans, and even comparable
to the best human performance. For example, the task Hindu_knowledge requires models to give
facts about Hindu mythology, Periodic Elements require the capability of predicting the element
name from the periodic table and Physics tests the physics knowledge of models by asking for the
formula needed to solve a given physics problem.

4.3.2 No-use Case. There are some other tasks requiring knowledge different from that learned
by LLMs. The required knowledge is not that learned by LLMs about the real world. In such tasks,
LLMs are not notably superior.

Some tasks only require the model to capture the self-contained knowledge in the contexts.
The knowledge in the contexts from the input is enough for the model to make predictions. For
these tasks, small fine-tuned models can work pretty well. One such task is machine reading
comprehension (MRC). An MRC task provides several paragraphs and requires the model to
predict the answer to questions based on these paragraphs. We have discussed MRC in the previous
section, because it is also a traditional NLU task.

Another scenario is that the knowledge within LLMs about real world is useless to the task, or
even the required knowledge is counterfactual to the real world. As a result, the LLMs cannot work
well on such tasks. In some cases, inconsistent knowledge may even make the LLMs worse than
random guessing. For example, in Big-Bench, the Mnist ascii task requires the model to tell the
digit represented by an ASCII art. The capability required by this task is nothing about real-world
knowledge. Also, in the Inverse Scaling Phenomenon competition [82], the task redefine math

redefines a common symbol and requires the model to choose between the original meaning and
the meaning derived from the redefinition. What it requires contrasts with the LLMs’ knowledge,
LLMs even perform worse than random guessing.

As an alternative to real-world knowledge in LLMs, access to extra knowledge is allowed, and
models can thus get enough knowledge for a task via retrieval augmentation. The basic idea of
retrieval augmentation is to add an extra information retrieval step prior to making predictions, in
which, some useful texts related to the task will be retrieved from a large corpus. Then, the model
will make predictions based on both the input contexts and the retrieved texts. With retrieved ad-
ditional information, the closed-book task can become “open-book.” In such a scenario, fine-tuned
models are pretty good with much smaller sizes, because the required knowledge can be obtained
by retrieving. For example, on NaturalQuestions [62], with extra corpus, retrieval augmented mod-
els [52, 58] are better than other methods.

4.4 Abilities Regarding Scaling

Scaling of LLMs (e.g., parameters, training computation, etc.) can greatly empower pretrained lan-
guage models. With the model scaling up, a model generally becomes more capable in a range of
tasks. Reflected in some metrics, the performance shows a power-law relationship with the model
scale. For example, the cross-entropy loss, which is used to measure the performance for language
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modeling, decreases linearly with the exponential increase in the model scale, which is also called
“scaling-law” [48, 57]. For some crucial abilities, such as reasoning, scaling the model has gradually
transformed these abilities from a very low state to a usable state, and even approaching human
capabilities. In this section, we provide an overview of the usage of LLMs in terms of the abilities
and behaviors of LLMs along with scaling.

Remark 5

(1) With the exponential increase of model scales, LLMs become especially capable of rea-
soning like arithmetic reasoning and commonsense reasoning. We give a walk-through
of some popular reasoning benchmarks with respect to both reasoning categories in Sec-
tion 4.4.1, as well as some techniques that may help on this school of tasks, like Chain-of-
Thought (CoT) prompting [125].

(2) Emergent abilities become serendipity for uses that arise as LLMs scale up, such as ability
in word manipulation and logical ability. We discuss the definition of emergent abilities
and specific task examples in Section 4.4.2.

(3) In many cases, performance does not steadily improve with scaling due to the limited
understanding of how large language models’ abilities change as they scale up. We discuss
such inverse-scaling and U-shaped phenomenons in Section 4.4.3, where larger models are
not always preferable.

4.4.1 Use Case with Reasoning. Reasoning, which involves making sense of information, draw-
ing inferences, and making decisions, is one of the essential aspects of human intelligence. It is
challenging for NLP. Many existing reasoning tasks can be classified into commonsense reasoning
and arithmetic reasoning.
Arithmetic reasoning/problem solving. The arithmetic reasoning capability of LLMs benefits
greatly from the scaling of model size [51]. For GPT-3, the ability of two-digit addition only be-
comes apparent when the number of parameters exceeds 13B [18]. Tasks to test arithmetic reason-
ing are trivial for humans and designed to challenge the capability of transferring natural language
into mathematical symbols and multi-step inference. On GSM8k [29], SVAMP [92], and AQuA [71],
LLMs, as generalists, have competitive performance with most methods that have task-specific de-
signs. And GPT-4 overperforms any other methods [88], even some huge models particularly tuned
for arithmetic problems [114]. Nevertheless, it should be noted that, without the intervention of
external tools, LLMs may occasionally make mistakes in performing basic calculations, although
CoT prompting [125] can significantly improve LLMs’ ability in calculations.
Commonsense reasoning. Commonsense reasoning not only requires LLMs to remember fac-
tual knowledge but also requires LLMs to do several inference steps about the facts. Commonsense
reasoning increases gradually with the growth of model size. Compared to fine-tuned models,
LLMs keep the superiority on most datasets, such as StrategyQA [40] and ARC-C [28]. Especially
on ARC-C, which contains difficult questions in science exams from grades 3 to 9, GPT-4 has been
close to the performance of 100% (96.3%) [88].

4.4.2 Use Cases with Emergent Abilities. Scaling of models also endows the model with some
unprecedented, fantastic abilities that go beyond the power-law rule. These abilities are called
“emergent ability.” As defined in Reference [123], emergent abilities of LLMs are abilities that are

not present in smaller-scale models but are present in large-scale models. This means such abili-
ties cannot be predicted by extrapolating the performance improvements on smaller-scale models
and the model suddenly gains good performance on some tasks once the scale exceeds a certain
range. The emergent ability is typically unpredictable and surprising, leading to tasks that emerge
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randomly or unexpectedly. We examine concrete examples of the emergent abilities of LLMs
and provide them as an important reference for deciding whether to leverage LLMs’ emergent
abilities.

Handling word manipulation is a typical emergent ability. It refers to the ability to learn sym-
bolic manipulations, such as the reversed words [18], in which the model is given a word spelled
backwards, and must output the original word. For example, GPT-3 [18] shows the emergent abil-
ity for word sorting, and word unscrambling tasks. PaLM [25] exhibits the emergent ability on
ASCII word recognition4 and hyperbaton5 task. The logical abilities of language models tend to
emerge as the model scales up, such as logical deduction, logical sequence, and logic grid puzzles.
Additionally, other tasks, such as advanced coding (e.g., auto debugging, code line description),
and concept understanding (e.g., novel concepts, simple Turing concepts), are also use cases with
the emergent abilities of large language models.

4.4.3 No-use Cases and Understanding. Although in most cases, as discussed above, larger mod-
els bring better performance, there are still many exceptions that should be considered when choos-
ing the appropriate model.

On certain tasks, with the size of LLMs increasing, the performance begins to decrease, such
as Redefine-math: tests whether language models are able to work with common symbols when
they are redefined to mean something else; Into-the-unknown: requires the model to choose which
piece of information would help answer a question; Memo-trap: asks an LM to write a phrase in
a way that starts like a famous quote but ends differently6 This is also called Inverse Scaling Phe-

nomenon. Another interesting phenomenon observed in the scaling of LLMs is called the U-shaped

Phenomenon [124]. As the name implies, This phenomenon refers to that as LLM size increases,
their performance on certain tasks initially improves but then starts to decline before eventually
improving again, such as on: Hindsight-neglect: it tests whether language models are able to as-
sess whether a bet was worth taking based on its expected value; NegationQA: this task takes
an existing multiple-choice dataset and negates a part of each question to see if language models
are sensitive to negation; Quote-repetition: it asks models to repeat back sentences given in the
prompt, with few-shot examples to help it recognize the task. Hence the risk of diminishing perfor-
mance should be noted and if the task is similar to those we just discussed, careful consideration
should be given to whether or not to use huge LLMs.

Gaining a deeper understanding of emergent abilities, inverse scaling phenomenon and U-shape
phenomenon in LLMs is essential for advancing research in this field. In a certain sense, the U-
shape phenomenon suggests that small-scale models and huge-scale models make predictions with
different internal mechanisms. From this perspective, the U-shape phenomenon can be seen as a
transformation of the inverse-scaling phenomenon due to some emergent abilities from sufficiently
large models [124]. GPT-4 [88] exhibits a reversal of the inverse scaling phenomenon in some cases,
such as on a task called Hindsight Neglect. The explanation for these behaviors of LLMs during
scaling is still an open problem. Several hypotheses have been proposed. For emergent abilities,
one explanation is that there may be multiple key steps for a task and the LLM cannot handle this
task until it is large enough to handle every step, and another explanation is focused on the granu-
larity of evaluation metrics [123]. For inverse-scaling phenomenon and u-shape phenomenon, the

4Asking models to identify the word displayed as ASCII art, https://github.com/google/BIG-bench/tree/main/bigbench/

benchmark_tasks/ascii_word_recognition
5Asking models to choose the English sentence with adjectives in the “correct” order within two choices, https://github.

com/google/BIG-bench/tree/main/bigbench/benchmark_tasks/hyperbaton
6More such tasks include: modus-tollens, pattern-matching-suppression, prompt-injection, repetitive-algebra, and sig-figs.

You can check them on: https://github.com/inverse-scaling/prize
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explanations mainly focus on the model’s over-reliance on information from its prior rather than
the input prompts, valid but misleading few-shot examples, and distracting easier tasks within a
hard task [124].

4.5 Miscellaneous Tasks

This section explores miscellaneous tasks that cannot be involved in previous discussions, to better
understand LLMs’ strengths and weaknesses.

Remark 6

(1) Fine-tuned models or specified models still have their space in tasks that are far from
LLMs’ pretraining objectives and data, as indicated in Sections 4.1.1 and 4.5.1, where the
lack resource-alignment is one of the major cause.

(2) LLMs are excellent at mimicking human, data annotation and generation. They can also
be used for quality evaluation in NLP tasks and have bonuses like interpretability. We
provide several successful examples of such LLM-based generation/evaluation or human-
LLM collaborations in Section 4.5.2.

4.5.1 No-use Case. LLMs generally struggle with some tasks due to differences in objectives
and training data.

Although LLMs have achieved remarkable success in various natural language processing tasks,
their performance in regression tasks has been less impressive. For example, ChatGPT’s perfor-
mance on the GLUE STS-B dataset, which is a regression task evaluating sentence similarity, is
inferior to a fine-tuned RoBERTa performance [141]. The Regression tasks typically involve pre-
dicting a continuous value rather than a discrete label, posing unique challenges for LLMs. One
primary reason for their subpar performance is the inherent difference between the language mod-
eling objective and the regression task objective. LLMs are designed to predict the next word in
a sequence or generate coherent text, with their pre-training focused on capturing linguistic pat-
terns and relationships. Consequently, their internal representations may not be well-suited for
modeling continuous numerical outputs. Besides, LLMs have predominantly been trained on text
data, focusing on capturing the intricacies of natural language processing. As a result, their per-
formance on multimodal data, which involves handling multiple data types such as text, images,
audio, video, actions, and robotics, remains largely unexplored. And fine-tuned multimodal mod-
els, like BEiT[120] and PaLI [23], still dominate many tasks such as visual question answering
(VQA) and image captioning. Nonetheless, the recently introduced GPT-4 [88] has taken the step
in multimodal fusion, but there is still a lack of detailed evaluation of its capabilities.

4.5.2 Use Case. LLMs are particularly suitable for certain tasks.
LLMs are good at mimicking humans, acting as a chatbot, and performing various kinds of

tasks. The LLMs-powered ChatGPT7 is surprising for its consistency, reliability, informativeness,
and robustness during multiple utterances with humans. The human-feedback procedure plays an
important role in acquiring such abilities.

LLMs can both act as a good annotator and data generator for data augmentation, such as in
References [30, 32, 108, 133, 134]. Some LLMs have been found as good as human annotators [41]
in some tasks. The collected texts from GPT-3.5 (text-davinci-003) have been used as human-like
instruction-following demonstrations to train other language models [110].

7https://chat.openai.com
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LLMs can also be used for quality assessment on some NLG tasks, such as summarization and
translation. On summarization tasks, GPT-4 as an evaluator achieves a higher correlation with
humans than other methods with a large margin [74]. Some other evaluators based on LLMs [37, 60,
74, 118] also show good human alignment in more NLG tasks, especially compared with traditional
metrics. But the LLM may have a bias towards the LLM-generated texts [74].

Also, as we discussed above, some abilities of LLMs bring bonuses in addition to performance
improvement, such as interpretability. The CoT reasoning ability of LLMs can show how an LLM
reaches the prediction, which is a good interpretation on the instance level, while it also improves
performance.

4.6 Real-world “Tasks”

In the last part of this section, we will discuss the usage of LLMs and fine-tuned models in real-
world “tasks.” We use the term “tasks” loosely, as real-world scenarios often lack well-formatted
definitions like those found in academia. Many requests to models even cannot be treated as NLP
tasks. Models face challenges in the real world from three perspectives:

— Noisy/unstructured input. Real-world input comes from real-world non-experts. They
have little knowledge about how to interact with the model or even cannot use texts fluently.
As a result, real-world input data can be messy, containing typos, colloquialisms, and mixed
languages, unlike those well-formed data used for pre-training or fine-tuning.

— Tasks not formalized by academia. In real-world scenarios, tasks are often ill-defined by
academia and much more diverse than those in academic settings. Users frequently present
queries or requests that do not fall neatly into predefined categories, and sometimes multiple
tasks are in a single query.

— Following users’ instructions. A user’s request may contain multiple implicit intents (e.g.,
specific requirement to output format), or their desired predictions may be unclear without
follow-up questions. Models need to understand user intents and provide outputs that align
with those intents.

Essentially, these challenges in the real world come from that users’ requests deviate significantly
from the distribution of any NLP datasets designed for specific tasks. Public NLP datasets are not
reflective of how the models are used [89].

Remark 7

LLMs are better suited to handle real-world scenarios compared to fine-tuned models. How-
ever, evaluating the effectiveness of models in the real world is still an open problem. In
Section 4.6, we analyze why such tasks are challenging to solve, and oftentimes, even hard
to properly define and evaluate. We also discuss why LLMs may have the competitive ad-
vantage on such tasks due to their impressive generalization power gained via pretraining
on mass resources and tuning to provide (human) preferable outputs.

Handling such real-world scenarios requires coping with ambiguity, understanding context, and
handling noisy input. Compared to fine-tuned models, LLMs are better equipped for this, because
they have been trained on diverse data sets that encompass various writing styles, languages, and
domains. Essentially, LLMs has seen nearly the whole real-world text distribution during pretrain-
ing, making them well-suited for these scenarios. Fine-tuned models, however, are often tailored
to specific, well-defined tasks and may struggle to adapt to new or unexpected user requests. They
heavily rely on clear objectives and well-formed training data that specify the types of instruc-
tions the models should learn to follow. Fine-tuned models may struggle with noisy input due to
their narrower focus on specific distributions and structured data. An additional system is often
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required as an assistant for fine-tuned models to process unstructured context, determine possible
intents, and refine model responses accordingly. Note that, to enable LLMs to better respond to
open-ended user inputs and instructions, diverse instruction fine-tuning is still typically required
to better align with real-world user input distribution and human intents of output. RLHF is then
used as an additional step after instruction fine-tuning to precisely adjust the model input and out-
put distribution to achieve the same goal. Nevertheless, the major capability of LLMs still rooted
in the pretraining stage.

Additionally, some mechanics such as instruction tuning [101, 122] and human alignment tun-
ing [89] further boost the capabilities of LLMs to better comprehend and follow user instructions.
These methods improve the model’s ability to generate helpful, harmless, and honest responses
while maintaining coherence and consistency [89, 101, 122]. While both methods can make LLMs
better generalize to unseen tasks and instructions, it has been noticed that while human labelers
prefer models tuned for human alignment [89] to models tuned with instructions from public NLP
tasks, such as FLAN [122] and T0 [101]. The reason may be similar to reasons for fine-tuned mod-
els’ inferiority: public NLP tasks/datasets are designed for easy and automatic evaluation, and they
can only cover a small part of real-world usage.

One of the main issues when it comes to real-world scenarios is how to evaluate whether the
model is good or not. Without any formalized tasks or metrics, the evaluation of model effec-
tiveness can only rely on feedback from human labelers. Considering the complexity and cost of
human evaluation, there is no massive and systematic comparison between fine-tuned models and
LLMs yet. Nevertheless, the huge success and popularity of LLMs such as chatGPT, have confirmed
the superiority of LLMs to some extent.

4.7 Exemplary Products

In the sections above, we discussed the use case and no-use case of various common tasks, aiming to
provide practical guidance to an intended user of LLMs. However, building a sound LLM-powered
product never stops at understanding the (a selective portion of) conceptual advantages and lim-
itations of LLM under different task scenarios, as a successful product will often need to clearly
define its function scope and target users, then optimize upon it. To facilitate such a practical initia-
tive, here we provide a walkthrough of some impactful LLM-powered tools and products, serving
as examples to inspire and guide future LLM-powered product developers.

The first example is the well-known ChatGPT developed by OpenAI,8 powered by its GPT model
family as based models, ChatGPT attracts the most attention and started the current wave of
LLM-powered products, for its amazing interactive capability, even on highly custom and out-
of-distribution tasks [18]. ChatGPT was originally launched with GPT-3.5 as its backbone with a
pure chatbot interface, but it then received various core model and wrapper functionality updates,
e.g., GPT-3.5, GPT-3.5-turbo, and GPT-4 as optional backbone to optimize efficiency and inference
cost [88]; and custom instructions9 (storage of prewritten prompt instructions), code interpreter10

(a sandbox Python environment), retrieval query,11 and various other Plugins12 (integrated APIs
for expanded functionality), which aim to improve the usability of ChatGPT under repetitive tasks
and expands its capability beyond a close-source text-only chatbot.

8https://chat.openai.com
9https://openai.com/blog/custom-instructions-for-chatgpt
10https://openai.com/blog/chatgpt-plugins#code-interpreter
11https://github.com/openai/chatgpt-retrieval-plugin
12https://openai.com/blog/chatgpt-plugins
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Building upon OpenAI inference APIs, various GPT-powered third-party services have gained
significant traction for being able to provide custom solutions to problems that are not easily
resolvable under the ChatGPT chatbot interface or other types of limitations (e.g., context window).
One emblematic example is ChatPDF13 and its open-sourced counterpart, pdfGPT,14 which allows
users to upload a reasonably long PDF and ask questions about it. ChatPDF is able to deliver
impressive answers based on the input PDF document and provide reference to the original source.
We’d like to note that ChatGPT is also able to take a PDF input and perform document-based Q&A
upon the usage of certain plugins, though the user experience is not exactly ideal due to token
limitation and the lack of interactive UI to jump the source document and answers. The wide
custom adaption of tools like ChatPDF highlights an interesting notion: that a healthy amount
of “assistant”-type LLM-powered products can be successfully built with a user experience-driven
approach instead of competing in the arm-race of model capability that is prevalently found among
academic scholars.

Like ChatGPT being a natural language assistant, GitHub Copilot15 provides assistance under
a coding context and can provide code completion and generation upon existing input or com-
mented instructions. Yet, products like Google Cloud Student Success Service16 aim to provide
personalized tutoring experiences for individual students. On the creative side, we have Adobe
Generative Fill,17 a Vision-language Model trained upon licensed in-house data, to provide a vi-
sual “fill” according to the surrounding content and user instructions. We have also seen products
like MuseNet18 to generative songs and lyrics following given instructions. The rise of such (par-
tially) LLM-powered multimodal products showcased the popularity of general AIGC (artificial
intelligence-generated content), with many opportunities and challenges involved (e.g., how to
commercialize AI-generated art when requires pre-training).

Given the popularity of LLM-powered products, we are in no way able to provide an exhaustive
walkthrough of such products, but we do hope the above mentions can be used as the breaking
point and learning reference for aspired LLM-powered product enthusiasts. We would also like to
quickly note the contribution of open-source projects, such as HuggingFaces [126], LLaMA [113],
LangChain,19 Promptify [90], AutoGPT,20 and many others. These projects often serve as the foun-
dation of open-sourced LLM-powered products or are exemplary attempts to expand the capabil-
ity of LLM onto other fields and tasks. Such projects play many important roles in facilitating the
democratic progress of the LLM community and pave the way for a more accessible and inclusive
tech landscape.

4.8 Summary

We summarize all discussions into a decision flow in Figure 2. When a user is facing a task, this
decision flow can be a guide for quick decision of using LLMs, such as GPT-4, or fine-tuning a
smaller model for this task. For example, a task translating English to Chinese: (1) it is not related
to mimicking human behaviors;→ (2) it does not require scaling;→ (3) it does not contain multiple

13https://www.chatpdf.com
14https://github.com/bhaskatripathi/pdfGPT
15https://github.com/features/copilot
16https://cloud.google.com/blog/topics/public-sector/new-google-cloud-student-success-services-help-educators-scale-

individualized-learning
17https://www.adobe.com/products/photoshop/ai.html
18https://openai.com/research/musenet
19https://github.com/langchain-ai/langchain
20https://github.com/Significant-Gravitas/AutoGPT
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Fig. 2. Decision flow for choosing LLMs or fine-tuned models21 for user’s NLP applications. The decision

flow helps users assess whether their downstream NLP applications at hand meet specific conditions and,

based on that evaluation, determine whether LLMs or fine-tuned models are the most suitable choice for

their applications. During the decision process in the figure, means meeting the condition, and means

not meeting the condition. The yellow circle for of the last condition means there is no model working

well on this kind of application.

tasks; → (4) it is related to language modeling; → (5) English-Chinese data is rich; → (6) it is not
creative generation; → (7) it is not a knowledge-intensive task → fine-tuned models.

5 OTHER CONSIDERATIONS

Despite LLMs are suitable for various downstream tasks, there are some other factors to consider,
such as efficiency and trustworthiness. Our discussion of efficiency encompasses the training cost,
inference latency, and parameter-efficient tuning strategies for LLMs. Meanwhile, our examina-
tion of trustworthiness includes robustness & calibration, fairness & biases, potential spurious
correlations, and the safety challenges in LLMs.

Remark 8

(1) Light, local, fine-tuned models should be considered rather than LLMs, especially for
those who are sensitive to the cost or have strict latency requirements. Parameter-
Efficient tuning can be a viable option for model deployment and delivery.

(2) The zero-shot approach of LLMs prohibits the learning of shortcuts from task-specific
datasets, which is prevalent in fine-tuned models. Nevertheless, LLMs still demonstrate a
degree of shortcut learning issues.

(3) Safety concerns associated with LLMs should be given utmost importance as the poten-
tially harmful or biased outputs, and hallucinations from LLMs can result in severe conse-
quences. Some methods such as human feedback have shown promise in mitigating these
problems.

21As we mention in Section 1, LLMs are pretrained on large and diverse datasets without fine-tuning, while fine-tuned

models are typically pretrained on a large dataset and then further trained on a smaller, task-specific dataset to optimize

their performance on that task.
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5.1 Efficiency

In real-world deployment, performance, cost, and latency are all important considerations, not
just the performance of the models. While some parameter-efficient methods have been developed,
practitioners must balance efficiency with effectiveness in the practice.

Cost. LLMs have grown increasingly larger in recent years, with models such as GPT-1, GPT-
2, and GPT-3 featuring 117 million, 1.5 billion, and 175 billion parameters, respectively. The cost
of training an LLM is heavily influenced by its size, with estimates suggesting that training the
11B parameter variant of T5 costs well over $1.3 million for a single run, while a single training
run of GPT-3 175B requires $4.6 million [2]. The energy consumption for training large models
is equally impressive. The total energy consumption for training a transformer model with 6B
parameters to completion is estimated to be around 103.5 MWh [33]. Google reports that training
PaLM consumed about 3.4 GWh in about two months [6]. Furthermore, the dataset size also scales
rapidly with the size of the model, with GPT-3 175B trained on 499 billion tokens [18]. Another key
metric that reflects the computing cost is Flops, with GPT-3 175B requiring 3.14×1023 Flops, while a
T5 11B model only requires 3.30× 1022, which is 10 times less. In addition to these costs, hardware
requirements are also substantial. OpenAI has collaborated with Microsoft on a supercomputer
hosted in the Microsoft Azure cloud, consisting of 285k CPU cores and 10k high-end GPUs to
support the training of large models. For users of the OpenAI API, pricing varies based on the
model and usage, with options such as GPT-3.5-turbo charging $0.002 per 1k tokens for chat service.
However, for users who require custom models, training costs $0.03 per 1k tokens, while usage
costs $0.12 per 1k tokens [3]. Therefore, for users who cannot afford such a large cost, such as small
startups, individual users, and so on, a small, fine-tuned model is a better and more reasonable
choice.

Latency. Latency is a crucial factor to consider in real-world applications of LLMs. Inference
time is a commonly used metric to measure latency, which is highly dependent on the model size,
architecture, and token size. For instance, the inference time for the GPT-J 6B model is 0.077 s,
0.203 s, and 0.707 s when the max token size is set to 2, 8, and 32, respectively [69]. Additionally,
when the max token size is fixed at 32, the inference time for the InstructGPT model (davinci v2)
is 1.969 s. As LLMs are often too large to be run on a single user’s machine, companies provide
LLM services via APIs. The API latency can vary depending on the user’s location, and the average
latency of the OpenAI API service for a single request can range from a few hundred milliseconds
to several seconds. In scenarios where high latency is not acceptable, large LLMs may not be ap-
propriate. For example, scalability is critical in many information retrieval applications. To deploy
information retrieval systems on the web, search engines require very efficient inference for sys-
tems to be useful. The idealized denoised inference time for the InstructGPT davinci v2 (175B*)
model is 0.21 s per request (i.e., a query-passage pair to be scored), which is too slow for web
search engines.

Parameter-efficient Tuning. In practice, we may tune the model on some specific datasets.
Parameter-efficient Tuning (PET) is an efficient technique to tune a small portation of model pa-
rameters (or extra parameters) while freezing most parameters of the pre-trained LLMs. The main
goal of PEFT is to greatly decrease the computational and storage costs while keeping the perfor-
mance of the original models. The common techniques for PET are LoRA [49], Prefix Tuning [68],
P-Tuning [72, 73]. As an illustration, the LoRA method maintains the weights of the pre-trained
model and incorporates low-rank matrices into every layer of the Transformer architecture. This
approach considerably minimizes the number of parameters that require training for subsequent
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tasks, thereby increasing overall efficiency. Alpaca-LoRA22 proposes integrating Low-rank Adap-
tation (LoRA) into LLaMA-Alpaca, which enables runs LLaMA within hours on a single RTX 4090.
All these PFT methods can be helpful either for fine-tuning a model to a specific task or tuning
LLMs to meet special requirements like human alignment.

5.2 Trustworthiness

Given that LLMs are now involved in sensitive areas such as healthcare, finance, and law, it is
crucial to ensure that they are trustworthy and capable of producing reliable output.

Robustness and Calibration. The accuracy and robustness of the LLMs are shown to have a very
strong correlation [69]. The models that have high accuracy on the scenario also have good ro-
bustness. However, the robustness of the zero-shot becomes worse after being tuned on extra
application-specific tasks data [127]. This may due to overfitting, which leads to poor generaliz-
ability due to the extremely high complexity of the model and the limited training samples from
downstream tasks [50]. In a similar vein, it has been observed that fine-tuning a model can result
in significant miscalibrations, owing to over-parameterization [61]. Therefore, fine-tuned models
may not be an optimal choice when robustness and calibration are critical considerations. How-
ever, human alignment has been found as a potential solution for enhancing model robustness.
InstructGPT davinci v2 (175B*) has been shown to outperform other models in terms of robust-
ness. However, achieving optimal calibration of the model depends on the scenario and adaptation
procedure employed.

Fairness and Bias. LLMs have been shown to exhibit disparate treatment and impact, perpetu-
ating societal biases and potentially leading to discrimination [12, 19, 65, 66]. To ensure fairness
and equity for all users, it is crucial to address these issues in the development and deployment of
NLP models. Disparities in performance between demographic groups can serve as an indicator of
fairness problems. LLMs are particularly susceptible to fairness issues, as significant performance
disparities have been observed across demographic categories such as dialect, religion, gender,
and race [69]. However, research has shown that aligning models with human instructions can im-
prove LLM performance regardless of their size, with the InstructGPTmodel (davinci v2) exhibiting
smaller performance disparities than other LLMs [27].

Spurious Biases. The shortcut learning problem has been observed in various natural language
understanding tasks under the pretraining and fine-tuning paradigm, where models heavily
rely on spurious correlations between input and labels in the fine-tuning data for prediction
[35, 39, 107, 109, 128, 129]. For example, in reading comprehension tasks, fine-tuned models tend to
focus on the lexical matching of words between the question and the original passage, neglecting
the intended reading comprehension task itself [63]. In contrast, large language models are not di-
rectly trained on fine-tuned datasets, which makes it less likely for them to learn shortcut features
present in the fine-tuned dataset, thereby enhancing the model’s generalization capabilities. How-
ever, LLMs are not infallible and may exhibit some shortcut learning during in-context learning.
For example, recent preliminary studies have begun investigating the robustness of prompt-based
methods in large-scale language models [109, 121, 140]. One such study evaluates the few-shot
learning performance of GPT-3 on text classification and information extraction tasks [140]. and
reveal that the examined LLMs are susceptible to majority label bias and position bias, where they
tend to predict answers based on the frequency or position of the answers in the training data.
Moreover, these LLMs exhibit common token bias, favoring answers that are prevalent in their

22https://github.com/tloen/alpaca-lora
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pre-training corpus. Recent studies show that this positional bias can be mitigated by selecting
proper prompts [79]. In summary, while LLMs significantly reduce the shortcut learning prob-
lem prevalent in fine-tuned models, they still exhibit some shortcut learning issues and should be
approached with caution when deploying them in downstream applications.

5.3 Safety Challenges

LLMs have demonstrated their extremely strong capabilities in many areas such as reasoning,
knowledge retention, and coding. As they become more powerful and human-like, their poten-
tial to influence people’s opinions and actions in significant ways grows. As a result, some new
safety challenges to our society should be considered and have caught lots of attention in recent
works [87, 88].

Hallucinations. The potential for LLMs to “hallucinate,” or generate nonsensical or untruthful
content, can have significant negative impacts on the quality and reliability of information in var-
ious applications. As LLMs become increasingly convincing and believable, users may develop an
overreliance on them and trust them to provide accurate information in areas with which they
are somewhat familiar. This can be particularly dangerous if the model produces content that is
entirely false or misleading, leading to incorrect decisions or actions taken based on that informa-
tion. Such outcomes can have serious consequences in many domains, such as healthcare, finance,
or public policy, where the accuracy and reliability of information are critical. To mitigate these
issues, RLHF is widely used [87, 89] and LLMs themselves have been integrated into the loop [87].

Harmful content. Due to the high coherence, quality, and plausibility of texts generated by LLMs,
harmful contents from LLMs can cause significant harm, including hate speech, discrimination, in-
citement to violence, false narratives, and even social engineering attack. The implementation of
safeguards to detect and correct those contents can be mitigation [106]. These LLMs can also have
dual-use potential by providing required illicit information, leading to risks such as the prolifera-
tion of weapons [87] and even terrorism attack planning. It is crucial to ensure using these LLMs
responsibly, with safeguards in place to prevent harm. Also, in existing work, feedback from hu-
mans plays an important role in getting rid of harmful outputs.

Privacy. LLMs can face serious security issues. An example is the issue of user privacy. It is
reported that Samsung employees were using ChatGPT to process their work when they inad-
vertently leaked top-secret data, including the source code proper of the new program, internal
meeting minutes related to the hardware, and so on. The Italian data protection agency declared
that OpenAI, the developer of ChatGPT, illicitly gathered personal user data, leading Italy to be-
come the first government to prohibit ChatGPT over privacy concerns [1].

6 CHALLENGES IN PRACTICE

Despite the sinificance of LLMs, there are critical challenges of using LLMs in practice. In the
following, we figure out some of them.

— Evaluation of Proposed Models on Real-world “Datasets.” The evaluation of deep learn-
ing models, for the most part, has been based on standard academic datasets, like ImageNet.
Such datasets, despite their significance in the evolution of AI, have limitations in their abil-
ity to reflect real-world performance accurately. To truly gauge the capabilities and practical
applicability of models, it is imperative to assess them using data that is diverse, complex,
and mirrors real-world scenarios. As the scale of pre-training datasets expands, individual re-
searchers face challenges in comprehensively reviewing and ensuring the quality of entire docu-
ments. Approximate duplicate data could adversely affect model performance. Effective filtering
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mechanisms, such as the use of MinHash algorithms, are becoming increasingly necessary to
reduce redundancy. For pre-trained models fine-tuned on multiple tasks, an appropriate task-
mix ratio is crucial. While appending task descriptions to each input-output pair is a common
strategy, striking a balance between datasets remains a challenge. Moreover, while some open-
source models try to emulate proprietary ones, significant capability gaps persist. Including
data in training sets that are similar or related to evaluation test sets could inflate performance
metrics, with models possibly memorizing test data. It is worth noting that undetected personal
identifiers, such as phone numbers or email addresses in pre-training datasets, raise severe pri-
vacy concerns. Future work should prioritize robust methods for data cleansing, minimizing
biases, and ensuring privacy.

— Challenges in Predicting Performance with Scaling. The landscape of LLMs is marked by a
unique challenge: as these models burgeon in size and complexity, predicting their performance
trajectory remains a conundrum. This unpredictability is not just a technical hurdle; it accen-
tuates the high resource costs often sunk in trial-and-error endeavors. One potential avenue
is to harness the growth trajectory of a rudimentary “seed” model and extrapolate its behav-
ior to larger architectures. However, this method, while resource-conserving, might overlook
the non-linearities in performance that larger models exhibit. Alternatively, simulating poten-
tial outcomes from varying scales or making architectural nuances might offer insights, but
these simulations are only as reliable as the foundational assumptions they rest upon. Another
approach could be to set benchmarking paradigms, rigorously testing model versions across
different scales. Such empirical endeavors could hint at underlying scaling laws, but they also
come with their hefty computational price tag. Amid these methodologies, the onus is on re-
searchers to judiciously navigate the trade-offs, seeking an optimal interplay between accurate
performance predictions and efficient resource utilization.

— Indistinguishability Between Generated and Human-written Text. The text produced
by LLMs can closely resemble human-penned content, leading to concerns about misinforma-
tion spread. While it is essential to detect such LLM-generated content to mitigate the risks of
misinformation, plagiarism, and impersonation, the improved fluency of these models compli-
cates the detection task. Current countermeasures include post-hoc detectors, which identify
unusual tokens to distinguish generated from genuine content, and watermark schemes that
modify the text generation process to embed detectable patterns. However, these methods are
not foolproof. For example, adversaries can rewrite LLM-generated content to eliminate unique
characteristics, making detection challenging. Techniques like using models to produce synony-
mous content can aid in this, allowing adversaries to retain the core meaning while altering the
structure. Additionally, there is the potential to misuse the watermark schemes: by querying a
watermarked LLM repeatedly, one can misclassify authentic human content as LLM-generated,
further complicating detection. In summary, while several methods are proposed for detect-
ing machine-generated text, practical application presents numerous challenges, and further
research is needed to address these issues.

— Safety Alignment. Safety alignment is pivotal for the advancement of AI technologies, par-
ticularly for Large Language Models. It goes beyond merely addressing the existential risks of
AI. The safety of AI systems, including LLMs, should be woven into their development and de-
ployment. Interpretability, governance, and model property verification are vital components
in this process.
LLMs, despite being trained to predict the next word in textual corpora, can infer and represent
active attributes of the text authors, like intentions, beliefs, or goals. This brings forward the
hypothesis that LLMs can simulate human communicative intents, beliefs, and desires. If true,
then this accentuates the alignment challenge and potentially introduces new hurdles. There
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is the looming risk of the models inheriting flawed beliefs, malicious intents, or even pursuing
objectives misaligned with human values. Further research is imperative to detect and mitigate
such behaviors, ensuring the safe application of LLMs.
In sum, aligning LLMs with human values, goals, and expectations remains a critical challenge.
Intensified research efforts are needed, especially in detecting misaligned behaviors and devel-
oping strategies to rectify them.

— Hallucinations. LLMs, like ChatGPT, have increasingly been used for day-to-day queries due
to their rising popularity. Yet, their accuracy is pivotal as they often produce “hallucinations” or
generate inaccurate information. This can be especially deceptive as the fluency of the output
can mask these errors. Two types of hallucinations can be identified: inherent hallucinations,
where the generated text logically contradicts the input, and external hallucinations, where the
given input does not suffice to verify the output’s accuracy. Although external hallucinations
are not necessarily incorrect, they are still problematic because of their unverifiable nature.
A noticeable challenge in LLMs is the trade-off between diversity and quality. Traditional de-
coding often introduces randomness at each step, leading to hallucinations. The more diverse
the generated answers, the higher the risk of producing hallucinations. Addressing these chal-
lenges, some methods, like the Uncertainty-aware Beam Search, incorporate penalties during
decoding for high predictive uncertainties. The Confident Decoding approach suggests that hal-
lucinations arise from decoding without proper attention to the input. It employs an attention-
based confidence score to gauge the model’s focus on input, ensuring high-confidence output
generation through a variational Bayesian training process.

— Limited Context Length. In the realm of language models, especially the large ones, a per-
tinent issue is their limited context length, hindering their ability to understand and generate
extensive texts. This becomes paramount in natural language processing tasks. For example,
understanding novels or academic texts is not just about a few words or sentences; one needs
to consider the whole content. Similarly, deciphering a comment in a meeting transcript might
see its meaning swing between sarcasm and seriousness based on preceding discussions. There
are some pioneer works extending LLMs context length in either a fine-tuning free [55] or a
fine-tuning way [21, 54, 93].
Also, super long contexts result in pressure on LLMs’ computation efficiency. There is a push
towards devising efficient attention mechanisms, such as linear nested attention [80], Transient
Global attention [44], CoLT5 [4], and Synthesizer [111]. Alternately, there is also a discourse
around alternative architectures to the Transformer, with state-space models, convolutions, and
recurrent neural networks emerging as contenders. They combine computational efficiencies
with commendable performance. Tackling these challenges head-on can reshape the landscape
of language models, making them more adept for varied applications.

— Inference Latency. LLMs often experience increased latency due to their intricate architec-
tures. This latency poses a challenge for real-time applications as LLMs may take longer to
respond. Primarily, this delay arises from the model’s serial token processing approach and
extensive memory consumption, both because of its sheer size and the temporary states, like
attention vectors, maintained during decoding. The quadratic scalability of the attention mech-
anism in Transformers exacerbates this. However, the research community has been proactive
in addressing these bottlenecks. Techniques to cut down on memory demands, both in terms
of size and bandwidth, and to speed up specific computations have been devised. For instance,
some methods modify the attention mechanism to be more hardware-aware or employ higher-
order approximations. Quantization stands out as a technique that decreases memory usage and
boosts throughput by reducing the computational precision of weights and activations post-
training. Pruning, another post-training approach, strategically removes certain model weights
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without hampering performance. Hybrid expert architectures utilize a collection of specialized
modules combined with a routing network to trim down inference time. Cascading leverages
models of varying sizes to strike a balance between accuracy and computational overhead. More-
over, the choice of decoding strategy plays a pivotal role in influencing computational costs. To
aid in efficient deployment, several frameworks and libraries have been developed that either
streamline LLM implementation, curb memory prerequisites, or harness distributed computa-
tion strategies.

— Embodied LLMs. While LLMs excel at textual and coding tasks, seamlessly integrating them
with diverse modalities like vision, speech, knowledge bases, robotic actions, and more remains
an uphill battle. Truly embodying AI using LLMs is a stepping stone to achieving artificial
general intelligence. Presently, the two prevalent strategies are employing LLMs as modality
interfaces or forging ahead with end-to-end multi-modality models. However, both approaches
often falter in real-world scenarios due to their inherent limitations. A fusion of these methods,
refined data alignment techniques, or novel training paradigms may pave the way for advance-
ments in this domain.

— Plannig and Reasoning. While LLMs exhibit emergent reasoning capabilities, they lag sig-
nificantly behind human-like reasoning. Indeed, discerning whether LLMs truly “reason”—by
standards of planning, knowledge decomposition, and composition—is a point of contention.
Historically, the NLP community tackled reasoning via two main avenues: incorporating induc-
tive biases into models, exemplified by modular constructs or intermediate hidden abstractions,
and decoupling reasoning from modeling, often achieved by creating executable interfaces.
In the context of LLMs, these approaches are mirrored in advanced prompting techniques, such
as Chain-of-Thought prompting, which act as inductive biases. Furthermore, leveraging LLMs
to create interfaces that integrate external reasoning tools remains a potent strategy. However,
the challenge of bestowing LLMs with authentic human-like reasoning remains unresolved. The
intricacies of human reasoning itself are nebulous; for instance, the discrete nature of our neu-
ronal processes may hint at our discrete reasoning capabilities. The “all-or-none” phenomenon
of human neuron action potentials—whereby a neuron either fully activates or does not—and
the dynamic formation and dissolution of synapses between neurons might offer insights. For
neural models to approach human-level reasoning, profound alterations, potentially in activa-
tion functions or backpropagation mechanisms, might be imperative.

— Interactive and Human-centered LLMs. LLMs have the potential to revolutionize many
domains, but their practical application is not without challenges. A paramount concern is
alignment—ensuring LLMs resonate with human values and priorities. This is not just about
avoiding rogue behaviors, but about truly integrating these models into our workflows in ways
that feel natural and beneficial. Indeed, methods ensuring that LLMs behave as intended are
crucial, especially as these models become increasingly autonomous. It is imperative not to
let them inadvertently optimize for undesirable outcomes. This calls for a proactive approach:
rather than retrospectively fixing misaligned models, alignment techniques should be integral
from the onset of model development. Transparency and interpretability of LLMs play pivotal
roles in this alignment process. Without a clear understanding of how these models arrive at
their conclusions, ensuring their alignment with human values becomes an uphill battle. Look-
ing ahead, the horizon presents an even greater challenge: aligning LLMs that surpass human
capabilities. These “superhuman” systems might introduce unprecedented complexities and eth-
ical concerns. As cited in works like References [8, 17], the potential implications of these
systems necessitate careful consideration. Furthermore, enhancing the interactivity between
humans and LLMs is essential. An effective human-in-the-loop mechanism can be pivotal in
maximizing the real-world value of LLMs. It is worth noting that the bridge between NLP and
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Human-Computer Interaction needs strengthening. Encouraging collaboration between these
communities can drive forward more intuitive and beneficial LLM-human interactions.

7 CONCLUSION

Recent advances in large language models have been revolutionizing the field of natural language
processing. Effectively using LLMs requires understanding their capabilities and limitations for
various NLP tasks. This work presents a practical guide to working with LLMs for downstream
NLP tasks. We first discuss prominent models like GPT-style and BERT-style architectures and the
factors influencing their performance. We then explore using LLMs for downstream tasks, includ-
ing knowledge-intensive tasks, NLU, and NLG tasks, as well as providing concrete examples of
successes and limitations. Finally, we indicate the existing challenges, which should be carefully
considered in practice. This practical guide offers insights into LLMs and best practices for har-
nessing LLMs across NLP tasks. We hope it would enable researchers and practitioners to leverage
their potential and drive innovation in language technologies.
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