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ABSTRACT: Natural Language Processing models have proven to be incredibly useful, boasting a tremendous number of 
practical applications spanning nearly all fields of study. The ability of NLP models to understand human language can be applied 
to a wide range of tasks, from generating medical reports to advanced translation. However, these abilities scale significantly with 
model size, so smaller models experience an exponential performance falloff when compared to large models. Large Language 
Models (LLMs) are at the forefront of NLP, and can have up to trillions of parameters. These programs are incredibly resource-
intensive in their training and operation, and smaller organizations may be unable to properly utilize the full potential of current 
NLP technology. This paper aims to provide a survey of techniques that can make high-performance NLP models more accessible, 
whether it be by increasing the performance of weaker models or compressing larger, high-performance models to have more 
manageable requirements.  
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�   Introduction
Natural Language Processing is a field of AI centered 

around the ‘natural’ understanding and manipulation of human 
language by AI models. Natural Language Processing mod-
els (NLP models) are AI models that are built with this exact 
purpose in mind. They can generate and analyze text, translate 
text between supported languages much more accurately than 
non-AI machine translation, and even solve problems through 
logic.1

Some researchers believe that NLP models merely display 
the facade of intelligence through statistical prediction,2-5 and 
others believe in the legitimacy of their reasoning abilities.1,6-8 
Despite this debate, this logical behavior is still incredibly use-
ful in fields like medicine,9 finance,10 and computer science.11

The incredible potential of NLP models to be utilized in the 
world has one major obstacle, however. All of these charac-
teristics are highly dependent on the size of the model, which 
is incredibly expensive to scale. The training, tuning, and op-
eration of large-scale NLP models (Large Language Models/
LLMs) takes an enormous amount of computational power, 
training data, and time. Additionally, most current research on 
optimization focuses heavily on larger models, as they are the 
current state-of-the-art (SOTA) technology in this field.12-15

The best solution to this problem, and the main focus of this 
paper, is the utilization of Small Language Models (SLMs). 
SLMs are smaller NLP models that have much lower resource 
requirements, but this comes at the cost of significantly low-
er performance in NLP tasks. Fortunately, there exists ample 
research around both the optimization of smaller NLPs’ per-
formance through techniques like prompt engineering and 
fine-tuning, and the compression of LLMs into SLMs with 
techniques like pruning and distillation. This paper aims to 

provide a survey of such methods and describe how they work; 
Examples of particular techniques will be provided in order to 
stimulate more interest in the specific field.

This paper will first examine the exact definitions of the 
terms LLM and SLM, the differences between the two, and 
how SLMs are a much better choice for the average person’s 
utilization. Then it will review performance-enhancing meth-
ods for SLMs and compression methods for LLMs. Finally, it 
will provide an overview of promising future prospects, as well 
as a statement on the necessity of such innovation in order to 
further the state of the world.

�   SLMs and LLMs: Background Information
2.1. : What are LLMs and SLMs?
To fully understand what LLMs and SLMs are. It is nec-

essary to first understand transformer models. Transformer 
models are a type of model that has an attention mechanism 
as the main component. A simplified explanation of how an 
attention mechanism works is that it allows the model to focus 
more on information that is deemed important by the mech-
anism. A much more mathematical and detailed explanation 
can be found in this paper by A. Vaswani et al. This unique 
characteristic of transformer models makes them very useful 
in a variety of fields,16 but to understand this paper, all that 
you need to know is that almost all modern SOTA Natural 
Language Processing models are based on the transformer ar-
chitecture.

Natural Language Processing models are a group of models 
designed to manipulate and ‘understand’ human language in a 
more human-like way. These models are incredibly versatile due 
to this function and are used in a variety of applications such as 
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chatbots,17,18 better translation of languages,19 and analysis of 
text.20 Large Language Models and Small Language Models 
are subsets of Natural Language Processing models, being the 
categorization of NLP models into larger and smaller models 
by their number of parameters.

LLMs are NLP models with incredibly large numbers of 
parameters. The current state-of-the-art is hundreds of bil-
lions to trillions of parameters. SLMs are NLP models with 
relatively low amounts of parameters, ranging from hundreds 
of millions to a few billion. The definitions aren’t quite as con-
crete because of the rapid growth of the field, and now even 
models with as many as ten billion parameters can be consid-
ered SLMs as well, depending on sources.

2.2. : Differ ence in Requirements:
The main difference between LLMs and SLMs is, of course, 

their size, with the largest LLMs having easily thousands of 
times the parameters of an average SLM. This is why LLMs 
perform much better than SLMs in language processing. 
However, this comes with a major downside, which is the cost.

Training a state-of-the-art level LLM can require up to 
thousands of petaFLOPS (10^15 floating point operations per 
second) of computational power. This is provided by hundreds 
to thousands of very expensive specialized GPUs, each costing 
in the range of tens of thousands of dollars. These GPUs can 
also need to run for up to several months in order to fully 
train such an LLM, and this incurs further tens to hundreds of 
thousands of dollars in electricity prices. On top of that, LLMs 
need terabytes of high-quality training data, which can be hard 
to procure and, of course, is very expensive.

Overall, LLMs need enormous amounts of resources to 
train, which is also reflected in requirements to optimize them 
using strategies like fine-tuning or reinforcement learning, 
where you are essentially just training the model more.

SLMs, on the other hand, are much more efficient in al-
most every way. While their performance is limited due to 
their smaller scale, the training requirements are equally re-
duced. SLMs can require thousands of times less computing 
power and can even be trained on the average laptop/desktop 
graphics card instead of specialized hardware. They also train 
much faster, even with this very reduced amount of computing 
power, and they take on the scale of weeks or days rather than 
months. They also require much less data to train, being on the 
scale of gigabytes rather than terabytes or even petabytes. All 
of this makes SLMs much easier to train and fine-tune. This 
leads to one of SLMs’ main strengths over LLMs in terms of 
utility: they can be easily and quickly custom-trained to work 
well on one specific task, and cost thousands of times less.

�   Optimization Methods
3.1. : Fine Tuning:
Fine-tuning is a technique usable to optimize any kind of AI 

model. This technique involves taking a smaller, more special-
ized dataset and using it to further train a model to be better at 
a specific task. This technique was brought to the field of NLP 
by J. Howard & S. Ruder in 2018,21 who took the concept 
from CV (computer vision) modeling and modified it to work 

with NLP models. Fine-tuning optimizes NLPs by focusing 
them on a particular set of data. Specifically for reasoning, it is 
done with data sets containing reasoning-related question sets 
and their answers. It can also be done with a chain of thought, 
examples like the ones given in CoT prompting.

Fine-tuning is a well-established method of focusing 
a model on a particular task or subject, and it is also much 
more efficient to apply to SLMs. This is because SLMs have 
many fewer parameters and are usually trained with less avail-
able data. Fine-tuning allows SLMs to perform comparably 
to much larger models using significantly less data. Some ex-
amples of fine tuning methods that are better for SLMs are: 
fine tuning only bias terms,22 which involves only fine-tuning 
a small subset of a model’s parameters for increased efficiency; 
Distillation,23 which is a technique in its own right, involving 
the transfer of training from larger models to small models; 
and even fine tuning for multiple different tasks,24 which in-
volves fine tuning using more than one specialized dataset to 
allow fine-tuned models to not be as restricted to a single task. 
Fine-tuning is an excellent, data-efficient technique to opti-
mize a Small Language Model’s performance in any field.

3.2. : Prompt engineering:
Prompt engineering is a very broad term that can be used 

to describe any technique to optimize a model by modifying 
the input sequence. Whether it be providing examples of in-
puts and outputs to acclimate a model to a particular question 
type,25,26 instructing a model to approach a question in a par-
ticular way, such as breaking a problem into simpler steps,27 or 
telling the model to break up the problem on its own,28 pro-
viding examples of how to break down a question into multiple 
steps.29 A couple of other particularly important sections of 
prompt engineering include zero-shot prompt engineering and 
automated prompt engineering. Zero-shot prompt engineer-
ing aims to guide the model to better utilize the information it 
has from training, and can be achieved through simply telling 
the model to take the problem step-by-step,30 telling the mod-
el to take a deep breath,31 and even appealing emotionally.32 
Automated prompt engineering involves using a model to op-
timize prompts for you, whether it be automatically generated 
CoT and few-shot learning examples,33,34 automatically gener-
ating questions that models can understand well,35 or distilling 
necessary context in a prompt by removing distracting infor-
mation.36 In this paper, we will only go over a few of the many, 
many ways to engineer prompts.

In -Context Learning:
In-context learning is a prompt engineering technique 

that can be applied to almost any type of model and any 
type of task. It is done by simply giving the model examples 
of prompts and the desired answer. This can be done either 
manually with human-generated examples or with examples 
generated by another model. T. Brown et al. designed GPT-3 
to test this technique in the realm of NLP,25 and was able to 
beat the at-the-time SoTA model on the LAMBADA bench-
mark (Turing-NLG with 17B params at 68%) by about 10% 
accuracy with just 2.7B of its own parameters, advancing this 
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to an 18% increase in accuracy with their 175B parameter ver-
sion. This does show that the benefits of ICL do not scale 
linearly with size, as an almost 70-fold increase in parame-
ters only improved the performance of the model by roughly 
8%. On the other hand, S. Min et al. investigated the ques-
tion: “Why does in-context learning work?”26 They discovered 
that, bizarrely, the labels assigned to the demonstrations don’t 
matter that much because when randomizing them, the per-
formance was barely affected. They found that most of the 
benefits of ICL come from the example prompts and the ex-
ample answers analyzed separately rather than paired, so as 
long as the example-answer sets are the same, you can pair 
them up in any fashion and have only a marginal reduction of 
benefits. In-Context Learning has an interesting effect when 
the size of the model is considered. Z. Shi et al. sought to find 
out how LLMs and SLMs process ICL examples differently,37 
and concluded that while they both have their skills, LLMs 
perform better due to their increased overall comprehension of 
the examples. However, SLMs were shown to notice smaller, 
more hidden trends in the examples that LLMs missed. This is 
a promising feature of them that could be used in conjunction 
with LLMs to improve overall performance.

Instruction-Based Prompting:
Instruction-based prompting is a prompt engineering 

technique based on giving a model a prompt that tells it to 
approach a problem in a specific way. One particular technique 
is plan and solve prompting,28 which involves telling the model 
to make a step-by-step plan to solve the problem before ac-
tually following through on that plan. This strategy regularly 
beat standard zero-shot CoT (“think about it step by step”), 
and even barely outperformed manual few-shot CoT on the 
SingleEq, AddSub, and GSM8K benchmarks. Another tech-
nique is instructional prompt reframing.27 This technique is 
centered around rewriting prompts to be better understood 
by the particular model(s) by breaking the problem down into 
steps, using more specific language, breaking up answer crite-
ria into multiple instructions, turning ‘don'ts’ into ‘dos’ (NLP 
models struggle with negative commands), and adding restric-
tions to ensure a proper output format. In their experiment, 
they did this with the GPT models in mind and were able 
to improve GPT3’s performance on several datasets by an av-
erage of 17% and 8% over the raw prompt for zero-shot and 
few-shot trials, respectively.

Chain of  Thought Prompting:
Chain of Thought Prompting, or CoT prompting, is an 

umbrella term referring to any prompt engineering technique 
aimed at getting the model to break down a task into many 
steps. This technique is broken down into two different kinds. 
Few-shot CoT prompting is the first kind of CoT prompting. 
Developed by J. Wei et al.,29 this version of CoT prompting 
involves giving the model a few example questions paired with 
the answers and the chain of thought used to get from the con-
text to the correct solution. Their experimental results found 
a particular improvement of the GSM8K problem set with 
models like GPT-3, Codex, and PaLM-540B, having an in-

crease of 31.3%, 43.4%, and 39% respectively. However, when 
tested on smaller models such as LaMDA 420M and GPT-3 
350M, CoT prompting was found to have a negative effect on 
their performance, dropping their GSM8K accuracy rates by 
more than a factor of 4. This would suggest that CoT prompt-
ing has little to offer in the field of SLM optimization, but 
other studies have demonstrated potential. L. Ranaldi & A. 
Freitas use a method they call Instruction-Tuned- CoT, which 
involves using a teacher model to demonstrate chain-of-
thought reasoning to SLMs.38 They observed improvements 
of 5-10% on various benchmarks when using a teacher model 
of GPT-3.5 on the Llama-2 7B and Llama-2 13B models. 
While these improvements are not as significant as the ones 
that CoT has shown to have on LLMs, they show promise in 
the application of this idea to SLMs.

Zero -Shot Prompt Engineering:
Zero-shot Prompt Engineering is the field of prompt en-

gineering surrounding zero-shot prompts, which are prompts 
that do not include any examples and require the models to 
answer solely with their training. One example of zero-shot 
prompt engineering is zero-shot CoT prompting. This tech-
nique, developed by

T. Kojima et al.,30 involves prompting a model to take a 
problem step by step without any examples. They utilized the 
phrase “let’s think step by step” to induce this behavior, and their 
model showed a significant improvement on both the Mul-
tiArith and GSM8K datasets (17.7-78.7% and 10.4-40.7% 
respectively, from zero-shot to zero-shot CoT). Zero-shot 
prompting can also be achieved in some strange ways, such 
as in a study done by Yang et al..31 In this study, they utilized 
LLMs as tools to generate optimized zero-shot prompts, and 
the best prompt phrase that their method generated was the 
phrase “Take a deep breath and work on this problem step-by-
step.” This prompt achieved an 80.2% accuracy on the GSM8K 
dataset on a pre-trained PaLM 2-L model. This is a significant 
improvement compared to just the question, which measured a 
34% accuracy on the same dataset and model. Another of these 
strange zero-shot prompt engineering techniques is emotion-
al prompting. C. Li et al. propose that LLMs can be boosted 
through emotionally charged prompts.32 Their techniques in-
duce self-monitoring behavior by either asking the model if it 
is sure, or providing encouragement with phrases usually asso-
ciated with boosting self-esteem i.e., “Remember that progress 
is made one step at a time. Stay determined and keep moving 
forward.” This study aimed to learn how LLMs process these 
kinds of human encouragement, and they tested their prompts 
on the TruthfulQA set, which is measured by both truthfulness 
and informativeness of a generated text. Their best result was 
using ChatGPT, and this was an improvement from 75% true, 
53% informative, to 87% true and 67% informative.

Automated Prompt Engineering:
Automated prompt engineering is the field of prompt en-

gineering that involves the utilization of a model in order to 
optimize prompts. For example, Yang et al. discuss the utili-
zation of LLMs to optimize zero-shot prompts.31 Their best 
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�   Compression Methods 
4.1. : Knowledge Distillation:
Knowledge Distillation is a technique that transfers knowl-

edge and skills from one model to another model.41-43 There are 
three different techniques that are used in distillation: offline 
distillation, online distillation, and self-distillation. Offline dis-
tillation is the traditional distillation, which involves a large, 
pre-trained teacher model teaching a much smaller student 
model.44 It is a good method to train SLMs that can run on 
much more constrained devices while retaining a good amount 
of the teacher model’s performance. Online distillation is a dif-
ferent approach, where both the teacher and student models 
are learning at the same time.45 This is best when a pre-trained 
teacher model is not easily accessible. Self-distillation is a very 
drastically different technique where an already somewhat 
trained model trains itself and uses its deeper layers to improve 
its shallower layers.46 This technique is best for optimizing a 
single model with little performance sacrificed when you have 
even more of a resource constraint.

One example of a knowledge distillation technique is 
Spot-adaptive Knowledge Distillation by J. Song et al..47 Their 
work demonstrates a novel technique that adaptively chooses 
layers to learn from. Traditional methods typically use a man-
ually selected set of layers to use in distillation, but this can 
be very sub-optimal in circumstances that are not ideal. They 
demonstrated their method in CV benchmarks and recorded 
small but consistent improvements across various model sizes 
and benchmarks. Another example of a knowledge distillation 
technique is shown in the paper “Heterogeneous Knowl-
edge Distillation Using Conceptual Learning” by Y. Yu & N. 
Kim.48 Their technique involves teaching the smaller model 
higher-level concepts in the field of knowledge, rather than 
just the information required to solve the target problems. 
This has the benefit of allowing the distilled model to bet-
ter generalize to a broader group of related tasks. They tested 
this on the 20 Newsgroups dataset, and, similarly to the other 
study, showed a small but consistent advantage over traditional 
knowledge distillation techniques. While these adaptations of 
distillation show relatively minor improvements over tradition-
al distillation, traditional distillation is incredibly efficient at 
compressing the model’s size, as shown by A. Rashid et al., with 
a recorded up to 30x reduction in size while only losing 8-25% 
of the original model’s accuracy.49

The further development of distillation techniques is nec-
essary because, while the improvements made over traditional 
distillation are small, distillation is still one of the best ways to 
provide close to LLM-level performance with a fraction of the 
required computational power.

4.2. : Pruning:
Pruning is a technique that involves carefully removing less 

important parts of models in order to reduce their operating 
requirements while not affecting performance too much. Prun-
ing is separated into two main categories: structured pruning 
and unstructured pruning. Structured pruning is the process 
of removing large clusters of weights in a model, and unstruc-
tured pruning is the process of removing individual weights in 

generated prompt was “Take a deep breath and work on this 
problem step-by-step,” which gave them an 80.2% accuracy 
on the GSM8K benchmark, a massive improvement from the 
baseline for no modifications, which was 34% accurate. An-
other couple of papers that demonstrate automatic prompt 
engineering are those by Z. Zhang et al. and A. Sevinc & A. 
Gumus.33,34 These papers focus on the automatic generation 
of CoT prompts. Z. Zhang et al. achieved results comparable 
to manually generated CoT using examples generated by an-
other LLM using a “let's think step by step” (zero-shot CoT) 
prompt. A. Sevinc & A. Gumus use a strategy that uses ra-
tionales generated by a better model (GPT-4) to improve the 
performance of a weaker/smaller model.33 They observed an 
increase of 20% accuracy when tested using GPT-4 on the 
StrategyQA benchmark. Further automatic prompt engi-
neering techniques include “System 2 Attention” or S2A by J. 
Weston & S. Sukhbaatar, which is a technique that utilizes a 
model to remove any distracting information and optimize a 
prompt for itself.36 They found that their method could suc-
cessfully remove distracting details from the GSM-IC dataset, 
which has problems with irrelevant and distracting sentences 
included within it. Their method successfully got the accura-
cy of the prompted model to be just about the same as that 
of the oracle prompt (a prompt for the question without the 
distractions). A final method of automatic prompt engineer-
ing is presented by J. Weston & S. Sukhbaatar.36 They propose 
another method of generating high-quality prompts for any 
task by utilizing a masked language model (MLM), which is 
a model that is trained by ‘masking’ or covering up words in a 
text, and having the model predict them. These models spe-
cialize in filling in spots in a given text. Their study suggests 
that this method could be a replacement for fine-tuning in 
certain situations. They tested it on the GLUE benchmark us-
ing the BERT and RoBERTa models, achieving a 19.1% and 
6.2% improvement, respectively.

3.3. : Test -Time Compute:
Test-time compute is an optimization field that involves the 

reallocation of resources during inference. This allows models 
to respond much more accurately to difficult questions at the 
cost of inference time. This technique is very good at optimiz-
ing SLMs, due to the fact that it allows SLMs to take a long 
time to answer questions to a degree of accuracy higher than 
some LLMs. One example of this utilization is demonstrated 
by E. Akyürek in abstract reasoning.39 They use the bench-
mark of the Abstraction and Reasoning Corpus (ARC), and 
tested Llama-3 8B and Llama-3.2 1B, and 2B. Their findings 
are promising, as the 1B and 3B models solved 6x and 3x as 
many tasks, respectively, when TTT (test-time-training) was 
enabled. While the 8B Llama model performed well, TTT 
proved to be effective at improving the 1B and 3B param-
eter models to a level competitive with the 8B model. The 
downside to test-time compute is the extended inference time, 
which negates one of the advantages of SLMs: fast inference 
time. M. Alfarra et al. aim to combat this longer inference time 
by promoting methods that take less time by giving them more 
encouragement through data.40
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on smaller models is somewhat less popular, and developments 
in that specific field would massively increase the accessibil-
ity of high-performance AI models, which can combine the 
strengths of both LLMs and SLMs.

5.4. : Distillation:
Distillation is a relatively well-established technique, and 

therefore has extensive existing research. Additionally, its sole 
purpose is to optimize and compress, optimizing a large mod-
el by compressing a larger model’s knowledge into it. For our 
purposes, that makes any research into distillation beneficial 
towards the accessibility of AI models. However, it has become 
clear that most improvements upon distillation techniques are 
near marginal, only improving performance by a couple of per-
centage points. Therefore, a large breakthrough in the field is 
required before we make significant progress.

5.5. : Pruning:
Pruning is another extremely effective technique, and is well 

established as well. It is very similar to distillation in relevance 
to our goal of accessibility and research status. It also has much 
existing research, but also only minor improvements are being 
made over the original technique. Similarly to distillation, a 
massive breakthrough needs to be made in this field, as current 
performance returns on research invested are low.

�   Methodology and Limitations 
This survey was primarily conducted using Google Scholar 

with the key phrases of “NLP Compression”, “SLM Optimiza-
tion”, and the names of the specific sections of the ‘Techniques’ 
section. The exploration of relevant citations was also utilized. 
This study was limited by a strict time limit, and due to this, it 
was heavily focused on well-established and cited papers. This 
reflects the main purpose of this paper, which is not to provide 
a comprehensive review, but to incite interest in this field as it 
is of great importance.

�   Conclusion 
In this survey, we have gone over various methods that can 

be used to optimize small NLP models, as well as methods 
that can compress larger ones. This is done to focus on the 
practical utilization of NLP models in real-life applications. 
The development of these techniques is incredibly important 
for AI deployment in a small-scale setting. The increased ac-
cessibility of NLP models and AI in general for the general 
public is corresponding with increased public interest and in-
vestment in further development of AI. Therefore, it is just 
as important to work on smaller, more accessible models for 
public use as it is to work on massive, state-of-the-art models 
because this development of public AI is crucial to foster in-
terest in the field of AI and eventually will lead to an increase 
in research and funding in the field as a whole.

Increasing accessibility of these models would also boost 
efficiency and improve the quality of life for countless small 
businesses and organizations.

a model. These processes all aim to increase a measurement 
called sparsity, which is essentially the percentage of weights 
that are set to 0. This greatly reduces the required comput-
ing power as a large amount of calculations can be essentially 
skipped. The process typically targets weights that are close to 
zero already, so the model does not lose very much accuracy. 
One example of such is shown by R. Xu et al., who developed a 
framework that utilizes the supervision of other models during 
the pruning process.50 They achieve a 90% sparsity using struc-
tured pruning, and 97% sparsity using unstructured pruning.

They only lose 10.5-.7% and 7-.7% accuracy on various 
datasets such as QQP and SST-2 using structured and un-
structured versions of their technique, respectively. Another 
example is in a paper by J.- H. Luo et al., which demonstrates 
another framework for pruning that achieved only a 10% de-
crease in accuracy on the Indoor-67 dataset while achieving 
over 100-fold decrease in parameters.51 While one of these 
studies is on computer vision deep neural networks rather than 
NLP models, they both demonstrate how pruning can de-
crease model sizes by orders of magnitude while still retaining 
much of their accuracy.

�   Discussion and Future Directions
5.1. : Prompt engineering
While prompt engineering techniques can provide little or 

even negative effects on SLMs, the core principles behind the 
field of prompt engineering can be implemented to improve 
SLM performance. The idea of Chain of Thought reasoning 
has been demonstrated to be teachable to smaller models,37 
and further developments in how prompts can be engineered 
to more effectively work on smaller models would make a 
massive impact on people’s ability to utilize AI in small-scale 
settings.

5.2. : Fine Tuning:
Fine-tuning is a very well-used technique in SLMs, one 

of SLMs’ main strengths being the ease of fine-tuning. This 
technique is generally beneficial, and important fields of im-
provement would be the versatility of fine-tuned models, the 
further increase of fine-tuning’s effectiveness, and the decrease 
of computational requirements for fine-tuning. Fine-tuning is 
already a very effective and widely used technique to optimize 
SLMs for commercial usage, and further improvements are in 
progress as this is a more prevalent technique. Therefore, even 
more research into this field is likely not required, and efforts 
should be concentrated on newer, less studied techniques.

5.3. : Test Time Compute:
Test Time Compute is a technique in the field of NLP that 

has recently gained more widespread prevalence primarily due 
to OpenAI’s o1 model line, and is overall a technique with 
much room for development. It is a field that needs much 
more research than the others due to its massive potential 
to make smaller models as good as larger models, and larger 
models even better. Of course, this technique is receiving the 
amount of attention it needs in the research space, but looking 
into applications and optimization for applying this technique 
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