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Abstract

The proposed ACL-PEFT-LLM model combines Adaptive Curriculum Learning (ACL) and
Parameters-Efficient Fine-tuning (PEFT) to overcome the shortcomings of current models that
employ full fine-tuning, which is computationally expensive and impractical in many
domain-specific applications. Although PEFT methods such as LoRA, Prefix Tuning, and Prompt
Tuning have been designed to optimize only a few model parameters, thereby reducing memory
usage and training time by a significant factor, typically lack an adaptive mechanism to adjust task
difficulty during training. By comparison, ACL-PEFT-LLM dynamically adjusts the difficulty of
training examples based on the model's current performance, enabling it to start with easier tasks
and increase in difficulty. This will guarantee that the model learns effectively without being flooded
with challenging examples during the initial stages of learning. The ACL-PEFT-LLM model is
superior to the other models in both accuracy and computational efficiency. It has an F1 score of
96.2 and a high accuracy of 96.8, indicating strong task-specific performance across a wide range
of datasets, including SST-2, SQuAD, and AIME. Besides, it has a high Accuracy-Efficiency Ratio
(AER) of 5.12, indicating a positive trade-off between performance and resource consumption.
Compared with other methods, LoRA is most efficient in terms of training time and GPU memory
usage, with an accuracy of 94.0 and an F1 score of 93.7, but is marginally lower in performance.
Other techniques, such as Full Fine-Tuning, Prefix Tuning, and Adapters, are either less accurate or
more resource-intensive, whereas ACL-PEFT-LLM is the most efficient mechanism for
domain-specific fine-tuning. ACL-PEFT-LLM offers a potent platform that facilitates efficient
domain adaptation at minimal resource usage, which makes it suitable for tasks in domains such as
medical, legal, and financial, where computing resources are usually scarce. This model has found
a very good compromise between maximum performance and computational efficiency such that
tasks that belong to a domain can be efficiently performed without overuse of resources.
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1 Introduction

The fast-evolving developments in Large Language Model (LLM), numerous applications in natural
language processing (NLP) have undergone change, yet the size of such models presents considerable
challenges in the way of computational resources, such as memory and computation capacity
(Wang et al., 2025; Kawamae, 2025). It can be very computationally-intensive and time-consuming to
fine-tune these large models on domain-specific problems, like medical diagnoses, legal document
analysis, and financial forecasting (Banitalebi-Dehkordi et al., 2023; El-Demerdash & Abdel-Hamid,
2025). To overcome this, parameter-efficient fine-tuning algorithms have been developed to reduce
resource usage while preserving or enhancing performance. Adaptive Curriculum Learning (ACL) is
one such approach, which is based on the learning of humans, in which easier tasks are acquired first,
before more complicated tasks are studied (Wang et al., 2023; Dun et al., 2024). In contrast to
conventional models, which are trained on the entire dataset in a fixed sequence, ACL automatically
scales the difficulty of training examples, initially easier, before becoming more difficult, according to
the model's performance (Lee et al., 2025; Balaji et al., 2022). This ensures that the model does not
become overwhelmed by overly elaborate tasks in the initial stages, allowing it to learn better. Other
approaches, such as parameter-efficient methods like Low-Rank Adaptation (LoRA), Prefix Tuning, and
Prompt Tuning, can fine-tune only a subset of the model parameters, lowering memory requirements
and training time without necessarily retraining the full model (Kong et al., 2024; Noviantari & Agustina,
2023). The ACL, together with parameter-efficient fine-tuning strategies, offers an effective solution to
fine-tuning the LLMs on domain-specific tasks. This mixed method enables models to progressively
evolve to more complex tasks at a lower computational cost, making it applicable to tasks with limited
resources (Verma & Kulkarnin, 2025; Fitria, 2024). The dynamic adjustment of the training challenge
and the prioritization of the optimal parameter values in this methodology maximize the effectiveness
and adaptability of the LLMs in most domains of specialization and guarantee the high efficiency with
low computational cost.

Key Contribution

e Design and implement an adaptive curriculum learning framework that prioritizes
domain-specific tasks based on their complexity, beginning with easier tasks and gradually
introducing more complex ones to reduce resource consumption.

e Integrate parameter-efficient fine-tuning (PEFT) strategies by implementing adapter layers and
low-rank approximation techniques to minimize the number of parameters that are fine-tuned,
optimizing memory and computational resources.

o Evaluate the efficiency of the fine-tuning process by measuring training time, FLOPs, and GPU
memory usage in comparison to traditional fine-tuning approaches on three domain-specific
datasets: medical, legal, and financial data.

¢ Compare the performance of the domain-adapted models using standard accuracy metrics for each
domain, assessing whether the adaptive curriculum approach maintains or improves
domain-specific accuracy while significantly reducing computational cost.

This research is followed by the various sections. Section I introduces the topic, Section Il explains
the literature review, and Section III presents the research gap. Section III explained the proposed
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methodology, followed by the overall architecture diagram, the working procedure for
parameter-efficient fine-tuning of LLM, Adaptive curriculum learning through parameter-efficient
fine-tuning, the data flow diagram, and the proposed algorithm. Section IV explained the results and
discussion, followed by the dataset description, performance comparison with various datasets, and
metric analysis. Section V explained the main key summary of this research.

2 Literature Review

Natural language processing tasks have also seen significant improvements with recent developments in
large language models (LLMs) (Hung & Pan, 2025). Historically, models trained on large-scale corpora
are further trained on downstream tasks by retraining all their parameters, which is very expensive and
usually infeasible when large, domain-specific downstream tasks are involved (Aazami & Fallah, 2016).
In response to this, studies have shifted to methods that minimize computational load without degrading
task performance (Battou et al., 2011). Among the notable directions are parameter efficient fine tuning
(PEFT), only a handful of parameters is manipulated, which reduces the memory usage and training
time by a significant factor. Low-rank adaptation, prefix tuning, prompt tuning, and bit-efficient updates
have been shown to be effective methods for reducing the number of parameters modified in only a
fraction of the model, achieving strong performance (Zhang, 2024). The approaches enable domain
adaptation with minimal resources and are thus appealing across a range of applications, such as medical
information extraction and legal document analysis. Curriculum learning is another concept emerging
from the processes of human learning, in which training starts with simpler tasks and progresses to more
complex ones (Zhang & Galaup, 2023).

The adaptive curriculum learning innovation integrates the benefits of curriculum sequencing with
dynamically adjusting learning mechanisms to adjust difficulty targets based on model performance
(Sappa, 2025). Rather than operating on difficulty-specific training levels, adaptive systems continually
vary the examples to be trained on, based on the model's current performance, to choose samples that
are nearest to a dynamically changing target difficulty (Yang et al., 2024). This helps the model to avoid
getting stuck on extreme samples (that are too easy or too difficult) and provides a more gradual change
in difficulty between samples (Shreshthi et al., 2025; Challa & Bright, 2025). Adaptive curriculum
learning, coupled with parameter-efficient fine-tuning, has been discussed in recent works to optimize
fine-tuning for domain-specific tasks. Within these frameworks, model training takes a series of steps:
general domain knowledge, easier domain tasks, and more advanced specialized tasks and enables the
model to train on simpler data as it demands more complex examples that are applicable to the target
domain (Prottasha et al., 2024). The dynamic variation of the learning rate and difficulty targets can help
the model focus on its capacity and avoid unnecessary computation on overly difficult examples in the
initial stages.

Adaptive curriculum has been found to improve both accuracy and generalization, particularly when
training data span a broad spectrum of difficulty levels (Mariani et al., 2020; Poncette et al., 2020).
Comparative analyses with baseline models trained without curriculum structures have demonstrated
this. Research comparing various PEFT methods within an adaptive curriculum has also found that not
every parameter-efficient strategy performs well across all areas (Xie et al., 2020; Kavitha &
Kirubanand, 2025). As an example, low-rank adaptation can be highly successful in terms of
performance and moderate resource usage, whereas prefix and prompt tuning can be more
curriculum-sensitive when the domain is complex (Goez et al., 2020; Dong, 2021). Although the
literature has addressed adaptive curriculum and parameter efficiency independently, more and more is
currently being done on the synergy between adaptive curriculum and parameter efficiency, with existing
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models that are more efficient (in terms of training time, GPU memory and number of trainable
parameters) and more effective (in terms of domain task accuracy and generalization
(Horn & Van Niekerk, 2020). This trend will indicate that further domain adaptation research will keep
improving the interaction between difficulty estimation, dynamic task selection and lightweight
parameter updates to create robust and scalable fine-tuning frameworks applicable to large pretrained
models to specific domains.

Research Gap

The lack of knowledge in applying Adaptive Curriculum Learning (ACL) to Parameter-Efficient
Fine-Tuning (PEFT) to Large Language Models (LLMs) is due to the lack of research on the potential
of their integration in domain-specific tasks. Although PEFT methods can lower the computational cost
by modifying a few model parameters, and adaptive curriculum learning can enhance model efficiency
by increasing difficulty over time, the synergistic combination of both methods is not well studied. The
present of literature largely focuses on these methods as individual approaches and does not discuss their
dynamic interaction to achieve optimal fine-tuning. Moreover, the responses of various PEFT methods
to curriculum development are insufficiently understood, and how real-time difficulty adjustment can
further improve the LLM's performance across all areas of specialization remains unclear. This
underscores how research in the future would need to formulate frameworks that can effectively
integrate these strategies to produce scalable, efficient, and high-performing domain adaptation.

3 Proposed Methodology

3.1 Overall Architecture Diagram

Adaptive Curriculum Learning for Efficient Domain-Specific Fine-
Tuning with Parameter-Efficient Strategies in LLMs

Domain-Specific Dataset\ :( Parameter-Efficient Fine-Tuning
o Supervised Samples LoRA Prefix Tuning,
e Unsupervised Samples Data Curation k(Low-Rank Adaptation) Prompt Tuning
R Module T
» Jﬁ

s

Pretrained Language Model )
(PLM) Development Tools

e Domain-Specific Tasks
e Question Answering

Domain-Specific Tasks \_° Information Extraction Y,
A 4 e Question Answering v
Adaptive Curriculum Module * Information Extraction Evaluation & Adaptation )
o Difficulty Level Assessment Module
e Dynamic Sample Selection o Performance Feedback
e Curriculum Scheduling e Curriculum Refinement )

A

T

Figure 1: Overall architecture diagram about proposed methodology

The figure 1 diagram is an organized strategy of Adaptive Curriculum Learning to the efficient
domain-specific fine-tuning using parameter-efficient strategies in Large Language Models (LLMs). It
starts with a Domain-Specific Dataset, which is separated into supervised and unsupervised samples.
Such samples are stored in the Data Curation Module, which organizes and prepares the data for the
following steps. The main part of the process is the LLM Model, which is fine-tuned by
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parameter-efficiently applying strategies such as LoRA (Low-Rank Adaptation) and Prefix Tuning &
Prompt Tuning, expected to optimize the model and use less computational resources. The central
component of this strategy is the Adaptive Curriculum Module, which dynamically adjusts task
difficulty, selects appropriate samples for training, and schedules the curriculum to gradually enhance
learning. This module ensures that difficult and easy tasks are presented in the model with equal
frequency. Question Answering and Information Extraction are Domain-Specific Tasks that are specific
to the domain of interest and are directed by PLM Development Tools. The last phase is the Evaluation
and Adaptation Module, which gives constant performance feedback and makes amends on the
curriculum according to the model progress. This adaptive system makes sure that the fine-tuning
process gets improved over time so that the model can be effective in dealing with a large number of
activities hence making the process of learning to be efficient and scalable.

3.2 Working Procedure for Parameter Efficient Fine-Tuning of LLM

Tuning for Prefix Tuning for Prompt

Optimization Text Optimization Text

Prompt Text

W 7%% Layer-1

frozen training

Block
@ forward " » Optimizaton ———  forward ———F concatenation

Figure 2: Working procedure for parameter efficient fine-tuning of LLM

Another way to tune the prefix and the Prompt is depicted in the diagram in figure 2. The essence of
both approaches is to fine-tune only specific layers of a pretrained model and leave the rest frozen.
Tuning for Prefix: The Prefix Text is treated in Tuning for Prefix, in which the layers between Layer-1
and Layer-m are frozen, and a trainable layer is added between the frozen layers and the output head.
This optimization would attempt to optimize the trainable layer, as indicated by the dashed red lines,
while the frozen layers would not be altered. Concatenation of the optimized layers with the other layers
of the model occurs in the forward pass. A similar structure followed in Tuning for Prompt, with Prompt
Text, is that in which some layers (Layer-1 to Layer-m) are frozen and others are optimized at the
trainable layer. By doing so, the model can be dynamically adjusted to the immediate text, optimizing
task-specific layers without retraining the pretrained weights. Both approaches focus on streamlining
task-specific fine-tuning of the domain-specific model, optimizing particular components at the cost of
efficient adaptation to the task and reduced consumption.

PREFIX and prompt tuning are techniques for relatively small-scale language models to adapt to
particular tasks or datasets, with only a small number of updates to the model parameters. These methods
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have become popular because of their efficiency and effectiveness, especially in situations where it is
computationally cumbersome or even impractical to update the entire model.

3.2.1 Prefix Tuning

Prefix tuning involves a sequence of tunable vectors followed by a prefix to the input of each layer with
the transfer model. Here is defined the transformer model function f should connect with the input
sequence x toy. Output y = F(x). Based on the prefix, tuning should be modified with the
y=F(p ® x), from the above p represents the prefix and & denoted the concatenation.
Mathematically, which is also considered about the transformer model with k layers perform the
transformation of cf;. The modified transformation among prefix considers as,

Fr(px) = F (P ® x) (1)
Equation (1) describes the py is defined as the prefix layer of k. The prefixes also represent the
{P1,Py, ... ... .. ... Py}, which is a learnable parameter with an optimized value during training.

Algorithm -1 for Parameter Prefix tuning

input: pretrained LLM, M with parameters 0, during training
Input: prompt text p, dataset {x;, y;}}_,

initialize Trainable parameters ® and &

for each input (x;,y;)do

h" « MO (p)

z « f®(hP)

Yi « MO (x;,2)

0; < §(ri)

Compute loss L(o;,y;)

update ® and & to minimize loss

end for

Algorithm Explanation

Parameter Prefix Tuning is an algorithm that adjusts a pretrained Large Language Model (LLM) based
on a set of trainable parameters to a task using a prompt text and dataset. Firstly, the fixed parameters 6
are loaded in the pretrained model M and trainable parameters F and xi are initialized. To process every
training example, xi, yi, the algorithm takes in the prompt-based response hp, by inputting the prompt
p through the trained model M with the learnt parameters F. This output is further processed by taking
a function f® to come up with an intermediate representation z. The model then predicts the input xi,
Loss computation Loss is calculated as oi and the actual label yi and the trainable parameters @ and
xi are updated to reduce the loss. This is repeated with every single example in the dataset so that the
model can optimize its parameters to effectively fit the task at hand and the prefix tuning allows the
model to fine-tune to the task but still makes use of the prior knowledge of the model. This tends to
minimize the quantity of retraining required by simply optimizing only some layers to the task at hand.
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3.2.2 Prompt Tuning

Prompt tuning means leveraging the concept of natural language to generate the output combined with
a specific task. With the mathematical terms, the pretrained model M and the objective of the optimal
prompt as p model performance of the task as T. Which is maximized for the prompt used as input.
Finally, the task of T which is have the set of tasks with specific examples as {(x;,y;)} used by the
prompt to optimize the following,

P* = argmax,, Z logM(y; Ip & x;) (2)
i

From the above equation (2) describes the objective function maximize the likelihood of correct
output y; Given the input as x; concatenated with the optimal prompt as p*. Unlike the prefix tuning,
the prompt does not modify with the internal working of the model, which should contain the influence
of the output through the input sequences.

Algorithm-2 for Prompt Tuning

input: pretrained LLM, M with parameters 0, during training
Input: prompt text p, dataset {x;, y;}\,

initialize Trainable parameters ® and &

for each input (x;,y;)do

ep = E(p)~My

exj = E(x;)~My

ey = gy(ep) € R
copute loss L(0;,y;)
update y and & to mimize loss

end for

Algorithm Explanation

The algorithm outlines a process for fine-tuning a pretrained Large Language Model (LLM) using a set
of domain-specific inputs and a prompt text. Initially, the pretrained model, denoted by M with
parameters 6, is used alongside a predefined prompt text (p) and a dataset of input-output pairs x;, y;.
The model is initialized with trainable parameters (© and &), which will be adapted during the
fine-tuning process. For each training sample, the model generates an embedding e, for the prompt p
and an embedding e,; for the input x; , both processed using the trainable parameters ®@. The prompt
embedding ey, is then passed through a transformation function g,,, producing a modified embeddinge,,,
which is designed to better suit the task. The model then generates an output from the input embedding
and the transformed prompt, and the loss is computed by comparing the predicted output with the true
target y;. Finally, the algorithm updates the trainable parameters y and ¢ to minimize the loss, iteratively
improving the model's performance on the task at hand. This is done in harmony with all the input-output
pairs of the dataset until the model becomes adjusted to the exact task of the particular domain, whilst
maintaining the learned knowledge. The approach exploits parameter-efficient strategies for fine-tuning
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the model, ensuring that the fine-tuning process targets only specific components of the model and
saving on computational cost while still adapting the model to the new task.

3.3 Adaptive Curriculum Learning Through Parameter Efficient Fine-Tuning (ACLPF)

The aim to improve the performance of a policy model 8 for solving mathematical problems through
adaptive curriculum learning. Fine-tuning on problems that are too easy or too hard leads to poor learning
outcomes. Instead, the model should be trained on problems whose difficulty is close to the model’s
current capability. The frame this as an adaptive curriculum learning problem and propose
ACL-PEFT-LLM, which adaptively adjusts the target difficulty to keep training problems within a
suitable difficulty range. ACLPF is compatible with a variety of RL algorithms (e.g., GRPO, PPO); in
this work, we instantiate it with PPO and refer to this variant as ADARFT (PPO). Let D be a dataset of
mathematical problems; each annotated with a precomputed difficulty score. The score can be either
human-annotated or model-estimated. The objective is to train a policy 7m0 that improves its
problem-solving ability by dynamically adjusting the training curriculum according to the model’s
current performance. Our proposed algorithm, ADARFT, is shown in Algorithm 3.

Algorithm — 3 for Adaptive Curriculum in Efficient Fine Tuning

input: Datat source D with dif ficulty scores {d;}, policy model my,

reward function R, batch size B, initial taget dif ficulty T, step sizen
sensitivity «,target reward B, dif ficulty bounds din, dmax

Select Parameter ef ficient fine tuning (LoRA, prefix tuning, Prompt tuning)
whike training is not finished do

compute absoulte dif ferences from target dif ficultiy

Ar=|d; —TIV;€ {1,2,.............,|D|}

sort and select top B samples closet to target dif ficulty X « {51,5>, .. Sg}

Generate responses using policy model G = my(X)

1X|

Compute average reward: Rg,q < R(X;,Gy)
1

x| L
Update policy n0 < A(n6,X,G,R)

Update and clip target dif ficulty T' « clip(T + n.tanh (oc. (Ravg - ﬁ)) s Amins Amax)
update sample T « T'

end while

Algorithm Explanation

The Parameter-Efficient Fine-Tuning with Target Difficulty Adjustment algorithm aims to fine-tune a
policy model 1y using a dataset with difficulty scores and optimize it to a specific difficulty. The
procedure starts by determining the absolute differences between the difficulty scores of each sample
and the target difficulty T. The samples that differ the least are selected (batch size B) and fed into the
policy model to produce responses. The responses are evaluated using the reward function, and the
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average reward is calculated. The target difficulty T is then adjusted based on the average reward and a
sensitivity parameter o<, with the new target clipped within predefined difficulty bounds d i, djmax to
avoid extreme values. The algorithm uses parameter-efficient fine-tuning methods such as LoRA, Prefix
Tuning, and Prompt Tuning to fine-tune only the relevant parts of the model, thereby reducing resource
consumption. This process iterates until the training goal is met, allowing the model to adaptively focus
on tasks with difficulty levels close to the target, improving task-specific performance while maintaining
efficient resource usage.

3.3.1 Dynamic Curriculum Sampling

To construct the adaptive curriculum, the target difficulty was defined as T which also represents the
current target as a challenging training level. ACL-PEFT-LLM dynamically adjustsT based on the model
of reward signal to maintain the optimal difficulty level for learning. The algorithm computes the
absolute difference between the target and each dataset. A,= |d; — T|V;€ {1,2, ... ...... ..., |D|} . This
batch of the training problem was formed by selecting the B problem with the smallest values A;,
producing the batch X = {§;,S5, ... ... ... ... ... Sg}. It also ensures the selected problems closest to the
current difficulty are focused on in the learning process, making the problem as hard as possible.

3.3.2 Policy Update

The selected batch X used as to train the policy model of gy, which is also generate the responces as
G = mg(X). The reward signal is computed based on the correctness of the model output. R; = 1, if the

response as correct and R; = 0 means the response is incorrect. The average reward of the batch should
1

1X|

followed by LoRA, prefix tuning, Prompt tuning

Zl.xl R(X;,G;). This policy should be updated with a parameter finetuning

be computed as R,y = =1

3.3.3 Target Difficulty Update

To adapt the curriculum dynamically, the target difficulty is updated based on the average reward. If the
model performs well on the current difficulty level (high reward), the target difficulty increases, making
the training problems harder. Conversely, if the model performs poorly, the target difficulty decreases.
This dynamic update mechanism lies at the core of the ACL-PEFT-LLM curriculum adaptation strategy.

T = clip (T + 1. tanhh (. (Ravg = B) ) dmins dmax) 3)

Equation (3) describes the 1, , § should represent the hyperparameters. 1 defined the step size
among adjust the target difficulty and o defined the control sensitivity update and S Is the target reward
level supposed to represent the desired outcome of large deviations. d,in, djmax Should represent the
valid ranges. These bounds are manually specified and derived by the training outcomes.
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3.4 Data Flow Diagram of Algorithmic Framework

Start Training

Domain-Specific Dataset Parameter-Efficient Fine-Tuning
Algorithm
Supervised Samples
Curated LoRA (Low-Rank Adaptation)
Unsupervised Samples Data Prefix Tuning & Prompt Tuning

Fine-Tuning Updates

v \4
(LM Model } »  Fine-Tuned Model |
Fine-Tuning Updates
\4 A\ 4
Adaptive Curriculum Module } #{ Fine-Tuned Model ]

Curriculum Schedule

v Curriculum Schedule \4
Data Curation Module Domain-Specific Tasks
Question Answering
Information Summarization
| Curriculum Schedule Other Domain-Specific Applications
A A
Adaptive Feedback
A 4

Evaluation & Adaptation Module
Performance Feedback
Curriculum Refinement

Adaptive Feedback

.
1L Adantive Feedback

End Training

Figure 3: Data flow diagram for algorithmic framework

The diagram in figure 3 shows the organized training of a domain-specific fine-tuning of a Large
Language Model (LLM) using a mixture of parameter-efficient fine-tuning and adaptive curriculum
learning techniques. The domain-specific dataset is considered the starting point of the process; it
includes supervised and unsupervised samples. The data curation module cleans and processes the data,
which is then passed to the adaptive curriculum module, which adjusts the difficulty level of tasks based
on the model's performance, ensuring a gradual increase in task complexity. It is followed by a
parameter-efficient fine-tuning algorithm, whereby techniques such as LoRA (Low-Rank Adaptation),
Prefix Tuning, and Prompt Tuning are used to update a small number of the model parameters, resulting
in a lower computational cost and at the same time, allowing an efficient adaptation to the particular
domain. The fine-tuning updates generate a model tailored to the presented domain-specific tasks, e.g.,
question answering, information summarization, and other specialized applications. This process
provides the model with adaptive feedback, which is applied to improve the model's performance and
the fine-tuning process. The model is then tested and refined through performance feedback and
curriculum refinement after fine-tuning, so it keeps getting better over time. This enables efficient
domain-specific adaptation through parameter-efficient fine-tuning and adaptive curriculum learning,
allowing the model to perform complex tasks with minimal resource consumption. All processes are
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aimed at achieving optimal fine-tuning of the model and ensuring high performance without
compromising computational efficiency.

3.5 Algorithm-4 For Proposed Methodology

—_

Step 1: Initialize Pre — trained LLM

2. Initialize model (pre — trained LLM)

3. Load tokenizer and pre — trained weights for the model
4. step:2load domain specific dataset

5. load domain specific dataset (supervised and unsupervised samples)
6. split dataset into training, validation and test sets

7. step:3 data preprocessing

8. for each dataset split

9. tokenize and preprocess data using the tokenizer

10. apply padding and truncation to ensure consistent input size
11. step:4 define curriculum stages

12. define curricum stages

13. stage:1 general domain knowledge

14. stage: 2 domain specific but easier tasks

15. stage: 3 advaced and specific domain tasks

16. step:5 Apply parameter ef ficient fine tuning

17. select a parameter ef ficient fine tuning (PEFT) method
18. option: 1 low rank Adaptation (LoRA)

19. Option: 2 Prefix Tuning

20. option: 3 Prompt Tuning

21. step: 6 Adaptive Curriculum learning process

22. for each curriculum stage (stagel — stage 2 — stage 3)
23. set learning rate based on stage

24. fine tune model using current curriculum stateg data
25. train the model for a predicted number of epochs

26. evaluate model performance on validation dataset

27. if stage = stage 1;

28. set learning rate to higher value

29. elseif stage = stage 2

30. set learning rate to medium value

31. elseif stage = stage 3
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32. set learning rate to lower value

33. Intermediate model per formances(accuracy, precision,recall)

34. Evaluate model performance on validation data and logresults

35. step:7 dynamic curriculum scheduling and refinement

36. if model performance improves significantly

37. continue with the next stage of curriculum

38. else provide feedback to adapt training strategy based on performance
39. step:8 Final evaluaion

40. Evaluate the model on the test set

41. calculate final performance metrics (accuracy, F1 score)

42. step:9 save fine tuned Model

3.5.1 Algorithm Explanation

The proposed algorithm (ACL-PEFT-LLM) presents a systematic procedure for fine-tuning a pre-trained
Large Language Model (LLM) using an adaptive curriculum learning strategy and parameter-efficient
fine-tuning (PEFT) methods. The second step is to load a dataset for a specific domain, which includes
both supervised and unsupervised samples, and then split it into training, validation, and test sets. Next
comes data preprocessing, during which each data split is tokenized, and padding and truncation are
applied so that all data provided to the model has the same size. The algorithm then outlines the stages
of the curriculum, which start with general domain knowledge in Stage 1, proceed to domain tasks and
an easier level in Stage 2, and then to more advanced, more specific domain tasks in Stage 3. Step 5: A
PEFT approach among Low-Rank Adaptation (LoRA), Prefix Tuning or Prompt Tuning is chosen and
is intended to explicitly adjust the model and achieve high accuracy without major model re-training.
The learning rate also varies in relation to the stage during the adaptive curriculum learning process: it
is higher in Stage 1 to cover more general knowledge, medium in Stage 2 to cover more specific tasks,
and less in Stage 3 to cover finer aspects of complex tasks. The performance of the model regarding
accuracy, precision and recall is assessed at every level on the validation dataset. In case of an
improvement in performance, the training is continued to the next level, otherwise feedback is provided
to handle the training strategy. Once the curriculum stages are done, the model is last assessed on the
test set, whose performance measures such as accuracy and F1 score are computed. Lastly, the
fine-tuned model is stored to be used in the future. This sequential strategy makes the model go through
easy to complex tasks and dynamically it readjusts itself through performance at any given level thus
maximizing its learning efficiency.

4 Results and Discussion

4.1 Dataset Description

The AIME (Automated Image-to-Text Model Evaluation) dataset is designed to evaluate a set of
automated image-to-text models in a medical context. It includes medical pictures, which are radiology
scans and relevant textual commentaries, including diagnostic reports and radiology results. The best
use of this multimodal data is in activities such as image captioning and producing radiology reports
from medical images, which bridge the gap between image recognition and natural language processing.
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The dataset enables models to be specialized in specific medical fields such as radiology or pathology,
and is hence especially applicable in Stage 3 of adaptive curriculum learning, where the model is
specialized in complex domain-specific tasks. In turn, SQuAD (Stanford Question Answering Dataset)
is a popular dataset for evaluating question answering (QA) models, with reading comprehension as its
primary focus. It includes more than 100,000 pairs of questions and answers across More than 500
articles, with the aim of measuring a model's capacity to answer factual questions given a specific
context paragraph. SQuAD2.0 introduces the feature of unanswerable questions, where not only relevant
information needs to be retrieved but also it is necessary to know that no information is provided. This
renders SQuAD suitable for Stage 2 of adaptive curriculum learning, where the model advances from
responding to simpler questions to more difficult domain-specific ones. Combining the AIME and
SQuAD datasets poses a range of challenges for domain-specific fine-tuning of parameter-efficient
strategies, exposing the model to a variety of challenges, both general understanding and specialized
problem-solving, in fields such as healthcare.

4.2 Difficult Distribution for Different Training Sets Uniform, Skew Difficult, and Skew Easy
Contain 10,000 Samples Using the AIME Dataset
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Figure 4: Uniform distribution for different training sets contains 10,000 samples

The Uniform Distribution Frequency of the various difficulty ranges (Very Easy, Easy, Moderate,
Hard, and Very Hard) for a training dataset of 10,000 samples from the AIME Dataset is shown in the
figure 4. In this distribution, the number of samples in each range of difficulty (0-20 (Very Easy),
20-40 (Easy), 40-60 (Moderate), 60-80 (Hard), and 80-100 (Very Hard)) is equal, and is around 2,000
samples each. This means the samples are well spread across all levels of difficulty, without favoring
easier or more challenging tasks. The homogeneity provides the model with an equal amount of
challenge during training, which can potentially enhance its capacity to generalize to new levels of
difficulty. This data distribution, by ensuring that all difficulty levels are equally represented, is
especially helpful when you want to train a model capable of handling a wide range of input complexities
(not biased toward a single difficulty level). This arrangement can be advantageous in situations with a
high degree of variation in task levels, as the model can adapt to different situations.
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4.3 Skew Difficult Distribution Frequency Different Training Set Contains 10,000 Samples
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Figure 5: Skew difficult distribution frequency different training set contains 10,000 samples

Figure 5 above shows the Skew-Difficult Distribution Frequency for a training set of 10,000 samples
from the AIME Dataset. The bias of this distribution is evident in the difficulty range of Very Hard
(80-100), which has more than 6,000 samples. Conversely, other difficulty ranges, namely, Very Easy
(0-20), Easy (20-40), Moderate (40-60), and Hard (60-80) are much less represented, and there are fewer
than 1,000 samples in each of the former. Such an imbalanced distribution implies that the dataset is
mostly composed of hard tasks, thereby exposing the model to many hard examples. As much as this
arrangement can help models be trained to perform well on hard-to-solve problems, it poses a problem
of underfitting easier tasks, as there are few simpler difficulty samples. When the aim is to optimize the
model's performance on high-complexity tasks, the Skew-Difficult distribution is desirable, though care
should be taken to prevent the model from focusing on simpler tasks. This kind of data is good when the
specialized domain or task is of interest and is, by its nature, challenging and may fail to generalize to
easier and more diverse tasks.

4.4 Skew Easy Distribution Frequency Different Training Set Contains 10,000 Samples
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Figure 6: Skew easy distribution frequency different training set contains 10,000 samples
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Figure 6 shows the Skew-Easy Distribution Frequency for a training dataset of 10,000 samples from
the AIME Dataset. The distribution indicates a large concentration of samples in the Very Easy (0-
20) range, with more than 5,000 samples, and in the Easy (20-40) range, with approximately 2,000
samples. There are progressively fewer samples in the Moderate (40-60), Hard (60-80), and Very Hard
(80-100) ranges, with fewer than 1,000 in each. The data is also highly biased towards simpler tasks, so
that the model will be largely exposed to simpler examples during training. Although such an
arrangement is advantageous for maximizing performance on simpler problems, it can cause problems
when the model encounters more challenging ones, because it has reduced exposure to such examples.
The distribution is especially convenient when optimization for simpler tasks is desired, but may lead to
significant generalization failure in more complex situations. To enhance model performance across a
wider range of challenges, it may be necessary to balance the dataset by including harder examples.

4.5 Software and Hardware Configuration

Table 1: Software and hardware configuration

Category | Details
Hardware Configuration
GPU NVIDIA A100 or V100 GPUs for model training and fine-tuning
CPU High-end processors like Intel Xeon or AMD EPYC for computational overhead
and data preprocessing
RAM 64 GB or more for handling large-scale datasets and model parameters
Storage SSD storage, typically 1TB or more for storing large datasets and model results

Software Configuration
Operating System Linux-based systems (Ubuntu 20.04 or later) for high-performance deep learning

tasks
Deep Learning TensorFlow, PyTorch, Hugging Face Transformers for LLM implementation and
Frameworks fine-tuning
Libraries - CUDA, cuDNN for GPU acceleration - NVIDIA Apex for mixed precision

training - Hugging Face Datasets - Optuna or Ray Tune for hyperparameter
optimization - scikit-learn, NumPy, Pandas for data manipulation and preprocessing
Training Setup Parameter-efficient fine-tuning methods like LoRA, Prefix Tuning, or Prompt
Tuning for optimizing model resources

Table 1 above shows that it proposes a methodology for fine-tuning large language models (LLMs),
which uses a powerful hardware and software setup to maximize computational efficiency and
performance. The hardware will be based on NVIDIA A100 or V100 GPUs, which are essential for
computationally intensive tasks during model training and fine-tuning. High-end Intel Xeon or AMD
EPYC processors support these GPUs by handling the overhead computation and data preprocessing.
The system has 64 GB of RAM, which means it can process large datasets and handle large model
parameters, and 1 TB or more of SSD storage is provided to access datasets and model outputs quickly.
On the software side, the system works with Linux-based operating systems (e.g., Ubuntu 20.04 and
above), providing a stable, high-performing environment for deep learning tasks. The deep learning
models employed are TensorFlow, PyTorch, and Hugging Face Transformers, which are essential for
implementing and fine-tuning LLMSs. The setup also includes some of the main libraries, such as CUDA
and cuDNN, to run applications on a graphics card, NVIDIA Apex to support mixed-precision training,
Hugging Face Dataset to manage data effectively, and Optuna or Ray Tune to optimize hyperparameters.
Also, scikit-learn, NumPy, and Pandas are used to process and manipulate data. Most of the
parameter-efficient techniques used in fine-tuning are LoRA, Prefix Tuning, and Prompt Tuning, which
minimize computational cost while maintaining the same model performance. This architecture
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guarantees that the model can learn effectively from domain-specific datasets, including medical, legal,
and financial domains, and that resource consumption is manageable.

4.6 Parameter Initialization

Table 2: Parameter initialization

Parameter Description Suggested Initialization
Pre-trained Model Pre-trained Large Language Model Load pre-trained model weights (e.g., GPT-3, BERT,
(LLM) TS)
Tokenizer Tokenizer for preprocessing text Load pre-trained tokenizer for the selected LLM
Trainable Parameters to be fine-tuned during the @,n Random initialization or from pre-trained model
Parameters process with low rank values

Stage 1: General domain knowledge (0-30) Stage 2:
Easier domain-specific tasks (30-60) Stage 3:
Advanced domain tasks (60-100)

Stages of the adaptive curriculum

Curriculum Stages .
learning

Rate of learning adjustment for each

Learning Rate (1) stage

Stage 1: 0.001Stage 2: 0.0005Stage 3: 0.0001

Sensitivity to target reward and difficulty

. 0.5 (based on empirical results, can be tuned)
adjustments

Sensitivity ()

Desired performance target for the

Target Reward (f3) model

0.8 (can vary based on task complexity and dataset)

Minimum and maximum bounds for

Difficulty Bounds target difficulty

dmin = 0, dmax = 100 (task difficulty level range)

The table 2 presents the parameterization of the fine-tuning of the pre-trained Large Language Model
(LLM) based on Adaptive Curriculum Learning with parameter-efficient methods. The parameters to be
trained (® and &) can be randomly or low-rank based on the already trained model in order to effectively
fine-tune particular aspects of the model. The learning process is based on a structured curriculum that
is split into three stages: Stage 1 is based on general domain knowledge covering the difficulty range of
0-30, Stage 2 is based on easier domain-specific tasks covering the difficulty range of 30-60, and Stage
3 is focused on more advanced domain tasks covering the difficulty range of 60-100. Learning rate (17)
is also modified: Stage 1: 0.001, Stage 2: 0.0005, Stage 3: 0.0001 so that, initially, the model learns very
fast and then gradually slows down as it gets more capabilities. The sensitivity parameter (s) will be set
to 0.5, based on empirical evidence, and can be adjusted to meet specific training requirements,
regulating the degree to which the target difficulty varies with model performance. The target reward
(B) will be 0.8, which can be adjusted based on the complexity of the task and data. Lastly, the difficulty
limits are set to dmin = 0, dmax = 100 , making the target difficulty feasible for efficient learning. These
starting values will allow a systematic way of fine-tuning the model as it reaches a gradual progress of
performance at different levels of task difficulty.

4.7 Metric Evaluation

Number of correct predictions TP+TN
Total Number of Predictions TP + TN + FP + FN

(4)

Accuracy =

The above equation (4) describes the TP as True Positives, TN as True Negatives, FP as False
Negatives and FN as False Negatives.

885



Adaptive Curriculum Learning for Efficient Domain-Specific G. Srinivasa Raju et al.

Fine-Tuning with Parameter-Efficient Strategies in LLMs

4.7.1 F1 Score

Precision and Recall have a harmonic mean called F1 Score. It also strikes a balance between the two,
giving only one measure of how the model performs in equation (5).

F1s _5 Precision. Recall c
core = "Precision + Recall ®)

4.7.2 Performance Efficiency Trade Off (AER)

AER — Task Score (normalized) ©
" log (Trainable Params * VRAM * Training Time) )

The average score in the dataset (e.g., accuracy, F1 score) is expressed in the form of equation (6)
above. The efficiency metric is called AER (Better), which is the computational efficiency of the model
(e.g., memory usage or training time).

4.8 Model Performance Based on Different Academic Curriculum

Table 3: Model performance based on different academic curriculum

Model Setup Method GSM8K | MATH | Olympiad | Minerva | AMC23 AIME24 | Average
500 Bench Math (Avg@8) | (Avg@?l)
Skew- PPO 69.67 64.60 20.65 12.87 47.50 9.17 37.41
Difficult | ADARFT 74.00 66.40 20.36 15.07 55.00 12.08 40.48
ACL- 78.00 68.25 21.25 18.06 56.00 13.08 42.58
PEFT-
LLM
Uniform PPO 71.95 65.20 21.10 15.81 42.50 6.67 37.20
Qwen ADARFT 74.53 66.20 21.99 14.34 57.50 12.08 41.11
2.5 ACL- 76.85 68.45 23.02 16.25 58.25 18.65 43.25
Math PEFT-
Skew PPO 72.71 67.40 19.17 13.97 45.00 12.50 38.46
easy ADARFT 73.62 66.20 19.91 13.97 55.00 9.17 39.18
ACL- 75.64 68.45 21.25 15.56 58.00 10.15 42.13
PEFT-
LLM
Skew- PPO 89.69 71.20 23.33 23.53 50.00 11.25 44.17
Difficult | ADARFT 90.98 71.40 25.85 22.43 52.50 15.83 46.83
ACL- 92.98 72.25 27.85 24.56 54.56 18.02 48.95
Qwen PEFT-
2.57B LLM
Uniform PPO 89.31 72.40 23.63 25.37 42.50 15.00 44.70
ADARFT 90.14 72.60 24.96 24.26 55.00 14.58 46.92
ACL- 92.16 74.80 26.98 26.46 57.25 16.54 48.99
PEFT-
LLM
Skew PPO 89.39 73.60 23.33 24.26 47.50 13.33 45.07
easy ADARFT 90.14 72.60 25.56 23.16 50.00 14.17 45.94
[22] ACL- 92.16 74.65 26.85 24.18 52.25 16.18 47.96
PEFT-
LLM

The table 3 shows the results of both models Qwen 2.5 Math 1.5B and Qwen 2.5 7B in various
training configurations (Skew-Difficult, Uniform, Skew-Easy) and models (PPO, ADARFT, and
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ACL-PEFT-LLM) on several datasets, such as GSM8K, MATH 500, Olympiad Bench, Minerva Math,
AMC23 (Avg@8), and AIME24 (Avg@S8). On the whole, the outcomes demonstrate that the
Skew-Difficult structure is consistently the most successful, especially for the Qwen 2.5 7B model.
ACL-PEFT-LLM is the most successful, with an average score of 48.95, followed by ADARFT (46.83)
and PPO (44.17). The best performance on the Qwen 2.5 Math 1.5B also occurs with ACL-PEFT-LLM
in the Skew-Difficult setup, with an average of 42.58, which is better than PPO (37.41) and ADARFT
(40.48). The overall performance is generally lower but significantly high in the Uniform setup, with the
performance of ACL-PEFT-LLM rated at 43.25 on average in the case of the 1.5B model and 48.99 on
average in the case of the 7B model. ACL-PEFT-LLM's performance drops slightly in both setups, but
with the 1.5B model, the Skew-Easy setup achieves 42.13, and with the 7B model, the Skew-Easy setup
achieves 47.96. In all configurations and techniques, ACL-PEFT-LLM is always the most dominant in
PPO and ADARFT, and the bigger Qwen 2.5 7B model performs much higher scores in all distributions,
particularly in the Skew-Difficult configuration. This is to indicate that the size of the model and the
training configuration significantly influence the performance, and Skew-Difficult offers more
challenging data, which can be used to enhance the performance of the model.

4.9 Efficiency Comparison of Parameter-Efficient Fine-Tuning Techniques

Table 4: Efficiency comparison of parameter-efficient fine-tuning techniques

Techniques GPU Memory Reduction (%) | Training Time Reduction (%)
ACL-PEFT-LLM 88% 195%
LoRA 85% 175%
Adapters 50% 90%
Prefix/Prompt Tuning 50% 100%
BitFit [21] 25% 45%

Comparison of GPU Memory and Training Time Reduction across Techniques

EEN GPU Memory Reduction (%)
EEE Training Time Reduction (%)

Reduction (%)

Techniques

Figure 7: Comparison of GPU memory and training time reduction across techniques

In figure 7 and table 4 compare the results of the five methods in terms of GPU Memory Reduction
(%) and Training Time Reduction (%) to include ACL-PEFT-LLM, LoRA, Adapters, Prefix/Prompt
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Tuning, and BitFit. The findings reveal that ACL-PEFT-LLM offers the best outcome of reduction in
both the GPU memory (88) and training time (195) which demonstrates that it is the most efficient
methodology in regard to the memory consumption as well as training time. LoRA comes next with an
85% reduction in the memory of the GPU and a 175% reduction in training time, which also proves to
be highly beneficial. Moderate declines in both measures are observed with Adapters and Prefix/Prompt
Tuning, with the former reducing its GPU memory by 50% and the former reducing its training time by
90% and 100% respectively. Finally, BitFit is least affected by reduction in that it has only 25% reduction
in memory of the GPU and 45% reduction in the time of training. Altogether, these findings indicate that
the methods such as ACL-PEFT-LLM and LoRA are quite efficient in optimizing the use of GPS
memory and training time whereas BitFit has rather less advantages in comparison.

4.10 Resource Efficiency Trade Off

To compare the training cost, memory consumption, and trainable parameter referred in the above
table 5 and figure 8

Table 5: Resource efficiency trade off

Method Trainable Params | Peak VRAM | Training Time | Inference latency
(%) (GB) (hrs.) (ms)
ACL-PEFT-LLM 99% 48.2 7.2 210
Full FT 98% 46.2 6.5 220
LoRA 83% 11.8 2.1 240
Adapters 31% 14.3 2.8 250
Prefix Tune 12% 9.7 1.6 270
BitFit [20] 9% 8.2 1.3 230

Efficiency Comparison of Different Methods

EE Trainable Params (%)
E Peak VRAM (GB)

B Training Time (hrs.)
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Figure 8: Energy comparison of different methods

The comparison of the resource efficiency of various methods in terms of the trainable parameters,
peak VRAM utilization, training time, and inference latency is provided in the figure 8 and table 5.
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ACL-PEFT-LLM makes use of 99 percent of the trainable parameters and model peaks at 48.2 GB of
VRAM, training it in 7.2 hours and incurring a latency of 210 ms inference, and is one of the most
resource-hungry. Full FT is close behind with 98% of the parameters, 46.2 GB of peak VRAM and a
slightly lower training time (6.5 hours) and inference latency (220 ms). Adapters and Prefix Tune also
produce significantly reduced trainable parameters of 31% and 12 each with comparatively low training
times (2.8 hours and 1.6 hours, respectively) and higher inference latencies (250 ms and 270 ms,
respectively). BitFit is the least trainable with 9 percent, 8.2 GB of VRAM, 1.3 hours of training time
and 230 ms of inference latency. The comparison between these strategies indicates that LoRA and
Adapters lower VRAM consumption and training time but at the expense of a little greater inference
latency. However, ACL-PEFT-LLM and Full FT are more comprehensive in the training provide, at the
cost of much more resources, in both VRAM and training time.

4.11 Task Performance Comparison of Various Dataset

Table 6: Task performance comparison of various dataset

Method SST-2 Accuracy | SQUADF1 | SQUADEM | CNN/DMROUGE-L
ACL-PEFT-LLM 96.8% 91.5% 90.2% 75.8%
Full FT 94.6% 89.2% 83.1% 41.3%
LoRA 93.7% 88.4% 82.5% 40.7%
Adapters 93.1% 87.9% 81.6% 40.2%
Prefix Tune 91.5% 86.1% 79.4% 39.3%
BitFit [20] 90.2% 83.6% 77.4% 37.1%

Task Performance Comparison across Methods
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Figure 9: Task performance comparison across the various methods
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The comparison of task performance of various methods, on various datasets, such as SST-2
Accuracy, SQuAD F1, SQuAD EM, and CNN/DMROUGE-L, is given in the figure 9 and table 6.
ACL-PEFT-LLM has the best performance, 96.8% SST-2 Accuracy, 91.5% SQuAD F1, 90.2% SQuAD
EM, and 75.8% CNN/DMROUGE-L, which implies that it is the best among all the methods. Full FT is
the next with 94.6% in SST-2 Accuracy and 89.2% in SQuAD F1, yet the results are much lower in
SQuAD EM (83.1%) and CNN/DMROUGE-L (41.3%), which indicates that it is not so efficient in these
domains. LoRA and Adapters are similarly performing, though LoRA is higher in the Accuracy of
SST-2 (93.7) and the F1 of SQuAD (88.4), however, lower in SQuAD EM (82.5) and
CNN/DMROUGE-L (40.7). Prefix Tune and BitFit have a worse overall performance with Prefix Tune
scoring 91.5% in SST-2 Accuracy and 86.1% in SQuUAD F1, and significantly lower on SQUAD EM
(79.4% in Prefix Tune) and CNN/DMROUGE-L (39.3% in Prefix Tune and 37.1% in BitFit). Overall,
ACL-PEFT-LLM has the best results at the time of task performance, especially on SST-2 Accuracy and
SQuAD F1, whereas BitFit has the poorest ones, especially on SQuAD EM and CNN/DMROUGE-L.
It illustrates the complexity-performance trade-off of models, where more complex models such as the
ACL-PEFT-LLM can work better on all the tasks, whereas simpler models, such as the BitFit, can
demonstrate fewer abilities.

4.12 Accuracy Efficiency Ratio

Table 7: Accuracy efficiency ratio

Method Avg Task Score | AER (Better)
ACL-PEFT-LLM 0.99 5.12
lIoRA 0.91 4.82
Adapters 0.89 4.12
Prefix Tune 0.85 4.68
BitFit 0.81 5.10
Full FT [21] 0.94 2.01

The table 7 provides the comparison of the performance of various methods according to two metrics:
Average Task Score and AER (Better). The best Avg Task Score of 0.99 and AER (Better) of 5.12 of
ACL-PEFT-LLM shows a high level of performance in terms of working with the tasks and efficiency
in managing the data. LoRA has a good Avg Task Score of 0.91 and AER (Better) of 4.82 with only
modest performance though slightly less efficient than ACL-PEFT-LLM. Adapters and Prefix Tune have
fairly good performance in terms of Avg Task Scores of 0.89 and 0.85, respectively, though AER (Better)
scores are significantly lower (4.12 in both cases), indicating a lower level of efficiency than both LoRA
and ACL-PEFT-LLM. BitFit has a comparable Avg Task Score of 0.81 and AER (Better) of 5.10 that is
similar to ACL-PEFT-LLM, but its performance is relatively low as compared to the others in terms of
task score. Full FT records the lowest Avg Task Score of 0.94 but extremely low AER (Better) of 2.01
implying that it is scoring higher in tasks, but its effectiveness in dealing with tasks is far much less than
the other techniques. Overall, it can be seen that ACL-PEFT-LLM is the most balanced and efficient
technique and has higher task performance and efficiency than Full FT, which has a good task score and
lower efficiency.

890



Adaptive Curriculum Learning for Efficient Domain-Specific G. Srinivasa Raju et al.
Fine-Tuning with Parameter-Efficient Strategies in LLMs

4.13 Ablation Study Analysis

Table 8: Ablation study results for ACL-PEFT-LLM and comparison with alternative models and

configurations
. Training Time | GPU Memory F1 Inference
Configuration Accuracy (hrs.) (GB) Score Latency (ms)
Full MOdIejL(ﬁ)CL'P EFE1 9680 7.2 48.2 96.2% 210
No Curriculum Learning 93.5% 7.5 50.1 93.0% 220
No PE?EH(;‘;] Fine- 94.6% 12.0 75.0 94.1% 240
No A‘K‘gjt:lvsf Hll)e ‘Iffm“lty 94.2% 8.0 50.5 93.5% 230
LoRA Only 94.0% 2.1 11.8 93.7% 240
Prefix Tuning Only 91.5% 1.6 9.7 91.0% 270
Prompt Tuning Only 92.0% 2.5 12.0 91.5% 260

The table 8 of ablation study compares the performance of ACL-PEFT-LLM using different
configurations and it is possible to note the trade-off between the accuracy, training time, GPU memory,
F1 score and the inference latency. The Full Model (ACL-PEFT-LLM) has the best accuracy (96.8) and
F1 score (96.2) and also has a reasonable training time (7.2 hours) and GPU memory consumption
(48.2 GB), which denotes a balanced performance-efficiency trade-off. By contrast, No Curriculum
Learning leads to minor accuracy (93.5%) and F1 score (93.0%) loss because of the absence of a
systematic development of tasks, whereas No PEFT (Full Fine-Tuning) has 94.6% accuracy, but takes
much longer (12 hours) and uses more memory on the GPU (75.0 GB), indicating that the method is
rather inefficient. The No Adaptive Difficulty Adjustment setting demonstrates a slightly deteriorated
performance with accuracy of 94.2 and F1 score of 93.5, indicating that the dynamically changing the
difficulty of a target is helpful in fine-tuning. The main benefit of LoRA Only is its efficiency, which
requires only 2.1 hours of training and 11.8 GB of GPU memory, but has 94.0% of accuracy and 93.7%
of F1 score, demonstrating that with finely-tuning, resource consumption can be significantly lower and
still have high performance. The most efficient training time (1.6 hours) and GPU memory (9.7 GB),
however, comes with less accurate (91.5) and F1 score (91.0), which shows the trade-off between
efficiency and performance. Prompt Tuning Only balances efficiency on training and model
performance, but at a slightly lower accuracy and F1 score than LoRA. In general, ACL-PEFT-LLM is
the most suitable solution because of its high accuracy, F1 score, and computational efficiency, and
LoRA is the most efficient in terms of computational power.

5 Conclusion

The ACL-PEFT-LLM model is an effective model that combines Adaptive Curriculum Learning (ACL)
and Parameter-Efficient Fine-Tuning (PEFT) approaches to address the limitations of computational
inefficiency in domain-specific fine-tuning of Large Language Models (LLMs). This mixed method
allows the model to evolve over time to complicated tasks by using a minimum number of resources.
Using both ACL, which raises and lowers task difficulty according to the changing model performance,
and PEFT techniques such as LoRA, Prefix Tuning, and Prompt Tuning, the model drastically lowers
the amount of GPU memory and training duration and yet still performs well. ACL-PEFT-LLM is more
efficient and can reach higher accuracy and F1 score (96.8 and 96.2 respectively) than other models such
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as LoRA, Prefix Tuning, or Adapters though are more efficient. The model also provides an
Accuracy-Efficiency Ratio (AER) of 5.12, the value that reflects the tradeoff between the performance
and the computational efficiency of the model. ACL-PEFT-LLM is more scalable and efficient than Full
Fine-Tuning (Full FT) which is resource-intensive due to the fact that Full FT requires fine-tuning of
domain specific models. The main strengths of ACL-PEFT-LLM are its high performance, its ability to
resourcefully utilize resources, versatility to domain-specific tasks, and ability to scale to
resource-constrained settings. The next step in the evolution of this method might be the optimization
of more LLM architectures, the development of new PEFT approaches, and the introduction of
multi-task learning and continuous learning methods that will allow for the optimization of the fine-
tuning process and make the model more adaptable to a greater variety of real-world tasks.
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