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Abstract

Accurate power load forecasting is vital for grid stability. Traditional models struggle with complex nonlinearities, while
adapting Large Language Models (LLMs) to time-series data faces modal alignment challenges. This paper proposes
Prompt-TSF, a framework employing prompt learning and two-stage fine-tuning for multivariate forecasting. We utilize a

high-frequency dataset of load and weather variables from Quanzhou, China. A custom tool transforms numerical data into
natural language prompts, bridging the modal gap and enriching context. Furthermore, a unique two-stage fine-tuning
strategy trains the LLM first on domain knowledge and formatting, followed by specific predictive regression. Experiments
demonstrate that Prompt-TSF significantly outperforms traditional forecasting methods.
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1. Introduction

In the context of the “peak carbon and carbon neutrality”
strategy, it has become a core national policy to build a
new power system mainly based on new energy. The
importance of accurate load forecasting as a key
technology to support the stable operation of the system
and the efficient operation of the market is self-evident.
However, the intermittency of large-scale renewable energy
sources and the complexity of customer-side loads have
posed unprecedented challenges to the accuracy and
generalization ability of existing forecasting models [1].
To address these challenges, researchers have proposed a
variety of advanced models based on deep learning. For
example, Informer [2] and Autoformer [3] dealt with the
long sequence dependency problem by designing
innovative attention mechanisms; DLinear [4] went the
other way around and proved that simple linear models
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can outperform complex Transformer structures in
some scenarios as well; and PatchTST [5] introduced the
idea of patching the time series (Patching) idea and achieved
excellent performance in several benchmark tests. Despite
the excellent performance of these models on benchmark
datasets, they still share common limitations: firstly, the
knowledge is isolated and the models are completely
dependent on the input numerical data, and are unable to
utilize the outside world knowledge or the domain textual
information for inference; secondly, the models are poorly
generalizable, and it is difficult to flexibly migrate or
adapt these complex structures, which are designed for a
specific task, to the requirements of a new task with a
textual description.

Large language models provide a new paradigm to
overcome the above limitations with their powerful
contextual understanding and reasoning capabilities.
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However, applying LLMs to time series forecasting still
faces the core obstacles of multimodal disparity and task
adaptation. To address this issue, this paper proposes an
innovative Prompt-TSF model for power market time-
series forecasting based on prompt learning and two-stage
fine-tuning. The framework constructs a new and accurate
multidimensional power load dataset, which integrates two
years of high-frequency power load data and related
meteorological data from a city in southern China, and
proposes a set of customized cue-word conversion script
tools to “textualize” the original multidimensional
numerical time-series data into LLMs, and then
transforms the original multidimensional numerical time-
series data into LLMs. At the same time, we propose a
set of customized prompt conversion script tools to
“textualize” the raw multidimensional numerical time-
series data into natural language prompts that are easy to
understand and process by the LLM and rich in contextual
information, which provides a high-quality real-world
corpus for the study. Based on this, our approach conducts
model training through a systematic step-by-step process.
In the first stage, we focus on time series data alignment,
which familiarizes the LLM with the intrinsic patterns of
time through patch-based processing of continuous load
series and performing autoregressive supervised fine-tuning.
In the second phase, we perform “downstream prediction
task fine-tuning”, which utilizes the efficient Low Rank
Adaptation (LoRA) technique [6] and focuses on improving
the model’s accurate regression capability on specific
prediction tasks by incorporating meteorological data and
market-specific application scenarios through Prompt
Engineering. The proposed power market time-series
forecasting model, based on prompt learning and two-stage
fine-tuning, effectively bridges the modal gap between time
series data and large language models and realizes the deep
integration of domain knowledge and data-driven through
efficient fine-tuning and Prompt Engineering, which
provides a new and efficient paradigm for the
application of LLM in the field of power system
forecasting.

2. Related Work

This section aims to provide a comprehensive review of
the theoretical foundations and cutting-edge technologies
relevant to the research presented herein. To clearly
demonstrate the innovation and necessity of our proposed
large language model-based power market forecasting
framework, this literature review will focus on four core
areas: First, we explore the cross-modal knowledge
alignment capabilities of large models, which form the
theoretical cornerstone for applying LLMs to purely
numerical time series tasks. Second, we systematically
review common techniques in the field of power load
forecasting to clarify the strengths of existing methods and
the challenges that remain to be addressed. Next, we delve
into efficient fine-tuning and alignment techniques for large
language models, which are crucial for adapting pre-
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trained models to specific domain tasks. Finally, we focus
on the emerging research direction of directly applying
large language models to time series forecasting, analysing
its latest advancements and existing limitations. Through
this systematic review of these domains, this chapter will
establish a solid theoretical and practical foundation for
the subsequent proposed methodology.

2.1. Model Cross-modal Knowledge
Alignment Capabilities

In recent years, large language models have made significant
breakthroughs in the field of natural language processing
(NLP), e.g., models such as GPT-4, PaLM, and ChatGLM
have demonstrated near-human level performances in text
generation, question answering, and reasoning tasks [7].
However, real-world information covers a wide range of
forms such as text, images, audio, video, etc., and is
inherently multimodal. How to equip large language
models with cross-modal knowledge alignment capability
to understand and correlate the semantic information
between different modal data has become an important
research direction in the field of artificial intelligence.
Meanwhile, the importance of cross-modal knowledge
alignment is not only reflected in its ability to extend
the application scenarios of models (e.g., visual Q&A,
audio subtitle generation), but also in its ability to
enhance the generalization of the models in complex tasks,
such as combining medical images and clinical reports in
medical diagnosis, or realizing interactive learning with
illustrations and text in the field of education [8].

The core challenge of cross-modal knowledge alignment
lies in inter-modal heterogeneity. For example, in a power
market environment, loads in a power grid are represented
as continuous signals, while linguistic textual data has
discrete and symbolic features. Traditional approaches
typically rely on hand-designed feature extractors (e.g., SIFT
for images, MFCC for audio) and shallow alignment
models (e.g., Typical Correlation Analysis CCA), but
these methods struggle to capture high-level semantic
relationships [9]. In terms of cross-modal representation
learning, early work such as DeViSE [10] proposed methods
for mapping images and text into a shared semantic space
to achieve cross-modal retrieval via linear transformations.
With the development of deep learning, neural network-
based representation learning techniques (e.g., Transformer
architecture) provide new solutions for cross-modal
alignment. For example, CLIP (Contrastive Language-
Image  Pretraining) achieves  zero-sample image
classification by mapping images and text to a shared
embedding space through contrast learning [11].
Subsequently, models such as UNITER [12] and
VIiLBERT [13] introduced a multimodal Transformer
architecture to achieve deep inter-modal fusion through
joint training. Similarly, models such as Florence and
Kosmos further push the boundaries of cross-modal
alignment through generative pre-training (e.g., diffusion
model-based image generation) [14]. The success of these
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models suggests that the introduction of pre-training
techniques significantly improves the performance of
cross-modal alignment. A well-chosen pre-trained model,
combined with fine-tuning, can be effectively adapted to
specific tasks.

2.2. Commonly Used Technologies in the
Field of Power Load Forecasting

With the transformation of the global energy structure
and the rapid development of the smart grid, the
importance of research and application of power system
planning and operation technology has gradually come to
the fore. Power load forecasting is the core link of power
system planning and operation, and its accuracy directly
affects the economic scheduling, equipment maintenance
and energy resource allocation of the power grid. The
traditional power system relies on fossil energy sources,
and the load curve is relatively stable and less difficult to
forecast; however, with the large-scale grid integration of
renewable energy sources (e.g., wind power,
photovoltaic), the volatility and uncertainty of the load
curve increase significantly. Studies have shown that every
1% reduction in forecasting error can save millions of
dollars for the power system [15]. Therefore, the
development of highly accurate load forecasting models has
become a common focus in both academia and industry.

The techniques used for power load forecasting have
evolved from early statistical methods to today’s deep
learning models, and methodologies have been constantly
innovated, but still face challenges such as data
heterogeneity and model generalization [16]. Their
development can be divided into three stages: traditional
statistical methods, machine learning methods, and deep
learning methods. Traditional statistical methods such as
linear regression and time series models—for instance, the
Autoregressive Integrated Moving Average (ARIMA)
model—rely on linear assumptions of historical data and
are difficult to capture nonlinear features [17]. A simple
linear regression model can be expressed as:

yt=p0 + B1x1, t+f2x2, t+---+Pnxn, t+et (D

where yt is the load at time t, B0 are the coefficients, xjt
are the feature values, and et is the error term. The
ARIMA model, incorporating autoregressive and moving
average components, is formulated as:

b
<1 -> (DiBi> 1 - B)ly,
i=1

q
=C+<1+ BJB‘]>8t
j=1

where B is the backshift operator, @; and 6; are
parameters, p and q are the orders of autoregression and
moving average, d is the degree of differencing, and c is a
constant.

Machine learning methods (e.g., Support Vector
Machine (SVM), Random Forest) improve prediction
accuracy through feature engineering, but have limited
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ability to handle high-dimensional time series data[18]. In
recent years, deep learning techniques (e.g., LSTM,
Transformer) have become mainstream methods for load
forecasting due to their powerful nonlinear modelling
capabilities. The core mechanism of an LSTM cell
includes:

fi = o(We - [he_q, %¢] + bp) 3

_ it = o(W; - [he_g, x¢] + by) “4)
C; = tanh(W, - [h¢_y, %] + b) (5)
Ce=f * Co_q +ip * G ©)

0¢ = 6(Wo * [hi—1, %] + by) (7
h; = o, * tanh(C,) ®)

where ¢ denotes the sigmoid function, and *represents
element-wise multiplication.

For example, Google DeepMind reduced the wind
power prediction error by 20% using LSTM models.
Inspired by the success of large language modeling
techniques applied in multiple domains, the Transformer
model has also shown significant potential. It relies on
the self-attention mechanism:

QK" (€))

Attention(Q,K,V) = softmax(—d)V
K
where Q, K, and V are the query, key, and value matrices,
respectively. The Transformer architecture can capture
long-range dependencies similarly to LSTMs, while also
handling long texts, understanding complex contexts, and
supporting multi-task learning, which has a promising
future in dealing with data prediction in power system
scenarios.

2.3. Fine-tuning for Large Language Models

Model alignment through fine-tuning is the process of
adapting a pre-trained model’s internal parameters to meet
specific task objectives [19]. For example, adapting to
specific application scenarios, reducing model errors,
mitigating biased outputs, etc [20].

The techniques involved in fine-tuned alignment can
usually be categorized into two types: supervised learning
and reinforcement learning. Supervised learning uses
labelled datasets to retrain pre-trained models. Labelled
datasets are usually in text format and contain content
that needs to be learned and fine-tuned by the model
[21]. In supervised fine-tuning, the objective is typically
to minimize a loss function such as cross-entropy over
the labelled dataset:

i (10)
Lspr(0) = _E(x,y)~D[Z log pe(yilx, y<)]
t=1
where x denotes the input, y = (y4,y,, -, yr) is the target
sequence, 0 represents the model parameters, and D is the
labeled dataset.

Reinforcement learning (RLHF, or “Reinforcement
Learning Based on Human Feedback™) has a relatively fixed
process [22]. First, the model is asked to answer a specific
question. The model gives multiple alternative answers
as required. Then, human workers are asked to rate and
rank the model’s output. Finally, the model makes its
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output better match expectations by learning human
preferences. This process can be formalized as optimizing
the following reward function via reinforcement learning
(e.g., using Proximal Policy Optimization):

max {]EX~D,Y~P9(‘\X) [rox. 7] B

- Dxe.(Po (y1%) 1| Po,, (y1))}

(11)
here, ry(x,y) denotes the reward model (trained from
human feedback), Dy; measures the Kullback-Leibler
divergence between the fine-tuned policy Pyand a
reference pre-trained model Py . , and B is a
hyperparameter controlling the deviation from the base
model.

Comparing these two approaches, it is easy to see that in
the prediction scenario of time-series data, supervised
learning is more suitable for dealing with textualized
labelled data (input-output pairs) and learning the features
of the data from this mapping to achieve prediction. The
supervised paradigm directly leverages sequential
supervisory signals, such as predicting the next time step
given previous observations:

P(yelx<t) = fo(X1, X2, X¢o1) (12)
where fg is the predictive model, and the goal is to
accurately estimate future values yt based on historical

data x¢.

2.4. Time Series Prediction for Large
Languages

Currently, time series prediction for large language
models is still in its infancy, and by analysing the papers
in the field, technical approaches can be broadly categorized
into two types based on whether the large model’s
parameters are frozen. One is not to freeze the internal
parameters of the large model, and fine-tune the model
parameters for prediction based on the prompted time
series [23]; one is to freeze the large model, modify only
the input and output layers of the model, and use the cross-
attention mechanism to train the input layer parameters to
align the time series data with the text data [24]. By
comparing these two methods, we find that the method of
freezing the big model does not shift the model’s attention
to the time series data, but transforms the time series data
into textual representations with information about the
data changes, and the big model does not really
understand the changes in the data itself. This approach
essentially uses the model as a mere output generator,
leveraging only its external interface. In order to shift the
model’s attention to the time-series data, it is still
necessary to fine-tune the parameters inside the model.

3. Methodology
To address the multimodal disparity and task adaptation

challenges of applying LLMs to power load forecasting, we
propose a systematic two-stage adaptive fine-tuning
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framework. As shown in Figure 1, the core idea of the
framework is to first force the LLM to learn the intrinsic
representations of time series through an autoregressive
generative task, and then focus its capability on accurate
forecasting through a regression task incorporating domain
knowledge. The framework consists of a first phase:
supervised generative fine-tuning for Representation
Alignment and a second phase: downstream task fine-
tuning for Regression Forecasting.

Forecasted time series Accurate Load Forecasting
Add & Layer Nom Output Layer Flatten+Output Layer+RevIN(denorm)
¥
Feed Forward I
§
t
Add & Layer Norm Pretrained LLM + LoRA Pretrained LLM + LoRA
Attention
o] R - — e .
Encading | | Encoding | | _Encoding ! Ercodeng ncodin

WoLloRA W, LoRA W,

Hidden States

Head

Time—series Patching and Embedding

) HJ
X, (A N Ea¥
(A AT (

(1) SFT for Representation Alignment

{2} DFT for Regression Forecasting

Figure 1. Systematic two-stage adaptive fine-tuning
framework

3.1. Phase 1: Supervised Generative Fine-
Tuning for Representation Alignment

The goal of this phase is to reshape LLM from a natural
language processor to a time series pattern comprehender.
We design a “time-series patch to discrete codebook token”
generation task and utilize the SFT paradigm to train the
LLM to learn the basic distributional and dynamic
properties of time-series data.

3.1.1. Time-series Patching and Embedding

The power load sequence is not irregular random noise,
but consists of a large number of pattern units with local
semantics. Dividing the sequence into patches is
equivalent to discretizing these continuous pattern units,
so that their structure is similar to the “vocabulary” or
“phrases” in natural language. This allows LLM to
utilize its powerful ability to process discrete token
sequences to capture these local dynamic patterns with real
meaning, rather than processing seemingly meaningless
floating-point numbers individually. Consider a univariate
power load time series processed by reversible instance
normalization (RevIN) [25]. x = {X;,Xp, ..., X7} € RT |
where T is the total length of the sequence. We first
partition it into N patches (patches) [5] of length P and
step size S, constituting the patch sequence. P =
(P1,---,Pn) » Whichp; € RP . To input these numerical
patches into the embedding space of the LLM, we use a
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learnable linear projection layer W, € RP*dmodel | Map
each patch to a hidden dimension of the model:
e; = Linear(p;; Wproj) = pinroj (13)
In order to preserve the crucial timing information,
we introduce a learnable positional encoding PE €
RNmaxXdmodel The final patch input hj to the LLM is
represented as:
hi :ei+PEi (14)
As a result, the raw timing data is converted into an
embedded sequence suitable for LLM processing.

3.1.2. Time-series Quantization and Discretization
In order to unify the fine-tuning tasks in this phase under
the generative paradigm of LLM (i.e., predicting discrete
tokens), we introduced the Vector Quantization (VQ)
technique [26]. We constructed a learnable codebook C =
{ci, .., cy} C RP , which contains V code vectors
(codewords), each having the same dimension as the patches.
For any time series patch, the quantization process can be
defined as:

Qpy) =arg min_ |Ip; — 13 (15)
This operation returns the index in the codebook (i.e.,
token ID) of the code vector with the closest Euclidean
distance to the patch pj. With this operation, a sequence of
consecutive patches is converted into a sequence of
discrete token IDs Z = (z4, ..., Zy) , which z; = Q(p;).

3.1.3. Supervised Fine-Tuning with Causal
Language Modeling Objective

We formulate the first stage of SFT as a Causal
Language Modeling (CLM) task [27]. Given a sequence
of historical patches (p, ..., pr.)With a context window of
length L, the goal of the model is to predict the discrete
token ID z;,, corresponding to the next patch py 4.

0 is set as a trainable parameter in the LLM. The model
Mg receives as input the embedded sequence Hy. =
(hy,...,hy) of historical patches and outputs a
probability distribution over the entire discrete vocabulary
(V codebook tokens). For the j th possible token, its
predicted probability is:

P(z; = j|Hy.L; 6) (16)
= Softmax(Linear(Mg(H;.1,));)
where Mg(H;.;) is the output logits of the model at time
step t.

The training objective in this phase is to minimize
the negative log-likelihood, i.e., the standard Cross-
Entropy Loss (CEL). For a dataset Dgprq containing M
training samples, the total loss function is:

Lsrr1(0) _ (17)

M Nj
- _Z z lng(Zt(l)lHt(l—)L:t—ﬁe)

i=1 t=L+1
The model learns the conditional probability
distribution P(pt |pt—L,...,pt—1) of the time series t by
minimizing this loss, thus implicitly capturing its
complex dynamics.

2 EA

3.2. Phase 2: Downstream Task Fine-tuning
Towards Regression
Prediction

After the model has acquired a basic understanding of time
series, the goal of this phase is to focus its capabilities on
high-precision, multivariate regression prediction tasks
and to integrate knowledge related to the power domain
to improve model precision and generalization.

3.2.1 Multimodal Input Construction via Prompt
Engineering

The ability of LLMs to understand and generate
language is highly dependent on input design, specifically
prompt engineering. Prompt serves as a bridge between
users and models and directly determines the quality and
relevance of the model output. For example, OpenAl’s
GPT series of models can achieve zero or few-sample
learning without additional fine-tuning through well-
designed Prompts [28]. Prompt design often relies on
human expertise, such as using templates like “Question:
Q Answer:” to guide the model in Q&A tasks. During
the initial pre-training phase, LLMs are trained on large
amounts of textual data to learn how to generate coherent
sentences, understand the context, recognize linguistic
patterns, and so on. The training phase usually uses massive
unlabelled data, which can be books, articles, web
content, etc. After the base model has been trained, fine-
tuning is the process of further training the model on a
specific task or domain. Fine-tuning usually uses smaller,
labelled datasets to enable the model to perform better on
specific tasks (e.g., sentiment analysis, translation, Q&A,
etc.). Thus, clear instructions and task-specific prompt
design ensure that the model understands the requirements
and generates high-quality output that meets the
requirements based on the given task needs and context,
reducing unnecessary training complexity.

Converting power load time-series prediction into a
language generation task is crucial for applying LLMs to
data prediction. This addresses the modal gap between
continuous time-series data in power load forecasting and
the discrete token space inherent to LLMs. Discrete
Prompts take the form of readable text (e.g., “Please
summarize the following article: text”) and leverage
natural language interpretability [29]. This discrepancy
makes LLM unable to accurately perform disambiguation
operations on temporal data. For this reason, this
experiment transforms the raw time-series dataset of power
loads into textual descriptions.

We construct the forecasting task as a context-rich
question-and-answer format. In addition to the historical
load series xhist, we also introduce a contemporaneous
multidimensional sequence Whist = {wl,...,w[L } of
meteorological features, where wt is a vector of
meteorological features at time step t. The query
component provides essential information for the
forecasting task. Meanwhile, we design a structured
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Prompt Template to textualize and encapsulate all the
information:
Input Text (18)
= Tprompt (Context, Task, Wh;s)

This format seamlessly integrates numerical data, task
instructions, and domain context, allowing LLM to reason
in richer contexts. Table 1 illustrates the template used to
transform the time-series data prediction task into a text
generation task. The template can be roughly structured
into two parts: input prompts and output prompts. The
input prompt contains both instructions and input parts.
The instruction part is used to create the linguistic
environment of the power market for the large model, to
distract the attention of the large model, and to prompt
the large model that the current time series data
prediction task needs to refer to the relevant information
of the power market. In this experiment, the instruction
part is the same text in all the data. The input section
details the external environment and power load
conditions during the time period t() and specifies the task
objective: predicting the power load for the subsequent 10
time periods. It contains information such as historical
power load, minimum temperature, maximum
temperature, average temperature, humidity, rainfall, etc.
The output section provides the predicted grid load for
the next ten time periods according to the task
requirements.

3.2.2. Parameter-Efficient Fine-Tuning via LORA
In real power system applications, specialized prediction
models need to be trained for different regions, seasons,
or user types. The cost would be huge if full-parameter
fine-tuning is performed every time. The incorporation of
LoRA enhances the framework’s flexibility and
scalability. Therefore, we employ the LoRA technique [6]
for computationally efficient fine-tuning. By introducing
low-rank matrices at each Transformer layer to adapt to
downstream tasks, rather than updating all weights, the
number of trainable parameters is significantly reduced,
greatly improving computational efficiency and reducing
overhead.

For any of Transformer’s pre-trained weight matrices
W, € R™K in LLM, we introduce two low-rank trainable
matrices A € R and B € R™K | where rank r «
min(d, k). In forward propagation, the operations on the
inputs x;, are modified as follows:

1

hout = WoXin + oc;BAxin (19)
where atis a scaling constant. During training, the huge
matrix W, is frozen and only the parameters of the low-
rank matrices A and B are updated. This allows us to
achieve comparable or even better performance than full
parameter fine-tuning with only a very small number of
parameters, which is well-suited for power load forecasting
task scenarios.

3.2.3. Regression Prediction and Loss Function
In practical power system operations, large prediction
deviations can cause grid frequency instability or even
large-scale blackouts, which are far more critical than
minor prediction errors. Therefore, we select MSE as the
regression loss function. We take the final hidden state
vector hgpa € RYmodel obtained after processing the cue
text by LLM and directly map it to the predicted load
values § € RM for the next H time steps by a simple linear
regression header Wy, € RdmoderH.
y= hfinalwreg (20)
The objective of fine-tuning in this phase is to minimize
the Mean Squared Error (MSE) between the forecasted
value § = (¥4, ..., ¥y) and the true future load value y =
(Y1, -, yu)- The loss function is defined as:
P& 1)
Lprr(BLorAs Oreg) = ﬁZ(Yi -V
i=1

L 2
=g Iy = yliz
where 014ra and B,¢g represent the trainable parameters of
the LoRA adapter and regression header, respectively. In
the inference phase, the predicted values ¥ are restored to
the original data scale through the inverse process of
RevIN for better fine-tuning.

Table 1. Prompt templates for time series prediction

Category Template

Example

Input Prompt Instruction You are an expert in power data ~ You are an expert in power data
prediction. Here is a description  prediction. Here is a description of the
of the power load. Please predict  power load. Please predict the power

the power load for the next
[period] based on the
comprehensive data of the

previous [period].

load for the next 10 time points based
on the comprehensive data of the
previous 10 time points.

Input The current time period is from  The current time period is from 19:00

[start time] to [end time]. The
minimum temperature is [min
temp] degrees, the maximum
temperature is [max temp]
degrees, the average temperature

on January 2, 2016 to 4:00 on January
3, 2016. The minimum temperature is
20 degrees, the maximum temperature
is 13 degrees, the average temperature
is 16 degrees, the relative humidity is

is [avg temp] degrees, the relative 59%, the rainfall is 0 mm, and the
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humidity is [humidity]%, the

power load is 6180.0, 6100.0, 5916.0,

rainfall is [rainfall] mm, and the 5418.0, 4622.0, 3998.0, 3738.0, 3583.0,

power load is [load values].

3484.0, 3426.0. Please predict the

Please predict the power loads for power loads for the next 10 time

the next 10 time periods.
The predicted power load for the The predicted power load for the next

Output Output

Prompt next 10 periods is [predicted

values].

4. Experiment

This section is divided into two main parts. First, we detail
the experimental settings and implementation, including
the pre-processing of data, construction of prompts,
evaluation metrics, baselines, the fine-tuning environment
construction of LLM based on LLaMA-Factory, and the
setting of fine-tuning and training parameters. Secondly,
we demonstrate the superiority of our method through
comparisons between LLMs and traditional models.

4.1 The Settings and Implementation of the
Experiment

periods.

10 periods is 3442.0, 3593.0, 4188.0,
6255.0, 7027.0, 7299.0, 7178.0, 5557.0,
5986.0, and 6994.0.

Data pre-processing. Data were collected from a city
power grid in southern China (Quanzhou), which
includes two years of power load, temperature,
humidity, rainfall, and other information. Part of the data
is shown in Table 2. 10,5000 data points were collected at
15-minute intervals. As shown in Table 3, in order to
overcome over-fitting and to improve the generalization
ability and stability of the model, we take the average of
4 data within one hour and make the data frequencies
change to 1 piece per hour. This processing not only
reduces training time but also enables the model to learn
from a more appropriate temporal scale, thereby
improving prediction performance.

Table 2. Power load datasets for a certain place in the south China from 2016 to 2018, with one data point
every 15 minutes, including temperature, humidity, rainfall, and other information

Times Power Grid Maximum Minimum Average Relative Rainfall
Load Temperature (°C) Temperature (°C) Temperature (°C) Humidity (mm)
2016/1/1 3967.259968 19.5 12.1 15.8 63 0
0:00
2016/1/1 3859.196416 19.5 12.1 15.8 63 0
0:15
2016/1/1 3759.877696 19.5 12.1 15.8 63 0
0:30
2016/1/1 3669.973024 19.5 12.1 15.8 63 0
0:45
2016/1/1 3563.567968 19.5 12.1 15.8 63 0
1:00
2016/1/1 3497.436736 19.5 12.1 15.8 63 0
1:15
2016/1/1 3409.991392 19.5 12.1 15.8 63 0
1:30

Table 3. The comparison between data before and after process.

Collection Collection
Period Frequency

Original ~ From 2016/01/01 1 piece/15 mins From 2016/01/01
2018/02/06 2018/02/06 To 2018/09/10 To

Data To 2018/12/31 To

73500 Pieces

Training Set

Validation Set Test Set Total
From From 105000 Pieces

2018/09/10 2018/12/31
21000 Pieces 10500 Pieces

Data From 2016/01/01 1 piece/hour From 2016/01/01
after To 2018/12/31 To
Process 18375 Pieces

From 2018/02/06 From 2018/09/10 26250 Pieces

2018/02/06  To 2018/09/10 To  2018/12/31

5250 Pieces 2625 Pieces
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Construction of prompts. Fine-tuning an LLM
requires constructing textual prompts. The basic prompt
structure includes task description, context, query, and
response. Based on the power load forecasting
requirements and the prompt structure described in the
Methodology section, we constructed prompts for
redirecting LLM attention and downstream fine-tuning
tasks, as shown in Tables 4 and 5.

Table 4. The prompt used to redirect the
LLM’s attention

Input Output
3814.0 3454.0 3208.0 3050.0  3242.0 3335.0 3063.0 2856.0
2932.0 2853.02792.02718.0  2813.02860.0 3036.0 3310.0
2786.0 3040.0 3771.03739.0

Table 5. The prompt used for downstream fine-tuning
tasks.

You are an expert in power data
prediction. Here is a description of the
power load. Please predict the power
load for the next 10 time points based
on the comprehensive data of the
previous 10 time points.

Instruction

Input The current time period is from 19:00 on
January 2, 2016 to 4:00 on January 3,
2016. The minimum temperature is 20
degrees, the maximum temperature is 13
degrees, the average temperature is 16
degrees, the relative humidity is 59%, the
rainfall is 0 mm, and the power load is
6180.0, 6100.0, 5916.0, 5418.0, 4622.0,
3998.0, 3738.0, 3583.0, 3484.0, 3426.0.
Please predict the power loads for the
next 10 time periods.

Output The predicted power load for the next 10
periods is 3442.0, 3593.0, 4188.0,
6255.0, 7027.0, 7299.0, 7178.0, 5557.0,
5986.0, and 6994.0.

In our experiment, we set the sliding window size to
10. Given the power load from t( to t9, we asked the large
model to predict the load from t1( to t19. The data used to
redirect the LLM’s attention consisted of 10,000 data
points, divided into training, validation, and test sets in a
7:2:1 ratio. The data used to fine-tune the pre-trained LLM
for downstream tasks consisted of 30,000 data points,
also split into a training, validation, and test set ratio of
7:2:1.

Evaluation metrics. Three evaluation criteria are
used in this experiment to evaluate the prediction results
of the power load forecasting model: mean absolute error

(MAE), mean absolute percentage error (MAPE), and root
mean square error (RMSE), as shown in Equations (22)-
(24).

13 . (22)
MAE=HZ| Y=yl
i=1
. 23
MAPE =131 %71 1 100% @)
n5 i
; (24)

1 )
RMSE = |=>"(v,-3,)

n'g

Baselines. To establish an accurate, reliable, and
convincing benchmark for LLMs, we select traditional
forecasting models commonly used in the field of power
market forecasting. These models include the AutoARIMA
model and the Long Short-Term Memory (LSTM).

AutoARIMA is an automated time series forecasting
method that automatically selects the optimal parameter
configuration to fit given time series data [30]. The
ARIMA model consists of three main components:
AutoRegressive (AR), Integrated (I), and Moving Average
(MA) [31]. AR predicts current values based on past values.
I makes non-stationary time series stationary. MA predicts
current values based on past forecast errors [32]. When
fitting training data, AutoARIMA explores different
combinations of AR, I, and MA parameters, including
seasonal components. In our experiment, the period was
set to 24 due to the daily periodicity of power load. The
optimal parameters are selected based on the training
results of historical data [33]. AutoARIMA then
evaluates the model’s performance using error metrics
(such as AIC, BIC, and RMSE) and performs cross-
validation.  Finally, AutoARIMA uses the trained
parameters to forecast future time series data [34].

An LSTM network is a special type of Recurrent Neural
Network (RNN) proposed by Hochreiter and Schmidhuber
in 1997 [35]. It aims to address the vanishing and exploding
gradient problems of traditional RNNs during long-
sequence training [36]. By introducing gating
mechanisms (input gate, forget gate, output gate) and
memory cells [37], LSTM can effectively learn long-term
dependencies and has achieved excellent performance in
fields such as time series prediction [38], NLP and speech
recognition [39].

Meanwhile, to visually demonstrate the numerical
distribution of the power load dataset and compare the
performance differences between different models, the
experiment also considered some simple prediction
methods, such as using the values from the Previous Hour
(P1H) as the prediction value, using the Average load value
for the Previous 24 Hours (AP24H) as the prediction value,
and using the load data from the Same Time Yesterday
(STY) as the prediction value. By comparing with these
baselines, we can more clearly demonstrate the advantages
and improvements of LLMs in power load forecasting.

Implementation of the LLM Fine-Tuning
Environment Using LLaMA-Factory
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LLaMA-Factory is an efficient LLM fine-tuning

framework that

simplifies  the

fine-tuning and

deployment of LLM (such as LLaMA and GPT). The
following Table 6 lists the packages used to build the
LLM fine-tuning environment in LLAMA-Factory.

Table 6. The packages used to build the LLM fine-
tuning environment in LLAMA-Factory

Environment Required Selected
Name Version Version
transformers >=4.412,<=4483 4412
datasets >=2.16.0,<=3.2.0 3.2.0
accelerate >=0.34.0,<=1.2.1 1.2.1
peft >=0.11.1,<=0.12.0 0.12.0
trl >=(.8.6,<=0.9.6 0.9.6
tokenizers >=0.19.0,<=0.21.0 0.19.1
gradio >=438.0,<=5.12.0 5.12.0
pandas >=2.0.0 2.0.0
matplotlib >=3.7.0 3.10.0
numpy <2.0.0 1.26.4
tyro <0.9.0 0.8.14
Scipy, einops,
sentencepiece,
tiktoken, protobuf,
uvicorn,
pydantic, fastapi, Not limited Latest
sse-starlette, fire, commanded
packaging, version
Pyyaml, av,
librosa

Fine-tuning parameter settings and training. We
conducted training using the web interface provided by
LLaMA-Factory. Considering the complexity of the
power load prediction, we employed the ChatGLM3-6b
model locally. Fine-tuning was performed using the
LoRA method with supervised learning. Key parameters
included: AdamW optimizer with initial learning rate Se-
5, 2.0 training epochs, gradient clipping norm 1.0,
maximum samples per dataset 100,000, and default values
for other parameters. The training results are shown in the
Figure 2 below.

training loss of saves/ChatGLM3-6B-Chat/lora/train_2025-08-06-23-29-19
164

original
—— smoothed
144

12+

104

loss

0.8 1

0.6 q

0.4 4

T T T T T
0 500 1000 1500 2000
step

2 EA

Figure 2. Systematic two-stage adaptive fine-tuning
framework

The training loss curve exhibits a generally positive
trend. The smoothed loss decreases with increasing
training steps, indicating continuous model learning and
optimization, along with gradually improving task-fitting
capability. Subsequently, the loss decreases more slowly,
gradually approaching a stable value and indicating model
convergence. Further training would yield diminishing
returns, so we terminated the process.

4.2. Comparison with Traditional Prediction
Models

After multiple fine-tuning rounds, the model effectively
learned from the training data and shifted its focus from
pure text to power load prediction. After training, the
model’s performance was evaluated on the test set.

Table 7 compares the performance of the fine-tuned
LLM with multiple baselines on the power load
prediction task, including the pre-trained LLM before
fine-tuning,  three simple prediction  methods,
AutoARIMA, and LSTM. We can clearly see that fine-
tuning significantly improves the performance of LLM on
this task. The pre-trained LLM before fine-tuning does
not perform well in predicting power load. Experimental
data shows that the pre-trained LLM achieves a root mean
square error of 1890.116, a mean absolute error of
1436.583, and a mean absolute percentage error of
19.837% on the test data. Its performance is even
significantly worse than the P1H and STY methods used
as the baselines. This occurs because the non-fine-tuned
LLM primarily focuses on text rather than time series data,
failing to adequately model power load scenarios or
comprehend temporal patterns. The fine-tuned LLM
outperformed the LSTM model and AutoARIMA on the
power load forecasting task, significantly surpassing three
other simpler forecasting methods. Experimental data
showed that the fine-tuned LLM achieved a root mean
square error of 247.401, a mean absolute error of 184.083,
and a mean absolute percentage error of 3.345% on the test
set. It also achieved a 16.492% higher accuracy than the pre-
trained LLM, a 2.206% higher accuracy than the LSTM
model, and a 5.715% higher accuracy than AutoARIMA
on the validation set.

Table 7. Performance of different prediction methods
on power load data

Method MAE MAPE RMSE
PIH 332732 6.791% 457.983
AP24H 843.556 20.551% 1011.646
STY 353.355 8.863% 514.572
AutoARIMA 700.291 9.060% 975.941
LST™M 321.125 5.551% 420.997
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ChatGLM-BF 1436.583 19.837% 1890.116
ChatGLM-AF 184.083 3.345% 247401

Figure 3 shows the prediction differences among
various methods on the test data. The experimental results
demonstrate that LLMs exhibit strong generalization
capabilities, capturing complex patterns and long-range
dependencies in data. This enables them to not only
understand the context of natural language but also handle
data with temporal and trend characteristics, such as time
series data. Although LSTM and AutoARIMA are
designed for time series data, they have limitations in
capturing complex nonlinear relationships and high-
dimensional interactions. Although LSTM excels at
capturing long- term dependencies, it requires manual
hyperparameter tuning for different tasks. While
AutoARIMA can be configured with a period parameter
to help it learn periodic data, it only focuses on a single
period and performs poorly on data with multiple
periodic attributes. In contrast, LLMs, with their large
number of parameters and training data, can discover and
capture more complex temporal patterns, even
automatically learning patterns in time series data without
explicit guidance. Furthermore, through self-attention
mechanisms, LLMs can capture long-range dependencies,
enabling them to process data with longer time spans and
better avoid the issues inherent in traditional RNN
structures.

10t 104
L6 == 5

2345678 9101112131415161718192021222324 12345678 9101112131415161718102021222324
Time Time

(a) ChatGLM before fine-tuning

-104

(b) ChatGLM after fine-tuning

2345678 9101112131415161718192021222324
Time

(c) LSTM prediction results

(d) AutoARIMA perdiction results

Figure 3. Comparison of different methods

5. Conclusion

To achieve power load forecasting, this paper constructs a
two-layer fine-tuned ChatGLM3-6b prediction model.
Experimental testing reveals that traditional methods such
as AutoARIMA and LSTM perform poorly in power
market forecasting. To address this issue, we draw on the
successful experience of large language models in other fields
and fine-tune the model to shift its focus from text
generation to power load forecasting. To support fine-
tuning experiments, we develop a data-to-text prompt
conversion method and cre- ate datasets for model
attention shifting and downstream fine-tuning tasks.
Validation on a test set demonstrates that the two-layer

fine-tuned ChatGLM3-6b prediction model outperforms
traditional forecasting methods in terms of accuracy. The
findings from this study can provide improved solutions for
power grid maintenance and operation, exploring the
application of LLMs in power load forecasting and
demonstrating promising research prospects.
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