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ABSTRACT

This study proposes a novel approach, intelligent text-analytic load forecasting (ITA-LF), to address the short-term load forecasting (STLF) problem
by utilizing large language models (LLMs) and generative agents. This emphasizes the challenges faced by traditional forecasting methods in adapting
to rapid changes and complex patterns in energy consumption, particularly during unexpected social events. It processes diverse unstructured data (e.g.,
historical loads, news, calendar dates, and weather), fine-tuning an LLM to enhance prediction accuracy and adaptability. An LLM-based agent with
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reasoning capabilities is introduced to select and understand relevant news, demonstrating the model’s ability to integrate diverse information for more
precise forecasting. Our results surpass all baseline models in predictive accuracy, indicating that LLMs excel in managing the complexities of load
forecasting patterns. This innovative approach not only improves forecasting accuracy but also indicates potential shifts in STLF paradigms by
integrating unstructured data through advanced artificial intelligence (Al) techniques.

1. Introduction

Short-term load forecasting (STLF) [1] is crucial for the efficient operation, planning, and control of power systems, ensuring
the balance between energy demand and supply. However, demand fluctuations are an inherent nature of power systems and
cannot be completely captured by historical load data. A variety of factors, including weather conditions, specific dates, and
unpredictable social and economic events like industrial shutdowns or unexpected public gatherings, significantly affect load
demand. Moreover, the representation of such information can be highly unstructured and may come from diverse sources across
different modalities. Existing STLF methods face challenges in processing unstructured data and adapting to random, real-time
events, which limits their flexibility and undermines their forecasting accuracy. In this paper, we propose a novel STLF method
called intelligent text-analytic load forecasting (ITA-LF) model that leverages the capabilities of pre-trained large language
models (LLMs) [2]. It can unify various unstructured information from multiple modalities and data sources in a textual format
and intelligently analyzes the information to achieve higher accuracy in load forecasting. Another LLM-based intelligent agent is
designed to select load-related news information and provide analysis to assist in load forecasting. Our method represents a
significant shift in STLF paradigms.

Current STLF methods have evolved significantly, moving from basic statistical techniques like regression models [3],
autoregressive integrated moving average (ARIMA) [4], and exponential smoothing [5] to machine learning strategies such as
support vector machine (SVM) [6], random forests [7], and neural network [8]. Deep learning has emerged as a dominant force
in the analysis of complex data, leveraging advanced models such as convolutional neural networks (CNNs) [9] for spatial data
processing and recurrent neural networks (RNNs) [10], including long short-term memory (LSTM) networks [11], for time-series
analysis. Additionally, the integration of attention mechanisms [12,13] has significantly enhanced model performance and
interpretability. These methods have made great progress in learning complex nonlinear relationships in load data. The existing
methodologies in load forecasting are confronted with several challenges. Firstly, these methods tend to rely on rigid patterns,
hindering their ability to effectively process unstructured information, particularly complex unstructured textual data. Secondly,
they are constrained by the limited scope of historical data they can analyze. Efficient load forecasting necessitates the integration
of extensive knowledge about the energy system, which is not often reflected in historical datasets. Lastly, these approaches are
limited to making predictions through non-linear data mapping, unable to discern and understand the underlying causal factors
and dynamic shifts that influence these data points. This means that while traditional methods can provide accurate predictions in
some cases, they may not be able to adapt to environmental changes or understand emerging patterns and trends. These challenges
highlight the limitations of existing approaches. We need new STLF research paradigms and methods to deal more effectively
with these complexities.

There are ongoing efforts to integrate textual information into time series forecasting across multiple domains, such as finance
[14-16], energy [17—19], entertainment [20], pandemics [21], and tourism [22]. The textual information sources are mainly from
social media platforms (e.g., Facebook and Twitter), public reports, and news updates. Most previous studies only counted
keyword frequencies [18] or treated events as dummy variable inputs without understanding the nuanced meanings of the text.
Some research has tried to advance to include more context but still in a way that simplifies the content into a few analyzable
features. For instance, Bai et al. [17] utilized traditional natural language processing (NLP) [23] and random forest methods to
forecast energy demand. They selected features such as word frequencies, public sentiments, topic distributions, and word
embeddings. However, traditional NLP methods face several challenges in processing complex language tasks associated with
large-scale full-article news. Firstly, these methods require extensive manual feature engineering, which is labor-intensive and
limited by feature quality. Secondly, they struggle with capturing long-text dependencies and lack a contextual understanding,
often only processing information at the sentence or fragment level without grasping the broader document context. Additionally,
traditional NLP techniques have scalability issues with large datasets and lack flexibility in multi-task learning, necessitating
separate designs for each task. In contrast, LLMs excel in understanding complex textual content and contextual relationships,
significantly enhancing prediction accuracy and efficiency while reducing manual intervention through automated feature
extraction.

In this work, we propose that language models offer a unified framework for STLF problems, facilitating data assimilation
from diverse sources and modalities. At the same time, time series prediction can be considered as a conditional generation
problem of text sequences: Given a text containing historical data and unstructured supporting information, the prediction results
are then turned into coherent output via text generation techniques. This is also in line with the general paradigm of NLP and
general intelligence technology represented by LLMs. LLMs are advanced artificial intelligence (AI) models designed to
comprehend and produce text that mimics human language. These models undergo training on vast datasets, equipping them with
the ability to navigate a broad spectrum of language-related tasks. They possess an extensive reservoir of common knowledge
gleaned from their extensive training material, alongside robust reasoning skills. This allows them to solve problems and make
inferences within the given context. More importantly, the capabilities of LLMs can also be extended to other fields, including
computer vision [24], audio analysis [25], and time series analysis [26-28]. Several studies have explored the performance of



training LLMs on time series datasets covering various domain knowledge [27,28]. LLMs are also used in some industry
applications, such as finance [29], transportation [30,31], and public health [32]. LLMs offer innovative perspectives for
enhancing the accuracy of time series predictions, making them well-suited for addressing the aforementioned challenges in STLF
problems.

LLMs can contribute to STLF research from three aspects:

Flexibility. LLMs excel in parsing and interpreting unstructured data. By leveraging LLMs, STLF methods can incorporate
real-time, unstructured data, including weather conditions, dates, and daily news. Among them, news offers insights into events
such as natural disasters, changes in economic conditions, or public health emergencies that greatly impact electricity demand.
Traditional time series forecasting models overlook textual information, which is crucial for accurately understanding and
predicting fluctuations in power system demands.

Comprehensiveness. Pre-trained LLMs possess the capability to assimilate a broad spectrum of knowledge encompassing
social, economic, and technological advancements. This is accomplished through the analysis of extensive training datasets. By
harnessing this knowledge, LLMs are adept at integrating data from diverse sources and conducting cross-domain analyses to
construct a holistic view, thereby enhancing forecasting accuracy. By introducing rich text information and applying fine-tuning
technology, using pre-trained LLMs for load forecasting can significantly improve STLF models so that they can not only identify
and understand underlying factors driving load variations but also achieve more accurate prediction results.

Intelligence. The LLMs-based Al agent leverages extensive knowledge learned in pre-training to enhance the selection process
of information relevant to load forecasting. These agents are adept at pinpointing potential factors affecting load changes and
demonstrate sophisticated reasoning in unseen scenarios. This capability allows them to filter out irrelevant news, reduce noise
interference, and manage redundant details that appear in lengthy texts. As a result, these agents are more proficient in assessing
the implications of news on energy usage patterns. This Al technology improves the accuracy and efficiency of load forecasting,
adeptly addressing the complex challenges associated with interpreting the direct impact of news on energy demand.

In this paper, we propose ITA-LF, a novel STLF framework that integrates diverse unstructured inputs into LLMs, offering a
shift in how time series and textual data can be jointly modeled. Our main contributions are summarized as follows:

(1) We directly incorporate textual data as input to a fine-tuned, pre-trained LLM. Leveraging the LLM’s modality adaptability
and embedded world knowledge, our method enables context-aware forecasting that extends beyond traditional numerical
modeling, and demonstrates reasoning abilities under previously unseen scenarios.

(2) We construct a comprehensive dataset for LLM finetuning, including half-hourly load, daily weather, calendar indicators
(e.g., holidays, weekdays), and region-specific news headlines across Australian sub-regions.

(3) To address the challenge of long and noisy textual inputs, we design the LLM-based agent that performs content filtering
via chain-of-thought prompting, selecting news items most relevant to regional load patterns.

(4) ITA-LF consistently outperforms strong baselines across multiple metrics. The model shows enhanced robustness to sudden
changes and greater responsiveness to external events, confirming the value of LLMs in capturing complex, real-time multimodal
dependencies in load forecasting.

2. Literature review

2.1. Short-term load forecasting

STLF is evolving with advancements in data processing technologies. Initial approaches primarily utilized traditional statistical
methods. Traditional models like regression [3], ARIMA [4], and exponential smoothing [33] were utilized due to their simplicity,
but they are only effective in capturing linear trends and seasonality in load data. With the advent of machine learning and deep
learning, more techniques were introduced to identify the non-linear relationships in load data. SVM [6] and random forest model
[7] were used when time series are nonstationary with multiple seasonal cycles. CNNs [34-36] were utilized for effective spatial
data analysis. Meanwhile, RNNs-based models and their variants, especially LSTM networks, excelled in handling sequential
time-series data and capturing temporal dependencies. LSTM was utilized in Ref. [37] for STLF for residential customers by
retaining information from previous time steps. RNN-based models struggle to forecast holidays and weekends due to their
recursive structure, leading to unstable training and difficulties in capturing long-term dependencies.

Recent research further improves the predictive analytics of STLF models. With the proposed attention mechanism [38] and
its excellent feature extraction capability, the forecasting ability in STLF has been enhanced even more through Transformer-
based models [12,39]. Transformer-based models [40—46] use an encoder—decoder structure with a self-attention mechanism to
extract the global dependencies between inputs and outputs. Compared with RNN, the transformer has a more general structure,
a wider range of correlation, and more universal capability. Researchers have proposed different Transformer variants to be
applied in many practical scenarios [13,47—49]. Existing methods only take the historical load, calendar information, weather,
and holiday factors [50] into consideration, but there is no method integrating textual information sources (e.g., news updates),
improving models’ adaptability to abrupt changing patterns, and enhancing the interpretability of Al-based models.

2.2. LLMs for time series

Pre-trained language models (PLMs), like bidirectional encoder representations from Transformers (BERT) [51] and



bidirectional and auto-regressive Transformers (BART) [52], based on Transformer architectures, have demonstrated strong
performance in NLP tasks. LLMs [2], a subset of PLMs, contain tens or hundreds of billions of parameters. The LLMs training
requires extensive practical experience in large-scale data processing and distributed parallel training. In recent years, the LLMs
research has seen significant advancements, notably with the introduction of ChatGPT [53], a powerful Al chatbot developed
using the LLMs technology, garnering considerable societal interest. The evolution of LLMs continues to influence various fields
significantly. During the pre-training process, LLMs learn a lot of general and extensive knowledge and common sense. LLMs
also have the capability of in-contextual learning. This implicitly encoded knowledge can be used by subsequent algorithms to
construct machine learning systems that can reason and have common sense.

The application of LLMs for time series forecasting can be categorized into general-purpose models and domain-specific
models [26]. General-purpose models, such as PromptCast [54] and TimeGPT [28], target various industries and tasks,
showcasing superior performance, efficiency, and simplicity in zero-shot inference compared to traditional methods. Time-LLMs
[27] focus on general time series forecasting without fine-tuning the backbone model, emphasizing efficiency and resource
constraint reduction. Domain-specific models are employed in practical industry applications, like those applied in finance [29],
transportation [30,31], and public health [32], demonstrate LLMs’ capability in knowledge and reasoning abilities for explainable
forecasting within specific industries.

Text-based time series forecasting (such as news-driven predictions) has been explored in domains such as finance [14,15],
energy [17,18], entertainment [20], pandemics [21], and tourism [22], using inputs from news, social media, and public reports.
However, prior methods often relied on keyword frequencies or dummy variables [18], lacking deep semantic understanding.
Some studies applied traditional NLP techniques [17], extracting features like sentiment, word frequency, or topic distribution.
However, these approaches require extensive manual engineering, struggle with long-text dependencies, and lack scalability. In
contrast, LLMs offer unified, context-aware representations that reduce manual intervention and enable richer reasoning over
unstructured text.

2.3. LLMs as generative agents

LLMs can be used to build agents to automate specific tasks with human-like reasoning ability through “chain of thought”
prompting, enhancing complex reasoning [55]. Hence, the LLMs-based agent can solve a given task that reflects the task feedback
signals in a series of text and then retains its reflected text in a memory buffer to induce better decisions [56]. Cai et al. [57]
proposed an LLMs as tool makers (LATM) framework, where LLMs create their reusable tools for problem-solving. They
interleave reasoning traces and task-specific actions, aiding in task completion and environmental interaction [58]. Multi-agents
based on LLMs were also studied to improve the intelligence of Al tools further. Integrating LLMs with multiple Al agents can
enable believable simulations of human behavior [59]. Multi-agent based on LLMs can also debate their responses and reasoning
processes in multiple rounds to arrive at final actions [60]. Incorporating LLMs-based agents can advance the capabilities of
LLMs and pave the way for further breakthroughs in language understanding and problem-solving.

3. Method

3.1. Overview

Language models are trained on a collection of sequences U = {U1,U 2,...,Ul-}§V=1, where U; = (u1,Uz,..,Up,) and each u; is a
token representing word or fragment that constitute words. These tokens belong to a vocabulary V and are obtained by a pre-
defined corresponding tokenizer. LLMs typically encode an auto-regressive distribution, in which the probability of each token
is only dependent on the previous tokens in the sequence as
po(Uy) = [T, po(u;ltio:j—1), (1)
where 6 is the model parameters learned by maximizing the probability of the entire dataset po(U) = [T/, py(U;), and ug.j_1 is
the sequence from O to (j — 1)th token. We utilize a trained language model through a sampling method. Sampling from a
language model typically starts with a prompt uo.x, and proceeds sequentially using pg(u;|ug.;j—1). Language models predict
sequences token-by-token, where data is a collection of sequences {V; = (v1,V2,...V,)} with numerical values v;. Forecasting
involves predicting a future sequence v}, from a prompt vg.;_1. While language models predict word tokens, for time series they
predict numbers. Given their proficiency in representing complex probability distributions over sequences, language models are
well-suited for time series prediction when predicting numerical tokens.

LLMs, with their large amount of parameters and extensive training datasets, are adept in natural language’s conditional
probabilities, auto-regressively generating text as described in Eq. (1). This study utilizes LLMs through a pre-training and fine-
tuning approach. Pre-training involves unsupervised learning on a vast internet-sourced corpus, absorbing a wide range of
foundational knowledge and inferential skills relevant to human activities, including aspects of electricity generation and demand.
To tailor LLMs for STLF, we must fine-tune them with specific load data, enabling the application of their broad capabilities to
the precise forecasting task.

The fine-tuning process is supervised training on a small amount of load data based on the PLMs. This training uses the same
loss function as in pre-training but with data specifically designed for our forecasting needs. The data for supervised fine-tuning



consists of prompts and response, both textual. The prompts contain the historical time series and other relevant information for
predictions. The responses hold the forecasted time series in text form. The fine-tuned model predicts the response from the
prompts, effectively forecasting the load time series.

Data construction and language model fine-tuning are our approach’s two most important parts. The collection and screening
of supplementary information, along with the construction of our STLF dataset, are detailed in Section 3.2. The network
architecture is described in Section 3.4, while the fine-tuning method is detailed in Section 3.5

3.2. Data construction

The data used for fine-tuning is composed of three main parts: load, supporting information, and news articles.

Regional load demand. Historical load data in different geographical locations is critical for understanding typical
consumption patterns and training forecast models. We integrate the data into the instruction input of the prompt, which is used
by the model to understand and predict the regional load demand before the prediction date. We convert the numbers into
numerical strings for the language model to read and predict.

Supporting information. Our approach incorporates historical load data and weather forecasts, humidity, pressure, holidays,
and special dates into a natural language narrative for flexible integration with language models. For example, as shown in Fig.
1, we use the text “weather of the prediction date: the minimum temperature is 292.01 K; the maximum temperature is 298.07 K;
the humidity is 94%; the pressure is 1009 hPa” to express weather conditions. This enriches the input, covering various factors
influencing load demand. The units are consistent throughout our data processing.

News articles. We utilize real-time news articles to enhance load forecasting, leveraging the textual data to capture information
on emergent events like weather shifts and health crises that numerical data might miss, thus improving prediction accuracy.
News offers context on lifestyle, societal, and technological developments, aiding our STLF model in anticipating demand
fluctuations due to irregular events such as public gatherings or unexpected shutdowns.

LLMs agent reasoning

News categories:

N Breaking news Prompt procedure
1. Political & crime Real-time + Initial reasoning
1l Courts & law new database + Ranking

V. Lifestyle technology + Selection

V. Finance « Reflection

VI. Weather

Most relevant news

Public health issue

STLF with LLMs

Time Input . . o o Validation
series data —— | Input: predict the daily load consumption in the next day. Historical Prediction [yr—

load data is: {historical time series}.

* Historical data covers {1 day} and the data frequency is {30 minutes} oozl set
. Input per point.
—’ * The region is {NSW/QLD/SA/TSANIC);
* The date of prediction is {date} that is {weekday/weekend}, and it Finetune Large
y Input is {holiday name/not a holiday}; — > language
Typical | * The weather of prediction data: {minimum temperature, maximum Test model
day temeperature, humidity, wind power, and pressure}; (LLM)

« News before the prediction: {News title}, {brief summary}, Test Predict

Input {publication time}, {category}, {full article}. .

Qutput: {Time series of actual load in the prediction date}. Per"::ed
[oF]

Fig. 1. Framework for ITA-LF model. The process begins with inputting various data while the LLMs-based agent processes and selects relevant real-
time news and constantly updates the real-time news database. NSW: New South Wales; QLD: Queensland; SA: South Australia; TSA: Tasmania;
VIC: Victoria.

3.3. News selection using LLMs-based agents

Directly utilizing raw news for STLF presents challenges: much of the news is irrelevant to residential electricity demand,
adding noise and potentially decreasing accuracy. Additionally, overly lengthy news articles can overwhelm language models,
which have difficulty processing long inputs containing redundant details. Relevant news also typically doesn’t specify its direct
effect on energy use, requiring models to deduce its impact on demand, a sophisticated task for language models applied directly
to load forecasting.

In response, we propose employing an LLMs-based agent, a sophisticated Al system powered by LLMs, capable of performing
a wide array of tasks including conversations, reasoning, and exhibiting semi-autonomous behavior. By employing carefully



crafted prompts that define roles, instructions, permissions, and context, an LLMs-based agent can interpret human commands
and generate text to execute complex tasks. Specifically, an LLMs-based agent endowed with inferencing prowess is utilized
within our framework to efficiently sift through, categorize, and interpret news texts according to their projected influence on
future load demands. This approach enables the condensation of vast news datasets into a refined collection of pertinent and well-
formatted articles aiding in the prediction of load demand.

An LLMs-based agent is guided using prompts and the chain-of-thought approach, simplifying complex problems into
manageable parts for reasoned solutions. Our three-phase method filters news data and conducts inference, as depicted in Fig. 2.
This work operates through a sequence of three steps, each initiated by a prompt.

Prompt 1 develops an understanding of regional load influencers, sorting them by impact (positive/negative) and duration
(short/long-term), considering economic, policy, seasonal, and technological factors.

Prompt 2 directs the LLMs-based agent to filter and categorize news based on impact analysis from Prompt 1, focusing on
relevance to energy demand and classifying the impact (e.g., long-term, short-term, and immediate).

Prompt 3 defines the agent’s output format, instructing the agent to format the curated news in JavaScript object notation
(JSON) with details like the brief summary, affected region, reporting time, and selection rationale.

Prompt 1: initial reasoning Prompt 2: news selection

(=] )

Positive issues leading to increase in Gl

load consumption:

1. Short-term: economic growth, social -
events, hot weather, ...

2. Long-term: industrial development,
energy transition, ...

Q: For the given news, based on the
above reasoning analysis, please
choose the news that may have
effects on future load consumption.

J
Negative issues leading to decrease in
load consumption:
1. Short-term: economic downturns, l
— public health crises, ...
2. Long-term: demographic changes, Prompt 3: outputt format
arﬁ!lgie:vfhe pollcy, regulation, ... JSON output format is:
prediction Other factors: political stability, global {“Long-term ?H?Ct Sl futurgl\oagl R
data market dynamics, customer consumption EO”SH”‘F’“?” :.{ neW?: aog 1At} e o
patterns, renewable energy “t\me : ..., ‘rationality”: . '}] =
adoption, ... Short-term effegt on today's Iogd —
' consumption™ {“news": ..., “region™ ...
‘time™ ..., “rationality”: ...}, Selected &
“Real-time direct effect on today’s load formatted
consumption™ {‘news™ ..., “region™ ..., news
aLgLeh:l\t ’ + pr?)ﬁpt ‘time™: ... ‘rationality™ ...}}
\/_

Fig. 2. Workflow of an LLMs-based agent for news analysis and selection in ITA-LF: The workflow starts from initial reasoning to determine positive
and negative issues affecting load demand, followed by news selection based on these insights and structuring the selected news in a standard output
format. QA: question and answer.

3.4. LLMs Transformer architecture

This work primarily utilizes the Llama2 model [61], selected for its ease of use, generality, and relatively good performance,
among other potent LLMs capable of similar functionalities. While proprietary models like GPT-3.5 or GPT-4 may offer higher
raw performance, their closed nature makes integration and adaptation challenging. We selected LLaMA 2 for its favorable
balance between performance and efficiency, as well as its open-weight availability, which enables reproducible fine-tuning in
controlled environments. Llama2 has demonstrated good performance on reasoning-intensive tasks when combined with
lightweight fine-tuning techniques such as low-rank adaptation (LoRA), as supported by recent benchmarks. In this part, we
briefly review the architecture of the transformer network used in the Llama2 language model. This Transformer network follows
the standard transformer decoder design. Fig. 3 illustrates the main computational process of the network, which we will proceed
to introduce in sequence.
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Fig. 3. Framework of an LLMs Transformer architecture. The architecture comprises an input embedding layer, followed by 32 Transformer blocks,
each containing a self-attention mechanism with rotary position encoding (RoPE) and a feedforward neural network. Root mean square normalization
(RMS Norm) is applied before each sub-layer. Q: query; K: key; V: value; SiLU: sigmoid linear unit.

3.4.1. Input embedding

The input of the Transformer is a sentence or a paragraph, which is usually represented as a sequence of words or characters (
W1,W2,...Wy, ). Wy, denotes the nyth word. The text needs to be tokenized and divided into words or characters to form a token
sequence (U1,Uz,..,Un ). Uy, denotes the n,th token. The dictionary V provides each token u; to a word vector x; € R? , where d
is the dimension of the word embedding.

3.4.2. Transformer layer

The Llama2 model relies on stacked transformer layers to process these tokens. Each transformer layer module consists of
normalization layers, a self-attention layer, and a feed-forward neural network.

Self-attention layer. The self-attention layer enables it to prioritize different segments of the input sequence during processing.
This is achieved by allowing each element of the sequence to “interact” with others, thereby dynamically refining its
representation. Given an input sequence X = {X1,X2,...X,} with n clements, where each element is a d-dimensional vector
(potentially the output from an embedding layer with shape (n,d)), the model generates three distinct representations for each
element through linear transformations: query (Q), key (K), and value (V), all of the same dimension e. This process involves
three weight matrices W<, WX and W" to compute Q, K, and V:

Q=XWOK=XWKV =Xxw" 2

where W@, WK and WV are parameters learned by the model. The self-attention layer determines how much each element in the
sequence affects other elements by calculating the dot product between the query and all keys and then applying the softmax
function to obtain the attention weights. These attention weights represent how much attention each element should give to other
elements when generating output:

Attention(Q,K,V) = softmax(%)V 3)

. . . . . KT L .
The attention mechanism calculates the attention weights matrix A = %, where A € R™™. The softmax function is applied to

each row of A, scaling with Vd to moderate the dot product’s magnitude and prevent gradient vanishing during softmax. The
softmax ensures that the sum of weights for each output element equals 1. The model employs multi-head attention by dividing
Q, K, and V into multiple “heads,” processing them in parallel, and then concatenating the results through another linear
transformation for diverse subspace representation.

Feed-forward network (FFN). The FFN module is a key component used to process the output of the self-attention layer
further. This layer is mainly responsible for nonlinear transformation and dimension transformation based on the information
captured by the self-attention layer. In our network, three different linear transformation layers are included as f1, f2, and f3.
Each linear transformation layer can be expressed as f; = XW/« + bfk, W/« is the weight matrix, b/« is the bias term, and X is
the input, usually the output of the previous layer. Then, the FFN is performed as:

FEN(X) = f3(SiLU(f1(X)) O f2(X)) “

where SiLU( - ) is the activation function, defined as sigmoid-weighted linear unit [62]:
SiLU(x) = x - Sigmoid(x) = x/(1 + e™) 5)

which applied to the input element-wise.



Root mean square normalization (RMS Norm). RMS Norm [63] is a normalization technique used in the Transformer model.
As a variant of layer normalization, it is designed to solve problems when training deep networks, such as gradient disappearance
or explosion. The traditional normalization layer has a re-centering and re-scaling invariance property, which is sensitive to noise
on both inputs and weights. It keeps the output representations intact when both inputs and weights are randomly scaled. RMS
Norm focuses on re-scaling invariance and regularizes the summed inputs simply according to the root mean square (RMS)

statistic. The layer normalization of the standard Transformer decoder structure is given by
x—E[x]

Y= Napgee ¥ B (6)
where € is a constant for numerical stability, and y and f are learnable affine parameters for scaling and shifting the normalized
output. The expected value E[x] and the variance Var[x] are

1 1
Efx] = 3, x,Var[x] = 23V (x; — E[x])? %)
RMSNorm simplifies the layer normalization by removing the mean statistic at the cost of sacrificing the invariance that mean
normalization affords. RMSNorm removes the parameter § and the calculation of mean, thus:

X
Y = Neangyre ¥ Mean(x?) = OXREe ®)

Rotary position encoding (RoPE). RoPE encodes sequence position information. RoPE preserves the order of words in the
sequence in a relative position by directly integrating position information into the representation of each token. The key
advantage is that it maintains rotational equivariance of self-attention operations, allowing the model to better understand the
relative positional relationships between words within a sequence.

Suppose an input sequence of length N: X = {x;}*;, x; € R% is a word vector in the sequence. We want to encode the position
of this vector in the sequence X. When performing self-attention calculation, we calculate key and query according to Eq. (2).
When considering relative position, we hope to add position information to q and k through q,, = f q(Xmm) and k,, = fr(x,n),
where X, represents the mth vector in X, g,, denotes the query vector for X,,, and k,, is the key vector for x,. Following this
function, ., and k, acquire the absolute positional information of positions m and n. Subsequently, the self-attention operation
computes the inner product between q,, and k,, aiming to incorporate the relative positional information of m and n, as follows:
(fq(mm).f 1 (xn1)) = g (XXM — 1) (€]
where ( -, - ) is the inner product. For g, we only need its expression to contain X;,,,x,,m — n. Su et al. [64] gave an expression of
f that satisfies this condition, as:
fq(xmvm) = (Wme)eimH'fk(xmn) = (WKxn)eine
9o m — 1) = Re[ (W Q) (W) el (m=100] (10)
where Re[ - | represents the real part of a complex number, and (W¥x,,)* represents the complex conjugate of (W¥Xx,,). 6 is the
rotation frequency parameter to encode positional information. In practical calculations, for the embedding of multi-dimensional
feature vectors ¢, = W9x,,. The f q(Xmm) can be calculated as:

fqo(xmm) =R§ W, (11)
where R§  is the rotary matrix with predefined parameters (6 = 10000~2(—1/d,j € [1,2,..,d/2]). Eq. (12) represents detailed
expression of the block-diagonal matrix Rgm’m allowing to compute the rotated RoPE.

cos(mf,) —sin(mb,) 0 0 0 0
sin(mf,) cos(mb,) 0 0 0 0
0 0 cos(mf,) —sin(mB,) - 0 0
RY . = 0 0 sin(m#;) cos(méby) 0 0 (12)
0 0 0 0 =+ cos(mbyp) —sin(mby,;)
0 0 0 0 -+ sin(mbg/z)  cos(mby,z)

3.5. Fine-tuning LLMs

We perform fine-tuning on pre-trained LLMs using a parameter-efficient method called LoRA. It adapts the Llama2 backbone
to our domain-specific forecasting task. Full fine-tuning of LLMs is computationally expensive and memory-intensive, often
requiring extensive graphics processing unit (GPU) resources and risking instability or catastrophic forgetting. LORA mitigates
this by freezing the original model weights and introducing a small number of trainable low-rank matrices within attention and
feedforward layers. This greatly reduces the number of trainable parameters and allows efficient domain adaptation with limited
resources. In our case, LORA enables the model to internalize energy-related reasoning patterns, such as interpreting load-affecting
events or understanding temporal contexts, without altering the core language model.

The core concept of LoRA is to conduct LoRA on the self-attention module and the weight matrix of feed-forward neural
network layers in the Transformer. This involves adding a low-rank matrix to the weight matrix obtained by multiplying smaller,
trainable parameter matrices. Thus, the original weight matrix remains unchanged during training, while only the newly added
low-rank matrix is updated, significantly reducing the number of trainable parameters. LoRA typically applies to the query W?
and key WX matrices of the self-attention layer, as well as the weight matrix of the feed-forward neural network layers W/i,



Assume that the original weight matrix is W € Réouxdin wwhere dgy is the output dimension and dj, is the input dimension.

The two low-rank matrices introduced by LoRA are A € Réu*" and B € R™in_ where 7 is the rank of a low-rank matrix, which
is usually much smaller than d and k. The original weight matrix W is updated to W + AB, where the calculation of AB represents
a low-rank approximation. For a given input x € R%n, the updated weight matrix (W + AB) is used to calculate the output y = (W
+ AB)x. In our calculations, 7 can usually be set to 8. By adding two smaller matrices, A and B, as trainable parameters, LoORA
greatly reduces the number of parameters required for fine-tuning, making it more efficient when dealing with large models. The
original LLMs involve 7 billion parameters, but through LoRA technology, we only need to fine-tune no more than 20 million
parameters to achieve good results.

4. Experimental details

4.1. Dataset

For comprehensive STLF analysis, our dataset integrates reliable open-source repositories, comprising load demand, real-time
news, and weather data from five Australian states (Queensland, New South Wales, Tasmania, Victoria, and South Australia)
covering January 1, 2019, to December 31, 2021. Primary data sources include:

Half-hourly regional load data. We utilize half-hourly demand data sourced from the Australian Energy Market Operator
(AEMO) website. This dataset provides comprehensive historical electricity usage by region, aiding in understanding
consumption patterns and trends.

Real-time news articles. We compile a real-time news database to capture current events potentially influencing electricity
demand. This database covers various topics and regions, offering timely insights into factors impacting energy usage.

Weather information. Data from OpenWeatherMap provides detailed meteorological information, including daily
temperature (maximum and minimum), atmospheric pressure, wind speed, and humidity.

To enhance the prediction of electricity demand in Australia, we collected 380 560 articles encompassing a wide variety of
topics relevant to this subject. Through web crawling and intelligent parsing, we extracted crucial information from each article,
such as titles, summaries, categories, uniform resource locators (URLs), publication dates, and the complete article content.
Regular expressions were employed to extract these essential data points accurately. The structured data was subsequently
formatted into JSON files to ensure compatibility and ease of integration into model training processes.

4.2. Implementation

When fine-tuning, we employ the LoRA [65] method to fine-tune the Llama2 LLM [66]. The rank in LoRA is set to either 8
or 16, depending on the required token length to be processed. The alpha value in LoRA is set to 16, and the learning rate is set
at 0.0001. When formatting numeric tokens, we uniformly maintain three significant figures. Retaining more significant figures
offers minimal benefits and introduces an excessive number of tokens. The fine-tuning is conducted on a single NVIDIA A100
40G GPU, with the LLM undergoing several hundred to 1000 training iterations on our curated data, requiring several hours. For
the designed agent, we use GPT4 [53] for best results. It is also feasible to replace other language models.

In our experiments, the training dataset comprises half-hourly load data, weather information, calendar dates, and news from
the five states of Australia for the years 2019 and 2020. The prediction dataset includes half-hourly load data from the same states
for the year 2021, measured in kilowatts. For our method and all other baseline prediction models, we use the historical data from
the previous day to predict the half-hourly load demand for the next day.

4.3. Baselines

A diverse set of baselines, which represent the latest advancements in load forecasting, are selected. Our selection includes
Transformer-based models, such as Transformer-based model: Informer [40], Autoformer [41], frequency enhanced decomposed
Transformer (FEDformer) [42], Pyraformer [43], patch time series Transformer (PatchTST) [44], iTransformer [45], feature-wise
linear modulation (FiLM) [46]. Additionally, we included the CNN-based Timesnet [36] and MLP-based dlinear [67]. We
incorporated the LLM-based GPT for time series (GPT4TS) [68], leveraging GPT2’s generative capabilities. For Informer,
Autoformer, FEDformer, Pyraformer, PatchTST, iTransformer, FILM, and Timesnet, we use the code from the Time-Series-
Library.

While our LLM fine-tuning approach maintains the original scale of the numbers to preserve the physical meaning of the time
series data, we normalize the variables to the range [0, 1] for training the baseline methods. We represent non-numeric variables
using dummy variables for these baseline methods. To ensure optimal performance, we adhere to the official architecture settings
for these methods with learning rates of 0.001, 0.0005, 0.0001, and 0.00005. Each configuration is tested three times with different
initializations, and the best-performing setup is selected from all trials.



5. Results analysis

In the experiment, we conducted experiments using the previous day’s load data and relevant information for next-day half-
hourly load forecasting. We designed four distinct cases to evaluate our methodology’s impact on STLF:

Case 1 (only numeric prompt) combines all-time series, including historical load and weather conditions, along with
categorical data like region and holiday indicators, as input vectors for our model: [l,, ..., W1, ..., dregions dt,weekday: @t holidays -1
where [, represents the day-ahead actual load at time t1, and W, denotes weather data. d¢ weekday> At holiday are dummy variables
of the prediction date, and degion denotes the prediction region.

Case 2 (textual prompt without news) transforms all relevant data into a descriptive text input, simulating a natural language
understanding task for the LLMs to forecast load demand:

The historical load is...; Based on the historical load data, please predict the load demand in the next day. The region for
prediction is ...; The start date of historical data was on ... that is, a Weekday/weekend, and it is/ is not a public holiday. The data
frequency is 30 minutes per point. Historical data covers 1 day. The date of prediction is on ... that is a Weekday/weekend, and it
is/ is not a public holiday. Weather of the start date: the minimum temperature is ...; the maximum temperature is ...; the humidity
is ..., the pressure is ...;

Case 3 (textual prompt with non-filtered news) extends Case 2 by incorporating text paragraphs of all prior information plus
news articles available before the prediction date into the model’s input.

Case 4 (textual prompt with filtered news) enhances the input further by employing LLMs-based agents to filter and integrate
the most relevant news information into the model, aiming for more accurate predictions.

5.1. Overall performance

We choose four metrics to compare the prediction performances of different models. Mean squared error (MSE) is used to
verify outliers, focusing on larger prediction errors. RMS error (RMSE) measures error magnitude by averaging squared errors
and taking the square root, aligning the error scale with the original data. Mean absolute error (MAE) is more balanced for different
magnitude errors. Mean absolute percentage error (MAPE) expresses the error as a percentage of the actual values, that is, on
average, how far off the predictions are from the actual values in percentage terms. These metrics are calculated by:

MSE = <Xy (y: — §)°

1 N
RMSE = LI, (i~ 02

1 . (13)
MAE = ﬁzf\]ﬂ lyi = yil
100 —Vi
MAPE = —=%I %

where y; represents the unnormalized true value of load, and ¥; denotes the unnormalized result of the prediction model. N denotes
the number of prediction timestamps.

Table 1 presents a comparative analysis of prediction results between the baseline models and our proposed method across four
distinct metrics. Our approach, ITA-LF, consistently outperforms all baseline methodologies across various metrics. ITA-LF
demonstrates superior performance with the lowest MSE (0.07862), RMSE (280.39), MAE (180.96), and MAPE (5.15%). This
indicates that ITA-LF is a highly accurate and reliable forecasting model with minimal errors and high precision. CNN-based,
MLP-based, and Transformer-based models show varied performance levels, with GPT4TS and Pyraformer having comparatively
better prediction results among the baselines, yet still significantly worse than ITA-LF. While these models are effective in hourly
predictions, they are surpassed by the advanced ITA-LF configurations in half-hour frequency, especially when complex data
integration and sophisticated forecasting techniques are applied. Unlike traditional methods, our model achieves good results
without normalizing cross-domain data, underscoring its advantages: simplified data processing, enhanced adaptability, and
flexibility. This independence from data normalization broadens the model’s application potential across various fields.

Table 1
Comparison of baselines for load forecasting on different metrics.
Model MAE MSE (x107%)  RMSE  MAPE (%)

180.96 78.62 280.39 5.15
Ours

480.51  396.94 630.03  18.82
Autoformer

498.35  370.76 608.89  20.33
Informer

255.61  160.61 400.76 7.29
Dlinear

24426 142.82 377.91 6.95

iTransformer




257.85  153.90 398.98 7.36

FiLM

238.15 134.07 366.15 6.86
TimesNet

364.49  246.95 496.94 10.90
Pyraformer

245.68 151.54 389.28 6.87
PatchTST

261.86 159.23 399.03 7.92
FEDformer

254.69 160.05 400.07 7.06
GPT4TS

Baseline without normalization. A lower value indicates better performance. Bold: the best and the second best.
5.2. Ablation study

The contribution of different features to a model’s performance is assessed by systematically removing or altering them. Table
2 shows the comparison of prediction results with different prompt designs from Case 1 to Case 4. The results highlight the
importance of textual prompts and news selection on prediction accuracy:

Importance of textual prompt. The use of an LLM-based agent in Case 4 significantly enhances performance, suggesting that
integrating news data with an LLM-based agent can improve prediction accuracy. The progressive improvement observed from
Case 1 to Case 2 and then to Case 4 in the ITA-LF model indicates that incorporating diverse data inputs (such as text and news,
with or without agents) consistently boosts forecasting accuracy. The transition from Case 1 to Case 2 demonstrates a slight
improvement in RMSE and MSE metrics when all information is organized in a textual format, indicating that text provides
additional valuable information to capture patterns not evident in purely numeric data. Conversely, the shift from Case 2 to Case
3 results in poorer prediction accuracy due to the inclusion of too much irrelevant news content, which introduces noise and
affects the outcome. This highlights the importance of careful news selection. The results of Case 4 reveal that the most relevant
news articles, after selection, contain valuable information that impacts load demand, such as events or situations not captured by
historical numeric data alone.

Effectiveness of news filtering and selection. The most significant leap in prediction accuracy is observed between Case 3
and Case 4. The only difference between these two cases is applying an LLMs-based agent as a filter to the news content in Case
4, which suggests that filtering allows the model to focus on the most pertinent information, reducing noise and potentially
misleading data that could degrade performance. It is noteworthy that the accuracy improvements are especially pronounced at
the peaks and troughs of the load demand curve. These points are often the most challenging to predict due to their association
with atypical events. The enhanced performance of Case 4 in these periods underscores the value of well-curated data in capturing
extreme scenarios.

Table 2
Performance comparison of various prompts designs.
Prompt design RMSE MSE (x10®) MAE MAPE (%)
337.10 113.64 204.89 5.27
Case 1: only numeric prompt
336.41  113.17 206.08 5.29
Case 2: textual prompt without news
407.86  166.35 250.75 6.84
Case 3: textual prompt with non-filtered news
280.39 78.62 180.96 5.15

Case 4: textual prompt with filtered news

Bold value indicates the best.
5.3. Information from the news driving the performance

Our ablation results highlight two key factors that drive the effectiveness of news integration. First, by comparing LLM-selected
news with raw, unfiltered news, we observe that incorporating causally meaningful events, accompanied by a brief explanation
of their potential impact (e.g., weather disruptions, public gatherings, or policy changes), provides valuable signals for forecasting
non-repetitive load fluctuations. Such information enables the model to reason about likely deviations from historical patterns
based on contextual understanding and increase prediction accuracy. Second, a comparison between region-specific news and
generic news shows that geographic and temporal alignment plays a critical role. News that is directly relevant to the target region
and forecast period yields significantly better predictive performance. Thus, our LLM-based agent is designed to capture both
dimensions by jointly reasoning over event content and its associated metadata (e.g., publication time and location).



Fig. 4 traces how news content, such as coronavirus disease 2019 (COVID-19) lockdowns, anticipated power outages, and
behavioral shifts in residential usage, contribute to the model’s ability to adjust forecast peaks and valleys. Results demonstrate
the practical effect of incorporating effective news content into forecasting models. The “With News” predictions are closer to
the actual values than the “No News” predictions, particularly at critical timestamps where abrupt events significantly influence
load demand:

The effect of incorporating news about the COVID-19 lockdown on predictions. Predictions with news better match the actual
value curve during the sharp decline, suggesting that news about lockdowns is crucial for accurate forecasting.

The effect of incorporating news about the residential behavior. Predictions with news closely match the actual value at the
peak load, implying that it can anticipate the increased demand during peak hours.

The effect of incorporating news about the anticipated power outages. Predictions with news closely mirror the actual
consumption pattern, including the drop in load, suggesting it can effectively incorporate news of such events into its predictions.

True Value No news provided — — — — With news
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Fig. 4. Day-ahead load forecasting cases with and without news contents. The horizontal axis represents the time index (half hour). The predictions are
plotted against the actual load demands in solid blue. Predicted values with news are in dashed green, and predicted values without news are in solid
light blue.

5.4. Predictions in different regions and dates

Fig. 5 shows that our model consistently outperforms all baseline models in aligning with actual values across all Australian
regions and different calendar dates. Among the various regions, ITA-LF particularly excels in capturing peak and valley demands,
while baseline models exhibit varied accuracies and tend to underestimate such loads. The predictions in Tasmania deserve special
attention due to its smaller and more volatile load demand, influenced by specific local conditions such as its reliance on
hydroelectric power. These factors contribute to the increased complexity and difficulty of making accurate predictions in this
region. Nonetheless, our model maintains closer adherence to actual values, highlighting its robustness in dealing with complex
environments.

Fig. 5 also compares day-ahead load forecasting accuracy for various models across different day types, including weekdays
and weekends. The ITA-LF model effectively captures the typical consumption patterns of weekends and weekdays. In contrast,
baseline models, like LSTM, often struggle with volatile weekend load patterns due to changes in human activity. These results
suggest that ITA-LF is more reliable for forecasting load in different regions and dates due to its advanced feature extraction,
ability to capture complex temporal dependencies, and integration of more sophisticated data sources.
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Fig. 5. Day-ahead load forecasting cases of different regions and calendar dates in Australia. The horizontal axis represents the time index (half hour),
while the vertical axis represents the load demand (kW).

6. Conclusions

This paper introduces a novel STLF method—ITA-LF—utilizing advanced LLMs to enhance the prediction of volatile power
system demand by integrating diverse, unstructured data sources, including news on social and economic events for improved
accuracy. Based on LLMs, unstructured data, which come from diverse sources across different modalities, are fully explored to
achieve higher accuracy in load forecasting. For instance, our method adeptly accounts for the volatility spurred by unforeseen
socio-economic developments. Our LLM-enabled agent is systematically designed to curate pertinent load-related news,
bolstering forecasting efficacy. For example, news about unpredictable social and economic events is considered in our approach.
The LLMs-based agent is also designed to select load-related news information and assist in load forecasting.

Our results indicate that using diverse data sources and LLMs significantly improves prediction accuracy and reliability.
Specifically, predictions that incorporate news articles align more closely with real outcomes, especially in response to urgent
events such as traffic accidents, wildfires, pandemics, or lockdowns. This highlights the value of including all relevant real-time
events in models to better reason and anticipate sudden changes in load demand, underscoring the role of context in enhancing
predictive model performance. Moreover, integrating filtered news content into forecasting models with the LLM-based agent
significantly boosts accuracy by filtering for relevance. Overall, our model demonstrates superior adaptability and alignment with
real-world demand across different temporal and geographical dimensions, proving crucial for managing energy supply and
demand amid unforeseen events. This approach marks a paradigm shift in STLF strategies, emphasizing the integral role of



language processing in unifying diverse unstructured information.
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