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Abstract: Theobjective of this study is to construct a large-language-model (LLM)-driven, text-enhanced time
series forecasting framework in which unstructured news information is transformed into informative
exogenous variables for futures price prediction. Unlike conventional pipelines that rely on bag-of-words
statistics and shallow topic/sentiment mining, we leverage the contextual semantic understanding and
reasoning capabilities of LLMs to extract thematic and sentiment signals from a large corpus of futures-related
news headlines. Specifically, each headline is encoded into a high-dimensional semantic embedding by a
pretrained LLM, from which fine-grained topic intensity and directional sentiment (bullish / bearish / neutral
with strength) are derived and fed into the predictor as exogenous features. This paper addresses two critical
design questions: why headlines over full articles, and why futures news over crude-oil-only news. First, news
headlines act as highly condensed summaries that encapsulate the most decision-relevant information; for an
LLM, headlines further mitigate context-length cost while preserving the core semantic and emotional cues,
which is consistent with the headline-based topic-and-sentiment extraction adopted by Li et al. [1-5]. Second,
we select the broader futures-news domain rather than crude-oil news alone because crude-oil-specific headlines
are scarce, and because gold, natural gas and crude-oil futures exhibit well-established cross-commodity
dependencies. To exploit this, we inject these empirical dependencies into the LLM as domain priors via a
retrieval-augmented generation (RAG) module: the model dynamically retrieves established findings —e.g., Sujit
& Kumar (2011), who show that gold-price fluctuations affect the WTI index and that countries’ crude-oil
dependence influences exchange rates and thus the purchasing power of gold, and Villar & Joutz (2006), who
report that a 20% temporary shock to WTI exerts a 5% contemporaneous impact on natural-gas prices [6-9] —
so that the extracted textual features implicitly carry cross-commodity transmission knowledge. This RAG-
based prior injection both compensates for the scarcity of single-commodity news and enriches the information
density of the resulting exogenous variables.
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1. Introduction

Considering the decay effect of indices, we construct a daily sentiment-strength index based on a large
language model (LLM) rather than a conventional BERT classifier. The rapid development of social
media has multiplied the channels through which people publish and consume messages, reflecting a
wide spectrum of emotions and attitudes. Sentiment analysis, a key text-mining technology, employs
computational linguistics to identify, extract, and quantify the affective information embedded in text.
Whereas the conventional BERT framework [18-24] relies on a fixed multi-layer transformer fine-tuned
on labelled data to output a sentiment-polarity probability in [0, 1], its limited parameter scale and
pretraining corpus constrain its ability to fully comprehend the nuanced, domain-specific, and often
implicit sentiment carried by short financial headlines. To overcome this, we adopt an instruction-tuned
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LLM as the sentiment encoder: through carefully designed prompt engineering and a small set of in-
domain instruction-following examples, the LLM performs zero-/few-shot sentiment scoring on each
headline and emits a continuous polarity score between 0 and 1, where lower scores denote more
bearish/negative sentiment and higher scores denote more bullish/positive sentiment. Crucially, the
LLM is prompted to perform chain-of-thought reasoning before scoring, so that the polarity reflects not
merely surface lexical cues but the headline's contextual market implication. The daily sentiment
strength is then obtained by aggregating (e.g., averaging) the LLM-derived sentiment scores of all news
headlines published on that day.

2. Preliminary and Algorithm Process

The textual feature-engineering module of our framework departs from the classical statistical topic-
modeling lineage (LDA — NMF/SeaNMF) and is instead built upon a large language model (LLM)-
driven, multimodal topic-and-sentiment representation pipeline. In this section we first recall the
classical models as conceptual baselines, and then formalize our LLM-based replacement.

2.1 LDA to LLM-based Neural Topic Modeling

LatentLatent Dirichlet Allocation (LDA) is a groundbreaking generative probabilistic model that has
long shaped natural language processing and machine learning. Topic modeling is a form of
unsupervised learning that discovers abstract topics within large volumes of text, and is particularly
useful for understanding the themes permeating large document collections such as digital libraries,
news archives, and online forums [32-35]. However, LDA —and statistical topic models in general —
represents each document as a bag of words and therefore ignores the semantic relationships and
contextual ordering between words; for short, noisy financial headlines this assumption is especially
fragile, and LDA's performance is further known to degrade as the number of topics grows.

To overcome these limitations, we replace LDA with an LLM-based neural topic-modeling paradigm.
Rather than estimating word—topic and topic-document distributions from co-occurrence counts, each
headline is encoded into a contextual semantic embedding by a pretrained large language model—
optionally adapting a decoder-only LLM into a strong text encoder—so that semantically similar
headlines lie close in the embedding space. These embeddings are then dimensionality-reduced and
clustered to induce latent topics, after which a generative LLM produces human-readable, semantically
coherent topic labels and assigns each headline a probabilistic membership over the topic set. This
embedding-then-generate scheme inherits the topic-discovery objective of LDA while encoding
contextual semantics, polysemy, and implicit meaning that the bag-of-words assumption discards,
thereby transforming statistical topics into semantic topics.

2.2 From SeaNMF to a Multimodal LLM Topic-Sentiment Encoder

SeaMNF SeaNMF (Semantics-assisted Non-negative Matrix Factorization for short-text topic modeling)
improves upon LDA by capturing word—context relations within a small window via skip-gram
modeling, negative sampling, and a low-rank (nuclear-norm) factorization of the term—context matrix,
factorizing it into lower-dimensional matrices that represent topics and their document-level weights,
and thereby alleviating the sparsity and ambiguity of short texts [36-39]. While effective, SeaNMF
remains a count-/co-occurrence-driven linear factorization: it relies on a manually constructed
vocabulary, a fixed context window, and shallow statistical regularization, and consequently cannot
model long-range dependencies, domain-specific jargon, irony, or implicit market sentiment in financial
headlines.
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We therefore generalize SeaNMF into a multimodal LLM topic-sentiment encoder that jointly produces
the daily topic-strength and sentiment-strength signals consumed by the downstream predictor. The
three classical techniques of SeaNMEF are re-cast in the LLM paradigm as follows:

® From skip-gram windows to global self-attention. Instead of capturing word—context relations
within a small, fixed window, the LLM's self-attention mechanism models long-range,
bidirectional dependencies across the entire headline, yielding context-aware token and sentence
representations that subsume and extend skip-gram semantics.

® From negative sampling to contrastive / instruction-tuned representation learning. Rather than
contrasting true word occurrences against randomly sampled negatives, we leverage the LLM's
pretrained semantic space—optionally refined by contrastive representation learning and
lightweight instruction tuning—to separate relevant from irrelevant content, providing far
stronger discrimination between salient and noisy headlines.

® From nuclear-norm low-rank factorization to embedding-space soft clustering. In place of
explicitly minimizing the nuclear norm of a term—context matrix to obtain a low-rank topic
structure, we obtain a naturally low-dimensional, semantically organized manifold directly from
the LLM embeddings, on which soft clustering recovers the most prominent topics without hand-
tuned L1/L2 regularization.

Finally, to exploit the fact that futures prices are driven jointly by textual news and numerical price
series, the encoder is embedded in a cross-modality alignment framework: the LLM-derived
semantic/sentiment embeddings (the text modality) and the historical price series (the numerical
modality) are projected into a shared representation space and aligned via cross-modal attention, so
that the most informative news signals are entangled with—and conditioned on—the price dynamics.
This multimodal design upgrades SeaNMF's single-modality, statistics-only topic strength into a
semantically rich, market-aware, and jointly-modeled exogenous feature, which is then passed to the
forecasting module.
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3. Simulation Experience

The objective of this experiment is to construct a semantic representation space from a dataset of news
headlines, which is subsequently exploited for text-mining tasks—specifically, comparing the topic-
modeling performance of an LLM-based neural topic model against the classical SeaNMF and LDA
baselines. Unlike the conventional pipeline, which builds a discrete integer-indexed vocabulary and
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feeds count-based representations into a statistical factorizer, our approach bypasses explicit vocabulary
construction entirely: each headline is mapped directly into a high-dimensional contextual embedding
by a pretrained large language model, and topics are induced by dimensionality reduction and soft
clustering over these embeddings, followed by a generative-LLM topic-representation step.
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Figure 2. Across various numbers of topics, the LLM-based topic model attained consistently higher
and more stable topic-coherence scores than both SeaNMF and LDA, indicating that LLM semantic
embeddings capture the underlying thematic structures of the corpus more faithfully than count-based
factorization or bag-of-words generative models. As depicted in Figure 2, the LLM curve dominates the
SeaNMEF and LDA curves and exhibits markedly lower variance as k varies.

The optimal number of topics was determined to be four, corresponding to the highest coherence score;
this choice is further validated by the distinct and semantically meaningful themes the LLM recovers,
which align precisely with the commodities of interest: crude oil, gold, natural gas, and new-energy
sources [40—-43]. Whereas SeaNMF and LDA represent each topic merely as a ranked list of high-weight
terms, the generative LLM additionally produces a concise, human-readable label and summary for
each of the four topics, and the top-10 representative keywords it surfaces per topic confirm the model's
ability to isolate clearly delineated themes within the textual data. The interconnections highlighted
across these themes reflect the complex cross-commodity relationships within the market.

import numpy as np
from sentence_transformers import SentenceTransformer

encoder = SentenceTransformer("llm-embedding-model")

headlines = [line.strip() for line in open(investing_news, "r")]

embeddings = encoder.encode(headlines, normalize_embeddings=
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np.save(args.embedding_file, embeddings)
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With the optimal number of topics established, the SeaMNF model was utilized to generate a 4H matrix
representing the distribution of the four most relevant topics across the dataset. The conversion of the
H matrix into a probability distribution, as shown in the code snippet, allows for a more nuanced
understanding of the prevalence of each topic within the dataset.
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4. Conclusions

The conclusions drawn from this study signify a substantial advancement in the application of large
language model (LLM)-driven text-mining techniques for time-series forecasting, particularly within
the commodities market. The integration of textual features—topic and sentiment signals derived from
news headlines through an LLM —has proven to be a pivotal asset in enhancing the predictive accuracy
of forecasting models [44—46]. This research has successfully constructed a time-series forecasting
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framework that leverages the LLM-extracted thematic and sentiment information from news headlines
to forecast future market trends, deeply integrating the relational semantics of text into the prediction
pipeline.

The experimental results have conclusively demonstrated the superiority of the LLM-based topic model
over both the classical SeaNMF and the traditional LDA in the context of short-text data such as news
headlines. Whereas SeaNMF mitigates short-text sparsity through skip-gram modeling and negative
sampling, and LDA relies on a bag-of-words generative assumption, the LLM encodes each headline
into a contextual semantic embedding that natively captures long-range dependencies, polysemy,
domain-specific jargon, and implicit market sentiment. Consequently, the LLM-based scheme achieves
higher and more stable topic-coherence scores across various numbers of topics, yielding more accurate
and robust topic extraction than either statistical baseline.

The determination of the optimal number of topics (k = 4) for the LLM-based model has been a critical
finding of this study. This value not only corresponds to the highest coherence score but also aligns with
the distinct and semantically meaningful themes relevant to the commodities market—namely crude
oil, gold, natural gas, and new-energy sources. Beyond ranking representative keywords, the generative
LLM produces human-readable labels and summaries for each of these four themes, underscoring the
model's effectiveness in capturing—and explaining—the thematic structures embedded within the
dataset.

While this study has made significant strides in applying LLM-based text mining to time-series
forecasting, several avenues for future research remain. These include: (i) exploiting retrieval-
augmented LLMs (RA-LLM) and instruction tuning to further sharpen domain-specific financial
sentiment understanding; (ii) integrating real-time / streaming news for intra-day trading strategies,
with LLM-based generative agents reasoning over breaking events as they unfold [47,48]; (iii)
expanding the dataset to a broader range of commodities and financial instruments; and (iv) advancing
toward a multimodal LLM forecasting architecture that jointly aligns textual news embeddings with
numerical price series via cross-modal attention, thereby coupling qualitative market signals with
quantitative dynamics.

In conclusion, this research has successfully demonstrated the potential of LLM-derived textual features
in enhancing time-series forecasting models. The LLM's superior performance in extracting and
interpreting meaningful topics from news headlines, coupled with the construction of daily LLM-based
topic-strength and sentiment-strength indices, positions this study at the forefront of financial text
analytics. The implications of these findings for empirical asset pricing are profound, offering a new,
semantically grounded dimension for understanding and predicting market movements.
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