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Abstract

Recent advances in large language models (LLMs) have raised questions about their
potential role in portfolio allocation beyond traditional sentiment analyses. This study
investigated whether LLMs, when prompted directly, can autonomously generate portfolio
weights that compete with classical optimization and Al-enhanced strategies. We evaluated
seven medium-sized open-source LLMs—Gemma-7B, Mistral-7B, Jansen Adapt-Finance-
Llama2-7B, DeepSeek-R1-8B, QuantFactory Llama-3-8B-Instruct-Finance, Qwen-7B, and
Llama2-7B—using systematic prompt engineering and temperature tuning. Portfolios were
constructed from financial news headlines for S&P 500 equities and benchmarked against
mean—variance optimization (MVO), the Black-Litterman model, Al-driven optimizers,
and naive diversification strategies. The results show that, while LLM-generated portfolios
outperformed naive diversification (Sharpe ratio up to 0.741), they lagged behind Al-
optimized benchmarks (Sharpe ratio up to 1.361). A transaction cost analysis revealed
that low-turnover LLM strategies retain their competitiveness post-costs, surpassing cap-
weighted benchmarks. Statistical tests confirmed significant performance differences
(p < 0.01). These findings highlight the ability of LLMs to extract signals from unstructured
text, but also their limitations without explicit optimization. Future research should explore
hybrid frameworks that combine LLM reasoning with quantitative optimization for cost-
sensitive environments.

Keywords: large language models (LLMs); portfolio optimization; few-shot prompting;
prompt engineering; temperature tuning; risk-adjusted performance; transaction costs

1. Introduction

In recent years, large language models (LLMs) have surged to the forefront of artifi-
cial intelligence research, showcasing an unprecedented performance in understanding
natural language, engaging in complex reasoning, and adapting to tasks with minimal
examples, known as few-shot learning. These advancements have sparked interest across a
broad array of disciplines, including finance, where decision-making traditionally relies on
rigorous mathematical frameworks and data-driven insights. One particularly intriguing
question has emerged: Can LLMs, when explicitly prompted, design investment portfolio
allocations that rival those generated by conventional optimization strategies or more
modern approaches infused with machine learning techniques? If so, this would signal a
paradigm shift, where language-based Al systems could begin to play an active role not
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only in interpreting and providing insights on financial text data, but also in formulating
tactical asset allocation strategies that are competitive, robust, and context-aware.

Building on this context, while prior research has focused on integrating LLM-derived
signals into quantitative optimizers, this study explored whether LLMs can autonomously
generate portfolio weights that balance profitability and risk under realistic constraints. This
question is particularly relevant in regulated financial environments, where frameworks
such as the Dodd-Frank Act (United States), Markets in Financial Instruments Directive II
(MiFID II), and Undertakings for Collective Investment in Transferable Securities (UCITS)
(European Union) demand transparency, reproducibility, and robust risk management.
By benchmarking LLM-driven allocations against classical and Al-enhanced strategies,
we assessed not only their risk-adjusted performance, measured through Sharpe, Sortino,
and CVaR ratios, but also their compliance implications. This positions our work at the
intersection of natural language reasoning, profitability optimization, and regulatory-
grade portfolio design, introducing a new paradigm for cost-sensitive and interpretable
investment strategies.

To explore this possibility, researchers have begun experimenting with prompt en-
gineering as a way to steer LLMs toward portfolio-related tasks, ranging from stock
selection driven by scenario prompts (Huang et al.,, 2024) to hybrid frameworks that
use LLMs to discover allocation heuristics and then apply explicit mathematical weight-
ing rules (Yuksel, 2025). Other studies have shown gains in ChatGPT-assisted (Chat-
GPT based on GPT-3.5) asset selection and diversification when coupled with down-
stream optimizers (Ko & Lee, 2024; Romanko et al., 2023) or metaheuristics (Huang et al.,
2024), and LLM-guided macro/sector allocation using policy and economic text streams
(Heng et al., 2025). These developments collectively indicate that prompt engineering can
produce useful signals and structures for portfolio design, though most approaches ultimately
rely on explicit optimization engines to generate the final weights.

1.1. Research Gap

Previous studies have largely used LLMs for sentiment extraction or as auxiliary
components within hybrid frameworks, relying on downstream optimizers for the final
weight generation. Few works have evaluated LLMs as autonomous allocators producing
complete portfolio weights without mathematical optimization. This paper addresses
this gap by benchmarking LLM-driven allocations against classical and Al-enhanced
methods. To achieve this, we define the specific research objectives before outlining the key
contributions of our work.

1.2. Objectives of this Study
The primary objectives were as follows:

¢ Assess whether LLMs can autonomously generate portfolio allocations that are com-
petitive with traditional and Al-based optimizers.

*  Quantify the impact of prompt engineering and temperature tuning on allocation quality.

¢  Evaluate implementability through a transaction cost analysis and turnover metrics.

1.3. Contributions of this Study

This study contributes to the literature in four key ways:
*  Methodological Innovation: We introduce a framework for direct LLM-prompted
portfolio generation, thus eliminating intermediate optimization layers, and evaluated

prompts/temperatures as inference-time design levers within a cost-aware, statistically
tested backtest.
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¢  Empirical Benchmarking: We provide a comprehensive comparison of LLM alloca-
tions against classical and Al-enhanced optimization benchmarks as well as naive
diversification strategies, quantifying performance gaps.

* Transaction Cost Analysis: We demonstrate how LLM-generated portfolios” low
turnover mitigates the trading cost drag, a previously underexplored advantage in the
use of LLMs for portfolio allocation.

*  Practical Insights: We identified prompt engineering and temperature tuning as
critical levers for improving LLM-generated allocations, offering actionable guidance
for future applications.

Our contribution is primarily empirical and methodological, situated within the
broader literature on LLM-driven portfolio design. Previous studies have explored prompt
engineering for asset selection and hybrid allocation strategies (Huang et al., 2024; Ko
& Lee, 2024; Romanko et al., 2023; Yuksel, 2025), but these approaches generally rely
on downstream optimizers. In contrast, we evaluated LLMs as autonomous allocators,
prompting them to generate complete weight vectors under portfolio constraints and
assessing their implementability relative to established benchmarks.

Methodologically, our approach differs from prior prompt-engineering efforts in three
ways. (i) Standalone allocation: we required LLMs to emit normalized, long-only weights
that sum to one, with no downstream optimizer (contrasting with hybrid prompt and opti-
mizer pipelines (Huang et al., 2024; Ko & Lee, 2024; Romanko et al., 2023)). (ii) Inference-
time tuning: we searched over prompt variants (zero-/few-shot with macro context and
chain of thought) and decoding temperatures to maximize the out-of-sample risk-adjusted
performance, treating prompts as design variables. (iii) Implementability focus: we quanti-
fied turnover and applied transaction-cost haircuts, and we tested the statistical significance
of the Sharpe differences (Leung—Wong) to assess the real-world viability.

To evaluate the efficacy of LLMs in portfolio allocation, we tested seven medium-sized
open-source models: Gemma-7B, Mistral-7B, Jansen Adapt-Finance-Llama2-7B, DeepSeek-
R1-8B, QuantFactory’s Llama-3-8B-instruct-Finance, Qwen-7B, and Llama2-7B. These mod-
els represent a mix of general-purpose and finance-fine-tuned architectures, allowing us
to assess whether domain adaptation improves the performance. We examined their be-
havior across multiple prompt designs, including direct instructions and chain-of-thought
reasoning. We also varied the temperature settings to explore the trade-off between cre-
ative exploration and deterministic output generation. For comparison, we benchmarked
LLM-prompt-generated portfolios against six established strategies: (1) classical optimiza-
tion methods (mean variance optimization (MVO) and Black-Litterman), which rely on
quantitative inputs; (2) Al-enhanced approaches (deep learning MVO and FinBERT Black-
Litterman), combining traditional optimization techniques with machine learning; and
(3) naive diversification strategies (equally weighted and market-cap-weighted portfolios).
This structured comparison helped determine whether LLMs can replicate traditional opti-
mization, leverage unstructured data more effectively than hybrid AI methods, or merely
approximate simple diversification heuristics.

Our findings revealed a clear performance hierarchy, with Al-optimized portfolios
outperforming classical methods and LLM-generated allocations, though LLMs consistently
surpassed naive diversification strategies. While LLMs lack explicit optimization mechanics
and occasionally produce suboptimal weightings, their text-driven approaches demonstrate
an ability to extract useful signals from unstructured financial data. The transaction cost
analysis showed that low-turnover LLM variants can remain competitive in real-world
settings, as their simpler allocations incur fewer trading costs compared to high-turnover
benchmarks. These findings suggest that LLMs may serve as lightweight complements
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to traditional methods, particularly in cost-sensitive environments, though they remain
unable to replace mathematically rigorous optimization frameworks.

1.4. Organization of the Study

The remainder of this article is organized as follows: Section 2 reviews the existing
literature on LLM applications in portfolio allocation while highlighting the research gaps.
Section 3 details our methodological framework, including the transformer architecture
fundamentals and key variations among LLMs (attention mechanisms, normalization
techniques, and activation functions). Section 4 presents our empirical analysis, comprising
a preliminary data analysis, the main results, and a detailed discussion. Finally, Section 5
concludes by summarizing the study’s key contributions and outlining directions for
future research.

2. Literature Review

Artificial intelligence techniques, particularly large language models (LLMs), are in-
creasingly being applied to portfolio construction by extracting actionable insights from
unstructured textual data, including financial news headlines, analyst reports, and so-
cial media content referencing financial assets such as single stocks and indices. Tradi-
tionally, portfolio allocation has relied on mathematical optimization techniques such as
mean—variance optimization (MVO) Markowitz (1952) and the Black-Litterman model
Black and Litterman (1992). However, the emergence of LLMs has introduced new
paradigms for integrating insights from financial text data into portfolio allocation strate-
gies. LLMs have demonstrated strong capabilities in the understanding and generation
of natural language, which has led to their adoption in various financial tasks, includ-
ing, but not limited to, sentiment analyses, financial forecasting, and report generation
Zhao et al. (2024). LLMs offer key advantages for financial applications, including the
ability to process large volumes of real-time text and understanding nuanced financial lan-
guage. Their few-shot and zero-shot capabilities also enable rapid adaptation to new tasks
with minimal labeled data, making them well-suited for dynamic market environments.

Early applications of LLMs in portfolio management focused on sentiment analyses,
treating LLMs as tools to extract qualitative signals from textual data. Models like FInBERT
Araci (2019) were fine-tuned to extract sentiment scores from financial news and social me-
dia networks, which could then be incorporated into traditional optimization frameworks
such as the Black-Litterman model to adjust the expected returns, as implemented by
Colasanto et al. (2022). Their research showed that incorporating an LLM-based sentiment
analysis into quantitative models such as the Black-Litterman model enhances portfolio
construction and leads to higher risk-adjusted returns. Similarly, Kirtac and Germano (2025)
showed that mean—variance-based proximal policy optimization (PPO) integrated with a
sentiment analysis from LLaMA 3 leads to reduced drawdowns and higher Sharpe ratios.
Furthermore, lacovides et al. (2024) constructed a long—short portfolio using sentiment
scores generated by FinLlama, a finance-specific LLM, and demonstrated a superior perfor-
mance under volatile market conditions. These studies collectively illustrate the potential
of LLMs to enhance portfolio strategies by injecting rich qualitative information in the form
of financial text data into quantitative models. However, these applications commonly
position LLMs as preprocessing components, extracting insights from financial text, while
relying on separate optimization engines to make final allocation decisions. This reveals an
important research gap: while LLMs excel at reasoning over complex financial language,
their potential to directly generate portfolio weights remains underexplored.
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To address this gap, our study investigated the direct use of LLMs for generating
portfolio weights through prompting. To the best of our knowledge, no study has prompted
LLMs directly to produce portfolio allocations without integrating it with other portfolio
allocation methods. The existing approaches either constrain LLMs to supplementary
roles within hybrid frameworks (e.g., optimization algorithms or multi-agent systems) or
leverage them for partial tasks in the portfolio pipeline, rather than autonomous end-to-
end allocation. For instance, Huang et al. (2024) used a novel LLM-based multi-objective
evolutionary algorithm (MOEA) named LLM-PC-NSGA-II, where the LLM, guided by well-
structured prompts, generates new solutions while non-dominated sorting and crowding
distance calculations steer the evolutionary process toward optimal portfolio allocations.
While their study was innovative by embedding an LLM within the NSGA-II framework,
the LLM’s role was confined to proposing candidate solutions rather than autonomously
navigating the risk-return landscape to produce portfolio allocations. Moreover, by relegat-
ing the LLM to a “proposal engine”, Huang et al. (2024) did not fully leverage the model’s
contextual reasoning capabilities, as each candidate vector was still evaluated solely on
quantitative objectives, with no feedback loop that allowed the LLM to iteratively refine its
internal understanding of trade-offs.

In addition to the work by Huang et al. (2024), recent studies have explored the use
of LLMs in portfolio construction, though primarily in indirect or auxiliary roles. For
instance, Ko and Lee (2024) showed that ChatGPT can assist with asset selection by apply-
ing diversification-aware heuristics, but their framework ultimately relies on a traditional
mean-variance optimizer to determine the final weights. Likewise, Yuksel (2025) intro-
duced AlphaPortfolio, an LLM-guided evolutionary framework that discovers and refines
allocation strategies by combining inverse covariance weighting, entropy regularization,
and volatility normalization, achieving a 71% increase in the Sharpe ratio over the equally
weighted portfolio. However, this approach requires iterative generation, mutation, and
scoring cycles. In a different study, Luo et al. (2025) proposed an LLM-powered multi-agent
system for crypto asset allocation, where the final portfolio decisions emerge from agent
negotiation rather than direct output generation. While all three methods report promising
results in terms of enhanced diversification (Ko and Lee (2024)), an improved drawdown
resilience Yuksel (2025), and a superior classification accuracy Luo et al. (2025), they also
introduce computational complexity and intermediate optimization layers that obscure the
transparency of weight decisions. In contrast, our work evaluated whether competitive al-
locations can be generated directly through LLM-prompt-based reasoning, without relying
on downstream optimizers, evolutionary algorithms, or multi-agent coordination, thereby
improving the interpretability and reducing the computational overhead.

This study employed seven medium-sized open-source LLMs to generate portfolio
allocations through systematic prompt engineering, progressing from zero-shot to few-shot
formats and varying temperature settings. In the zero-shot configuration, models rely
solely on the descriptive content of the prompt, drawing exclusively on their pretraining
knowledge. However, this often results in suboptimal outputs within financial contexts
Shah and Chava (2023). To mitigate this limitation, few-shot prompting was introduced by
embedding exemplar input-output pairs within the prompt to guide the model behavior
more effectively. This approach has been shown to improve the task performance in
specialized domains, particularly when paired with structured reasoning methods such as
chain-of-thought prompting Diao et al. (2023), Agarwal et al. (2024). Notably, Kojima et al.
(2022) demonstrated that zero-shot chain-of-thought prompting can elicit strong reasoning
capabilities from LLMs, at times rivaling the few-shot performance, especially when the
prompts are carefully designed. In addition to the prompt format, this study explored the
role of temperature, a key decoding parameter that influences the diversity and consistency
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of the model outputs, as emphasized in recent work on reasoning robustness and decoding
dynamics Renze (2024). By jointly varying the prompt structure and temperature, this study
evaluated how different configurations affect the stability, plausibility, and soundness of
LLM-generated allocations, and how these effects may further depend on the underlying
model architecture and training approach.

Building on this prompting framework, the analysis proceeded by evaluating the seven
selected medium-sized LLMs to assess how architectural and training variations influence
their performance under different prompting and temperature settings. All the models
evaluated in this study build upon the foundational transformer architecture introduced by
Vaswani et al. (2017), which underpins large language models through self-attention mech-
anisms and layered token representations. Yet, despite this shared foundation, the models
diverge meaningfully in their implementation details and pretraining objectives. Recent
surveys have highlighted that these differences extend to aspects such as model scaling,
multi-modal integration, and parameter-efficient fine-tuning (PEFT) strategies, all of which
significantly impact the downstream performance and efficiency Ding et al. (2023); Raiaan
et al. (2024); Shao et al. (2024). Additionally, optimal training practices, such as balancing
the model size with the training data volume, have been shown to further enhance model
capabilities while reducing the computational costs Hoffmann et al. (2022).

These differences are reflected in the specific models selected for evaluation. The
selected models included several adaptations of Meta’s transformer-based Llama ar-
chitecture Touvron et al. (2023). One such model is Jansen Adapt-Finance-Llama2-7B
Cheng et al. (2023), a domain-adapted Llama 2-7B variant fine-tuned on financial texts such
as securities and exchange commission (SEC) filings and earnings call transcripts. Another
is QuantFactory Llama-3-8B-Instruct-Finance-RAG, an instruction-tuned model designed
for financial question answering using retrieval-augmented generation (RAG) techniques
QuantFactory (2024). The baseline Llama 2 (7B), which uses standard multi-head self-
attention and layer normalization (LayerNorm), was also included for comparison. The
other models tested included Google’s Gemma-7B Team et al. (2023), which employs root
mean square layer normalization (RMSNorm); DeepSeek-R1-8B DeepSeek-Al (2025), which
integrates reasoning-aware pretraining objectives; Mistral-7B Chaplot et al. (2023), which
incorporates grouped-query attention; and Alibaba’s Qwen-7B Qwen (2024), which fea-
tures sparse attention mechanisms. These models were selected to capture a range of
architectural and training differences, such as the attention design, normalization schemes,
and domain-specific pretraining, thereby enabling a comprehensive evaluation of how
model-specific features influence the performance in portfolio allocation tasks.

Despite a growing body of work that leverages large language models as either signal
generators for downstream portfolio optimizers or components within hybrid frameworks
and multi-agent systems, there remains a notable absence of studies that treat LLMs as
fully autonomous portfolio allocators. In existing approaches, LLMs provide sentiment
scores or candidate solutions for genetic algorithms, but the ultimate translation of these
outputs into precise weight vectors is invariably handled by traditional mathematical or
algorithmic optimizers. Consequently, the inherent reasoning capabilities and contextual
understanding embedded within LLMs have not been directly tested against the core deci-
sion problem of portfolio allocation. This paper fills that gap by systematically prompting
seven medium-sized, open-source LLMs, each with distinct architectural features, atten-
tion mechanisms, and domain adaptations, to produce complete allocation vectors under
varied prompt designs and temperature settings. By benchmarking these LLM-generated
portfolios against classical optimization benchmarks and naive diversification strategies,
we not only quantified the extent to which an LLM can internalize risk-return trade-offs,
but we also identified the prompt characteristics and model attributes that most strongly
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influence the allocation quality. In doing so, we established a new paradigm for inte-
grating natural-language reasoning directly into the asset-allocation process, laying the
groundwork for hybrid or fully LLM-driven portfolio strategies in future research.

3. Methodology

We designed a cost-aware, reproducible framework to test whether large language
models (LLMs) can autonomously generate long-only portfolio weights from financial text
and how those allocations compare to classical and Al-enhanced optimizers. The pipeline
comprised the following: (i) model selection and rationale, (ii) inference-time optimization
via prompt engineering and temperature tuning, and (iii) backtesting against benchmarks
with turnover and transaction costs. This structure isolated LLM reasoning from down-
stream optimizers to directly assess its allocation capability and practical implementability.

3.1. Data and Universe

To capture market narratives, we aggregated financial news headlines and articles
referencing S&P 500 constituents. These texts were sentence-tokenized, ticker-annotated,
and formatted into chronological prompts for LLM input. In parallel, historical price
data for the same stocks supported benchmark portfolio construction and backtesting.
Both datasets spanned two non-overlapping periods: (i) prompt tuning (in-sample) from
1 January 2016 to 31 December 2021 and (ii) evaluation (out-of-sample) from 1 January
2022 to 31 March 2025. A 50-stock universe was selected by mention frequency to ensure
liquidity and realistic coverage. This dual-data design enabled LLMs to infer signals from
text while allowing for a rigorous performance comparison using price-based metrics.

3.2. Model Set and Architectural Rationale

Building on this data foundation, we evaluated seven decoder-only transformer LLMs
(Gemma-7B, Mistral-7B, Llama-2-7B, Adapt-Finance-Llama2-7B, DeepSeek-R1-8B, Qwen-
7B, and QuantFactory Llama-3-8B-Instruct-Finance). All share masked self-attention for
autoregressive generation (attention mechanism as per Vaswani et al. (2017)):

Attention(Q, K, V) = softmax QK \% (1)
7 / @ 7

where Q, K, and V are the query, key, and value matrices, and dj, is the key dimension.
Despite sharing the core transformer architecture, these seven LLMs differ in ways that
can materially impact the portfolio allocation performance. As summarized in Table 1,
variations in attention mechanisms (e.g., multi-head versus grouped-query), normalization
and activation functions, and domain-specific fine-tuning introduce meaningful hetero-
geneity. These design choices influence how each model interprets financial prompts and
translates textual signals into weight vectors. Understanding these architectural differences
is essential for interpreting the performance outcomes and benchmarking the allocation
quality across models.

3.3. Prompt Engineering and Temperature Tuning

While architectural components define a model’s inherent capabilities, their practical
performance in financial applications depends critically on generation settings like the
temperature (7) and prompt-engineering strategies. To mitigate prompt sensitivity, we
employed a systematic prompt-temperature tuning framework across multiple configu-
rations, ensuring reproducibility and minimizing subjective bias. These inference-time
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configurations work in tandem to transform raw logits z € R (where V is the vocabulary
size) into controlled probability distributions through temperature-scaled softmax:

P(wi|x) _ exp(zi/r)

— o/t 2
Z]V:l exp(z;j/T) @

where z; is the logit for token i, T is the temperature parameter, and V is the vocabulary
size. The temperature parameter T modulates the prediction entropy across a risk spectrum
that directly corresponds to financial decision-making paradigms:

e 7 — 0": Deterministic arg max(z) selection (zero entropy) for regulatory-grade precision;
* 0.2 <1 <0.6: Structured outputs (moderate entropy) for balanced portfolio analyses;
* 0.6 < T < 1.0: Fluid generation (elevated entropy) for scenario exploration;

e T > 1.0: Exploratory sampling (high entropy) for stress-testing extreme cases.

Table 1. Summary of LLM architectures, training data, and domains.

Model Parameters Attention Activation/Norm Training and Fine-Tuning Domain
Gemma-7B 7B Multi-head (16 heads) GeGLU/RMSNorm 6T tokens (web, code, math)
Mistral-7B 7.2B Grouped-query, sliding window  SwiGLU/RMSNorm ~8T tokens (multilingual web, code)
Llama-2-Chat-7B 7B Multi-head (16 heads) SwiGLU/RMSNorm 5 OZE\;;)rl:ens (web + code); general
Adapt-Finance- . . Fine-tuned on financial documents
Llama? 7B Multi-head (16 heads) SwiGLU/RMSNorm using QA-style prompts

Qwen-7B 7B %[%lgl;ggfe %)(32 heads, SwiGLU/RMSNorm 2.4T tokens (web, books, code, math)
DeepSeek-R1-8B 8B Qwen-like attention (32 heads) SwiGLU/RMSNorm erlziﬁ;elcelSon 800 K reasoning/math
Llama-3-8B- Multi-head (32 heads, NTK . Fine-tuned on ~4 K financial Q&A
Instruct-Finance 8B scaled) SwiGLU/RMSNorm prompts with retrieval

This temperature-risk continuum is operationalized through a structured prompt-
engineering framework that identifies the optimal prompt-temperature pair for each
LLM. Starting with a baseline zero-shot instruction (e.g., “You are a quantitative portfolio
manager. Adjust weights to maximize the Sortino Ratio and factor in news”), the framework
iteratively explores alternative phrasings and few-shot examples that incorporate domain-
specific allocation patterns, as shown in Appendix A. The prompts were constructed from
chronologically ordered headlines within each rebalancing window. Headlines were added
sequentially toward each model’s token limit; in practice, we did not hit the limits because
the prompts used individual sentences (NLTK-extracted) rather than full paragraphs,
ensuring consistency across models. Older news was not decayed, but ordering preserved
the temporal context. This systematic search ensured configurations that deliver both a
strong risk-adjusted performance and financially coherent outputs. Few-shot prompts
anchor their responses in quantitative reasoning, while temperature tuning (t) modulates
the output variability, balancing deterministic precision with creative diversification.

To formalize this search for optimal configurations, we imposed standard portfolio
constraints and defined an optimization objective over the prompt-temperature space.
First, the model-generated weight distribution was normalized to satisfy valid portfolio
allocation requirements:

N
Y wi=1 w;>0 Vie{l,.,N}, 3)
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where w; is the weight of asset i and N is the number of assets. The focus of this study
was to evaluate LLMs under realistic portfolio feasibility constraints (Ef\il w; =1, w; > 0),
which were enforced during post-processing to ensure comparability across strategies.
Although these constraints were included in the prompts, minor deviations occurred due
to probabilistic generation. To guarantee strict feasibility and regulatory-grade validity,
normalization was applied where necessary. The raw outputs were analyzed, and the
results indicated that most LLM allocations required only minimal adjustments, with very
small percentages needing normalization. This suggests that, on average, the models
inherently respect the feasibility constraints, even without post-processing. Table A2
in Appendix A summarizes these diagnostics, showing that better-performing models
generally required fewer corrections. Non-feasible percentages in Table A2 represent the
proportion of rebalancing instances where raw weights violated the specified constraint,
averaged across all out-of-sample dates. Next, the optimal prompt x* and temperature *
were selected by maximizing the expected Sortino ratio:

(x*,7") = argmax E[Sy, x ] 4)
xeP,TeT

where x* and 7* are the optimal prompt and temperature, and S, ¢ is the Sortino ratio
for model m under configuration (x, T). P is the prompt set and 7 = {0.2,04,...,1.0}
spans the temperature grid. Once identified, these settings were applied in an out-of-
sample evaluation. All the reported evaluations and comparisons were conducted under
an identical prompt template for each LLM to ensure fairness. However, we acknowledge
that the results are sensitive to the prompt design; alternative prompts could yield different
performance rankings. This sensitivity underscores the importance of prompt engineering
as a critical factor in LLM-based portfolio construction. The complete workflow, from
data preprocessing through prompt-temperature tuning and evaluation, is summarized in
Algorithm 1.

3.4. Portfolio Construction and Benchmarks

By leveraging the tuned configurations, monthly rebalancing converted the LLM out-
puts into portfolio time series. These portfolios were benchmarked against three categories:

*  C(lassical optimizers:

- Mean-Variance Optimization (MVO):
We adopted a Sharpe-like objective to approximate the efficient frontier under
long-only constraints:

Tw—r N
W' w i=1

max
w

where u € RN is the expected return vector, & € RN*N is the return covariance
matrix, ¢ is the annualized risk-free rate, and w is the long-only, fully invested
portfolio weights. The objective maximized excess return per unit risk, consistent
with the Markowitz framework, and was solved via quadratic programming
under the rebalancing schedule and transaction cost model in Section 3.5.

—  Black-Litterman (BL):
The BL framework combines equilibrium returns with investor (or signal-derived)
views. Let IT denote equilibrium (implied) returns, P the K x N pick matrix
selecting K views over N assets, § € RX the view vector, and QO € RK*K the
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(diagonal or full) covariance of the view uncertainty. A common closed form for
posterior returns is as follows:

L = ( (TZ)_1 + PTQ_lP)_l((TZ)_lﬂ + PTQ_lq), (6)

where T > 0 scales the prior (equilibrium) uncertainty and ¥ is the asset-return
covariance matrix. (We followed the standard BL convention in which T down-
weights the confidence in equilibrium returns relative to the views; (2 encodes
the reliability of each view.) The posterior ypy is then used within the same
long-only MVO routine (Equation (5)) to obtain the weights. In our Al-enhanced
BL benchmark, sentiment-derived views (FInBERT) populate g, holding P, (),
and 7 fixed across strategies for comparability.

Algorithm 1: LLM portfolio allocation: tuning and evaluation.

Input :News corpus D; model set M; prompt set P; temperature grid 7; tuning
window Wiy; evaluation window Wyt; constraints C (long-only, budget,
caps); cost rate Ay; rebalancing schedule R

Output: For each m € M: portfolio weights {wgm)} and performance metrics
Data preparation
Format D into chronological prompts; define the 50-stock universe; align price
series for backtesting;
for each model m € M do
Stage A: Prompt-Temperature tuning on W,
for each prompt p € P do
for each temperature T € T do
for each rebalance date t € Wiy, with schedule R do
wi™ < LLMAllocate(m, p, T, prompt(t));
w; < NormalizeToFeasible(w[*",C);

end
Sm,p,c < Sortino ({wi }rew, );
end
end
(p*, %) < arg max Sm,p,t

(pT)EPXT
Stage B: Out-of-sample evaluation on Wyt
for each rebalance date t € Wyt with schedule R do
wi? < LLMAllocate(m, p*, T*, prompt(t));
w; < NormalizeToFeasible(w[*V,C);
Turnover; < Y, |w;; — wi—1;
TC; < At - Turnovery;
rhet rtgross —TCy;
end
Summarize {Sharpe, Sortino, Omega, CVaRSharpe, Turnover} over Wout;
end
Benchmarks
Construct MVO, BL, Deep-Learning MVO, FinBERT-BL, EW, CapW with identical
universe, schedule, and costs;
Compare
Apply Leung-Wong tests to Sharpe ratios across all strategies; rank by post-cost
metrics;
return portfolios and comparative statistics
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¢  Al-enhanced optimizers:

—  Deep Learning MVO: A GRU-based model predicts y; and X; dynamically, opti-
mizing the Sharpe ratio under turnover constraints.

-  FinBERT BL: FinBERT sentiment scores replace g in the BL framework, injecting
text-derived signals into the expected returns.

*  Naive baselines: Equally weighted (EW) and market-cap-weighted (CapW) portfolios.

All strategies shared the same universe and rebalancing schedule for comparability.

3.5. Transaction Cost Model

We applied a simple, implementable transaction cost model based on portfolio
turnover. Let w; denote the portfolio weights after rebalancing at time ¢, and w;_; the
weights before rebalancing. One-period turnover is defined as the ¢; change in weights:

N
Turnover; = Z|wt,i —wp_1|. (7)
i=1
Given a per-unit cost rate A;. (we used 10 bps per trade), the transaction cost haircut at
time t is as follows:
TC; = A4 - Turnover;. (8)

The net portfolio returns are computed as follows:

et = 80 TCy, )
where 1¥°% is the pre-cost portfolio return for the period. We report the annualized
turnover as the time-average of Turnover; scaled to the annual frequency under the chosen
rebalancing schedule (monthly in our study). This model ensures comparability across
strategies and directly links the trading intensity to the realized performance.

3.6. Backtesting and Metrics

Finally, we assessed the real-world viability through cost-aware backtesting. The
performance was summarized using the Sharpe, Sortino, Omega, and CVaR Sharpe ratios.
The statistical significance of the differences was tested via Leung-Wong Sharpe equality
tests. (The full details and p-value matrices appear in Section 4) This integrated design
directly evaluated the LLMs’ ability to convert textual reasoning into actionable allocations,
while accounting for feasibility and trading frictions. It highlights three dimensions: (a) rea-
soning quality, (b) sensitivity to the prompt and temperature, and (c) implementability
under realistic cost constraints, factors often overlooked in gross performance comparisons.
Figure 1 summarizes the overall methodology, illustrating how the LLM-driven portfolios
were constructed and benchmarked against traditional and Al-enhanced strategies.
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Figure 1. Cost-aware LLM portfolio allocation framework.

4. Empirical Analysis

This section conducts an in-depth empirical evaluation of LLM-prompt-based portfolio
strategies, covering data preparation, prompt optimization, and performance benchmark-
ing. Using a multi-stage approach, it assesses how different prompt and temperature
configurations affect the portfolio outcomes, comparing LLM-generated allocations to
optimized strategies in terms of both pre-cost and post-cost risk-adjusted metrics.

4.1. Preliminary Data Analysis

This study used two different types of data; text data and numerical data. Text data
were in the form of financial news and headlines, while numerical data were in the form of
historical share prices.

4.1.1. Financial Text Data

The financial text data were collected from various sources, including the Ashraq
Financial Headlines Dataset (accessed: 26 May 2025) (https:/ /huggingface.co/datasets/
ashraq/financial-news) and the FNSPID Financial News Dataset (accessed: 26 May 2025)
(https:/ / github.com/Zdong104/FNSPID_Financial_News_Dataset), and more recent news
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was collected from NewsAPI (accessed: 26 May 2025) (https://newsapi.org/). A total of
41,523 financial text data points were obtained from 1 January 2016, to 31 March 2025 (an
average of 18 financial text data points per trading day) and used by the LLMs as the input
for their asset allocation prompts. Although the dataset was curated for consistency, this
design choice prioritized reproducibility over raw realism. Future research should validate
the findings on live, heterogeneous news streams.

To provide some insight into the composition of the financial text data, Figure 2
displays the word frequency for the top nine portfolio stocks by market value. A darker
blue shading of a word indicates a higher frequency of mentions, while lighter blue signifies
a lower frequency of mentions of the word in relation to that specific stock. The figure
reveals that words such as “positive”, “sentiment”, “stock”, “risk”, “market”, “earnings”,
and “potential” appeared more frequently in sentences or headlines mentioning these
stocks. This pattern may be due to the market’s focus on evaluating company performance,
investor sentiment, and growth prospects when discussing high-value stocks. The pattern
also indicates a tendency in financial news to emphasize optimistic outlooks, potential
risks, and stock- and market-related themes, reflecting the broader discourse around these
prominent stocks.

NVDA [clelolc/ B AAPL LLY

positive ~ sentiment stock potential positive  senfiment  stock | potential positive | potential year market positive year potential | market

risk growth | performance | year eamings. risk growth year sentiment | risk  ||performance sentiment | eamings | performance | over
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market.

Figure 2. Word frequency by stock (top 9 portfolio stocks by market cap).

4.1.2. Financial Text Data Preparation for LLM Integration

As shown above, the financial text data were well-suited for LLM prompts due to
their comprehensive coverage, market sentiment insights, and mentions of stocks in the
portfolio. Before the LLMs processed these financial text data, they underwent a four-stage
preparation pipeline before being utilized in the LLM prompts:
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Stage 1: Data Augmentation. While the Ashraq Financial Headlines Dataset and FNSPID
Financial News Dataset provided a foundation for our dataset, their outdated na-
ture (last updated in January 2024) necessitated supplementation with more recent
financial news. To achieve this, we utilized the NewsAPI service to collect the most
up-to-date financial news, extending our dataset into the year 2025.

Stage 2: Sentence Extraction. The second stage involved segmenting articles into sentences
using Python (Version 3.10.11) Natural Language Toolkit (NLTK) tokenizers. We
also utilized custom regular expression (RegEx) patterns to identify stock tickers
and company names in a case-insensitive manner. For pre-annotated datasets (e.g.,
Ashraq Financial Headlines Dataset), this step was skipped.

Stage 3: Data Aggregation. In the third stage, we combined the extracted sentences from
unstructured sources with pre-annotated headlines. The resulting unified dataset
spanned from 1 January 2016 to 31 March 2025 and comprised 41,523 text entries,
averaging approximately 18 entries per trading day. All the entries were standardized
with stock code annotations to ensure consistency.

Stage 4: LLM Input Preparation. The final preprocessing stage formatted the dataset
for LLM compatibility through chronological ordering and model-specific prompt
templates. Entries were standardized with timestamps in days and validated for
reproducible results across different LLMs. This structured approach ensured fair
benchmarking while accommodating each model’s unique tokenization and format-
ting requirements.

This preprocessing pipeline ensured that the LLMs received comprehensive and
equity-specific text data for use in asset allocation prompts. The time-based coverage
(2016—2025) provided both recent market sentiment and long-term financial context for
more robust asset allocation decisions.

4.1.3. Numerical Data

While the LLM-prompt-based portfolio strategies did not rely on numerical data in the
form of historical share prices for their initial construction, historical share price data played
a crucial role in backtesting their performance and in constructing benchmark portfolios
such as the mean—variance optimization (MVO) and Black-Litterman models. We used a
portfolio of 50 stocks selected based on their mention frequency in our combined dataset
(Ashraq, FNSPID, and NewsAPI). While this approach naturally weights toward large-cap
stocks that dominate financial news, the portfolio size ensures meaningful diversification
and the 50-stock threshold prevents overconcentration while providing statistically robust
backtesting results. These selection criteria allowed the LLMs to effectively leverage the
prevailing market sentiment while maintaining a balanced representation of the investment
universe. Figure 3 illustrates the distribution characteristics of the 50 portfolio stocks,
emphasizing key properties such as their skewness, kurtosis, and central tendency measures
in their return distributions.

The figure reveals deviations from normality and different dispersion patterns across
the portfolio stocks. The annualized return versus annualized risk scatter plot reveals a
positive relationship between annualized returns and volatility, with most stocks having
an annualized return of less than 30% and an annualized volatility of less than 40%. The
positive slope of the overall relationship confirms that investors are generally compensated
for bearing additional risk, although the outliers demonstrate how non-systematic factors
such as sector momentum (NVDA and TSLA, for example) can dominate individual
stock behavior. The skewness versus kurtosis plot reveals that portfolio stocks exhibit
excess kurtosis between 5 and 15 on average, indicating returns with fatter tails and a
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sharper peak than a normal distribution. Additionally, most stock returns display negative

skewness, suggesting that investors may experience frequent small gains, but occasional
large losses. Notably, stocks like NFLX, CVX, and MCD show an extremely high excess
kurtosis (exceeding 25), signaling a heightened tail risk. NFLX also stands out with a

pronounced negative skew (below —1.5), reflecting a higher likelihood of severe downside

moves compared to the upside potential.
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Figure 3. Distributional characteristics of portfolio constituents: (a) demonstrates the risk-return

trade-off across assets, while (b) highlights non-normal distribution properties through skewness

and kurtosis measures.
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Prompt Evaluation Dataset|

4.2. Choosing the Best LLM Prompt: Multi-Prompt Temperature Tuning

The initial phase of employing large language models (LLMs) for portfolio allocation
involved the selection of optimal prompt formulations and model parameters to maximize
the output quality. Among the key parameters, particular attention was given to the
model temperature, which governs the trade-off between deterministic behavior and
creativity in the model’s generated responses. To systematically evaluate these factors, we
employed a dedicated prompt-tuning dataset encompassing multiple prompt variations
and temperature settings across diverse LLM architectures. Our evaluation framework
included seven prominent and finance-fine-tuned models: Gemma-7B, Mistral-7B, Jansen
Adapt-Finance-Llama2-7B, DeepSeek-R1-8B, QuantFactory’s Llama-3-8B-instruct-Finance,
Qwen-7B, and Llama2-7B. This comprehensive approach enabled the identification of
optimal configurations, specifically the ideal prompt version coupled with its corresponding
temperature setting, while maintaining rigorous methodological standards through the
strict segregation of prompt tuning and evaluation datasets to prevent overfitting.

Six distinct prompt templates (prompt descriptions provided in Appendix A) were
evaluated across a temperature spectrum ranging from 0.2 to 1.0, enabling a comprehensive
assessment of how varying degrees of stochasticity affect the model performance. This
evaluation was conducted on the prompt-tuning dataset, which spanned from 1 January
2016 to 31 December 2021, as shown in Figure 4 below.

2022-01-01 to 2025-03-31
3.25 years)

Prompt Tuning Dataset

2016-01-01 to 2021-12-31
(6 years)

2016

2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 4. Dataset split: prompt tuning and prompt evaluation.

The empirical results of these experiments, presented in 3-D plots of Sortino ratios
against the prompt-temperature combinations for each LLM, are shown in Figure Al
in Appendix A. These plots provide evidence for selecting the most effective prompt-
temperature combinations for each LLM, which are then be used to construct LLM-prompt-
based portfolios. Figure Al shows that lower temperature settings, specifically within the
range of 0.2 to 0.6, yield higher risk-adjusted returns, as measured by the Sortino ratio.
Additionally, Prompt 3 and Prompt 5 resulted in higher average Sortino ratios compared to
the other prompts. The superior performance of Prompt 3 and Prompt 5 stemmed from
two key factors: (1) their incorporation of the macroeconomic context, enabling better
market-wide reasoning, and (2) structured instructions (e.g., “identify key themes” and
apply “chain-of-thought” reasoning) that forced the systematic decomposition of news
into investment factors. These elements transformed LLMs from passive processors into
analytical portfolio constructors, mirroring professional investors” decision frameworks.
The combination of a broader economic context with step-by-step reasoning requirements
proved particularly effective for generating risk-adjusted allocations.

Among the evaluated models, the Mistral-7B, QuantFactory’s Llama-3-8B-instruct-
Finance, and Gemma-7B LLMs demonstrated a superior performance, achieving the highest
Sortino ratios on average. In contrast, Deepseek-R1-8B underperformed across multiple
prompts and temperature settings, indicating its relative inefficiency in the tested scenarios.

https://doi.org/10.3390/jrfm19050320


https://doi.org/10.3390/jrfm19050320

J. Risk Financial Manag. 2026, 19, 320

17 of 25

These findings suggest that model selection, prompt design, and temperature tuning
play critical roles in optimizing risk-adjusted returns. Table 2 shows the best-performing
combinations of prompts and temperatures across all models, determined by analyzing
both the highest average Sortino ratios per prompt at specific temperatures and the highest
average Sortino ratios per temperature for specific prompts. The configurations presented
represent the optimal performance conditions for each model.

The resulting portfolios, constructed using these optimal combinations, were evalu-
ated on out-of-sample data (1 January 2022-31 March 2025, as shown Figure 4) against
benchmark portfolios. A comparative performance analysis follows in the next section.

Table 2. Optimal prompt and temperature combinations by model.

Model Temperature Prompt Sortino
Mistral-7B 0.40 Prompt 3 1.6252
QuantFactory_Llama-3-8B-Instruct-Finance  0.60 Prompt 3 1.5876
Gemma-7B 0.60 Prompt 1 1.5812
Llama2-7B 0.40 Prompt 5 1.5286
Jansen_adapt-finance-Llama2-7B 0.20 Prompt 5 1.4325
Qwen-7B 0.40 Prompt 6 1.3505
Deepseek-R1-8B 0.60 Prompt 3 1.2247
4.3. Results

The performance of the LLM-prompt-based portfolios, constructed using optimized
prompt versions and temperature configurations, was evaluated against three distinct
benchmark categories: Al-optimized portfolios, classical optimization approaches, and
naive diversification strategies. The Al-based benchmarks included a deep learning MVO
portfolio that employed a gated recurrent unit (GRU) neural network trained to maximize
the Sharpe ratio through dynamic asset allocation with monthly rebalancing, and a Fin-
BERT Black-Litterman portfolio that generates asset views using sentiment scores derived
from the FinBERT large language model. Classical benchmarks consist of a standard Black-
Litterman model using historical return means as views and a traditional mean-variance
optimization approach set to maximize the Sharpe ratio. Naive diversification benchmarks,
such as equally weighted and market-cap-weighted portfolios, were included as fundamen-
tal baselines to assess whether more sophisticated methods provide meaningful advantages
over simple diversification strategies. This comprehensive comparison framework allowed
for a robust evaluation of whether LLM-generated portfolios can outperform established
quantitative optimization approaches and naive diversification portfolios.

4.3.1. Portfolio Performance: Pre- and Post-Transaction Cost

Table 3 summarizes both the pre- and post-transaction-cost results, offering a com-
prehensive view of the risk-adjusted performance across all portfolio categories. A clear
hierarchy emerged: Al-optimized portfolios, particularly deep learning MVO and FInBERT
Black-Litterman, achieved the highest Sharpe and Sortino ratios, outperforming both
classical optimizers and all LLM-generated strategies. Among the classical benchmarks,
the Black-Litterman model continued to outperform mean-variance optimization (MVO),
while both exceeded the naive diversification baselines. Within the LLM-prompted group,
QuantFactory Llama-3-8B-Instruct-Finance delivered the strongest pre-cost performance
(Sharpe = 0.741; Sortino = 1.087). More importantly, it retained most of its advantage
after the transaction costs (Sharpe = 0.708; Sortino = 1.038) due to its exceptionally low
turnover (0.238). Similarly, Gemma-7B and Mistral-7B, characterized by limited rebalancing,
displayed a relatively stable post-cost performance, highlighting the advantage of cost
efficiency through lower trading frequency. By contrast, Qwen-7B and DeepSeek-R1-8B
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experienced the steepest deterioration in their Sharpe ratios once the costs were applied,
falling by more than 20%, a direct consequence of their higher turnover and reactive
allocation behavior.

Transaction costs exert a material and redistributive effect on portfolio rankings.
While all the strategies experienced reduced Sharpe and Sortino ratios once costs were
included, the magnitude of this decline varied sharply with turnover. High-frequency or
naive strategies such as cap-weighted and equally weighted portfolios suffered the largest
deterioration (Sharpe drops of 14% and 19%, respectively). In contrast, low-turnover LLM
portfolios—notably QuantFactory, Gemma-7B, and Mistral-7B—preserved much of their
gross performance, narrowing the performance gap with classical optimization methods.
The resulting post-cost ranking shifted slightly as turnover-efficient LLMs climbed closer to
mid-tier classical models. Deep learning MVO remained the overall leader (Sharpe = 1.319
post-cost), followed by FInBERT Black-Litterman (0.921) and classical Black-Litterman
(0.760). However, QuantFactory Llama-3-8B achieved a net Sharpe ratio comparable to
classical MVO, underscoring how the transaction-cost sensitivity can materially influence
the realized performance.

Table 3. Performance metrics by optimization strategy (pre- and post-transaction costs).

Sharpe Sortino

Portfolio/Model Type Sharpe (Post-Cost) Sortino (Post-Cost) Turnover

Deep Learning MVO AI-Optimized 1.361 1.319 2.002 1.937 0.488
Benchmark

FinBERT Black-Litterman % Optimized 0.998 0.921 1.480 1.365 0.534
Benchmark

Classical Black-Litterman  Classical Benchmark  0.827 0.760 1.193 1.097 0.491

Classical MVO Classical Benchmark  0.751 0.713 1.143 1.084 0.502

QuantFactory Llama-3-8B-

Instruct-Finance LLM Prompt 0.741 0.708 1.087 1.038 0.238

Gemma-7B LLM Prompt 0.609 0.580 0.869 0.827 0.189

Mistral-7B LLM Prompt 0.602 0.576 0.858 0.822 0.161

Cap-Weighted Naive Benchmark 0.615 0.530 0.881 0.759 0.695

Llama2-7B LLM Prompt 0.588 0.522 0.836 0.742 0.450

Jansen

Adapt-Finance-Llama2-7B LLM Prompt 0.572 0.510 0.825 0.736 0.440

Qwen-7B LLM Prompt 0.611 0.490 0.856 0.687 0.845

Equally Weighted Naive Benchmark 0.575 0.466 0.818 0.663 0.761

DeepSeek-R1-8B LLM Prompt 0.427 0.383 0.661 0.592 0.473

These findings emphasize that turnover control is a decisive determinant of real-
world portfolio viability. In low-turnover environments, LLM-driven strategies can offer
cost-resilient allocations that remain competitive with traditional optimizers, even when
their pre-cost efficiency appears inferior. To illustrate this turnover—allocation relationship,
Figure 5 presents the composition of the best-performing LLM portfolio, QuantFactory
Llama-3-8B-Instruct-Finance, during the November 2024 rebalancing period.

As shown in Figure 5, the portfolio exhibited substantial concentration in NVDA,
AAPL, and JPM (collectively exceeding 31%), indicating correlated exposures and lim-
ited diversification. Minimal weights (approximately 0.7%) across more than 30 assets
contributed little to efficiency while adding rebalancing frictions that can erode the net
performance. This allocation pattern reflects the model’s selective bias toward highly
capitalized technology and financial equities; this is an LLM-driven tendency that mirrors
the sentiment intensity in financial headlines.

Overall, risk-adjusted metrics decline across all strategies when costs are applied, but
the magnitude of this decline varies sharply with turnover. Al-enhanced optimizers such
as deep learning MVO and FinBERT Black-Litterman remain resilient despite moderate
turnover, whereas classical optimizers experience a steeper deterioration. Naive diver-
sification methods perform the worst due to a persistently high turnover. In contrast,

https://doi.org/10.3390/jrfm19050320


https://doi.org/10.3390/jrfm19050320

J. Risk Financial Manag. 2026, 19, 320

19 of 25

Portfolio Weight

several LLM portfolios—notably QuantFactory, Gemma-7B, and Mistral-7B—maintained a
competitive post-cost performance, in some cases surpassing the cap-weighted benchmarks
through their implicit cost-efficiency and restrained trading intensity.

Stock Weights in Portfolio (2024-11-01)
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Figure 5. Portfolio weights for QuantFactory Llama-3-8B-Instruct-Finance during November 2024
rebalancing.

4.3.2. Statistical Significance

While the results show that some LLM prompt portfolios perform better than naive
diversification portfolios while underperforming compared to Al-optimized and classical
optimization benchmarks on a risk-adjusted basis, these comparisons of performance do
not tell us if the differences are statistically significant. The Leung—Wong test addresses this
by testing if the difference in the Sharpe ratios between any two portfolios is statistically
meaningful. Figure 6 below shows the results of the Leung—Wong Sharpe ratio equality
test, which reveals statistically significant differences in the Sharpe ratios across portfolios.

Nearly all pairwise comparisons, including those between benchmarks and LLM
prompt portfolios, showed overwhelming significance (p < 0.01), indicating that these
performance gaps are highly unlikely to arise by chance. For comparisons with marginally
higher p-values, such as the 0.019 difference between Qwen-7B and Gemma-7B, we applied
the conventional 5% threshold (p < 0.05) to assess significance. While these cases represent
weaker evidence than the p < 0.01 results, they still meet the standard for statistical sig-
nificance in financial research, suggesting meaningful performance distinctions. Together,
these findings robustly confirm that some LLM prompt portfolios outperform naive diver-
sification portfolios while being outperformed by Al-optimized and classical optimization
benchmark portfolios, highlighting the importance of explicit mathematical optimization
in portfolio allocation, something that LLM prompt portfolios currently lack.
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Pairwise Leung-Wong Sharpe Ratio Test p-values
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Figure 6. Leung-Wong Sharpe ratio significance test.

4.4. Discussion

The empirical results reveal a clear performance hierarchy: Al-enhanced optimizers
outperformed classical methods and LLM-based portfolios, while LLM strategies consis-
tently surpassed naive diversification. This pattern underscores the importance of explicit
mathematical optimization, which LLMs currently lack. Unlike traditional optimizers that
solve for efficient frontiers, LLMs rely on probabilistic text generation, leading to plau-
sible, but occasionally suboptimal, allocations and concentration risk. This performance
differential arose from fundamental limitations in LLM-based portfolio construction. First,
the absence of explicit optimization mechanics means that LLMs cannot mathematically
balance risk and return, resulting in allocations that may appear reasonable, but lack the
rigor of mean—variance or utility-based optimization. Second, the probabilistic nature of
generation introduces the risk of hallucination, producing plausible, yet inefficient, weight
distributions. These shortcomings explain why even the best-performing LLM prompt
strategy may underdeliver in real-world portfolio designs without quantitative grounding.

Despite these limitations, LLM portfolios demonstrate two notable strengths. First,
their ability to extract contextual signals from unstructured financial text enables them
to outperform simple diversification heuristics. Second, their relatively low turnover—
particularly in finance-tuned models such as QuantFactory Llama-3-8B-Instruct-Finance—
mitigates the transaction cost drag, preserving competitiveness in cost-sensitive environ-
ments. This suggests that, although LLM-based strategies may underperform in gross
terms, their simplicity and rebalancing efficiency can partially shield them from real-world
frictions. The observed turnover efficiency likely stemmed from structural factors: prompt
design that emphasizes the macroeconomic context and chain-of-thought reasoning, and
domain-specific fine-tuning that reduces overreactions to short-term noise. Finance-tuned
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models like QuantFactory Llama-3-8B-Instruct-Finance and Jansen Adapt-Finance-Llama2-
7B may have learned to prioritize consistency and resist overfitting to transient signals,
yielding smoother allocation paths. Conversely, general-purpose models such as Qwen-7B
exhibit highly reactive and volatile allocations, which erode the net performance once the
transaction costs are applied. Ultimately, these findings highlight turnover and related
transaction costs as critical differentiators in performance and suggest that any realistic
evaluation of portfolio construction methods must incorporate cost-aware metrics to reflect
the real-world implementability.

Beyond raw performance, the viability of LLM-driven portfolios depends on how well
they align with regulatory expectations for transparency and risk governance. Frameworks
such as the Dodd-Frank Act, MiFID II, and UCITS impose stringent requirements on the
auditability, disclosure, and robust risk controls. While LLM-generated allocations offer
interpretability advantages by removing opaque optimization layers, they introduce new
compliance challenges. For example, inference-time parameters like temperature directly
affect output variability; deterministic settings (7 — 0) can be enforced to guarantee repro-
ducibility for audit trails under MiFID II. In addition, logging prompt templates, inference
parameters, and model versions provide traceability for compliance audits. Explainability
metrics, such as attribution scores linking allocations to specific news items, can support
UCITS disclosure requirements by clarifying decision drivers. Scenario-based prompts for
stress testing (e.g., risk-off macro shocks) can further align with the regulatory expectations
for risk governance. Finally, maintaining version-controlled prompt libraries and model
checkpoints ensures governance consistency. Our results show that low-turnover LLM
portfolios can achieve competitive Sortino ratios post-costs, making them attractive in
cost-sensitive contexts. However, the absence of explicit optimization logic limits their
ability to satisfy regulatory-grade risk-return constraints. These findings reinforce the
need for hybrid approaches that integrate LLM reasoning with quantitative optimization,
ensuring strategies that balance interpretability, profitability, and compliance.

From a practical perspective, these results underscore the trade-off between inter-
pretability and optimization rigor. LLM-driven allocations enhance transparency by re-
moving intermediate optimization layers, but this comes at the expense of mathematical
precision. While benchmarks differ in their underlying information sets, our evaluation
emphasizes practical implementability over theoretical parity. To bridge this gap, future
work should explore hybrid designs that integrate text and price data for more equitable
comparisons. We intentionally excluded numeric features from the LLM prompts to isolate
text-driven reasoning. Future research should assess hybrid prompts that combine text with
minimal numeric indicators (e.g., volatility, recent returns) to improve the comparability
with price-based benchmarks. In particular, blending LLM reasoning with quantitative
optimization could leverage the strengths of both approaches. Additionally, scaling to
larger, domain-adapted models and incorporating multi-modal signals (e.g., structured
data and text) may further enhance the robustness.

5. Conclusions

This study uniquely evaluated LLMs as autonomous portfolio allocators, diverg-
ing from prior work that confined them to sentiment extraction or hybrid optimization
pipelines. By prompting seven medium-sized LLMs to generate complete weight vectors
without downstream optimizers, we established a novel approach for integrating natural-
language reasoning into portfolio construction. Through a rigorous evaluation of seven
medium-sized open-source LLMs against six benchmark strategies, including Al-optimized,
classical optimization, and naive diversification methods, this research provides insights
into the strengths and limitations of LLM-prompted portfolio construction. The results
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reveal a clear performance hierarchy: LLM-generated portfolios generally underperformed
against Al-optimized and classical benchmarks in gross risk-adjusted returns, primarily
due to the absence of explicit mathematical optimization. Nevertheless, certain LLMs,
such as QuantFactory Llama-3-8B, demonstrated a competitive performance relative to
naive diversification, suggesting that LLMs can produce plausible allocations, even without
embedded optimization logic.

When transaction costs were considered, the performance landscape shifted signifi-
cantly. High-turnover strategies, including some naive diversification and LLM portfolios,
experienced substantial degradation in net returns. In contrast, low-turnover LLMs such
as Gemma-7B and Mistral-7B retained their competitiveness, even outperforming cap-
weighted benchmarks post-costs. This underscores the turnover efficiency as a critical
factor in real-world portfolio viability. A statistical analysis using the Leung—Wong test
confirmed that the observed performance differences were statistically significant. This
study was constrained by a 50-stock universe, reliance on financial news headlines, and
medium-sized LLMs. The portfolios were long-only and rebalanced monthly, which may
limit the generalizability. The results could differ with larger universes, alternative data
sources, or multi-modal inputs.

Importantly, regulatory considerations, such as transparency and reproducibility, ne-
cessitate deterministic configurations and compliance-aware designs. Future research
should advance hybrid models that integrate LLM reasoning with optimization algorithms,
enabling strategies that satisfy profitability objectives while adhering to risk and regula-
tory standards. This contribution lays the groundwork for a new paradigm in portfolio
management, bridging narrative-driven insights with quantitative rigor. Scaling to larger,
domain-adapted models and integrating structured and unstructured data may enhance
the robustness. Additionally, cost-aware evaluations across diverse market regimes and
the use of reinforcement learning or retrieval-augmented generation could further improve
the allocation quality.

Ultimately, this study bridges natural language reasoning and quantitative finance,
demonstrating both the potential and limitations of LLMs as portfolio allocators. Although
the current models failed to outperform traditional optimization techniques, their ability to
generate stable, low-turnover allocations makes them attractive in cost-sensitive environ-
ments. As financial LLMs mature, they can redefine investment decision-making, offering
strategies that harmonize data-driven precision with narrative-aware adaptability.
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Appendix A

Table Al. Prompt engineering variants used in the LLM portfolio optimization framework.

Prompt Version Description
Zero-shot—no examples: “You are a quantitative Portfolio Manager. Adjust weights to maximize Sortino
Prompt v1 ) "
Ratio and factor news.
Few-shot—2 examples (risk-on and risk-off): “You are a quantitative Portfolio Manager. Adjust weights
Prompt v2 to maximize Sortino Ratio and factor news.” Includes examples with earnings beats and sector
performance.
Prompt v3 Few-shot—6 examples that include the impact of macroeconomic news on individual companies.
Few-shot—10 examples that include macroeconomic and earnings news. Includes instructions for
Prompt v4 ” . P ]
Chain-of-thought” reasoning.
Few-shot—6 examples with macroeconomic news. Adds background context and instructions for
Prompt v5 PR ” : ;
Chain-of-thought” reasoning and theme extraction.
Promot v6 Few-shot—6 examples with macroeconomic news. Instructs LLMs to apply mean—variance
P optimization.
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Figure Al. Performance heatmap across prompt versions and temperature settings. The color
gradient represents the Sortino ratios, with darker green hues indicating higher risk-adjusted returns.
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Table A2. Normalization diagnostics by model (lower percentages indicate a better raw feasibility).
Percentages are computed over all assets and rebalancing dates.

Model Non-Negative Not Feasible (%) Sum-to-One Not Feasible (%)
Mistral-7B 0.00 1.53
QuantFactory_Llama-3-8B-Instruct-Finance 0.81 2.01
Gemma-7B 0.93 2.24
Llama2-7B 1.24 3.39
Jansen_adapt-finance-Llama2-7B 1.32 3.11
Qwen-7B 1.54 3.98
Deepseek-R1-8B 1.85 3.87
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