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Abstract

This paper introduces SOLID (Synergizing Optimization and Large Language
Models for Intelligent Decision-Making), a novel framework that integrates math-
ematical optimization with the contextual capabilities of large language models
(LLMs). SOLID facilitates iterative collaboration between optimization and LLMs
agents through dual prices and deviation penalties. This interaction improves
the quality of the decisions while maintaining modularity and data privacy. The
framework retains theoretical convergence guarantees under convexity assumptions,
providing insight into the design of LLMs prompt. To evaluate SOLID, we applied
it to a stock portfolio investment case with historical prices and financial news as
inputs. Empirical results demonstrate convergence under various scenarios and in-
dicate improved annualized returns compared to a baseline optimizer-only method,
validating the synergy of the two agents. SOLID offers a promising framework for
advancing automated and intelligent decision-making across diverse domains.

1 Introduction

Mathematical optimization modeling plays a fundamental role in modern decision-making processes,
offering rigorous frameworks for complex problem-solving across diverse domains including financial
portfolio management, supply chain operations, and healthcare resource allocation. While these
models excel at processing quantitative inputs and structured data, they face inherent limitations in
directly assimilating unstructured information such as clinical narratives, financial market commen-
tary, and expert analytical reports. Traditional approaches typically convert unstructured input into
quantifiable embeddings for downstream predictive models, but often risk compromising decision
quality where nuanced contextual understanding is essential [Carballo et al., 2022, Patil et al., 2023].

Large language models (LLMs) have emerged as powerful tools that excel in processing and in-
terpreting vast amounts of contextual and unstructured information, though they inherently lack
precise numerical optimization capabilities. LLMs demonstrate considerable potential as decision-
making agents, particularly in contexts requiring natural language understanding and complex
problem-solving [Wasserkrug et al., 2024b, Bommasani et al., 2021]. However, they face significant
limitations when attempting structured symbolic reasoning and optimization at real-world scale [Yang
et al., 2024], with responses often based on statistical pattern matching rather than true mathematical
reasoning, leading to inconsistent results when dealing with complex constraints or large solution
spaces [Imani et al., 2023].

Given the complementary strengths of optimization models and LLMs, a natural research question
arises: Can we develop an automated pipeline that effectively integrates decision-making processes
from optimization models and LLMs to achieve improved outcomes? This work proposes SOLID
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(Synergizing Optimization and LLMs for Intelligent Decision-Making), which combines the quan-
titative decision-making strengths of optimization models with the context-awareness capabilities
of LLMs. The framework draws inspiration from the alternating direction method of multipli-
ers (ADMM) [Boyd and Vandenberghe, 2004] for inter-agent coordination through dual pricing
adjustments and decision deviation penalties.

Our work makes three key contributions: First, we develop a novel framework that combines
the numerical precision of optimization models with the contextual understanding and reasoning
of LLMs, enabling effective decision-making across structured and unstructured data. Second, we
establish a coordinated interaction mechanism, inspired by dual decomposition that facilitates iterative
collaboration between optimization and LLM agents through price signals and deviation penalties,
ensuring convergence to consensus solutions under appropriate conditions. Third, we demonstrate
the practical efficacy of our approach through portfolio optimization experiments that incorporate
alternative data sources, showing improved risk-adjusted returns compared to single-agent baselines
while maintaining theoretical guarantees where applicable.

Figure 1: Given a decision query from a user, our framework aims to perform optimal decision-making by
leveraging the advantages of both the optimization model and the LLM model. We first illustrate the decision-
making task by financial investment.

2 Framework of SOLID

Our framework draws inspiration from ADMM, a distributed convex optimization algorithm that
coordinates solutions to smaller sub-problems to solve larger global issues. ADMM decomposes the
problem into local variables with consensus constraints, using dual prices and quadratic penalties
to achieve coordination [Boyd and Vandenberghe, 2004]. In SOLID, a coordinator compensates or
charges optimization and LLM agents for their realized activity values through dual pricing in each
iteration. As illustrated in Figure 1, at each iteration, the coordinator transmits the current public plan
x(k) and dual prices λ(k)

llm, λ(k)
opt to each agent. This information creates augmented utility functions

that pay agents for activities while penalizing deviations from consensus. Each agent proposes
preferred decisions maximizing their augmented utility, and the coordinator performs reconciliation
to produce a new common decision. This process repeats until convergence. The framework is
formalized in Algorithm 1.

SOLID provides two key advantages. First, it enables automated decision-making by systematically
coordinating optimization models with LLMs through price signals, thereby eliminating the need for
manual intervention. Second, the modular design allows independent development of each component
on separate datasets, preserving data privacy while enabling collaborative decision-making.

Theoretical Property and Considerations SOLID integrates mathematical optimization with
LLMs through an iterative mechanism where each component operates as an independent decision-
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Algorithm 1 Framework of SOLID

Input: Consistency set χ, max number of iterations K, step size ρ, k = 1.
Initialization: Initial public decision variables x(0) and dual variables λ(0)

llm and λ
(0)
opt.

repeat
Optimization agent updates its preferred plans x̃

(k)
opt by maximizing its augmented utility

function:

x̃
(k)
opt = argmax

x∈X

{
uopt(x) + x⊤λ

(k−1)
opt − ρ

2

∥∥∥x− x(k−1)
∥∥∥2} (1)

LLM agent functions as a decision-making agent and updates its preferred plans x̃(k)
llm:

x̃
(k)
llm = argmax

x∈X

{
ullm(x, λ

(k−1)
llm , x(k−1))

}
(2)

Coordinator updates activity prices:

λ
(k)
agent = λ

(k−1)
agent − ρ

(
x̃
(k)
agent − x(k−1)

)
agent ∈ {llm, opt} (3)

Coordinator updates public decision variables as follows:

x(k) = argmin
x∈X

{
x⊤

(
λ
(k)
opt + λ

(k)
llm

)
+

ρ

2

(∥∥∥x̃(k)
opt − x

∥∥∥2 + ∥∥∥x̃(k)
llm − x

∥∥∥2)} (4)

k = k + 1
until k = K or primal/dual residuals are small enough
Output: x(k), λ(k)

llm, λ(k)
opt.

maker. Under standard convexity assumptions (proper, closed, convex functions; feasible problem;
nonempty minimizer set), Algorithm 1 converges to optimal solutions. However, real-world systems
often violate convexity assumptions due to discrete variables or non-convex objectives.

The introduction of LLM agents raises similar challenges. LLMs struggle with numerical calculations
but excel at semantic descriptions and ranking tasks [Avnat et al., 2024]. To address resulting non-
convexity, we adopt higher-level abstractions providing accurate surrogates for continuous decisions.
SOLID equips LLM agents with economic concepts to enhance reasoning: dual prices λllm represent
economic costs of preferred decisions, while current public variables impose deviation penalties,
ensuring alignment and feasibility.

3 Case Study: Portfolio Optimization with Alternative Data

We demonstrate SOLID’s effectiveness through portfolio optimization integrating historical prices
with qualitative market intelligence from financial news, combining quantitative and unstructured
data sources for improved investment strategies.

3.1 Experimental Setup

Optimization Agent We adopt the classic Markowitz Mean-Variance Portfolio Optimization model
as the optimization agent, minimizing portfolio risk for a given target return. The optimization prob-
lem determines optimal portfolio weights w = [w1, w2, . . . , wn]

′: minw
1
2w

′Σw s.t. w′µ =
p, w′1 = 1, where Σ is the covariance matrix, µ is the expected returns vector, and p is the target
return.

LLM Agent The LLM considers recent news and stock prices, constructed through prompt en-
gineering to make informed decisions. We discretize LLM decisions into semantic levels: "Very
High", "High", "Somewhat High", "Neutral", "Somewhat Low", "Low", and "Very Low", mapping to
numerical values from 0.6 to 0 with 0.1 increments.

3



We selected 60 NASDAQ stocks spanning 10 industries and conducted month-by-month portfolio
adjustments throughout 2024. We compare five strategies: pure optimization (OPT), pure LLM
(LLM), SOLID framework (LLM+OPT), simple averaging (AVG), and sparse versions enforcing
sparsity in LLM allocations. Our primary metrics are portfolio value tracking and risk (total variance)
monitoring. We primarily use ChatGPT-4o-mini with comparisons across GPT-4o and o1-mini.

3.2 Results

Figure 2: Panel A: the total portfolio value change by month; Panel B: Risk evaluation by month; Panel C:
average stock weights under 5 strategies by month.

Portfolio Performance Figure 2 Panel A shows portfolio value evolution from $10,000 over
12 months. SOLID variants (LLM+OPT and LLM_sparse+OPT) consistently achieve the highest
portfolio values, followed by OPT, while pure LLM strategies yield more moderate returns. Panel B
demonstrates that OPT exhibits pronounced volatility spikes around months 4-5, while LLM_sparse
maintains consistently lower volatility. SOLID strategies (LLM+OPT, LLM_sparse+OPT) achieve
intermediate risk levels, effectively balancing return potential with risk control. Panel C’s heatmap
reveals that OPT frequently exhibits extreme allocations to specific stocks (e.g., MDT), corresponding
to elevated risk levels. LLM-based approaches display more diversified allocations with stock weights
distributed more evenly.

Agent Convergence Figure 3 demonstrates SOLID’s coordination process with the AMZN stock
example. The framework achieves exact convergence at certain time points (months 1 and 7), while
in other instances, decisions progressively align, indicating a tendency toward agreement despite
LLM complexity.

Model Comparisons Across ChatGPT-4o-mini, 4o, and o1-mini, SOLID pipelines consistently
achieve optimal risk-return balance. With 4o-mini, both LLM+OPT and LLM_sparse+OPT outper-
form other methods. With 4o, LLM_sparse+OPT achieves exceptionally high returns. The results
validate SOLID’s robustness across different LLM architectures.

These results demonstrate that SOLID enhances portfolio performance relative to purely LLM-based
strategies while mitigating excessive risk associated with pure optimization, validating the synergy
between optimization precision and LLM contextual understanding.

4 Conclusions

We propose SOLID, a decision-making process that integrates optimization models and LLMs within
a distributed optimization framework. Empirical results provide insights into designing effective
prompting strategies for LLMs. A case study in finance highlights the advantages of our approach
compared to baseline methods, including using only optimization models or LLMs. The modular and
interpretable structure of SOLID makes it adaptable to a wide range of decision-making systems in
critical domains.
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A Related Work

Our work sits at the intersection of optimization modeling, the emerging research of the LLM’s
reasoning capabilities, and the combinations of optimization and LLMs for enhanced decision-
making.

Optimization Modeling: Optimization is ubiquitous in modern business analytics, enabling or-
ganizations to find optimal solutions to complex problems by systematically evaluating scenarios
and constraints [Silva et al., 2021]. Unlike predictive analytics, optimization recommends specific
actions to achieve desired outcomes. Techniques such as linear programming Dantzig [2002], integer
programming Wolsey [2007], and non-linear programming Luenberger et al. [1984] are widely
applied to resource allocation Tang et al. [2023], production planning Missbauer and Uzsoy [2011],
and distribution management, offering actionable insights that enhance efficiency, reduce costs, and
improve decision-making across industries.

LLM as a Decision-Making Agent: Decision-making with LLMs has recently gained traction
[AhmadiTeshnizi et al., 2024, Wasserkrug et al., 2024a,b]. Chain-of-Thought (CoT) prompting
[Wei et al., 2022] initiated a wave of research that deconstructs complex multistep reasoning chal-
lenges, including decision-making, into modular sub-problems. For example, Tree-of-Thought (ToT)
prompting [Yao et al., 2024, Long, 2023] expands on CoT by incorporating a tree-search approach,
optimizing reasoning paths based on external feedback. Subsequent research has refined ToT through
improved search algorithms, self-induced feedback, and tool integration [Ye et al., 2023, Hao et al.,
2023]. Recent work known as DeLLMa introduces a framework for decision-making under uncer-
tainty [Liu et al., 2024], revealing the inherent challenges even when carefully structured chains
attempt to replicate classical decision-making processes. However, this body of work has not yet
explored the combined advantages of prescriptive models and LLMs for decision-making.

Combining Optimization and LLMs: Recent studies on the integration of LLMs and optimization
algorithms include at least two primary approaches. The first is leveraging LLMs to formulate or solve
optimization problems. For example, OptiMUS has been developed to translate natural language
descriptions into mixed-integer linear programming (MILP) formulations AhmadiTeshnizi et al.
[2024], and LLMs have also been explored as black-box solvers for optimization tasks Brahmachary
et al. [2024]. The second approach involves applying optimization techniques to improve the
performance of LLMs. This includes methods such as structural pruning and neural architecture
search, as demonstrated in AutoML-GPT Zhang et al. [2023]. ReEvo Ye et al. [2024], PromptBreeder
Fernando et al. [2023] and Optimization by Prompting (OPRO) Yang et al. [2024], aim to automate
the process of prompt optimization. Recent DeepSeek-R1 DeepSeek-AI [2025] uses large-scale
reinforcement learning to improve reasoning performance, and achieves performance comparable
to OpenAI-o1 OpenAI [2024] on reasoning tasks. These advancements highlight the growing
importance of combining LLMs and optimization techniques to address both computational and
practical challenges.

B Details of ADMM Algorithm

Our framework draws inspiration from ADMM. ADMM is a simple but powerful algorithm that
is particularly well suited to distributed convex optimization. It functions as a decomposition-
coordination method, coordinating solutions to smaller, localized sub-problems to find a solution for a
larger, global issue. Here we describe a general formulation of the problem [Boyd and Vandenberghe,
2004].

We first consider the case with a single global variable, with the objective split into N parts: f(x) =∑N
i=1 fi(x), where x ∈ Rn, and fi : R

n → R ∪ {+∞} are convex. We refer to fi as the i th term
in the objective. Each term can also encode constraints by assigning fi(x) = +∞ when a constraint
is violated. The goal is to solve the above problem in such a way that each term can be handled
separately.

This problem can be rewritten with local variables xi ∈ Rn and a common global variable z :

minimize
∑N

i=1 fi (xi)
subject to xi − z = 0, i = 1, . . . , N
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The resulting ADMM algorithm is the following:

xk+1
i := argmin

xi

(
fi (xi) + ykTi

(
xi − zk

)
+

ρ

2

∥∥xi − zk
∥∥2
2

)
zk+1 :=

1

N

N∑
i=1

(
xk+1
i + (1/ρ)yki

)
yk+1
i := yki + ρ

(
xk+1
i − zk+1

)
.

C Theoretical Property Elaborations

The foundational concept of SOLID involves the integration of a mathematical optimization model
with LLMs through an iterative mechanism wherein each component operates as an independent
decision-maker. Within each iteration, the problem presented to the decision-maker is modified
to incorporate a bias that assigns weight to the "joint" decision derived from the decisions of both
entities. This methodology draws inspiration from the ADMM. In this section, our focus is on
evaluating whether any formal characteristics of ADMM are helpful to guide us on improving the
performance of SOLID framework. Moreover, given that LLMs are often heuristic and ad hoc in
nature, it is important to maintain transparency regarding the roles played by ADMM and each agent.

Let uopt(x) be the utility function of the optimization agent and uopt(z) be the utility function of the
LLM agent. Consider the convex optimization problem

min
x,z

f(x) + g(z) s.t. x = z, (5)

where we identify f(x) := uopt(x), and g(z) := ullm(z).

It can be shown that the Algorithm 1 converges to a solution of this problem under the following
standard assumptions.
Assumption 1. (A1) The functions f and g are proper, closed, and convex.

(A2) The problem is feasible, i.e., there exists (x, z) with x = z that achieves a finite value of
f(x) + g(z).

(A3) The set of minimizers is nonempty and at least one optimal solution (x⋆, z⋆) exists.

We rewrite the constraint x = z as x− z = 0, and let λ be the dual variable (Lagrange multiplier).
The augmented Lagrangian of this problem is

Lρ(x, z, λ) = f(x) + g(z) + ⟨λ, x− z⟩+ ρ

2
∥x− z∥2,

where ρ > 0 is a penalty parameter.

The ADMM iteration updates (xk, zk, λk) as follows:

xk+1 = argmin
x

{
f(x) + ⟨λk, x− zk⟩+ ρ

2∥x− zk∥2
}
,

zk+1 = argmin
z

{
g(z)− ⟨λk, z − xk+1⟩+ ρ

2∥x
k+1 − z∥2

}
,

λk+1 = λk + ρ
(
xk+1 − zk+1

)
.

Theorem 1 (Convergence of ADMM). Suppose Assumption 1 holds. Then any sequence
{(xk, zk, λk)} produced by the ADMM iteration above is bounded (or has a convergent subse-
quence). Moreover, every limit point (x⋆, z⋆, λ⋆) of this sequence satisfies: 1. Primal feasibility:
x⋆ = z⋆; 2. Dual feasibility (KKT condition): −λ⋆ ∈ ∂f(x⋆), λ⋆ ∈ ∂g(z⋆).

Hence, (x⋆, z⋆) is an optimal solution of the original problem, and λ⋆ is an optimal dual variable.

Sketch of Proof. We outline the standard steps; detailed arguments can be found in reference on
ADMM Boyd et al. [2011]. Consider the problem 5 with f and g proper, closed, convex, and at
least one optimal solution (x⋆, z⋆) satisfying x⋆ = z⋆. The ADMM algorithm forms the augmented
Lagrangian Lρ(x, z, λ) = f(x) + g(z) + ⟨λ, x− z⟩+ ρ

2∥x− z∥2 and iteratively updates x, z, λ by
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separately minimizing over x and z (with quadratic regularization) and then performing a gradient
ascent step on λ. Since each subproblem is strictly convex and f and g are closed, each update
is well-defined. A standard boundedness argument on the augmented Lagrangian ensures the
sequences (xk, zk, λk) are contained in a region from which a convergent subsequence can be
extracted. Passing to the limit in the stationarity conditions for x and z and using the dual update
λk+1 = λk + ρ(xk+1 − zk+1) shows that the primal residual xk+1 − zk+1 and the dual residual
converge to zero, yielding x⋆ = z⋆ and subgradient conditions −λ⋆ ∈ ∂f(x⋆), λ⋆ ∈ ∂g(z⋆). These
conditions are precisely the KKT conditions for the original problem, so (x⋆, z⋆) is optimal, and thus
ADMM converges to a solution.

The proof relies strictly on Assumption 1. However, real-world systems often violate these as-
sumptions. While conditions (A2) and (A3) in Assumption 1 are typically straightforward to
satisfy—assuming the existence of a feasible solution that achieves the optimal objective—many
problems remain non-convex. This non-convexity may stem from either a non-convex feasible
region (e.g., involving discrete decision variables) or a non-convex objective function. In such cases,
numerical experiments reveal that if one or more agents exhibit non-convex behavior, convergence
cannot always be guaranteed. Many of the related studies Alavian and Rotkowitz [2017], Wang
et al. [2019], Diamond et al. [2018] address this by relaxing the assumptions and establishing new
convergence guarantees. A common approach is to solve a convexified version of the problem during
interaction with the coordinator, subsequently adjusting the solution to meet feasibility conditions.

In the SOLID framework, the introduction of LLM agents raises similar challenges. First, LLMs,
which rely on probabilistic patterns, struggle with numerical calculations. However, they excel at
interpreting semantic descriptions such as “high", “medium," and “low" Avnat et al. [2024], and they
perform well in ranking tasks. In the SOLID framework, such semantic descriptions correspond
to discrete decision variables. To mitigate the resulting non-convexity, we adopt a higher-level
abstraction that provides a more accurate surrogate for continuous decisions. Second, LLMs have
demonstrated optimization potential. For example, studies Guo et al. [2023], Yang et al. [2024] have
shown that LLMs can deliver good-quality solutions to classic optimization problems, such as linear
regression and the traveling salesman problem, especially in small scales.

The SOLID framework equips LLM agents with concise economic concepts to enhance reasoning.
Similarly to the augmented utility function used by optimization agents - which includes a dual price
λopt and the current public decision variables - we provide LLM agents with their dual price λllm.
This dual price represents the economic cost associated with the preferred LLM agent decisions.
Additionally, the framework incorporates the current public decision variables to impose penalties for
deviations from public decisions, ensuring alignment and feasibility.

D Detailed Experimental Setup

D.1 Data Collection

For collecting historical price data, we adopt Yahoo Finance API Yahoo Finance [2025]. We choose
to use Perplexity.ai Perplexity AI [2024] to gather news for LLM input due to its ability to synthesize
large volumes of up-to-date information, including news headlines and industry trends.

D.2 Stock Selection

For the experiments, we selected 60 NASDAQ stocks spanning 10 different industries, providing
comprehensive representation of diverse sectors and ensuring generalizability of portfolio analysis:

D.3 Detailed Backtesting Procedure

Timeframe: We adopt month-by-month portfolio adjustments and perform model resolution under
this timeframe to better capture valuable news and stock price trends. The experiments were carried
out over the whole year of 2024, with 12 time periods for each separate month. In our experiments,
we use the stock price from the last day as input for the optimization agents and obtain significant
news from the entire period for each period.
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Industry Stocks

Technology NVDA, AMD, MSFT, AAPL, INTC, PLTR
Consumer Discretionary TSLA, AMZN, SBUX, TGT, NFLX, MCD
Financials HOOD, BAC, JPM, MS, V, SCHW
Real Estate ZG, PLD, WELL, SPG, PSA, EQR
Energy GEV, XOM, DUK, NEE, EOG, SLB
Healthcare TEM, UNH, PFE, MRNA, ABBV, MDT
Industrials CAT, BA, LMT, DE, GD, HON
Materials PCT, NEM, LIN, APD, FCX, MLM
Communication Services GOOG, TMUS, META, DIS, VZ, CMCSA
Consumer Staples COST, PEP, WMT, KO, PG, MO

Table 1: Stock Tickers by Industry

Evaluation Metrics: Our primary metric is the dynamic tracking of the total portfolio value, with
monthly adjustments to the investment weights. To evaluate risk control performance, we monitor the
total variance of the portfolio, which aligns with the objective of the optimization model throughout
the experiments.

Baseline Benchmark Details: We establish a comprehensive baseline benchmark consisting of
portfolio weights derived from a pure optimizer (OPT) and a pure LLM-based approach (LLM), com-
paring them against a portfolio optimized using the SOLID framework (LLM+OPT). Furthermore,
we compute the simple average of the weights from LLM and OPT as another benchmark (AVG).
Based on these methods, we enhance the interpretability of LLM-driven decisions by enforcing
sparsity, achieved by directing the LLM agent to aim for sparsity in the final allocation and setting
zero weights for stocks in which it has low confidence. The corresponding sparse versions are denoted
as LLM_sparse, LLM_sparse+OPT, and AVG_sparse.

D.4 LLM Agent Design Details

We implement a Chain-of-Thought (CoT) style of prompt engineering [Wei et al., 2022]. Although
there has not been a standardized CoT pipeline for decision-making tasks, we design a prompting
chain consisting of four steps: (1) read news articles and reflect on how they might affect each stock;
(2) pass the public information of the current iteration and decision price, prompting the LLM to
collaborate with an optimization agent; (3) finalize the recommendation with a confidence level; and
(4) make a final decision based on the previous steps.

To ensure consistency, the LLM temperature is set to 0, encouraging the LLM to exploit the solution
space around the previously found solutions and make small adaptations.

D.5 Convergence and Model Comparisons Results
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Figure 3: The coordination process of optimization and LLM agents in SOLID for exemplary stock - AMZN.

Figure 4: Comparisons of overall return rate and average risk by month between ChatGPT 4o-mini, 4o and
o1-mini.
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E Prompt Used for Case Study

Perplexity News Prompt

Show me key news on [Company X] (I’ll provide you the stock ticker) from [Date Range].
This list isn’t exhaustive—earnings, leadership changes, regulatory updates, major headlines,
M&A, industry trends, product launches, analyst opinions, investor activism, competitor
moves—but only pick what’s most representative for [Company X]’s stock performance. If
other items seem more important, include them. Summarize in bullet points; avoid complete
sentences; aim for maximum information. You don’t have to include everything, just the key
pieces. Keep final summary around 400 words.

System Prompt

You are collaborating with an optimization model to develop an optimal portfolio strategy.
The optimization model is an expert in numerical calculations and historical trend analysis,
ensuring precision in minimizing risk and achieving target returns. Your role is to bring
contextual understanding, strategic insights, and adaptability to the process.
While you are encouraged to bring your unique perspective, remember:
1. The optimization model has consistently outperformed by a significant margin (10-20%).
Therefore, where substantial differences arise, you must carefully review the optimizer’s
proposal and adjust your recommendations unless you have a strong, data-backed reason to
maintain your position.
2. In this collaboration, flexibility and compromise are critical. Adapt your strategy when
the optimizer provides strong evidence, as rigid decision-making has been shown to lead to
suboptimal results.
3. Your goal is to work synergistically with the optimizer to maximize overall portfolio
performance. This requires understanding and integrating the optimizer’s proposals to
improve alignment.
4. If you disagree, explicitly identify the key aspects of the optimizer’s proposal that you are
willing to accept or adjust. Never reject the optimizer’s strategy outright—focus on making
incremental refinements.
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Prompt

Recent reports indicate:
NVIDIA is a leading American semiconductor company specializing in the design and manu-
facture of high-end graphics processing units (GPUs). Founded in 1993 and headquartered in
Santa Clara, California, NVIDIA has become a dominant force in the GPU market, holding
approximately 80% of the global market share as of 2023. The company’s GPUs are widely
used in gaming, professional visualization, data centers, and artificial intelligence applications.
NVIDIA has positioned itself as a key player in the AI industry, with its GPUs powering
many AI and machine learning platforms, including OpenAI’s ChatGPT. The company’s
focus on innovation and rapid product development cycles has contributed to its strong market
position and growth in recent years.
...
Please read the following information carefully.
— **Stock News**
news for NVDA: Here are the key points related to NVIDIA (NVDA) in January 2024:
## Stock Performance - NVIDIA’s stock price in January 2024 saw a significant increase,
closing at $61.51 on January 31, 2024, which was up 24.94% for the month[1][5].
## Financials and Earnings - Although the specific earnings report for Q4 FY24 was released
in February 2024, the fiscal year 2024 performance was already indicative of strong growth.
However, the detailed earnings report was not available in January 2024 itself[4].
## Market and Industry Trends - The surge in NVIDIA’s stock was largely driven by the
booming demand for graphics processing units (GPUs) due to their critical role in the
generative artificial intelligence era[3].
## Product and Technology Updates - The company had introduced several innovations in
the preceding and following months, such as the GeForce RTX™ 40 SUPER Series GPUs
and generative AI capabilities for its installed base of RTX AI PCs, though these were not
confined to January 2024[4].
## General Market Sentiment - The overall sentiment around NVIDIA in January 2024 was
positive, reflecting the company’s strong position in the AI and GPU markets, despite some
later concerns about delays and other issues that emerged in subsequent months[2][3].
— **Recent Stock Prices**
The stock prices today are: ...
You are a trader responsible for making portfolio allocation decisions. Use all relevant
information provided (such as news and stock data) to decide how much to invest in each
stock.
Think about:
1. Any news articles and how they might affect each stock.
2. Previous decisions you have made regarding portfolio weights.
Also, here is the decision-price of your plan thus far: [...]. A higher decision-price means you
should adjust your plan to be higher. And a negative decision-price means you should adjust
your plan to be smaller.
### Task 1. Carefully evaluate the optimizer’s proposed portfolio weights and explain your
reasoning for agreement or disagreement. When in doubt, lean towards collaboration by ad-
justing your recommendations closer to the optimizer’s. 2. Finalize your recommendation in
the following format: [Ticker: Confidence Level]: - Very Low Confidence - Low Confidence -
Somewhat Low Confidence - Neutral - Somewhat High Confidence - High Confidence - Very
High Confidence
3. Conclude by summarizing how your proposal aligns with the optimizer’s and why it
contributes to achieving the collective goals. Even if you are unsure, you **must** provide
the best decision you can based on the available information.
Take a deep breath and work on this problem step-by-step.
### Response Format After your explanation, please write your final recommendation in a
single line, in the format below:
NVDA: X1, AMD: X2, ...
Replace X1, X2, ... with the confidence level for each stock.
Explicitly end your response in that format. So make sure you have these stocks and
confidence levels clearly written out to be parsed by a regex function.
Remember, collaboration, adaptability, and performance are key to success.
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