
Investment 
Institute 

Document for the exclusive attention of professional clients, investment services providers and any other professional of the financial industry

Agentic AI 
for Financial 
Applications: A 
Comprehensive 
Survey

WORKING PAPER 192 | AUGUST 2026

Document for the exclusive attention of professional clients, investment services providers and any other professional of the financial industry





Agentic AI for Financial Applications: 
A Comprehensive Survey

Abstract

Ru QI WU 
Amundi Investment Institute 
ruqi.wu@amundi.com

Frederic LEPETIT 
Amundi Investment Institute 
frederic.lepetit@amundi.com

Language models have given rise to agentic AI: autonomous 
systems that pursue high-level goals through tool use, 
orchestration, and adaptation. Although prior surveys treat 
financial applications, agent architectures, and fine-tuning 
methods in isolation, this review integrates the full agentic 
stack. Covering literature from 2024 to 2026, we examine 
the structure of agentic systems, including orchestration 
topologies, MCP and A2A protocols, reasoning frameworks, 
and reinforcement-learning paradigms from RLHF to GRPO, 
together with their financial applications and risks. We 
also complement this analysis with a competitor review 
of two industry frameworks. Our synthesis suggests that 
hallucination and reproducibility are among the main 
constraints on autonomy, often more limiting in practice than 
architectural constraints. Human-in-the-loop verification 
therefore remains necessary in current financial deployments.
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1 Introduction

The rapid diffusion of large language models (LLMs) has transformed how computa-
tional systems process, reason over, and act upon information, with finance emerging
as one of the most consequential domains of application. Early adoption centered
on general-purpose LLMs for discrete tasks such as sentiment scoring, document
summarization, and question answering. More recently, the field has shifted to-
ward agentic AI: autonomous systems in which one or more LLMs, augmented with
tools, memory, and standardized communication protocols, decompose a high-level
goal into executable subtasks and adapt their behavior in response to environmental
feedback [1][2]. This marks an important shift in how artificial intelligence can be
embedded within financial workflows.
The motivation for this shift is both practical and economic. Financial research
remains heavily dependent on labor-intensive work, including extracting figures from
10-K filings, monitoring news flow, constructing and validating quantitative signals,
and producing equity research reports. Agentic systems can offload these activities
from human analysts while expanding the space of testable hypotheses.
The academic literature remains fragmented and lacks a comprehensive review of
agentic AI applications in finance. A substantial body of work examines the capa-
bilities of standalone LLMs in finance, yet comparatively little attention has been
paid to the agentic dimension. This review addresses this gap by surveying agentic
AI systems in finance published between 2024 and 2026. Two questions guide the
analysis:

• Q1: What is agentic AI, and what is its underlying architecture?

• Q2: What are the applications and risks of agentic AI in finance?

The remainder of the paper is organized as follows. Section 2 defines the core con-
cepts: foundation models, AI agents, and agentic AI. Section 3 examines the build-
ing blocks of agentic systems: language model types, orchestration architectures,
communication protocols, tools, reasoning frameworks, reinforcement-learning fine-
tuning, and evaluation benchmarks. Section 4 surveys the principal applications
in finance, spanning text processing, portfolio management, factor mining, and au-
tonomous trading. Section 5 analyzes the associated risks and limitations, including
hallucination, reward hacking, catastrophic forgetting, and the cost of reasoning.
Finally, Section 6 presents a competitor analysis of two industry frameworks: Black-
Rock’s AlphaAgents and Man Group’s Alpha Assistant and AlphaTrend.

2 Agentic AI

We first define the notions of foundation models, AI agents, and agentic AI, as
shown in Figure 1.

A foundation model [3] is a pretrained, general-purpose LLM that can be adapted
to specific tasks. For instance, there are financial LLMs, image models, and vision
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models, all of which can be adapted for specific tasks.

An AI agent is an LLM augmented with tools and designed to operate through
an observe-act-feedback loop. Tools can include search engines, APIs, code in-
terpreters, and calculators. A specific instance is retrieval-augmented generation
(RAG) [1], where search engines are used for real-time knowledge expansion.

Agentic AI is an autonomous LLM system characterized by two key properties:
autonomy and adaptability [2]. Its autonomy allows users to input a goal rather
than instructions. The AI can autonomously design the steps required to achieve
the result. Adaptability is the capacity to change parameters based on incoming
information and a changing environment [4]. Common structures that enhance
adaptability include Chain-of-Thought reasoning [5] and the ReAct (Reasoning and
Acting) framework [6]. The first introduces intermediate reasoning steps that break
down the task.
ReAct alternates between reasoning, taking an action, and observing the result. As
a result, this prompting framework tends to produce superior performance for tasks
requiring logical reasoning and problem solving.

Figure 1: Agentic AI overview

Agentic AI systems coordinate multiple AI agents, often powered by foundation
models [3], to carry out workflows by decomposing tasks and orchestrating them
based on the initial instruction. Foundation models can serve as fine-tuned modular
components for different purposes, similar to the division of responsibilities across
departments in a company. A common practice is to use a LLM as the orches-
trator, while small language models (SLMs) serve as modular components. This
orchestration framework can be implemented as a multi-agent system (MAS).
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3 Language Models And Agentic Structure

This section outlines the two main types of language models, their architectural
structures, the agents, and the protocols used. First, we define what LLMs and
SLMs are. Models are classified based on the number of parameters, as summarized
in Table 1. A common rule of thumb is that models above roughly 10 billion
parameters are often treated as LLMs [7].

SLMs provide an efficient balance between computational power and capabilities
for common-sense reasoning and domain-specific tasks (coding, translation) [8].
The main advantages are speed and lower cost. On the other hand, the number
of parameters limits their general ability to capture nuanced semantic differences.
A study by Irugalbandara et al. [9] shows that SLMs can achieve performance
comparable to LLMs on certain common sense reasoning tasks.

LLMs have many advantages in reasoning capabilities and complex tasks. A study
by Google researchers [10] suggests that, on their benchmarks, larger models tend
to outperform smaller ones. However, the cost and response speed become the
main constraint, further details on cost are discussed in Section 5.4. In agentic AI
workflows, some components prioritize speed and repeatedly perform the same type
of task making SLMs preferable to LLMs.

Dimension Small Language Models
(SLMs)

Large Language Models
(LLMs)

Parameter Count <10B parameters ≥ 70B parameters

Examples Phi-3, Gemma 4 E2B/E4B,
Llama 3-7B, Qwen 2.5 7B

Llama 3 70B, Llama 4 Maver-
ick 400B, Gemini 3. Closed-
source models from OpenAI and
Anthropic have trillions of param-
eters

Memory Footprint Small (<16 GB VRAM), single
high-end consumer GPU (e.g.,
RTX 5090 ∼32GB)

Large (> 150 GB VRAM); requires
multi-GPU or TPU setups (e.g.,
H200 ∼142GB or B200 ∼192GB)

Advantage Low latency and minimal cost Reasoning capabilities for complex
tasks

Agentic Use Cases Sub-agents for specific tasks Orchestrator and sub-agents

Typical Use Cases Domain-specific tasks like coding
and translation

Open-ended generation, code syn-
thesis, complex Q&A, planning

Table 1: Comparison of SLMs and LLMs
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3.1 Core Characteristics

A common characterization of agentic AI, as presented by NVIDIA1, includes four
phases. These four phases constitute the process through which AI gains agency2:

1. Perception phase: perceiving the environment, preprocessing data, processing
natural language, and creating features for the LLM components.

2. Reasoning phase: creating execution plans by reasoning through user input
and data, then orchestrating agents by assigning tasks and setting sub-goals.
This step uses retrieval-augmented generation (RAG) to access internal and
external data.

3. Action phase: executing the plan using tools such as code interpreters, calcu-
lators, and information retrieval via APIs to complete the assigned task.

4. Learning phase: storing knowledge and feedback from the actions taken, help-
ing the system improve over time by learning from past actions. This is im-
plemented through feedback loops and memory/knowledge bases.

3.2 Orchestration architecture

AI systems can be organized in multiple ways. One common approach is to coordi-
nate them through an orchestrator that assigns tasks to sub-agents. In this section,
we present three categories in which AI systems can be organized [10], as shown in
Figure 2:

• Centralized orchestration consists of an orchestrator and sub-agents that do
not directly interact with one another. This includes simple hierarchical struc-
tures. In this case, the sub-agents only work on specific tasks requested by the
orchestrator.

• Decentralized is a MAS that operates without a coordinating orchestrator. The
system consists of multiple agents that work independently on the full task and
deliberate to reach a final decision. Each agent produces its own solution, then
a debate mechanism merges their output to reach a final decision (multi-agent
debate system).

• Mixed orchestration is a hybrid of centralized and decentralized approaches.
A top-level orchestrator governs task decomposition and resource allocation,
while sub-agents within clusters interact directly through local feedback loops,
without routing every message back to the coordinator. This distinguishes
it from purely centralized systems, where all information flows through the
orchestrator, and from decentralized systems, which lack any coordinating
authority.

1https://blogs.nvidia.com/blog/what-is-agentic-ai/
2Agency is the capability of AI directing their own processes, tool usage and main-

taining control on the method to complete tasks -https://www.anthropic.com/engineering/
building-effective-agents
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Figure 2: The three main types of orchestration

The orchestration layer defines how agents coordinate and the role of each agent
within the system [11]. Specifically, it covers the planning and supervision of task
execution across agents and tools based on user input:

• A common framework is LangGraph [12], developed by LangChain and built on
a graph structure. Its execution graphs [12] route subtasks to the appropriate
agent or tool and aggregate intermediate results. According to LangGraph3,
the system is divided into three main components:

– State is the data structure that captures the current state of the applica-
tion and provides context to all components.

– Nodes are the computational units that receive context and prior infor-
mation to perform computation or reasoning. Nodes can be composed of
LLMs and tools (i.e., API calls to retrieve data).

– Edges define the transition to the next node based on the current context.
They handle retries in case of failure and determine when the overall goal
has been achieved.

• AutoGen [13]4 is another agent orchestration framework developed by Mi-
crosoft. It is conversation-based, with each agent assigned a specific role. The
workflow is driven by debate and interaction rather than a predefined graph-
like path, making it particularly suitable for debate-oriented multi-agent sys-
tems.

The orchestration structure can have a material impact on performance, although
the capability of the sub-agents often remains the dominant factor. The study by

3https://docs.langchain.com/oss/python/langgraph/thinking-in-langgraph
4https://microsoft.github.io/autogen/stable//index.html
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Google [10] shows that the intrinsic capability of sub-agents matters more than the
orchestrator itself, suggesting either the use of high-capacity sub-agents or task-
specific fine-tuned SLMs. In addition, increased orchestration complexity does not
necessarily lead to better performance; reasons include hallucination propagation
and context length limits.

3.3 AI agents

AI agents are the building blocks of agentic AI systems. They are typically based
on LLMs such as Claude, Gemini, Qwen, or DeepSeek, augmented with tools and
standardized protocols as outlined in Section 2. Depending on the use case, these
models can be deployed either as LLMs or as SLMs. For financial applications, it
is common practice to fine-tune them on domain-specific or proprietary data, as
this enhances their domain-specific capabilities and improves their performance on
specialized tasks.

3.3.1 Protocols

There are two main protocols that govern the interaction of AI agents with external
systems and with one another, as shown in Figure 3.

Orchestrator

Ideation Agent

• Completed

Research Agent

• In Progress

DCF Agent

• Failed

Portfolio Agent

• Pending

Multi-Agent System

Agent-to-Agent (A2A) Protocol

Bloomberg Terminal Code Interpreter SQL Database SEC EDGAR

External Resources

Model Context Protocol (MCP)

MCP

Figure 3: Multi-agent system architecture. Within the top frame, the orchestra-
tor delegates tasks to specialized agents via the A2A protocol; each agent car-
ries a current execution status. Vertical arrows show individual MCP connections
through which every agent independently accesses external data and computational
resources.

Model Context Protocol (MCP) MCP is an open-source standard for connect-
ing AI models to external systems. It provides a standardized way to connect models
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to external resources such as data sources, computational tools (e.g., calculators
and code interpreters), and third-party APIs.5

Agent-to-Agent (A2A) Protocol6 is the protocol used to coordinate commu-
nication among agents in multi-agent systems. A2A governs interactions between
agents within a multi-agent system7.

• Each agent has a JSON card describing its functionality, along with input
examples that facilitate interoperability.

• A2A includes status management with four states: pending, in progress, com-
pleted, and failed. This enables asynchronous execution across multiple agents.

• The A2A framework complements MCP: A2A governs inter-agent communica-
tion, while MCP enables communication between agents and external systems.
For example, A2A handles how the orchestrator assigns tasks to agents (Fig-
ure 3) based on information retrieved from agent cards. Agents then use MCP
connectors (e.g., to search databases) to execute the tasks received from the
orchestrator.

3.3.2 Tools and Skills

AI agents have access to tools and skills, which enable agency and domain-specific
capabilities. Most AI agents are equipped with web search functions and knowledge
bases, requiring efficient retrieval and use of knowledge. This is often achieved
through retrieval-augmented generation (RAG).

Tools [14][15] are functions that an AI model can invoke to interact with the world
beyond its context window. MCP connectors allow AI models to access data from
specific providers; examples include Standard & Poor’s and LSEG Refinitiv, which
provide real-time financial and economic data through API calls. A common way
to implement tools is via smolagents8 using its tool-calling capabilities.

• Three common categories of tools can be distinguished:

– Retrieval tools: web search (BigQuery API, DuckDuckGo API), database
lookup, document retrieval (LlamaIndex).

– Computation tools: code execution (Python interpreters), calculators
(WolframAlpha API), data transformation (Python interpreters with
NumPy, pandas packages).

– Side-effect tools: email sending (MCP connector to Gmail or Outlook),
calendar creation, API writes.

5https://modelcontextprotocol.io/docs/getting-started/intro
6https://developers.googleblog.com/en/a2a-a-new-era-of-agent-interoperability/
7https://a2aprotocol.ai/blog/a2a-sample-methods-and-json-responses\#google_

vignette: example of communication between agents.
8https://huggingface.co/docs/smolagents/index
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• This mechanism enables language models to acquire some agency and interact
with external applications. Researchers at Meta [16] argue that smaller models
equipped with the right tools may outperform larger models in both language
and tool-enabled tasks.

• Tool use requires specific instruction tuning [16][17] and is often limited to
a specific domain of tools. Open-source LLMs often struggle to use tools in
sequence and perform worse than closed-source ones. Agent skills can improve
tool use without requiring changes to model parameters.

Agent Skills are a novel set of documents that expand AI agents’ capabilities in
domain-specific tasks [18]. They are an open standard developed by Anthropic in
October 2025.9 The main characteristics are as follows:

• Skills are typically stored as structured documents and loaded into the model’s
context at runtime, or organized as folders. Each skill includes three main
components10:

– Markdown file: where all instructions and metadata are stored.

– Scripts: executable code, for example, a script that standardizes the
creation of a backtest or the calculation of enterprise value.

– Assets: resources or templates used to generate standardized outputs.
These templates are useful for maintaining consistency in the generated
output.

• Skills provide domain-specific knowledge, procedural steps, and formatting
conventions that the model would otherwise have to infer from scratch. The
files can include code, connections to external APIs, and the creation of Excel
and PowerPoint files. An example is Anthropic’s Excel skill, which allows the
creation of production-grade spreadsheets and financial models11.

• Skills are composable and repeatable: multiple skills can be loaded simulta-
neously to equip the agent with complementary capabilities (e.g., geospatial
mapping and financial report generation in the same session). The workflow
of an agent invoking a skill is always consistent with the skill instructions,
making it easier to reproduce and audit.

Retrieval-Augmented Generation (RAG) [19][20] is an architecture that aug-
ments a language model’s parametric knowledge with dynamically retrieved external
knowledge. Its main use is to incorporate real-time information while providing ver-
ifiable ground truth and reducing hallucinations. The process can be described in
two main steps:

9https://support.claude.com/en/articles/12512176-what-are-skills and https:

//agentskills.io/home
10https://agentskills.io/what-are-skills
11https://platform.claude.com/cookbook/skills-notebooks-01-skills-introduction
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• Retrieval stage: given a user query, the system retrieves relevant documents
from a database or the web. The retrieved resources are indexed and segmented
into chunks, which are then compared with the query using cosine similarity.
The top-k chunks with the highest similarity are appended to the context for
the generation phase.

• Generation stage: the retrieved passages are re-ranked (e.g., using diversity or
relevance metrics) and filtered. This is motivated by the fact that an LLM’s
attention mechanism is more sensitive to information at the beginning and end
of the text [21]. The curated text is then added to the context and used to
generate the answer to the user’s query.

When paired with live web search, RAG extends the model’s effective knowledge
cutoff to the present day.

3.3.3 Reasoning

The emergence of reasoning models such as DeepSeek-R1 (Jan. 2025) [22] and
ChatGPT-o1 (Sep. 2024) has been associated with improvements in model accuracy
and performance. Reasoning models leverage Chain-of-Thought (CoT) [5], ReAct
[6], and Reflexion [23] to enhance reasoning (see Figure 4). All three frameworks
share the idea of decomposing a larger task into intermediate steps:

• Chain-of-Thought (CoT) decomposes a task into multiple steps through few-
shot prompting, which encourages the model to double-check its reasoning
process. The model reasons through the task iteratively in a single pass.
FinCoT [24] shows that embedding a structured plan into LLMs for financial
tasks outperforms pure CoT prompting. CoT is suitable for a wide range of
tasks and often performs well in improving quantitative reasoning capabilities.

• ReAct combines CoT with action: the model perceives, reflects, and acts until
it reaches the predetermined goal. It then returns to the perception phase
after each action, comparing its current state with the goal.

• Reflexion is a self-improving framework that allows LLMs to reflect on and
learn from their behavior based on linguistic feedback. This feedback is long-
lasting and serves as memory for future tasks. A key feature is its memory
mechanism, which helps future attempts avoid previous mistakes. It is partic-
ularly useful for complex and long tasks.
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Chain-of-Thought (CoT)

decompose · single-pass · verify

“Backtest SMA
on AAPL”

Step 1: De-
fine hypothesis

20d SMA = momentum,
50d = trend direction.

Golden cross ⇒ buy signal.

Step 2: Plan data needs

Daily OHLCV for AAPL
2020–2024. Shift signals

+1 day (no look-
ahead bias).

Step 3: Signal logic

Signal = +1
if SMA20 > SMA50.

Ret = signal × pct change.
Sharpe =

mean/std ×
√
252.

Step 4: Execute once

One block: com-
pute SMAs,
generate sig-

nals, calc returns
and max drawdown.Step 5: Interpret

Sharpe = 0.82,
DD = −23.4%.
Underperforms
B&H (1.10).

SMA crossover lags trend.

Verify: signals shifted
+1day, no look-
ahead bias ✓

Strategy report:
Sharpe = 0.82

re-check

ReAct
perceive · think · act · loop

“Backtest SMA
on AAPL”

Perceive:
No data loaded. Schema
and date range unknown.

Think:
Fetch price data before
writing signal logic.

Act:
fetch prices(‘‘AAPL’’,

start=‘‘2020-01-01’’)

Observe:
1,258 rows;

Close $73–$198.
No missing values.

Think:
Data clean. Run
base backtest

then sweep windows.

Act:
param sweep(fast=

[10,20,30],

slow=[40..100])

Observe:
Best: fast=10, slow=40

→ Sharpe 1.04.

Best params:
fast=10, slow=40

goal
not met

Reflexion
reflect · linguistic feedback · retry

“Backtest SMA
on AAPL”

Attempt 1: 20/50 SMA
crossover. Canonical
parametrisation.

Result: Sharpe
= 0.82 < 1.0

Max DD = −23.4%.
Target not met. ×

Reflect: 20/50 too slow;
enters & exits late. Need

faster window
+ ATR sizing.

Memory: fast=10,
slow=40,

ATR position sizing.
Avoid slow ≥ 50 on trend.

Attempt 2: 10/40 SMA
+ ATR sizing + regime

filter (thr.= 0.02).

Observe:
Sharpe = 1.08,
DD = −14.2%.
Whipsaws re-

duced. Target met.

Sharpe
= 1.08 ≥ 1.0 ✓

linguistic
feedback

long-term
memory

Step Verify Perceive Think Act Reflect Memory Fail

Figure 4: Comparison of CoT, ReAct, and Reflexion when applied to backtesting
an SMA crossover strategy on AAPL (2020–2024).

3.3.4 Fine Tuning With Reinforcement Learning (RL)

Fine-tuning is the process of adapting a pre-trained LLM to align its outputs with
specific preferences or tasks. This is achieved by further training the model on
domain-specific datasets and adjusting its weights to target behaviors or domain
distributions [25]. The steps involved in fine-tuning a model with reinforcement
learning can be summarized as follows:

1. Choose the pre-trained model: academia and industry often use already su-
pervised fine-tuned (SFT) models for further RL fine-tuning. These models
are referred to as Instruct or it models on Hugging Face, for example Llama
3.1-8B-Instruct12 and Gemma 4-31B-it13.

2. Dataset preparation: for Reinforcement Learning from Human Feedback
(RLHF), Reinforcement Learning from AI Feedback (RLAIF), or Reinforce-
ment Learning with Verifiable Rewards (RLVR), the dataset must be prepared

12https://huggingface.co/meta-llama/Llama3.1-8B-Instruct
13https://huggingface.co/google/gemma
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either from pairwise preferences or from ground-truth answers. This is the
most time-consuming and least scalable stage of the pipeline. The distinction
between pairwise-preference-based methods (RLHF/RLAIF) and RLVR is
illustrated in Figure 5 and discussed in Section 3.3.5.

k
e
y

co
n
tr
a
st

Pairwise Preference
RLHF/RLAIF · learned proxy reward · PPO

“Align via compar-
ative judgements”

y1 (yw)

Not div. by
2, 3, 5, 7, 11.
⇒ prime ✓

vs
y2 (yl)

“Yes, 17 is
prime. ”

Preference label

Annotator: yw ≻ yl
(human or AI evaluator).

RLVR
binary rewards · no reward model · CoT emergence

“Fine-tune on
verifiable tasks”

Group rollout

Sample G solutions {yi}
from πθ(·|x);

tasks: math, code, proofs.

Automatic verifier

ri = 1[yi = g]; binary.
Ground truth g replaces

the annotator. ✓

Preferred Rejected Annotate Verify

Figure 5: Pairwise preference (RLHF / RLAIF) vs. RLVR: reward signal origin
(shaded). Left: two candidate responses to “Is 17 prime?” are ranked by a
human or AI annotator (yw ≻ yl). Right: a binary verifier scores each rollout
against ground truth g directly, replacing the annotator entirely.

3. Reward modeling: RLHF and RLAIF rely on a reward model trained from
human or AI preference labels, whereas RLVR derives rewards directly from
verifiable ground truth (see Table 2). This step improves alignment with pre-
ferred behaviors, as discussed in the next subsection.

4. RL policy optimization using RL algorithms: the policy is optimized against
the reward model using RL algorithms, most notably PPO and GRPO.

5. Defining how many parameters to fine-tune, whether through full-parameter
fine-tuning or partial fine-tuning with low-rank adaptation (LoRA) [26] or
quantized LoRA (QLoRA) [27]. The latter is known as parameter-efficient
fine-tuning (PEFT). The choice depends on the desired level of specialization
and the amount of available computational resources. For most use cases,
researchers adopt LoRA.

6. Evaluation: the fine-tuned model is evaluated against benchmarks to assess
whether the process was beneficial.
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3.3.5 Rewards of RL fine tuning

Reinforcement learning fine-tuning adapts a language model by optimizing a reward
signal that promotes the desired behavior. As summarized in Table 2, this signal
can be generated through three main approaches: human judgment, AI-generated
feedback, or objective verification. These approaches are briefly described below,
with additional details provided in Appendix A.

Paradigm Feedback Source Details & Limitations

SFT
Human
annotators
Instruction–
response pairs.

Trains the model on curated instruction–response
datasets.

Limitation: Requires high-quality labeled data;
quality is preferred over quantity.

RLHF
Human
annotators
Pairwise preference
labels.

Annotators rank output pairs; labels train a reward
model that drives the RL update.

Limitation: High annotation cost and latency
constrain scale and frequency.

RLAIF
AI evaluator
Automated
preference labels.

Mirrors the RLHF pipeline; AI-generated labels
match human performance on summarization and
dialogue.

Limitation: Labels become noisy and unstable on
complex tasks.

RLVR
Ground-truth
verifier
Binary outcome
signal.

Reward is granted only on exact match; this
implicitly improves chain-of-thought quality.

Limitation: Restricted to verifiable tasks (maths,
code); inapplicable to open-ended generation.

Table 2: Comparison of fine-tuning paradigms by feedback source and applicability.
SFT provides the supervised baseline; RLHF, RLAIF, and RLVR extend it with
increasingly scalable feedback mechanisms.

• Reinforcement Learning with Human Feedback (RLHF) aligns LLMs with hu-
man intent by training a reward model on human pairwise preferences (see
Figure 5). Its main limitation is the substantial cost and time required to
collect high-quality annotations at scale [28][29].

• Reinforcement Learning with AI Feedback (RLAIF) replaces human annotators
with an AI evaluator to generate preference labels, offering greater scalability
while achieving performance comparable to RLHF on simpler tasks. However,
label quality tends to degrade on more complex reasoning tasks [30][31]. Be-
cause preferences are generated by AI models, biases, harmful content, and
cultural nuances may not be fully captured [32]. For more complex labeling
tasks, human-in-the-loop approaches such as RLHF remain preferable.
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• Reinforcement Learning with Verifiable Rewards (RLVR) fine-tunes models
using objective binary signals derived from ground-truth answers. This setting
implicitly strengthens chain-of-thought reasoning, but it is limited to verifiable
tasks such as mathematics and code generation [22][33][34].

3.3.6 Policy optimization algorithms

State-of-the-art RL fine-tuning methods fall into two main algorithm families: Prox-
imal Policy Optimization (PPO) and Group Relative Policy Optimization (GRPO).
Both are used to train the policy network governing LLM decision-making, aligning
its outputs with preferences derived from a reward model.

Proximal Policy Optimization (PPO) [35], developed by OpenAI, is a policy
gradient method that jointly trains a policy network and a value network. Its core
idea is conservative updating, implemented through the clipped surrogate objective
(for details, see Appendix B). Each gradient step is constrained to stay close to
the previous policy, which helps prevent catastrophic performance collapse from
overly aggressive parameter updates. Applying PPO to fine-tuning requires explicit
reward signals for each action taken by the model.

Group Relative Policy Optimization (GRPO) [36], introduced by DeepSeek,
offers a major architectural simplification by removing the value network entirely
and relying instead on group-relative reward normalization to estimate policy
gradients (for details, see Appendix C). This design materially reduces both
memory footprint and computational cost during training. Notably, the authors of
DeepSeekMath note that the performance gains observed under GRPO may reflect
more effective output sampling rather than genuine improvements in underlying
reasoning ability, which is important when interpreting benchmark results. GRPO’s
broader adoption was catalyzed by DeepSeek-R1 [22], which showed that relatively
compact models trained with this algorithm could match or outperform models of
substantially greater scale.

A summary of the variants relevant to each family is provided in Table 3.

3.3.7 Parameter-Efficient Fine-Tuning

To reduce the computational cost of full-parameter fine-tuning, two widely used
approaches have emerged: LoRA [26] and QLoRA [27]. Both methods update
only a subset of parameters rather than the full model. Their central idea is to
decompose the large weight matrices of LLMs into the product of two lower-rank
matrices, thereby reducing the number of trainable parameters and lowering com-
putational requirements. QLoRA further introduces quantization, which maps
higher-precision weights to lower-precision representations, in this case from 16-bit
to 4-bit. This substantially reduces memory usage and makes it possible to fine-tune
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Algorithm Score Core contribution

GRPO lineage — critic-free, on-policy

REINFORCE++ [37] ++ Uses the average reward across the whole training batch as a
reference point, rather than just within a small group. This
gives a fairer and more stable signal for the model to learn from.

DAPO [38] +++ Addresses four known weaknesses in GRPO simultaneously:
adjusts update aggressiveness based on performance, skips unin-
formative training examples, and shapes rewards to discourage
unnecessarily long answers.

Dr. GRPO [39] + Shows that two standard correction steps in GRPO unintention-
ally distort the learning signal, and removes them. The result is
a simpler and more theoretically correct training objective.

GSPO [40] ++ Evaluates the quality of an entire response rather than token by
token. This prevents small errors from compounding over long
outputs and makes training more robust, especially in very large
models.

CISPO [41] + Applies update limits at the response level rather than per to-
ken, so a few unusually confident tokens cannot distort the en-
tire learning step. Designed for stable training on long docu-
ments.

iGRPO [42] ++ Encourages the model to critique its own answers and uses those
critiques as extra feedback signals. This helps the model keep
improving even on hard problems where it rarely gets the an-
swer right.

PPO lineage — critic-based, on-policy

VAPO [43] +++ Reintroduces a helper network that estimates step quality, pre-
trained to avoid instability, with separate tuning for positive
and negative feedback and special handling for long reasoning
chains.

VC-PPO [44] ++ Diagnoses the main reason PPO breaks on long reasoning tasks:
the value estimator degrades, not the policy itself. Fixing the
estimator recovers PPO to the same level as simpler critic-free
methods.

Table 3: Post-January 2025 reinforcement learning fine-tuning algorithms in the
GRPO and PPO lineages. All methods are on-policy and target reasoning tasks
with verifiable rewards, unless otherwise noted.

65B-parameter models on a single 48GB GPU.

Common packages supporting the latest algorithms include:

1. TRL14 is developed by Hugging Face and provides direct access to many mod-
els available on the platform. It supports PPO, GRPO, and several related
variants, while also natively supporting LoRA and QLoRA. Among the avail-

14https://github.com/huggingface/trl
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able options, it is generally the easiest to access and use for researchers with
limited computational resources.

2. Verl15 is developed by ByteDance and is designed for large-scale training across
multiple GPUs. It supports the newest GRPO and PPO variants and is there-
fore less suitable for single-GPU environments. Its architecture allows GPU
resources to be co-located more flexibly for training and inference.

3. OpenRLHF16 separates the policy, reference, critic, and reward models across
independent GPU workers, thereby eliminating co-location memory bottle-
necks. It also supports tensor, data, and sequence parallelism, making it well
suited to high-parameter models.

3.3.8 Evaluation of Models

A crucial step is to assess the capabilities of fine-tuned models. Just as students
are evaluated through exams, AI models are evaluated on benchmarks, which can
be viewed as exams for assessing chain-of-thought reasoning and answer accuracy.

Fine-tuned models are evaluated against both general and domain-specific bench-
marks to measure alignment quality and capability gains across three axes: general
knowledge, coding, and quantitative reasoning. The main benchmarks used are pre-
sented below. General knowledge is assessed using Humanity’s Last Exam (HLE),17

coding ability via LiveCodeBench,18 SWE-bench Verified,19 and Terminal-Bench;20

and mathematical reasoning via MATH21 and AIME.22

In the financial domain, several benchmarks assess different capabilities of AI models:

• FinanceBench23 [45] contains 10,234 questions about public companies paired
with ground truth. It is designed to test basic retrieval capabilities rather
than more complex reasoning tasks; examples include retrieving Amazon’s
inventory or operating income. It is therefore well suited to evaluating the
retrieval capabilities of sub-agents.

• Finance Reasoning24 [46] assesses financial numerical reasoning. It tests CoT
for textual and numerical reasoning, along with programming capabilities. The
dataset requires tabular analysis and RAG-based information retrieval to com-
plete the tasks successfully. Examples include calculating the return on holding

15https://github.com/volcengine/verl
16https://github.com/OpenRLHF/OpenRLHF
17https://agi.safe.ai/
18https://livecodebench.github.io/
19https://www.swebench.com/
20https://terminal-bench.github.io/
21https://github.com/hendrycks/math
22https://artofproblemsolving.com/wiki/index.php/AIME_Problems_and_Solutions
23https://github.com/patronus-ai/financebench
24https://finqasite.github.io/
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an asset over a given period. This benchmark is particularly suited to evalu-
ating numerical capabilities for financial modeling and analysis.

• FinBen25 [47] covers the full spectrum of financial AI capabilities, from in-
formation extraction and sentiment analysis to forecasting, risk management,
and agentic decision-making (including stock trading). It evaluates the abil-
ity of AI and agentic AI systems to perform under financial conditions. It is
therefore useful for assessing comprehensive agentic AI capabilities, as well as
the performance of the main agents.

3.3.9 Frontier: Evolution Strategies Fine-Tuning

Recent research is exploring the feasibility of Evolution Strategies [48] as an alter-
native to RL algorithms. The main idea is as follows:

1. Generate a population of N candidate models by adding small Gaussian noise
to the parameters of a pre-trained LLM.

2. Evaluate each candidate using a reward function.

3. Update the original parameters using a weighted combination of the noise
vectors, proportional to their rewards.

4. Repeat the process.

This paradigm is backpropagation-free, which makes it easier to parallelize. The
study suggests that this method can match the performance of PPO and GRPO
while using only 20% of the training samples. Moreover, the authors of ESSAM [49]
show that Evolution Strategies require only about 20 GB of VRAM to fine-tune an
8B-parameter model, which is 18× less GPU memory than PPO (314 GB) and 10×
less than GRPO (212 GB).

4 Application in Finance

This section covers the main applications of agentic AI in finance. Table 5 at the
end of the section summarizes the main ideas developed below.

4.1 Data types

Across most fields, data can be broadly classified as structured or unstructured.
Although some data are structured, a large share remains unstructured. Unstruc-
tured data such as earnings reports, 10-K filings, and earnings calls typically require
substantial human intervention.

25https://github.com/IBM/fiben-benchmark

20



Agentic AI for Financial Applications: A Comprehensive Survey

Structured data are organized in rows and columns and can be manipulated ef-
ficiently with modern tools. They often include market data, such as economic
indicators (e.g., the FRED database and Bloomberg economic data) and stock-
related data (price, volume, and price-volume-derived indicators).

Unstructured data are not organized in a tabular format and can take many forms,
which makes them difficult to store and manage in databases. Examples include
earnings reports, satellite images, charts, earnings-call audio, and video.

4.2 Financial Foundation Models

As illustrated in Table 4, financial foundation models are pre-trained on financial
data and fine-tuned for better performance on specific tasks, including both LLMs
and SLMs. Multiple models serving different purposes can improve accuracy and
performance through hybrid structures for analyzing multimodal data [50]. The
models can be divided into four main categories [3].

Model

Category
Data Structure Details & Examples

Language
foundation

model

Unstructured
Requires high
human
intervention.

Financial text: earnings reports, 10-K filings,
contracts.
Goal: Summarize information and generate
context.

Time-
series

foundation
model

Structured
Organized in rows
and columns.

Market data (FRED, Bloomberg), stock prices,
volume, and derived indicators.
Goal: Predict future market values.

Vision-
language
foundation

model

Unstructured
Difficult to store in
databases.

Charts, earnings calls (audio/video), images.
Goal: Data point extraction and multimodal
understanding.

Multimodal
financial
model

Hybrid
Mixed structures.

Integration of text, visual, and audio data.
Goal: Analyze multimodal data for enhanced
accuracy.

Table 4: Classification of financial foundation models by data structure and appli-
cation.

• Language foundation models are pre-trained on financial text, such as earnings
reports and contracts, with the goal of summarizing information and gener-
ating context. FinLlama is a fine-tuned version of Llama 2 7B that shows
superior performance in financial sentiment scoring with a small fine-tuned

21



Agentic AI for Financial Applications: A Comprehensive Survey

model [51]. FinGPT [52] introduces an open-source, continuously updated
FinLLM framework that replaces costly pretraining with real-time data inges-
tion tailored to financial data.

• Time-series foundation models are pre-trained on financial time-series data
such as economic indicators or stock prices. Financial time-series are continu-
ous and non-stationary. The goal is to predict future values. FinCast [53] is a
foundation model optimized for financial time-series.

• Vision-language foundation models are pre-trained on unstructured financial
data such as images, charts, tables, and audio. Applications include data point
extraction and multimodal understanding. FinVis-GPT [54] is an example
designed for financial chart analysis and generating chart-based opinions.

• Multimodal financial models [55] are trained on different types of financial
data, combining text, visual, and audio modalities. OpenFinLLM [56] is an
example that integrates multiple models, including FinLlama for general text
reasoning and FinLLaVA, trained on chart-text pairs, for multimodal reasoning
capabilities.

4.3 Textual processing

Unstructured data processing: LLMs have demonstrated strong performance
in deduplicating text and filtering for relevance [57]. GraphRAG [58] facilitates the
construction of knowledge graphs from unstructured text data, thereby improving
data quality and reasoning capabilities. Another approach is to convert unstruc-
tured data into SQL format. Choi et al. [59] propose an agentic framework with two
agents that perform extraction and reorganize the data into SQL format. Similarly,
the authors of FinReflectKG [60] show that agentic AI can create knowledge graphs
from unstructured data sources such as 10-K filings. Supporting this, Brach et al.
[61] show that AI models using few-shot prompting can perform exceptionally well
in data-transformation tasks. MultiFinRAG [62], an agentic data extraction frame-
work developed by the S&P research team, extracts small batches of data from 10-K
and 10-Q filings and processes them using multiple small, quantized models. In this
framework, processed images and charts are stored as JSON objects alongside brief
text summaries. Their results suggest that this approach can outperform GPT-4o
in their setup, even within a limited computing budget. Finally, FinAgentBench
[63] serves as a benchmark for assessing the agentic retrieval capabilities of LLMs
on unstructured data.

Text analysis: LLMs can assess sentiment and relevance in textual data. For
example, the study of the GameStop short squeeze during the pandemic [57] shows
how LLMs can be used to measure emotional intensity, sentiment, and novelty.
LLMs can also capture nuances in sentiment and strategic shifts [64], which can help
identify potential shifts in M&A activity as well as geopolitical and political events.
Decoding the Beige Book [65] further shows how economic publications, specifically
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the Beige Book, can be labeled to build a reliable recession indicator. Other work
demonstrates that LLMs, including ChatGPT, can accurately interpret Fedspeak
[66]. In addition, Automatic Market Commentary [67] introduces a framework for
automatically generating market commentary from corporate disclosure documents.
Finally, MarketSenseAI 2.0 [68] presents an agentic AI framework that analyzes
company fundamentals and macroeconomic data to deliver market insights through
a macro-driven approach.

Market condition prediction: Agentic AI systems can analyze textual and price
data to identify regime shifts. Sun et al. [69] show that while word embeddings
are generally stable under normal conditions, the semantic meaning of words can
change substantially during regime changes and crisis periods, which reduces model
predictive power. Their findings highlight the importance of robust measures of
semantic volatility. RiskLabs [70] propose a risk prediction framework for forecast-
ing Value-at-Risk and volatility using multimodal data, including audio and text.
Similarly, Mind the Shift [71] introduces Delta-consistency Scoring to characterize
monetary stance and regimes from Fed statements by tracking absolute stance and
relative changes from meeting to meeting. Alpha-R1 [72] presents an LLM-driven
factor investment framework with regime awareness: the LLM detects the current
regime from macroeconomic news and determines which factors to activate. Finally,
CAMEF [73] is a multimodal, event-driven forecasting framework that combines
textual encodings of macroeconomic releases with high-frequency price time series
to predict subsequent asset price movements.

Self-improving models: Agentic reasoning is underpinned by ReAct [6] and
Reflexion [23], which rely on iterative reasoning-and-acting loops that refine out-
puts based on prior actions and observations. FinCon [74] introduces a verbal
reinforcement-based multi-agent investing framework that updates its beliefs
about the financial assets under analysis over time, using textual representations
of those assets. SE-Agent [75] proposes a self-evolving agentic framework that
combines historical knowledge stored in memory with newly generated answers
through crossover and restructuring to improve the overall solution. Another
notable example is the R&D Agent [76], developed by Microsoft, which uses a dual
research-and-development structure: the research component generates ideas and
corresponding mathematical formulas, analogous to hypothesis generation in factor
investing, while the development phase validates these hypotheses through rigorous
backtesting.

Real-time information systems: FinSearch [77] is a real-time agentic framework
for online financial data retrieval. Its architecture consists of a search planner that
decomposes a query into substeps, a search executor that retrieves information from
websites to answer each subquery, and a synthesis component that assigns greater
weight to recent news before summarizing the retrieved results. SocioDojo [78] is
designed to ingest a continuous stream of new information and support real-time in-
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vestment decisions. It implements an Analyst-Assistant-Actuator tri-agent system,
where the first agent analyzes the data and produces an opinion, the second reviews
the analysis, and the third determines whether an investment decision can be made
or whether further analysis is required. FinGPT [52] is an open-source financial
LLM with real-time processing capabilities, and its lightweight architecture enables
rapid fine-tuning to adapt to semantic shifts. Finally, FinBloom [79] is a real-time
retrieval framework in which a domain-adapted 7B SLM acts as a financial agent,
retrieving the context needed by a larger frozen model to answer user queries. This
can reduce both latency and operational costs relative to using a large model for
the full task.

Framework /
Paper

Year Main novelty

Textual processing — unstructured data

GraphRAG [58] 2024
Constructs knowledge graphs from unstructured text to enrich
time-series forecasting and reasoning.

Choi et al. [59] 2025
Uses a two-agent pipeline to transform unstructured financial
filings into structured SQL-accessible data.

FinReflectKG [60] 2025
Builds knowledge graphs from 10-K filings through an agentic
workflow.

Brach et al. [61] 2025
Shows that few-shot prompting performs well at converting
domain-specific unstructured text into structured formats.

MultiFinRAG [62] 2025
Uses quantized small multimodal models to batch-extract
financial filings into JSON for retrieval-augmented QA.

FinAgentBench [63] 2025
Benchmarks agentic retrieval over unstructured financial filings
with multi-step reasoning.

Textual processing — text analysis

GameStop study [57] 2024
Uses LLMs to analyze sentiment, trends, and communication
patterns in social-media text.

Zhao et al. [64] 2024
Applies GPT-4 to text processing and sentiment analysis across
financial tasks.

Decoding the Beige
Book [65]

2025
Uses LLMs to label economic releases and build a recession
indicator.

Fedspeak [66] 2023
Shows that LLMs can classify central-bank policy stance
accurately.

Automatic Market
Commentary [67]

2025
Automatically generates financial commentary from corporate
disclosures.

MarketSenseAI 2.0
[68]

2025
Fuses fundamentals, macro data, and financial news in a
macro-driven agentic system.

Market condition prediction

Sun et al. [69] 2025
Measures embedding volatility and semantic drift during regime
shifts.

continued on next page
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Table 5 – continued

Framework /
Paper

Year Main novelty

RiskLabs [70] 2025
Forecasts financial risk, including VaR and volatility, from
multimodal audio and text.

Mind the Shift [71] 2026
Uses Delta-consistency scoring to track monetary stance across
FOMC statements.

Alpha-R1 [72] 2025
Uses regime-aware macro news interpretation to activate factors
contextually.

CAMEF [73] 2025
Uses a causal multimodal framework to fuse macro text and
prices for event-driven forecasting.

Self-improving models

FinCon [74] 2024
Introduces a verbal-reinforcement multi-agent framework with
evolving investment beliefs.

SE-Agent [75] 2025
Proposes a self-evolving framework that refines reasoning
through trajectory recombination.

R&D Agent [76] 2025
Uses a research-development loop to generate hypotheses and
validate them through backtesting.

Real-time information systems

FinSearch [77] 2024
Implements a plan-crawl-synthesize pipeline that prioritizes
recent information.

SocioDojo [78] 2024
Uses an Analyst-Assistant-Actuator tri-agent architecture for
real-time decision-making.

FinGPT [52] 2023
Provides an open-source LLM that can be rapidly fine-tuned to
evolving financial conditions.

FinBloom [79] 2026
Uses a 7B SLM to ground a frozen model with real-time
financial context.

Portfolio management

LLM-based
Black-Litterman [80]

2025
Generates return priors and confidence levels from price and
news using an LLM.

Cheng et al. [81] 2025
Combines qualitative LLM analysis with quantitative factors for
asset pricing.

MASS [82] 2025
Uses heterogeneous agents and demonstrates an agent scaling
law.

AlphaAgents [83] 2024
Generates investment theses through a specialized multi-agent
trading framework.

Voronina et al. [84] 2025
Shows that combining LLM selection with mean-variance
optimization outperforms LLM-only weighting.

Factor mining

Alpha-GPT 2.0 [85] 2024
Supports human-in-the-loop alpha research through iterative
human-AI interaction.

Kou et al. [86] 2025
Proposes a risk-aware three-stage discover-evaluate-optimize
alpha framework.

LLMFactor [87] 2024
Identifies interpretable factors from news and historical prices to
explain stock moves.

FactorMAD [88] 2025
Uses debate-based multi-agent reasoning for interpretable alpha
factor generation.

continued on next page
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Table 5 – continued

Framework /
Paper

Year Main novelty

QuantAlpha [89] 2026 Uses evolutionary crossover and mutation to refine alpha factors.

FactorMiner [90] 2026
Combines modular design with memory-sensitive
self-improvement for alpha mining.

Model risk management

Okpala et al. [91] 2025
Pairs modeling and risk-management agents for
human-in-the-loop compliance.

Bhattacharyya et al.
[92]

2025
Combines soundness checks and outcome analysis for generative
AI model validation.

Financial time-series forecasting

Bi et al. [93] 2025
Uses a multi-agent transformer to capture inter-variable
dependencies for financial time-series forecasting.

FinCast [53] 2025
Introduces a foundation model for financial time-series
forecasting.

StockTime [94] 2024 Fuses text, prices, statistics, and cross-stock correlations.

Autonomous trading & RL

AI-Traders [95] 2025
Evaluates live-information agents that emulate analyst-like
trading decisions.

TradingAgents [83] 2024
Organizes agents into analyst, trader, and risk-management
roles.

MARL
Market-Making [96]

2025
Uses a PPO-based, opponent-aware agent for market making
with low market impact.

FinO1 [97] 2025
Shows that GRPO yields reliable gains over PPO and DPO,
while introducing FinReason.

TradingR1 [98] 2025 Applies GRPO-enhanced reasoning to trade decisions.

Table 5: Survey of agentic AI frameworks in finance.

4.4 Portfolio Management

Portfolio Management: An innovative approach combines LLMs with Black-
Litterman portfolio optimization [80], where the LLM is used to generate prior
views on expected returns using a two-week lookback window based on price and
news data. Cheng et al. [81] explore an empirical pricing framework using LLMs and
demonstrate the effectiveness of combining qualitative LLM analysis with modern
neural pricing models.
MASS [82] is a multi-agent portfolio construction framework that operates in three
steps. First, it assigns diverse beliefs, endowments, and risk profiles to LLM agents,
which then generate candidate stocks for investment. Second, an aggregation step
identifies stocks selected by the majority of agents with minimal disagreement across
investor profiles. Finally, a numerical optimization process, termed backward op-
timization, learns the optimal weighting over these agent-type perspectives using
a historical lookback window. This allows the system to dynamically adapt the
mixture of investor viewpoints to prevailing market conditions, thereby maximizing
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returns. Within this framework, the authors demonstrate a scaling law: increasing
the number of agents improves performance.
TradingAgents [83] is a multi-agent portfolio construction framework that distills
textual information to produce robust investment theses for stocks, using AutoGen
to manage multi-agent communication. Finally, Voronina et al. [84] show that
portfolios composed of LLM-selected stocks and weights determined by classical
mean-variance optimization consistently outperform purely LLM-weighted portfo-
lios. The authors argue that LLMs currently lack the ability to navigate shifting
market dynamics and are therefore best used as supporting tools alongside quanti-
tative frameworks.

Factor mining: LLM-based factor mining leverages LLMs to reduce the human
burden associated with discovering new features for quantitative models. Alpha-
GPT 2.0 explores a human-in-the-loop agentic AI system designed to streamline
alpha research [85]. The framework has two main characteristics: a strict Standard
Operating Procedure (SOP) and human-in-the-loop intervention at any stage of the
process. Similarly, Kou et al. [86] introduce a three-stage framework in which an
LLM first discovers novel alphas, a second layer of agents evaluates them across
various market conditions, and machine learning techniques are used to optimize
performance while reducing human intervention.
More recent work increasingly emphasizes interpretable alphas. For instance,
LLMFactor [87] uses LLMs to explain market movements by processing multi-
modal financial data. Likewise, FactorMAD [88] proposes a multi-agent framework
that uses debate to generate interpretable alphas, introducing a feedback stan-
dardization scheme that splits feedback into code-specific, model-specific, and
methodology-specific categories. QuantAlpha adopts an evolutionary approach to
alpha generation through crossover and mutation, maintaining high-performing
factor branches while pruning underperforming ones [89]. Finally, FactorMiner
provides a modular, self-improving, and memory-sensitive framework optimized for
factor mining [90].

Model risk management: LLMs are effective at reviewing financial models and
code. Okpala et al. [91] propose an agentic framework structured around two
main components: a modeling agent and a model risk management agent. The
modeling agent develops data analysis models and extracts features, evaluates
them, and passes the outputs to the risk-management agent, which performs com-
pliance checks, model replication, conceptual soundness reviews, and documentation
verification. Complementing this approach, Bhattacharyya et al. [92] propose a
validation framework tailored for generative AI within financial institutions. Their
framework combines conceptual soundness checks – covering model selection, data
privacy, prompt specification, explainability, and fairness – with rigorous outcome
analysis procedures such as hallucination detection, toxicity scoring, and robustness
testing.
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Financial time-series forecasting: Long-term financial time-series forecasting
can be significantly improved by a multi-agent transformer architecture [93], whose
key feature is its ability to learn underlying relationships between variables. Sim-
ilarly, FinCast [53] is a foundation model developed specifically for forecasting
financial time series. Its defining characteristic is a learnable frequency embedding
with temporal resolution, which helps capture the cyclical and seasonal patterns of
financial data. Finally, StockTime [94] is an LLM-based framework that integrates
textual data with transformed stock prices, statistical metrics, and cross-stock
correlations to predict future price movements.

Autonomous trading frameworks: These are agentic systems that require min-
imal to no human intervention. AI-Traders [95], for example, uses live information
and emulates a financial analyst to support trading decisions. TradingAgents [83]
similarly mirrors the structure of an investment firm through specialized researcher,
trader, and portfolio-manager agents.

Agents and reinforcement learning: Wang et al. propose a multi-agent re-
inforcement learning (MARL) framework for market making [96]. Using proximal
policy optimization (PPO), they show that an opponent-aware agent can capture a
significant market share while limiting market impact. However, PPO often lacks
generalization and remains closely tied to the structure of its reward function. To ad-
dress these limitations, FinO1 [97] compares key reinforcement learning algorithms
and shows that Group Relative Policy Optimization (GRPO) outperforms PPO and
Direct Preference Optimization (DPO) in financial settings. The authors also in-
troduce FinReason, a benchmark for financial reasoning. Similarly, TradingR1 [98]
adopts GRPO to enhance LLM reasoning in investment decision-making, suggest-
ing that reinforcement learning can improve both structured reasoning and market
awareness.

5 Risk and Limitations

Agentic AI inherits many of the risks and limitations of its underlying LLMs, includ-
ing hallucinations, diminishing returns in model training, catastrophic forgetting,
and cost-related issues.

5.1 Risks

Hallucination: Hallucination refers to the generation of plausible but nonfactual
content [99]. In finance, such outputs can contaminate analyses and lead to costly
errors, such as citing a corporate statement that was never actually published. This
creates systematic risk [76] for text-analysis-based agentic systems that rely on feed-
back loops, such as AlphaAgents [100] and TradingAgents [83]. As illustrated in
Figure 6, Omniscience26 is a continuously updated benchmark developed by Arti-

26https://artificialanalysis.ai/evaluations/omniscience

28



Agentic AI for Financial Applications: A Comprehensive Survey

ficial Analysis to measure model hallucination. Its evaluations currently identify
Gemini 3.1 Pro, Claude 4.8 Opus, and Gemini 3.5 Flash among the top-performing
models.
Another prominent benchmark is SimpleQA [101], developed by OpenAI and con-
taining 4,236 questions, with top-performing models including27 Gemini 3.1 Pro,
ChatGPT o3, and Qwen 3. While these benchmarks provide an estimate of error
rates, accurately measuring the actual occurrence of hallucinations remains highly
challenging due to issues such as benchmark data contamination [102].

Figure 6: Omniscience hallucination and reliability benchmark, 01/06/2026 results

5.2 Ethical, Regulatory, and Cybersecurity Risks

Agentic AI frameworks are vulnerable to attacks and misuse, as the underlying
models do not inherently incorporate ethical or regulatory considerations. Many
mainstream models adopt strict guardrails28 and classification systems to detect
harmful behavior; however, these measures still have clear limitations. Furthermore,
while LLMs are generally less prone to successful exploitation, SLMs can be easier
to attack and may be more likely to exhibit unaligned behavior [103]. In addition,
SLMs are more prone to provide biased information, enable cyberattacks, and
exhibit ethically unaligned behavior.

Unethical and unintentional deception: Chain-of-Thought (CoT) prompting
has introduced powerful reasoning capabilities, allowing LLMs to evaluate their own
outputs against quality, ethical, and regulatory constraints. However, this also cre-
ates a vulnerability for models with fewer internal checks and reasoning steps. Re-
search indicates that models can deceive unintentionally [104]; remarkably, even a
1% presence of misaligned data in training can amplify unethical behaviors by up

27https://www.kaggle.com/benchmarks/openai/simpleqa
28Mistral guard-railing guide, https://docs.mistral.ai/capabilities/guard-railing
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to 20%. Such deception can stem from malevolent user prompts, but it can also
emerge organically from biased training data or user interactions.
Consequently, LLMs can be used as effective persuaders that conform to unethical
user preferences or exploit user vulnerabilities to carry out targeted persuasive
actions [103]. This capability can facilitate multiple types of misinformation.
Specifically, three primary forms have been identified: AI-generated false content,
AI-generated deceptive classification, and AI-generated deceptive explanation [105].
Such deceptive outputs can mislead human judgments as well as downstream feed-
back loops within multi-agent systems. To address these vulnerabilities, mitigation
strategies typically incorporate ground-truth databases or real-time web search for
automated fact-checking.

Market manipulative behavior: LLMs face incentives similar to those of human
traders [106]. In highly profitable situations, models may develop incentives that
increase the risk of market manipulation. Larger models may appear less prone to
such harmful behavior in the cited study, as scale seems to provide greater resistance
to short-term profit incentives under regulatory constraints. By contrast, Byrd’s
study on an agentic AI trading system [107] shows that these systems can develop
incentives to engage in manipulative behavior when maximizing profits. These
findings highlight the importance of strict constraints and boundary conditions in
agentic reward functions.

Cybersecurity: Jailbreaking refers to adversarial prompting techniques that can
also be automated. These techniques aim to circumvent the guardrails and other
safety measures established by AI developers. The main vulnerabilities can be
grouped into categories such as paraphrasing harmful intent into benign phrasing,
length or formatting exploitation, and large-scale iterative methods. For example,
the ”Best-of-N” jailbreaking approach [108] rewrites a harmful prompt into different
formats and iteratively queries the LLM to elicit a restricted response. The study
reports a 52% attack success rate when using 10,000 augmented prompts. To assess
these vulnerabilities systematically, H4rm3l [109] provides a dedicated benchmark
and evaluation framework designed to test the resilience of LLMs against jailbreak
attempts.

Consistency of LLMs in classification and summaries: LLMs can exhibit
greater classification consistency than human annotators [110], often producing
identical evaluations when given the same passage. However, this consistency
can drop significantly when processing complex or less standardized documents,
such as Q&A transcripts and management discussion summaries. To mitigate this
variability, the authors propose an aggregation strategy that classifies the same text
multiple times and then aggregates the outputs to produce a stable consensus.

Bias of training sets: AI models, which are currently dominated by LLMs,
frequently suffer from bias [111]. This bias is embedded in the training data,
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leading models to exhibit specific behavioral tendencies and preferences. For
instance, Xie et al. [112] show that LLMs display a distinct confirmation bias,
readily retrieving information that is consistent with their training data while
only accepting counter-opinions when they are the sole logically coherent option
available. Compounding this issue, data contamination [113] occurs when training
datasets contain low-quality, inaccurate, misleading, or misinformative text. This
can contaminate the model and reduce output quality. Such low-quality data comes
not only from unreliable public sources but increasingly from synthetic data, that
is, content generated by other LLMs.

Reproducibility of results and non-determinism of outcomes: The repro-
ducibility of LLM-generated results [113] across sessions can vary significantly. This
variability complicates the estimation of confidence intervals for outputs and intro-
duces uncertainty into systematic auditing procedures. Even when using a greedy
decoder, variations in hardware clusters or compute sizes can lead to different out-
comes. This discrepancy stems from the non-associative property of floating-point
arithmetic [114]. As the number of iterations increases, cumulative rounding errors
propagate, ultimately leading to significantly divergent outcomes.

5.3 Risks Related to Reinforcement Learning Fine-Tuning

Reinforcement learning is commonly used to fine-tune LLMs for specific tasks and
can significantly improve the performance of smaller models. However, as sum-
marized in Table 6, these algorithms also introduce limitations, including reward
hacking and catastrophic forgetting.

Prompt:
Write a story about a
knight

Reward hacking:
There is a knight with a
red red red sword...

Normal behavior:
There was a knight that
fought a dragon...

Figure 7: Comparison between reward hacking and normal behavior.

Reward hacking: Reward hacking occurs when an agent exploits loopholes in
a reward function rather than learning the intended task or reasoning process.
Figure 7 illustrates this behavior through the repeated generation of the same
word. Such behavior can create models that appear “good” only within the training
distribution. For instance, this may occur through answers derived from data
leakage or memorized training data. Fu et al. [115] show that bounded reward
functions with diminishing marginal returns help mitigate reward hacking. They
also argue that Group Relative Policy Optimization (GRPO) is less prone to reward
hacking because it eliminates the separate critic network and relies solely on the
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policy network. Similarly, Wang et al. [116] confirm that LLMs tend to exploit
vulnerabilities in reward functions. To address this issue, they propose truncating
the chain-of-thought reasoning process to force immediate responses at specific
stages, which makes a hacking model more likely to reveal its underlying reasoning
capabilities and return the correct answer.

Catastrophic forgetting: Catastrophic forgetting occurs when an LLM shows
significantly lower performance on previously learned tasks after training on new
data [117]. It is primarily driven by excessively large parameter updates during
fine-tuning, such as with Proximal Policy Optimization (PPO). By contrast, fine-
tuning algorithms such as Group Relative Policy Optimization (GRPO), which rely
on smaller, bounded updates, lead to significantly fewer instances of catastrophic
forgetting [118].

Category Issue Description Mitigation

Fine-tuning algorithms

PPO1 Large parameter
updates

Large steps destabilize previ-
ously learned representations

Use bounded rewards and
learning-rate scheduling

GRPO2 Residual reward
hacking

A policy-only architecture
reduces, but does not elimi-
nate, hacking risk

Use marginally decreasing
reward shaping

Feedback mechanisms

RLHF3 Annotation cost Human labeling is expensive
and cannot scale to large
feedback loops

Use RLAIF for general tasks
(summary, dialogue)

RLAIF4 Foundation-
model depen-
dency

Feedback quality is bounded
by the capability of the eval-
uating model

Highlights the role of
foundation-model feedback
loops in agentic pipelines

Reward hacking

PPO Proxy metric
exploitation

The agent optimizes the
reward signal, which may
induce comfort-zone bias and
data leakage

Use bounded, marginally
decreasing rewards; prefer
GRPO

PPO /
GRPO

Loophole ex-
ploitation

LLMs identify structural
gaps in reward functions

Limit chain-of-thought expo-
sure and request intermedi-
ate answers

Catastrophic forgetting

PPO Parameter over-
writing

Large gradient updates erase
previously learned task rep-
resentations

Prefer GRPO; use gradual
fine-tuning and elastic weight
consolidation

Table 6: Reinforcement learning limitations and mitigations for LLM fine-tuning.

1Proximal Policy Optimization
2Group Relative Policy Optimization
3Reinforcement Learning from Human Feedback
4Reinforcement Learning from AI Feedback
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5.4 The cost of reasoning

Reasoning models have shown significant potential in AI. However, the intermediate
steps they require can substantially increase computational requirements.

Scalability and resource constraints: Computational requirements – or API
costs – increase substantially for reasoning models that use Chain-of-Thought or
more complex architectures such as Reflexion [23]. The two major contributors to
VRAM usage in production are the model weights and the Key-Value (KV) cache,
the latter of which scales directly with context length, as shown in Table 7.

Precision
Bits / bytes per

element
KV-cache VRAM at

10K context
KV-cache VRAM at

50K context

FP16 (baseline) 16 bits / 2.0 bytes 3.36 GB 16.78 GB

FP8 8 bits / 1.0 byte 1.68 GB 8.39 GB

INT4 4 bits / 0.5 byte 0.84 GB 4.19 GB

3.5-bit 3.5 bits / 0.4375 byte 0.74 GB 3.67 GB

2.5-bit 2.5 bits / 0.3125 byte 0.53 GB 2.62 GB

Table 7: KV-cache VRAM requirements for a 70B-parameter LLM (batch = 1).

The VRAM footprint of model weights depends on the chosen precision format. As
shown in Table 8, inference is commonly performed in 16-bit floating point (FP16),
which requires approximately 140 GB of VRAM for a 70B-parameter model. In
addition, the KV cache stores the attention context and constitutes a significant
fraction of memory usage, with requirements that increase rapidly as the context
length grows [119].

Precision Bits / bytes
per parameter

Required VRAM
for a 70B-parameter model

FP16 (baseline) 16 bits / 2 bytes 140 GB

FP8 8 bits / 1 byte 70 GB

INT8 8 bits / 1 byte 70 GB

INT4 4 bits / 0.5 byte 35 GB

3.5-bit 3.5 bits / 0.4375 byte 30.6 GB

2-bit 2 bits / 0.25 byte 17.5 GB

Table 8: Estimated VRAM required to store the weights of a 70B-parameter LLM.

A common approach to reducing these computational requirements is quantization,
which maps values to lower-precision formats. For model weights, quantization
typically preserves most of the accuracy when moving from 16-bit floating point
(FP16) to 8-bit integer (INT8) [120], while significantly reducing VRAM usage, as
shown in Table 8. In this context, the required memory can be approximated as
VRAM ≈ Parameters×Bytes per parameter. More recently, TurboQuant [121] has
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enabled 3.5-bit and 2.5-bit KV-cache quantization with negligible accuracy loss,
reducing KV-cache memory by up to 3.5× compared with FP8.

AI is energy-intensive. For example, a medium-sized 70B-parameter model
such as Llama 3 can consume up to 350 Wh of GPU energy per query when used
with a complex reasoning framework such as Reflexion. Over 100 queries, this
corresponds to approximately the daily energy consumption of two households
[122]. In addition, Table 9 shows that token input limits constrain a model’s
ability to process large amounts of information within a single inference pass. More
generally, larger models do not necessarily perform better on domain-specific tasks,
as shown by the DeepSeek team [36], which highlights the importance of training
specialized, fine-tuned models for targeted applications. Finally, data quality
remains a major concern: for smaller models in particular, poor-quality data can
severely degrade accuracy and performance, and a larger quantity of training data
cannot compensate for low-quality data [123].

Model Developer Context window

Llama 4 Scout / Maverick Meta1 10M / 1M tokens

Gemini 3.1 Pro / Flash Google2 1M tokens

Claude Sonnet 4.6 / Opus 4.6 Anthropic3 1M tokens

GPT-5.4 / GPT-4.1 OpenAI4 1M tokens

Mistral Large 3 Mistral AI5 128K tokens

DeepSeek R1 / V3.2 DeepSeek6 128K tokens

Grok 4.1 xAI7 128K–2M tokens

Qwen3-235B Alibaba8 128K–1M tokens

Table 9: Context window comparison across frontier LLMs (2025–2026).

1 https://ai.meta.com/blog/llama-4-multimodal-intelligence/
2 https://deepmind.google/technologies/gemini/
3 https://www.anthropic.com/claude
4 https://platform.openai.com/docs/models
5 https://mistral.ai/
6 https://www.deepseek.com
7 https://x.ai/blog/grok
8 https://qwenlm.github.io/blog/qwen3/

Cost awareness: Cost is a key consideration in agentic architectures, particularly
because the most advanced models can cost around $5 per million input tokens
and up to $25 per million output tokens. This makes system design an important
trade-off: specialized, lightweight models often perform better on domain-specific
tasks while also offering a substantial cost advantage over large general-purpose
models. In addition, complex reasoning frameworks such as Reflexion provide
diminishing gains in output quality while significantly increasing operational costs
[124].
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Attention dilution: As input context length increases, LLMs tend to lose atten-
tion. This limitation affects dense prompts, long reasoning traces, and extended
context windows. LLMs also struggle to retrieve relevant information when lexical
overlap between the query and the source text is low [125]. Retrieval performance
is commonly assessed using the “Needle in a Haystack” benchmark [126], where
the model must identify an isolated sentence embedded in a long, otherwise unre-
lated text. While reasoning models may perform well when retrieval relies on strong
lexical similarity, they are less effective at deep associative reasoning. To address
this limitation, NoLima [125] introduces a benchmark specifically designed to eval-
uate associative capabilities under long-context constraints, and the authors report
a marked performance decline as context length increases.

6 Competitor analysis

Two asset managers recently published research on the use of agentic AI systems
within their respective workflows. Given the proprietary nature of AI systems, com-
petitors tend to disclose only enough to illustrate capabilities rather than implemen-
tation choices, so this analysis relies exclusively on publicly available information.
BlackRock’s AlphaAgents proposes a framework for fundamental research workflows
and produces reports that resemble those of professional equity research teams. In
parallel, Man Group describes an approach for integrating AI into quantitative re-
search workflows, showing that AI can enable researchers to evaluate a substantially
larger number of ideas and hypotheses.

6.1 BlackRock – AlphaAgents

AlphaAgents [100] is a multi-agent, modular AI system designed to replicate a
fundamental equity research pipeline. As shown in Figure 8, the framework is struc-
tured into three stages, each with a distinct parallelism pattern. The first stage
focuses on information gathering, the second on analysis and synthesis, and the
third on report generation.

• Research: three specialized agents – Valuation, Fundamental, and Sentiment
– operate in parallel, analyzing price and volume data, 10-K and 10-Q filings,
and financial news, respectively.

• Debate: the agents issue independent recommendations based on their as-
signed data modality and then engage in a structured round-robin debate. If
consensus is not reached after a fixed number of rounds, majority voting is ap-
plied. Persistent disagreement leads to a conservative Hold recommendation.

• Output: the final report produces a Buy or Sell signal according to the in-
vestor’s profile, which may be risk-averse, risk-neutral, or risk-seeking.

The authors argue that the resulting signals can serve as inputs to downstream port-
folio construction, augmenting both Mean-Variance Optimization and the Black-
Litterman model with LLM-derived views. AlphaAgents’ main contribution is to
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Figure 8: Blackrock AlphaAgents illustration

provide a comprehensive framework for building multi-agent systems in investment
management, combining role-based specialization with a structured consensus mech-
anism.
Regarding failure modes, the authors contend that the debate mechanism is intended
to mitigate textual hallucinations by requiring inter-agent consistency before a rec-
ommendation is accepted, while numerical values are checked using external math-
ematical calculators. However, this safeguard remains inherently limited: it can
only detect inconsistent hallucinations, i.e., those that differ across agents. Hallu-
cinations that are reproduced consistently across all agents, whether due to shared
model priors or a common factual gap, will pass through the debate filter undetected
and therefore still require external ground-truth verification.

6.2 Man Group – AlphaTrend / Alpha Assistant

Man Group presented Alpha Assistant29 and AlphaTrend30, two agentic AI systems
designed to support quantitative research. Alpha Assistant functions as an inte-
grated coding assistant that bridges generic LLM outputs with actionable research
within the firm’s proprietary environment. AlphaTrend, by contrast, is a specialized
agentic workflow for trend-following signal research, organized as a predefined
pipeline that generates, implements, and evaluates signal proposals.

29https://www.man.com/insights/ai-agents-trend
30https://www.man.com/insights/alphatrend-agentic-research-workflows
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Alpha Assistant is an iterative multi-agent AI system whose main features include
the use of firm-specific terminology and validated knowledge bases for financial for-
mulas and code. The system comprises the following components:

• Orchestrator: refines the user prompt and decomposes it into a task list for
downstream agents, as illustrated in Figure 9.

Figure 9: Alpha Assistant’s orchestrator output

• Data exploration agent: selects the most appropriate dataset for the task.

• Backtesting agent: executes the backtest associated with the research idea.

• Backtest analytics agent: generates performance analytics from the back-
test results.

The output is standardized into a consistent format to improve readability and
facilitate evaluation, as shown in Figure 10.

The authors identify two structural limitations of current LLM architectures. First,
attention dilution arises when the context becomes excessively large, causing
the model to lose focus on relevant details and making it counterproductive to
load the system with every available document or tool. Second, limited context
length constrains the system’s ability to handle end-to-end research tasks requiring
sustained reasoning across multiple stages, as summarized by the representative
context window sizes in Table 9. Although Alpha Assistant does not include an
explicit hallucination-mitigation mechanism, its use of firm-specific terminology,
proprietary code libraries, and validated financial formulas implicitly narrows the
generation space, reducing the likelihood of generic or fabricated outputs.
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Figure 10: Alpha Assistant final output

AlphaTrend, in contrast, is a specialized agentic research system for trend-following
strategies. As illustrated in Figure 11, it is organized as a directed pipeline with pre-
specified stages, where independent nodes can execute concurrently. This structure
makes intermediate outputs auditable and facilitates reproducibility, since the inputs
and outputs of each stage are explicitly specified and retrievable.

38



Agentic AI for Financial Applications: A Comprehensive Survey

Figure 11: AlphaTrend agentic research workflow

To mitigate hallucinations and increase output diversity, the authors propose a par-
allel LLM-querying mechanism in which multiple candidate outputs are generated
and compared. Because specific hallucinations are unlikely to be reproduced consis-
tently across independent runs, inconsistent outputs can be identified and discarded.
However, the system cannot detect hallucinations that are reproduced consistently
across all runs, which still requires ground-truth verification.

7 Conclusion

This review addressed two questions: what agentic AI is and how it is structured,
and how it is applied in finance together with the associated risks. Agentic sys-
tems extend base LLMs through tool augmentation, communication protocols, and
orchestration across specialized agents. A recurring finding is that architectural com-
plexity does not guarantee better performance: the quality of the sub-agents can
matter more than the orchestration layer, and additional orchestration can some-
times degrade results by amplifying hallucinations and exacerbating context limita-
tions. In fine-tuning, the shift from PPO toward GRPO and its variants can deliver
comparable reasoning performance at lower computational cost, while mitigating
reward hacking and catastrophic forgetting.
The applications surveyed include textual processing, portfolio management, factor
discovery, risk management, forecasting, and autonomous trading. These applica-
tions show that agentic systems can already reduce analytical burden and expand
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the space of testable hypotheses. Yet the same limitations recur across domains.
Hallucination remains the central obstacle, as it can propagate through multi-agent
feedback loops, while output non-determinism and reproducibility challenges com-
plicate the auditing required for financial deployment. Notably, both the academic
literature and the industry frameworks reviewed here rely on debate, parallel query-
ing, and human oversight to mitigate hallucinations, while acknowledging that con-
sistent hallucinations still require external ground-truth verification.
In conclusion, although progress in agentic AI has been substantial, important chal-
lenges remain before such systems can operate autonomously in finance, with hal-
lucination and reproducibility among the most critical. The current frontier lies in
developing reliable multi-agent systems for complex tasks; however, given the high-
stakes nature of financial decision-making, it remains advisable to keep a human
in the loop and to embed explicit verification steps rather than deploy these sys-
tems unsupervised. By surveying the structure, applications, and risks of agentic
AI across these domains, this review maps the current state of efforts to build such
reliable systems.
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A Fine-tuning paradigms

This appendix provides a more detailed description of the main paradigms used in
LLM fine-tuning.

• Supervised fine-tuning (SFT) [25] is the classical approach to fine-tuning LLMs
without reinforcement learning. The model is trained on curated instruction–
response pairs. Its main limitation is its dependence on high-quality labeled
data, which typically requires human annotation. Zhou et al. show that high-
quality annotation is preferable to larger quantities of lower-quality data [127].
As noted earlier, supervised fine-tuning is often used as the starting point for
subsequent RL fine-tuning.

• Reinforcement learning with human feedback (RLHF) [28][29] is the dominant
paradigm for fine-tuning LLMs to align them with human intent. In its stan-
dard formulation, a pool of human annotators evaluates pairs of model outputs
and indicates which response is preferable; these preference labels are then used
to train a reward model, which in turn provides the signal for reinforcement-
learning updates of the policy. The main limitation of this approach is scal-
ability: collecting high-quality human preference annotations is both time-
consuming and costly, which constrains how broadly and how frequently the
method can be applied.

• Reinforcement learning with AI feedback (RLAIF) [30][31] mirrors the RLHF
pipeline, but with preference labels generated by an AI evaluator rather than
human annotators. Lee et al. [30] show that RLAIF achieves performance
comparable to RLHF on alignment-oriented tasks such as summarization and
dialogue generation, suggesting that AI-generated feedback can serve as a scal-
able substitute for human annotation. This property underlies many auto-
mated feedback loops in agentic AI architectures. However, on more complex
tasks, AI-generated preference labels can become noisy and unstable [31].

• Reinforcement learning with verifiable rewards (RLVR) [22][33][34] fine-tunes
models using objective, outcome-based reward signals. The model’s output
is evaluated directly against ground-truth results, with a reward granted only
upon an exact match. This approach is primarily used for tasks that are read-
ily verifiable, such as mathematical reasoning and code generation. Wen et
al. [33] show that, despite relying only on answer-level correctness signals,
RLVR implicitly incentivizes correct intermediate reasoning, thereby improv-
ing chain-of-thought quality and overall reasoning performance. A key limita-
tion of RLVR is its narrow applicability: the requirement for objective, binary
verification restricts it to a limited class of tasks.
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B Proximal policy optimization - PPO

Proximal Policy Optimization (PPO) is an algorithm developed by OpenAI that
belongs to the family of policy-gradient methods. The algorithm trains two net-
works: a policy network and a value network. Its core idea is to update the policy
gradually in order to prevent performance collapse. Fine-tuning with PPO requires
defining a reward for each action.

This is achieved through the clipped surrogate objective in Eq. (1), which corresponds
to the policy network.

LCLIP(θ) = Êt

[
min

(
rt(θ) Ât, clip(rt(θ), 1 − ε, 1 + ε) Ât

)]
(1)

The main idea is to clip the policy update whenever the change is too large. More
specifically, each update is constrained to remain between 1 − ϵ and 1 + ϵ. The
probability ratio is defined as follows:

r(θ) =
πθ(a | s)
πθold(a | s)

(2)

The second component is the value objective in Eq. (2), which corresponds to the
value network and minimizes the squared deviation from the target value.

LVF(θ) = Êt

[(
Vθ(st) − V̂ targ

t

)2]
(3)

The last term in the full PPO objective is the entropy bonus. The entropy bonus
assigns a positive value when the probability distribution is more spread out rather
than concentrated; this encourages exploration in uncertain environments rather
than premature convergence.

S[πθ](st) = −
∑
a

πθ(a | st) log πθ(a | st) (4)

The full objective to optimize is therefore:

LPPO(θ) = Êt

[
LCLIP(θ) − c1 L

VF(θ) + c2 S[πθ](st)
]

(5)

B.0.1 PPO with Kullback–Leibler divergence

In RLHF settings, PPO is often modified to better control policy updates. In partic-
ular, the entropy bonus is replaced by a Kullback–Leibler (KL) divergence penalty
to constrain policy updates and reduce the risk of reward hacking [29].

LRLHF(θ) = Êt

[
LCLIP
t (θ) − c1L

VF
t (θ) − β DKL(πθ∥πref)

]
(6)
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The KL divergence measures the distance between the current policy distribution
and a reference policy distribution. The hyperparameter β controls the strength of
this regularization, thereby limiting overly large policy updates.

C Group Relative Policy Optimization - GRPO

Group Relative Policy Optimization (GRPO) [36] is a state-of-the-art reinforcement-
learning algorithm introduced by DeepSeek. A key architectural departure from
PPO is the removal of the value network, which substantially reduces memory
and computational costs during training. In DeepSeekMath, the authors caution
that the observed performance gains do not necessarily reflect improvements in
fundamental reasoning ability, but may instead result from more effective sampling
of plausible outputs. The broader diffusion of GRPO across the LLM fine-tuning
landscape was accelerated by DeepSeek-R1 [22], which showed that smaller models
trained with GRPO could match or surpass much larger ones.

Mechanistically, GRPO operates as follows: given a prompt, the policy model gen-
erates a group of G candidate outputs {oi}Gi=1, each of which is scored by a reward
signal. These scores are then normalized within the group to compute a group-
relative advantage estimate Âi for each output:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
(7)

The policy is then updated by optimizing the clipped surrogate objective:

JGRPO(θ) = E q∼D
{oi}Gi=1∼πθold

1
G

∑G
i=1

(
min

[
πθ(oi|q)

πθold
(oi|q)Âi, clip

(
πθ(oi|q)

πθold
(oi|q) , 1 − ε, 1 + ε

)
Âi

]
− β DKL[πθ ∥πref ]

)
(8)

where ε controls the clipping range to prevent excessively large policy updates, and
β is a penalty coefficient that regularizes the updated policy πθ against a reference
policy πref via KL divergence. Outputs with positive advantage, i.e., those perform-
ing above the group mean, are reinforced, whereas those with negative advantage are
penalized. This steers the model toward higher-reward behaviors without requiring
a value model.
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D Glossary

The following terms are used throughout the paper. Entries are grouped themati-
cally; within each group, they appear in order of first use.

Agency. The capability of an AI system to direct its own processes, invoke external
tools, and maintain control over how a task is completed. Agency is acquired
incrementally: a base LLM has none, an AI agent acquires it through tool aug-
mentation, and an agentic AI system extends it further through autonomous
goal decomposition and iterative interaction with the environment.

Agent skills. Structured documents, typically Markdown files accompanied by ex-
ecutable scripts and asset templates, that are loaded into an agent’s context
at runtime. Agent skills provide domain-specific procedural knowledge and
formatting conventions without modifying model weights, and they can be
composed across multiple simultaneous tasks.

Agent-to-Agent (A2A) protocol. A protocol governing communication between
AI agents within a MAS. Each agent carries a JSON capability card; the
protocol manages execution status (pending / in progress / completed / failed)
to enable asynchronous multi-agent execution.

Agentic AI. An autonomous LLM system that accepts a high-level goal rather
than step-by-step instructions and adapts its execution plan in response to
environmental feedback. Its key characteristics are autonomy and adaptability.

AI agent. An LLM augmented with external tools (search engines, APIs, code
interpreters, calculators) that operates within an observation–action feedback
loop to complete assigned tasks autonomously.

Alpha. The excess return of an investment strategy relative to a benchmark, at-
tributable to active investment decisions rather than broad market exposure.
Alpha discovery and factor mining are primary use cases for LLM-driven agen-
tic pipelines in quantitative finance.

Attention dilution. The degradation in an LLM’s ability to attend to relevant
tokens as input context length grows, leading to reduced retrieval accuracy on
long-context tasks. It is commonly assessed using benchmarks such as Needle
in a Haystack and NoLiMa.

AutoGen. A conversation-based multi-agent framework developed by Microsoft in
which agents coordinate through structured dialogue rather than a predefined
execution graph; it is well suited to multi-agent debate architectures.

Benchmark contamination. The inflation of benchmark scores caused by the
presence of evaluation data in a model’s training set, which undermines the
validity of reported results.
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Black-Litterman model. A Bayesian portfolio optimization framework that
blends a market-implied equilibrium prior with investor-specified return views
using a mixing parameter. LLM-generated views on expected returns have
been proposed as a scalable source of such priors.

CAMEF. Causal-Augmented Multi-Modality Event-Driven Financial Forecasting:
a framework that integrates textual encodings of macroeconomic announce-
ments with high-frequency price time series to predict subsequent asset price
movements.

Catastrophic forgetting. The degradation of performance on previously learned
tasks caused by excessively large gradient updates during fine-tuning that over-
write earlier representations. It is often more pronounced in PPO than in
GRPO because PPO uses larger per-step parameter updates.

Centralized orchestration. A multi-agent topology in which a single orchestra-
tor directs all sub-agents; sub-agents do not communicate directly with one
another.

Chain-of-thought (CoT). A prompting strategy that decomposes a task into se-
quential intermediate reasoning steps within a single inference pass, improving
logical and quantitative problem solving by making reasoning explicit.

CISPO. A GRPO variant that applies update clipping at the response level rather
than per token, so that a small number of unusually confident tokens cannot
distort the full gradient step; designed for stable training on long documents.

Context window. The maximum number of tokens a model can process in a sin-
gle inference call. Frontier models such as Llama 4 Scout, Gemini 3.1 Pro,
and Claude Sonnet 4.6 support up to 1M–10M tokens; DeepSeek R1 and Mis-
tral Large 3 are capped at 128K tokens.

DAPO. A GRPO variant that addresses several known weaknesses simultaneously,
including adaptive clipping based on per-sample performance, removal of un-
informative training examples, and reward shaping to discourage unnecessarily
verbose outputs.

Decentralized orchestration. A multi-agent topology without a central coordi-
nator. Agents independently generate solutions and converge to a final output
through debate or voting mechanisms.

Dr. GRPO. A variant that identifies two standard correction steps in GRPO as
unintentional distortions of the learning signal and removes them, yielding a
simpler and more theoretically grounded training objective.

Evolution strategies (ES). A backpropagation-free fine-tuning paradigm that
evaluates a population of N candidate models obtained by adding Gaussian
noise to a pretrained model’s parameters, then updates the weights as a
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reward-weighted sum of the noise vectors. It parallelizes naturally and re-
quires only about 20% of the training samples needed by PPO/GRPO, with
a substantially lower VRAM footprint.

Factor mining. The process of discovering novel quantitative signals (factors) that
predict asset returns. LLM-driven frameworks such as Alpha-GPT 2.0, Fac-
torMiner, and QuantAlpha automate hypothesis generation, evaluation, and
optimization in this pipeline.

Few-shot prompting. A prompting strategy in which a small number of worked
input–output examples are included in the task description. This conditions
the model to follow the demonstrated pattern. In financial agentic pipelines,
few-shot prompting has been shown to achieve strong performance on data-
transformation tasks and is also used within chain-of-thought prompting to
make intermediate reasoning steps explicit [5].

Finance Reasoning (FinanceReasoning). A benchmark that evaluates numer-
ical financial reasoning via chain-of-thought, programming, and tabular anal-
ysis tasks; suitable for assessing models tasked with financial modeling and
quantitative analysis.

FinanceBench. A benchmark of 10,234 question–answer pairs about public com-
panies’ financial statements, primarily testing factual retrieval capabilities of
sub-agents (e.g., extracting operating income or inventory figures).

FinBen. A holistic financial AI benchmark covering the full capability spectrum:
information extraction, sentiment analysis, forecasting, risk management, and
agentic trading decisions. It is suitable for end-to-end evaluation of agentic AI
systems in finance.

Foundation model (FM). A generic model pretrained at scale and subsequently
fine-tuned for a domain-specific purpose. Financial foundation models are cat-
egorized as language, time-series, vision-language, or multimodal, depending
on the data modality they process.

FP16 / FP8 / INT8 / INT4. Numerical precision formats for storing model
weights. FP16 (16-bit floating point) is the current inference standard; FP8
and INT8 halve memory requirements relative to FP16; INT4 reduces them
by 4×. VRAM required for a 70B model scales from 140 GB (FP16) down to
35 GB (INT4).

Graph of thoughts (GoT). An extension of CoT reasoning that enables the ag-
gregation and merging of multiple independent reasoning paths into a graph
structure, allowing diverse intermediate conclusions to be synthesized before
a final answer is produced.

GraphRAG. An extension of RAG that constructs a knowledge graph from un-
structured source text, enabling graph-structured retrieval and richer multi-
hop reasoning over the retrieved information.
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Group Relative Policy Optimization (GRPO). A critic-free RL algorithm in-
troduced with DeepSeekMath that removes the value network entirely. Given
a prompt, the policy generates a group of G candidate outputs; rewards are
normalized within the group to compute a group-relative advantage estimate,
which drives policy updates via a clipped objective augmented with a KL-
divergence penalty.

GSPO (Group Sequence Policy Optimization). A GRPO variant that evalu-
ates reward at the full-response level rather than token by token, preventing
small per-token errors from compounding over long outputs.

Hallucination. The generation of plausible but factually incorrect content by a
language model. In financial settings, hallucinated outputs—for example, fab-
ricated corporate statements—can propagate through multi-agent feedback
loops and create systemic errors. It is commonly assessed using the Omni-
science and SimpleQA benchmarks.

Humanity’s Last Exam (HLE). A challenging general-knowledge benchmark
used to assess broad reasoning capabilities of fine-tuned models, and one of
the primary axes for evaluating alignment quality.

iGRPO. A GRPO variant in which the model generates self-critiques of its own
answers; these critiques are used as additional feedback signals, enabling con-
tinued improvement on problems where the model rarely produces a correct
answer.

Key-value (KV) cache. The stored attention key and value representations for
all tokens processed so far in a sequence. The KV cache enables efficient
autoregressive generation by avoiding recomputation, but its memory footprint
scales directly with context length and batch size.

KL divergence (in RL fine-tuning). The Kullback–Leibler divergence DKL(πθ∥πref)
is used as a regularization penalty in PPO and GRPO objectives to prevent
the updated policy from deviating excessively from a reference policy, thereby
limiting reward hacking.

Knowledge graph (KG). A structured representation of information as a di-
rected graph G = (V, E), where nodes v ∈ V denote entities (companies, events,
financial indicators) and typed edges e ∈ E encode semantic relationships
between them.

LangGraph. A graph-based orchestration framework in which a directed execution
graph routes subtasks to appropriate agents or tools; the system state, com-
putational nodes, and conditional edges define the complete execution flow.

Large language model (LLM). A transformer-based language model with
roughly 10B parameters or more. LLMs excel at complex reasoning, open-
ended generation, multi-step planning, and orchestration tasks, at the cost of
a high memory footprint and latency.

47



Agentic AI for Financial Applications: A Comprehensive Survey

LlamaIndex. A data-retrieval framework used as a document-fetch tool within
agentic pipelines, enabling structured ingestion and retrieval from external
knowledge bases.

Low-rank adaptation (LoRA). A PEFT method that represents the weight up-
date matrix ∆W as the product of two low-rank matrices BA (where B ∈ Rd×r,
A ∈ Rr×k, and r ≪ min(d, k)), dramatically reducing the number of trainable
parameters while preserving most task-specific performance.

Mean-variance optimization (MVO). A classical portfolio construction tech-
nique that selects asset weights to maximize expected return for a given level
of portfolio variance, tracing the efficient frontier. Recent research demon-
strates that LLM-selected stocks with MVO weights can outperform purely
LLM-weighted portfolios.

Mixed orchestration. A hybrid topology combining a top-level orchestrator for
task decomposition and resource allocation with direct inter-agent communi-
cation within local agent clusters, distinguishing it from purely centralized or
decentralized designs.

Model context protocol (MCP). An open-source standard that provides a uni-
fied interface for connecting AI agents to external data sources, computational
tools (calculators, code interpreters), and third-party APIs.

Multi-agent reinforcement learning (MARL). The application of reinforce-
ment learning to environments with multiple simultaneously learning agents.
In market making, a MARL framework using PPO trains opponent-aware
agents that capture significant market share without disproportionate market
impact.

Multi-agent system (MAS). An orchestration framework in which multiple AI
agents, typically coordinated by an LLM orchestrator and supported by SLM
sub-agents, decompose, execute, and aggregate complex workflows collabora-
tively.

Needle in a Haystack. A long-context evaluation methodology that assesses an
LLM’s ability to retrieve a single piece of relevant information embedded within
an extended, unrelated context. It tests direct lexical retrieval, but not asso-
ciative reasoning.

NoLiMa. A long-context benchmark designed specifically to test associative (non-
lexical) reasoning under extended context constraints, complementing Needle
in a Haystack by probing deeper relational inference.

OpenRLHF. An RL fine-tuning framework that disaggregates the policy, refer-
ence, critic, and reward models into independent GPU workers, eliminating
co-location memory bottlenecks and enabling tensor, data, and sequence par-
allelism for high-parameter models.
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Orchestrator. The central coordinating component of a MAS, responsible for de-
composing user objectives into subtasks, assigning tasks to specialized sub-
agents, managing execution state, and aggregating outputs into a final re-
sponse.

Parameter-efficient fine-tuning (PEFT). A class of methods that update only
a subset of model parameters, reducing computational and memory require-
ments relative to full-parameter fine-tuning. LoRA and QLoRA are the dom-
inant PEFT approaches.

Proximal Policy Optimization (PPO). A policy-gradient RL algorithm that
jointly trains a policy network and a value network. The clipped surrogate ob-
jective constrains each gradient step to remain within a ratio of [1−ε, 1+ε] of
the previous policy, preventing catastrophic performance collapse from overly
aggressive updates.

Quantization. A model compression technique that maps weights or activations
from a higher-precision format (e.g., FP16) to a lower-precision format (e.g.,
INT8, INT4, or sub-4-bit). It reduces VRAM requirements substantially with
minimal accuracy degradation when moving from FP16 to INT8; the novel
TurboQuant method achieves 2.5-bit KV-cache quantization without accuracy
loss.

Quantized low-rank adaptation (QLoRA). An extension of LoRA that applies
4-bit quantization to the frozen base-model weights, enabling fine-tuning of
models with up to 65B parameters on a single 48 GB GPU.

ReAct (reason + act). An iterative prompting framework that interleaves chain-
of-thought reasoning steps with explicit action steps; the agent cycles through
perceive → think → act → observe until a goal condition is met.

Reflexion. A self-improving agent architecture in which linguistic feedback from
prior attempts is stored in long-term memory, enabling subsequent attempts
to avoid previously identified errors. It is particularly effective for complex,
multi-step tasks.

Regime detection. The identification of structural shifts in macroeconomic or
market conditions. LLM-based frameworks such as Alpha-R1, Mind the Shift,
and CAMEF use textual encodings of macro releases and Fed statements to
detect regime changes and adapt investment strategies accordingly.

REINFORCE++. A GRPO-lineage variant that uses the batch-level average re-
ward rather than group-level statistics as the advantage baseline, producing a
fairer and more stable training signal.

Reinforcement learning with AI feedback (RLAIF). A scalable alternative
to RLHF in which an AI evaluator replaces human annotators to generate
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preference labels. It achieves comparable alignment performance on sim-
pler tasks (summarization, dialogue) but produces noisy labels on complex
reasoning tasks.

Reinforcement learning with human feedback (RLHF). A fine-tuning
paradigm in which human annotators provide pairwise preferences over
model outputs. These labels train a reward model, which in turn drives policy
optimization via an RL algorithm. It is constrained by high annotation cost
and limited scalability.

Reinforcement learning with verifiable rewards (RLVR). A fine-tuning
paradigm using objective, binary outcome signals—reward is granted only on
an exact match against a ground-truth answer. It implicitly improves chain-
of-thought quality and is restricted to verifiable tasks such as mathematics
and code generation.

Retrieval-augmented generation (RAG). An architecture that augments an
LLM’s parametric knowledge with dynamically retrieved external documents.
The retrieval stage identifies the top-K most relevant chunks (ranked by co-
sine similarity); the generation stage re-ranks and appends these chunks to the
model’s context. RAG reduces hallucination and extends the model’s effective
knowledge cutoff to the present day when paired with live web search.

Reward hacking. A failure mode in which a model exploits structural loopholes
in the reward function, such as memorized training patterns, data leakage,
or degenerate repetition, to maximize measured reward without learning the
intended behavior. It can be mitigated by bounded, marginally decreasing
reward functions and by GRPO’s critic-free architecture.

SimpleQA. An OpenAI benchmark of 4,236 short-form factual questions used to
measure model hallucination rates on concise, verifiable claims.

Small language model (SLM). A language model with fewer than roughly 10B
parameters. SLMs offer low latency and minimal inference cost, making them
preferred as specialized sub-agents for repetitive, domain-specific tasks such
as coding or translation.

smolagents. A Hugging Face library that provides a standardized tool-calling in-
terface for AI agents, supporting retrieval, computation, and side-effect tool
categories.

Supervised fine-tuning (SFT). The classical fine-tuning approach in which a
pretrained model is further trained on curated instruction–response pairs.
High annotation quality is preferred over dataset size. SFT serves as the
baseline from which RL fine-tuning departs.

TRL (Transformer Reinforcement Learning). A Hugging Face library pro-
viding direct access to models hosted on Hugging Face with native support
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for GRPO, PPO, and related variants, as well as LoRA and QLoRA; it is
often the most accessible option for researchers with limited compute.

Value-at-Risk (VaR). A statistical measure of the maximum expected loss of a
portfolio over a given time horizon at a specified confidence level. Multimodal
LLM frameworks such as RiskLabs have been proposed to forecast VaR from
combined audio and text data.

VAPO. A PPO variant that reintroduces a pretrained value network with sepa-
rate treatment for positive and negative advantage estimates and specialized
handling of long reasoning chains, recovering PPO’s performance on extended
chain-of-thought tasks.

VC-PPO. A PPO diagnostic variant that identifies value-network degradation
rather than policy degradation as the primary cause of PPO instability on
long reasoning tasks; fixing the value estimator recovers performance to the
level of critic-free methods.

Verl. A ByteDance library for large-scale multi-GPU RL fine-tuning, supporting
the latest GRPO and PPO variants with flexible GPU resource co-location for
training and inference.

VRAM (video RAM). The dedicated on-device memory of a GPU, which dur-
ing inference must accommodate both the model weights and the KV cache.
VRAM capacity is the primary hardware bottleneck for deploying LLMs.

Zero-shot prompting. A prompting strategy in which the model is given only a
task description and no worked examples, relying entirely on knowledge ac-
quired during pretraining to produce a response. Zero-shot prompting serves as
the baseline against which more structured strategies such as few-shot prompt-
ing and chain-of-thought reasoning are evaluated.
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