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1. Introduction

DeepFinAI is an advanced end-to-end AI-driven system
designed to generate institutional-quality investment anal-
yses and valuation reports tailored specifically for equity
analysts, portfolio managers, and institutional investors.
It integrates state-of-the-art large language model (LLM)
[6, 9, 18] capabilities with established financial model-
ing, aiming to deliver detailed, actionable investment in-
telligence reflecting the rigorous, value-oriented investment
philosophies of renowned investors such as Warren Buf-
fett, Charlie Munger, Seth Klarman, and Bruce Greenwald
[2, 5, 11, 13].

At its core, DeepFinAI employs a two-agent architec-
ture [7]. In the first phase, an information collection and
valuation agent operates within a structured Reason-Act-
Observe (ReAct) loop [20]. This agent systematically iden-
tifies the user’s information requirements, invokes special-
ized tools through the Model Context Protocol (MCP) [1] to
retrieve relevant information such as financial statements,
company profiles, risk factors, and macroeconomic data,
performs valuation calculation, and drafts preliminary re-
port sections, embedding immediate inline citations for
each factual assertion. Subsequently, the BuffAI thesis syn-
thesis agent consolidates this evidence, producing a coher-
ent, fully structured Markdown report–aligning with value
investor styles–that is ready for downstream publishing or
PDF conversion. This sequential agent approach ensures
data accuracy and narrative coherence.

The MCP framework integrates data adapters connect-
ing to Financial Modeling Prep (FMP) [4], SEC EDGAR
[19], and proprietary data sources, providing programmatic
access to financial statements, ratios, Management’s Dis-
cussion & Analysis (MD&A) etc. Tools are LLM-callable
functions with structured JSON responses, enforcing a rig-
orous Evidence First principle with immediate data attribu-
tion.

To enhance alignment, we plan and have partially im-
plemented advanced post-training techniques, including
Reinforcement Learning from Human Feedback (RLHF)

[14] using Proximal Policy Optimization (PPO) [16], Di-
rect Preference Optimization (DPO) [15], and parameter-
efficient fine-tuning using Low-Rank Adaptation (LoRA)
[8]. Using expert-rated analyst reports, this post-training
aims to reduce hallucinations and improve report structure
and citation. Details are in Section 5.

This technical appendix documents DeepFinAI’s archi-
tecture, datasets, core modeling engines, safety, alignment
and post-training strategies, and benchmarks.

2. System Architecture
DeepFinAI utilizes a modular, multi-layered microservices
architecture designed for scalability and efficient data pro-
cessing, enabling the generation of institutional-quality in-
vestment reports. Figure 1 illustrates this system.

2.1. Architectural Layers and Key Components
2.1.1. Frontend Layer
This layer provides the user interface for investment profes-
sionals.
• BuffAI Interactive App: The core web application for

authenticated users to submit natural-language analysis
queries, define requirements/risk preferences, manage
profiles, and access reports.

• Integrated Report Viewer: An in-app module for ren-
dering structured Markdown reports with interactive nav-
igation and download options (e.g., PDF).

2.1.2. Integration Layer
This layer manages external communication, internal re-
quest routing, and resource access.
• API Gateway (APIGW): Unified entry point for fron-

tend requests, handling authentication, authorization, rate
limiting, and routing to Core Services.

• Prompt Store: Central repository for version-controlled
system prompts guiding LLM agents, ensuring consistent
behavior and facilitating prompt engineering.

• External API (ExtAPI) Abstraction: Standardized in-
terface for third-party data consumed by Data Ingestion
MCP Servers via adapters.
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Figure 1. DeepFinAI System Architecture Diagram

2.1.3. Core Services Layer
This layer forms the operational backbone, responsible for
data processing, AI-driven analyses, and storage:
• Agentic Services: Core analytical AI agents that orches-

trate data-driven investment report generation:
– Information Collection and Valuation Agent: Em-

ploys a ReAct loop [20], guided by system prompts, to
identify information needs, invoke MCP tools for data
retrieval (financials, profiles, filings, market context),
perform quantitative valuations (e.g., DCF), and draft
initial report sections with citations.

– Thesis Generation Agent: Synthesizes data and drafts
from the previous agent into a final, coherent Mark-
down report, embodying the BuffAI persona.

– Agents are designed to be LLM-agnostic. Current im-
plementation and testing utilize Google’s Gemini-2.0-
flash [18] via the Google Generative AI Python SDK.

• Data Ingestion MCP Servers: Microservices that ex-
pose data retrieval functionalities via MCP [1] tools:
– Financial Data MCP Server (FDS): Provides struc-

tured financial data, company profiles, valuation in-
puts, and qualitative SEC filing data via adapters for
FMP [4] and SEC EDGAR [19].

• Storage Services: Includes Document Store (DS) for
reports/profiles, Time Series DB (TSDB) for finan-
cial/market data, Vector DB (VDB) for embeddings sup-
porting RAG [12], and a Cache Layer.

2.2. Component Sourcing: Proprietary vs. Open-
Source

DeepFinAI combines proprietary innovations with open-
source technologies.
• Proprietary: Core DeepFinAI system logic; Agentic

Services framework; Data Ingestion MCP Server imple-

mentations; specialized data adapters; engineered system
prompts; BuffAI Interactive App source code; custom
Pydantic models, closed models such as Google Gemini
[18].

• Open-Source/Leveraged: Vue.js, Vite, Ant Design Vue
(Frontend); Python, Starlette, aiohttp, pydantic, ca-
chetools (Backend); FAISS (vector database); open mod-
els such as DeepSeek R1 [6].

3. Dataset
DeepFinAI integrates data from diverse external sources
via dedicated adapters in the Data Ingestion MCP Servers,
alongside user and customer-provided information.
• Financial Modeling Prep (FMP):

– Data Types: Structured financial statements, stock
data, profiles, ratios, growth metrics, DCF inputs.

– Access Mechanism: Via the FMPAdapter within the
Financial Data MCP Server (FDS), which utilizes
FMP’s REST API.

– Licensing: DeepFinAI utilizes a commercial FMP API
subscription, adhering to FMP’s terms, rate limits, and
free-tier awareness.

• SEC EDGAR Data :
– Data Types: Qualitative data from 10-K/10-Q filings

(Business Description, Risk Factors, MD&A); CIKs.
– Access Mechanism: Via the SecApiAdapter using di-

rect sec.gov
– Licensing: Data sourced directly from sec.gov is con-

sidered public domain information provided by the
U.S. government.

• Customer-Provided Data & Knowledge:
– Data Types: Enterprise customers can optionally link

their proprietary data sources, internal research, estab-
lished investment thesis templates, or preferred analyt-



ical frameworks.
– Access Mechanism: Integration mechanisms (e.g., se-

cure API connections, dedicated MCP tool adapters
for customer systems, or document ingestion pipelines
for the Vector DB) are provided to incorporate this
customer-specific context.

– Licensing: Customer-provided data is governed by
customer agreements, ensuring privacy and adherence
to their policies.

4. Core Modeling Pipeline

DeepFinAI’s core pipeline transforms a user’s natural-
language request into a polished, institutional-grade invest-
ment report via two specialized LLM agents and MCP tools.

4.1. Overview of the Pipeline
1. Agent 1 – Information Collection & Valuation: Using

a Reason–Act–Observe loop [20], this agent parses the
user query, invokes MCP tools to retrieve structured data
(financials, profiles, filings) and qualitative excerpts, per-
forms preliminary quantitative analyses (e.g. DCF with
LLM-guided assumptions), and drafts each report sec-
tion in Markdown with inline citations.

2. Agent 2 – Thesis Generation: Consumes Agent 1’s
drafts and data, then synthesizes and refines them into
a coherent, fully structured report. Retrieval-augmented
inputs from the Vector DB ensure up-to-date context,
while prompt templates enforce logical flow, style, and
completeness.

4.2. From Query to Drafts
• Query Ingestion: Users submit company analyses and

risk preferences via the BuffAI App. The API Gateway
authenticates the request (IAM) and forwards it to Agent
1.

• ReAct Iterations: In each cycle, Agent 1:
– Reasons about missing information for specific report

sections.
– Acts by calling MCP tools (via SSE McpClient) to

fetch data from FDS, NSS, MIS.
– Observes JSON responses and updates its internal con-

text.
• Valuation Integration: Quantitative outputs (e.g. DCF)

are merged with LLM-generated narrative, with assump-
tions (discount rates, growth) justified in text.

• Drafting & Citation: Each section is authored in Mark-
down, immediately attributing all facts to their source
tool.

4.3. Synthesis into Final Report
• Input Aggregation: Agent 2 ingests Agent 1’s drafts, re-

trieved embeddings (RAG), and prompt templates.

• Structured Synthesis: Guided by the BuffAI persona, it
reorganizes, rewrites, and enriches content—generating
the Executive Summary and ensuring stylistic and analyt-
ical consistency.

• Output Formatting: The final Markdown report is de-
livered to the BuffAI App, ready for rendering or PDF
export.

5. Safety, Alignment and Post-Training
Ensuring the safety, reliability, and alignment of DeepFi-
nAI’s outputs with institutional quality standards and user
expectations is a critical design objective. This section de-
tails the current safety and alignment measures in place
and outlines planned enhancements through advanced post-
training techniques.

5.1. Current Safety and Alignment Measures
DeepFinAI incorporates several layers of mechanisms to
promote factual accuracy, mitigate risks associated with
LLM generation, and align outputs with the system’s in-
tended purpose:
• Prompt Engineering: System prompts (stored in the

Prompt Store) define clear personas, enforce the ReAct
methodology [20], mandate “Evidence First” citations,
and constrain agents to use only vetted data. Prompts in-
clude delimiters and explicit instructions to resist injec-
tion or role subversion.

• Few-Shot Prompt Examples: Snippets from gold-
standard investment reports are embedded as few-shot
exemplars–showing correct section headings, citation
patterns, and value-investor tone. This anchors the LLM’s
style and structure before any data retrieval or generation
takes place.

• RAG with Gold Reports & Live Data: The Thesis Gen-
eration Agent uses Retrieval-Augmented Generation [12]
to fetch relevant passages from both (a) an indexed li-
brary of vetted, gold-standard reports and (b) up-to-date
embeddings in the Vector DB [3, 10]. This combined
RAG approach ensures the model has high-quality ref-
erence examples while also accessing the latest data, fur-
ther minimizing hallucinations and improving narrative
consistency.

• Input Validation: User queries are sanitized and length-
checked before inclusion in LLM prompts.

• Tool Confinement: Agents can only invoke predefined
MCP tools, each with strict input/output schemas, pre-
venting arbitrary code execution.

• Response Validation: LLM outputs–tool-call parameters
and draft sections–are parsed and schema-checked; mal-
formed or unexpected content is flagged or rejected.

• Two-Agent Workflow: Agent 1 collects, cites, and cal-
culates all data; Agent 2 only reorganizes that vetted con-
tent, preventing ungrounded hallucination during synthe-



sis.
• Adapter-Level Schema Enforcement: Data from FMP

and SEC adapters is validated via Pydantic models, en-
suring correct types and formats.

• Retrieval Grounding: The Thesis Generation Agent
uses RAG (via the Vector DB) to fetch relevant context,
further reducing hallucinations.

• Ongoing Red-Teaming: Prompts and workflows un-
dergo periodic adversarial testing to uncover and reme-
diate vulnerabilities.

5.2. Post-Training Roadmap

We will refine DeepFinAI through targeted post-training
stages, each leveraging specialized data and human feed-
back:
1. LoRA Fine-Tuning [8] We assemble 3,000–5,000 high-

quality analyst reports alongside a “value-investor cor-
pus” composed of Berkshire Hathaway letters, Char-
lie Munger speeches, and seminal value-investing texts
known for in-depth qualitative sections—companies’
business models, explicit moat analyses, and competitive
positioning. Each is converted into structured Markdown
with inline tool-call placeholders. A low-rank LoRA
adapter [8] is trained on this corpus to internalize sec-
tion order, citation syntax, and a value-investor narrative
voice that emphasizes business quality and moat reason-
ing.

2. Preference Alignment via Direct Preference Optimi-
sation (DPO) [15] Senior analysts use an in-app A/B
interface to compare draft sections with respect to qual-
itative depth, valuation realism, and clarity of moat ar-
ticulation. We collect ∼10 000 pairwise judgments in-
formed by a rater guideline (“Does the analysis iden-
tify and justify a moat type?”). Direct Preference Opti-
mization (DPO) fine-tuning then aligns the LLM to these
expert preferences, reinforcing contextual reasoning and
nuanced business insights.

3. Group-Relative RLHF [14] We train a reward model
on multi-rater (3-5 analysts) scores for clarity, analyt-
ical/qualitative depth, and factual accuracy. Use PPO
[16], potentially with a group-relative reward function
(inspired by GRPO [17]), to refine style, nuance, and
complex value judgments. Explore sparse rewards from
comparing historical report valuations with subsequent
TSR (≥12 months) for long-term calibration, carefully
weighted against expert feedback.

4. Client-Specific LoRA Adapters To support bespoke re-
quirements—such as a firm’s proprietary style guide,
unique valuation assumptions, or thematic overlays–
we train lightweight LoRA adapters on a small, client-
specific corpus of 100–500 annotated reports or inter-
nal style documents. Each adapter captures that client’s
preferred narrative style, citation conventions, and an-

alytical framework without altering the core model’s
weights. At inference time, DeepFinAI can “hot-swap”
these adapters, ensuring the generated reports adhere
precisely to the client’s house style and thematic priori-
ties.

6. Evaluation and Benchmarks
To evaluate DeepFinAI’s multi-agent, ReAct-based archi-
tecture, we conducted a benchmark study comparing its out-
puts against those from a simpler, single-agent, non-ReAct
baseline. All evaluations relied on qualitative assessments
from human financial experts.

6.1. Experimental Design
• Report Generation Approaches:

1. Single-Agent (No ReAct): Single LLM pass to gen-
erate the full report, with MCP tool use instructed but
without iterative observation/reflection.

2. Multi-Agent (With ReAct): DeepFinAI’s two-agent
pipeline.

• Company Sample: We selected a few publicly traded
companies across diverse sectors.

• Human Expert Panel: Three senior equity analysts
(5+ years experience each), blinded to report generation
method.

• Evaluation Criteria: (1) Section Completeness, (2)
Qualitative Depth (business model, moats, competition),
(3) Valuation Justification (assumptions, DCF connec-
tion), (4) Overall Usefulness for investment decisions.

6.2. Results
Table 1 summarizes the average scores and accompanying
expert observations. As shown, the multi-agent (ReAct-
based) approach substantially outperforms the single-agent
baseline across all metrics, with experts noting much
stronger section coverage, deeper qualitative analysis,
clearer valuation rationale, and greater overall utility.

6.3. Discussion
The benchmark indicates that the multi-agent ReAct archi-
tecture significantly improves report quality across all di-
mensions compared to a single-pass baseline. This validates
the current architectural design and underscores the poten-
tial of the planned post-training methods (Section 5.2) for
further enhancing investment-grade insights.
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