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Summary

Technical Methods

* Goal: We explore the potential for language agent teams
to break down and answer questions with multiple
reasoning elements or inputs (“multi-hop reasoning”)

* Method: Given limited input data and paired with
effective retrieval, a team of language agents was able to:

* Break down complex question A into smaller questions

* Divide out and complete research tasks

 Language Agents: Team Lead + team of analysts

* Retrieval augmented generation (RAG): Connected to
high-quality academic research on disruptive innovation.
Used by team lead to for evaluation and decision making

* Web Search: Used by analyst agents to get relevant data

| “Examine the early product offerings of \
Team Lead Flow Salesforce, focusing on their simplicity,
(GPT 4 w/RAG) affordability, and convenience compared to the

* Re-evaluate and do follow-up research { “Salesforce”

existing CRM solutions at the time. Determine
if Salesforce's products allowed for easier use

* Synthesize findings and generate answer to question A

e Application: Used for the challenging process of
evaluating “disruptive innovation,” in partnership with
investment fund Rose Park Advisors (RPA)

* Results: In blind expert eval, multi-agent model yielded

or implementation for businesses, especially
those that may have found traditional CRM
software too cumbersome or expensive.”

/

Analyst Flow
(GPT 3.5 w/web search)

Self-reflect, identify

Break assigcnment
blind spots £

“expert”-level answers >50% of times (vs. 18% for GPT-4)
* Input: The name of a company

* Outputs: Detailed report, summary memo for company

Background

* Motivation: Can language agents break down a complex
question, find sub-answers, and work back to a
meaningful answer to original question? (see refs. below

into sub-elements

Conduct web

Issue assignments
research
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blind spots

Generate report for
human review

Generate report for

Detailed Report, team lead

Memo

for related WOrk) “Salesforce exhibits the potential to be a disruptor relative to Report

* Flexible, simpler implementation vs. knowledge graph

* Requires understanding context, managing ambiguity, .
and maintaining coherence across multiple steps

* Applied to the complex business theory of “disruptive
innovation” (Christensen, 1997)
o Theory is usually misunderstood
o Evaluation is often complicated by marketing jargon

o Previously considered
impossible for computers —
“l believed [your] model
would never have the
insight to articulate

»
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certainty” ig. from Christensen, 1997)

* Model evaluated on RPA’s previous investment decisions

* To reflect real-world search for new companies, we elected
to use minimal inputs into the model
* Inputis a company name; model does its own research

traditional on-premise CRM providers.

Evidence in favor of disruptive potential:

Salesforce targeted non-consumers and those overserved by
traditional CRM systems, offering a cloud-based solution that was
more affordable...”(memos are ~200-words, reports are ~1200)

* Method: Blind expert human eval from the Chief of Staff
to the author of the theory
 Graded thousands of Harvard MBA papers on
disruptive innovation

* Results: The model outputs were rated at “expert” level
53% of the time (compared with 18% for base GPT-4)

Human Eval Score Distribution
multiAgentRAG vs. GPT-4 benchmarks
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GPT-base: Basic GPT-4 prompt. GPT-prompt: GPT-4 with extensive prompting to match multiAgentRAG
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