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INTRODUCTION

Welcome to 99P Labs’ Spring 2026 University Innovation Impact Report. This document is a window into the university engagements we joined during the spring 2026 semester.

This semester we also published a two-part blog series, "Rethinking the Industry-Academia Relationship” (Part 1, Part 2), on the thinking behind this work. The short version: the old
vehicles for industry-academia collaboration still create value, but the world got faster and they mostly did not. The fundamentals universities teach are still sound. What changed is the
practice layer on top, and Al is compressing those cycles fast. We think the answer is not one big new program, but a portfolio of small bets that are cheap to start, quick to learn from,
and flexible enough to evolve as the work does. The engagements in this report are early bets in that spirit.

The report begins with the Engagement Metrics Snapshot. This section pulls metrics from our Medium blog and LinkedIn activity, plus the engagements themselves. It gives a visual read
on our outreach and impact, so you can track progress and effectiveness straight from the report.

Next comes a snapshot of the technologies we explored and applied across projects. It shows the range of tools and approaches we investigated, and gives a quick sense of the
technical landscape shaping our work this semester.

After that, the report lays out a full table of all the engagements. Each row gives a glimpse of one engagement: the problem statement, the domain, the university or program, key
numbers, and links to related assets. Those assets include blogs, videos, posters, and other materials, and they offer a deeper dive into each program.
We then present each engagement in greater detail later in the report, so you can see the challenges we are working to address.

Thank you for your interest in our work. We look forward to hearing from you. You can also connect with our community by checkout out our website, following us on Medium and
LinkedIn.


https://medium.com/99p-labs/rethinking-the-industry-academia-relationship-part-1-1ae90bbba7ec
https://medium.com/99p-labs/rethinking-the-industry-academia-relationship-part-2-741635f0caa2
https://www.99plabs.com/
https://www.99plabs.com/
https://medium.com/99p-labs
https://www.linkedin.com/company/99p-labs

ENGAGEMENT METRICS SNAPSHOT FOR SPRING 2026

Medium

Student Engagement Projects: 15 Number of Blogs: 16
University Partnerships: 7 Number of Blog Views: 782

Unique Programs: 11

Students Engaged With: 101

Technologies Utilized/ Researched: 84 Number of LinkedIn Posts: 17

Prototypes / Demos: 36 LinkedIn Organic Impressions: 14,030
Repos / Decks: 28

Videos: 12

Linkedin Engagement Rate Avg: 6.21%



TECHNOLOGIES SNAPSHOT FOR SPRING 2026 |

List of the 84 technologies utilized/researched across Spring 2026 projects,
highlighting the breadth of student engagement and technical exploration.

~ Intelligence + Al Cloud / Data / Communication Software ] Hardware
OpenAl API e LSTM Docker Python e Recharts RealSense 99ACXA
Qwen/Qwen?2.5-15B- « Temporal Graph SQLite Jupyter Notebooks e VS Code extensions Raspberry Pi
Instruct for local LLM Transformer Supabase Plotly  Electron TI IWR6843 mmWave
execution « MCP Postgres / JSONB JSON Repair e React radar
Hugging Face « Graphiti Neo4j tqdm o TypeScript Unitree 4D L2 LIDAR
Transformers . Google Gemini Neo4j 5 Desktop Gradio  Git / GitHub 3D Printing / FDM
Torch « Anthropic / Claude Neo4j Graph Data PKL data conversion  « PyMuPDF / PDF
Accelerate o scikit-learn Science pipeline o Jekyll
BitsAndBytes « OpenAl / GPT-5 API Cypher OpenCode « HTML
Sentence Transformers PyTorch Neo4j Bloom FastAPI o« CSS
all-MiniLM-L6-v2 for e FAISS SerpAPI tree-sitter  JavaScript
semantic embeddings « BM?25 Excel GitHub « Matplotlib
Scikit-learn « OpenAl text- Pandas Opencode Al e Seaborn
NetworkX embedding-3-smal NumPy Langfuse  Beautiful Soup /
UMAP « PointNet Autodeck Fusion Requests
HDBSCAN o Llamalndex SimScale e AST parsing
CodeRankEmbed « RepoGraph LangGraph StateGraph « JSON

LocAgent

ReactFlow

Dagre auto-layout



Spring 2026 University Engagements Summary Table Part 1

Innovation Prompt

University / Program

Key Numbers

4 students

Link(s)

B i D
How might we use Al and patent data to identify which generated product ideas are truly Carnegie . . . : , og Linkedin Deck
. Mellon Master of Science in Business Analytics 19 technologies
novel, valuable, and worth prioritizing? University Repo Poster
14 weeks
How might we design an Al ideation system that measures semantic similarity, filters hidden Carnegie 4 students Blog Linkedln Report
redundancy, and produces a diverse portfolio of innovation concepts that teams can %Iﬂlgrlsity Master of Science in Business Analytics 6 technologies
confidently evaluate and act on? 14 weeks Deck Data Nexus Callout
How might we design safer, more intentional ways for drivers to communicate context and Carnegie 5 students
. . . . .' . . o . ellon Master of Human-Computer Interaction Blo Linkedln
P 9
intent without increasing distraction, emotional friction, or conflict on the road? University 14 weeks
3 students B ;
How might we detect and model patterns of coordination, neutral activity, and disruption in ] : . . , log Hinkedin
shared indoor spaces using privacy-preserving motion data processed at the edge? []HIHEIHTE Electrical & Computer Engineering 6 technologies
P 9 privacy=p S P 9¢ \ 4 28 weeks Deck Mid-Report Video
4 students Blo Linkedin
How might we design adaptive retrieval systems that help Al coding agents understand evolving (] , : . . 9
: . . . H||]5"]T Computer Science and Engineering 10 technologies
codebases while reducing stale, irrelevant, or noisy context? [] (O E
14 weeks Repo Deck
' ' ' . . , A 40 students ﬂ@g Linkedln
How might we use Al agents to improve public transportation on Ohio State’s campus? “HH]HIH'[E Make OHI/O
< 2 days Video 1* Place
6 students
& SMITH Blog Report
How might we improve the reliability of Al systems that learn and act from context? {.’C Data Science Clinic 3 technologies
OLLEGE 4 wreek Linkedin Deck
weeks
How might we design a compact, efficient, and low-noise vertical axis wind turbine that o 4 students Blog 1 Blog 2 Report
performs reliably in turbulent rooftop conditions and integrates seamlessly with urban *"”CSC)ht[L—Eié L Design Clinic 4 technologies
architecture? Linkedin Deck

28 weeks


https://www.linkedin.com/feed/update/urn:li:activity:7445582072741785600
https://www.linkedin.com/feed/update/urn:li:activity:7445582072741785600
https://medium.com/99p-labs/nobody-designed-the-honk-739da31e069e
https://www.cmu.edu/
https://hcii.cmu.edu/academics/mhci
https://www.cmu.edu/
https://www.osu.edu/
https://ece.osu.edu/
https://www.osu.edu/
https://hack.osu.edu/
https://www.linkedin.com/feed/update/urn:li:activity:7436742318931611650
https://medium.com/99p-labs/99p-labs-at-makeohi-o-2026-d30dcb630507
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://youtu.be/KQdcW6QcYDA
https://www.osu.edu/
https://cse.osu.edu/
https://www.cmu.edu/
https://www.cmu.edu/tepper/programs/master-business-analytics
https://www.cmu.edu/tepper/programs/master-business-analytics
https://www.smith.edu/
https://smithcollege-sds.github.io/capstone/
https://www.smith.edu/
https://www.smith.edu/news-events/news/smith-design-clinic
https://medium.com/99p-labs/smith-college-capstone-project-vertical-axis-wind-turbine-investigation-design-and-cfd-analysis-466adfa63a5b
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2ae7a727b2ac68a4c2e2f9_HRI_99P%20Labs%20Archival%20Final%20Report%20(1)_compressed.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2adab01ca62710b353ec82_HRI_99P%20Final%20Presentation_compressed.pdf
https://medium.com/99p-labs/unsmith-college-capstone-project-vertical-axis-wind-turbine-investigation-design-and-cfd-d46be31da17e
https://www.linkedin.com/feed/update/urn:li:activity:7458485582722342912
https://medium.com/99p-labs/kaleidoscope-measuring-novelty-through-editing-72308af5a6a8
https://github.com/davidfabyonic/HRI---Quantifying-Novelty-and-Value-A-Data-Driven-Framework-for-Automated-Product-Generation
https://www.linkedin.com/feed/update/urn:li:activity:7453439193801891840/
https://www.linkedin.com/feed/update/urn:li:activity:7453439193801891840/
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a28542de2390698e417820e_MSBA%201%20-%20Poster.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2852f092410c41b2ef40f3_MSBA%201%20-%20Final%20Presentation%204.27.26.pdf
https://medium.com/99p-labs/we-asked-ai-for-100-innovation-ideas-more-than-half-were-the-same-idea-10b1be0ef668
https://www.linkedin.com/feed/update/urn:li:activity:7463593534168719360
https://www.linkedin.com/feed/update/urn:li:activity:7463593534168719360
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a289e6cac7a1fa35657531e_spring_2026_cmu_msba_2.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7449874349316022273
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a289ecdb9e763af59e97385_spring_2026_cmu_msba_2_FINAL.pdf
https://youtu.be/_naLsKeIgyQ
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/695410b37b778fe50551902a_PDR%20Presentation.pdf
https://medium.com/99p-labs/understanding-group-behavior-without-using-a-camera-922c7a6cde93
https://www.linkedin.com/feed/update/urn:li:activity:7453451487994851328
https://www.linkedin.com/feed/update/urn:li:activity:7453451487994851328
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a29f3489f9a76ac0c502482_REBOOT_Project_Overview.pdf
https://github.com/jackcml/reboot-mcp
https://medium.com/99p-labs/existing-knowledge-graphs-as-codebase-context-for-agents-1c8e3da3a400
https://www.linkedin.com/feed/update/urn:li:activity:7462901001562251265
https://www.linkedin.com/feed/update/urn:li:activity:7462901001562251265
https://medium.com/99p-labs/in-context-learning-for-llms-cd2051416904
https://www.linkedin.com/feed/update/urn:li:activity:7459588210172518400
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2abed31870e9c4ab2e37ea_SDS_410_Honda_Team_Research_Paper.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2abee6246889eb6ef04654_SDS%20410%20Capstone%20Presentation%20Honda.pdf

Spring 2026 University Engagements Summary Table Part 2

Innovation Prompt

University / Program

Key Numbers

Link(s)

6 students Bl Linkedl
How might Al reshape the way research teams identify, evaluate, and act on emerging Likelion Student Club 7 technologies 9 kedin
innovation opportunities? 9 Demo
14 weeks
6 students . .
How might we help people build with Al without feeling overwhelmed by the technical Likelion Student Club 3 technologies Blog Linkedin
details? J Deck
14 weeks
4 students Blo Linkedin
How might we evaluate LLM agents so we can distinguish genuine reasoning from the effects w Halicioglu Data Science Institute (HDSI) 3 technologies 9
of context visibility? "L';us i/} 28 weeks Report Poster
4 students Blo Linkedin
How might we design scalable evaluation systems that make LLM-generated summaries more W Halicioglu Data Science Institute (HDSI) 6 technologics 9
reliable, interpretable, and aligned with human judgment? ucsp o J Report Poster
1]
28 weeks
4 students B .
How might we measure the gap between what LLM judges reward and what humans find Haliciodlu Data Science Institute (HDSI) 11 technologies ‘og Hnkedin
helpful in Al-generated explanations? ucsp S J Report Poster
! 28 weeks
3 students N
How might we help Al understand a codebase as a connected system rather than a collection Master of Science in Data Science 8 technologies Blog Report Demo
of separate files? Boulder 4 week Linkedin Deck
weeks
4 students Bl R R
How might we help Al systems understand software the way engineers do: through - Master of Science in Computer Science 9 technologies blog €po eport
relationships, dependencies, and change impact rather than isolated code snippets? P o Linkedin Deck Poster

14 weeks


https://www.colorado.edu/
https://ucsd.edu/
https://ucsd.edu/
https://ucsd.edu/
https://www.berkeley.edu/
https://www.berkeley.edu/
https://www.umass.edu/
https://datascience.ucsd.edu/
https://datascience.ucsd.edu/
https://datascience.ucsd.edu/
https://www.linkedin.com/feed/update/urn:li:activity:7459656076377071616
https://medium.com/99p-labs/aura-an-ai-co-scientist-for-innovation-research-ea2f095b1d15
https://youtu.be/1l9aaINJb6U
https://www.linkedin.com/company/likelionus/posts/?feedView=all
https://www.linkedin.com/feed/update/urn:li:activity:7462114363781439489
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2b5496aa27f6facdd5e756_Spring%202026%20LikeLion%20Final%20Presentation.pptx.pdf
https://medium.com/99p-labs/beyond-the-terminal-building-viva-for-vibe-coders-c7285acc068e
https://www.linkedin.com/company/likelionus/posts/?feedView=all
https://www.umass.edu/graduate/academics/master-science-computer-science
https://medium.com/99p-labs/are-llm-agents-actually-smart-or-just-better-informed-429c17d217bd
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c005a543f40eae41c6826_ucsd-report-1.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c0079efe95c79585749ca_ucsd-poster-1.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7442598287007952899
https://medium.com/99p-labs/iterative-refinement-of-llm-as-judge-framework-0819fe352575
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c248c557930f720f8fc9f_ucsd-report-2.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c24c10f04654656a4e9ba_ucsd-poster-2_compressed.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7441846193065918464
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4f3bcb18221be9001240_Hindsight%20Project%20-%20Midpoint%20Presentation.pdf
https://github.com/Bpriya42/hindsight
https://medium.com/99p-labs/hindsight-a-knowledge-graph-layer-for-navigating-large-codebases-6acf331c1766
https://www.linkedin.com/feed/update/urn:li:activity:7469762297364844544
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4f65977abaee184fea51_Hindsight-FinalReport%20(1).pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4fa13a5437e4eb40e61d_Hindsight-poster%20(1).pdf
https://medium.com/99p-labs/temporal-context-layer-for-code-repositories-using-knowledge-graphs-3b081283f286
https://www.linkedin.com/feed/update/urn:li:activity:7454874218732625920
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c426916a730596623f304_2026-spring-colorado-deck.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c42e0a944c0ee0dc5a985_spring-2026-colorado-report.pdf
https://youtu.be/x1uG9qMRWAQ
https://medium.com/99p-labs/judging-the-judges-using-ai-humans-to-evaluate-llm-explanations-775ab4952ccd
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c2acd8a9644748e495c3c_ucsd-report-3.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c2ae0f789ee7ab50a7386_ucsd-poster-3.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7440437905753550856

Innovation Prompt

How might we use Al and patent data to identify which generated product ideas are truly
novel, valuable, and worth prioritizing?

Description

This project developed an Al-driven framework for evaluating
whether generated product ideas are truly novel, strategically
valuable, and worth prioritizing. Rather than focusing on idea
generation alone, it transformed public patent data into a
structured evaluation pipeline that compares concepts by
meaning, not just wording. The system used a standardized idea
schema, semantic embeddings, clustering, and deterministic
scoring to identify white-space opportunities and rank concepts
by novelty and business value. The result is a practical decision
framework that helps teams cut through repeated or surface-
level ideas, surface differentiated opportunities, and prioritize
innovation candidates with clearer evidence for further technical
review.

Engagement Highlights

Cnrmegie Mellon University
T by f Business

epper Scb

WHY THIS
MATTERS

A framework overview showing how
unstructured patent data is transformed into
structured ideas, recombined concepts, and
prioritized innovation opportunities.

Project poster summarizing the framework,
methodology, and results.

Key Numbers:

Duration: 14 weeks

Carnegie

Mellon

University

Key Learnings

Novelty is not the same as new wording. LLMs can generate many
ideas that sound different but reuse the same underlying concept, so
evaluation has to compare ideas by structure and meaning rather than
surface language.

White space needs evidence, not intuition. Patent embeddings,
clustering, and similarity scoring make it possible to see where
existing research is dense, where gaps exist, and whether a generated
idea is actually distant from prior work.

Al can support prioritization, but judgment still matters. Semantic
novelty and deterministic value scores help narrow the field, but final
decisions still require technical validation, market context, and expert
review before an idea becomes a real investment.

Framework Overview: How We Structure the Problem

Read-in Estimate & Map Clusters and
7 t
o Patents & Wawprion g Wwhite 5
= . Lx Ide " Space
Filtee I Pavent L2 semantica I :
G 5 o Impact ey .
1 Structure ldeas Step 2: Create New ep 3: ldea Evalu S
Concepts
— nevelty E :
gredients Ingradient Generate New
3 PR RO business val Exrcilon = i
Frupa rl -
Wi Generat . prieritiza \
s
In'lucllon

ey | g

Number of students: 4 Technologies utilized / researched: 19

coof

An end-to-end pipeline showing how patent
data is mapped, recombined, scored, and
prioritized into innovation opportunities.

MASTER OF SCIENCE IN BUSINESS ANALYTICS tcapsrone)

Possible Next Steps

Validate novelty against stronger evidence. Expand the
comparison set beyond the initial patent corpus and test whether
the same “white space” opportunities still appear when
benchmarked against broader patents, publications, products, and
competitor activity.

Calibrate value scoring with expert input. Replace or supplement
heuristic business value scores with structured reviews from
technical, market, and strategy experts, then use their judgments to
tune the scoring logic and reduce false confidence.

Turn the framework into a reusable research tool. Package the
pipeline, scoring rubric, data schema, and visualization outputs into
a repeatable workflow that other teams can apply to new domains,
with clear guidance on inputs, assumptions, limits, and decision
points.

WHY IT MATTERS

<

PIPELIMES QUTPUTS

A prioritization matrix showing how generated
concepts are ranked by novelty and business
value to identify high-potential innovation
opportunities.

Blog

LinkedIn

REC)

Deck

Poster



https://www.cmu.edu/
https://www.cmu.edu/tepper/programs/master-business-analytics
https://medium.com/99p-labs/kaleidoscope-measuring-novelty-through-editing-72308af5a6a8
https://www.linkedin.com/feed/update/urn:li:activity:7453439193801891840/
https://www.linkedin.com/feed/update/urn:li:activity:7453439193801891840/
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2852f092410c41b2ef40f3_MSBA%201%20-%20Final%20Presentation%204.27.26.pdf
https://github.com/davidfabyonic/HRI---Quantifying-Novelty-and-Value-A-Data-Driven-Framework-for-Automated-Product-Generation
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a28542de2390698e417820e_MSBA%201%20-%20Poster.pdf

Innovation Prompt
How might we design an Al ideation system that measures semantic similarity, filters hidden

10

Carnegie

Mellon

MASTER OF SCIENCE IN BUSINESS ANALYTICS tcapsrone)

University

redundancy, and produces a diverse portfolio of innovation concepts that teams can
confidently evaluate and act on?

Description

This project developed Kaleidoscope, an Al-powered innovation
intelligence engine for building diverse, non-redundant idea
portfolios. It reframes Al brainstorming as a measurable selection
process:. ideas are broken into six semantic dimensions, scored
for similarity, and filtered before entering the portfolio. The
system combines idea generation, concept brief development,
and early patent-risk screening into a repeatable workflow.
Kaleidoscope helps teams reduce hidden redundancy, surface
stronger concepts, and evaluate opportunities with clearer
evidence. It was selected as one of three finalist capstone
projects from 30 competing projects to present at Carnegie
Mellon University's Tepper School of Business Data Nexus 2026.

Engagement Highlights

Six Semantic Dimensions

Core Mechanism

I Problem [ Opportunity

| Intended Outcome
| Stakeholder 12%

Context

Value Type

Key Learnings

More ideas are not the same as more innovation. Al can generate
large volumes of concepts quickly, but without semantic
measurement, many of those ideas repeat the same underlying
pattern in different words.

Diversity has to be enforced after generation, not just requested in
the prompt. Kaleidoscope showed that structured selection, using
similarity scoring across six semantic dimensions, is what turns raw Al
output into a truly distinct portfolio.

Novelty becomes more useful when it is paired with evidence. By
combining similarity scoring, concept brief development, and early
patent-risk screening, the system helps teams move from
brainstorming to clearer, more defensible innovation decisions.

14 Generation Rules

TEPPER

Possible Next Steps

Build adaptive stopping criteria. Instead of setting a fixed portfolio
size, monitor when marginal novelty begins to fall and stop the run
before the idea space saturates.

Add domain-tuned similarity models. Improve the system’s ability to
recognize meaningful differences in specialized fields by testing
embeddings trained or calibrated on domain-specific research,
patents, and strategy documents.

Create a human review layer for portfolio shaping. Let experts adjust
strategic priorities, mark must-keep ideas, and refine dimension
weights so the final portfolio reflects both semantic diversity and real-
world decision needs.

TEAM SELECTION

Review L Docde 4 Porieril Chach +

The Kaleidoscope team was selected as one
of three finalist teams to present at Carnegie
Mellon University's Tepper School of Business
Data Nexus 2026, chosen from 30 competing
capstone projects.

The rules push the system to explore beyond
obvious idea patterns. A semantic safety
check rejects concepts that are too similar to
ideas already accepted.

Each idea is scored across six weighted
dimensions. The weights help Kaleidoscope spot
real overlap, not just matching words.

Duration: 14 weeks

Number of students: 4  Technologies utilized / researched: 6 LinkedIn

Key Numbers:

Links: Blog

Kaleidoscope moves from topic definition to
Al generation, scoring, concept briefs, and
patent checks. Human review stays in the
loop before ideas are accepted or sent back
for another iteration.

Deck Data Nexus Callout Report



https://www.cmu.edu/
https://www.cmu.edu/tepper/programs/master-business-analytics
https://medium.com/99p-labs/we-asked-ai-for-100-innovation-ideas-more-than-half-were-the-same-idea-10b1be0ef668
https://www.linkedin.com/feed/update/urn:li:activity:7463593534168719360
https://www.linkedin.com/feed/update/urn:li:activity:7463593534168719360
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a289e6cac7a1fa35657531e_spring_2026_cmu_msba_2.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7449874349316022273
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a289ecdb9e763af59e97385_spring_2026_cmu_msba_2_FINAL.pdf

Innovation Prompt

How might we design safer, more intentional ways for drivers to communicate context and
intent without increasing distraction, emotional friction, or conflict on the road?

Description

The project explores how drivers communicate on the road,
moving beyond the limits of the horn, flashing lights, and
ambiguous gestures. The five-student team studied road rage,
intent, empathy, trust, and attention through driver research,
assumption testing, and early design probes. Their work reframed
the challenge from preventing road rage to designing mediated,
low-friction systems that help drivers understand context and
coordinate safely without adding distraction or escalation. The
project will continue into the summer as the team moves from
research insights into concepts, prototypes, and evaluation.

Engagement Highlights

Existing in-vehicle systems

e s b 8ot

Har o b .

Carnegie

Mellon

University

Key Learnings

Fammnc e s b

Road rage is not a single, stable design target. Drivers define it
differently, and the same behavior can be read as normal, aggressive,
or enraging depending on the person and situation.

More communication is not automatically better. Direct driver-to-
driver messaging could create distraction, distrust, or escalation. The
stronger opportunity is mediated, constrained communication that
clarifies intent without opening the door to conflict.

Context helps only when it is useful and actionable. Drivers may feel
more empathy when they understand why something happened, but
they only want information that helps them make a safer decision, like
braking, yielding, or creating space.

What is road rage
Bt i rem ae |

i g e
Emotions/internal Factors
g | mrgreaon.

e e

L
L T S ——

Communication

Errtrm e st

e T

External factors
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MASTER IN HUMAN COMPUTER INTERACTION

1
(CAPSTONE)

Possible Next Steps

Move from research into concepts, prototypes, and evaluation.
The team can turn early insights into more focused design
directions.

Test assumptions more directly. This could include subject matter
expert conversations, analogous research, and higher-fidelity
simulated driving experiences.

Refine mediated communication ideas. Early findings point away
from open driver-to-driver messaging and toward quieter, ambient
systems where the vehicle surfaces useful context only when it
supports safer action.

The team builds a shared understanding of
the automotive landscape through early
research, mapping, and discussion.

Key Numbers:  Duration: 14 weeks

The team organized early research into
themes spanning road rage, vehicle systems,
communication, collaboration, emotions, and
external driving factors.

Number of students: 5

| -l :
A kickoff workshop helped the team clarify
priorities, define shared measures of success, and
align around seven guiding words: safety, well-
being, communication, intentionality, empathy,
scalability, and norms.

The team synthesized research findings into
themes around triggers, emotion,
communication, self-awareness, and driver
responses.

Links: LinkedIn

Blog



https://www.cmu.edu/
https://medium.com/99p-labs/nobody-designed-the-honk-739da31e069e
https://www.linkedin.com/feed/update/urn:li:activity:7445582072741785600
https://www.linkedin.com/feed/update/urn:li:activity:7445582072741785600
https://hcii.cmu.edu/academics/mhci

Innovation Prompt

How might we detect and model patterns of coordination, neutral activity, and disruption in HH
shared indoor spaces using privacy-preserving motion data processed at the edge?

Description

This project continued in the spring by moving from system design
to a working prototype. The team tested the original mmWave radar
approach, then pivoted to the Unitree 4D L2 LiDAR after finding that
radar data were not dense enough for reliable multi-person
detection. The final system used LiDAR sensing, a conversion
pipeline, encrypted local storage, two machine learning layers, and a
post-session interface. PointNet and LSTM classified individual
actions, while a Temporal Graph Transformer classified group states
such as coordination, neutral behavior, and disruption. By the end of
the semester, the prototype captured spatial motion data, processed
it through both model layers, stored it securely, and presented
results through an interface. The main limitation was neutral behavior
classification, which future work would address through better data,
features, coverage, and real-time processing.

Engagement Highlights

Sensing Edge Processing Data Transfer
.E:-l'u.'-'\: Capture A Sacune
L motion, ng Fetram transfer
protocaol

!

Computer Vision & Modeling

Interface Data Storage

Takes in
model %

e TRTi i of
< : outputs

MVP pipeline diagram showed the end-to-
end flow from sensing and edge
anonymization through secure transfer,
modeling, storage, and the dashboard. It
reduced implementation risk by clarifying
required components and handoffs.

Duration: 28 weeks

Key Numbers:

7\
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Key Learnings

Team photo from the final project
presentation, featuring the student team and
mentors after sharing the Edge-Based Spatial
Rhythm prototype and project outcomes.

Privacy shaped the goal, but data quality shaped the design. The
team started with mmWave radar because it supported privacy-
preserving sensing, but testing showed the data were not dense
enough for reliable group detection. That led to the pivot to LiDAR.

Preprocessing became core to the system. Raw sensor data were not

ready for modeling. The team had to build a conversion pipeline that

turned LiDAR sessions into structured PKL files the models could use.

Group behavior is harder than individual action. Actions like walking
and waving have clearer motion patterns. Group states, especially
neutral behavior, were harder to separate and need better data,
features, and coverage.

Hardware selection slide showed the Tl
IWR6843 mmWave radar chosen as the
primary sensor for privacy-preserving motion
capture. It de-risked the build by locking in a
sensor capable of producing the point-cloud
data needed for downstream modeling.

Number of students: 3  Technologies utilized / researched: 6

12
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Possible Next Steps

Type: IWR6843

Expand and balance the dataset.

Collect more examples of coordination, neutral behavior, and
disruption, especially neutral cases, so the model can better
separate similar group states.

Improve group-level classification.

Refine frame selection, feature engineering, and Temporal Graph
Transformer inputs to improve confidence and reduce confusion
between neutral behavior and coordination.

Move closer to real-time deployment.

Extend the post-session prototype toward live processing and
display, while improving LIDAR coverage to reduce occlusion and
support more reliable multi-person tracking.

Layer 2 software concept slide outlined a
PointNet+LSTM approach to classify
collaborative movements (walking, sitting,
leaning) from radar point-cloud sequences. It
provided a concrete modeling plan that
linked raw sensor data to the higher-level
behaviors needed for coordination detection.

Links: Blog Linkedin Mid-Report Video Deck



https://www.osu.edu/
https://youtu.be/_naLsKeIgyQ
https://medium.com/99p-labs/understanding-group-behavior-without-using-a-camera-922c7a6cde93
https://www.linkedin.com/feed/update/urn:li:activity:7453451487994851328
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/695410b37b778fe50551902a_PDR%20Presentation.pdf
https://ece.osu.edu/
https://ece.osu.edu/

Innovation Prompts

How might we design adaptive retrieval systems that help Al coding agents understand ﬂH
evolving codebases while reducing stale, irrelevant, or noisy context?

Description

REBOOT is a capstone research project that explored how Al
coding agents can retrieve better context from large, evolving
codebases. The team built an MCP-compatible adaptive
retrieval prototype using tree-sitter, Graphiti, Neo4j, Python,
FastAPI, and SQLite to parse code, create knowledge graph-
based context, rank search results, collect feedback, and explain
retrieval decisions. Through an evaluation harness based on real
software issues, the team found that a simple exploration
baseline using tools like grep and file reading outperformed the
knowledge graph approach in this setting. The project’s main
contribution was a working prototype and a clear research
finding: agentic code retrieval systems need early baseline
evaluation, carefully chosen code relationships, and practical
search behavior to avoid noisy or stale context.

Engagement HighILghts

The Problem

REBOOT s adapti
Static Retrieval Pipelines Is adapti

Retrieval systems such as RAG are typically static. As codebases evolve, the retrieval layer may surface stale or misaligned

Our Solution: REBOOT

-ontinuously improving context quality without retraining the LLM or requiring manual labeling.

o
051
(©

Key Learnings

Simple baselines matter. The project showed that familiar code
search tools like grep and file reading can outperform more
complex graph-based retrieval, making early baseline testing
essential before investing in advanced architectures.

Code relationships need focus. Knowledge graphs can capture
many connections across a codebase, but not every connection
helps an agent solve a task. Useful retrieval depends on surfacing
the right structures, such as functions, files, dependencies, and
implementation paths.

Adaptation must stay lightweight. Feedback signals and
confidence scoring can help retrieval improve over time, but large
pre-ingestion steps can slow developer workflows. Future systems
need to improve context quality without adding too much setup or
maintenance.

val middleware that learns from observed usage patterns, query reformulations, and feedback signals —

13
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Possible Next Steps

Any MCP-Compatible Agent (Claude Code - Cursor - Windsurf - OpenCode)

context — degrading LLM response quality over time without any visible warning.

No Feedback Integration
Default systems discard real usage signals. Feedback is never used to improve retrieval layer

Adaptive

Retrieval strategy evolves

via confidence-weighted
memory nodes that
reinforce on positive

Self-improving

Mo manual labeling or
model retraining required.
The system improves
autonomously from real

Transparent

Every retrieval decision is
explainable via
reboot_explain. Scores,
weights, and confidence

Agent-Agnostic

Delivered as an MCP
server. Claude Code,
Cursor, Windsurf — any
compatible agent

REBOOT MCP Server / FastAPI Service (Python)

Build a focused code-retrieval benchmark.

Create a small, human-labeled evaluation set with real codebase
questions, expected files, and relevant symbols to compare graph-
based retrieval against grep, file search, and agent exploration.

Redesign the graph around high-value code structures.

Focus ingestion on relationships that matter most for coding tasks,
such as function calls, imports, file ownership, dependencies, and
implementation paths, while filtering out low-value or noisy graph
connections.

Prototype a lightweight adaptive retrieval loop.

Test feedback signals, confidence scoring, and result explanations
in a narrow end-to-end workflow to see whether adaptation
improves retrieval quality without slowing down developer
workflows.

Evaluation Harness & Results

Manifest-driven: ISON config defines repo, issue set, and
resolutions, Generated given SWE-Bench repo subset.

Judge and Query agents: Generate query from issue, then
evaluate retrieved context relevance given repo snapshot
and gold patch.

Isolated env: Separate Neodj container per repo and eval

FeedbackLogger ol
run prevents cross-contamination.

connects without a
custom fork.

signals and decay
exponentially over time.

developer interactions. multipliers are stored and

queryable. Artifact output: Per-run summary.json with objects for each Pest-hit MRA
test case containing:
atlon with justification

Graphiti + Neod| (Docker) « Knowledge Graph
esult:

Real Developer Cost SQite + Feedback & Confidence Store
F e 5

- judg

Engineers spend significant time re-prompting or correcting Al-generated code because retrieved context was incomplete g
- lists of key hits and missing context

of irrelevant, eroding trust in Al tooling.

Summarizes how the team tested retrieval
quality using real repository issues, LLM
judges, isolated eval environments, and early
retrieval metrics.

Shows how REBOOT connects MCP-
compatible coding agents to its FastAPI
middleware, graph database, feedback store,
and code ingestion pipeline.

Explains REBOOT as adaptive retrieval
middleware that learns from feedback, explains
ranking decisions, and works across compatible
Al coding agents.

Frames the core challenge: static retrieval
systems can return stale or incomplete code
context, creating extra work for developers
using Al tools.

Duration: 14 weeks Number of students: 4 Technologies utilized / researched: 10 Links: Blog Linkedin Repo  Deck

Key Numbers:



https://www.osu.edu/
https://cse.osu.edu/
https://github.com/jackcml/reboot-mcp
https://medium.com/99p-labs/existing-knowledge-graphs-as-codebase-context-for-agents-1c8e3da3a400
https://www.linkedin.com/feed/update/urn:li:activity:7462901001562251265
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a29f3489f9a76ac0c502482_REBOOT_Project_Overview.pdf

Innovation Prompts

Description

At MakeOHI/O 2026, we served as industry mentors and
challenged student teams at The Ohio State University to
explore how Al agents could improve campus public
transportation. The students built hardware-software prototypes
that addressed real rider and operator needs, including
accessible bus stop decision support, live seat-capacity
tracking, demand monitoring, and smarter route optimization.
For 99P Labs, the event was a meaningful opportunity to
support emerging builders, share our perspective on applied Al
and mobility, and see how student teams translate complex
transportation challenges into tangible, human-centered
prototypes.

Engagement Highlights

™
051

Key Learnings

Al agents became tangible.

Teams embedded Al into real transit touchpoints, including kiosks,

dashboards, sensors, cameras, and stop-level recommendation
tools.

Accessibility made ideas stronger.

The best projects focused on clear rider needs, such as deciding
whether to wait, walk, or choose another service when transit
information is hard to access.

Real-time mobility needs full-system thinking.

Teams stood out when they connected live data, hardware inputs,

user communication, and operational decisions into one adaptive
loop.

W R G e ey b e e e 0 0 8%lld B w8 e

& - Ppepa—

Aaron Zhou's first-place hardware prototype

BuckeyeBoard's software dashboard helped

e Solution

e Passenger Detection Camera

Classifies the number of people on the
h

ous
Checks if the bus is full by checking if

the number of people exceed a certain

threshold

helped riders decide whether to wait for the
next bus, walk to another stop, or use an on-
demand service by combining bus data,
weather, walking distance, and ambient light
into one clear recommendation.

Number of students: 40

Key Numbers:

Duration: 2 days

riders plan campus trips by combining live bus
locations, seat availability, weather, crowd
levels, and estimated travel options into one
Al-assisted mobility recommendation.

Number of teams: 10

14

HTE 0SU MAKE OHI/0 tackatHoN)

How might we use Al agents to improve public transportation on Ohio State's campus? I]Hv

Possible Next Steps

/@\/ 1

Team ERVA's smart campus bus routing
system used an ESP32-CAM and computer
vision to estimate bus occupancy in real time,
helping operators identify overcrowded routes
and reroute buses where demand is highest.

Launch a rapid follow-on research sprint.

Offer a short, structured program after the event where promising
teams receive mentorship, refine their prototypes, and test whether
their concepts can produce useful mobility insights.

Identify pilot-ready campus transit concepts.

Review the strongest ideas, especially around accessibility, live
capacity tracking, and demand-aware routing, to see which could be
tested with real data, riders, or campus transit partners.

Create a repeatable challenge framework.

Package the prompt, design principles, sample data sources, and
evaluation criteria so future student teams can build on this work and
produce more comparable results.

Buckeye Bus Demand Monitor
Live peopée count from the ESP3Z2 camen, demand forecasting, and active CABS routos on a mag.

Stop Monitor

£t —\ ,‘}k’a aa°F Overcast

Buckeye Bus Demand Monitor used an
ESP32 camera, motion sensor, YOLO, and
Llama to estimate demand at a bus stop in
real time and recommend whether riders
should board the arriving bus or wait for the
next one.

Links: Blog Linkedin Video 1% Place



https://www.osu.edu/
https://youtu.be/1S5NR4CsYFI
https://youtu.be/oVJF2o1pn3w
https://youtu.be/MB1o-8e0490
https://medium.com/99p-labs/99p-labs-at-makeohi-o-2026-d30dcb630507
https://www.linkedin.com/feed/update/urn:li:activity:7436742318931611650
https://www.linkedin.com/feed/update/urn:li:activity:7436742318931611650
https://youtu.be/KQdcW6QcYDA
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://youtu.be/TnyO04k74aE?si=I4pJHaEGD7w7QdVQ
https://hack.osu.edu/
https://hack.osu.edu/
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How might we improve the reliability of Al systems that learn and act from context?

Description Key Learnings Possible Next Steps

This research project examined how large language models LLMs often choose a plausible rule instead of recognizing Develop teaching patches that help models recognize

learn and fail when adapting to new tasks through context uncertainty. In ambiguous tasks, models frequently committed to uncertainty. Testing prompt structures that require rule

alone. The study evaluated model behavior across turn-taking, simple answers even when the examples did not support one clear comparison or explicit abstention could reduce guessing when
rule inference, ambiguity detection, and relational reasoning rule. examples are ambiguous.

tasks, with a focus on the structure of model failures rather . . 1
than benchmark performance alone. Across experiments, the Model confidence does not reliably track correctness. Even when Expand evaluation across more models, tasks, and trial sizes.

Running the same experiments at larger scale would show
which failure patterns generalize and which are tied to specific
task designs.

performance dropped on complex prompts, models often responded

findings suggest that context strongly shapes model behavior, _ :
with certainty.

but models often default to plausible, low-complexity answers
when information is incomplete or ambiguous. The project
points toward future research on context-level “teaching
patches” that improve reliability without retraining the model.

Context-level “teaching patches” offer a practical path to better

reliability. Because failures were systematic, prompt structures like Organizing rules, relationships, and state information more

rule comparison, turn counters, relationship hierarchies, and clearly could improve model performance on turn-taking

Build stronger context structures for multi-step reasoning.

Engagement Highlights

nES“LTs Mean Correctness Metries by Difficulty
RESULTS: PALINDROMES . oeocsnn st e ——
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‘ g . Build Two False World
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Model

Adding a structured persona file slightly

. Model performance dropped sharply as Models performed well when the reversal Relationships experiment workflow, from
improved turn-based performance, but . . - :
: o character-level transformation rules became rule was clear, but struggled to abstain when fictional worlds and question banks to model
models still struggled to maintain sequence R - ) . .
, , more complex, highlighting the limits of examples supported more than one possible testing, Langfuse logging, and result
and track whose turn it was across multiple . . :
learning precise rules from examples alone. rule. aggregation.

exchanges.

Key Numbers:  Duration: 14 weeks Number of students: 6  Technologies utilized / researched: 3 Links: Blog LinkedIn Report Deck



https://www.smith.edu/
https://medium.com/99p-labs/in-context-learning-for-llms-cd2051416904
https://www.linkedin.com/feed/update/urn:li:activity:7459588210172518400
https://www.linkedin.com/feed/update/urn:li:activity:7459588210172518400
https://smithcollege-sds.github.io/capstone/
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2abed31870e9c4ab2e37ea_SDS_410_Honda_Team_Research_Paper.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2abee6246889eb6ef04654_SDS%20410%20Capstone%20Presentation%20Honda.pdf

Innovation Prompt

‘
How might we design a compact, efficient, and low-noise vertical axis wind turbine that ESO% IL—I]—;Ié £ DESIGN CLINIC tcapstone) 16
performs reliably in turbulent rooftop conditions and integrates seamlessly with urban
architecture?
Description Key Learnings Possible Next Steps
VAWT Ventures explored the design of a vertical axis wind Urban wind is difficult to harness. Rooftop wind conditions are low- Optimize for low-wind rooftop conditions. Continue refining the
turbine for rooftop renewable energy generation in low-speed, speed, turbulent, and multidirectional, making reliable power helical hybrid design through improved wind tunnel testing, torque
turbulent urban wind conditions. The team researched 224 generation more challenging than expected. measurement, and small-scale rooftop trials.
turbine concepts, narrowed them to four prototype directions, . . L.
and used CAD modeling, 3D printing, wind tunnel testing, Hybrid designs show promise but need more optimization. The Eprqr e higher-wind applications. Test V\./hether.a Iarger or
rooftop wind data, and SimScale CFD to evaluate selected helical hybrid VAWT improved startup potential by rrrewgre:ggr?gs\{;\:v\jv-ir?doulicphe;fsglebre&?;ra:\nkch)J(i:lgior;s with stronger,
performance. The final concept was a helical hybrid VAWT combining Savonius and Darrieus rotor concepts, but its power output ’ gs.

combining an outer Darrieus rotor with an internal Savonius remained too low for practical rooftop deployment.

rotor. While the design is not yet viable for low-wind rooftop
deployment, the project created a strong foundation for future
turbine optimization, rooftop testing, and digital twin
development.

Engagement Highlights

Advance toward a digital twin. Build a higher-fidelity simulation
model that can be validated against physical testing and used to

Physical testing and simulation must be developed together. \Wind oredict turbine behavior more accurately.

tunnel testing, rooftop wind data, and SimScale CFD each provided
useful insights, but the project showed that CFD alone cannot predict
real rooftop performance without stronger validation.

Design Performance

mﬂﬁ:ﬁ'ﬁm Initial Prototyping . Wiltl‘:velopmcm Performance Evaluation Evaluation
rizontal i in rban Airflow Vertical Axis Wind Turbi Classical . . Savonius
H;ul t:.in:: sl(e;]xAiv ‘ﬁ"g}d Urban Airflo ertical (:E;w ’l[]';) urbines Gassical EN0005 Helical Hybrid Goeetis
. I-!igh turblulcnllcc ) [ 11 ) a1 “ﬁ Computational Fluid
e Changes m direction it ( 3 { Physical Testing Dynamics (CFD)
% e Lower wind speeds ‘ , e Compare cut-in e Cp and power output
r — _ acl ; e ! e Compare angular — = for selected concept
—_— O = r|r l ' I ' o - ‘k ‘r velocity e Flow visualization
L\ -_\=""-9. _ ' 224 - 30— 4 &
=5 nﬁ%\w LI' .-v-l T ’ \»\ r Inlet velocity: 2 m/s 7
Steady wind Scaling zﬁ
) cotl:'liiific‘:;lsn . Iu I-I 0 l . Emnidircct.ional q * -ﬁi (% £ T . Wind speeds from
e Large wind farms e Lower cut-in spee | ’:tf | [ b3 “f _ _‘?__ : McConnell Roof i i
: The selected turbine concept was evaluated
Urban rooftops create low-speed, turbulent, The team explored 224 turbine concepts, : , , P :
L : " ) , : L Four VAWT concepts were modeled in CAD through wind tunnel testing, rooftop wind
multidirectional wind conditions, making narrowed the field to 30 viable directions, and . : : , :
. o . . , . and 3D printed to compare their data, SimScale CFD, and scaling studies to
vertical axis wind turbines a promising format selected four designs for prototyping and . . :
L , performance in controlled wind tunnel tests. understand performance and future design
for distributed renewable energy. testing. eeds

Key Numbers: Duration: 28 weeks Number of students: 4 Technologies utilized / researched: 4 inks: Blog 1 Blog2  Linkedin Report  Deck



https://www.smith.edu/
https://medium.com/99p-labs/unsmith-college-capstone-project-vertical-axis-wind-turbine-investigation-design-and-cfd-d46be31da17e
https://medium.com/99p-labs/smith-college-capstone-project-vertical-axis-wind-turbine-investigation-design-and-cfd-analysis-466adfa63a5b
https://www.linkedin.com/feed/update/urn:li:activity:7458485582722342912
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2ae7a727b2ac68a4c2e2f9_HRI_99P%20Labs%20Archival%20Final%20Report%20(1)_compressed.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2adab01ca62710b353ec82_HRI_99P%20Final%20Presentation_compressed.pdf
https://www.science.smith.edu/designclinic/

Innovation Prompt

How might Al reshape the way research teams identify,
innovation opportunities?

Description

AURA is an Al-augmented research platform that helps teams turn
complex research landscapes into clearer directions for innovation.
Rather than stopping at a traditional summary of what is already
known, AURA generates evidence-based hypotheses that can be
evaluated, compared, and refined. The system uses domain-aware
workflows to account for the technical, market, regulatory, and
operational factors that shape emerging technology decisions.
Through structured scoring and iterative ranking, AURA helps
surface stronger opportunities, clarify tradeoffs, and identify where
further exploration is most valuable. It supports a research process
focused not only on understanding a topic, but on deciding what
may be worth testing, investing in, or developing next.

Engagement HighILghts

Clarification > Query gen ul Search

Final report

AURA’s domain-aware research workflow

evaluate, and act on emerging

Key Learnings

Research synthesis is only the starting point.The project showed that
innovation teams need more than summaries of what is already
known. Useful research should help teams form clear, testable
directions for what to explore next.

Domain context shapes better hypotheses. AURA showed that the
same topic can lead to different outputs depending on the lens
applied. Technical, market, regulatory, and operational factors all
influence which ideas become most relevant.

Evaluation must be transparent and actionable. Al-generated
hypotheses are more useful when teams can see how ideas are
scored, compared, and refined. Visible tradeoffs help turn research
into decisions teams can trust and act on.

Evolution: parent flagged "evolved"

inmer_id : 1230 R2.bestElo = 123

Final report v
T ee bet R2 active pool excludes the parent

R1_winner_id : 1230 (untouched)
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Possible Next Steps

Step 4 — R2 ends

Math.maxi.. Object

Expand domain testing.

Test AURA across new research areas beyond mobility, such as
medical devices, energy storage, or sustainability, to see how well the
domain-aware framework adapts.

Improve long-term evaluation.

Build stronger ways to track how hypotheses evolve across research
rounds, including clearer metrics for progress, confidence, and
evidence quality.

Compare outputs across domains.

Run the same research question through multiple domain profiles to
understand how different lenses change the hypotheses, rankings,
and strategic recommendations.

moves from clarification and evidence
gathering into an iterative Al co-scientist loop
for generating, scoring, ranking, and refining
innovation hypotheses.

Key Numbers: Duration: 14 weeks

Number of students: 6

The tournament process carries forward top
hypotheses, synthesizes stronger variants, and
re-ranks the expanded pool to produce a final
set of innovation bets.

Technologies utilized / researched: 7

An untrimmed ratings dictionary allowed an
inactive Round 1 winner to carry its Elo score into
Round 2, revealing a gap in how tournament
progress was measured.

The tournament Ul shows how hypotheses
move through comparison, scoring, and
champion selection, making the evaluation
process easier to inspect and understand.

Links: Blog LinkedIn Demo



https://data.berkeley.edu/discovery
https://www.berkeley.edu/
https://medium.com/99p-labs/aura-an-ai-co-scientist-for-innovation-research-ea2f095b1d15
https://www.linkedin.com/feed/update/urn:li:activity:7404959807721500672
https://www.linkedin.com/feed/update/urn:li:activity:7404959807721500672
https://youtu.be/1l9aaINJb6U

Innovation Prompt

How might we help people build with Al without feeling overwhelmed by the technical

details?

Description

This research project explored how Al-assisted coding changes the
needs of new and emerging developers after code has been
generated. The team first investigated codebase understanding
through Code Compass, a VS Code extension for repository
guestions, code threads, and usage-style insights. As the research
progressed, the focus shifted from explaining code to helping
people safely manage it. The resulting prototype, VIVA, examined
how visual workflows, safety guardrails, and targeted Al support
could make version control more approachable for users who may
not be comfortable with Git or the terminal. Through features such
as save assistance, natural language undo, file insight, and conflict
guidance, the project studied how developer tools can help people
understand, protect, and evolve the work they create with Al.

Engagement Highlights

RENDERER PROCESS — REACT U

The Journey: From Knowledge Layer to VIVA Save Progress

The Catalyst

This timeline shows the project’s shift from
Code Compass, a codebase knowledge tool,
to VIVA, a safety-first prototype for helping
Al-assisted builders manage their code.
default.

Key Numbers: Duration: 14 weeks =~ Number of students: 6

This architecture diagram shows how VIVA
combines a React interface, local Git

operations, SQLite storage, and optional Al
features while keeping project data local by

Key Learnings

Al helps people create code, but they still need help managing it.
The project showed that new builders need support after generation,
especially with saving, reviewing, recovering, and sharing their work.

Beginner tools should prioritize safety over full automation.
VIVA kept important decisions visible so users could understand risks
before making changes.

Visual workflows can make technical systems easier to understand
and trust.

By turning Git actions into clearer steps, the project made version
control feel more approachable without removing its power.

The 6 Core Al Components

Conflict UI Weekly Repart Auto Commit Message MNatural Language Undo

SQLite DB Al Layer

File Insight Smart Conflict Resolver Weekly Report

for core safety decisions.

Technologies utilized / researched: 8

Untracked File Review

This overview highlights the six Al features tested
in VIVA, each designed to support a specific
version control task without making Al responsible
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Possible Next Steps

Study real Al-assisted coding workflows.
Observe how new builders save, edit, undo, and share code after
using Al tools.

Test which safety patterns build trust.
Compare previews, confirmations, plain-language labels, and recovery
flows to see what helps users feel more in control.

Explore version control beyond the desktop.
Research how visual Git workflows could support people building with
Al on web, tablet, or mobile devices.

This interface shows VIVA's natural language
undo workflow, where users can describe the
change they want to reverse instead of
searching through commit hashes or using Git
commands.

Links:

Blog

Linkedin



https://www.berkeley.edu/
https://www.berkeley.edu/
https://medium.com/99p-labs/beyond-the-terminal-building-viva-for-vibe-coders-c7285acc068e
https://www.linkedin.com/feed/update/urn:li:activity:7462114363781439489
https://www.linkedin.com/feed/update/urn:li:activity:7462114363781439489
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2b5496aa27f6facdd5e756_Spring%202026%20LikeLion%20Final%20Presentation.pptx.pdf

Innovation Prompt

How might we evaluate LLM agents so we can distinguish genuine reasoning from the
effects of context visibility?

Description

ContextEval examines how the information given to an LLM agent
shapes its behavior during machine learning experimentation. The
project asks whether apparent performance gains come from
reasoning or from the context the agent can see. By holding the
model, task, prompt structure, and optimization loop fixed while
varying access to task descriptions, metrics, parameter bounds, and
feedback history, the study isolates context visibility as an
experimental variable. Across multiple benchmarks, the findings
show that LLM agents behave more like corrective heuristics than
true optimizers: they improve weak starting configurations quickly,
but struggle to refine strong ones and do not consistently
outperform random search.

Engagement HighILghts

ContextEval

Offline Environmant Controller
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ContextEval architecture showing an offline
ML environment that scores agent outputs, a

Key Learnings

Context visibility must be controlled.
Agent performance can change based on what information the LLM
sees, not just how well it reasons.

LLM agents act more like corrective heuristics than true optimizers.
They improve weak configurations quickly, but struggle to refine
strong ones.

More information is not always better.
Longer feedback histories can hurt performance, while parameter
bounds reduce invalid proposals without always improving outcomes.
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Possible Next Steps

Test stronger models and longer horizons.
Evaluate whether larger or reasoning-focused LLMs can move
beyond early correction and show stronger iterative optimization.

Explore adaptive context policies.
Study whether agents perform better when context changes over
time, such as showing more history only after performance improves.

Compare against stronger optimization baselines.
Benchmark LLM agents against Bayesian optimization, TPE, and other
sequential search methods under the same evaluation budget.

] 0.0 4 - " —1
e

=0.2

Low Neutral
Initialization Quality

ContextEval isolates information visibility as
the sole experimental variable, in contrast
to prompt engineering approaches where
content and phrasing are confounded.

Longer feedback histories can hurt
performance by anchoring the agent to prior
poor results, especially when the initial
configuration is weak.

controller that applies a configurable context
policy to build prompts for a fixed LLM agent,
and a JSONL run logger that records state,
actions, and feedback for analysis.

Starting conditions dominate agent performance:
LLMs recover well from poor configurations but
show limited ability to refine strong ones.

Number of students: 4

Key Numbers: Duration: 28 weeks

Technologies utilized / researched: 3

Blog

Linkedin

Report

Poster



https://medium.com/99p-labs/are-llm-agents-actually-smart-or-just-better-informed-429c17d217bd
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c005a543f40eae41c6826_ucsd-report-1.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c0079efe95c79585749ca_ucsd-poster-1.pdf
https://data.berkeley.edu/discovery
https://www.linkedin.com/feed/update/urn:li:activity:7442598287007952899
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more reliable, interpretable, and aligned with human judgment?

Description Key Learnings Possible Next Steps

This project investigates how LLM-generated lecture summaries can  Hybrid evaluation added clarity. LLM judging became more useful Test across more datasets. Expand beyond seven lectures to see
be evaluated more reliably at scale. The team built an iterative LLM- when paired with measurable signals like coverage, recall, and how the framework performs across more subjects, formats, and
as-judge framework that combines rubric-based scoring with hallucination risk. levels of complexity.

deterministic signals such as section coverage, glossary recall, length

error, and suspected hallucination rate. Rather than treating Iteration improved consistency. The judge-refine loop helped Compare against human judgment. Validate the scoring system with
evaluation as a one-time score, the system uses judge feedback to summaries get stronger while avoiding overreliance on the final student, m;tructor, or expert ratings to see how well it reflects real-
refine summaries across multiple rounds, applies domain-aware rewrite. world quality.

rubrics based on lecture content, and selects the strongest recent

Improve grounding checks. Move beyond lexical hallucination signals
toward claim-level verification, so the system can better distinguish
faithful paraphrase from unsupported content.

output when improvement plateaus. From a research perspective, Domain context mattered. The project showed that evaluation criteria

the work eXp|0reS how hybnd eva|uati0n methods can make Al- ShOUld shift based on the Subject area and type of content.
generated educational content more interpretable, reproducible, and

better aligned with human expectations.

Engagement Highlights

Scoring Formuila

Judge Evaluation Pipeline

System architecture for the iterative LLM-as-

Project team at the poster session, sharing . L : Refinement example demonstrating how judge Hybrid scoring methodology that blends LLM
, . : : judge pipeline, showing how outputs move . : ) :
their work on iterative refinement for LLM : ) , . feedback helps improve summary coverage, clarity, judge scores, structural coverage signals, and
) through domain routing, rubric evaluation, . . : — .
evaluation. and completeness across iterations. domain-aware hallucination damping.

refinement, and final selection.

Key Numbers: Duration: 28 weeks Number of students: 4 Technologies utilized / researched: 7 . Blog Linkedin Report Poster



https://data.berkeley.edu/discovery
https://medium.com/99p-labs/iterative-refinement-of-llm-as-judge-framework-0819fe352575
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c248c557930f720f8fc9f_ucsd-report-2.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c24c10f04654656a4e9ba_ucsd-poster-2_compressed.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7441846193065918464

Innovation Prompt

How might we measure the gap between what LLM judges reward and what humans find

helpful in Al-generated explanations? i

Description

This research project examines how prompt design shapes the
quality of LLM-generated explanations and how closely automated
LLM judges align with human preferences. Using technical concepts
across Al, computer science, and statistics, the team tested multiple
prompt styles, evaluated outputs through both human judgment and
LLM-as-Judge pairwise comparisons, and used Elo-based ranking
to compare performance. The findings show that conversational,
structured prompts tend to produce clearer explanations than formal
academic prompts, while human and LLM judges often reward
different qualities. This highlights the need for evaluation methods
that account for human understanding, not just automated scoring.

Engagement Highlights

Overall Pipeline
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A diagram of the structured evaluation
pipeline for testing how different prompt
styles shape LLM-generated explanations.

Duration: 28 weeks

Key Numbers:

Key Learnings

G423 --\‘\

Academic (R2)1 0.11

Conversational and structured prompts
achieved the highest win rates, while formal
academic prompts performed the weakest
across domains.

Prompt design is a major research variable. Small changes in
instruction style produced measurable differences in explanation
quality, showing that prompt framing should be treated as part of the
experimental design, not just a setup detail.

Human and LLM judges reward different qualities. LLM-as-Judge
evaluation aligned with human preferences at a broad level, but
humans tended to value structure, completeness, and readability more
than concise fluency alone.

Iterative evaluation can improve explanation quality. Using evaluation
feedback to refine prompts led to stronger results, suggesting that
prompt optimization can be studied as a repeatable research process
rather than a one-off tuning exercise.

Overall Prompt Performance . ) .
Prompt Ranking Consistency Across Domains 21
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across domains.

Number of students: 4 Technologies utilized / researched: 11
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Possible Next Steps

Prompt rankings remained mostly consistent
across Al, computer science, and statistics,
suggesting that effective prompt styles generalize

Expand human evaluation. Test the framework with a larger and
more diverse group of human evaluators to better understand how
preferences vary by background, expertise, and learning goals.

Compare multiple model families. Run the same prompt and
evaluation pipeline across different generation and judge models to
see whether the findings generalize beyond a single LLM setup.

Measure learning outcomes directly. Add comprehension quizzes,
recall tasks, or user studies to test whether higher-ranked
explanations actually help people understand and retain complex
concepts.

Human vs LLM rank comparison
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Human and LLM rankings broadly aligned, but
key differences show that each judge
rewarded explanation quality in different ways.

Blog Linkedin Report Poster



https://data.berkeley.edu/discovery
https://medium.com/99p-labs/judging-the-judges-using-ai-humans-to-evaluate-llm-explanations-775ab4952ccd
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c2acd8a9644748e495c3c_ucsd-report-3.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c2ae0f789ee7ab50a7386_ucsd-poster-3.pdf
https://www.linkedin.com/feed/update/urn:li:activity:7440437905753550856

Innovation Prompt

How might we help Al understand a codebase as a connected system rather than a

collection of separate files?

Description

This capstone project investigated how knowledge graphs can help
software teams understand the impact of code changes in complex
engineering systems. The research focused on connecting scattered
context across code structure, change history, test behavior, and
system dependencies into a unified model that supports more
informed testing decisions. By representing software components
and their relationships as a graph, the project explored how teams
can move from intuition-based validation toward explainable, impact-
aware prioritization. Its research value lies in showing how applied Al
and knowledge systems can make software change more visible,
traceable, and actionable, while creating a foundation for safer and
more efficient engineering workflows.

Engagement Highlights
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This image shows the three disconnected
data layers the project unified: firmware code,
version history, and hardware-software
interface specs.

The project’s problem statement is that small
code changes can create hidden impacts across
tests, hardware specs, and safety-critical paths.

Key Numbers: Duration: 14 weeks Number of students: 3

Boulder

Key Learnings

Connected context improves decision-making.

Software change is easier to evaluate when code structure, change
history, tests, and dependencies are modeled together instead of
treated as separate sources of information.

Explainability matters as much as automation.

For complex engineering systems, a useful Al-supported workflow
must show why a recommendation was made, not just produce a
ranked output.

Graph-based models can make hidden impact visible.
Knowledge graphs are well suited to tracing relationships across
software systems, helping teams see downstream effects that are
hard to capture through manual review or intuition alone.
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Technologies utilized / researched: 8
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Possible Next Steps

Meo4j Graph
Database

This image shows the project pipeline, from
synthetic repository data to graph ingestion,
knowledge graph construction, and risk-

Links:

Validate on real-world repositories.

Apply the approach to larger, production-like codebases to study
how well the graph model, scoring logic, and dependency tracing
scale beyond synthetic data.

Integrate with development workflows.

Explore how impact-aware test prioritization could plug into code
review, CI/CD, or release planning so teams receive
recommendations at the moment a change is made.

Improve adaptive intelligence.

Use historical test outcomes and engineering feedback to refine
the scoring model over time, while preserving explainability and
traceability for high-stakes decisions.

Reduction Metrics Test Count Summary Scenario Performance breakdown

KNOWLEDGE RISK
GRAPH MODELLING

Best-case W ga% | max skip
. reduction: B4%
Impat & Risk

. T:
Anaysis

Priority Scoring
on Bloom :

This image summarizes the project’s results,
showing that the system reduced the test set
from 25 total tests to 4 to 7 recommended
tests across evaluated scenarios.

Linkedln Deck EE

Blog

Report



https://www.colorado.edu/
https://medium.com/99p-labs/temporal-context-layer-for-code-repositories-using-knowledge-graphs-3b081283f286
https://www.linkedin.com/feed/update/urn:li:activity:7454874218732625920
https://www.linkedin.com/feed/update/urn:li:activity:7454874218732625920
https://www.colorado.edu/program/data-science/
https://youtu.be/x1uG9qMRWAQ
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c42e0a944c0ee0dc5a985_spring-2026-colorado-report.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c426916a730596623f304_2026-spring-colorado-deck.pdf

Innovation Prompt

How might we help Al systems understand software the way engineers do: through
relationships, dependencies, and change impact rather than isolated code snippets?

Description

Hindsight is a research project exploring how Al systems can better
understand large software repositories by using code structure, not
just text similarity. The project studies whether graph-augmented

retrieval can improve repository-level question answering and code

localization by capturing relationships such as function calls, imports,

dependencies, and cross-file interactions. Using benchmarks like
DeepCodeBench and LocBench, the team compared traditional

retrieval methods with graph-guided approaches to understand when

structural context helps most. The findings suggest that repository

graphs are especially useful for broad, multi-file questions and cases
where keyword search alone misses relevant code, while also showing

that future work should improve reranking and function-level
precision.

Engagement Highlights
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Key Learnings

Structure matters most when questions span files. Graph-based
retrieval showed the most promise on broad, multi-file questions
where the answer depends on relationships across modules, not

one obvious code snippet.

Search is still a strong baseline. BM25 and embedding retrieval
performed well, especially when questions had clear keywords or
location hints, showing that graph methods need strong ranking to
beat simpler retrieval.

Better answers depend on better context. The biggest gap was
not how clearly models wrote answers, but whether they retrieved
the right facts. Future work should focus on context selection,
reranking, and finer function-level localization.

+ Devp Model Awarengss
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Possible Next Steps

Improve graph-aware reranking.

Study how to rank files, modules, and functions after graph
traversal so the system not only finds the right area of the repo, but
surfaces the most useful code first.

Expand structural signals beyond code graphs.

Add test-to-code links, commit history, issue threads, PR context,
and dependency metadata to see whether richer repository
context improves answer quality.

Evaluate by developer intent.

Run separate experiments for planning, debugging, and exploratory
questions to understand which retrieval strategies work best for
each real-world engineering workflow.

Example

What errer is ralsed when the ‘mid" seale is previded as a list of mere than ene value?

%ﬂ*:
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Hindsight identifies gaps in Al code retrieval

The project compares graph construction

Graph Construction Complexity

Hindsight combines lexical search and graph
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An example evaluation compares a generated

strategies, balancing retrieval capability
against implementation cost and complexity.

indexing to localize relevant code, generate
answers, and evaluate factual quality.

and groups developer questions by intent:

: . : answer against ground-truth facts, scoring both
planning, exploration, and debugging.

factual recall and overall answer quality.

Duration: 14 weeks

Key Numbers:

Number of students: 4  Technologies utilized / researched:

Links:
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https://medium.com/99p-labs/hindsight-a-knowledge-graph-layer-for-navigating-large-codebases-6acf331c1766
https://www.linkedin.com/feed/update/urn:li:activity:7469762297364844544
https://www.linkedin.com/feed/update/urn:li:activity:7469762297364844544
https://github.com/Bpriya42/hindsight
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4f65977abaee184fea51_Hindsight-FinalReport%20(1).pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4f3bcb18221be9001240_Hindsight%20Project%20-%20Midpoint%20Presentation.pdf
https://cdn.prod.website-files.com/668d66434307b08c724f8a81/6a2c4fa13a5437e4eb40e61d_Hindsight-poster%20(1).pdf
https://www.umass.edu/graduate/academics/master-science-computer-science
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CONGLUSION

As we wrap up this edition of the 99P Labs’ University Innovation Impact Report, we extend our sincere gratitude for your
engagement and the time you have dedicated to reviewing our endeavors from the spring semester of 2026. Your interest is the
cornerstone of our continued pursuit of excellence in academic and research collaborations.

This document is not only a reflection of our past efforts but also a stepping stone towards future collaborations. We invite you
to share your insights or express your interest in joining us on this journey of innovation and discovery.

Should you wish to discuss the content of this report further or explore avenues for collaboration, please do not hesitate to
reach out to Rajeev Chhajer at rajeev_chhajer@honda-ri.com or Ryan Lingo at ryan_lingo@honda-ri.com.

We are excited about the potential collaborations that may arise from this report and are looking forward to the opportunity to
bring these prospects to fruition together.

Thank you once again for your interest and the possibility of future collaborations. Your participation is invaluable to us, and we
eagerly anticipate your thoughts and contributions.
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	Innovation Prompt How might AI reshape the way research teams identify, evaluate, and act on emerging innovation opportunities?

	University of california, berkeley
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we help people build with AI without feeling overwhelmed by the technical details?

	University of california, berkeley
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we evaluate LLM agents so we can distinguish genuine reasoning from the effects of context visibility?

	University of california, san diego
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we design scalable evaluation systems that make LLM-generated summaries more reliable, interpretable, and aligned with human judgment?

	University of california, san diego
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we measure the gap between what LLM judges reward and what humans find helpful in AI-generated explanations?

	University of california, san diego
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we help AI understand a codebase as a connected system rather than a collection of separate files?

	University of Colorado Boulder
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:
	Innovation Prompt How might we help AI systems understand software the way engineers do: through relationships, dependencies, and change impact rather than isolated code snippets?

	Master of Science in Computer Science
	(capstone)
	Description
	Key Learnings
	Possible Next Steps
	Engagement Highlights
	Key Numbers:
	Links:

	conclusion

