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About me:

Gorilla

Research groups and startups:
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Academic anxiety in the 
Era of Frontier Labs 
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What is the Next Frontier 

of AI Research

How do we 

Collaborate with Industry

Both questions have a common answer.
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How do we look beyond the horizon?
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If we solve today’s 

hard problems, what 

new problems do we create?

How do we look beyond the horizon?



My Story

2008: Everyone is designing models; I focused on scaling training.

→ AI-Systems

2015: Everyone is scaling training; I focused on inference.

→ Inference Systems
14

If we solve today’s 

hard problems, what 

new problems do we create?



How do we look 
beyond AGI?
We look to the past …
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Interact

Generative AI in 2023 (“pre-agents”)

Humans became the bottleneck.

Chat



Interact

Agentic AI in 2025 

Chat

Projects in my group that

addressed this problem

memGPT
Giving Agents

MemoryGorilla

Discovering 

And Using 
Tools



Interact

Agentic AI in 2026 

Chat

The world (software-systems) is the new bottleneck!



How do we build software systems that 
better serve our AI Overlords (agents)?

AI Users are:

➢ 1000x Faster

➢ Behave differently

➢ Relentless + Helpful

How will we change

➢ Abstractions

➢ System Design
19



How do we make 
Interaction more efficient?

20

Interact



The Future of Tools

21

MCP Programmatic
Tool

Calling

Interactive



Today: Standard Tool Calling
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get_doc(subject = “Summit”)

translate(text = [10K token Korean doc])

10K token doc

Thinking: “Oh, I need to translate …

10K token translated doc
Large amounts of 

data pass through 

model context 
between tool calls.

T
im

e

Context

Encode

Decode

Encode



Interactive Programmatic Tool Calling (I-PTC)*

23

import tools

doc = tools.get_doc(subject = “Summit”)
print(doc[0:1000])

T
im

e

Enables programmatic 

exploration and 

re-use of 

accumulated state

* New project in my lab.

1K token doc

Thinking: “Oh, I need to translate …

doc = tools.translate(text = doc)

print(doc)

T
im

e

Context

Encode

Encode

Use an interactive 

programming env. 

(Python Shell)



STAR Lab
Systems Transformation with AI Research

Building Systems for AI with AI

…

Use new AI capabilities to 

rethink how we build 

software systems.

Redesign systems and 

abstractions to 

support AI users.
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Agentic AI in 2027 and beyond 

Chat
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Agentic AI in 2027 and beyond 

Chat



InteractChat

Removing humans 

is not the solution.

Agentic AI in 2026 Agentic AI in 2027 and beyond 



Interact

Agentic AI in 2026 

Chat

Agentic AI in 2027 and beyond 

Removing humans 

is not the answer.

The next wave of AI Research is 

about scaling humans.



InteractChat

Removing humans 

is not the answer.

The next wave of AI Research is 

about scaling humans.

Three Bets to Scaling Humans
Humans are imperfect at specification.

➢ Advisor models: learn goals through RL

Humans are slow at responding to requests.

➢ User mimics: thinking and resp. like an individual

Humans have misaligned goals.

➢ AI Mediated Agreement: studying AI in the 
context of strategic negotiation



InteractChat

Open Weights

Model

Post-trained from user reward signals 

and user interaction with agents.  

Advisors and Mimics
Adding Another Layer of AI



Open Weights

Model

Academia + Industry

Find innovative ways to combine small-scale 
individualized learning with large frontier models.

Small models 
an academic 

group can train.

Industrial scale 
model capabilities 

we can’t train.
+



Advisor Agent Training

We train a small open-source “advisor” model to guide a larger 
black-box model via reward feedback from users.

➢ Advisor model guides black box models to maximize reward.

➢ Preserve general capabilities of black box models.
32

Black Box
Model

Response

Natural Language Feedback

Advisor 
Model

Response

Reward

Final
Outcome



Advisor’s can learn to personalize

Advisor Models 

outperform 

SoTA techniques at 

extracting hidden user 

preferences.



Advisor Models Lift Frontier Model Capabilities

Advisor Models improves frontier model capabilities. Advisor models trained using 
low-cost students can be used to improve the performance of frontier models.



Mimics: Learning to Think Like You
Goal: Predict user responses by learning how they think.

Problem: Don’t have access to human “thinking tokens.”

35

Here is an email draft:
Dear ...

Help me draft and email to my 
student about lab lunch plans …

Can you make it less formal?

Given the situation I would 

normally be less formal.



Reconstruction-Guided Reasoning
Use model to generate a rationalizations and then filter for 
rationalizations that are causally predictive

36

Rationalization: User doesn’t like 

formal emails.

Here is an email draft:
Dear ...

Help me draft and email to my 
student about lab lunch plans …

Can you make it less formal?



RECON
Quantify the quality of synthesized reasoning by its reconstructive power

1. Synthesize reasoning via rationalization



RECON
Quantify the quality of synthesized reasoning by its reconstructive power

1. Synthesize reasoning via rationalization

2. Reconstruct action from reasoning and context



RECON
Quantify the quality of synthesized reasoning by its reconstructive power

1. Synthesize reasoning via rationalization

2. Reconstruct action from reasoning and context

3. Judge alignment of reconstructed action with ground-truth



RECON
Quantify the quality of synthesized reasoning by its reconstructive power

● RECON-Select
○ Synthesize N candidate reasonings, select one with best RECON score

● RECON-GRPO
○ Use RECON score as reward for GRPO training



Recon Significantly Improves 
Generation Quality

RECON helps most for smaller models, and RECON-GRPO shows improved gains over RECON-
Select. Interestingly, we see no improvement with RECON-GRPO for Qwen3-8B, possibly due to 

less signal when the reasoning and reconstruction models match.



InteractChat

Beyond advisors and mimics…

Chat

Chat



InteractChat

A world full of people 
using AI to compete

Chat

Chat
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by Community ExperienceG row th 2 0 24

Mixed-motive

Cooperation and 
competition coexist; 

parties create value 

together and compete 

to capture it.



by Community ExperienceG row th 2 0 24

Multi-partyMixed-motive

Cooperation and 

competition coexist; 

parties create value 

tog ether and 

to capture it.

More than two 
negotiators at the 

table, each with 

private information 

and their own agenda.

agenda.



by Community ExperienceG row th 2 0 24

Adversarial 

counterparts

Multi-party

More than two 
negotiators at the 

table, each with 

private information 

and their own agenda.

agenda.

Mixed-motive

Promises are non-
binding and parties are 

are self-interested. 

Messages may be 

deceitful and not hold 

hold true weight.

Cooperation and 

competition coexist; 

parties create value 

tog ether and 

to capture it.



by Community ExperienceG row th 2 0 24

Long-horizon

Reputation 
compounds across 

interactions; today's 

today's ally is 

tomorrow's 

competitor.

Adversarial 

counterparts

Promises are non-
binding and parties 

self-interested. 

Messages may be 

deceitful and not 

true weight.

Multi-partyMixed - m otive

More than two 
negotiators at the 

table, each with 

private information 

and their own agenda.

agenda.

Cooperation and 

competition coexist; 

parties create value 

together and compete 

compete to capture it.

it.



How do we evaluate and build 

for an AI coordinated future?
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Simulate Human vs
AI World in Domination 

Multiply player game

Players take turns invading
adjacent territories. 

During each turn players chat with other players to:

1. Share information

2. Form alliances

All communication is pair-wise and non-binding





Models are Competitive with Humans

User Study of 82 
Human games and 
244 AI only games. 

➢ Berkeley Students

Player strength 
computed using
Plackett-Luce 
coefficients.



Models play differently 
than human.

54



Humans are more likely to 
counteroffer.

H um ans are less likely 
reach a deal.

C ounteroffer
Rate (%)

43.7

A
I

H
u

m
an

s

32.4

D eal C lo se
Rate (%)

73.5

94.0

H
u

m
an

s

A
I



Humans negotiate with 
with more parties.

H um ans shift 
m ore readily.

Unique Partners
p er d eal

1.92

1.5 8

H
u

m
a

n
s

A
I

0.84
0.93

Overlap
N eg otiatio n- Attack 
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u

m
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n
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A
I



Humans follow-
through on deals less 

through 

less than 
the best model.

A I reaso ning  traces 
includ e deceptive 
m otivation  ~ 30%  o f 
tim e. Deception Rate (%)

(% )

Follow-Through (%)

(% )

20.2
70.2

77.7
65.4

31.2
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Cooperate to Compete
Strategic Coordination in Multi-Agent Conquest

Abigail O’Neill*, Alan Zhu*, Mihran Miroyan*, 

Narges Norouzi, Joseph Gonzalez

Bright future for humanity with AI Diplomats.
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Scaling

Humans

What is the Next Frontier 

of AI Research

How do we 

Collaborate with Industry
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What is the Next Frontier 

of AI Research

How do we 

Collaborate with Industry

Thank you! 

jegonzal@berkeley.edu

Scaling

Humans
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