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Announcements

About the Exam Friday 16.01.2026 from 15:15to 18:15 in CE 1 515 and PO 01.
Closed book exam. One A4 crib sheet (both sides). 7L

e]La/'/S on roo?” aggynmen
?/// fo//ov\/ gborﬁy /

Recap Session with All TAs ... on January 8, 10 am to 12 pm in AAC 231.
... all TAs will be present, so come with your questions.

... but before we all go into Christmas break,
let’s enjoy this last lecture!
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Was Happened So Far?

Learning Principles, Tokenization and Architectures

l

Foundation Models and Multimodality
in
eMefyeﬂf l re/G‘SOm ﬁ
53401//0/” World Models and Generative Al

— We have built powerful models; now we ask what happens when they act.
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From Language Models to Al Agents

¢¢ Large language models can already analyse prose, write code, and argue a point, yet
they live 1n a closed book: they read tokens, write tokens, and forget the scene once the
page turns. An agent, by contrast, survives in the wild.

LLMs are powerful but “closed book” systems: read tokens — write tokens
— Limited persistence, limited direct interaction with the world.

Agents are models placed in an environment loop:observe — decide — act — observe — etc.

— Turns static generation into goal-directed decision-making enabling sustained goal pursuit.

Liu et al., (2025)
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What are Agents?

@ agent

noun

noun: agent; plural noun: agents

1.a person who acts on behalf of another person or group.

"in the event of iliness, a durable power of attorney enabled her nephew to act as her agent”

e a person who works secretly to obtain information for a government or other official body.

"a trained intelligence agent”

e a person or company that provides a particular service, typically one that involves organizing
transactions between two other parties.

"speak to your letting agent about refurbishing the property"

CS-461 - Foundation Models and Generative Al Charlotte Bunne



From Language Models to Al Agents

What faculties must any truly autonomous agent possess,
no matter how the modules are wired?

Liu et al., (2025)

A truly autonomous agent needs capabilities, not a particular architecture. It must be able to:

1. Perceive: Acquire observations from its environment (text, sensors, APIs, images) and extract
task-relevant state.

2. Maintain state and memory: Carry forward information across time: working memory (current
context), and longer-term memory (facts, past events, commitments).

3. Represent goals and constraints: Keep track of what it is trying to achieve (objectives), what it
must not do (constraints), and how to trade off competing objectives.

4. Reason and plan: Decompose goals, choose actions over a horizon, anticipate consequences
(even approximately), and revise plans when reality diverges.

5. Act and execute interventions: Have an action interface that can change the environment (tool
calls, Ul actions, robot actuators), not just produce text.

6. Learn and adapt: Improve behavior from experience/feedback: update its policy, its world
model, and/or its memory (even if weight updates are offline).

/. Self-monitor and stay calibrated: Detect errors, uncertainty, and dead-ends; decide when to
verity, ask clarifying questions, abstain, or hand off to humans.
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From Language Models to Al Agents

Liu et al., (2025)

What faculties must any truly autonomous agent possess,
no matter how the modules are wired?

CS-461
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Perception
Learning to perceive and
integrate multimodal
information

Reasoning
Learning to perform
structured and self-
Improving reasoning

World Understanding
Learning to build and
refine memory, reward,
and world models

Charlotte Bunne


https://arxiv.org/pdf/2504.01990

What are Agents?
AGENTS

An agent is an autonomous, adaptive intelligent system designed to actively perceive diverse
signals from its environment, continuously learn from experience to refine and update structured
internal states (such as memory, world models, goals, emotional states, and reward signals), and

reason about purposeful actions (both external and internal) to autonomously navigate toward
complex, long-term objectives.

Minimal example in RL terminology: a system that, over time, maps observations o, and internal
state m, to actions a, to optimize a goal / reward.

Environment provides: observations o,, transition dynamics s,, | = f (St, at), and
optionally a reward r,

Core loop: observe o, = reason and plan — act a, — log + update memory
— repeat until stop.
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Instruction-Following Agents i

memory —— agent
Modern agents are steered

by large language models = augmented LLMs? @

Core idea: LLM
Use LLM in a loop and specify action space as text. \_/ world or
environment

Memory: Persist state across steps
(history, intermediate results, user preferences). observation o,
— enables long-horizon tasks beyond the context window. |anguage

Why LLMs work as controllers? Instruction

Strong instruction following, flexible decomposition,
and language as a universal interface to tools.

Key challenge:
Long-horizon reliability: Errors compound (hallucinated steps, getting stuck)
— need tool schemas and validation + verification + clear stop or abstain criteria.
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Tools for Agents |
action q,

tools «—= agent
What are Tools? }%

A tool is an external function or API the agent can
invoke via a structured call to produce a reliable,

verifiable effect; either information (retrieve or compute) world or
or an environment change (actuate). environment

: . . observation o,
Action a,: tool invocation (name and arguments, schema). language

Observation o,: tool output (structured result or error). Instruction
Tools provide capabilities the LLM cannot do reliably:

Exact computation, domain-specific models, real-world actions, etc.

/p ob/@”"./ Tool overload: Performance degrades less from the number of tools than from tool overlap;
' systems might handle >15 distinct tools but may fail with <10 similar ones.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 10



Modern Agentic Systems

e.gd., Web Agents:

* Instruction: “Book a flight from Geneva to New York.”

e Actions: Type .. on .., Click on ..,
Choose .. from dropdown .., etc.

e Observations:

e0e [J < AT shop.swiss.com 2 © O + » raW pixels
e [E = 2 2 vig a visual encoder
u

Sun 21 Mon 22 Tue 23 Wed 24 Thu 25 Fri 26 Sat 27
m Premium Economy Business
<html style="font-size: 62.5%;" data-beasties—container>
= Filters <head>
<title>LHG booking</title>
Sort by Recommendation »/ <link rel:"sholt:tcut Econ" href="assets/icons/favicon.ico" type="image/x-icon">

<meta charset="UTF-8">
<meta name="viewport" content="width=device-width, initial-scale=1"><base href=",
<style>body{margin:@}body > app > .loading-container{background:#fcfcfc;display:"
<link rel="stylesheet" href="assets/index.css" type="text/css" media="print" onl

11:40 Ostops 14:40 from <noscript>

GVA JFK CHF <link rel="stylesheet" href="assets/index.css" type="text/css">

Terminal 1 Terminal 1 Q </nosc ript>

© Duration 9h 00m 1'42415 x <link rel="stylesheet" href="assets/implementation.css" type="text/css" media="p

[} <noscript>
7 Operated by &3 Swiss Interational Ar Lines v 2 <link rel="stylesheet" href="assets/implementation.css" type="text/css">
See itinerary details (M |-<|l-) </noscr1pt>

<meta name="theme-color" content="#ffffff">
<style>@font-face{font-family:LX-icons;src:url(LX-icons.fc@eec29f4b7127e.ttf) fo
<link rel="stylesheet" href="styles.509866bbd8505f07.css" media="print" onload=""

<noscript>
09:15 0'stops 12:30 from <link rel="stylesheet" href="styles.509866bbd8505f07.css">
GVA EWR CHF </noscript>
Terminal 1 Terminal B </head>
o 1,42415 <body class="mat-typography" data-dynamicContentPath="/statics/applications/bookil
Duration 9h 15m <app>
ZOperatedby@ United Airlines v <div class:"1oading—c0ntainer">
3 =II — S mn =II q 3 1 — . '_II
See itinerary details (B <7éni1\g/>class plane-gif" src="assets/img/common/animation-loader.gif">
</app>
<noscript>
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observation o,

world or
environment
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The ReAct Framework N

'

to synergize reasoning and acting in language models. Reasoning

LM

Traces LM Env
Idea: |
Interleave Reasoning (a running “scratchpad”) with Observations
actions a, (e.g., tool calls) and observations o, (e.g., tool Reason Only Act Only
outputs).
Actions

Loop: N N
Thought = Act— Observe — Thought ... = Final Answer v [ i

Reasoning LM Eny

Traces | | |

Why it helps?
Reduces hallucination by grounding decisions in T R
retrieved/computed evidence; supports multi-step Observations
planning without committing to a full plan upfront. ReAct (Reason + Act)

— ReAct paradigm systematically outperforms

Yao et al., (2023) reasoning and acting only paradigms.
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Multimodality: Visual Language Models as Al Agents

The central agent does not have to be text-only: action a,
. . agent
It can also be a vision-language model that directly
reasons over images alongside text and tool outputs.
%‘5/0/7 - The central agent can be a | a\rllls:;n e @
multimodal foundation model that m%degly world or
reasons over text plus domain environment

signals (e.g., images, tables, time

series, graphs, omics, structures). observation o,
In science, “observations” are often assays and _Ianguaé;e !
measurements (e.g., microscopy, EHR, Or Image-base
Instruction

seguencing, proteomics), and the agent
learns to integrate them into actionable
hypotheses and decisions.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 13



Operating System Layers for Agents

Tool libraries: Curated, typed interfaces (name, description, input schema, output schema). = {7560%

To make structured tool calls possible, every tool needs a machine-readable schemas.

— /A/éy do 564%405 mﬂ%/‘? Reduce hallucinated tool calls; enable validation; improve reliability!

Important components:

> Model Context Protocol (MCP):
Standardizes how agents interfaces or connects to tools and data. = device driver/ APT Jandard

> Agent Software Development Kits (SDK):
Provide the orchestration loop, tool routing, retries, memory patterns, logging;
so you do not rebuild infra each time.
= run]/L'me and Scéec/u/er

CS-461 - Foundation Models and Generative Al Charlotte Bunne 14



Agents Model Context Protocol (MCP)

A standard way for an agent to discover and call external tools and data.

Problem: Every tool/API has a different Before MCP After MCP
interface — brittle, custom integrations.

Core idea: Tools expose machine-readable
specs (hame, description, input/output [ LLM
schema) over a standard protocol.

What MCP standardizes:

Unified API
 Tool discovery:
*What tools exist and what do they do?”

| MCP ’
* Invocation: “Call tool X with arguments Y.” i / j\
* Results: Return structured outputs or | | Postgre b [ Dmej [Postgrej
errors back into the agent context. [G‘t‘“‘bj [9D“‘Vej ( saL , ' o ’ ’ saL

Q&‘

Why it matters? Swap tools or providers VsM Problew N+M Problem

without rewriting agent logic. \

Improves control via centralized permissions. \ Punlﬂber of numkier of
OO0IS agents

CS-461 - Foundation Models and Generative Al Charlotte Bunne 15



Agent Software Development Kits (SDK)

An SDK is a framework to build and run an agent:
It implements the agent loop (observe — think = act = observe), manages context/memory,
and orchestrates tool routing and execution (incl. retries, timeouts, or logging.

> MCP standardizes the tool interface (discovery, schemas, invocation, and results).
An SDK uses MCP (or other adapters) and adds the rest of the “plumbing” to ship a reliable agent.

from agents import Agent, Runner

agent = Agent(name="Assistant"”, instructions="You are a helpful assistant™)

result = Runner.run_sync(agent, "Write a haiku about recursion in programming.")
print(result.final_output)

Examples:

* OpenAl Agents SDK Output: Code within the code,

* Anthropic Claude Agent SDK, etc. Functions calling themselves,
Infinite loop's dance.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 16



Example: Agents for Therapeutics

TxGemma

TxGemma-Chat
TxGemma-ToxCast

Small Molecules

Nucleic acids

Question €

Predict

Therapeutics Tasks

TxGemma-ClinicalTox

Molecule Search
SMILES to Therapy
SMILES Description

Action

Chemist/Scientist

I Review 1
| ___Addidea__ !
| _ Add guidance _ !
A
|
I
|
Gemma |
Advanced Reasoning ! \ HTML Fetch :
Chat : ) ll—)dl) Web Search —>| Response | --"
\ L7 RN | PubMed Search
vy I
. 9B ! '
\ / | + other tools
~ o [ |

Wang et al., (2025)
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Example: Agents for Therapeutics

( )

Prompt: Imagine an early virtual screening campaign setting.
Which of the following two candidates would you prefer for
further development?

<Molecule 1: SMILES>
<Molecule 2: SMILES>

.

t=0

\ T™xGemma
 Chat

\ -
\
\
\ !
\

Agentic-Tx

*.

: Agent > TxGemma-Chat: Given two drug candidates, what
 factors would influence your decision to prioritize one over

| the other in an early virtual screening campaign?
1

| TxGemma-Chat: Investigate whether the drugs would pass
. through a clinical trial, based on properties such as toxicity.

Natural Language Input

CS-461 - Foundation Models and Generative Al

. Agent > TxGemma-ClinTox: Is the following toxic? :
| <Molecule 1: SMILES> :
| TxGemma ClinTox: Toxic :

. Agent > TxGemma-ClinTox: Is the following toxic? :
| <Molecule 2: SMILES> :
| TxGemma ClinTox: Non-toxic :

| TxGemma

Agentic-Tx
ClinTox

Agent: Final answer: <Molecule 2: SMILES>

Tool-use Final Answer

Charlotte Bunne

Wang et al., (2025)
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2_?:1/ ToolUniverse A Build Al Scientists Tools ® Submit Tool 2, Our Team & Join Us B® Docs </> Code

aiscientist.tools

ToolUniverse:
Build an Al Scientist from yo|

Open ecosystem of 600+ scientific tools to turn any large language model into an Al scientist

Q Search scientific tools you need... m

3 Github I3 Paper B) community 2 Tool Graph

“IJ HARVARD

2| UNIVERSITY

wan
€9 HARVARD T e
! Technology

MEDICAL SCHOOL
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aiscientist.tools

\\\\Q\

models s:? e(iy FS; :Lir;tg]i\
b '
1. Select an LLM, whether open or closed. 4 ToolUniverse

2. ToolUniverse links LLM to data, models, tools.

Search
and
embeddings

Workflows

3. Al cancer co-scientist is ready.

/

ﬁ/;*;ff'f»?f s
Al consci

RN
N
-
\\\

SRS g

LLM, reasoning model, Al agent, whether
open-source or closed model

Find tool

<4 == s e e S S S S . .

— e e s m e s wm s s D

s == e - e s e e e e =

Response

Al co-scientist
CS-461 - Foundation Models and Generative Al Charlotte Bunne

ToolUniverse

20




Example: Agents for Molecular Tumor Boards

m -
‘ patient
i

digital pathology

RSP z

4
929291
4444444
20022229¢
2822222
29892228¢
2902822%¢
22222224
22222

multi-modal

patient data H&E  spatial spatial

hematology

%0 609..

genomics

proteomics transcriptomics

Seqguencing O

Treatment
DiagNnosIs O O
longitudinal _abtests S— TN\ T
patient Pathology
histories : >
time

molecular
tumor

INncl. oncologists,
geneticists,
pathologists, etc.
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resources

r and tools \

@] knowledge
databases

bioinformatics
tools

expert
consensus
criteria

ongoing
clinical trials

database

N
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Toward Agents and FMs in Molecular Tumor Boards

CS-461

molecular

tumor
board

hematology
Y (6g (B
multi-modal 28225, | el ] | ‘) . E)J etc.
patient data H&E IHC  radiology genomics
Sequencing @
Treatment
Diagnosis ® O
longitudinal _abtests A—— T e~
patient Pathology
histories >

- Foundation Models and Generative Al

Charlotte Bunne

incl. oncologists,
geneticists,
pathologists, etc.

& resources

ooon
f and tools \
@ knowledge
databases
bioinformatics
tools
expert
@ consensus
criteria

ongoing
clinical trials

database

\_ _/

Vasilev, Misrahi, Jain, ..., Bunne.
NeurlPS (2025)
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Toward Agents and FMs in Molecular Tumor Boards

molecular T, ‘5{% o resources
\ tumor f and tools \
i hematolo board
digital pathology gy @ knowledge
%”g% # <) | incl. oncologists, databases
] 10%90005% = geneticists,
mul_tl-mOdaI \ °£§§ 96 & . —) J etC pathC)lOgIStS, etC % biOinformatiCS
patient data H&E IHC  radiology genomics tools
expert
Sequencing O @ consensus
Treatment criteria
longitudinal _abtests S— T— e clinical trials
patient Pathology database
histories s _ _J
k time J
Is there evidence of perineural Will the patient’s cancer recur within
multi-modal invasion in the primary tumor site? two years, given all available data?
longitudinal
benchmark What can be concluded about T-cell

(CD3+) infiltration in the tumor center?

Vasilev, Misrahi, Jain, ..., Bunne.

NeurlPS (2025) 273

Charlotte Bunne
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Toward Agents and FMs in Molecular Tumor Boards

molecular \-/

resources

o000
tumor f and tools \
- board
digital pathology hematology knowledge
%”g% ;‘ f = ) INncl. oncologists, @ databases
ti-modal S{Z@'f = “te geneticists,
mu . I-mo a &8 5@ 'O Y e . J . pathC)lOgIStS, etC % biOinformatiCS
patient data H&E IHC  radiology genomics tools
expert
Sequencing O @ consensus
Treatment criteria
Diagnosis o O ongoing
longitudinal _abtests S— T— e clinical trials
patient Pathology database
histories R S T _ _J
time .
\_ ) foundation
models
Is there evidence of perineural Will the patient’s cancer recur within T T T
multi-modal invasion in the primary tumor site? two years, given all available data? for digital pathology
longitudinal [ FM J incl. H&E and IHC
benchmark What can be concluded about T-cell

... for reports, literature,

(CD3+) infiltration in the tumor center? etc

o,
i
i 9, 4

Vasilev, Misrahi, Jain, ..., Bunne.

NeurlPS (2025)

Charlotte Bunne
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FM-Powered Agents for Molecular Tumor Boards

: L itudinal
Task: Digital Pathology 2%'2;‘“:'32?5' Task: Outcome 000 Analysis
0.8
mma3-12b gemma3-12b
L>f , 1 gzmm:3—27b 7 Y z Bl gemma3-27b
G 0.6- z // z B gptdo Z Z % % BN gptdo
8 % % % /7 internvi3-38b / % Z Z llama31-8b
&)04_ % / Z % mistrallsmall Z Z / / llama33-70b
- | % / / Z s 04-mini % / Z Z s o4-mini
0 Z / % % W= o4-mini-tools Z Z / / mm o4-mini-tools
s 0.2- Z Z Z Z Bl qwen25-32b Z Z é Z Bl qwen3-32b
7 gqwen25-7b 7, 7 7 gwen3-8b
AR I 8 % g 3 x N~ ~ 9 6 8 £ & &
T E % 8 E R 3 TS E SR ER A
TP 03 % I s ; ¢ o O T oo S g 2
E £ z £ 0 W e £ c © = &
& & O 4 N C GE) GE) © % O
- ) - 2
) Q - © Q = o O —
o9 = 3 = &
= O
Vasilev, Misrahi, Jain, ..., Bunne.
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Accelerating Science through Agentic Scientific Reasoning

refine lab-in-the-loop

hypotheS|s experlmental readouts
+4++444
§8833288:
| prompt rzzzzzzzz Y
+*¢++++

— ) generative Al-
based simulator

‘0
+*
“
*

agent

literature,

;’ | databases,
i bioinformatics
tools via ToolUniverse

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Example: Multimodal AgentClinic Schmidgall et al., (2025)

Multi-agent systems!

Example AgentClinic Simulation

Receive Tool
‘ Hello, | am Dr. Agent. Can you tell
me about the symptoms that
. Stort. m brought you in today?
Simulation

| have been having a severe
headache for the past week. | am ‘
also having trouble moving my eyes. .O

m
(‘ﬁ)?- Agent Tools ‘ Patient Symptom and

m History Taking Dialogue :O
|

Given the severity of your headache it
is important to rule out complications
that could be affecting your brain.
Request Scan: MRI of the brain and orbits.

& Doctor

Medical Scan Request  History and QA Diagnosis/Next Steps m

End

Simulation ‘ Diagnosis Ready:
Cavernous Sinus Thrombosis )

Receive Scan

| : 0 Ground Truth The diagnosis ‘
abY

"y}' Moderator Diagnosis —> is CORRECT

Measurement 2. Patient

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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From World Models to Embodied Agents

World models: learn representations and dynamics to predict / imagine future states.

EMBODIED AGENT

An agent that is situated in an environment and can act, creating a closed perception—action loop.

Key shift: Plan actions... Take actions...
From “model the world” to “do things in the world™: v =\ o m=
Mapping instruction + multimodal observations — action sequences. \v=\

-

What becomes challenging?

Learning grounded, recoverable behavior in a closed loop where
feedback is delayed and possibly sparse, errors compound, and
actions must respect affordances and safety.

S Il 9

Take actions...

CS-461 - Foundation Models and Generative Al Charlotte Bunne 28



Example: Scalable Instructable Multiworld Agent

Dialog, Reasoning, and Embodied Acting Capabilities

User Prompt

“Can you go check out those
egg-shaped objects and tell me
what material they are made of ?”

Reasoning

The user wants me to identify
the material of egg-shaped
objects. | need to locate these
objects first.

Training Enwronments

CS-461 - Foundation Models and Generative Al

Agent Response

“l found the objects.
They appear to be plants
containing Carbon.”

Held Out Enwronments

Charlotte Bunne

Improved Performance
100%

Success Rate

y wg?
§

g Unidentified P! Self'lmprOVement

100
SIMA 2

Self-Improvement

75

Average Score
a1
@)

N
(62}

Self-Improvement Iteration

SIMA Team (2025)
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Example: Scalable Instructable Multiworld Agent

CS-461

" Prompt

You are an expert video game player. Take a
look at this image and control the player by
using actions that look like this: KeyW,
KeyA, KeyS, KeyD, Mouseleft=<int>,
MouseRight=<int>

The video is 1280x720 pixels, running at 30
fps. You will only see every 10 frames. ...

Your goal is to:
“Cook the burger patty”

~

(SIMA)

(O Reasoning & Dialogue
(O Actions

MouseRight=30,KeyD,KeyD,,KeyD,
MouseDown=5,ClickLeft, ...

\_ J

\_

“Let's find the burger patty!”

|

The agent specifies which
output modalities to generate.

4 . N\ ( . )
Reasoning Reasoning
| appear to be in a kitchen. | see a pan on I've found the patty and I'm holding it.
an active hob and two carrots and a Next | need to take it to the pan.
cutting knife to their right. | need to find )
the burger patty. Let's look around for it. “Next let’s take the patty in the pan.”
\_ J

.

Reasoning

\_

I'm holding the burger over the pan on the
heat. | need to release the patty into the pan.

“Alright, I'll put the patty in the pan.”

“Task Complete!
Awaiting further
instruction”

. J

Figure 3 | Agent-Environment Interface. The agent receives a prompt that includes the current
instruction. Conditioning on recent frames, the agent outputs internal reasoning, dialogue, and
actions, with the agent specifying which modalities to produce at any given step.

- Foundation Models and Generative Al
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SIMA Team (2025)
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Self-Evolving Agents

Core idea:
An agent can improve itself by running an automated propose — evaluate — select — update loop.

Tion?

1. Run baseline agent: execute tasks in the environment and log traces (actions, tool calls,
failures).

2. Get a training signal: human feedback or LLM-as-judge scores the behavior (success,
3. Optimize “what the agent does”:
propose variants (hew prompt or

quality, safety). / \
: @ Human Feedback @
policy, tool-use rules, skills, etc.)

and benchmark them with evals (4) .

— aggregated score. Score 3)
4. Update the agent: deploy the best variant

back into the baseline agent. \ /

OpenAl Cookbook
CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Self-Evolving Agents

Example: Voyager, an Open-Ended Embodied LLM Agent

CS-461

Automatic Curriculum

CREER>

Make Crafting Table \

Combat
Zombie

Iterative Prompting Mechanism

async function combatZombie(bot) {

// Equip a weapon
const sword = bot.inventory.findInventoryItem(
mcData.itemsByName[ "stone_sword"].id);

if (sword) {
awailt bot.equip(sword, "hand");}

.......... xf’ Skill

else {

Env Feedback
Execution Errors

Mine Diamond

- Foundation Models and Generative Al

Update
Exploration
Progress

A

v

Minecraft 1.19
A
MINELRRAEY
JAVA EDITL A2
e

awailt craftStoneSword(bot);}
// Craft and equip a shield
awalt craftShield(bot);

Code as
Actions

Environment

Charlotte Bunne

Retrieval

Refine Program

X

Wang et al., (2025)

2N
Y

r
‘\g/'.’:

b & 2% P

Skill Library

Mine Wood Log
Make Crafting Table
Craft Stone Sword
Make Furnace

Craft Shield

Cook Steak

Combat Zombie

Q Add New Skill

Self-Verification


https://openreview.net/pdf?id=ehfRiF0R3a

Self' EVOIVing Agents Wang et al., (2025)

Example: Voyager, an Open-Ended Embodied LLM Agent

CS-461

A

60 Minecraft Tech Tree Diamond Tool f“
Wooden Stone Iron Diamond> - Ry '-;E:J :

U1
o

Tool Tool Tool Tool l?l ;E}h
Pl

NS
o

Number of Distinct ltems
9
o

20
10
0
0 25 50 75 100 125 150
Voyager (Ours) = Voyager w/o Skill Library =~ == ReAct Reflexion AutoGPT
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Self-Improving Artificial Intelligence

Beyond self-evolving agents:

Not just tuning prompts/skills, but improving the capabilities of the whole Al system over time.

What improves? The agent, its tools, its training data, its world models, an its evaluators,

.e., better tests, simulators, judges.

u Train on initial difficulty

ﬁc]/él/e re Searcé area/

.. €.9., self-improving Transformer, where the

Collect predictions on

OOD data

model iteratively generates its own training

data and progressively learns from harder
examples.

Filter output based on

majority vote & length

.. other approaches use reinforcement

learning.

Continue training on

.. let’'s see what the next years will bring!

expanded dataset

CS-461 - Foundation Models and Generative Al Charlotte Bunne

Lee et al., (2025)
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Repeat fForr=1..R self-

improvement rounds

]
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How Will the Future Look Like?
What will Al look like in 20307

© © ’
y T Al progress on software engineering benchmarks Z EPOCH Al
Scaling is likely to
CcO ntlnue tO 2030 7 1SOcOcc>)/re Solve small, real-world issues with unit tests - |
g A - _ > - -
’ ”
/’ » ”’
7’
80% ‘ P
7’
7
SWE-bench Verified L
) Solve 8-hour Al research engineer
607% take-home assessment tasks
40%
20% . |
Solve substantial, open-ended SWE problems?
Y 4
7’
_ . =~ Hypothetical benchmark
[~ "=
2024 2025 2026 2027 2028 2029 2030

Year
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How Will the Future Look Like?
What will Al look like in 20307

Al progress on mathematics benchmarks Z EPOCH Al

Score

“Al may soon act as a 100%
research assistant,
fleshing out proof
sketches or intuitions.
Early accounts
already document Al
being helpful in

mathematicians’ work.”

Flesh out sketch proofs, act as an assistant?

—-----———————————————————————-—---————--—

80%

60%

AIME
40%
20%
Prove substantive lemmas?
¥ 4
V4
- Hypothetical benchmark
(Y Pt =
2024 2026 2027 2028 2029 2030
Year
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' 4

How Will the Future Look Like? weather fr\

“Al weather prediction can already improve on traditional methods from hours up to weeks. 555%5- ’
Moreover, Al methods are cost-effective to run, and could improve further with more data.”

Al progress on weather prediction Z EPOCH Al
Historical progress (2015-2024) Future directions (2025+)

Early ML for extreme Al weather prediction

weather prediction beats numerical methods

Incorporating additional

at point estimates data sources

Early Al precipitation WeatherBench
nowcasting benchmark developed Increased spatial resolution

®©@ ®© ©® ©® e ® ® © o ®—@—© @ ®

2015 2017 2018 2019 2020 2022 2023 2024  Present | 2030

Improving accuracy
on rare events

Al precipitation nowcasting Al weather prediction begins
improves, dedicated to match numerical methods o
benchmark developed Longer prediction

horizons

Al probabilistic weather
Early coarse-grained Al prediction outperforms numerical
global weather prediction methods, including rare events.
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Emergent Behavior of Large-Scale Al

7
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Foundation Emergent
Model Behaviors

... We are definitely not there yet. -
\(W'/\'/

... thought-provoking timeline by Al 2027 . @
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Julian Schrittwieser
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This Week’s Exercise Sheet

ofe
JEL

CS-461

You will design an implement an agent loop that coordinates
iInteractions between the LLM and tools, handling reasoning, tool
execution, and iterative feedback until a final answer is produced.

Your goal would be to build and integrate local tools with proper
schemas, validation, safety mechanisms, and tests.

Further, you will create a local MCP server and integrate local tools
with it, along with play around with external MCP servers

- Foundation Models and Generative Al Charlotte Bunne

39



CS-461
Foundation Models and
Generative Al

JZe = (rp!

CS-461 - Foundation Models and Generative Al Charlotte Bunne

40



