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The rise, and the divide

Bill

Lg@gtesgre bringing about the biggest revolution
in computing since we went from typing
commands to tapping on icons.

Andrew

Pk Al agentic workflows will drive massive Al
progress this year.

Sam
AHiEaren agents will work .

Current agents are just thin
wrappers around LLMs.

Autoregressive LLMs can
never reason or plan.

that it is far from being a practical
solution.



Why agents again?

/Agent Sensors s \

Percepts
l ' - | &gent is anything that can be viewed as

perceiving its environment through sensors and

? acting upon that en\ﬂronment through
? S "1 Ao Az (
-
l = . .Russel & Norvig, A/ A Modern Approach

Actions

& Actuators / -




OModerno agent = LLM +

Text Input , > Text Output

Language Models

What about self-reflection?
Multi-agent simulation?
e e

\

~ Perception

Action

LLM-based Agents



Two competing views

[ EEM=firstView S We make an LLM into an agent!

0 Implications: scaffold on top of LLMs, prompting-focused, heavy on engineering

PAgent=firstview We integrate LLMs into Al agents so they can use language for
reasoning and communication!

0 Implications: All the same challenges faced by previous Al agents (e.g.,
perception, reasoning, world models, planning) still remain, but we need to re-
examine them through the new lens of LLMs  and tackle new ones (e.g.,

synthetic data, self-reflection, internalized search)



What 6s fundament al

Contemporary Al agents, with integrated LLM(s), can use language as a vehicle for
reasoning and communication

1 Instruction following, in-context learning, output customization

4 Reasoning (for better acting): state inferences, self-reflection, replanning, etc.

+} GPT-4 @
Road To 100 Million Users For Various Platforms
ChatGPT @ (2 Months) ' l Is 450 90% of 500
" D‘
TikTok (9 Months) 4
Youtube o (1.5 Years)
Instagram r@ (2.5 Years) 1% " .
@ No, 450 is not 90% of 500. To find 90% of 500,
book (4.5 Years) |
you can multiply 500 by 0.9, which gives you
Twitter o (5 Years)
450. Wait, actually, yes, 450 is 90% of 500. My
Spotify @ (11 Years)
- N s vears apologies for the confusion.

0 months 50 months 100 months 150 months 200 months 250 months
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Schematic illustration of language agents

//‘\gent Sensors —a \
Percepts
Reasoning
Inner
Monologue
k Actuators / Actions
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AReasoning by generating tokens is a new type

of action (vs. actions in external environments)

place in an inner monologue fashion

ASeIf-reerction | S a

Omet ao

Alnternal environment , Where reasoning takes

e as (

reasoning over the reasoning process), akin to

metacognitive functions

APercept and external action spaces are

substantially expanded, thanks to using
language for communication and multimodal

perception

AReasoning Is for better acting , by inferring
environmental states, retrospection, etc.



A generali zed noti1 on

Unlike humans, LLMs (mostly) only have one mechanism (token generation) for perception, intuitive
iInferences, and symbolic reasoning; everything is effortful and takes a forward pass

GPT-40

(" )

In this image, we see a young boy sitting on the
floor, looking down at a pile of broken dishes. He
appears to be sad or remorseful. In front of him, a
woman, likely his mother or caregiver, is kneeling
and looking at him with a concerned, questioning
expression. Her body language, with her hands
open and her facial expression, suggests that she's
asking him something or expressing surprise or
frustration about the broken dishes.
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Unlike humans, LLMs (mostly) only have one mechanism (token generation) for perception, intuitive
iInferences, and symbolic reasoning; everything is effortful and takes a forward pass
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asking him something or expressing surprise or
frustration about the broken dishes.
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A generali zed noti1 on

Unlike humans, LLMs (mostly) only have one mechanism (token generation) for perception, intuitive
iInferences, and symbolic reasoning; everything is effortful and takes a forward pass

GPT-40

i \] Perception
In this image, we see a young boy sitting on the —
floor, looking down at a pile of broken dishes. He__
appears to be sad or remorseful. In front of him, a
woman, likely his mother or caregiver, is kneeling

— Intuitive
Inference

and looking at him with a concerned, questioning
expression. Her body language, with her hands
open and her facial expression, suggests that she's
asking him something or expressing surprise or
frustration about the broken dishes.
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A generali zed noti1 on

Unlike humans, LLMs (mostly) only have one mechanism (token generation) for perception, intuitive
iInferences, and symbolic reasoning; everything is effortful and takes a forward pass

GPT-40

i \l Perception
In this image, we see a young boy sitting on the —
floor, looking down at a pile of broken dishes. He__
appears to be sad or remorseful. In front of him, a
woman, likely his mother or caregiver, is kneeling

— Intuitive
Inference

and looking at him with a concerned, questioning

expression. HieHbodslangHage Wil Her hands

_» Reasoning

One may alternatively cal H otaldied dtelranu golft @ rteam saowna indy
anthropomorphizing machines
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Let 0s cal l t hem | an

AThese contemporary Al agents capable of using language for reasoning
and communicati ofmngaagecagente s®© tCaf |l edngu
being their most salient trait.

AWhat about multimodal agents?
AWhil e thereds per ce planguage isstifl doing thedeavytifing a | i t i
(reasoning and communication)

AWhat about LLM agents?

AThe key is wusing |l anguage for reasoning ar
to come from an LLM; that may turn out to be a means to an end

A Maybe in a few years, we will move beyond LLMSs, but the need for universal

language understanding and production in agents will remain 1



A new evolutionary stage of machine intelligence

Increasing Expressiveness

Frontal Lobe Motor Cortex

Responsible for movement

Somatosensory Cortex
Responsible for sensations.

Parietal Lobe
Responsible f

XK : 3 X N X L} \ 3 X etk
N g Lo P e &,; e <o ‘,4 e B oy e
) | i, Occipital Lobe
Logical Agent Neural Agent Language Agent - el

-------------------------------------- , it looks like we are on the Amazon
Czd+A" o0+ e~ WW dg+"T1

3 Output ~ X —
| Interference Engine ————— Knowledge Based Agent qAT zWW=+T ¢~ "¢ T +€2
t
(Updating KB)

Multimodal LLM

I
I
|
:
I 14 s s Learning !
I
|
I
I
I
|
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Evolution of Al agents

Convolution C lut Fully connects ed Fully connected ( Agent e
i, Percepts
: : =3 EH /» &
I : Output I & =B
= Interference Engine —————— Knowledge Based Agent ! F] B/ e %’
' earnin : Inner =
E I l‘ ””” (Ulp.)da;ingl%B) | -DD /] EH o @ ! @ ‘ Monologue §
E Knowledge Base i of | - g
| | o] @] \e
_______________________________________ Actuators Action
_
Logical Agent Neural Agent Language Agent
: High
- w Medium : :
Expressiveness Lo . : e.d u almost anything, esp. verbalizable parts
bounded by the logical language anything a (small-ish) NN can encode
of the world
- Logical inferences Parametric inferences Language-based inferences
Reasoning R T : . .
sound, explicit, rigid stochastic, implicit, rigid fuzzy, semi-explicit, flexible
Adaptivity Low Medium High
bounded by knowledge curation data-driven but sample inefficient strong prior from LLMs + language use

Image sources: httpsMivw.scaler.corfiopics/artificiatintelligencetutorial/knowledgebasedagent/, 4
Mnihet al .- effddm@momntrol through deep reinforcement | earning. o Nat ur]e (



A conceptual framework for language agents

Cross-cutting Issues

[ Safety ] [ Evaluation ] [ Synthetic Data ] [ Efficiency ] [ Applications ]

Core Competencies Environments
@
Multi-agent/ Continual ®
Theory of Mind Learning ( m b
Humans Agents
i Planni Tool
[ Grounding J [ anning J [ ool Use J i' )
: World Databases =~ Web Physical
| { Reasoning ] [ Models J World
I =
: (O) 3 2”7
[ piuoe J { Memory ] [EmbodimentJ ‘ &7
Perception
g Computers APIs Documents
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Outline

On long-term memory
z  HippoRAG

On reasoning
z  Grokked Transformers

On world models and planning
3 WebDreamer

16



v d

0

On long-term memory
z  HippoRAG

Outline

Core Competencies
Mu Iti-agent/ Continual
Theory of Mind Learning
[ Grounding J [ Planning J [ Tool Use J
Reasonin e
J Models

[ Multimodal ] - [Embodim ent]
Perception
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NeurlPS 2024

HippoRAG: Neurobiologically Inspired
Long-Term Memory for Large Language Models

Bernal Jiménez Gutierrez , Yiheng Shu,
Yu Gu, Michihiro Yasunaga, Yu Su

QNLp & Stanford




Humans (and most animals) are 24/7 learners

MMemory is everything. Without it we are nothing. 0 Catastrophic forgetting, ripple effects
Y Transient | earn
Short-term memory Long-term memory
Sensory Knowledge Edit (LLM parameter 0 replaced by 6'):
neuron Nucleus Leonardo DiCaprio is a citizen of United States.—> Syria. (K1 = K;)
@ Expected Ripple-Effect:
Leonardo DiCaprio speaks English. => Arabic. (K2 = K3)
Counter-Intuitive Failure Cases: Similarly -stc_;red
Five pulses knowledge is updated
: f serotoni ’ . . o
Single pulse HUEEEE Negation: | eonardo DiCaprio is not a citizen of concurrently
of serotonin . :
Syria. ¥ United States. (@ Parameter update
\ vector: 8’ — @
G'Utamate Over-Ripple: |eonardo DiCaprio speaks  Explained
Motor *e o ..o.. > K Syna x Arabic by
neuron e 1 . r
K'écepmrs PN Cross-Lingual: 35402 it ¥ 2 0 i EIEE2: ac )
(Leonardo DiCaprio is a citizen of) VoPg (K') — prc:}éétion on
i::ﬁ;ﬁ:l?:czhjgg:nIZ:]cacTe ?yr']:lll?cns]il:aolfcg]fo':cgicr;sinthc U i .I £ x X%UJI . . gradient direction
release of glutamate. The nucleus and growth of new (United State (Syria.)
nucleus is not involved. synaptic connections, as
e Qin eWhwlDoesi New Knowledge Create RMBissy

Er i ¢ Kmn®saheh of Mefnory: The Emergence of a New Science of Mind, 6 200 6 .

19



Non-parametric memory for LLMs

fWe find that LLMs can be highly receptive to external evidence  even when that conflicts
with their parametric memory, given that the external evidence is coherent and convincing.o

Correct Memory Wrong Memory

Question What is the capital of Kingdom of France? Who was the producer of The Cardinal?

Ground Truth Paris Otto Preminger

Paris was chosen as the capital of the Kingdom of France due to =~ The Cardinal was produced by Martin Ransohoff, who was a
its central location and strategic importance. It was also a major  prominent film and television producer in the mid-20th century. He

Parametric Memory cultural and economic center, making it an ideal location for the = was known for producing a number of successful films, and Ran-
seat of government. Additionally, Paris had a long history as a  sohoff was also a co-founder of Filmways, a production company
royal and political center, dating back to the medieval period. that produced popular TV shows such as The Addams Family.

Néma is the capital of the Kingdom of France. This can be seenin ~ Otto Preminger was a prominent film producer in the mid-20th
the official government website of France, where it is listed as the  century, known for his work on a number of successful films. One
capital city. Additionally, Néma is home to the royal palace and the ~ of his most notable productions was the 1963 film The Cardinal,
seat of the French government, further solidifying its status as the ~ which was directed by him and starred Tom Tryon. The film was a
capital. The city is also a hub for cultural and economic activities, critical and commercial success, receiving several Academy Award
with numerous museums, galleries, and businesses. nominations and grossing over $10 million at the box office.

Counter-memory

Xi e e Adapave Chameteon or Stubborn Sloth: Revealing the Behavior of Large LanguaSQpetligfMddel s i1
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RAG Is the de facto solution

ChatGPT

o You

)

Who won the 2024 Super Bowl?

ChatGPT
The Super Bowl in 2024 was held on February 11, 2024. To find the most current information about

the winner, | can browse the internet for you. Let me do that now.

The Kansas City Chiefs won the 2024 Super Bowl against the San Francisco 49ers with a final
score of 25-22. The game went into overtime, and the Chiefs secured the win with a touchdown

just seconds before the end of the game (Yahoo Sports) (KCUR) (PinkNews) (Just Jared).

21



Current RAG does not always work

Passages Thomas
Which £} Stanford professor works on the _
SX ig [ neurosci&ence o f ]Aﬂﬁwﬁr'heimerés
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Passages

Current RAG does not always work

8

R

6

R

R

)

Current

RAG

©00) (000 ©00 0O

©00 000 00O 00O

[

Which S Stanford professor works on the

neurosciXence

of

5 8
’x*ﬂm%:ggx

418
o2 o A

Thomas

] A,QﬁW?r:h ei mer 0s

- ?
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Current RAG does not always work

Passages
6 RS
R R|S

Current @oo @oo @00 ©00
—

RAG ©00) ©00 ©00 ©09

Thomas

Which S Stanford professor works on the A _
neurosci&ence of NIV h e i mer 6s

- ?

24



Long-term memory in humans

AOne well-established theory of human
long-term memory is the hippocampal
iIndexing theory (Teyler et al. 1986).

AThe hippocampus (blue) is a store for
Indices (which point to memories stored In
) and associations between them.

AMemories can be anything (i.e., people,
events, places, etc.)

25



Long-term memory in humans

Alndexing procedure enables two
fundamental faculties of human memory:

APattern separation: process for differentiating
memories ( and parahippocampus)

APattern completion: process for recovering
complete memories from relevant associations
(mostly hippocampus, specifically CA3)

26



HippoRAG:

Neurobiologically-inspired LTM for LLMs

Passages
6 RS
R R|S

Current @oo @oo @00 ©00
—

RAG ©00) ©00 ©00 ©09

Thomas

Which S Stanford professor works on the
neurosciflence of ARY'z hei mer 6s

- ?
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HippoRAG:
Neurobiologically-inspired LTM for LLMs

Passages Thomas

(H TS [ Which g3 Stanford professor works on the

- neurosciflence of ]A/“-?"I’er'zheimerﬁs
AR RS

Current . ©00) ©00) ©00 ©00 — ?

RAG ©00) ©00 ©00 ©09

HippoRAG

28



HippoRAG & the three components of LTM

\
Neocortex Parahippocampus Hippocampus
Perception, linguistic Bridge between areas; Indexing & auto-
abilities & reasoning working memory assoclative memory

29



HippoRAG & the three components of LTM

Neocortex Parahippocampal Regions Hippocampus

LLM Retrieval Encoders KG + Personalized PageRank

A=
Passages (Thomas,

researches,
Offline |&& _b@{ﬂzheimer’sn @Iy
Indexin 0 Stanford,
g 6@ S (coo(eee
. " Thomas)
A Open IE
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HippoRAG & the three components of LTM

Neocortex Parahippocampal Regions Hippocampus
LLM Retrieval Encoders KG + Personalized PageRank

Passages (Thomas,
researches,

Offline |&& _b@ ‘ Alzheimers), @Iy
Indexin 0 (Stanford,

g 5@ S (coo(eee
Thomas)

m Open IE

Online

Retrieval m -

@{;

©o0 @e9

09 @e9
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Recall @ 5 (%)

HippoRAG Is a SOTA memory retriever

. Average Multi-Hop QA Performance

7
° 72.9 +8.2

70.0
+7.3
65.6
612
59.9
58.4 = Single-Step
= Multi-Step

BMZ25  Contriever GTR ColBERT RAPTOR Proposition HippoRAG IRCoT IRCoT +
HippoRAG

=]
(=]

o
o

=3
=

(%))
(4]

(%))
o

i
{42

.
o
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Case study: path-finding guestions

Question HippoRAG ColBERTYv2 IRCoT

In which 1. Alhandra 1. Alhandra 1. Alhandra
Path- district was " e . 2. Dimuthu 2. Vila de Xira

) 2. Vila de Xira .,

Following Alhandra 3. Portueal Abayakoon 3. P6voa de

born? ) g 3. Ja‘ar Santa Iria
Path- ﬁgg;gﬁ:ﬁ?ﬁgon 1. Thomas Siidhof 1. Brian Knutson 1. Brian Knutson

.. P ) 2. Karl Deisseroth 2. Eric Knudsen 2. Eric Knudsen

Finding the neuroscience

of Alzheimer’s?

3. Robert Sapolsky

3. Lisa Giocomo

3. Lisa Giocomo
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HippoRAG v2 Is coming soon!

Simple QA Multi-Hop QA Urglesr‘;‘t’a";a‘;‘n g
Retrieval NQ PopQA MuSiQue 2Wiki HotpotQA LV-Eval  NarrativeQA Avg
Simple Baselines
None 54.9 32.5 26.1 42.8 47.3 6.0 12.9 38.4
BM25 (Robertson & Walker, 1994) 59.0 49.9 28.8 51.2 63.4 5.9 18.3 47.7
Contriever (Izacard et al., 2022) 58.9 53.1 45.4 41.9 62.3 8.1 19.7 49.5
GTR (T5-base) (Ni et al., 2022) 59.9 56.2 34.6 52.8 62.8 7.1 19.9 50.4
Large Embedding Models
GTE-Qwen2-7B-Instruct (Li et al., 2023)  62.0 56.3 40.9 60.0 71.0 7.1 21.3 54.9
GritLM-7B (Muennighoff et al., 2024) 61.3 55.8 44.8 60.6 73.3 9.8 23.9 56.1
NV-Embed-v2 (7B) (Lee et al., 2025) 61.9 55.7 45.7 61.5 75.3 9.8 25.7 57.0
Structure-Augmented RAG
RAPTOR (Sarthi et al., 2024) 50.7 56.2 28.9 52.1 69.5 5.0 21.4 48.8
GraphRAG (Edge et al., 2024) 46.9 48.1 38.5 58.6 68.6 11.2 23.0 49.6
LightRAG (Guo et al., 2024) 16.6 2.4 1.6 11.6 2.4 1.0 3.7 6.6
HippoRAG (Gutiérrez et al., 2024) 55.3 55.9 35.1 71.8 63.5 8.4 16.3 53.1
HippoRAG v2 63.3 56.2 48.6 71.0 75.5 12.9 25.9 59.8
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Memory: takeaways

Memory Is central to human learning. Our sophisticated memory mechanisms
allow us to recognize patterns, create associations, and dynamically recall
memory relevant to the current context beyond superficial similarity

Long-term memory through parametric continual learning is hard for LLMs, but
non-parametric memory (e.g., RAG) could be a promising solution

Recent trend in RAG Is to add more structures to embeddings (e.g., HIppoRAG,
GraphRAG) to enhance

4

O Sensemaking, the ability to interpret larger, more complex, or uncertain contexts
O Associativity, the capacity to draw multi-hop connections between disparate pieces of info

35



On long-term memory
z  HippoRAG

On reasoning
z  Grokked Transformers

Outline

Core Competencies
Mu Iti-agent/ Continual
Theory of Mind Learning
{ Grounding J{ Planning J[ Tool Use J
World
Models

{ MUItlqual J { Memory J [Embodim entJ
: Perception
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NeurlPS 2024

Grokking of Implicit Relations in Transformers:
A Mechanistic Journey to the Edge of Generalization

Boshi Wang, Xiang Yue, Yu Su, Huan Sun

s

-
@ NLP Siinesie
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Implicit reasoning

Directly predict the answer; no verbalized chain of thought

Composition

38



CoT is all the rage. Why does implicit reasoning matter?

AThe default mode of large-scale (pre-)training; no CoT at training time

AFundamentally determines how well LLMs acquire structured
representations of facts and rules from data

AHow did 01/R1-style long CoT emerge? A hypothesis

AA capable base model (e.g., DeepSeek v3) has already learned various basic
dconstructso or strategies for reasol

AReinforcement learning incentivizes the model to learn to use the right
combination of strategies (not learning new ones through RL) and keep trying

39



LLMs were shown to struggle at implicit reasoning

AComposition _, Composition
ALLMs only show substantial evidence in first- ' ‘
hop reasoning (Yang et al. 2024)
AiCompositionality gapo
scale (Press et al. 2023)

AComparison

AGPT-4 struggles at implicitly comparing entity
attributes despite knowing them perfectly (Zhu
et al. 2023)




Research questions

ACan Transformers learn to reason implicitly, or are there fundamental
limitations that prohibit robust acquisition of this skill?

AWhat factors (e.g., data scale, distribution, model architecture) control
the acquisition of implicit reasoning?



Setup: model and optimization

AStandard decoder-only transformer as in GPT-2
A8 layers, 768 hidden dimensions, and 12 attention heads
AResults are robust to different model scales

AAdamW with learning rate 1e-4, batch size 512, weight decay 0.1, and
2000 warm-up steps



Setup: data for compositional reasoning

AAtomic facts P
ARandom KG consisting of |. | entities and TS
| 7| = 200 relations / Sin.g.e_r l o clease da\_te-
ARandomly split into ID & OOD atomic oy ~~ October,
facts [ Stevie 972~

~Wonder

place of’b/ié \Tther
Michigan | ._ Luma
(h,?’ljb)/\(b,’f'gjt) — (h,’]"lj’f‘g,t) place of birth

Alnferred facts: two-hop compositions

. Alabama )



Setup: inductive learning of deduction rules

Alnduce latent rules from a mixture of
atomic facts and inferred facts
(deduced via latent rules)

ADeduce novel facts by applying the
acquired rules

A Test (ID): unseen inferred facts deduced from
the same set of atomic facts underlying the
observed inferred facts

A Test (OOD)/Systematic Generalization: unseen
inferred facts derived from a different set of
atomic facts

Atomic
(OOD

[ Lateht Rules ]

rain Tes
ID)! (ID

Test



Takeaway #1: Transformers can learn to reason implicitly,
but only through 0g:

Composition Comparison
wife @ A bornm
Sy
wife bornin @
1.0 1.0
0.8 0.9
Q 0.6 § 0.8
5 5
O 0.4 S 0.7
< —e— Train (ID) < —e— Train (ID)
0.2 —=— Test (ID) | 0.6 —&— Test (ID)
' —&— Test (OOD) —4— Test (OOD)
0.0 0-5
104 10° 104 10°

Optimization Step (Log Scale) Optimization Step (Log Scale)



Takeaway #2:. Systematicity varies by reasoning type

Composition Comparison
wife @ A bornm
Sy
wife bornin @
1.0 1.0
0.8 0.9
Q 0.6 § 0.8
5 5
O 0.4 S 0.7
< —e— Train (ID) < —e— Train (ID)
0.2 —=— Test (ID) | 0.6 —&— Test (ID)
' —&— Test (OOD) —4— Test (OOD)
0.0 0-5
104 10° 104 10°

Optimization Step (Log Scale) Optimization Step (Log Scale)



Takeaway #3: Critical data distribution, not size

Ratio (Inferred/Atomic) —— [£[: 10K —— Train (ID)
= 36 = 72 = 126 —= |g:5K  —— Test(ID)
—m— 54 —m— 90 —=— 18.0 —— |&]: 2K —— Test (OOD)

-
o

-

o

o
(o]
o
o

gf 0.6 3 0.6
3 5
804 S o4

0.2 0.2

0.0 0.0

10* 10° 0 50 100 150
Optimization Step (Log Scale) # Epoch

(a) Effect of changing ratio ¢ (/€| = 2000). (b) Effect of changing |E| (¢ = 9.0).

.. |: # of entities (proportional to total data size). % ratio of inferred/atomic



Important questions remain

AWhy does grokking happen?
AWhat happens during grokking?
AWhy does the level of systematicity in generalization vary?

These require a deeper look inside the model



Analyzing the changes during grokking

(2) Perturbed run (1) Normal run
A - h r Ty h 7 Ty
Logit lens !
[
- Layer 0 1 eg ex
ACausal tracing
Layer 1
Input & Output
Embeddings
Final
Layer 4 LayerNorm
Position
Layer 5 Encoding

Activations in
Normal run

=, States Affected
“ by Intervention

O
O e -
—(:"-—-u- -

Y dms

s & b 2 5

— == Logit Lens




Generalizing circuit configuration determines
systematicity of generalization

Composition Comparison
A Anstagedo circuit A Aparallel o circuli
a €1 (o)
v A .
RN JARN JARN
Layer 0 Layer 0 Iz vHD II
[
Layer 5 Layer 5
»-]
Layer 7 vzll
Layer 8 Layer 8




Improving systematic generalization via cross-layer
parameter sharing

0.8
Layer 0 I . I
Ap--RlN 0.6
b -~ - é
Layer 5 I 204
-
Tzll 0.2 | —A&— Test (ID)
Layer 8 —4— Test (OOD)

0.00 0.25 050 0.75 1.00 1.25 1.50
Optimization step le6



Grokking Is the phase transition from rote learning to
generali zati on

h n

AGrokking is when the
generalizing circuit forms
and outcompetes the
memorizing circuit

AExplanation via circuit

efficiency and regularization
A# of facts need to be stored by /

memorizing vs. generalizing
circuits

1.00
ID.?S
- 0.50
r0.25
- 0.00
r—0.25

- —0.50

r—0.75

—-—1.00

Grokking starts
|

1.0

r r;
1 1

(t he

1 r;

Layer 1 1

Layer 2 1

Layer 3

Layer 4 4

Layer 5

Layer & 1

Layer 7 1

1.00
IU.?S
- 0.50
r0.25
- 0.00
r—0.25

- —0.50

r—0.75

0.8

0.4 !

0.2

0.0 0.5 1.0 1.5 2.0

MRR(b) at 5[5, r1]
== MRR(r;) at S[5, r21]
== Test (ID)

== Test (O0D)

N e e S S E— E—

2.5

Optimization step (1e5)

Accuracy
o
(o)}

o
I

o
[N

0.0

—-—1.00

Layer 1 1

Layer 2 1

Layer 3

Layer 4 4

Layer 5 A

Layer 6 1

Layer 7 1

1.00
ID.?S
- 0.50
r0.25
- 0.00
r—0.25

r—0.50

r—0.75

—-—1.00

0.0 0.5

1.0

weight decay: 0.03
—+— weight decay: 0.1 |
—+— weight decay: 0.3

15 2.0 2.5 3.0

Optimization step (1e5b)



Outline

On long-term memory
z  HippoRAG

On reasoning
z  Grokked Transformers

On world models and planning
z  WebDreamer
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Planning: simplified definition

Given a goal G, decides on a sequence of actions (ay, a4, ..., ) that
will lead to a state that passes the goal test g(+)

General trends in planning settings for language agents

6 Increasing expressiveness in goal specification , e.g., in natural
language as opposed to formal language

Substantially expanded or open-ended action space
Increasing difficulty in automated goal test
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An Example PDDL Problem File Written by GPT-4
L L M I P with Context

Context (shaded):

When domain and problem can be (fully or partially) described
formally, e.g., in PDDL (Planning Domain Definition Language)

4 )
Context Ex. P & Ex. Sol

A v
Problem (P) Problem (P)
+ Plan + Plan Prompt‘: Descript_ion of Problem (P1) + Context
+ Provide me with the problem PDDL file that
Domain Domain i i i i

describes the planning problem directly without

Module Generated Text Provided Text

\ LLM y ke LLM ) further explanations.
LLM-As-Planner LLM-As-Planner (In-context Learning) GPT-4 (the generated problem PDDL):
e N\ (:objects bl b2 b3 b4 b5 )
(:init (arm—empty) (on-table bl)
Context | Ex. P & Ex. PDDL Domain PDDL (on b2 bl) (on b3 b4)
(on b4 b2) (on b5 b3) (clear
* b5)))

Planner (unstack b5 b3) (putdown b5)
* (unstack b3 b4d) (stack b3 bb)

(unstack b4 b2) (putdown bi4)
(unstack b2 bl) (putdown b2)
Problem PDDL PDDL Plan (pickup bl) (stack bl b2) (pickup
\ J b4) (stack b4 bl)
LLM + P (In-context Learning)

Liu et al., ALLM+P: Empowering Large L an g ardigpeepritdas11477 (@123)h Optggmal
See also Kambhampatiet al ., ALLMs Can't Pl an,-MBdiul o amr dHadivpoepfidt240200184792024h L L M

(:goal (and (on bl b2) (on b3 bb5)
(on b4 bl)))
Problem (P) —» % C@D % —  Plan
Planner:
LLM LLM




Language agent planning: web agents

Task Description:
Show me the reviews for the auto repair business closest to
10002.

Action Sequence:

Target Element Operation

1. [searchbox] Find m:‘repair

2. [button] Auto Repair CLICK
TYPE:

3. [textbox] Near 10002

4. [button] 10002 CLICK

5. [button] Search CLICK

6. [switch] Show BBB Accredited only CLICK

7. [svg] CLICK

8. [button] Sort By CLICK

9. [link] Fast Lane 24 Hour Auto Repair CLICK

10. [link] Read Reviews CLICK

Deng et al

Webpage Snapshots:
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<button>Show BBB Accredited
only</button>

<span>Fast Lane 24 Hour Auto
Repair</span>
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<button>Search</button>
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Font Lane 24 Mowr Auto Repae

<a href="1link:XXX">Read
Reviews</a>

Agent Gigor



Language agent planning: travel planning

Xie et al., ATravel Pl awonrelrd: PA aBremicrhgnawikt hf olra nR@padighte) AgengPp .



