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Tools and Structured outputs

. Tools
- Special tags, Special chat-template
. Structured output
- Option 1.1: Write a robust parser (in python)
- Let LLM know that you failed to parse
- Option 1.2: Constrain output

- Option 2: Use a tool, arguments = json
fields

Output:

Output:

JSON

LLM
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L.ong Context

What happens it we feed ten’s of
thousands of tokens into an LLM?

1. OOM (Out Of Memory)

2. Model will be very slow

O(L)

O(L?)

Transformer Layer




Activation Beacon

there be " light and ,” \\ \ there was light
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Let there (b); be light (b); (b):  (b); and there (b)] was light (b)’
Chunk 1 Chunk 2

Long Context Compression with Activation Beacon, Zhang etal 2024



Activation .

2eacon

- Start from pre-trained model

 Partition seqguence into

chunks of 1024

- Pick k “beacons” per chunk

« Chunk n only sees beacons of

chunks 1...n-1

« Fine-tune
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Long Context Compression with Activation Beacon, Zhang etal 2024
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What happens it we feed ten’s of Transformer Layer
thousands of tokens into an LLM?
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Positional Embedding

- Rotary Embeddings
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sinmf; cosmb, 0 0 0 0
0 0 cosmb, —sinmb, --- 0 0
R — 0 0 sinmfs  cosmb, 0 0
@,m . .
0 0 0 0 o+ cosmbgyp  —sinmbg);
\ 0 0 0 0 - sinmbg,  cosmbys

f{q,k} (mma m) — Rd@,mW{q,k}wm

Transformer Layer
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RoFormer: |

~nhanced Transtormer with Rotary Position .

mbedding, Su etal 2021

MLP

Multi-Head Attention

Embedding
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RoFormer: Enhanced Transformer with Rotary Position Embedding, Su etal 2021

Extending Context Window of Large Language Models via Positional Interpolation, Chen etal 2023

4096



- Rotary Embeddings

- Do not extrapolate well

RoFormer:

1.0

Positional Embedding -

-1.0

attention score a(s)
o
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~nhanced Transformer with Rotary Position -

mbedding, Su etal 2021
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Extending Context Window of Large Language Models via Positional Interpolation, Chen etal 2023
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Positional Embedding :

- Rotary Embeddings
- Do not extrapolate well

- But they interpolate

attention score a(s)

RoFormer: Enhanced Transformer with Rotary Position -
Extending Context Window of Large Language Models via Positional Interpolation, Chen etal 2023

1.0

0.5
0.0
-0.5

-1.0

Pret-trained range

Normal

0 500 1000 1500 2000
Positional difference s

mbedding, Su etal 2021

2048

seen §HLange

Extrapolation

4096

............

40

50

60 70

Positional difference s



RoFormer:

RoPE Scaling
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Extending Context Window of Large Language Models via Positional Interpolation, Chen etal 2023
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- Make token stream longer

0 " . 4096
Position Interpolation Position

- Does not generalize Fm) = T mv2)
- ROPE Scaling

- Make token stream denser

- Model generalizes

- Widely used

RoFormer: Enhanced Transformer with Rotary Position Embedding, Su etal 2021
Extending Context Window of Large Language Models via Positional Interpolation, Chen etal 2023
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- What is we have even more inputs
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Open-domain QA
SQUAD, TREC, WebQuestions, WikiMovies

Longer CONTEXT o oy iasavs maans

spoke Polish in 19337
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- Option 1

. Solution: Build a “system”

« Document Retriever: LLM to retrieve
Mmost relevant document

« Document Reader: LLM to answer
request

Reading Wikipedia to Answer Open-Domain Questions, Chen etal 2017



Longer Context

. Solution: Build a “system”
- Option 2

« Document Retriever: LLM to retrieve
all relevant documents

- LLM to answer request with
documents in context

. Fine-tuned for task

The middle ear includes
the tympanic cavity and
the three ossicles. (y)

Define "middle ear" (x)

Question Answering:

Question Query Question Answering:

Answer Generation

Document
Index

Query

Generator pg
Encoder

(Parametric)

Retriever Pn

(Non-Parametric)
Barack Obama was

born in Hawaii. (x)

supports (y)

q(x)

Fact Verification:
Label Generation

Fact Verification: Fact Query Margin-

g::lez;v:n‘.:t)e >I » MlPSe: This 14th century work
is divided into 3
Jeopardy Question sections: "Inferno",
Generation: "Purgatorio" &
Answer Query "Paradiso" (y)
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks, Lewis etal 2020
REALM: Retrieval-Augmented Language Model Pre-Training, Guu etal 2020
mproving language models by retrieving from trillions of tokens, Borgeaud 2021
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. Solution: Build a “system”
- Option 3

« Document Retriever: LLM to retrieve
all relevant documents

- LLM to answer request with
documents in context

Model is prompted instead

IN-Context Retrieval-Augmented Language Models, Ram etal 2023



Retrieval Augmented Generation

RAG

. A series of methods to manage the
LLMs context

. Some are trained

- Some are just prompted

LLM
Read these A A A A
documents
and find
references to
efficient
ong-context
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Where does a LLLM store

Nnformation?
- Their weights C Transformer Block )
- MLP and attention [1]
C Transformer Block )

. Special tokens / activations [2,3]

Transformer Block
S N

- Large activations or registers

MLP

« Their context

Multi-head Attention

1] Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Allen-Zhu 2024
2] Vision Transformers Need Registers, Darcet etal 2023
(3] Massive Activations in Large Language Models, Sun etal 2024




[nformation in weights

- LLMs can store up to 2 bits of C Transformer Block )
information per weight [1]

. In ML P C Transformer Block )

Transformer Block
S N

. |Nn Attention
_|_

. 2 bits require very long training ana M P
multiple (up to 1000) augmentations
of same information

Multi-head Attention

Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws, Allen-Zhu 2024



Special tokens / activations

- LLMs use special tokens to store
information

- |LMs attend to <BOS> token

- VLMs attend to background

[1] Vision Transformers Need Registers, Darcet etal 2023
[2] Massive Activations in Large Language Models, Sun etal 2024

( Transformer Block )
( Transformer Block )

(-Tronsformer Block 4\

Multi-head Attention

DINOv2




context

. LLMs store information in their context
- Examples

- System prompt

- Retrieval A ugmented Generation (__ansformerBiock )

( Transformer Block )

(-Tronsformer Block 4\

Multi-head Attention

[1] Vision Transformers Need Registers, Darcet etal 2023
[2] Massive Activations in Large Language Models, Sun etal 2024



Translate words from English to German using

n COnteXt 1ea1fnlng JSON as an output. Here are some examples

Car
{“English”: “Car”, “German”: “Auto”}

Sun
{“English”: “Sun”, “German”: “Sonne”}

Moon

.« Describe the task
- Give examples input - output pairs

- Then ask for your specific

Language Models are Few-Shot Learners, Brown etal 2020



i Translate words from English to German using

n COnteXt 1ea1fnlng JSON as an output. Here are some examples

Car

{“English”: “Car”, “German”: “Auto”}
Why does 1t work? -

{“English”: “Sun”, “German”: “Sonne”}

Moon

- LLMs like repeating patterns
. Likely exist in pre-training data

- Examples of in-context prompts and
answers during training (instruction
tuning, alignment)

Language Models are Few-Shot Learners, Brown etal 2020



Translate words from English to German using

n COnteXt 1ea1fnlng JSON as an output. Here are some examples

Car
{“English”: “Car”, “German”: “Auto”}

What does it work for?

Sun
{“English”: “Sun”, “German”: “Sonne”}

Moon
- Formatting outputs

- Simple requests

Language Models are Few-Shot Learners, Brown etal 2020



Chain of thought

. Ask model to derive answer

- Pre-instruction tuning: In-context
example of reasoning

- Post-instruction tuning

- Ask model to think step-by-step
before giving the answer

» Guide model through thinking
Drocess

Standard Prompting

~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?
\_ ),

' A: The answer is 27. x j

Chain-of-Thought Prompting

ot ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

N y
 Measout ~

A:

The

Cnswer is9. J

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Wei etal 2022



Chaino

thought

Why does 1t work?

- More output tokens = better

oerformance

- Delays making

a decision

. Can work around tokenization issues

- Break up numbers

Chain-of-Thought Prompting -

Standard Prompting

~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

' A: The answer is 27. x j

Chain-of-Thought Prompting

ot ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

do they have?
\_ ),
\

y
o out ~

A:

The

J

Cnswer is9.

=licits Reasoning in Large Language Models, Wel etal 2022



Chain of thought

« Order matters

« Think first then answer

» Chain-of-BS: Ask model to give

answer and justify

Chain-of-Thought Prompting -

t

do they have?
\_ J

Standard Prompting

w

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

' A: The answer is 27. x j

Chain-of-Thought Prompting

ot ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

J
o out ~

A:

The

Cnswer is9. J

=licits Reasoning in Large Language Models, Wel etal 2022



OFC

-Consistency

- Let the model reason multiple times

. Pick the most frequent answer

- Mathematically: Marginalize out

reasoning to obtain most likely

answer

Chain-of-thought

prompting [ Prompt

Self-consistency

ﬁ: If there are 3 cars in the parking

lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2 =5 cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How

Greedy decode

Language

model

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

The answer is $14. J

Sample a diverse set of Marginalize out reasoning paths
reasoning paths to aggregate final answers

~

much does she make every day?

. y

She has 16 - 3 - 4 = 9 eggs \
left. So she makes $2*9 = | The answer is $18.
$18 per day. I y \
. i ) '
This means she she sells the I \
remainder for $2 * (16 - 4 - 3)  The answer is $26. Y
= $26 per day. !
Language ] J The answer is $18. ]
model She eats 3 for breakfast, so | )
she has 16 - 3 = 13 left. Then j
she bakes muffins, so she The answer is $18.
has 13 - 4 = 9 eggs left. So :
she has 9 eggs * $2 = $18. |

J

Self-Consistency Improves Chain of Thought Reasoning in Language Models, Wang etal 2022
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Tree of Thoughts: Deliberate Problem Solving with Large Language Models, Yao etal 2023



ReAC [

- Chain of thought for iterative actions /
tool use

- Thought
- Action

« Observation (from external tool)

(

- | (1) Hotspot QA }

Question: Aside from the Apple Remote, what other device

can control the program Apple Remote was originally
designed to interact with?

-

J

Act 1: Search[Apple Remote]
Obs 1: The Apple Remote is a
remote control ..

Answer: iPod )(
\_ W

/{ (1b) CoT (Reason Only) }\

Act 2: Search|[Front Row]
Obs 2: Could not find [Front
Row]. Similar: ..

Act 3: Search[Front Row
(software) ]

Obs 3: Front Row is a

So the answer 1is

iPhone, iPad, and iPod discontinued media center

Touch. software ..

Answer: iPh iPad, iPod
irnone, 1raa, 1 Ox/ Act 4: Finish[-]

.

\?ouch

(—[ (la) Standard } N { (1c) Act-Only ]—\

X

' [ (1d) ReAct (Reason + Act) } ™~

Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in

October 2005 by Apple .. originally designed to control the
program ..

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search -
- next and find what other device can control it.

Act 2: Search[Front Row]

Obs 2: Could not find [Front Row]. Similar: ['Front Row
Seat to Earth', 'Front Row Motorsports',' _

(software) ', ..]

Thought 3: Front Row is not found. I need to search -
Act 3: Search[_

Obs 3: Front Row is a discontinued media center software ..

Thought 4:
So the answer 1is

keyboard function keys.
Act 4: Finish[keyboard function keys!

. v

(

- | (2) AlfWorld ]

You are in the middle of a room. Looking quickly around

a countertop 3, a stove burner 1, and a toaster 1.

Your task is to: Put some pepper shaker on a drawer.

you, you see a cabinet 6, a cabinet 1, a coffee machine 1,

~\

- - (Here the agent go to cabinet 1, then cabinet 2, 3, then countertop 1 and 2)
)
( 1: d 1 U (2a) Act-Only | ™ | Act 6: Go to countertop 3
Act 1: Go to drawer _ Obs 6: On the countertop 3, you see a apple 1, a bread 1,
Obs 1: The drawer 1 is closed. || a pepper shaker 1, and a vase 3.
Act 2: Open drawer 1 ' _ Act 7: Take pepper shaker 1 from countertop 3
Obs 2: You open the drawer 1. The drawer 1 is open. In it, Obs 7: You pick up the pepper shaker 1 from the countertop 3.
you see a dishsponge 2, and a spoon 1.
Act 8: Think[Now I find a pepper shaker 1. Next, I need to
Act 3: Go to sinkbasin 1 put it in/on drawer 1. ]
Obs 3: On the sinkbasin 1, you see a dishsponge 3, a Act 9: Go to drawer 1
spatula 1, and a spoon 2. Obs 9: Drawer 1 is closed.
Act 4: Take peppershaker 1 from sinkbasin 1 Act 10: Open drawer 1
Obs 4: hing happens Obs 10: You open Drawer 1 ..
)( Act 11: Put pepper shaker 1 in/on drawer 1
Obs 11: You put pepper shaker 1 in/on the drawer 1. Vv
J _/

e [

(2b) ReAct (Reason + Act) ] ~

Act 1: Think[First I need to find a pepper shaker...more
likely to appear in cabinets (1-6), countertops (1-3), ... ]
Act 2: Go to cabinet 1

Obs 2: On the cabinet 1, you see a vase 2.

ReAct: Synergizing Reasoning and Acting in Language Models, Yao etal 2022



T\ User:
Structured Dialogues L Roaues
LLM: ! Thought

\
- Break down problem / tasks for LLM s Answer

~

- Higher performance

. Lots of human engineering /
orompting




Refrlexion

- Chain of Thought / ReACT
» Obtain observation / result
- Reflect on outcome

- Repeat

(a) Task

l

(b)
Trajectory

(c)
Evaluation
(internal / external

v

(d)

Reflection

|

(e) Next
Trajectory

| 1. pecision making_]

You are in the middle of a room
[...] Task: clean some pan and put
it in countertop.

.

N\

[ 2. Programming ]

Task: You are given a list of two
strings [...] of open '(' or close
')' parentheses only [...]

.

[ 3. Reasoning

N 7

Task: What profession does John
Lanchester and Alan Dean Foster
have in common?

—

[...]

Action:take panl from stoveburnerl

Obs:Nothing happens.. [...]

Action:clean panl with sinkbasinl
Obs:Nothing happens. [...]

| [ aes match parens(lst):

if sl.count(' (') +
s2.count (' (') == sl.count(")"') +
s2.count(')"'"): [...]

AR

| [ Think: [...] novelist, journalist,
critic [...] novelist,
screenwriter [...] common is

novelist andlScreenwrites!

Action: “novelist, screenwriter”

rRule/LM Heuristic:

. Hallucination.

rSelf-generated unit tests fail:
| assert match parens(...)

‘ rEnvironment Binary Reward:
0

/

[...]

tried to pick up the pan in
stoveburner 1 [...] but the pan
was not in stoveburner 1. [...]

[...] wrong because itlonly checks!

of open and
close parentheses is equal [...]

order of the parentheses [...]

N

[...] failed because I incorrectly

—

[...] Action: take pan 1 from

[...] Obs: You put the pan 1 in
countertop 1.

[...]
return 'Yes' if check(Sl) or
check(52) else 'No'

Action: “novelist”

Reflexion: Language Agents with Verbal Reinforcement Learning, Shin etal 2023



)

Agent

Re

Internal
feedback

e X]_ O n_ External feedback f
1 Self-reflection (LM) ]—l

[ Evaluator (LM) J

text

Reflective

Experience

(long-term memory)

Trajectory

(short-term memory) [

Actor (LM)

)

Algorithm 1 Reinforcement via self-reflection

Initialize Actor, Evaluator, Self-Reflection:
M as M e M ST

Initialize policy mg(a;|s;), 0 = {M,, mem}
Generate initial trajectory using my

Evaluate 1 using M,

Generate initial self-reflection srg using M,

Set mem < [srg]
Sett =0

J

- Connections to reinforcement learning

—QObs / Reward —

- More strictly planning
- Requires a evaluator (cost function)

- External environment (i.e. simulator,
code interpreter)

- LLM generated tests | > |

« Trained LLM verifier [1]

while M. not pass or ¢ < max trials do
Generate 7; = |ag, 0o, . - - a;, 0;] using 7y
Evaluate 7 using M,
Generate self-reflection sr; using M,

Environment ~— Action Append sr¢ 10 mem
Increment ¢
end while
return
Test .
Generation - Internal Tests »| Self-reflection
Proposed ] _ )
Task e = Refined Solution [
J J

|1] Generative Verifiers: Reward Modeling as Next-Token Prediction, Zhang etal 2024



~ . User:
Rellexion e
-
LLM: Thought
\
s
- Break down problem / tasks for LLM Answer

~

- Higher performance

. Lots of human engineering /
orompting
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Reinforcement Learning and
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Supervision

efivan | 1 1 1 2 0 0 00000

Teacher torcing

L LM
BT

- Simple supervised learning

. Input = Prompt + Target[0:-1] Input

Prompt Generation
. Loss(output, Target|1:])



Outcome supervision
Output . . .

— SUpervision —j

L LM

- What it we only supervise the final
result?

 Generation Promipt Generation

INnput

» Loss(Generation)
- Teacher-forcing not possible
- No supervised loss

- Solution: RL



Outcome supervision

— SUpervision —j

Reinforcement Learning  output |1 N

L LM

- LLM  pglxpq €, xq...x,)

Prompt ¢ Generation X

Al INnput
pe(X ‘ C) — Hpe(xt_l_l ‘ C, X1 .. "Xt)
=1

- Sampling / Generation

X1 ~ P € xq...x,)
- MDP

Es )10 Z r(x,| ¢, x.. .xt_l)_

=1




REINFO.

RC.

L]

maximize Ey_, (.o [R(c, X)]

. Using gradient ascent

V,E

. With a Monte-Carlo estimate

1 K
VoEy, (0 [R(€,X)] ~ — D R(e,x,) Vylog py(x, | ©)

fOr Xk Np‘g( ° ‘C)

k=1

- REINFORCE K=1 works!!!

X~py(-|c) [R(C’ X)] = Expy-lo) [R(C» X) Vglog py(X| C)]

nitialize @

for ever:

Sample (or iterate over) €

X ~ po( - | €)
0 «— 0+ eR(c,x) Vlog py(x|c)



Algorithm 1 Vanilla Policy Gradient Algorithin
- Input; initial policy parameters #,, initial value function parameters ¢
P P P 0 P 0

. . 1 \
Policy Gradient =i
- -+ 3. Collect set of trajectories Dy = {7;} by running policy 7 = w(f) in the environment.
4:

Compute rewards-to-go R,.
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function V,, .

6:  Estimate policy gradient as

1
Gk = Z Z o log Ta(ay|se) g, Ar.
€Dy t=0

Compute policy update, either using standard gradient ascent,

-~

Ec 1o [A(c, X) Vylog py(X| c)]

:l

- Even better Orv1 = Ok + kg

or via another gradient ascent algorithm like Adam.
EXNpg(- |C) Z A(C, X | 'xt) Velog P@(Xf ‘ C, xl .o ’xt—l) N Fit value [unction by regression on mean-squared error:

=1
Opse) = arg mm IDA|T Z Z (‘ w(S) — )

erA = I)

typically via some gradient descent algorithm.
9: end for

Credit: OpenAl



Algorithm 1 PPO-Clip
- : - : : : : I: Input: initial policy parameters fy, initial value function parameters ¢
Proximal Policy Optimization — » ferk-o.1.2.. d
Collect set of trajectories Dy = {7;} by running policy 7 = 7(#€,) in the environment.
Compute rewards-to-go R;.
Compute advantage estimates, A, (using any method of advantage estimation) based

DPQ on the current value function V,,, .

6:  Update the policy by maximizing the PPO-Clip objective:

1
Z Emm( o(ar|3t) A% (s, ap), gle, A™% (.st,at))) ,
‘70* "ll"f)

TeD; t=0

. . ~ .
! e e
- LR "

0.1 = arg max

. Policy gradient IDAII

typically via stochastic gradient ascent with Adam.
Fit value function by regression on mean-squared error:

3 (Vats) — i)

TE Dk 1=l)

:l

- Reuse rollouts (go slightly off-policy)

Dps] = arg mm

. . . . Dk
. Basic Option: Importance weighting DT

typically via some gradient descent algorithim.

X C) : cn.‘ _Ol'
maximize E, ~p, (-1 Py(X| A(c, X) L

. Better Option: PPO-Clipping

1 <« X |C o x...X,_
maximize Eg, (o —Z CLIP Py 1€ X1 1) ,A(C, X)
. I = pyx €, xy... %)

Credit: OpenAl



REINFORCE vs PPO

Algorithm 1 PPO-Clip

T I: Input: initial policy parameters #g, initial value function parameters ¢
nitialize @ v poney P ’ g ’
cfor k=10.1.2.... do
for ever: Collect set of trajectories Dy = {7;} by running policy m; = 7(f) in the environment.

Compute rewards-to-go R;.
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function V,, .

X v pe( y ‘ C) 6: Update the policy by maximizing the PPO-Clip objective:

0« 0 + GR(C, X) VIOgPQ(X ‘ C) me (

7Dy t=0

v . M.
. " e

Sample (or iterate over) €

5t)
5t)

01 = arg max

A% (St, (I-t), {)(t, A% (.St, Gf))) .

typically via stochastic gradient ascent with Adam.

7:  Fit value function by regression on mean-squared error:
Ly 2
Dps] = alﬂ'nnn 2 2 ( 5(Se) 11’,_)
I
TeDy =0

typically via some gradient descent algorithm.
8: end for




Back to Basics: Revisiting REINFORCE Style
Optimization for Learning from Human
Feedback in LLMs

Arash Ahmadian Chris Cremer Matthias Gallé
Cohere For Al Cohere Cohere
Marzieh Fadaee Julia Kreutzer Olivier Pietquin
Cohere For Al Cohere For Al Cohere
Ahmet Ustiin Sara Hooker
Cohere For Al Cohere For Al

{arash,olivier,ahmet,sarahooker}@cohere.com

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



Outcome supervision

— SUpervision —j

Reinforcement Learning  output |1 N

L LM

« LLM  pylx, g1 €% ..x)

Prompt ¢ Generation X

N INnput
pyX|c) = Hpg(xtﬂ |, x...x,)
=1

- Sampling / Generation

X1 ~ P € xq...x,)

- MDP

N
Esopiio [Z r(x,|c, xl...xt_l)]

=1



Qutcome supervision  SUPENVISION—
HEEEENE

Reinforcement Learning  output |1 N

L LM

. LLM py(x|e)
HEEEE HEEE

Prompt ¢ Generation X

. . INput
- Sampling / Generation A

X ~ py(-]c)

. Contextual bandit

Expy(-1o) [R(C’ X):




REINFO

RCE

K

b [.eave One Out

|
. VQEXNPQ(,‘C) [R(c, X)] ~ = Z (R(c, X;) — b(c)) Vlog py(x; | ¢)

—1
nitialize @
for ever:

Sample (or iterate over) €

b(c) = Z R(c,x,)

1
0 — 0+ e—
K

Buy 4 REINFORCE Samples, Get a Baseline for Free!, Kool etal 2019

Z (R(c,x;) — b(x)) Vlog py(x,. | ¢)
k=1



RILLOOIn LILLMS

TL;DR Summarize Anthropic-HH (Pythia) Anthropic-HH (LIama)
3.2 - 0 -
3.0 - g - /5,/"‘—”
6.0 -
2.8 - 1 S
2.5 - 5.0 -
2.2
4.0 -
2.0 A
1.8 - 3.5 - 3.0 -
1.5 - Pse
1.2 14 | | | | 3.0 | | | 420 | | | |
100 200 300 400 500 600 100 200 300 400 20 40 60 30 100
Steps Steps Steps
—e— RLOO - k=2 REINFORCE w/ baseline +— Vanila PG

RAFT - k=2  —e— PPO

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models

Zhihong Shao'"#", Peiyi Wang'~*", Qihao Zhu'~*', Runxin Xu!, Junxiao Song’
Xiao Bi!, Haowei Zhang!, Mingchuan Zhang!, YK. Li!, Y. Wu!, Daya Guo'*

'DeepSeek-Al, “Tsinghua University, >Peking University

{zhihongshao,wangpeiyi,zhugh,guoday}@deepseek.com
https://github.com/deepseek-ai/DeepSeek-Math

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



lo] _ :
. 1 ; : ’
Topo(6) = Elq ~ P(Q),0 ~ 0., (Olq) 1 Z g (0t|q, 0<t) At,chp( g (0tlq, 0<t) 1-e1 _H:) Al
I =1 ﬂeold (Oth, O<t) 7[901(1 (Ot |QI O<t) )

( N
Reference

Model

-
J

1

Reward

@_{ Policy . Model |
Model " Value

Model

GRPO

==

Trained
Models
Reference
Model

Frozen
Models
Policy 0, Reward | 1 Group A,
Model — Model J—’ Computation
‘ Ag
~  ri—mean(r)

~

Ait =Ti = "5 qm

Jorro(0) = E[q ~ P(Q), {0i}Z | ~ mg,, (Olg)]

1 20 (T me(oielg0ic)) » .. ( mo(oicld, 0i<)
E min A: . cli

TO,14 (Oi,t |q/ Oi,<t) TO,14 (Oi,t |q/ 0i,<t)

L=
F‘ —_

’ 1- €, 1+ £') Ai,t] - ﬂ:DKL [7T9||7Tref] } ’

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



Algorithm 1 Iterative Group Relative Policy Optimization

Input initial policy model ng_, ; reward models r,,; task prompts D; hyperparameters ¢, §, i

1: policy model g « mg, ,
2: foriteration=1,...,1do

3: reference model 7,.f < 7p

4: forstep=1,...,Mdo

5: Sample a batch Dy, from D

6: Update the old policy model ng ,, < 7o

7: Sample G outputs {o;}7, ~ mg,, (- | q) for each question g € Dy

8: Compute rewards {r;}7, for each sampled output o; by running r,

9: Compute A;, for the t-th token of o; through group relative advantage estimation.
10: for GRPO iteration=1, ..., u do
11: Update the policy model 7y by maximizing the GRPO objective (Equation 21)
12: Update r, through continuous training using a replay mechanism.
Output 7o

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via

Reinforcement Learning

DeepSeek-V3

nAl-ol-mini

Ope

DeepSeek-R1-32B

nAl-o01-1217

Ope

@ow@4 DeepSeek-R1

ified

(%) 9[1IUa8dI’xd / Adeanddy

SWE-bench Ver
Resolved

MMLU
(Pass@1)

MATH-500
(Pass

QA Diamond
Pass@1l

e
g ¢
o =

o
s <
o
<«

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



Step 1: Create a dataset of math puzzles and alike

. Interesting prompts Question: If a > 1, then the sum of the real

. . solutions of \/a —\/a+x = X is equal to
. Easily verifiable answers

- Math, Reasoning, Multiple-choice, ...

—1£4/1+4a
2

- No details given in paper

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



St@p 2 QUD GR)O —Supervision —
Output... .....

- No teacher forcing LLM

. Supervise just easily verifiable answers INPUL . . . . . . . .

Prompt ¢ Generation X

- Ledrns reasoning
- R1-Zero

- From just pre-trained model, no
Instruction tuning

« |t works



otep 3: Bootstrap Instruction

tuned model

- Use instruction tuning data and R1-Zero

dato

- Train a chat-bot that can “reason”

Benchmark (Metsio Claude-3.5- GPT-40 DeepSeek | OpenAl OpenAl| DeepSeek
Sonnet-1022 0513 V3 ol-mini 01-1217 R1

Architecture - - MoE - - MoE
# Activated Params - - 37B - - 37B
# Total Params - - 671B - - 671B
MMLU (pass@1) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux Em) 88.9 88.0 89.1 86.7 - 92.9
MMLU-Pro Em) 78.0 72.6 75.9 80.3 - 84.0
DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
Engllsh IF-Eval (Prompt Strict) 86.5 84.3 86.1 84.8 - 83.3
GPQA Diamond (passe@1) 65.0 49.9 59.1 60.0 75.7 71.5
SimpleQA (Correct) 28.4 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 72.5 80.5 73.3 76.9 - 82.5
AlpacaEval2.0 (LC-winrate) 52.0 51.1 70.0 57.8 - 87.6
ArenaHard (GrT-4-1106) 85.2 80.4 85.5 92.0 - 92.3
LiveCodeBench (pass@1-coT) 38.9 32.9 36.2 53.8 63.4 65.9
Code Codeforces (Percentile) 20.3 23.6 58.7 93.4 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029
SWE Verified (Resolved) 50.8 38.8 42.0 41.6 48.9 49.2
Aider-Polyglot (Acc) 45.3 16.0 49.6 32.9 61.7 53.3
AIME 2024 (passe1) 16.0 9.3 39.2 63.6 79.2 79.8
Math MATH-500 (pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (passe1) 13.1 10.8 43.2 67.6 - 78.8
CLUEWSC Ewm) 85.4 87.9 90.9 89.9 - 92.8
Chinese C-Eval &wm) 76.7 76.0 86.5 68.9 - 91.8
C-SlmpleQA (Correct) 554 58.7 68.0 40.3 - 63.7




Algorithm 1 Iterative Group Relative Policy Optimization
Input initial policy model . ; reward models r,; task prompts D; hyperparameters ¢, B,

1: policy model g « mg,,
2: foriteration=1,...,1do
3: reference model 7,.r < 7o
forstep=1,...,Mdo
Sample a batch D, from D
Update the old policy model ng ,, < 7o
Sample G outputs {0;}7, ~ 74, (- | q) for each question q € D,
Compute rewards {r;}, for each sampled output o; by running r,
Compute A;, for the t-th token of o; through group relative advantage estimation.
for GRPO iteration=1, ..., u do
Update the policy model 7y by maximizing the GRPO objective (Equation 21)

N = © \© 00 N O U

Update r,, through continuous training using a replay mechanism.

Output 7y

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



Algorithm 1 Iterative Group Relative Policy Optimization
Input initial policy model . ; reward models r,; task prompts D; hyperparameters ¢, B,

1: policy model mg < mg,
2: foriteration=1,...,1do
3: reference model 7.5 < 7p
forstep=1,...,Mdo
Sample a batch D, from D
Update the old policy model ng ,, < g
Sample G outputs {0;}7, ~ 74, (- | q) for each question q € D,
Compute rewards {r;}, for each sampled output o; by running r,

Compute A;, for the t-th token of o; through group relative advantage estimation. Ai,t =r; =

Update the policy model 7y by maximizing the GRPO objective (Equation 21)

N = © \© 00 N O U

Update r,, through continuous training using a replay mechanism.

Output 7y

max iength is set to 1024, and the training batch size is 1024. The policy model only has a single
update following each exploration stage. We evaluate DeepSeekMath-RL 7B on benchmarks

%RPO(G) =E [q ~ P(Q)/ {Oi}?zl ~ Q4 (Olq)]

G |o; |
1 1 { . [ 7o (0 t|q, 0i <t) .
— E — E min Ajt,C
G 4 |Oi| —1 TO,14 (Oi,th/ Oi,<t)

e| Aic | - BDkr [ |res] } '

GRPO = RLOO with advantage normalization

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



RI.OO vs GRPO

RLOO GRPO (in practice)
nitialize @ nitialize @
for ever: for ever:
Sample (or iterate over) € Sample (or iterate over) €
Xkrvpg( \c) for k=1..K Xk"’Pe( \c) for k=1..K
b(c) = 2 R(c,x,) b(c) = Z R(c,X,)
R(c,x;) — b(x)
6’<—9+€— R(c,x,) — b(x))Vlo X, |c 0 — 0+ c— Vio X, |c
Z( (¢, x;) — b(X)) Vlog py(x| €) KZ e g py(x; | €)

k_l =1



I owe Alice and Bob money for the trip to Maui. They texted me

[nteractive Digital Agents O
— to let me know the amount. Venmo them what I owe.
User *

# Let’s find Alice’s recent messages
Jlﬁgentln messages = phone.search_text_messages(“Alice”, “$")
print(messages)
) : : : / [
Trgln |_|_|\/|S thgt |nterOCt Wlth APl S On {Mfrom": llA'l-ice A"’ llcontent": llem at 8am?", ..-}'
{“from”: “Alice B”, “content”: “You owe me for a
the USETS b@h(]hc third of the $330 hotel bill.”, “number”: ...}

] -

# It looks like we owe Alice B one third of $330
alice_amount = 330.0 / 3
alice_phone = messages[1] [“number”]

JAgentL # Let’s send Alice her money
alice_venmo = venmo.search_users(alice_phone)
venmo.create_transaction(alice_venmo, alice_amount)

$110.0 sent to Alice B

JAgentL # Let’s find Bob’'s recent messages ...

J Agent L Done. I sent Alice B $110 and Bob C $50.

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



[nteractive Digital Agents

LOOP

. Use simulator for APl interactions

- AppWorla

. Training data = 24 scenarios (simple
request, initial simulator state, test

cases)

. Trained using simple combinati

| eave-One-Out estimator and

on of

PPO

Algorithm 1 Leave-One-Out Proximal Policy Optimization

Input: Policy py, dataset of tasks and initial states D
Output: Policy pg maximizing Eg, c~p [Le (S0, c)] (Eq. 7)
1: for iteration =1,2,...do

2: B+ {} > Initialize rollout buffer
3: for (sg,c) ~ D do > Rollout collection
4: Collect K rollouts X1, . .., Xx '~ po(+|so, €)
5: Estimate advantages Aq, ..., Ak using Eq. 3
6: | B (—BU{(Xl,Al),...,(XK,AK)}

7: for epoch = 1,..., Nepoch do > Policy update
8: for mini-batch {(x;, 4;)};Z, ~ B do

9: Update policy using PPO gradient (Eq. 5)

K 1
A(Ca xk) T K 1 (R(C, xk) o E ; R(C7 xz)) (3)

Ly " (c) =

x|
: 1 [ Po@i|Cc,T1:01)
xc~p (- mln(p Alc,x), gdAlc,x)))|-

zp(xt‘caxlzt—l)

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



Strictly Normalized Test Normal (Test-N) Test Challenge (Test-C)

Type Algorithm Action on-policy reward TGC SGC TGC SGC
NFT  GPT-40 - - - 48.8 32.1 30.2 13
NFT  OpenAl ol — = = 61.9 41.1 36.7 19.4
NFT Llama 3 70B — — — 24 .4 17.9 7.0 4.3
NFT Qwen 2.5 32B — — — 39.2 + 3.5 18.6 + 2.0 21.0+ 1.4 75 +1.2
SFT  SFI-GT = - — 6.2 0.7 1.8 0.0 0.8 0.2 0.1 0.3
SFT  RFT — — — 479437 264+23 264+18 11423
SFT  EI — — — 583+28 368460 3284+0.7 17.6=x1.3
DPO DPO-MCTS E = - 57015 31.8+42 31.8+13 137X1.5
DPO DMPO — - - 500+12 366+47 363+18 184+2.3
RL PPO (learned critic) token 508 3.7 289+79 264+05 105+2.1
RL RLOO traj v 57226 35.7x29 367Xx16 174X+14
RL  GRPO token Vv v 580+ 1.8 368+39 395+19 224+0.8
RL  GRPOnokl token v v 590+ 14 357+29 427+13 213417
RL LOOP (bandit) traj 53.34+£34 33632 27715 13.04+£0.9
RL LOQOP (turn) turn 64.1+22 4354+35 408+15 265+t24
RL LOOP (token) token 713 +13 53.6 2.2 457+13 26.6t1.5
RL LOOP RwNorm (token)  token v 619+40 44178 398+13 204+2.1

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



RLvVS R

- Generations from LLM are very diverse
even after RL training

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



RL VS o

Sequence of API calls

Mode 1

Mode 2

Mode 3

Mode 4

100 1.1.d. rollouts

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025

show_api_doc
show_api_descriptions
show_account_passwords
venmo.login

phone.login
venmo.show social feed
phone.contact relationships
phone.search_contacts
venmo.like_transaction
supervisor.complete task



RLvsoF]

Sequence of API calls

- Generations from LLM are very diverse
even after RL training

« 98 /100 solutions are correct

- Only 3 repeat overall structure of
commands (nNo exact repetition)

- Early in training: Awesome exploration

. Late in training: No collapse / overfitting

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025

Mode 1

Mode 2

Mode 3

Mode 4

show_api_doc
show_api_descriptions
show_account_passwords
venmo.login
phone.login
B venmo.show _social _feed
i phone.contact_relationships
B phone.search_contacts
venmo.like_transaction
q W supervisor.complete_task
[E—

100 1.1.d. rollouts




Reintorcement Learning and LLMs

nitialize @

- Easy to implement
oI ever:

.+ RLOO, LOOP are just generation + reward Sample (or iterate over) €

computation + mean subtraction + training R ~ pH( ‘C) for k=1..K

b(c) = Z R(c, X))

- Great open-source tools exist for all of this

. Much more flexible 0« 0+ 6_ Z (R(c, x;) — b(x)) Vlog py(x; | €)
K5

. Less data-hungry

. |t is here to stay



References

- Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback
iNn LLMs, Ahmadian etal. 2024

- Buy 4 REINFORCE Samples, Get a Baseline for Free!, Kohl etal 2019

- DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models,
Shaoo etal. 2024

- DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning,
Deepseek-Al 2025

- Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen etal 2025



[ 1mitations of LLMs

Philipp Krahenbuhl, UT Austin



Politics of LLM research

- Many different camps

- With conflicting often hidden motives




ChatGPT 1s bullshit

- LLMs generate falsehoods
- AKA Hallucinations

- Bullshit (general): Any utterance produced
where a speaker has indifference towards the
truth of the utterance.

- Hard bullshit: Bullshit produced with the
intention to mislead the audience about the
utterer’'s agenda.

- Soft bullshit: Bullshit produced without the
intention to mislead the hearer regarding the
utterer’'s agenda.

ChatGPT is bullshit, Hicks etal 2024

ON BULLSHIT

Bullshitters misrepresent themselves to

deliberately making fa

what is true. Rather, bl

Frankfurt

their audience not as i

ars do, that is,
se claims abo

by
Ut

Ishitters seek to
convey a certain impression of

themselves without being concernead
about whether anything at all is true.




ChatGPT is bullshit

. L

_Ms] are in an important way

INC

ifferent to the truth of their outputs.”

- Training: Reproduce plausible text

- Human cognition: goals and

NDenaviors

- Paper makes a few assumptions

. Disregards alignment

ChatGPT is bullshit, Hicks etal 2024




No selt-correction Yet

- LLMs rarely change their mind

. |f they do, they make things worse

Incorrect = Incorrect

Incorrect = Correct
Correct = Incorrect
No Change

CommonSenseQA (GPT-4)

GSM8K (GPT-3.5) CommonSenseQA (GPT-3.5) GSM8K (GPT-4)

GSM8K (GPT-4-Turbo) CommonSenseQA (GPT-4-Turbo) GSM8K (Llama-2)

Christina is planning a birthday party and needs .75 gift
bags per invited guest, because 1/4 of attendees don't
show up. She invited 16 friends. Gift bags are $2 each.
How much will she spend?

... Therefore, Christina will spend $18 on gift bags.
Answer: \boxed{18}. (Incorrect)

Review your previous answer and find problems with
your answer.

Upon reviewing my previous answer, I recognize a
mistake. I incorrectly stated that Christina needs 0.75
gift bags per invited guest. The given information states
that 1/4 of the attendees won't show up...

Based on the problems you found, improve your
answer.

... Therefore, Christina will spend $24 on gift bags.
Answer: \boxed{24}. (Correct)

CommonSenseQA (Llama-2)

Large Language Models Cannot Self-Correct Reasoning Yet, Huang etal 2023

Terry eats 2 yogurts a day. They are currently on sale at
4 yogurts for $5.00. How much does he spend on
yogurt over 30 days?

... So, Terry spends $\boxed{75.00}$ on yogurt over 30
days. (Correct)

Review your previous answer and find problems with
your answetr.

Upon reviewing my previous answer, | realized that I
made a mistake in calculating Terry's spending on
yogurt over 30 days. I incorrectly stated that Terry
spends $2.50 per day for 30 days, resulting in a total of
$75.00...

Based on the problems you found, improve your
answer.

... Therefore, the final answer is Terry spends
S\boxed{37.50}S on yogurt over 30 days. (Incorrect)




Contlation of
language and thought

- “good at language -> good at thought”

fallacy

. formal vs. functional linguistic

. Fairly
Mmode

nalanced analysis of current

S

phonology

e.g., rules governing valid wordforms

SELECT FORMAL COMPETENCE SKILLS EXAMPLES OF GOOD AND BAD FORMS

blick could be a valid English
word

*bnick could not be a valid
English word

Lady Gaga-esque-ness

*Lady Gaga-ness-esque

morphology
FORMAL e.g., morpheme ordering constraints, rules
COMPETENCE governing novel morphemic combinations
getting the form
of language lexical semantics

right

e.g., parts of speech, lexical categories,
word meanings

I'll take my coffee with cream
and sugar.

*I'll take my coffee with cream
and red.

e.g., agreement, word order constraints,
constructional knowledge...

The key to the cabinets is on
the table.

*The key to the cabinets are
on the table.

SELECT FUNCTIONAL COMPETENCE SKILLS

formal reasoning

e.g., logic, math, planning

SUCCESSES/FAILURES IN EACH DOMAIN

Fourteen birds were sitting on
a tree. Three left, one joined.
There are now twelve birds.

Fourteen birds were sitting on
a tree. Three left, one joined.
There are now eleven birds.

FUNCTIONAL world knowledge

COMPETENCE

e.g., facts, concepts, common sense

The trophy did not fit into the
suitcase because the
suitcase was too small.

The trophy did not fit into the
suitcase because the trophy
was too small.

using language
to do things in

ool situation modeling

e.g., discourse coherence, narrative structure

Sally owns a dog. The dog is
black.

Sally doesn’t own a dog. The
dog is black.

social reasoning

e.g., pragmatics, theory of mind

Dissociating language and thought in LLMs, Mahowald etal 2023

Lu put the toy in the box and
left. Bo secretly moved it to
the closet. Lu now thinks the
toy is in the box.

Lu put the toy in the box and
left. Bo secretly moved it to
the closet. Lu now thinks the
toy is in the closet.
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- Large synthetic data experiments
» Causal LLMs can learn to parse CFGs

- Internally use Dynamic Programming-
ke algorithm

- Bi-directional architectures cannot

Physics of Language Models, Allen-Zhu 2023-2024



Limits and capabilities of LLMS

Physics of Language Models, Allen-Zhu 2023-2024

°Nysics of LLMS

Large synthetic data experiments

LLMs can learn mathematical reasoning
(not just memorization)

_LMs can learn to solve math problems
ke humans

Depth (#layers) matters for mathematical
reasoning

L LMs can learn from mistakes if seen
during pre-training

dep(A,B) — at the end of problem description, [Problem] e number of cach Riverview
does the model know parameter A depend on B?
e.g. dep(“Riverview High’s Film Studio”, School Daypac
“Film Studio’s Messenger Bag”) = true equals 13
nece(A) — after question is asked, does the model

—————

know if A is necessary for answering question?

e.g. nece(“Riverview High's Film Studio”) = false

can_next(A) — in the middle of solution, does the

model know if A can be computed next?

e.g. can_next(“Riverview High's Film Studio”) = true
can_next(“Riverview High's Dance Studio”) = false

High’s Film Studio equals 5 times as

much as the sum of each Film Studio’s Backpack and each Dance Studio’s

[Solution] Define Dance Studio's School D .

< =

'L".],-"I...‘ l:l l_ h:"‘l_ﬂ" — .—-:-‘ly §

i S .. LICST —

- 7% 27~ 16 [Answer] 16.

k. ... The number of each Film Studio's Messenger Backpack

f 'r'j t | l"‘ y |

L

User

Each box Y has a box Q inside it. Each box Q has a box A inside
it. Each box O has a box O inside it. Each box L has a box K
inside it. Each box Q weights O pounds on its own. Each box R
weights 8 pounds on its own. Each box X weights 6 pounds on
its own. Each box Q has a box L inside it. Each box Y has a box
L inside it. Each box A weights 1 pounds on its own. Each box
O has a box L inside it. Each box Y has a box K inside it. Each
box A has a box Linside it. Each box L weights 2 pounds on its
own. Each box O weights 3 pounds on its own. Each box A has
a box R inside it. Each box K has a box R inside it. Each box Y
weights 9 pounds on its own. Each box Q has a box R inside it.
Each box O has a box K inside it. Each box K weights O pounds
on its own. Each box A has a box O inside it. Each box A has a
box K inside it. Each box X has a box Y inside it.

What is the total weight of box X?

GPT-40 (2024-08-06 versic

If a model can correct mistakes via
multi-round prompting, why can’t it

ICECHUINERGERGIEIRT correct the mistake immediately after?

weight of each box inside",
and working our way out.

1. **Box L**: Weighs 2 pounds.
2. **Box K**: Weighs 0 pounds

8. **Box X**: Weighs 6 pounds on its own, contains a box Y.

- Total weight of box X = 6 + 74 (box Y) = 80 poundg.
Therefore, the total weight of box X is 80 pounds.

AT HITISHHTIVUOL VUACO

(missing box K)

its®wn, but contains a box R.

ma User

Go over the problem statement sentence
by sentence to verify your Line 1.

GPT-40 (2024-08-06 version):

Certainly! Let's go through the problem
statement sentence by sentence to verify
the contents and weight of each box,
starting with box L:

1. **"Each box Y has a box Q inside it."**
- This tells us that box Y contains box Q.

4. “*"Each box L has a box K inside it."**
- This tells us that box L contains box K.
14. “*"Each box L weights 2 pounds on its
own. ' **

- This tells us the weight of box L is 2
pounds.

24. **"Each box X has a box Y inside it."**
- This tells us that box X contains box Y.
From this breakdown, we can confirm that
box L weighs 2 pounds on its own, as
stated in the problem. My initial

calculation for the weight of box L wasx

correct.

ma User

Verify your answer. This is not correct.

GPT-40 (2024-08-06 version):

Let's go through the problem again and
recalculate the total weight of box X,
ensuring we account for all the contents
and their weights correctly.

1. “*Box L**: Weighs 2 pounds on its own

and contains a box K.
- ¥*Box K**: Weighs 0 pounds on i
and contains a box R.

- ¥*Box R**: Weighs 8 pounds on its own.
- Total weight of box K= 0 + 8 = 8 pounds.
- Total weight of box L=2 + 8 = 10 pounds.
5. **Box Y**: Weighs 9 pounds on its own
and contains a box Q, a box L, and a box K.
- Total weight of box Y =9 + 87 (box Q) +
10 (box L) + 8 (box K) = 114 pounds.

6. **Box X**: Weighs 6 pounds on its own
and contains a box Y.

- Total weight of box X =6 + 114 (box Y) =
120 pounds.

Therefore, the total weight of box X is
120 pounds.




Physics of LLMSs

Limits and capabilities of LLMS

- Large synthetic data experiments

« Causal LLMs

. 2 bits of knowledge per parameter, even

when quantized to int8

- Order of knowledge matters (inverse
knowledge search often fails)

- Replicatio
dataisim

N of knowledge in pre-training

oortant

« Bi-directional architectures cannot

Physics of Language Models, Allen-Zhu 2023-2024

Was Donald Trump bornin an even day?

NoXald Trump waq born on June 14, 1946, hich is an odd day.

Do you know what odd means?

Yesize for the oversight. You are correct. The number 14 is even. So, Donald Trump
was eadn

an even day, June 14, 1948. Thank you for pointing that out.

Yes or no, was Donald Trump bern earlier than Jos Biden?

Yes. x

Tell me why?

Donald Irump was born on Juna 14, 1948, while Joe Biden was born on Naveml

Therefore, Joe Biden was born earlier than Donald Trump by almost four years.

el '4:"": 1942,




[ imitations of LLLMs

- LLMs are not perfect

- Neither is their analysis




References

« [1] ChatGPT is bullshit, Hicks etal 2024
. [2] Large Language Models Cannot Self-Correct Reasoning Yet, Huang etal 2023

- |3] Dissociating language and thought in LLMs, Mahowald etal 2023

. [4] Physics of Language Models, Allen-Zhu 2023-2024



