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What are LLMSs?

Text is a long sequence of words (including spaces, punctuations)

An n-gram model of language learns to predict n-th word given the preceding n-1
words

* Pr(W, |W;..W,_,)

* Unigram predicts each word independently (no preceding context)

* Bigram predicts each word given the previous word

* A 3001-gram model learns to predict the next word given the previous 3000 words

The power of an n-gram model depends on
* How much text it trains on
* How big is the n (context) and
* How high-capacity is the function learning Pr(W,_ | W,..W_ ;)

ChatGPT trains on ~600 gigabytes of text on the Web

* It learns a very high capacity function that has 175 billion parameters



IIT Madras is the best engineering college in India

LLM uses its current function to guess the next word
* lIT Kharagpur

Predicted: Kharagpur; Correct: Madras

Error = {Madras - Kharagpur}

* To the LLMs, all vocabulary tokens are just vectors in some high-dimensional embedding
space; so the difference is well defined as the vector difference

Propagate this error back through the function, and change the parameters so the
error is reduced.



LLMs are good at Reasoning
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Abstract

‘We explore how a chain of thought—a series of i iate reasoning
steps—significantly improves the ability of large language models to perform
complex reasoning. In particular, we show how such reasoning abilities emerge
naturally in sufficiently large language models via a simple method called chain-of-
thought prompting, where a few chain of thought demonstrations are provided as
exemplars in prompting.

Expenmems on three large language models show that chain-of- Lhough( prompting

improves on a range of and symbolic
reasoning tasks. The empirical gains can bc striking. For instance, promplmg a
PalLM 540B with just eight chain-of-th achieves f-

accuracy on the GSM8K benchmark of m:uh word problems, surpassing even
finetuned GPT-3 with a verifier.

Standard Prompting Chain-of-Thought Prompting

Recent works leverage the capabilities of large
language models (LMs) to perform complex
question answering in a few-shot setting by

A 12-yard, 82-yard
33-yard

Q: What is the largest value in: enalg Exsmming]
Va4 uneel amd Vvt

ReTA: Recursively Thinking Ahead to Improve the Strategic Reasoning of
Large Language Models

Jinhao Duan'  Shiqi Wang?  James Diffenderfer’  Lichao Sun’
Tianlong Chen®®”  Bhavya Kailkhura®  Kaidi Xu'
Drexel University 2AWS Al Lab
3Lawrence Livermore National Laboratory
“Lehigh University "UNC Chapel Hill °MIT "Harvard University

Abstract evaluations still focus on the linguistic capabili-
ties of LLMs, e.g., reading understanding, with-
Languagt Models (LLMs) anmly foous out .much strategic thinking. Therefore, beneath
on single-tum and static soch the impressive linguistic of LLMs, a
as arithmetic problems. The crucial prob- critical question that has piqued the curiosity of re-
lem of multi-turn, strategic reasoning is searchers and practitioners alike: “what lies beyond
under-explored. In this work, we analyze static logical reasoning for LLMs?"

the multi-turn strategic reasoning of LLMs Stiategic multi:tum Teasoning ks
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Current logical reasoning evaluations of Large

LLMs are bad at Planning
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Abstract

We argue that auto-regressive LLMs cannot,
by themselves, do planning or self-verification
{which is after all a form of reasoning), and shed
some light on the reasons for misunderstandings
in the literature. We also argue that LLMs should
be viewed as universal approximate knowledge

sources that have much more meaningful roles
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Can Large Language Models Really Improve by
Self-critiquing Their Own Plans?
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Abstract

There have been widespread claims about Large Language Models (LLMs) being
able to successfully verify or self-critique their candidate solutions in reasoning
problems in an iterative mode. Intrigued by those claims, in this paper we set out
to investigate the verification/self-critiquing abilities of large language models in
the context of planning. We evaluate a planning system that employs LLMs for
bD(h plan generation and \crmcatmn We assess lhc vcrmcl LLM’s performance
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Can we leverage LLMs’ reasoning capabilities for Planning?

e What works for reasoning in LLMs?

» How to leverage it for planning?



What works for reasoning in LLMs?

e Finetuning
e Instruction tuning (finetuning with instructions)

e Chain-of-Thought prompting



Finetuning

Adapt a pre-trained general LLM to excel at a specific task (planning) by training
on domain examples.

</> Domain File
Problem File

[' <) % %
Dataset D,:Setof — % —
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Domain File
Problem File Pre-trained Fine-tuned Output Plan

Plan File LLM LLM



Finetuning with Negative Examples

Add some failing plans, label them as incorrect, and add them to the finetuning
data.

</> Domain File
Problem File
| T/)j
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Domain File
Problem File Pre-trained Fine-tuned Output Plan

Plan File LLM LLM



Instruction Finetuning

Add Explanations: Instructions teach the model WHAT planning means, not just PATTERNS in
data. Tell it to check preconditions, apply effects, and verify goals.

</> Domain File
Problem File

[' </>
D. »
Dataset Setof — 5 —_—
: X (aq,ay, ..., ay)

Domain File
Problem File Pre-trained Fine-tuned Output Plan
Plan File + LLM LLM

Explanation



Augment finetuned LLM with Chain-of-Thought Prompting
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Tuning ) CoT Output :
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$ LLM (Snt» @ Sn)
Pre-trained \
LLM Output Plan: (ali a’Zl e an>

Making the model show intermediate reasoning steps for planning instead of jumping
to the final answer.



PDDLInstruct
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How else can we leverage LLMs for Planning

Learn heuristics!!
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How else can we leverage LLMs for Planning

Learn heuristics!!
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Learning End-to-End World Models

(A) making and pouring coffee into a pair of cups

option: PlaceInMachine(jug, machine)

o
»

abstract state

abstract state

option: TurnOn(machine)

abstract state

HoldingJug(jug)

JugInMachine(jug, machine)
GripperOpen()

JugFilled(jug)
Holdingjug(jug)

(B) using a balance beam to activate a machine that requires balanced platters

option: Pick(black3)

L 3

"
— 2 ‘

abstract state

abstract state

option: PutOnPlate(plate1)

option: PressButton

|¥'u

abstract state

DirectlyOn(block3, block2)
OnPlate(block3, plate2)

aripperOpen()

Holding(block3)
Clear(block2)

E).irectIyOnPIate(bIocko, plate2)

DistributedEvenly(plate1, plate2)
GripperOpen()

d‘lPIate(bIockB, platet)

example learned predicate+planning operator

(def-op (?x@:coffee_machine ?x1:jug ?x2:robot)
:option (TurnOn ?x2:robot ?x@:coffee_machine)
:precondition (JugInMachine ?x1 ?x@)
:postcondition (JugFilled ?x1:jug))

JugInMachine(state, objects):

jug, machine = objects

if Holding(state,[state.objects(robot_type)[@],jug]l):

return

attention_img = state.crop_to_objects([jug,machine])
return state.query_VLM(
is placed inside

"{jug.id_name machine.id name}.",

attention_img)

example learned predicate+planning operator

ef-op (?x@:machine ?x1:plate ?x2:plate ?x3:robot

def-op (? hine ?x1:pl ?x2:plate ? b
:option (PressButton ?x3:robot ?xl1:plate ?x2:plate)
:precondition (DistributedEvenly ?x2 ?x1)

:postcondition (MachineOn ?x@:machine))

DistributedEvenly(atoms, objects):
platel, plate2 = objects
if platel == plate2: return
countl, count2 =9, @

for atom in atoms:

if atom.predicate == OnPlate:

if atom.objects[1] == platel: countl += 1
elif atom.objects[1l] == plate2: count2 += 1

return countl == count2
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