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I come to leverage LLMs, not to lament them.. 
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.. O judgment! thou art 
fled to brutish beasts, 

And men (& LLMs) have lost their reason.



Underlying System Dynamics
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RL with Simulator is Planning..
Information Gathering;
Information Integration



Human-AI Interaction
• We have focused on explainable human-AI 

interaction. 
• Our setting involves collaborative problem 

solving, where the AI agents provide decision 
support to the human users in the  context of 
explicit knowledge sequential decision-
making tasks (such as mission planning)
• In contrast, much work in social robotics and HRI 

has focused on tacit knowledge tasks (thus 
making explanations mostly moot)

• We assume that the AI agent either learns the 
human model or has prior access to it.

• We have developed frameworks for proactive 
explanations based on model reconciliation 
as well as on-demand foil-based explanations

• We have demonstrated the effectiveness of 
our techniques with systematic (IRB 
approved) human subject studies 
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Hallucination and 
“Approximate Retrieval”
• LLMs are n-gram models, and thus do 

not index and retrieve
• All they ever do is hallucinate 

completions to the prompt 
• Such that the completion is in the same 

distribution as the text they have been 
trained on

• Prompt engineering doesn’t change 
this!

• Whether or not changing the prompt 
gives the ”factual completion” depends 
on the prompter knowing enough to tell 
whether the given answer is the accurate 
one. 



Then came the claims about LLM’s 
reasoning/planning abilities..
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Little a priori reason to believe that LLMs can reason/plan
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LLM’s Approximate Retrieval upends our 
intuitions re: their guesses

Computational Complexity of the underlying 
task has no bearing on LLM guesses
• The underlying complexity of the problem has 

no impact on the LLM’s ability to guess the 
answer
• They are just as fast in guessing answers to 

undecidable questions as they are in guessing 
answers to constant time questions

• ..and in neither case do they have any guarantees 
about their guess

• Corollary: The usual problem characteristic—
Stochasticity, Partial Observability etc. — that 
make it computationally harder don’t matter 
in LLM’s ability to guess

• After all, they take constant time per token 
• ..and no, asking LLMs to “pause” doesn’t change 

any of this!

Background Knowledge is easier for LLMs 
(approximately..)
• Much has been made in traditional AI of the 

difficulty of getting relevant knowledge.
•  Having been trained on web-scale collective 

knowledge of humanity, LLMs are remarkably 
better at this

• They are pretty good (with no guarantees—
and some brittleness) at
• Commonsense
• Domain knowledge
• Theory of Mind
• Analogies

• (In addition, of course, to linguistic abilities 
such as summarization, elaboration, format 
change etc.)
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LLM’s Can’t Plan; But they can help planning 
in LLM-Modulo Frameworks
LLMs can’t plan in Autonomous Modes 
(and many claims to the contrary are 
questionable)
• LLMs can’t do planning in 

autonomous mode
• CoT, ReACT, Fine Tuning etc. don’t 

help that much (as they don’t 
generalize enough)
• They can’t improve by self-

verification (since they can’t self-
verify!)
• Having humans iteratively prompt 

is an invitation for Clever Hans 
effect.. 

LLMs can support planning (and expand the 
range of planning tasks) in LLM-Modulo 
Frameworks
• LLMs can be used in conjunction 

with external verifiers and solvers 
in an LLM-Modulo framework 
(with the verifiers doing back 
prompting ) 

• In the LLM-Modulo framework, LLMs 
can play multiple roles

• Guess plans
• Guess domain models
• Help elaborate the problem 

specification
• Translate formats 
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Talk Overview

• Part 1
• Evaluating LLM Planning capabilities in Autonomous mode, 

including effect of
• Prompting strategies (including Chain-of-thought)
• Fine Tuning
• Self Verification

• Understanding the contradictory claims in the literature
• Part 2

• Sane roles of LLMs in Planning (with LLM-Modulo 
frameworks)

• LLMs as heuristics, LLMs as candidate generators
• Back prompting from external verifiers
• LLMs as sources of domain models (with humans in the loop)
• LLMs as format changers/specification elaborators1

• Part 3
• Some thoughts on why people tend to ascribe 

planning/reasoning abilities to LLMs



So, can LLMs Plan?

30



31

But they seem to fall flat on 
the lowly 3-block stacking 
problem
(that we affectionately call
Sussman Anomaly)
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NeurIPS 22 FMDM Workshop
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Will GPT4’s AGI Sparks help?
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Using LLM’s to Generate Plans 
Autonomously 

40



Results on GPT-4

Domain Method GPT-4 Instruct-GPT3.5

Blocksworld One-shot 206/600 (34.3%) 54/600 (9%)

Zero-shot 210/600 (34.6%) -

Mystery 
Blocksworld 
(Deceptive)

One-shot 26/600 (4.3%) 4/600 (0.6%)

Zero-shot 1/600 (0.16%) -

Mystery 
Blocksworld 
(Randomized)

One-shot 12/600 (2%) 5/600 (0.8%)

Zero-shot 0/600 (0%) -



Plan Generation Results



Plan Generation Prompt - Blocksworld
I am playing with a set of blocks where I need to arrange the blocks into stacks. Here are the actions I can do

Pick up a block
Unstack a block from on top of another block
Put down a block
Stack a block on top of another block

I have the following restrictions on my actions:
I can only pick up or unstack one block at a time.
I can only pick up or unstack a block if my hand is empty.
I can only pick up a block if the block is on the table and the block is clear. A block is clear if the block 
has no other blocks on top of it and if the block is not picked up.
I can only unstack a block from on top of another block if the block I am unstacking was really on top of 
the other block.
I can only unstack a block from on top of another block if the block I am unstacking is clear.
Once I pick up or unstack a block, I am holding the block.
I can only put down a block that I am holding.
I can only stack a block on top of another block if I am holding the block being stacked.
I can only stack a block on top of another block if the block onto which I am stacking the block is clear.
Once I put down or stack a block, my hand becomes empty.
Once you stack a block on top of a second block, the second block is no longer clear
.

[STATEMENT]

As initial conditions I have that, the red block is clear, the blue block is clear, the yellow block is clear, the 
hand is empty, the blue block is on top of the orange block, the red block is on the table, the orange block is 
on the table and the yellow block is on the table.
My goal is to have that the orange block is on top of the blue block.

My plan is as follows:

[PLAN]
unstack the blue block from on top of the orange block
put down the blue block
pick up the orange block
stack the orange block on top of the blue block

[PLAN END]

Domain

[STATEMENT]
As initial conditions I have that, the red block is clear, the yellow block is clear, the hand is empty, the red block is on top of the 
blue block, the yellow block is on top of the orange block, the blue block is on the table and the orange block is on the table.
My goal is to have that the orange block is on top of the red block.
My plan is as follows:

[PLAN]

unstack the yellow block from on top of the orange block
put down the yellow block

unstack the red block from on top of the blue block
put down the red block
pick up the orange block
stack the orange block on top of the red block
[PLAN END]

Example

Query Instance

GPT-4 Response

SUCCESS



Are LLMs retrieving based on 
names or are they reasoning?

What if GPT4 is basically bringing to bear its background knowledge 
about blocks world instead of just depending on the domain model?
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I am playing with a set of blocks where I need to arrange the blocks into stacks. Here are the 
actions I can do

   Pick up a block
   Unstack a block from on top of another block
   Put down a block
   Stack a block on top of another block

   I have the following restrictions on my actions:
   I can only pick up or unstack one block at a time.
   I can only pick up or unstack a block if my hand is empty.
   I can only pick up a block if the block is on the table and the block is clear. A block is clear if the 
block has no other blocks on top of it and if the block is not picked up.
   I can only unstack a block from on top of another block if the block I am unstacking was really on 
top of the other block.
   I can only unstack a block from on top of another block if the block I am unstacking is clear.
   Once I pick up or unstack a block, I am holding the block.
   I can only put down a block that I am holding.
   I can only stack a block on top of another block if I am holding the block being stacked.
   I can only stack a block on top of another block if the block onto which I am stacking the block is 
clear.
   Once I put down or stack a block, my hand becomes empty.

I am playing with a set of objects. Here are the actions I can do

   Attack object
   Feast object from another object
   Succumb object
   Overcome object from another object

I have the following restrictions on my actions:
    To perform Attack action, the following facts need to be true: Province object, Planet object, Harmony
    Once Attack action is performed the following facts will be true: Pain object
    Once Attack action is performed the following facts will be false: Province object, Planet object, Harmony
    To perform Succumb action, the following facts need to be true: Pain object
    Once Succumb action is performed the following facts will be true: Province object, Planet object, Harmony    
    Once Succumb action is performed the following facts will be false: Pain object.
    To perform Overcome action, the following needs to be true: Province other object, Pain object
    Once Overcome action is performed the following will be true: Harmony, Province object, Object Craves other object
    Once Overcome action is performed the following will be false: Province other object, Pain object
    To perform Feast action, the following needs to be true: Object Craves other object, Province object, Harmony.
    Once Feast action is performed the following will be true: Pain object, Province other object
    Once Feast action is performed the following will be false:, Object Craves other object, Province object, Harmony

Original Blocksworld Mystery Blocksworld

Mystery blocksworld domain



Plan Generation Results on Mystery BW



Plan Generation Results on Mystery BW



Plan Writing Plan Translation

Human Baseline for Mystery Blocksworld 

• Preliminary study – 5 participants
• Asked to come up with a plan for one instance 

from Mystery Blocksworld (chosen from a set 
of 100 instances)

• Two phases of interaction
• Plan writing phase – Participants write up 

plans
• Plan translation phase – Participants 

translate already written plans
• First for an example then the actual instance
• The human planners were incentivized to 

solve these cognitive dissonance problems.
• If they came up with a successful plan, the 

participants were rewarded with an extra bonus 
of $15 on top of the $10 base reward.

All the 5 (100%) human planners 
successfully came up with a (valid) plan.



Plan Writing Plan Translation

Human Baseline for Mystery Blocksworld 
• Preliminary study – 5 participants
• Asked to come up with a plan for one instance 

from Mystery Blocksworld (chosen from a set 
of 100 instances)

• Two phases of interaction
• Plan writing phase – Participants write up 

plans
• Plan translation phase – Participants 

translate already written plans
• First for an example then the actual instance
• The human planners were incentivized to 

solve these cognitive dissonance problems.
• If they came up with a successful plan, the 

participants were rewarded with an extra bonus 
of $15 on top of the $10 base reward.

All the 5 (100%) human planners 
successfully came up with a (valid) plan.

Humans have a System 2. 

They don’t often want to use it. 

But we can incentivize them to use it
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2023 is Ancient History.
How are the latest LLMs faring?





How about Chain of 
Thought Prompting? 

74



Chain of Thought Prompting

• Chain of Thought prompting (CoT) has become a bit 
of a religion among LLM aficionados.

• The basic idea of CoT is to give the LLM a couple of 
examples showing how to solve the problem—with 
the expectation that it figures out how to solve 
other instances 

• It is clear (and pretty non-controversial) that 
CoT involves  giving additional task/problem 
specific knowledge. The question is 
how general this problem specific knowledge 
needs to be. 

• The more general the knowledge, the easier it is for 
the humans to provide it; but higher the degree of 
reasoning LLM has to do to operationalize it.

• Let’s see how/if CoT helps.. 



Four CoT Setups with Increasing 
Specialization
• Setup 1: Domain-independent CoT

• Gives progression proof verification
• Setup 2: Blocks World Specific [Single 

goal stack]
• CoT teaches the heuristic of putting all 

blocks on table and construct the goal stack 
• (known to be within 2x optimal length)

• Setup 3: Specializes 2 by ensuring all 
blocks are on table to begin with
• Setup 4: Specialized 3 by ensuring that 

the goal stack is always in lexicographic 
order

Cost of giving advise for the humans increases from 1 to 4
The need for operationalization of the advice by LLM reduces from 1 to 4



CoT’s Failure to Generalize



CoT for Lexicographic Stacks!

• 2 types
• The goal is to stack a single tower (like the 

previous type) but the blocks are always 
required to be in lexicographic order (Ex: A is 
on top of B, B on top of C, C on top of D etc.)

• Unstack all blocks from a single stack (random 
ordering within the stack) and put them on 
the table.

• 2 examples with COT annotation
• Across 4 to 15 blocks
• Results:

• Stacking: 12/12 (100%)
• Unstacking: 59/60 (98.3%)

• For 1 instance (10-block) it doesn’t 
execute the pattern completely

• This is actually not surprising as LLMs 
are great at mimicking patterns!

An example in the prompt (Trivial Stacking)

[STATEMENT]
As initial conditions I have that, Block A is clear, Block B is 
clear, Block C is clear, Block A is on the table, Block B is on the 
table, Block C is on the table and the hand is empty.
My goal is to have that Block A is on top of Block B and Block B 
is on top of Block C.

My plan is as follows:

[THOUGHTS]
1. I look at the goal and stack the tower I need, starting from 
the bottom.
Block C is on the table and Block C is clear.
Block B is on the table and Block B is clear, so I pick it up.
Then, I stack Block B on top of Block C. The first goal condition 
is satisfied.
Block A is on the table and Block A is clear, so I pick it up.
Then, I stack Block A on top of Block B. The second goal 
condition is satisfied.
So all goal conditions are satisfied.

2. Now, I write down my plan in the required format:

[PLAN]
pick up Block B
stack Block B on top of Block C
pick up Block A
stack Block A on top of Block B
[PLAN END]

An example in the prompt (Trivial Unstacking)

[STATEMENT]
As initial conditions I have that, Block B is clear, Block A is on 
top of Block C, Block B is on top of Block A, the hand is 
empty and Block C is on the table.
My goal is to have that Block A is on the table, Block B is on 
the table and Block C is on the table.

My plan is as follows:

[THOUGHTS]
1. I take apart the tower, and put all the blocks on the table. 
Block B is clear.
Block B is on top of Block A, so I unstack it. Then, I put it 
down on the table.
Now Block A is clear.
Block A is on top of Block C, so I unstack it. Then, I put it 
down on the table.
Block C is already on the table, so the goal conditions are 
satisfied.

2. Now, I write down my plan in the required format:

[PLAN]
unstack Block B from on top of Block A
put down Block B
unstack Block A from on top of Block C
put down Block A
[PLAN END]



ReAct Exhibits Similar Inability to generalize

Base
Replace object 

names to 
synonyms

Example Goal 
location != 
Query Goal 

Location

Some examples 
of different task

All Examples of 
different task

Examples of 
each of the 

tasks

Unrolling : 
Example task is 

extended in 
query

Subtask : 
Example task 
has query as 

subtask

3.5-turbo 25 1.6 30 12 1.6 14 - -

3.5-instruct 54 47 42 18 5.2 Context Window 
Too Short

Drops from 52% 
to 9%

Drops from 18% 
to 0%

Task success rate %, average across 6 tasks : pick, clean, heat, cool, examine, puttwo. 
See the gradual drop in performance!

Example 1

Example 
from Clean

Example 2

Example 
from Heat

Your task is 
to : Put
apple in the 
cabinet. 

+
Input to LLM

ReAct System and Perturbation to Input Examples

• Requires strong (near syntactic) similarity 
of example instance to the problem seems 
to be necessary for ReACT to use the 
examples!

• Requiring instance-specific examples 

• (Our studies also question ReAct’s claims 
about the effectiveness of “Think tag”)



ReAct Think Tag Claims



What if we finetuned LLMs with 
successful plans in the domain?

95

Finetuning improves the LLM’s generation on a specific distribution. 
It doesn’t however guarantee it.



What if we finetuned LLMs with successful 
plans in the domain?
• What if we further finetuned the next word 

(action) completer with a bunch of correct plans 
in the domain?

• This is basically the supervised finetuning stage LLMs 
currently use to make them better at specific domains 
(e.g. Bloomberg's FinGPT..)

• We prepared a dataset comprising the initial 
state, goal state, and the respective plan for 
1,000 distinct Blocksworld instances.
• By using the default hyperparameters provided 

by OpenAI and an 80-20 train-validation data 
split, we carried out the fine-tuning process.
• Finetuned-GPT3 could only solve around 20% 

(122 out of 600) of the test set.

80%

20%

Instances correct by
Finetuned GPT-3

Incorrect Correct



Solving Blocksworld: GoFAI vs LLaMAI
GOFAI
• Get the domain model
• Get a combinatorial search planner
• Have the planner solve the problem

LLaMAI
• Get the domain model
• Get a combinatorial search planner
• Make a trillion Blocksworld problems
• Make the planner solve them all
• Finetune GPT4 with the problems and solutions

• (Alternately, index the trillion solutions in a vector DB 
for later RAG)

• Have the finetuned/RAG’ed GPT4 guess the 
solution for the given problem
• (Ensure the correctness of the guess with an external 

validator/Simulator working LLM-Modulo)

• If, by luck, it guesses right, write a NeurIPS/ICLR 
paper about the effectiveness of synthetic data



Finetuning with
Derivational Traces
• A new twist to fine tuning is to 

finetune with both solution and the 
“search/derivational trace” that lead 
to that solution

• Supplied of course by the traditional 
(symbolic) solver

• The question is whether this extended 
fine tuning generalizes any better of it 
is still LLaMAI..

• Little reason to believe it generalizes
• The evaluation in these papers(*) tends 

to be quite questionable
• Claims about “may be optimal”
• Claims about extending the solving horizon 

of the base solver

[Lehnert et. al., 2024; Gandhi et. al. 2024]



Can LLMs self-critique?
The idea that critiquing/verification is easier than generation holds for algorithms 
that do systematic search.. But not for LLMs that are essentially doing approximate 
retrieval..
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LLMs’ self-critiquing abilities

• Three reasoning domains
• Game of 24, Graph Coloring, 

Planning 

• LLM+LLM System 
• An LLM that generates 

candidate solutions & an LLM 
that verifies and critiques it

There exist formal notions of correctness for these domains that allow us 
to automatically check both the (binary) verification and the critique 
generated by LLMs.

Such verification is not possible in style-based/qualitative tasks (Eg: 
writing a good essay, good screenplay etc)



LLMs’ self-critiquing abilities

• Standard Prompting
• A single query is sent to the LLM 

and whatever it outputs is 
treated as the final answer

• When this is augmented with 
the self-critique setup, the 
performance decreases!
• As the number of back prompts 

increases, this kind of self-
correction consistently 
degrades output quality.



LLMs’ self-critiquing abilities

• If the LLM were a good verifier, then it 
would recognize instances which are 
already right, and thus--at worst--
maintain the baseline score. 

• The LLM-as-verifier ranges in accuracy 
depending on the domain, but it 
maintains significant false negative 
rates.

• The LLM essentially labels valid solutions 
to be invalid.

• Also, the solution generator LLM isn't 
sensitive to varying levels of feedback.

• In fact, sampling the LLM multiple (k) 
times for an instance, with a sound 
verifier in the loop, provides better 
performance.
•  Connection to Tree of Thoughts.. 



Fine Tuning the Pre-trained 
model to be both a generator 
and verifier
• Start with GPT-2
• [Finetuned generator:] Fine tune GPT-

2 as a generator on a corpus of blocks 
world plans
• [Finetuned Verifier:] Use the same 

corpus to train a verifier (based off of 
GPT-2)
• Do Verifier-augmented generation

• Sort of similar to the back-prompting 
with VAL (except that the verifier here is 
also learned from the same corpus)

114



Why the divide in self-critiquing claims?
• Several other researchers report results that seem to 

indicate that some form of self-critiquing mode seems to 
help solving mode. Why?
• Explicit vs tacit knowledge tasks

• It is harder to establish the (poor) quality of LLM critiques in 
tacit knowledge tasks (like creative writing) 

• In explicit knowledge tasks (like planning, CSP etc) both the 
verification and critique can be evaluated formally.

• Approximate retrieval on corrections data informing 
approximate retrieval on correct data.

• For most common use domains (e.g. mine craft, grade school 
word problems), the training corpora not only contain solution 
(correct) data, but also corrections data (i.e., the types of 
normal errors to be found in incorrect solutions). 
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Looks Like we showed that LLMs 
can’t Plan in autonomous modes..?

122



123



On the other hand, the literature seems rife 
with claims of LLM planning abilities..
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Why this divide?
Answer: Misunderstandings about what planning involves
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What Planning is & What LLMs are good at..

Planning (as used in common parlance) 
involves
• Planning knowledge

• Actions, preconditions and effects
• General Recipes: Task reduction schemata (e.g. 

HTN planning)
• Old examples: Case libraries

• Plan generation/verification techniques
• Interaction analysis/resolution
• Plan merging techniques
• Plan modification techniques

Contrasting what AI Planning & LLMs 
bring to the table
• AI Planning (aka ICAPS planning) assumes that 

the planning knowledge is given up front, and 
focuses generation and verification 
techniques
• Emphasis on guaranteeing 

completeness/correctness of the plans w.r.t. the 
model

• By and large the common paradigm—although there 
have been occasional mutinies

• Model-Lite Planning approaches

• LLMs, trained as they are on everything ever 
put on the web, have a kind of "approximate 
omniscience". This helps them spit out 
actions, recipes, or cases
• But they lack the ability to stitch the recipes 

together to ensure that there is no actually 
interaction free!

130

LLMs accept any planning problem—even if it not
 expressible in PDDL standard—and they don’t give 
any correctness guarantees.

AI Planners will give formal guarantees, but only 
  accept problems expressible in their language. 



Are LLMs better at planning if there are no 
subgoal interactions?

131

• Relaxed assessment of GPT-4 plans
• Delete relaxation – Ignoring the delete conditions of all actions
• Precondition relaxation – Ignoring the preconditions of all actions

• Even in the most lenient assessment mode (Delete+Precondition relaxation) 
there are still plans (~25%) that are not goal reaching.

Relaxations improve
Compositionality via
Retrieval.. 



Then how come LLMs are trumpeted as 
doing planning?
• Most cases where LLMs are 

claimed to generate executable 
plans, on closer examination, turn 
out to be cases where LLMs are 
getting by with the “generate 
approximate recipes” step

• Generate approximate recipes/cases 
(for common sense domains)

• e.g. wedding plans
• Convert tasks into (approximate) task 

reduction schemas
• Perhaps written out as "programs" 

(e.g. Code as Policies..)
• (SHOP2 schemas were already pseudo 

lisp code—if only written by humans)
• LLM-HTN and LLM-CBR differ from HTN and CBR 

in that they generate the task-reduction schemas 
or the cases on demand

• And the interaction 
resolution/search part is

• either pushed under the rug
• Consider "high level" plans like 

"wedding plans" for which there are 
enough generic recipes available in the 
training set, and are described at a 
sufficiently high level of abstraction, and 
the execution issues are left to the user’s 
imagination

• E.g. n-stack blocks world problems with n-
1 blocks in the right configuration already! 

• or has been pawed off to 
human prompters who are required to 
give "hints" to the LLM to come up 
with plan variants that are (more) 
correct

• Note that here the human is 
essentially playing the role of an external 
verifier & critic

• In cases where the humans are end 
users not well versed with all details of 
the domain, they can be faulty verifiers

133There is also the “Confusing acting with planning” issue

Approximate retrieval of Plans
       

Planning



Back-Prompting by Humans
(..and the Clever Hans peril..)

• Humans doing the verification & giving helpful 
prompts to the LLM)

• Okay when the humans know the domain and can 
correct the plan (with some guarantees)

• Okay for "this essay looks good enough" kind of critiquing
• But for planning, with end users not aware of the domain 

physics, the plans that humans are happy with may still not 
be actually executable

• When humans know the correct answer (plan) there 
is also the very significant possibility of Clever Hans 
effect

• Humans unwittingly/unknowingly/non-deliberately giving 
important hints
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ReAct, Inner Monologue, ToT Examples

137

ReAct Inner Monologue

Tree of Thoughts

Most of the ‘planning’ problems that 
these works look at don’t require 

interaction resolution, or they 
depend on explicit external 

help/programming to handle the 
interactions.
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Travel Planning Benchmark

• New benchmark for travel planning 
proposed in  Feb 2024

• Three different types of constraints
• Environment constraints
• Common-sense constraints
• Hard constraints

• GPT-4-Turbo could solve only 0.6% (out of 
1000 queries)

• Not surprising! We show that LLM’s can’t 
even stack blocks correctly, there’s surely 
no hope for travel planning that has lots of 
constraints!!

Xie, J., Zhang, K., Chen, J., Zhu, T., Lou, R., Tian, Y., ... & Su, Y. (2024). TravelPlanner: A Benchmark for Real-World Planning with Language Agents. arXiv preprint arXiv:2402.01622.



Acting vs. Planning: The Agentic LLM Goldrush

• LLMs can obviously be used to invoke external 
actions

• Think “Webservice Orchestration Frameworks” 
which allow you to write your own “agents”
• LLM as the core controller of external components

• Which in turn is controlled by human prompting
• Safety issues include both safety of the outside 

components and safety of the prompt-based control of 
LLMs

• LLMs can’t themselves be expected to ”plan” 
this orchestration!
• The actual orchestration is done with human help 

(“language” programming)
• The “planning” part is basically pipelining the right 

external services – and is done with human help
• One core external service they all use is “external 

memory” to write into and retrieve 
• Because LLMs themselves have no memory beyond their 

context window. 
• Think L2/L3 rather than L5 automation.. 

Weng, Lilian. (Jun 2023). LLM-powered Autonomous Agents". Lil’Log. https://lilianweng.github.io/posts/2023-06-23-agent/.

Allowing LLMs to make their own “plans” to invoke
 external services would be rife with safety concerns!

 (Think having a gun lying around in a home with a toddler..)

The Agentification



Doesn’t Co-Pilot for Code show that LLMs 
can Plan? 
• Co-Pilot has humans in the loop

• The incremental interpreters can direct 
people’s attention to syntax errors

• Github and General Web are quite 
different as training corpora

• People don’t put their non-working 
code on github; general web has 
4Chan!



Talk Overview

• Part 1
• Evaluating LLM Planning capabilities in Autonomous mode, 

including effect of
• Prompting strategies (including Chain-of-thought)
• Fine Tuning
• Self Verification

• Understanding the contradictory claims in the literature
• Part 2

• Sane roles of LLMs in Planning (with LLM-Modulo 
frameworks)

• LLMs as heuristics, LLMs as candidate generators
• Back prompting from external verifiers
• LLMs as sources of domain models (with humans in the loop)
• LLMs as format changers/specification elaborators1

• Part 3
• Some thoughts on why people tend to ascribe 

planning/reasoning abilities to LLMs



Can LLMs help in Planning at all?



LLMs as Idea Generators 
(“Muses”)
• “I get many ideas, and I throw away the bad 

ones” 
• Linus Pauling on how he managed to get TWO Nobels
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LLMs as Approximate Knowledge Sources
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Avenging Polanyi’s Revenge
Everybody was all against knowledge-based systems

But now everyone is effectively doing knowledge-based systems!



Workflow for using LLM’s as Idea 
Generators (for External Sound Planners)
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LLM’s have universal high-recall (they will never shut up!),
         but questionable precision
Automated Planners are guaranteed correct 
         but for planning problems that they can handle



LLMs as heuristics 
to sound planners



Connection to Case based Planning

• Note that there is an interesting 
parallel between this and case based 
planning systems—which retrieve an 
old plan most relevant to the current 
problem and try to modify the plan

• Modification by domain-specific rules 
[e.g. CHEF]

• Modification by domain-independent 
planners [e.g. PRIAR]

• LLM-CBR is different in that the case 
is generated (“stitched”) on demand

• ..and LPG is in charge of correcting it
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LLM-Modulo: a principled framework for Planning 
wherein LLMs can play multiple constructive roles
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Prefer Verifiers to Solvers! 
   [Solver ≈ Verifier + Search]
• Although we just saw a way of 

combining LLMs with external solvers, 
our recommendation is that you 
interface LLMs with Verifiers/Critics

• This is why the LLM-Modulo architecture 
talks about a bank of critics

• You can have constructive critics and 
style critics

• With solvers, you are stuck with their 
expressiveness issues

• Verifiers, on the other hand, can allow 
composability, and validating the plan to 
the extent possible

• Similar to the “Human Blackboard” 
architecture used in NASA mission 
planning.. 



Bare Bones Generate-Test LLM-Modulo with 
External Verifier

At it’s simplest, LLM-Modulo is a loop with
   LLM guessing plan candidates
    that are tested/verified by an external critic

 If the critic agrees, the solution is valid
    If not, the criticism can be sent as a back prompt 
     back to the LLM



Automated Back-Prompting with External 
Verifiers 
• Preliminary experiments show 

that back-prompting does 
improve LLM’s ability to produce 
plans in the Blocks World and 
Logistics

• On the average over ~4 feedback 
rounds 

• The performance in the Mystery 
BW still doesn’t improve-–
showing that the connection to 
commonsense domains/terms is 
critical for LLMs to fake planning
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The fact that Mystery BW doesn’t improve with
  Backprompting is further evidence that LLMs are
    Approximate Retrievers…



LLMs for Extracting Planning Knowledge
Since LLMs are approximate 
knowledge sources, they can also 
be helpful in acquiring domain 
models (with human in the loop)



LLMs for constructing domain/world 
models (Model Co-Pilot)
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LLM’s have universal high-recall (they will never shut up!),
         but questionable precision
Automated Planners are guaranteed correct 
         but for planning problems that they can handle

NeurIPS 2023



LLMs for constructing world models
• We utilize LLMs to extract a symbolic 

representation of the actions in the 
form of PDDL action models

• This intermediate output can be used 
with an external domain-independent 
planner to reliably search for feasible 
plans, or it can be used to validate 
and correct "heuristic" plans 
generated by an LLM planner.

• We also show that LLMs can also serve 
as an interface between PDDL and 
any feedback sources that can 
provide corrective feedback in 
natural language, such as humans and 
the PDDL validator in VAL
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Incrementally construct the 
domain model: our algorithm 
generates PDDL models for each 
action separately, one at a time, by 
iterating over the set of actions.

Step 1. PDDL Construction

Newly defined 
predicates are 

appended to the 
list of extracted 

predicates

Every time a new predicate is defined, the LLM is required to 
give the natural language description of it.



Step 2. Correcting PDDL

Sources of corrective feedback 

● Syntax error: PDDL 
validations like the one in 
VAL

● Factual error: human 
domain experts 

Corrective feedback is integrated 
by replaying and continuing the 
PDDL-construction dialogue. Corrective feedback in natural language:

There are some errors in the PDDL model:
1. There is an invalid object type `stove` for the parameter ?s
2. There is an unnecessary precondition “the food to heat is 
pickup-able”

Please revise the PDDL model (and the list of predicates if 
needed) to fix the above errors (and other potentially similar 
errors).



LLMs for constructing world models
• We tested on three domains

1. Household domain
2. Logistics
3. Tyreworld
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Example from Household domain Example from Logistics domain



LLMs for constructing world models
• We tested on three domains

1. Household domain
2. Logistics
3. Tyreworld
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Example from Household domain Example from Logistics domain



RL Systems can Benefit Significantly with 
partially correct symbolic models! 
[The Kind LLMs are only Too Happy to give!]

[ICML 2022]



Code as (Hierarchical) Policies
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Original LLM Prompt

LLM Response with Unrecognized Function

Code Parser

Prompts again for any missing functions found

Re-prompt

LLM Response

Liang, Jacky, et al. "Code as policies: Language model programs for embodied control." arXiv preprint 
arXiv:2209.07753 (2022). Prompts are from that paper.

Parses new response and recursively
prompts for any missing functions if needed

Extracts task 
reduction 
schema from 
LLM!



LLM-Modulo with a 
Bank of critics

We can accommodate multiple critics
   e.g. one to verify causal correctness
             one to verify resource usage 
              Can be constructive critics

The critics can also be “style critics”
    Is the plan in conformance with usual
      human preferences? 

The meta controller can 
pool criticisms from
 the critics, and also add
  prompt diversification
    before sending the 
     back prompt to the LLM



Types of Critics in LLM-Modulo

• Correctness vs. Style 
• LLMs can’t directly critic correctness

• But can help in obtaining the model 
driving the critics

• LLMs can be directly used for critiquing 
style 

• Critics can be 
• Binary (”try again”), 
• Constructive 

• Point out errors in the candidate
• Suggest local repairs 

• Meta controller combines the 
criticisms from the various critics 
and sends it as a back prompt

• Can also do prompt diversification as 
part of the process



LLMs as  Style Critics & Human Preference Proxies

• We investigate the potential of LLMs to serve as 
effective human proxies by capturing human 
preferences in human-AI collaboration settings.

• LLMs can play different roles in Human-aware AI 
interaction: as a Human Proxy, Translator (common 
lingua franca), and the Actor. 

• Theory of Mind (ToM) requires LLMs to also be 
able to capture human mental states, desires, and 
beliefs for reward design/learning mechanisms.

• Human-aware AI agents can incorporate such 
reward functions to account for human-in-the-
loop’s preferences.

Figure: Different roles of an LLM in Human-AI interaction.

Theory of Mind abilities of Large Language Models in Human-Robot Interaction : An Illusion?
Mudit Verma*, Siddhant Bhambri*, Subbarao Kambhampati.
HRI 2024



LLMs as Human Preference Proxies
Can LLMs capture human preferences?

Probing LLMs with explicability preferences:
• Under explicability preference, the human expects 

the agent to behave in a certain way, and the 
agent proactively attempts to model this 
expectation and follow it.

• Here, the human takes the role of an observer.

Probing LLMs with sub-task specification 
preferences:
• We consider a Human-AI teaming scenario where 

the human plays an active role and can perform 
actions in the world alongside the AI agent.

• Sub-task specification preferences involve the 
agent to produce the same set of sub-tasks that 
the human has in mind to achieve the team 
objective.

Figure: Different roles of an LLM in Human-AI interaction.



LLMs as Behavior Critics to catch undesirable robot behaviors
Can LLMs capture human preferences in embodied AI tasks?

• It may be intractable to construct formal 
verifiers for tasks that have a wide scope.

• LLMs or VLMs can be a proxy of common 
human preferences and undesirability

• We evaluated GPT-4V with videos of 
diverse suboptimal behaviors

• GPT-4V critic catches 69% of undesirable 
behaviors (recall rate) while only 62% of 
the critiques are valid (precision rate)

• Results confirm the broadness of GPT-4V's 
knowledge & the subpar precision of its 
outputs

"Task Success" is not Enough: Investigating the Use of Video-
Language Models as Behavior Critics for Catching 
Undesirable Agent Behaviors
Lin Guan*, Yifan Zhou*, Denis Liu, Yantian Zha, Heni Ben Amor, 
Subbarao Kambhampati.
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• It may be intractable to construct formal 
verifiers for tasks that have a wide scope.

• LLMs or VLMs can be a proxy of common 
human preferences and undesirability

• We evaluated GPT-4V with videos of 
diverse suboptimal behaviors

• GPT-4V critic catches 69% of undesirable 
behaviors (recall rate) while only 62% of 
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Subbarao Kambhampati.



LLMs for Format Change/Specification Elaboration
Given that LLMs are good at format change
  they can be used to 
    Translate problem specification
     Elaborate it (with human in the loop)
       Reformat the plan guess to input to the critic



LLMs for format change

• We have used them in the past 
to translate existing documents 
in natural language to formal 
representations 

GPT3-to-Plan: Extracting Plans from Text
[KEPS-21]
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• We investigated how GPT-3, one of the most recent 
transformer-based language models, can be used to extract 
structured actions from natural language texts. We find that 
these models achieve comparable, and in some cases better 
scores than previous state of the art task-specific methods

• Impact: Existing knowledge in the form of textual procedures 
and plans can be translated into formal representations to aid 
novice Navy personnel understand and carry out complex 
procedures. The translated procedures can also be leveraged 
by other automated systems in-place.

Text to plan using GPT-3
q Workshop on KEPS (ICAPS’21)
q Workshop on Planning for Financial 

Services (ICAPS’21)



Using LLMs to translate Goals specified in 
Natural Language
• Perhaps the least ambitious way to use LLMs in plan generation is to 

just have them convert the goals specified in natural language to 
formal representations (..and then use an actual external planner to 
solve the planning problem..)

• A bit of a Rube Goldberg approach..

• Examples (not by us) include
• Converting goal specifications to PDDL spec  (LLM+P)

• Which basically involves putting in parentheses at the lowest end.. 
• Converting goal specification to STL spec (AutoTamp)
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Generating Synthetic Data 
(Self-Instruct LLM-Modulo Way)

Finally, since the solutions coming 
out of LLM-Modulo frameworks 
are sound, they can be used to 
build a corpus of synthetic data 
that can be used to fine-tune the 
LLM so its guesses improve.. 



LLM-Modulo Framework: Summary
• LLM-Modulo is a generate-test framework with 

LLMs generating candidate plans and critics 
testing/critiquing them

• LLMs play a variety of constructive roles
• Generate candidate plans
• Be an approximate source of models driving 

the correctness critics
• Act as style critics
• Help collating the criticisms from critics (and 

diversify the prompts as needed)
• Help with format change—specification 

level, converting to critic representations
• Preference for critics over solvers

• Correctness vs. Style 
• Binary vs. Critical feedback vs. Constructive 

critics
• Human intervention is minimized

• Once per domain: Teasing out domain 
model 

• Once per problem: Specification elaboration
• Humans are not required to be in the inner 

loop of the back-prompting search
Related work: FunSearch, Alpha Geometry

Also related to the “Compound AI Systems” movement



Is LLM-Modulo just Shoe-Horning LLMs?
(Why bother with LLMs when we already have formal planning systems?)

• Formal planning systems provide 
soundness and completeness guarantees

• ..but only with respect to the class of 
problems they can handle

• ..for which there are hand-coded/learned 
models

• It becomes the end user’s responsibility to 
check if their problem falls in the class 
handled by a planning system!

• In contrast, LLMs will always guess 
solutions-–albeit without guarantees
• LLM-Modulo framework is an attempt to 

keep the best of both worlds
• Allow end user to pose any problem; 

• Ensure that the solution being sent out is 
verified by the bank of critics.. 



Talk Overview

• Part 1
• Evaluating LLM Planning capabilities in Autonomous mode, 

including effect of
• Prompting strategies (including Chain-of-thought)
• Fine Tuning
• Self Verification

• Understanding the contradictory claims in the literature
• Part 2

• Sane roles of LLMs in Planning (with LLM-Modulo 
frameworks)

• LLMs as heuristics, LLMs as candidate generators
• Back prompting from external verifiers
• LLMs as sources of domain models (with humans in the loop)
• LLMs as format changers/specification elaborators1

• Part 3
• Some thoughts on why people tend to ascribe 

planning/reasoning abilities to LLMs



LLM’s Approximate Retrieval upends our 
intuitions re: their guesses

Computational Complexity of the underlying 
task has no bearing on LLM guesses
• The underlying complexity of the problem has 

no impact on the LLM’s ability to guess the 
answer
• They are just as fast in guessing answers to 

undecidable questions as they are in guessing 
answers to constant time questions

• ..and in neither case do they have any guarantees 
about their guess

• Corollary: The usual problem characteristic—
Stochasticity, Partial Observability etc. — that 
make it computationally harder don’t matter 
in LLM’s ability to guess

• After all, they take constant time per token 
• ..and no, asking LLMs to “pause” doesn’t change 

any of this!

Background Knowledge is easier for LLMs 
(approximately..)
• Much has been made in traditional AI of the 

difficulty of getting relevant knowledge.
•  Having been trained on web-scale collective 

knowledge of humanity, LLMs are remarkably 
better at this

• They are pretty good (with no guarantees—
and some brittleness) at
• Commonsense
• Domain knowledge
• Theory of Mind
• Analogies

• (In addition, of course, to linguistic abilities 
such as summarization, elaboration, format 
change etc.)
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Why are LLMs claimed to do 
Reasoning/Planning? 

Approximate omniscience of LLMs 
allows them to fake reasoning by 
retrieval
• Memory reduces the need to reason from 

first principles. 
• “Why are manhole covers round?”

• The training corpus is the entire web, and 
it is hard for anyone to know what it 
already contained

• The web corpus contains both base facts 
and deductive closure facts
• Retrieval of the later can be mistaken for 

reasoning

• Fine tuning and training from synthetic 
data further muddy waters by deliberately 
converting reasoning into approximate 
retrieval
• Think compiling someone’s system 2 to your 

system 1

LLMs may approximate 
reasoning with pattern finding
• Think of trying to predict the 

satisfiability of a random 3-SAT 
instance

• Suppose you train a learner with 
a gazillion random 3-SAT 
instances

• Will it discover Davis-Putnam 
procedure or is it more likely to 
discover the sharp phase 
transition?
• Easier to find latent variables 

corresponding to 
#clauses/#variables, and learn a 
rule to classify instances that way



Planning in the age of LLMs
For far too long, there has been a race to 
bottom on the level of knowledge given to 
planners
• Planning started knowledge-based 

• Remember, Noah was an HTN planner, y’all!
• ..and fell to ground propositional level –because it 

seemed too unseemly to depend on humans for these 
knowledge-based models 

• And focus on doing interaction resolution from first 
principles

• RL was worse—propositional was too high-level a 
knowledge to ask from humans
• They wanted to say they will learn it all

• And not have humans give any knowledge about the 
domain. They just wanted “SIMULATORS”,  

• ..and it took for ever to do anything—even with 
simulators

• RL is way darned too inefficient, y’all

LLMs change that—rather drastically!

• LLM makes it easy to get knowledge without  
making it look like we are inconveniencing any 
specific human
• We are just stealing everything humans told each 

other—is all.

• ..as long as you relax the requirement of the 
knowledge actually being “correct”
• ..then again, do you really believe that huge human-

written models are correct?

• So the million dollar qn is: How would you do 
planning if you have some doddering know-it-all 
ready to give you any kind of knowledge
• “Actions and effects”
• “Task reduction schemas”
• “Cases” 

• Time for LLM-HTN, LLM-CBR etc. paradigms 
• Or even a resurrection of the model-lite planning 

dream.. 
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Epilogue
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LLM’s Can’t Plan; But they can help planning 
in LLM-Modulo Frameworks
LLMs can’t plan in Autonomous Modes 
(and many claims to the contrary are 
questionable)
• LLMs can’t do planning in 

autonomous mode
• CoT, Fine Tuning etc. don’t help 

that much (as they don’t generalize 
enough)
• They can’t improve by self-

verification (since they can’t self-
verify!)
• Having humans iteratively prompt 

is an invitation for Clever Hans 
effect.. 

LLMs can support planning (and expand the 
range of planning tasks) in LLM-Modulo 
Frameworks
• LLMs can be used in conjunction 

with external verifiers and solvers 
in an LLM-Modulo framework 
(with the verifiers doing back 
prompting ) 

• In the LLM-Modulo framework, LLMs 
can play multiple roles

• Guess plans
• Guess domain models
• Help elaborate the problem 

specification
• Translate formats 



LLM-Modulo Frameworks for Planning
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Claims on LLMs Reasoning/Planning Abilities

Over-optimism
• LLMs can reason/plan
• With just the right 

“prompt”
• With letting them verify 

and critique their 
solutions

Our Position
• LLMs can’t reason/plan
• But they are 

approximate knowledge 
sources

• They can play much 
more meaningful roles in 
LLM-Modulo Settings

Over-pessimism
• LLMs can’t reason/plan
• They can be translators 

at best
• Let external symbolic 

solvers handle the 
problem



What Planning is & What LLMs are good at..

Planning (as used in common parlance) 
involves
• Planning knowledge

• Actions, preconditions and effects
• General Recipes: Task reduction schemata (e.g. 

HTN planning)
• Old examples: Case libraries

• Plan generation/verification techniques
• Interaction analysis/resolution
• Plan merging techniques
• Plan modification techniques

Contrasting what AI Planning & LLMs 
bring to the table
• AI Planning (aka ICAPS planning) assumes that 

the planning knowledge is given up front, and 
focuses generation and verification 
techniques
• Emphasis on guaranteeing 

completeness/correctness of the plans w.r.t. the 
model

• By and large the common paradigm—although there 
have been occasional mutinies

• Model-Lite Planning approaches

• LLMs, trained as they are on everything ever 
put on the web, have a kind of "approximate 
omniscience". This helps them spit out 
actions, recipes, or cases
• But they lack the ability to stitch the recipes 

together to ensure that there is no actually 
interaction free!
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LLMs accept any planning problem—even if it not
 expressible in PDDL standard—and they don’t give 
any correctness guarantees.

AI Planners will give formal guarantees, but only 
  accept problems expressible in their language. 



Then how come LLMs are trumpeted as 
doing planning?
• Most cases where LLMs are 

claimed to generate executable 
plans, on closer examination, turn 
out to be cases where LLMs are 
getting by with the generate 
approximate recipes step

• Generate approximate recipes/cases 
(for common sense domains)

• e.g. wedding plans
• Convert tasks into (approximate) task 

reduction schemas
• Perhaps written out as "programs" 

(e.g. Code as Policies..)
• (SHOP2 schemas were already pseudo 

lisp code—if only written by humans)
• LLM-HTN and LLM-CBR differ from HTN and CBR 

in that they generate the task-reduction schemas 
or the cases on demand

• And the interaction 
resolution/search part is

• either pushed under the rug
• Consider "high level" plans like 

"wedding plans" for which there are 
enough generic recipes available in the 
training set, and are described at a 
sufficiently high level of abstraction, the 
execution issues are left to the imagination 
of the user

• or has been pawed off to 
human prompters who are required to 
give "hints" to the LLM to come up 
with plan variants that are (more) 
correct

• Note that here the human is 
essentially playing the role of an external 
verifier & critic

• In cases where the humans are end 
users not well versed with all details of 
the domain, they can be faulty verifiers
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