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WHY LLMs for planning?
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Here, since the plan is executed by a human, the output doesn’t have to
satisfy strict syntactic constraints. A useful assistant should also be able to
incorporate vague constraints specified by the user in natural language.

This makes LLMs an attractive option for planning.
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Overview
The Planner(LLMPIlan + SymPlan) Overview

Step 1: User Input Step 2: Initial Planning Step 3: Self-reflection Step 4: User Feedback
O (T oo T (o

"Given. .produce me a "1-1 Meeting should ,Q;K "I need to free up my

l Prompt plan such that..” [Checker ]_> start at 10am” afternoon schedule”
' 1-1 Meeting : 10 to 11am : 1 09:00-10:00 -- 1-1 Meeting ! 1 10:00-11:00 -- 1-1 Meeting 1 10:00-11:00 -- 1-1 Meeting |

' Lunch : <1 hr : ' 12:00-13:00 -- Lunch ; ' 12:00-13:80 -- Lunch | ' 12:00-13:80 -- Lunch

. Coffee break: after lunch | ' 13:00-13:15 -- Coffee break ! ' 13:00-13:15 -- Coffee break ! ' 13:00-13:15 -- Coffee break
. Read a book : >30 minutes | ' 14:30-15:30 -- Read a book | ' 14:30-15:30 -- Read a book | | 20:00-21:00 -- Yoga

' Yoga : after 8pm 1 | 20:00-21:00 -- Yoga . 120:00-21:00 -- Yoga | 1 22:00-23:30 -- Read a book

Figure 1: The LLMPIlan planner takes as input the events to be scheduled with their associated constraints. After
extracting the plan from the LLM’s response, the system self-reflects by checking for constraint violations and
prompting the LLM to fix them. A user may interact with LLMPIlan in several iterations to refine their plan. In
doing so, LLMPIlan is able to incorporate constraints that may be vague. We show that the accuracy of LLMPlan is
on par with a symbolic planner (SymPlan) which is unable to incorporate vague constraints.



Day Planning

Defining the Day Planning Problem
e The Planner?| S& &= H|2X71(constraints)2 112{5t11 ™7t S=(conflicts)= I
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* Pre-scheduled: events already scheduled for the day on one’s calendar
(e.g., Y5 O[E, &%)

 Habits: things that the user performs daily(e.g., 2Al, &)

« ToDos: tasks that the user wants to accomplish for the day(e.qg., SA{, HzH)



Day Planning

Defining the Day Planning Problem

* [ypes of constraints

 Absolute temporal: ZhA

Ol A|ZH/Z=Z A|Zt Table 1: Types of constraints on events for day planning.
e Duration: O|HIE Q| X|£A|7t Constraint type Examples
Absolute temporal  starts at 9am, ends at 15:00,
» Relative temporal: O|HIE before 5:00pm, after 2:00pm
Zlo| M=} 71‘ Duration <90 minutes, >1 hour
L—— LT L—

Relative temporal after lunch



The Planner
LLM-based planner(LLMPIlan) & Symbolic planner(SymPlan)

 LLMPIan « SymPlan
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The Planner

LLM-based planner(LLMPIlan) & Symbolic planner(SymPlan)
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Figure 2: An example simple temporal network (STN) with
start and end nodes for two events (Lunch and Jog) and the
datum (¢ = 0). The edges represent temporal constraints,
e.g., (a) the edges between Lunchs and Lunchg represent
that its duration must be between 30 to 60 minutes, (b) Jog
must start before 960 minutes from the datum 1.e. before 4pm,
and (c¢) Joggr must happen before Lunchgs.

H=Xtg 23

SymPlan2 O|HIE it EQ} 2} e € EOf| CH
ot Mok =74 &gt LO| XS [, 2} OftHl
EQ| A%} &l Z=& AlZf (start_e & end_e)
= ALt

STNS AFZ3IH 2t mEo| NS A8lst
ols Z|Et A2 LMRIFS Aest0] Aet 2
sl8t AlZHS 212 4 QU2



https://www.cs.vassar.edu/~hunsberg/__papers__/tempNets2.pdf

Hybrid Planners

LLMPIlan + self-reflection & SymPlan+

LLMPIlan + self-reflection « SymPlan+
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Experiments

Datasets

Table 2: Statistics of the two datasets. Note that the synthetic
dataset has ~2x the number of events and constraints per

user (the numbers in parentheses) compared to the real-user
dataset.

#users #events #constraints

Synthetic 100 1,035 (10.35) 2,128 (21.28)
Real-user 40 223 (5.575) 384 (9.6)

Table 3: Example events and constraints from our datasets.
Note that the real-user dataset may contain events that do not
belong to the 3 pre-defined categories.

Event Example Example Constraints

ToDo Plan a vacation >1 hour, <2 hours
Habit grocery shopping after meeting, before 17
Pre-scheduled Project Update  starts at 10, ends at 11
Real-user Play Xbox after dinner



Experiments

Evaluation Metrics - 2/ 0IEQi2

e Correctness metrics

« Event Coverage(CO): 0{Z! O|HIET} A
<lof| BFHE %

« Non-Overlap(NO): CIZ O|HIER} ZAX|X|
Cr= O[HIEC| 9%

* Duration Constraints(DC), Order
Constraints(OC), Start/End
Constraints(SEC)E 2t&Est= %

e« Commonsense Violations
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e Commonsense constraints on event
duration & start/end time



Results

Results for the synthetic dataset

Table 4: Plan quality metrics for our synthetic dataset.

Correctness (1)

Commonsense ({.)

Methods CO NO DC OC SEC AVG | duration start end AVG

GPT-3 (curie) 23.91 100.00 40.00 84.72 14.29 5258 | 28.00 2945  28.73

GPT-3 (davinci) 81.16 99.17 66.86 82.79 33.33 72.66| 16.50 24.06  20.28
GPT-3.5 (SFT, text-davinci-002) | 88.54 99.80 93.00 96.59 69.75 89.54 | 13.22 17.76  15.49
GPT-3.5 (RL, text-davinci-003) | 98.95 98.25 92.77 96.76 73.00 9194 | 17.82 16.46 17.14
GPT-3.5 + self-reflect 9983 97.80 98.29 98.38 79.19 9470 | 16.81 18.06 17.43
ChatGPT 88.35 98.68 95.05 94.60 8298 9193 | 11.19 15.06 13.12

ChatGPT + self-reflect 0429 9748 9921 97.38 97.88 97.25| 10.35 15.73 13.04
GPT-4 88.96 98.68 94.81 9494 85.03 9248 | 10.52 15.71 13.11

GPT-4 + self-reflect 903.16 97.38 9947 97.08 98.38 97.09| 10.21 15.38 12.80
SymPlan 99.72 100.00 95.90 99.68 100.00 99.06 | 24.36 3442  29.39
SymPlan+ 100.00 98.22 98.56 97.66 99.51 98.79 | 25.88 12.33 19.11




Results

Results for the real users’ dataset

Table 5: Plan quality metrics for our dataset on real users.

Correctness (1)

Commonsense ({.)

Methods CO NO DC OC SEC AVG | duration start end AVG

GPT-3 (curie) 21.58 100.00 78.57 67.92 33.33 60.28| 5.67 5745 31.56

GPT-3 (davinci) 78.31 9403 61.54 68.25 4255 6894 | 9.09 31.25  20.17
GPT-3.5 (SFT, text-davinci-002) | 88.99 98.96 96.36 90.85 78.43 90.72 | 11.71 24.32  18.02
GPT-3.5 (RL, text-davinci-003) | 97.10 99.58 93.55 9355 7407 91.57| 15.25 24.58  19.92
GPT-3.5 + self-reflect 908.45 99.17 97.87 95.17 84.62 9506 | 14.55 24.55  19.55
ChatGPT 82.86 98.20 94.64 96.83 95.12 93.53 9.71 17.48 13.59

ChatGPT + self-reflect 88.88 96.22 97.67 97.67 93.75 9484 | 11.70 17.02 14.36
GPT-4 82.65 9743 9444 9758 95.12 9344 | 8.82 17.65 13.24

GPT-4 + self-reflect 89.19 98.04 97.67 9840 94.12 9549 | 10.42 17.71 14.06
SymPlan 08.92 9890 9524 97.26 100.00 98.06 | 13.33 35.83 24.58
SymPlan—+ 99.27 100.00 93.65 97.18 96.23 97.27 | 15.70 15.70 15.70




Results

Error Analysis

SymPlan: LLMPlan with GPT-4 LLMPlan with GPT-4+Self-Reflection:

©07:00 - 07:30 -- run 06:00 - 907:00 -- run 06:00 - 907:00 -- run

07:30 - 08:00 -- breakfast 07:00 - 08:00 -- breakfast 07:00 - 08:00 -- breakfast

08:00 - 08:30 -- work 08:00 - 12:00 -- work 08:00 - 09:00 -- review and update your

08:30 - 09:00 -- lunch 12:00 - 13:00 -- Project Update resume

09:00 - 10:00 -- Conflict Resolution 13:00 - 14:00 -- lunch 09:00 - 10:00 -- Conflict Resolution
Meeting 14:00 - 14:15 -- meditation Meeting

10:00 - 10:30 -- meditation 14:15 - 15:15 -- Review and update 10:00 - 12:00 -- work

10:30 - 11:00 -- dinner your resume 12:00 - 13:00 -- Project Update

11:00 - 12:00 -- Attend a networking 15:15 - 17:15 -- Attend a networking 13:00 - 14:00 -- lunch
event event 17:30 - 17:45 -- meditation

12:00 - 13:00 -- Project Update 17:15 - 19:15 -- free time 18:00 - 19:30 -- dinner

13:00 - 13:30 -- Review and update 19:15 - 20:30 -- dinner 19:30 - 21:30 -- Attend a networking
your resume event

Figure 3: Output of 3 planners for the persona in Figure 4. While SymPlan satisfies all the input constraints, it violates the
time/duration commonsense for work and meals (in red). LLM (GPT-4) generates a natural and mostly correct plan with 1 input
event missing. Self-reflection correctly adds back the missing event (in ). Note that LLM may generate novel events not
from the 1input such as “free time” (in ).



Results

User Feedback - Initial plan M|A|, Iterative refinements

Table 6: Breakdown of all 113 user requirements into 3 categories: well-defined, open-ended, and complex.

Category  Count Examples

Well-defined 59 "add a phone call at 10:00", "shorten my lunch to 30 minutes", "End the last event before 20:00"

Open-ended 40 "schedule meal breaks", "there will be a rain around 10am, what should 1 prepare?”
Complex 14 "I need to break up the demos into two meetings", "I want at least 5 minutes between events”




Results

User Feedback - Initial plan M|A|, Iterative refinements

Table 6: Breakdown of all 113 user requirements into 3 categories: well-defined, open-ended, and complex.

Category  Count Examples

Well-defined 59 "add a phone call at 10:00", "shorten my lunch to 30 minutes", "End the last event before 20:00"
Open-ended 40 "schedule meal breaks", "there will be a rain around 10am, what should 1 prepare?”
Complex 14 "I need to break up the demos into two meetings", "I want at least 5 minutes between events”

Table 8: The numbers of requirements per category and their
corresponding user feedback are shown. LLMPIlan performs
well on the open-ended requirements, while the complex ones

Table 7: Overview of user feedback. are the difficult for both planners.
LLMPIlan SymPIan—I— Both LLMPlan SymPlan+ Overall
Feedback  Pos. Neg. Pos.  Neg. | Pos. Neg. Category  Pos. Neg. Pos. Neg. Pos. Neg.
T — Well-defined 36 23 24 35 60 58
Count i 13 17 25 19 Open-ended 29 11 18 22 47 33
% I 29.5% | 40.5% 59.5% | 55% 45%

Complex 7 7 S 9 12 16




Conclusion

+ Future work

» LLM-based day planning2 X0 HF I} CrS Cietol| Agfet 7|=0[2f Tkt

e HAIA H20| U= ALR0[= Symbolic planning0fl Z4Z2t510{, 20 LLM2 S2H&
M2f= common sense= &E2510] F=2 = UAS= &S

o M AIEAL 2R0IME RXE SEe M0| ZAERULH, LLMO| 0|2 20X = X
°© O

2k Chain-of-thought2l AFEXAT M2lMS e g2t 5)2 12{st= WS A5101 7
sl 29| Hetgd 2t O A Z = US A2 = 7[th(Long-term memory)



contact me

oooooooooooooooo



mailto:jeongwoo@snu.ac.kr

