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Final project!

« Objective: Create a semantic map.

* Automatically build a map that includes occupied and free space
through autonomous navigation (manual control by a human is not
allowed).

* |t is acceptable to use a previously saved map, but the map information
may change. (0i=2| ?(X|7| HE A =7t 5= UL}

* Detect specified objects (&, 2=) and mark-theirlocations—on-the
semanticmap (the list of target objects will be provided in advance).

* Find the objects as quickly as possible. (A|tA|ZF: 10&2)

e Where? At 23FdAELC|Q
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Command using Natural Language

* Isn't it possible to give commands using natural language?
(e.g., Go to the toilet!)

* In traditional navigation methods, you have to input the exact
location of the toilet.

Go to the tollet!




Command using Natural Language

* Isn't it possible to give commands using natural language?
(e.g., Go to the toilet!)

* In traditional navigation methods, you have to input the exact
location of the toilet.

Go to the tollet!

What if we give more
complex commands to
robot?




Command using Natural Language

* Isn't it possible to give more complex commands using
natural language?

- Where is the dirty area?
- How should I clean it up?
- Which cleaning tools
should | use?

Clean the house!
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Command using Natural Language

* Isn't it possible to give more complex commands using
natural language?

- Where is the dirty area?
How should | clean it up?
- Which cleaning tools
should | use?

Clean the house!

LLM can make a plan!

11



Powered by LLM

 LLMs are very powerful tools that can understand natural
anguage. mmm) LM can make a plan!

 LLMs are also very powerful tools that can understand
computer languages (e.g., Python).
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Powered by LLM

 LLMs are very powerful tools that can understand natural
anguage. mmm) LM can make a plan!

 LLMs are also very powerful tools that can understand
computer languages (e.g., Python).

e It can only handle predefined motions

Large <+--- Stack the blocks on the empty bowl. @

Language - pICk and place
Model

- move

l Policy Code

block_n = det bje ( bl k )
bowl_n = de b] t ( s")
for bo 1 b 1

if pty(b wl_n )

ptyb wl = bo l_name
break
objs_to_stack = [empty_bowl] |+ block_names
stack_objects(objs_to_stack)

l def is_empty(name):

def k objects(o b] es):
bJ 1 ( bj_n ) |
for ange ( bJ - 1: ==
bJO bJ es[i + 1] |
bJ1 = b] es[i]
pick_place(ol bJe obj1)

13



Powered by LLM

 LLMs are very powerful tools that can understand natural
anguage. mmm) LM can make a plan!

 LLMs are also very powerful tools that can understand
computer languages (e.g., Python).

— It can only handle predefined motions

User

Large <--- Stack the blocks on the empty bowl .
Language P @ - pICk and place
Model
- Mmove
l Policy Code
block_n = de t t objects("blocks")
bowl_n a d te b] t ("bowls")
for bo 1 ™ bo 1 es:

if pty(b wl_n )

pty bowl = bo l_name
break
objs_to_stack = [empty_bowl]|+ block_names
stack_objects(objs_to_stack)

def is_empty(name):

de f sta k bJ cts(ol bJ es):
_objs = len(obj_n ) P
or i ange ( bJ - 1): s
bJO bJ es[i + 1]

bJ1 = bJ es[i]

pi ce(o bJe obj1)

- What should we do if we need to handle high-
dimensional robot motions?

14



Powered by LLM

 LLMs are very powerful tools that can understand natural
anguage. mmm) LM can make a plan!

 LLMs are also very powerful tools that can understand
computer languages (e.g., Python).

* LLM cannot control the robot (complex robot control)
‘ A method is needed to control robots from LLM-generated commands
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Powered by LLM

 LLMs are very powerful tools that can understand natural
anguage. mmm) LM can make a plan!

 LLMs are also very powerful tools that can understand
computer languages (e.g., Python).

* LLM cannot control the robot (complex robot control)
‘ A method is needed to control robots from LLM-generated commands

 LLM have not interacted with their environment
(LLM does not know about the environment)

‘ LLMs need to understand visual information

16



SayCan, Google

. Do As | Can, Not As | Say: Grounding Language in Robotic
Affordances, Arxiv, 2022 (Robotics at Google)

17



SayCan, Google

. Motivation: LLMs have not interacted with their

| spilled my drink, can you help? | spilled my drink, can you help?
: I __________________________ ~
: : I
GPT3 You could try using I LLM value FunCtIOnS I
a vacuum cleaner. ' ‘find a cleaner” o e ; '
I e sponge” find a sponge” | i
| "0 t0 the trash can’ “go to the trash can” I
I “pick up the sponge” “pick up the sponge” I
I “try using the vacuum” “ry using the vacuum I | .
would:
LaMDA Do you want me to [ | A
find a cleaner? ' p—— | ST SPONgE
: SayCan R damt | 2. pick up the sponge
*find a cleaner” - B I
Ilm Sorry, I dldnlt : “go to the trash can” e N \ | 4 pUt down the Sponge
FLAN mean to spill it. : / B - ! 5.done
iry using the vacuum® l
a0 e e AR L a ae =

Can: A|Z} @EZRE 2X0| ofH
S = FloloF st=%x| 2% (Control) 18



SayCan, Google

. User-provided natural language instruction i
. "l spilled my drink, can you help?”

. A set of skills I1, each skill = € IT performs a short tasks
. e.g., find a particular object, picking up a particular object, ...
. It comes with a short language description [;: e.g., find a sponge

| spilled my drink, can you help? | spilled my drink, can you help?

———————————————————————————

GPT3 You could try using

LLM Value Functions
a vacuum cleaner. m—r

“find a cleaner”
“find a sponge”
" th h i

“find a cleaner”
“find a sponge” MR
"gotothe trash can “go to the trash can” 7
P ’CIf up tiiesponge “pick up the sponge”
“try using the vacuum” “ty using the vacuum”

/ln

I

|

|

|

|

|

Do you want me to I
find a cleaner? :
I

|

|

I

|

LaMDA 1. find a sponge
SayCan 2. pick up the sponge
“fin d'g“;;‘;:;nge,, 3. come to you
Ilm SOI'I’y, I dldn't “go to the trash can” 4 pUt down the Sponge
FLAN “pick up the sponge” 5. done

uuuuuuuuuuuuuuuuuuu

-~

mean to spill it.

___________________________ 19



SayCan, Google

. "Say” Language model provides us with p(l,|i), the
probability that a skill's textual label is a valid next step for
the user’s instruction

“find a sponge” "I spilled my drink,
or can you help?”

“go to the trash can”
How the language model can do this?

General language model: asked "how would a robot bring me an
apple” - respond “a robot could go to a nearby store and

purchase an apple for you”
Logically true! but, it is no actionable to
an embodied agent

20
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“Say” Language model provides us with p(l.|i), the
probability that a skill's textual label is a valid next step for
the user’s instruction

“find a sponge” "I spilled my drink,
or can you help?”

“go to the trash can”
How the language model can do this?
General language model: asked "how would a robot bring me an

apple” - respond “a robot could go to a nearby store and

purchase an apple for you”
Logically true! but, it is no actionable to
an embodied agent

- Must inform LLMs that we specifically want the high-level instruction to
be broken down into sequences of available low-level skills, How? 21



SayCan, Google

“Say” Language model provides us with p(l.|i), the
probability that a skill's textual label is a valid next step for
the user’s instruction

“find a sponge” "I spilled my drink,
or can you help?”

“go to the trash can”
How the language model can do this?
General language model: asked "how would a robot bring me an

apple” - respond “a robot could go to a nearby store and

purchase an apple for you”
Logically true! but, it is no actionable to

an emb( . :
Prompt engineering!
- Must inform LLMs that we specifically wanttne mign-rever msuucuon 10

be broken down into sequences of available low-level skills, How? 29




Robot: Hi there, I'm a robot operating in am office kitchen.
Robot: You can ask me to do various tasks and I’1]1 tell you the sequence of actions I would do teo
accomplish your task.

SayCan, Google [

: 1. pick up the snickers, 2. done.

Human: How would you put the trailmix here?

Robot: 1. put down the trailmixz, 2. done.

Human: How would you put a water bottle and an ocatmeal next to the microwave?

Robot: 1. find a water bottle, 2. pick up the water bottle, 3. go to microwave, 4. put down the water
bottle, 5. find an catmeal, 6. pick up the catmeal, 7. go to the microwave, 8. put down the catmeal,
9. done.

° P ro m pt e n g I n ee rl n g ! Human: How would you put a grapefruit from the table intoc the bowl?

[
o o
o
.

Robot: 1. find a grapefruit, 2. pick up the grapefruit, 3. go to the bowl, 4. put down the grapefruit, 5.
done.

It prOVideS examples in Human: How would you get a sponge from the counter and put it in the sink?

Robot: 1. find a sponge, 2. pick up the sponge, 3. go to the sink, 4. put down the sponge, 5. done.

the CO ntext text Human: How would you move the water bottle from the table to the counter?

Robot: 1. find a water bottle, 2. pick up the water bottle, 3. go to the counter, 4. put down the water

‘prompt”) for LLMs e
p p Human: How would you bring me some snacks?
Robot: 1. find a twix, 2. pick up the twix, 3. bring it to you, 4. put down the twix, 5. find am dried

that SpeCIfy the taSk fruit, 6. pick up the dried fruit, 7. bring it to you, 8. put down the dried fruit, 9. dome.

Human: How would you bring me an orange?

and the response Robot: 1. find an orange, 2. pick up the orange, 3. brimg it to you, 4. put down the orange, 5. done.
Human: How would you deliver a can of coke to me?

Stru Ctu re Which the Robot: 1. find a coke can, 2. pick up the coke can, 3. bring it to you, 4. put down the coke can, 5. done.
Human: I finished my drink, can you throw it away and bring me a mountain dew?
Robot: 1. find a sprite cam, 2. pick up the sprite camn, 3. go to the trash can, 4. put down the sprite can

mOdel WI” emU|ate , 5. find a mountain dew can, 6. pick up the mountain dew cam, 7. bring it to you, 8. put down the

H I__I_ mountain dew can, 9. done.
(E o Ol‘ El') Human: How would you let go of the banana?
Robot: 1. put down the banana, 2. done.
Human: How would you put the grapes in the bowl and then move the cheese to the table?

|t InVO|VeS 1 7 examples Robot: 1. find the grapes, 2. pick up the grapes, 3. go to the bowl, 4. put down the grapes, 5. pick up

the cheese, 6. go to the table, 7. put down the cheese, B. tell you I'm done.

lél' @ A—I %OEI Human: How would you pick up the peanuts?

Robot: 1. pick up the peanuts, 2. done.

: ?
Human: ... WOUId Human: How would you bring me the peanuts?
Robot: 1. [aCtlon], 2. Robot: 1. pick up the peanuts, 2. bring it to you, 3. put down the peanuts, 4. done.
: Human: How would you throw away a coffee cup?
[aCtlon]’ T done \Rnbot: 1. find a coffee cup, 2. pick up the coffee cup, 3. go to trash can, 4. put down the coffee cup, 5.

done.

Human: How would you place a knife and a bamnana to the table?

Robot: 1. find a knife, 2. pick up the knife, 3. go to the table, 4. put down the knife, 5. find a banana,
6. pick up the banana, 7. go to the table, 8. put down the banama, 9. done.



SayCan, Google

. Prompt engineering!

. It provides examples in the context text (“prompt”) for LLMs that specify
the task and the response structure which the model will emulate

(2 Y5t
. It involves 17 examples

- SayCan can be intergrated with recent work improving LLM reasoning
(C h a i n - Of' T h O u g h t) Standard Prompting Chain-of-Thought Prompting

Model Input Model Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

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

v

kdn they have? ) make lunch and bought 6 more, how many apples

do they have?

-

Reasoning in Large Language Models, P ~
NeurlPS 2022) W mmer. X 2015 mate lonch So oy pad 232023, Ty
bought 6 more apples, so they have 3 + 6 = 9. The

Cnswer is9. & j

Few-shot CoT prompting Of|A|

(Chain-of-Thought Prompting Elicits J

24



SayCan, Google

. Prompt engineering!

. It provides examples in the context text (“prompt”) for LLMs that specify
the task and the response structure which the model will emulate
(2SI

. It involves 17 examples

- SayCan can be intergrated with recent work improving LLM reasoning
(Cha i N -Of-Thoug ht) CHAIN-OF-THOUGHT PLANNING ROLLOUT WITH PALM-SAYCAN.

Human: Can you bring a fruit-flavored drink without caffeine?

Explanation: The user has asked for a drink that is fruit-flavored and does not have catfeine, I will bring the
lime soda.

Robot: 1. find a lime soda, 2. pick up the lime soda, 3. bring it to you, 4. put down the lime soda, 5. done

Human: Bring me the spicy chips.
Explanation: The user has asked for chips that are spicy, I will bring the Jalapeno chips.

Robot: 1. find the jalapeno chips, 2. pick up the jalapeno chips, 3. bring it to you, 4. put down the jalapeno
chips, 5.done

Human: The snack is too small, bring me something more filling.
Explanation: The user has asked for a snack that is more filling, I will bring the multigrain chips.

Robot: 1. find the multigrain chips, 2. pick up the multigrain chips, 3. bring it to you, 4. put down the
multigrain chips, 5. done

25



Robot: Hi there, I'm a robot operating in am office kitchen.
Robot: You can ask me to do various tasks and I’1]1 tell you the sequence of actions I would do teo

accomplish your task.
a a n 0 O e Human: How would you hold the snickers?
Robot: 1. pick up the snickers, 2. domne.
Human: How would you put the trailmix here?
Robot: 1. put down the trailmixz, 2. done.
Human: How would you put a water bottle and an ocatmeal next to the microwave?

Robot: 1. find a water bottle, 2. pick up the water bottle, 3. go to microwave, 4. put down the water
bottle, 5. find an catmeal, 6. pick up the catmeal, 7. go to the microwave, 8. put down the catmeal,

9. done.
' ' Human: How would you put a grapefruit from the table intoc the bowl?
hd P rO m pt eng I nee rl ng ! Robot: 1. find a grapefruit, 2. pick up the grapefruit, 3. go to the bowl, 4. put down the grapefruit, 5.
done.
1 1 Human: How would you get a sponge from the counter and put it in the sink?
° It prOVIdeS examples In Robot: 1. find a sponge, 2. pick up the sponge, 3. go to the sink, 4. put down the sponge, 5. done.

Human: How would you move the water bottle from the table to the counter?

the CO ntext text (”prompt”) Robot: 1. find a water bottle, 2. pick up the water bottle, 3. go to the counter, 4. put down the water

bottle, 5. done.

for I_I_MS that SpeC|fy the Human: How wonld you bring me some snacks?

Robot: 1. find a twix, 2. pick up the twix, 3. bring it to you, 4. put down the twix, 5. find am dried

task and the res Onse fruit, 6. pick up the dried fruit, 7. bring it to you, 8. put down the dried fruit, 9. done.
p Human: How would you bring me an orange?
Robot: 1. find an orange, 2. pick up the orange, 3. bring it to you, 4. put down the orange, 5. done.

Structu re WhiCh the mOdel Human: How would you deliver a can of coke to me?

. I:I I__I_ Robot: 1. find a coke can, 2. pick up the coke can, 3. bring it to you, 4. put down the coke camn, 5. done.
WI ” emu |ate (E o O|' El') Human: I finished my drink, camn you throw it away and bring me a mountain dew?
Robot: 1. find a sprite cam, 2. pick up the sprite camn, 3. go to the trash can, 4. put down the sprite can
. , 5. find a mountain dew can, 6. pick up the mountain dew cam, 7. bring it to you, 8. put down the
.- It involves 17 examples e
v Human: How would you let go of the banana?
Robot: 1. put down the banana, 2. done.
Human: How would you put the grapes in the bowl and then move the cheese to the table?
Robot: 1. find the grapes, 2. pick up the grapes, 3. go to the bowl, 4. put down the grape=s, 5. pick up
the cheese, 6. go to the table, 7. put down the cheese, B. tell you I'm done.

| Num Examples | Require Termination | No Termination Required | Human: How would you pick up the peanuts?
0 10% 570, Robot: 1. pick up the peanuts, 2. done.
1 649% 749 Human: How would you bring me the peanuts?

GG o Robot: 1. pick up the peamuts, 2. bring it to you, 3. put down the peanuts, 4. done.
2 68;‘{5 ?Gf Human: How would you throw away a coffee cup?
| 82% 84% Robot: 1. find a coffee cup, 2. pick up the coffee cup, 3. go to trash can, 4. put down the coffee cup, 5.
8 80% 80% done.
Full Prompt (17) 88% 88% Human: How would you place a knife and a banana to the table?

Robot: 1. find a knife, 2. pick up the knife, 3. go to the table, 4. put down the knife, 5. find a banana,
6. pick up the banana, 7. go to the table, 8. put down the banama, 9. done.



SayCan (Google)

. SayCan Detalls: Step 1 mmmmm) Step 2

o | e Find an apple -6
£ | | o Find a coke =30 |/ would: 1. pick
qc’ ! 1. find a coffee cup, 2. pick up the coffee cup, 3. goto | g Find a sponge 30 ¥ the apple, 2.
o) ! counter, 4. put down the coffee cup, 5. done. X Language —
e : i .
& 3 Model P!ck up the apple 4 10— um
S |
= 1. pick up the orange, 2. bring it to you, 3. done. ! e P
B § ' " Pl
. ace the apple -5
S How would you put an apple on the Place the coke -30
SR fable? Place the sponge | -30
7 / 1d- 1 Go to the table -10
= would: 1.
= Go to the counter -20
User-provided natural language _
instruction i A set of skills I
~—
p(Lz|D)

27



SayCan (Google)

. Skill Affordances (i.e., 840| 5§ dZ= 7I55I4| ot &)

with Value Functions:

"OI" o 7 rLI-|I:|-I—0|||
. Ef? a2 §7 _skill2 40| 28 Tof| &&= XY
ordance= f
p | p(cils, )
Instruction Relevance with LLMs l Combine ill Aﬂ7o7';d’mces with Value Functions
/ -6 Find an apple 0.6 \
l.'l =30 Find a coke 0.6 \,
|
— Il‘ 30 Find a sponge 0.6 \
How would you put || e s ||
an apple on the , -4 Ick up the apple 1‘
table? |' 30 Pick up the coke 0.2 Il
| would: 1 | ' \n
S S ‘I' -5 Place the apple 0.1 \
.,’ \
Q ." 30 Place the coke 0.1 ‘n\
’,'l Go to the table 08 N - Vall:le
LLM TR 20 Go to the counter 0.8 —/ unctions

I would: 1. Find an apple, 2.

;
— O LLM < > VF '

p(c;|s, L;): value function
s: state (observation0f| A{)
Ci. ﬁ;’elol Ao-l_g_&llgg
2tz El= LIEL &=

28



SayCan (Google)

Value function p(¢ls, L,):

s: state (observationOf|A{)
c;; 240 Moz 2tEEZ LIEIU &= Bernoulli random variable

1 2277t 43Ao2 ¢
"= Yo A2 g7} Auyst

%, £ MEll 5 (5% A observat E|onE I state)Ofl A, ofmfet skill
I,2, d3HoR 2gs = Q= 2E

29



SayCan (Google)

. Value function : i R
p(c;|s,,;): Temporal- a e & F
l ) *TTJ
Difference (TD) RL= _§§§§_, -»'%-g-%-ﬁ §
A&l A value g A @ o £w 87R
funCtiOn% _6—_!-& S (640, 512, 3) - - - -
16 TPUv3 chips for | p(c; = 1s,ly) Conditional Q-Function
about 100 hours { ol o8 T Qo(s,a,0r)
a Gripper Closure =—» = *
Terminate Episode —>» E . ;21 % Log Loss
Ee Skill Description —3» g-g-g-é_ A
2 arg:,naxQO_(S"a”gw)

Vector To Go =3
Rotation To Go =
S Closure To Go —>

Gri Height —> Conditional Target Q-Function

30



SayCan (Google)

. Value function Observation (states) 3 H [ |
> e R )
p(c;|s,l;): Temporal- 4 A ™
Difference (TD) RLS HERE _y%_i_%_g g
AFEBHA value HHimmad 111 L
funCthn% g!-ﬁ \_ S (640, 512, 3) )
16 TPUv3 chips for . p(c; =1|s|l;) Conditional @-Function
about 100 hours /{ S hoarotin T Qo(s,a,lr)
a Gripper Closure o *
Terminate Episode E " 3 % Vet
Ee Skill Description g-g-g-é_ A
i ot & argTax 5(s'5 8 5 L)
s To 0 Conditional Target Q-Function

\ Gripper Height

Target skill
31



SayCan (Google)

Algorithm 1 SayCan
Given: A high level instruction iz, state sg, and a set of skills IT and their language descriptions f1;

:n=0,7m=0

2: while 7, | # “done” do

3: C=10

4: for e Iland 7, € {7 do

5: pEM = (i, b i lry) > Evaluate scoring of LLM
6: patfordance — (e g 0 ) > Evaluate affordance function
7 combined __ _affordance_ LLM

. p-]r - p;r[: p’fr

] C — C U p;ﬂmmed

9: end for
10: Tp = argmax, . C
11: Execute 7, (s,,) in the environment, updating state s,, 11

12: n=n-+1
13: end while

34



SayCan (Google)

Instruction Relevance with LLMs Combined Skill Affordances with Value Functions
-6 Find an apple 0.6
-30 Find a coke 0.6
-30 Find a sponge 0.6
How would you put _
an apple on the -4 Pick up the apple 0.2
table? -30 Pick up the coke 0.2
| would: 1.
_ -5 Place the apple 0.1
\\’
9 -30 Place the coke 0.1
-10 Go to the table 0.8 F Valtl'_le
uncuons
LLM -20 Go to the counter 0.8

| would: 1. Find an apple, 2.

»O— LLM< > VF
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SayCan (Google)

. Do As | Can, Not As | Say: Grounding Language in Robotic
Affordances, Arxiv, 2022 (Robotics at Google)

36



SayCan (Google)

Human: | spilled
my coke, can you
bring me
something to clean
it up?

Robot: | would e
1. Find a sponge

1.00
go to the table

2. Pick up the R
Sponge find a coke coao:

3. Bring it to you

4. Done -

go to the trash can

005
Language x Affordance find a water bottle

Combined Score
001

pick up the sponge

1.00

put down the sponge

0.11
bring it to you

04
go to the table

0.00

go to the trash can

0.00

bring it to you

1.00

put down the sponge

047
go to the table

0.21
go to the trash can

0.00

done

0.00

done

1.00
go to the table

0.01

find a coke can

0.00

find a sponge

0.00

go to the trash can

0.00
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SayCan (Google)

Human: Bring me the
rice chips from the
drawer.

Robot: | would

1. Go to the drawer
2. Open the drawer
3. Take the rice chips
out of the drawer

4. Close the drawer
5. Pick up the rice chips
6. Bring it to you

7. Put down the rice
chips

8. Done

| Language x Affordance
- Combined Score

open the drawer

1.00

pick up the rice chips

0.00

0.00

close the drawer

0.00

go to the table

0.00

take the rice chips out of the drawer

1.00

pick up the rice chips

004

put the rice chips into the drawer

0.00

put down the rice chips

0.00

pick up the multigrain chips

0.00

close the drawer

1.00

pick up the rice chips

0.00

put down the rice chips

0.00

bring it to you

0.00

go to the close counter

0.00

pick up the rice chips

1.00
bring it to you

0.01
go to the table

0.00

pick up the energy bar

0.00

take the rice chips out of the drawer

0.00

bring it to you

1.00

close the drawer

| |

0.00

put down the rice chips

| i

0.00

go to the table

|

0.00

open the drawer

0.00
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SayCan (Google)

No Value Function Generative LLM Behavior Cloning Natural

(LLMO| 2= sequence Language
I SIPUPE)

Mock Kitchen Kitchen ] No Affordance No LEM

PaLM- PalLM- | PaLM- PalLM- | NoVF | Gen. | BCNL | BC USE

SayCan SayCan| SayCan SayCan X _ _
Family Num | Plan Execute | Plan Execute | Plan Plan | Execute | Execute \ Behavior Cloning

. Universal Sentence

NL Single 15 100% 100% 93% 87% 73% 87% | 0% 60% Encoder
NL Nouns 15 67% 47% 60% 40% 53% 53% | 0% 0%
NL Verbs 15 100% 93% 93% 73% 87 % 93% | 0% 0%
Structured 15 93% 87% 93% 47% 93% 100% | 0% 0%
Embodiment 11 64% 55% 64% 55% 18% 36% | 0% 0%
Crowd Sourced 15 87% 87% 73% 60% 67% 80% | 0% 0%
Long-Horizon 15 73% 47 % 73% 47% 67 % 60% | 0% 0%
Total 101 84% 74% 81% 60% 67% T4% 0% 9%

Table 2: Success rates of instructions by family. PalLM-SayCan achieves a planning success rate of 84% and
execution success rate of 74% in the training environment and 81% planning and 60% execution in a real
kitchen. No VF uses the maximum score skill from the LLM, Generative (Gen.) uses a generative LLM
and then projects to the nearest skill via USE embeddings, BC NL uses the policy with the natural language
instruction, and BC USE uses the policy with the natural language instruction projected to the nearest skill via

USE embeddings.
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