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Le ctu re  Pla n

1 What is Embodied AI?

2 Evaluation : s im  a nd  re a l

3 Understanding the  world

4 Planning

5 Acting : m a nip ula t ion & na vig a t ion
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Such agents should be able to:

→Perceive — se e , liste n using  va rious se nsors 

→Talk — na tura l d ia log  

→Reason — long -te rm  conse q ue nce s o f a ct ions

→Act — na vig a te  a nd  inte ra ct

Cre a te  inte llig e nt  a g e nts (i.e . rob o ts) with p hysica l embodiment tha t  
ca n so lve  cha lle ng ing  ta sks
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fetch robot
with sp ring

robot dog
UniTre e

robot dog with 
hybrid locomotion

UniTre e  B2-W



I n t ro d u ct io n : General -p urp ose  Rob ots
Lecture #4

Action Modality
6

Humanoid robots (knees …)

UniTree G1 Atlas 
Boston Dynamics

● Em b od im e nt is not 
limited to  tha t  list  
(d rone s, a utonom ic 
ve hicle s…) 
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Humanoid robots

● Em b od im e nt is not 
limited to  tha t  list  
(d rone s, a utonom ic 
ve hicle s…) 

Wha t  could  b e  automated by a robot ?

The rm ona tor, Flame -Throwing Rob ot  Dog

9,420 $

https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
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Each embodiment is characterized by how we can control it

robot with gripper
7 De g re e s o f Fre e d om

autonomic vehicle
ste e ring  a nd  a cce le ra t ion



Eva lu a t io n

Sim Vs Real. Simulators. 
Re a l-world  e va lua t ion

2



Eva lu a t io n : CV/NLP Benchmarks
Lecture #4

Action Modality
7

A lot of CV/NLP benchmarks a re  a va ila b le  for va rious ta sks:

→ usua lly ve ry fast evaluation
→ reproducible
→ cheap

Yue  e t  a l. MMMU: A Ma ssive  Mult i-d iscip line  Mult im od a l Und e rsta nd ing  a nd  Re a soning  Be nchm a rk for Exp e rt  AGI . CVPR 2024

→ ha ve  big domain shift in re la t ion to  rob ot ics d a ta
→ m a y b e  only a  proxy metric/guidance for choosing  

b a se line  m od e ls
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Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. arXiv:2406.11069 
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Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurIPS 2021. 

1 Scan -based Simulators — sta t ic 3D re const ruct ions
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Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurIPS 2021. 

1 Scan -based Simulators — sta t ic 3D re const ruct ions

RGB + De p th

3D p o int  cloud
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Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurIPS 2021. 

1 Scan -based Simulators — sta t ic 3D re const ruct ions

I m p ort  this p o int  cloud  into  a  
graphics engine – d ra ws you 
the  sce ne  from  a ny ne w ca m e ra  
vie wp oint
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Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurIPS 2021. 

2 CAD-based Simulators — ha nd -cra fte d  3D m od e ls (CAD = Com p ute r-Aid e d  De sig n)

● 3D designers a re  ne e d e d

● te xture s /  se t  lig ht ing  ta ke s 
human labor

● com p ute r g ra p hics a re  m ore  
complex

● GAP in  p hysics



Scan -based env:
→ re la t ive ly fa st  to  co lle ct
→ re a list ic  look
→ ve ry fa st  to  re nd e r
→ lim ite d : froze n p o int  cloud s

CAD-based e nv:
→ ha rd  to  p re p a re
→ re a list ic  look re q uire s a  lo t  o f e ffo rt
→ m a y b e  cha lle ng ing  to  re nd e r
→ a ll ta sks a re  sup p orte d

Eva lu a t io n : Sim ula to rs
Lecture #4

Action Modality
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1 2



Sim u la to r s : World Model
Lecture #4

Action Modality
12

Bruce et al. Genie: Generative Interactive Environments. arXiv:2402.15391

World model is  a  sp e cia l 
ca se  o f sim ula to rs. I nste a d  o f 
p a insta king ly m od e ling  e ve ry 
ob je ct  a nd  lig ht  ra y, the  world  
m od e l learns directly from 
data 

Action??? 
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● Speed – re a l-t im e  3D 
re nd e ring  p lus 
p hysics is  slow

● Flexibility – d on’t  
ne e d  CAD file s o f 
e ve ry ob je ct  in  e ve ry 
room

● Data -driven – world  
m od e ls a d a p t  to  
wha te ve r d om a in you 
t ra in the m  on

world  m od e l le a rns d ire ct ly from  d a ta
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Bruce et al. Genie: Generative Interactive Environments. arXiv:2402.15391

Limited application –
you a lre a d y ha ve  
m a ssive  re cord e d  
inte ra ct ions (g a m e p la y 
vid e o , d riving  log s, la b  
t ria ls)
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Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117

→ the  only e va lua t ion tha t  
re a lly m a t te rs

→ ve ry slow (initialization
of the  sce ne )

→ ve ry e xp e nsive  a nd  
te chnica lly com p le x

→ sca le s b a d ly (if different
kitchen ?)
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Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117

http://drive.google.com/file/d/1wRIoGneM91pkkPCDQsjbVIA3QcgdosGz/view
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Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117

http://drive.google.com/file/d/1jMSxU0Gz38-TdE-eAfuefuEuxcne-z7r/view
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Static
benchmarks

Arena End - to -end 
sim

End - to -end 
real

Re le va nce Low Me d ium Me d ium Hig h

Sa fe ty Hig h Hig h Hig h Low

Sp e e d Hig h Me d ium Me d ium Low

Che a p ne ss Hig h Me d ium Me d ium Low

Re p rod ucib ility Hig h Hig h Me d ium Low

Cheap b e nchm a rks, b ut  re m ote  p roxy m e trics; relevant b e nchm a rks, b ut  
com p le x a nd  t im e  consum ing



Un d e r s t a n d in g

Understanding the World. 
Em b od ie d  Que st ion 
Answe ring   

3
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Kolodiazhnyi et al.  OneFormer3D: One Transformer for Unified Point Cloud Segmentation. CVPR 
2024
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Majumdar et al. OpenEQA: Embodied Question Answering in the Era of Foundation Models. CVPR 2024. 

Evaluation of answers is done with GPT -4 or via human evaluation

→ pre -recorded vid e o  st re a m
→ fu lly inte ra ct ive  m od e : a g e nt  ca n freely explore e nvironm e nt



Pla n n in g

Open -world  p la nning . 
Divid ing  inst ruct ion in sm a ll 
sub sta cks 

4
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Zhang et al. MFE -ETP: A Comprehensive Evaluation Benchmark for Multi -modal Foundation Models on Embodied Task Planning. arXiv:24 07.05047

Planning is 
decomposing
hig h-le ve l ta sk into  
sequence of sub -
tasks
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Wang et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open -World Multi -Task Ag ents. NeurIPS 2023
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Wang et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open -World Multi -Task Ag ents. NeurIPS 2023

● we  can’t benchmark
p la nning  on fixe d  g round  
t ru th se q ue nce s

● running  in sim ula to r a nd  
m e a suring  success rate (SR) 
is the only option

● the  p la nning  m od ule  ha s to  
b e  a d a p ta b le  a nd  b e  a b le  to  
modify the plan
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Odyssey — ne w fra m e work tha t  e m p owe rs Large Language Model (LLM) -based agents
with op e n-world  skills  to  e xp lo re  the  va st  Mine cra ft  world
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Odyssey — ne w fra m e work tha t  e m p owe rs Large Language Model (LLM) -based 
agents with op e n-world  skills  to  e xp lore  the  va st  Mine cra ft  world
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To improve agent performance in Minecraft, we fine -tune the LLaMA -3 model using  a  la rg e -sca le  
Q&A d a ta se t  with 390k+ instruction entries source d  from  the  Minecraft Wiki

Cra ft in g :
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To improve agent performance in Minecraft, we fine -tune the LLaMA -3 model using  a  la rg e -sca le  
Q&A d a ta se t  with 390k+ instruction entries source d  from  the  Minecraft Wiki

Pa ss ive  m o b s : Ho s t ile  m o b s :
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Efficient retrieval of skills is  p rovid e d  b y g e ne ra t ing  a  d e scrip t ion fo r e a ch 
skill b y ca lling  the  LLM – Sentence Transformer to  e ncod e  e a ch skill

if (!mob) {
bot.chat("Could not find a mob.");
return false;

}
// kill the mob using the sword
await equipBestTool(bot, tool);
await killMob(bot, mob.name, 300);
// collect the dropped items
await bot.pathfinder.goto(new GoalBlock(mob.position.x, 
mob.position.y, mob.position.z));
bot.chat("Collected dropped items.");

colle ctI te m .js LLM-b a se d  a g e nt  e m p loys a  planner -
actor -critic a rchite cture  to  d e fine  
which a ct ions to  d o

● 40 primitive skills  

● 183 compositional skills
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LLM Planner — b re a ks d own hig h-le ve l g oa ls into  sp e cific low-le ve l sub g oa ls1

[Position ]: x=2134.5, y=69.0, z=769.5 
[Time ] day
[Nearby bocks ] dirt, grass, 
oak_log
[Nearby entities ] horse, pig 

a)  Ultimate goal =  I want to breed cow and collect items from it. 

b)  State of the agent c)  Achievements
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LLM Actor — invoke d  to  se q ue nt ia lly e xe cute  the  
sub g oa ls g e ne ra te d  b y the  LLM p la nne r within the  
Mine cra ft  e nvironm e nt

2

a) Query context

b) Similarity matching

c) Skill Selection



Od ysse y : Interactive Agent
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LLM Critic — not ing  succe ssful outcom e s a nd  
fa ilure  p o ints, refine strategy

3

a) Execution Feedback

b) Self -validation

c) Self -reflection
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● Use  GPT-3.5 and 
GPT-4 for init ia l data
g e ne ra t ion

● All e xp e rim e nts a re  
cond ucte d  with the  
op e n-source  LLaMA -
3 model

● Sim ula t ion 
e nvironm e nt  is  b uilt  
on top  of Voyager

Shear a Sheep
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Mining diamonds from scratch 
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● Use  GPT-3.5 and 
GPT-4 for init ia l data
g e ne ra t ion

● All e xp e rim e nts a re  
cond ucte d  with the  
op e n-source  LLaMA -
3 model

● Sim ula t ion 
e nvironm e nt  is  b uilt  
on top  of Voyager

Craft sword and Combat a zombie
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Dynamic error 
recovery: DEPS 
d oe sn’t  re ly on a  
rig id  skill lib ra ry; it  
int rosp e cts a nd  
corre cts m ista ke s in  
re a l t im e
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Examples of planning by the agent



Act in g : Ma n ip u la t io n

Manipulation task. 
Colle ct ing  re a l d a ta . 
Po licie s

5 .1
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Now given language instruction a nd observations from  se nsors, outp ut action / 
sequence of actions . Mod e rn no ta b le  a p p roa che s a re  b a se d  on:

→ hyb rid  m od e ls

→ d iffusion m od e ls

→ t ra nsform e rs

→ VLLMs
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Now given language instruction a nd observations from  se nsors, outp ut action / 
sequence of actions . Mod e rn no ta b le  a p p roa che s a re  b a se d  on:

→ hyb rid  m od e ls

→ d iffusion m od e ls

→ t ra nsform e rs

→ VLLMs

vie w from  thre e  ca m e ra s
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How the rest of the joints move is the inverse kinematics tha t  g ive s out  the se  jo ints
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ImageNet = 1000 cla sse s a nd  p icture s; in  Robotics = if 1000 tasks , 1 t ra je cto ry is 250
samples (250 p icture s is  1 sa m p le  = p icture s + coord ina te s)

Op e n X-Em b od im e nt  Colla b ora t ion. Op e n X-Em b od im e nt : Rob ot ic Le a rning  Da ta se ts a nd  RT-X Mod e ls. a rXiv:2310 .08864
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Breakdown by tasks — skills (ta ke , m ove ) a nd  tasks (wha t  to  m ove )

Op e n X-Em b od im e nt  Colla b ora t ion. Op e n X-Em b od im e nt : Rob ot ic Le a rning  Da ta se ts a nd  RT-X Mod e ls. a rXiv:2310 .08864
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Open X -Embodiment Collaboration. Open X -Embodiment: Robotic Learning Datasets and RT -X Models. arXiv:2310.08864

dual -arm robot, Stanford
Aloha

p a rt  o f the  Brid g e  Da ta se t
WidowX BridgeV2

Funct iona l m a nip ula t ion 
b e nchm a rk
Berkley Peg insertion

Exa m p le s o f co lle cte d  t ra je cto rie s (22 e m b od im e nts)
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Aldaco et al. ALOHA 2: An Enhanced Low -Cost Hardware for Bimanual Teleoperation

Gathering trajectories 
with ALOHA – ca n b e  
d ifficult  ta sk d ue  to  
mirroring

http://drive.google.com/file/d/1NbyseNDLQY6djbUOM-7lvbJltyb-qfFA/view
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Aldaco et al. ALOHA 2: An Enhanced Low -Cost Hardware for Bimanual Teleoperation

● Da ta  co lle ct ion room , 
Goog le

● Buy a  b unch o f ALOHAs 
(3D p rinte r)

● Put  a  b unch o f p e op le  to  
co lle ct  d a ta  

● Poorly sca la b le  p roce ss 

● I nsta lla t ion ne xt  to  the  
d ining  room  :)
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Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117

Instead of the robot acting on 
its own, a person —sometimes 
sitting at a console , 
som e t im e s we a ring  a  VR 
headset or data -glove

● EgoView (two-fing e rs 
m ove )

● Se p a ra te  navigation
a nd  manipulation

http://drive.google.com/file/d/1tY8LzAATp4ALpz7KUNkS8C1-X9dUrVUq/view
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Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353

3D-printed, trigger -activated 
parallel - jaw gripper (the  “UMI  
g rip p e r”) in  your ha nd , with a  GoPro  
(o r sim ila r) m ounte d  on

Do no t  ne e d  a ctua l rob o t !

http://drive.google.com/file/d/1Y8vMPCpTTqtCIS0e_YdTf3Mj4kn1ki-f/view
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Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353

http://drive.google.com/file/d/1m62m-xyK-l_3BBh0tUlZkB7H8unTkf_f/view
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Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353

A bunch of dogs are learning 
how to stabilize their hand using 
reward in a simulation

http://drive.google.com/file/d/1PQaI_MP3ar2_OsTd3IQKzKsFTk_9JoKY/view
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Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353

http://drive.google.com/file/d/1p-iLuZgACTkwXBt-o2yezTWt4PY1f7fQ/view
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Brohan et al. RT -1: Robotics Transformer for Real -World Control at Scale. arXiv:2212.06817

Training data: 

● 130k e p isod e s

● 700 ta sks

● co lle cte d  with 13 rob o ts ove r 
17 m onths

I nfe re nce  t im e  is 100m s, ove ra ll 
syste m  works a t  3 Hz

rob o t  cla ssroom  whe re  d a ta  wa s co lle cte d
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Feature map
9 x 9 x 512

FiLM EfficientNet -B3
Fuse s la ng ua g e  inst ruct ion with 
im a g e  e m b e d d ing s
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Diffu s io n -b a se d  Po licy
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Transformers → with diffusion ca n m od e l va rious 
com p le x d ist rib ut ions (sa m e  a ct ion d iffe re nt ly)

Diffusion conditions on the  
te xtua l p rom p t

Ze  e t  a l. 3D Diffusion Policy: Ge ne ra liza b le  Visuom otor Policy Le a rning  via  Sim p le  3D Re p re se nta t ions. RSS 2024



Tra n sfo rm e r -b a se d : Octo
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Dibya Ghosh et al. Octo: An Op e n-Source  Ge ne ra list  Rob ot  Policy. RSS, Oct 2024 . [link]

● Pre t ra ine d  on 128 TPUv4
(≈ 200 A100) fo r 14  hours,
much longer than on 
ImageNet

● Ma y b e  fine tune d
on 3090 in 4  hours

● Be st  sta rt ing  p o int  fo r 
t ra ining  own m a nip ula t ion 
p o licie s

https://octo-models.github.io/
https://octo-models.github.io/
https://octo-models.github.io/


Core model is transformer architecture tha t  m a p s a rb it ra ry inp ut  toke ns (cre a te d  
from  ob se rva t ions a nd  ta sks) to  outp ut  toke ns (the n d e cod e d  into  a ct ions)

Ma ke  coffe e …

Tra n sfo rm e r -b a se d : Octo
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Make coffee …

Tra n sfo rm e r -b a se d : Octo
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Core model is transformer architecture tha t  m a p s a rb it ra ry inp ut  toke ns (cre a te d  
from  ob se rva t ions a nd  ta sks) to  outp ut  toke ns (the n d e cod e d  into  a ct ions)



Obtain tokens through modality -specific tokenizers (a ctua lly “e m b e d d ing s”, no t  
“toke ns”) a nd  a rra ng e  a ll the m  se q ue nt ia lly

sha llow CNN, 
flattened 
patches

t5 -base [111M]

passed through a 
pretrained 
transformer that 
produces a sequence 
of language 
embedding tokens

Tra n sfo rm e r -b a se d : Octo
Lecture #4
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lightweight “action head” tha t  
im p le m e nts the  diffusion 
process is  a p p lie d  to  the  
e m b e d d ing s for the  re a d out  
toke ns 

observation tokens ca n only a t te nd  ca usa lly 
to  toke ns from the same or earlier time 
steps a s we ll a s ta sk toke ns readout tokens is  a  

com p a ct  ve ctor 
e m b e d d ing  of the  
ob se rva t ion 

Tr a n sfo rm e r -b a se d : Octo
Lecture #4
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Only adding new 
e ncod e rs o r p a ra m e te rs 
in  ne w he a d  →
generalist model

Whe n a d d ing  ne w ta sk, ob se rva t ions, loss funct ions, we  ca n fully 
retain the pretrained weights of the  t ra nsform e r

Tra n sfo rm e r -b a se d : Octo
Lecture #4

Action Modality
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25 datasets

several robot embodiments , scenes 

sensors and labels 

remove repetitive datasets 

remove low image resolution

diverse dataset

Octo was trained on 800k trajectories from the Open X -Embodiment 
dataset (from 1.5M robot episodes) 

Tra n sfo rm e r -b a se d : Octo
Lecture #4
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VLLMs Po lic ie s : RT-2
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Brohan et al. RT -2: Vision -Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

● Reusing knowledge
from  LLM: e a sie r 
g e ne ra liza b ility

● Ma nip ula t ing  ob je cts 
tha t  it  has not seen

● Act ion q ue st ions + 
VQA for a vo id ing  
catastrophic 
forgetting 
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Brohan et al. RT -2: Vision -Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

→ b e t te r g e ne ra liza t ion to  
unse e n ob je cts
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Brohan et al. RT -2: Vision -Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

→ b e t te r g e ne ra liza t ion to  
unse e n ob je cts

→ re a soning  
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Brohan et al. RT -2: Vision -Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

→ b e t te r g e ne ra liza t ion to  
unse e n ob je cts

→ re a soning  → hum a n re cog nit ion
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Moo Jin Kim et al. OpenVLA: An Open -Source Vision -Language -Action Model. 2024

Pretrained on 64 A100 for 14 days, finetuned on 8 A100 for 5 -15 hours

LLM – LLa VA-2

Dino – sp a t ia l 
und e rsta nd ing  is  b e t te r

SigLIP – a b out  g e ne ra l 
conce p ts
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Moo Jin Kim et al. OpenVLA: An Open -Source Vision -Language -Action Model. 2024



Fu tu re  Re se a rch
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→ VLA model with multi -
image/videos and depth 
observations

→ Pe rfo rm a nce  improvement (now 
SR < 90%)

→ Co-t ra ining  fo r VQA a nd  a ct ion 
p re d ict ion is  to  b e  e xp lo re d  —
resource intensive now



Act in g : Na vig a t io n

How to find an optimal 
p a th, b a se  m ove m e nt

5 .2
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Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C VPR 2024

The robot arm can ride up and down + base movements
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Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C VPR 2024

Actions: move base ( ±20cm),  rotate base ( ±6° ,±30° ),  move arm (x, z) ( ±2cm, ±10cm)
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Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C VPR 2024

Trajectories:

→ Navigation: g o  to  ta rg e t  
using  a p p roxim a t ion o f 
shorte st  p a th

→ Room visitation: ca lcula te  
ce nte r o f house , the n 
na vig a te  to  a ll room s via  
shorte st  p a ths
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skipping all chairs to  find  
one  in the  kitche n

re p osit ioning  it se lf to  find  a  loca t ion 
whe re  headset is reachable



Op e n  Qu e st io n s

→ Unified and effective evaluation

→ Sim - to - real g a p

→ Efficie nt  collection of hum a n d e m onst ra t ion d a ta

→ High inference time of found a t ion m od e ls

→ Long -horizon ta sk p la nning

→ Ensuring  robustness a nd  sa fe ty o f d e p loye d  m od e ls



Co n clu s io n s

1

2

3

Embodied AI is a research area at the 
intersection of NLP, CV and RL

Evaluation of EAI models in  g e ne ra l is  a  
ve ry cha lle ng ing  ta sk 

De sp ite  a  decade of the rapid 
progress in  NLP a nd  CV, EAI  syste m s 
(und e rsta nd ing  the  world , p la nning  a nd  
a ct ing ) a re  in  the  beginning of their 
development 

this is the end of 
the lecture

tomorrow is the 
last lecture
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