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Machine Learning Solution to Robotics

IMJZAGE

HaoASZE AR
Tons of text 14,000,000 images 44,000,000 chess games
(OpenAl 2023) (Deng et al. 2009) (Silver et al. 2017)
Language model that Image recognition models Super-human

produces human-like texts  at human-level proficiency chess engines




We do not have large datasets in robotics
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Comparing datasets

Assuming 238 words/minute, 1.33 tokens/word
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Learning from demonstrations (L{D)

Codevilla et al. ICRA’18 Cao et al. RSS20 Chen et al. IROS519



Why does LD fail?

Demonstrations: D = {&,&,, ..., &}

Trajectory features: ¢(¢;) = ¢; € R?
- Final distance to the notebook
- Minimum distance to the obstacle
- Average speed

Reward function : R(§;) = fﬁ (p;)




Bayesian inverse reinforcement learning

argmax P(w | D)
w

P(w|D)xP(w)P(D|w)

L
=pw) | [ PG 1w
1=1

L
X «rw | [ewfu@
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(Noisy humans)




Humans are Suboptimal

Robots with high degrees of freedom are ~ Humans do not like their Humans take suboptimal actions in
hard to teleoperate. own demonstrations. risky situations.

= y
ol |
optimal — sub-optimal i
but risky but safe
Risk-Averse ‘

Noisy Risk-Awar

Palan et al. RSS19 Basu et al. HRI‘17 Kwon et al. HRI'20



We can let the human evaluate a robot demonstration

L

) Asking Easy Questions: A User-Friendly Approach to Active Reward Learning
Biyik et al. CoRL 2019.




How dark is this blue?



Human evaluations are often unreliable

) Asking Easy Questions: A User-Friendly Approach to Active Reward Learning
Biyik et al. CoRL 2019.
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omparison data
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Today...

* Learning from human feedback
 Pairwise comparisons
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Incorporating Comparisons

$a Orép?

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences 16
Biyik et al. IJRR 2021.



Incorporating Comparisons

Demonstrations: D = {&4,&,, ..., &1}
Comparisons: C = {( 511)’ ,gl) (1)) (g(N) g(N), (N))}

Trajectory features: ¢(&;) = ¢; € R?
- Final distance to the notebook
- Minimum distance to the obstacle
- Average speed

Reward function: R(§;) = fﬁ (d;)

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences
Biyik et al. IJRR 2021.
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Incorporating Comparisons
argmax P(w | D)
P(w|D) x P(w)P(D | w)

L
=pw) | [ PG 1w
=1

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences 18
Biyik et al. IJRR 2021.



Incorporating Comparisons

argmax P(w | D, C)
w

P(w|D,C)x PwW)P(DIw)P(C|w)

L N
= P(w) np(fi | w) HP (q(i) w64, lgi))
i=1 =1

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences 19
Biyik et al. IJRR 2021.



Incorporating Comparisons

argmax P(w | D, C)
w

P(w|D,C)x PwW)P(DIw)P(C|w)

=pw) | [PGi1w)
=1

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences
Biyik et al. IJRR 2021.

(N )

HP (q@) | w, €D, (1))

=1 y

How do we
compute this?
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Luce’s choice axiom

The probability of selecting one item over another from a pool of
many items is not atfected by the presence or absence of other
items in the pool.

Selection of this kind is said to have independence from irrelevant
alternatives.

The choice axiom after twenty years

Luce. Journal of Mathematical Psychology 1977 2l



Counterexamples for fun

* Starbucks: “Compromise Effect”

!
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Short Tall Grande

Short Tall

From: Kent Hendricks

=

Grande

|

|

L

Venti
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Counterexamples for fun

* Coca Cola vs. Pepsi

CLASSIC

12FLOZ 354ml &

1985 (Spring) 1985 (Summer)
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Regardless...

The probability of selecting one item over another from a pool of
many items is not atfected by the presence or absence of other
items in the pool.

Selection of this kind is said to have independence from irrelevant
alternatives.

The choice axiom after twenty years o4
Luce. Journal of Mathematical Psychology 1977



Corollary

P(& =& 2&)=P(&>&,&)P(& = &)

We only need to model the probability that the human chooses
trajectory ¢ over a pool of many trajectories.

25



Incorporating comparisons

argmax P(w | D, C)
w

P(w|D,C)x PwW)P(DIw)P(C|w)

=pw) | [PGi1w)
=1

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences
Biyik et al. IJRR 2021.

(N )

HP (q@) | w, €D, (1))

=1 y

How do we
compute this?

26




Models from discrete choice theory

P(glw,&,,¢Ep)
Thurstonian Model:
« Add Gaussian noise to the rewards: Pq=4) = Pluy > up)
¢ Uy = fw(qb(fA)) + 7z, = P(fw(cp(fA)) + Zy > fw(C/?(fB)) + ZB)
*Ug = fW(qb(fB)) s =P (ZA —Zp > fw(Qb(fB)) — fw(qb(fA)))

where z4, z, ~ N (0,02).
* The human choice is the noisy winner:
A, ifuy>ug
49 =)\B, otherwise

27



Models from discrete choice theory
P(C[ | w, fAJ fB)

Bradley-Terry Model:

* The probability that the user chooses an option is proportional to the
exponentials of the rewards:

e Bfw(#(a)
eBiw(®E ) 4 oBfw(P(Er))

P(g=A) =

28



Incorporating comparisons

argmax P(w | D, C)
w

P(w|D,C) x P(W)P(Z) | W)P(C | w)

— P(W)l_[P(fl | W)HP Cl(l) lw, ¢ (l)' l(;))

exp fo (£50))

(i
_1 €Xp fw (fq(l)) + exp fu (f q(z))
Learning Reward Functions from Diverse Sources of Human

Feedback: Optimally Integrating Demonstrations and Preferences 29
Biyik et al. IJRR 2021.

o< P(w) 1_[ exP f (&)



Benefit of comparisons

Bayesian IRL Ours

|

B

II

w

|

5 demonstrations 1 demonstration + 15 comparisons

Learning Reward Functions from Diverse Sources of Human

Feedback: Optimally Integrating Demonstrations and Preferences 30
Biyik et al. IJRR 2021.



Asking Easy Questions: A User-Friendly Approach to Active
Reward Learning 31
Biyik et al. CoRL 2019.



Balancing Efficiency and Comfort in Robot-Assisted Bite Transfer .-
Belkhale et al. [CRA 2022 ot




Avg. over SD & SL Avg. over SD & SL.

Avg. over SD & SL

t. Mean
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ROIAL: Region of Interest Active Learning for Characterizing
Exoskeleton Gait Preference Landscapes
Li et al., ICRA 2021



Choosing Queries

Demonstrations Comparisons

——————
—_— |
————————————————————|
—
-
e
8 ;

How do we quantify information?

Learning Reward Functions from Diverse Sources of Human
Feedback: Optimally Integrating Demonstrations and Preferences 34
Biyik et al. IJRR 2021.



surprise

95% — X = Heads » Surprise: log, z = 0.074

5% — X = Tails » Surprise: log, t = 4,322

35



Entropy (a measure of uncertainty)

95% — X = Heads » Surprise: log, z = 0.074

5% — X = Tails » Surprise: log, t = 4,322

Entropy is the expected surprise.

Entropy: H(X) = 0.95 x log, 0—25 +0.05 X log,, ﬁ ~ 0.286

36



Another example

50% — X = Heads

50% — X = Tails

37



Another example

50% — X = Heads » Surprise: log, ﬁ =1
50% — X = Tails !

> Surprise: log, T 1

38



Another example

50% — X = Heads » Surprise: log, ﬁ =1

50% — X = Tails » Surprise: log, ﬁ =1

Entropy: H(X) = 0.50 X log, 0—;0 + 0.50 X log, 0—150 =

39



Mutual information

Uncertainty

HX)=1

O 50% — X = Heads

“ 50% — X = Tails

Alice Bob

40



Mutual information

( ) ( )
What is X? Tails!
) )
Uncertainty y y

\ “ 50% — X = Tails
Alice Bob

1 1
Oxlog +1><log——0

— This is 0 in

information theory. "



Mutual information

( ) ( )
What is X? Tails!
) )
Uncertainty y y

“ 50% — X = Tails

Alice Bob

Mutual Information = Reduction in Entropy: I(X; X) = H(X) — H(X | X)
=1-0=1

42




Mutual information

Uncertainty

HX)=1

O 50% — X = Heads

“ 50% — X = Tails

Alice Noisy Bob
(lies with 5% probability)

43



Mutual information

( ) ( )

Whatis X'? Tails!

U )Oy ,

Uncertainty

H(X | X' = Tails)

50% — X = Heads

“ 50% — X = Tails

Alice Noisy Bob
(lies with 5% probability)

P(X = Tails | X' = Tails) « P(X' = Tails | X = Tails)P (X = Tails)
P(X = Heads | X’ = Tails) « P(X' = Tails | X = Heads)P (X = Heads)




Mutual information

( ) ( )

Whatis X'? Tails!

U )Oy ,

Uncertainty

H(X | X' = Tails)

50% — X = Heads

“ 50% — X = Tails

Alice Noisy Bob
(lies with 5% probability)

P(X = Tails | X' = Tails) = 0.95
P(X = Heads | X' = Tails) = 0.05



Mutual information

[ ) [ )
What is X'? Tails!
J y,
Uncertainty y y
H(X | X' = Tails) 50% — X = Heads
= 0286 ab. ...

Alice Noisy Bob
(lies with 5% probability)

Mutual Information = Reduction in Entropy: I(X; X)) = H(X) — H(X | X)
=~ 1 —-0.286 = 0.714




Mutual information: what do you ask?

( )

20% — X = (H,H, H)
| 20% — X = (H,H,T)

20% — X = (H, T,H)

y 20% - X = (H, T, T)
20% - X = (T, T, T)

Alice Noisy Bob

(tells the truth for X; and X,
lies with 5% probability for X3)

47



Choosing queries

Demonstrations Comparisons

The robot can query the user with the query that will give the most information.

48



Maximum volume removal

Posterior P(w | C)

Active Preference-Based Learning of Reward Functions 49
Sadigh et al. RSS 2017



Maximum volume removal

Posterior P(w | C)
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User Choice
Active Preference-Based Learning of Reward Functions 50

Sadigh et al. RSS 2017



Maximum volume removal

Posterior P(w | C)

+ W,
o
o
o0
s >

o Wl
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User Choice User Choice
Active Preference-Based Learning of Reward Functions 51

Sadigh et al. RSS 2017



Maximum volume removal

Posterior P(w | C)

+ W,
®
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Active Preference-Based Learning of Reward Functions 52

Sadigh et al. RSS 2017



Active vs. random querying

. Driver Lunar Lander Mountain Car Swimmer Tosser
_—Active
'E 7—Rand0m
L
é 0.5
o8]
i
0 . . , ‘ .
0 100 O 100 O 100 O 100 O 100

Number of Queries

o =S

Batch Active Preference-Based Learning of Reward Functions
Biyik and Sadigh, CoRL 2018




Maximum volume removal

Posterior P(w | C)

+ W,
®
o
(Y
Oy

® Wl
—
I
I
h
| I
I—

Active Preference-Based Learning of Reward Functions 54

Sadigh et al. RSS 2017



Mutual information maximization

maxI(qg;w | C, &y &)
EAI&B

User Dataset Query
response

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 55
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

$adB
maXH(q | C'fA'gB) o H(q | C'€A'€BJW)
$asB
\ & A &
Y Y
Model User
Uncertainty Uncertainty
|
|
|
|
!
I i
User Choice User Choice
Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 56

Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

$ASB
gll%);H(q | C,¢4,¢5) —H(q | C, ¢y, 85, W)
max —Eqiee,,65108 P(q 1 €84, 85)] + Equwice,exllogP(q | C &4, 85, W)
No w here!
Apprisch b Active Remard Learming 57

Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)
EAI&B

maXH(q | C!éAJfB) _H(q | C'€A'€BJW)
SASB

max —Eq wica ¢ log P(q | €,§4,85 )] + Equice,esllogP(q | € 84,85 w)]

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 58
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EAI&B
max H(q | C,§4,$p) —H(q | C,§4,8p,W)
SASB
g%}; ]ECI;ch;gA;EB [lOg P( q | E €AJ EBJ W) _ lOg P( q | Cl gA; EB )]
ﬁsking Essty gufsti(i;s: A I;sir-Fri.endly 59

Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)
EAI&B

maXH(q | C!éAJfB) _H(q | C'€A'€BJW)
SASB

max Eqwiee,epllogP(q | €a,ép,w) —1logP(q | C,¢y, ¢ )]
max IEq,wIC’,fA,EB [lOgP( q | €A' €B' W) _ logf P( q, w' | C, €A' €B )dW,]

$ASB
P(w'|C &y E)P(q 1 CEYEp W)
=P(w' | C)P(q |y W)

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 60
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EAI&B
max H(q |1 C,&4,ég) —H(q | C,&y,ép, W)
$A<B
max E; ez, 1108 P(q | $4,¢ép,Ww) —1logP(q | C,€4,¢5)]

€A;€B

max Eqwicenes|108P(q | Ea,ép,w) —log [ P(w' | €IP(q | &y, Ep, W' )dw']

This is an expectation over w’ | C

Take samples from w' | € to compute.

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 61
Biyik et al. CoRL 2019



Mutual information maximization

maxl(q w | C €A'€B)

$ASB
max H(q | C,¢4,ép) —H(q | C,&4,¢p,W)
$ASB
max E; ez, 1108 P(q | $4,¢ép,Ww) —1logP(q | C,€4,¢5)]

gAJEB

max Equ ¢ 108 P(4 | €4,8,w) — log o 2 P(q | a6pw")

—W EQ

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 62
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EAI&B
max H(q |1 C,&4,ég) —H(q | C,&y,ép, W)
$A<B
max E; ez, 1108 P(q | $4,¢ép,Ww) —1logP(q | C,€4,¢5)]

€A;€B

max Equicgq [108P(a | £4,65w) —log > P(q | Ea,,w")

fArfB .
w'eld

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 63
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)
EAI&B

maXH(q | C!éAJfB) _H(q | C'€A'€BJW)
SASB

max E; ez, 1108 P(q | $4,¢ép,Ww) —1logP(q | C,€4,¢5)]

$AS$B
max E lo P(q | ¢4 ép,w)
fadp WWICEAt |O8F L P(q 1 €4 Ea W)
P(q,w|C,¢4¢E) = PW|[C,E4E6)P(q | Cén W)
=P(w|C)P(q|¢a s W)

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 64
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EA!&B
max H(q | C,&4, &) —H(q |1 C, &y, &5, W)
$ASB
g%); IECI:W|C:€A;€B [logp( CI | €A; €B: W) _ lOgP( q | C, fAJ EB )]

max [E log PLa18aSp, W
$ASB IWISasE ZW’EQ P(q | ¢4 W)

SER o og (a1 Ea i w

faip |Q Ly "ISasBW | TEY L G P(q 1 Ea W)

WE()
Asking Easy ngstici;esvzvﬁrgsié;l;;i;rlgdly .

Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EA!&B
maXH(CI | C:éA:fB) —H(CI | CJ€AJ€BJW)
$ASB
max E; e, [log P(q | $4,¢p,w) —1log P(q | C,&4,¢p)]

gAJEB

max [E [log PLala e W ]
Eafp Wlass dweaP(q1éaépwW")

maXE]E log P(qlésépw) ]
éats Lo AWatew [0y o P(q|&aé5 W)

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 66
Biyik et al. CoRL 2019



Mutual information maximization

maxI(qg;w | C, &y &)

EA!&B
maXH(q | C:éA:fB) —H(CI | C!€AJ€BJW)
$ASB
max E; e, [log P(q | $4,¢p,w) —1log P(q | C,&4,¢p)]

gAJEB

max E [log P(q | fAJ EB;W ]
$ASB 1wlats 2weqaP(q 1 a4, Ep,W")

1 1 P(CI | €A' EB’W
%ﬂ%’é%%m st [Iogzwfegf’(q | s%fB’W')]

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning
Biyik et al. CoRL 2019
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Mutual information maximization

Driver Fetch

0.5}

——Information Gain
—Volume Removal

-
-
)
= 0
;%D Linear Dynamical System Tosser
< 1, i
0.5}
0 10 20 30 O 10 20 30

Number of Queries

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 68
Biyik et al. CoRL 2019



Volume Removal

Similar
Trajectories

More
Distinguishable

Query

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 69
Biyik et al. CoRL 2019



Mutual information maximization

B volume Removal [ Information Gain

* * x * * * *

= = g9

= g 4] =~ e e S

= 5
S 2| L
ey
ool ML a1

Driver Tosser Fetch Driver Tosser Fetch Driver  Tosser

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 70
Biyik et al. CoRL 2019



Richer forms of comparative feedback enables
learning more general reward functions.

Basu, Buyik, He, Singhal, Sadigh. IROS’19.
Wilde*, Biyik*, Sadigh, Smith. CoRL21.

Optimized Prices &

Network

/' Optimization

“/\ ‘Estimated Latencies
Data from Uber/Lyft are comparative feedback. |- .
We can use them to optimize traffic routing. gv\_/ = \ -

Bwyik, Lazar, Sadigh, Pedarsani. CDC’19.
Bwy1k*, Lazar*, Pedarsani, Sadigh. TCNS’21.
Beliaev, Buyik, Lazar, Wang, Sadigh, Pedarsani. ICCPS’21.

Active preference-based Gaussian process regression enables
learning complex rewards with small amounts of data.

Byik*, Huynh*, Kochenderfer, Sadigh. RSS"20.
Li, Tucker, Biyik, Novoseller, Burdick, Sui, Sadigh, Yue, Ames. ICRA21.

7 x g Buwyik, Huynh, Kochenderfer, Sadigh. IJRR"23.

SE———

High Pelvis Pitch and Low Pelvis Roll



Incorporating comparisons

argmax P(w | D, C)
w

P(w|D,C) x P(W)P(Z) | W)P(C | w)

— P(W)l_[P(fl | W)HP Cl(l) lw, ¢ (l)' l(;))

exp fo (£50))

(i
_1 €Xp fw (fq(l)) + exp fu (f q(z))
Learning Reward Functions from Diverse Sources of Human

Feedback: Optimally Integrating Demonstrations and Preferences 72
Biyik et al. IJRR 2021.

o< P(w) 1_[ exP f (&)



Other types of human feedback

Feedback

Comparisons
Demonstrations
Corrections

Improvement

Off
Language
Proxy Rewards

Reward/Punish

Initial state
Meta-choice

Credit assignment

Reward-rational (implicit) choice: A
unifying formalism for reward learning
Jeon et al. NeurIPS 2020

Constraint

r(&1) > r(&)

r(€p) =r(§) VEEE

r(€r+ATAq) > r(Er+ ATIAG) VA € Q - Q
7 (&improvea) = 7(€R)

r(€%'e ... &) > r(ér)

E¢unita(ra)) [1(€)] 2 Eeaunita(ny) [1(€)] VA € A
Bt ni@r) [1(€)] > Bg g [r(€)] VeeR
7(€r) = 7(Eexpected)

Eenyp(sn)[r(s%)] = Benys)lr(s)] Vs €S

Eenpc)m(€)] = Eenpcyr(€)] Vi€ [n]

r() zr) vEel

Probabilistic
P& | r,C) =

P(SD | T'}E) =

exp(B-r(&1))
exp(B-r(&)) +exp(B-r(&2))

exp(B - r(€p))

>eez exp(B - r(§))

O — O) — exp(B-r(€r + A7 Aq))
P(Aq" | 7,Q - Q) = ZAQEQ—Q exp(B-r(ér + A1 Aq))
CXD(;@‘ ' r‘r’(fimpmvcd))

P(gimpmvcd | LB C) = exp(ﬁ . T(fimproved)) + exp(ﬁ : 7(§R))

exp(B - r(§R'E" ... £'))

P(off | ,C) = exp(B _(;(gflé;tgt .. EY) +[CE€55[)3 -T(€r))
. eXpP - Bevuir(a(a*)) |7
PX* | r,A) =
(A% [ A) > e €Xp(f - Eeunit(c(n) [’r(f)] )
p(r | r ) = — PO Eenan MO
’ > cer €xp(B - I(Eé'mr((?d)[)’(f)})
. _ exp\p -T\SR
P(+1|r,C) exp(ﬁ(;ﬁr(%ﬂ)) + eTp((g]-)r(gcxpmd))
s 1r.8) = — P Beny(enlr
P r.S) D ses Cxlglgﬁ-ggww(ﬂ[?"[@()g])
B(C, | 7.Co) — exp (Po - Bempo(ci) [T
(CilrCo) > ieln] ©XP (l{’ko'Eamwo(cj)["”(@D
P(E* | r.C) — exp(f - r(£%))

2iecc xp(B-7(£))
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Today...

* Learning from human feedback

* Reinforcement learning from human feedback (RLHF)

74



Mutual information maximization

maxI(qg;w | C, &y &)

EAI&B
maXH(q | C'fA'gB) T H(q | C'€A'€BJW)
$ASB N
Model User
Uncertainty Uncertainty

Where do these trajectories | !
User Choice come from in the first place? User Choice

Asking Easy Questions: A User-Friendly
Approach to Active Reward Learning 75
Biyik et al. CoRL 2019




Incorporating comparisons

(How do we
argmax P(w | D, C) solve this
W optimization
 problem?
P(w|D,C) x P(W)P(Z) | W)P(C’ | w)

— P(W)l_[P(fl | W)HP Cl(l) lw, ¢ (l)' l(;))

exp fo (£50))

(i
_1 €Xp fw (fq(l)) + exp fu (f q(z))
Learning Reward Functions from Diverse Sources of Human

Feedback: Optimally Integrating Demonstrations and Preferences 76
Biyik et al. IJRR 2021.
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RLHEF

Two major changes to preference-based reward learning:

1. Instead of Bayesian learning, write a loss function and learn
with gradient updates

2. After learning a reward, train a policy to generate new
trajectories for the next iteration of reward learning
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RLHEF

. ] Rollouts Pairs of ] O
[ Policy ) Trajectories | g D
A

Reinforcement
Learning We can just use
L(w;€) = —-P(w|C) v
Reward ( Loss ( Ranked
Function | Gradient |  Function | Trajectories

Updates

78



RLHEF

Deep reinforcement learning from human preferences

Christiano et al., NeurIPS 2017



InstructGPT

A prompt and
several model e ' : - '

Ex_plaln the moon A labeler ranks This data is used RM
outputs are anding toa 6 yearold the outputs from 0 to train our SR
sampled. i o best to worst. L~ 4 reward model. .\..\saf/.

Explain gravily Expl&ir vaar e > e > o = e
0-0-0-0
(C) (D

Mo is natial Peopla went ta
satellite of.. the mean..

Training language models to follow
instructions with human feedback 80
Ouyang et al., NeurIPS 2022



Today...

* Learning from human feedback

» Comparative language feedback
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Comparisons take too long

Biyik, Huynh, Kochenderfer, Sadigh. [JRR’23.



Why do you pretfer that?

Biyik, Huynh, Kochenderfer, Sadigh. [JRR’23.



Comparative Language Feedback




Comparative Language Feedback

Move
closer to
the cube

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL'24.



Shared Latent Space

A

T° moves faster than t

£

Just describes a difference
between two trajectories!

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL'24.



_____________________________________________________________________
Shared Latent Space

78 moves faster than t#

B

o

(

@ 8 moves more quickly than t#
@ 4 moves slower than t

Just describes a difference
between two trajectories!

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL'24.



[
“Move faster” wl

Language feedback

h
Q
———— P mm =
o3
=

) A
(5%, a%) Encoder %
) A
(sh,ay) —— Encoder —— (151 Average ¢A
e T A
(s7_1,a7_1)——>| Encoder [—— Q7 _;
. . - — v B A
Trajectory pair o— ¢° — )
B A
(5%, a%) Encoder — ¢0 —
) B
(sp,a%) Encoder [— Cb]_ Average QSB
(s7_1, a?ﬂ ¢$_ | Accuracy
Robosuite 84.9%
Meta-World 82.9%

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL24.



Shared Latent Space

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL'24.

Move faster

Get closer
to the cube

Latent 2

Get closer
to the bottle




Using the Latent Space

J®
aHy

21'0?

: Move slower

-5

:TI?

: Move closer
to the bottle

B

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL'24.



Using the Latent Space

Robosuite Meta-World
1.0 == == — e mm 1.0 === — e m
0.8 0.8
o o
5 0.61 506
5 z
7 0.41 ] | ~ 0.4
0] Improved Trajectory 0.0]
=== Optimal Trajectory
0.0 ° | | | 0.01° | | |
0 5 10 15 0 5 10 15
[terations [terations

Yang, Jun, Tien, Russell, Dragan, Biyik. CoRL'24.



Using the Latent Space

Imaginary
Trajectory 7,

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL24.



Using the Latent Space

"b . To?
ﬂ
o, - Move lower
—] _
= = Tg >~ T
[ .- ——]
—] _ ,
= T o0~ Tpo
| - — |
Imaginary S o > T
o =_— 0 0

Trajectory 7,

The user intentionally
chose to say “move lower”

Yang, Jun, Tien, Russell, Dragan, Bryik. CoRL24.



Using the Latent Space

Robosuite Meta-World

0.7 0.7
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Yang, Jun, Tien, Russell, Dragan, Biyik. CoRL'24.



Using the Latent Space

Robosuite Meta-World

0.7 0.71
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Yang, Jun, Tien, Russell, Dragan, Biyik. CoRL'24.






User Studies

Higher 40 Time Per Query Lower
v 5. Language i is better - is better
8 Comparison
h 30
O
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E 15
> 21 10
< |
1 1 1 Ll 1 5
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Time (s)

Yang, Jun, Tien, Russell, Dragan, Biyik. CoRL'24.



Key Takeaway:

Comparative language feedback brings the benetfits of
pairwise comparisons and is preferred by humans.
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Comparative language for learning

©®  The first law of thermodynamics, also known as the law of energy conservation, states that energy
cannot be created or destroyed in an isolated system. Instead, the total energy of a system and its
surroundings remains constant. It can be transformed from one form to another or transferred
between the system and its surroundings. Mathematically, it is expressed as AU = Q - W, where AU is
the change in internal energy of the system, Q is the heat added to the system, and W is the work
done by the system. This principle underscores that all energy changes in a system must account for

energy conservation.

Make it less technical

®  The first law of thermodynamics says that energy in a system can't be created or destroyed, only
changed from one form to another or moved around. For example, when you heat water on a stove,
the heat energy from the stove is transferred to the water, raising its temperature. The total amount

of energy stays the same; it just changes its form or location.



Today...

* Learning from human feedback
* Pairwise comparisons
* Reinforcement learning from human feedback (RLHF)
» Comparative language feedback

CSCI 699: Robot Learning - Lecture 6 100
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