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Learning from Demonstrations

Avoid manual reward specification by learning from demos of optimal behavior
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1 i Rt+1 (
Demos of expert behavior = S i
— U < l Environment ]<
4 )
Infer rewards from demonstrations of
Inverse Reinforcement optimal behavior
Leammg -> Optimal behavior optimizes some
\_ ) reward via RL, so the RL process must be

"inverted” to find the reward



Why is this “inverse” reinforcement learning?
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RL: Rewards generate trajectories |IRL: Expert trajectories generate rewards
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Is this well defined?




But haven't we already learned from demonstrations?

Imitation learning via Behavior Cloning (L2)

arg max E (s« a*)~p log mo(a™|s™)] Main difference between BC and IRL:

— froining tr 1. BClearns policies, IRL learns rewards
2. BC assumes no environment access, IRL
typically assumes either known model or
sampling access

Why does this matter?




Zooming out — why do we care about imitation?

Imitation learning is all about generalization

Generalization across states Generalization across dynamics
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Covariate shift is just a manifestation of generalization

What if learning something else generalized better than policies?



IRL problem statement + assumptions

Reinforcement Learning

State: Known
Action: Known

Transition Dynamics: Unknown but can sample

Reward: Known

Expert policy: Unknown
Expert traces: Unknown

Inverse Reinforcement Learning

State: Known

Action: Known

Transition Dynamics: Unknown but can sample
Reward: Unknown

Expert policy: Unknown

Expert traces: Known

Find r that explains the demonstrator behavior as noisily optimal

&.

Inverse RL

Reward
ro(s,a)

4 )

Reinforcement Policy

-

Learning W(G‘S)
\ J

New dynamics/state
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A Formula for Inverse Reinforcement Learning

How do we instantiate?

4 )
Propose a reward function
re(s,a)
- J
4 ) 4 )
Compare to expert traces Optimize policy against
T re(s,a)

- J - J




IRL vO — Assumptions

4 ™ re(s,a) = w' ¢(s, a)
Propose a reward function | Linear
re(s,a)
\_ J

Known dynamics

— L B

Compare to expert traces Optimize policy against
T T r¢(37 a)
- / - /

777 ——




IRL vO — What is a good reward function?

A good reward would evaluate optimal data higher than all other data

V™ (s) > V7™ (s) Vr,Vs

Low reward

a

High reward

Find

E,-

E,-

T
w* " E -

Z ’Vt/r(stv at)
t

Z ’ytw*Tgb(Sta at) Z ET(‘
t i

w* such that (s, a) = w** ¢(s, a)
thr(st, at)] , Vm
'

Z ’th*Tqb(Stv at)] ) v
t

> Ky

Z /Vt(b(sh G,t) Z w*TEW
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Z Vt(b(sta at)] ) v
t

pw(m*, @) pu(m, @)

Underdefined, w* = 0 trivially satisfies!



IRL vO — What is a good reward function?

How do we tackle ambiguity?

W Ere [6(s,0)] > w Exe [6(s,a)] ¥, Vs

4

st wiy™ >wly™ +m,Vrell

max m
w,m

A

Positively sampled
labels

Separating
Hyperplane

Negatively sampled
labels

|

Find rewards which maximize the gap between the expert and all other policies



IRL v1 — Max Margin Feature Matching

Choose w such that “margin” is maximized

maxim

st wly™ >wly™ +m,Vr ell

Looks a lot like an SVM! ﬂ

min [|uw];

s.t ’wTu”* > wl ™ +1,¥r e 11

What might the issues be =
1. Uniform gap across all i, m*
2. Noisily optimal may compromise the optimization



IRL v1 = (Fancy) Max Margin Feature Matching

Maximum margin > Structured Max-Margin + Slack

min ||w||2

st wly™ >wly™+1,Vr ell

Bigger for more different policies
min |||z + C¢ |
st wly™ >wly™ + D(m, 7)) — ¢, Vr eIl

Slack allows for noisy optimality



IRL v1 — Max Margin Feature Matching

min [|w||2 + C¢

st wly™ >wly™ + D(r,n*) — ¢, Vr el

Solve Max-Margin Planning

-

\_

\

Com pare to expert traces

T Tt

s ~N
Propose a reward function |
re(s,a)
_ Y

re(s,a) = w! ¢ (s, a)

Linear

Known dynamics

B

Optimize policy against

J

re(s,a)

- J




IRL v1 — Max Margin Feature Matching

1. Start with a random policy m,
— 2. Find the w that optimizes

mi?Hsz + C(¢
st wl ™ >wly™ + D(m,7*) = (,Vm € {mg,71,...,7;}

3. Solve for the optimal policy against 7(s,a) = w®" ¢(s, a)
Ti+1 — Opt(re(s,a),T)

—— 4. Add to constraint set and repeat

ﬂ > Output the optimal reward function w*




Max Margin Feature Matching in Action
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IRL v1 — Why this may not be

enough?

min ||wl|o + C¢

st wly™ >wl'y™ + D(n,n*) — (,¥r el

May not be able to deal with scenario where
true margin is quite small for some policies

Not clear if this is a good way
to deal with suboptimality

Constrained optimization is tough to optimize
for non-linear functions

What if we had a "softer” notion of margin?




We have talked about “soft” optimality before!

We derived max-ent RL as maximum likelihood on optimality (lower bound) wrt policy

m?XEpr(x) [EZNq(z|x) logp(z|z)] — DKL(Q(ZM)HP(Z))}

Control as inference
E s0~p(s0) Zlogp((')tfst, at) — log g(a|st)
t

atNCI(at |3t)
St+1 NP(St+1 |St ,at)

< 2 Nz 2
Li & Todorov ‘06 Ziebart ‘08

Can we invert this to do inverse RL with a softer notion of margin?




Let's revisit the graphical model

p(8t+1 |3t> at)

S0 /8—1\ ~
plat|st) @ @ @ p(7|Op:r =1) -
p(7) exp(z r(se, at))
)

t=0

p(T) p(T|OO:T — )
Uninformed behavior according to :> Soft optimal behavior conditioned on
prior/dynamics optimality

We were trying to find p(at ‘St, Ot:T — 1) given reward



IRLV2 — Maximum Entropy Inverse RL

p(3t+1 |3t7 at)

S0 /5—1\ > P(O¢lst, ar) = exp(rg(se, ar))
p(ag|st) @ (7|0 = 1) -
p(7) exp(z r(se, at))
@ @ @

Now we are given (s, a) from optimal, we need to find the reward function that best
explains the data

- Maximum likelihood estimation!
(Find r, that maximizes the likelihood of (s, a) being produced on observed optimality



Inverse RL in CAl graphical model

p(8t+1 |3t> at)

S0 /5—1\ > P(O¢lst, ar) = exp(rg(se, ar))
p(ag|st) @ (7|0 = 1) -
p(7) exp(z r(se, at))
@ @ @

- Maximum likelihood estimation!
(Find r, that maximizes the likelihood of (s, a) being produced on observed optimality

max ]E’TND* [log p(7'| OO:T — 1 )] (Find optimality CPD that best explains observed data)
¢



Maximum likelihood optimality estimation

p(7|O0.r = 1) %) exp() (s, ar))

t=0

Independent of reward

ffp T ) EXP Zt () (Staa't))dSO:TdaO:T

Hard to estimate — partition function (Z)

4

max E:p+ [log p(T|Op.7 = 1)

Difficult to compute analytically, but it's gradient has a nice form!



Maximum likelihood optimality estimation

exp(Py—q (51, ar))
ffp T)eXpP Zt o T(8t,a¢))dso.rdao.T

p(7|Oo.r =1) =

maXETND [logp(ﬂ@o T = 1)]

@ _
—E,.p- |log (exp Zr¢ st,at))> —log Z

t=0

- _
=K, p= Z "“qs(Sta at)| —log Z
| t=0 _

Easy to compute Hard to compute



Let’s take the gradient

mq?XIETND* log p(7|OQp.7 = 1)]

T
L(9) =Ermn- [Z ro(se at>] ~log 7
t=0

T

Z Vre(se, ar)

t=0

V¢£(¢) = ETND* — V¢ log Z

Vglog Z = %ngZ z = /P(T) exp(r(7))dr

Vo L(p) =E;p- [Z V¢r¢(8t,at)] % p(7) exp(ry(7))WV ore(T)dT

t=0

Notice this is exactly the soft optimality posterior
T
(7|01 = 1) oc p(7) exp( D r(st,at))
t=0



Let’s take the gradient

T

L(¢) =E,p= [Z r¢(st,at)] —logZ

t=0

1

>~ Vars(sia)| = [ p)explro(m)Vare(rdr

t=0

v¢£(¢) — ETND*

Notice this is exactly the soft optimality posterior
T

p(7|Oo.r = 1) o< p(1) exp(}_ 7(st,at))

t=0

T
Z Vre(se,ar)

t=0

V¢£(Q§) — ETND* — ]E’TNp(TIO();T:l)

Z Vs (st, at)]

t=0

Push up gradients along experts Push down gradients along soft optimal
policy under current reward

Computable, with RL in the inner loop



IRLV2 — Maximum Entropy Inverse RL

-5 [ PO expra(r) Vars(ridr

T
Vs L(¢p) =Erp= [Z Vgre(se, ar)

t=0

T
Z Vore(st, at)

t=0

V¢£(¢) — ]ETND*

Z Vs7e (5t a,t)]

t=0

- ETNp(TKQo;T:l)

Push up gradients along experts Push down gradients along soft optimal
policy under current reward

Update on ¢ Update 1 to optimal using current g,




IRL v2 — Max-Ent IRL — Put it together

Maximum Entropy

> A b(st, at)]
—Ep,, (r) [Z SRCHE atT)]

Vwﬁ - Eﬂ-*

4 )

Com pare to expert traces

T Tt

re(s,a) = w! ¢ (s, a)

Linear

s ~N
Propose a reward function |
re(s,a)
_ Y

Known dynamics

B

Optimize policy against

- J

re(s,a)

- J




IRL v2 —Max-Entropy Inverse RL (Pseudocode)

1. Start with a random policy myand weight vector w
—— 2. Find the “soft” optimal policy under w — P, (7)
3. Take a gradient step onw

Vol =E;-

27t¢(3t7 @t)

— Ky, 0 [Z Vt¢(3t77 GZ)]
¢

L 4. Repeat

|-| > Output the optimal reward function w*




Max-Ent IRL in Action
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Ok but no way this could work?

¢ Il Il Il BN NN N N

Maximum Entropy f \

l I

max H(p(r) -, N R OO
p\T . I
gt ]E,p(,r) [¢(S’ CL)] ~ EW* [¢(S7 a)] PI’OpOSE a reward function < I\ Llnear I

[
| Known dynam|CS|

L se

Compare to expert traces Optlmlze policy agalnst
T T re(s,a)
_ Y _ Y




Linear Rewards = Neural Net Rewards

Max-ent IRL allows us to go from linear rewards to arbitrary neural network rewards

||||||

Linear Max-Ent IRL max K«
w

ZwTvtgb(St,at)] — log/T [exp (Zwaytqb(St,at))] dr
V
Zv ro(st, at ] log/T [exp (Z:ytrgést,at))} dr

Non-Linear Max-Ent IRL maxE

Can simply replace, w with arbitrary 6 and use autodiff!



Avoiding Complete Policy Optimization

4 )

Optimize policy against

re(s,a)
\ J

+—— Assumes dynamics are known so we can just do (fast) planning

What happens when dynamics are unknown!

E,-

ZVtVQTQ(Sta at):|
t

—Ep,(m) [Z 7' Vere(st, at)w
L .

« What if we only improved the policy a little bit

Biased!

Requires complete “soft” policy optimization



Avoiding Complete Policy Optimization

Importance sampling to the rescuel!

Epe) [F(2)] = By [@ <w>]

q()
Importance
[ Z”yth“e(St, a/t):| Sampling E, - Z’)/tVQTQ(St,CLt):|
¢ > -
w (T
—E,. {Z ’YtVQTQ(St,CLt)} —E, pq((T)) Z’}/tVQT@(St,CLt):|
¢ t

exp(2_; 7o (5t a1))

Ht7Te<at|St)

Can transfer significantly more from iteration to iteration rather than doing full nested optimization



IRLv4 — Guided Cost Learning

Gradient Step on Reward

Ere | > 7'Voro(s:, at)] ~ ™ re(s,a)
t .
o) t Propose a reward function | Neural network
E Z’Y Vore(se, az)
a(r) 5 re(s,a)
- J
Gradient step on policy
4 ) 4 )
Compare to expert traces Optimize policy against
T T r¢(37 a)

- J - J




IRLv4 — Guided Cost Learning

7z )

) THEEE ’ X
gt S == vt/ ‘Demoyi (of 20)



L ecture Outline

Why Imitation? + Problem formulation

l

IRLv1 - max margin planning

|

IRLv2 - max entropy IRL

|

IRLv3 - partial policy optimization

|

IRLv4 — adversarial IRL



Connecting Maximum-Entropy RL to GANs

Generator

Discriminator

=)

Looks like a game

1. Start with a random policy Ty and weight vector w
—— 2. Take a step on “soft” optimal policy under w — p., (7)
3. Take a gradient step on w

V@E — ]Eﬂ-*

Z ’}/tVQ’rg(St, CLt) — Eq
t

p;“(g) Et: Y'Vore(st, at)

L 4. Repeat

|-| > Output the optimal reward function w*




Recasting GAIL as an IRL method

For a particular parameterization of the discriminator, GAIL recovers a reward

Max-Ent Inverse RL AlL

pw(T) /
N ZV VW(S“‘“)] With some massaging

. ;’ytVQTQ(St,CLt)] i < > i K [Dw (7)] +

Push up demos, push down policy Push up real data, push down generated

DQ(T) —

2 exp(rg(7))
% exp(rg(7)) + imo(at|st)

GAIL (which is just a GAN), recovers Max-Ent IRL

In practice, often use GAIL and just log D as reward



Recasting GAIL as an IRL method

For a particular parameterization of the discriminator, GAIL recovers a reward

Max-Ent Inverse RL AlL

With some massaging

. ;’ytVQTQ(St,CLt)] i < > i K [Dw (7)] +

Push up demos, push down policy Push up real data, push down generated

T-1 T-1

Erp Y A're—Er Y 4 (re —logm(agls)) — 1(r)

t=0 t=0

max min
T T
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Can we get rid of this adversarial game?

Max-Ent Inverse RL AlL
T r
| |
|
DA v'Vore(st, Clt)] : l :
- ¢ N1 EeDul+
' | En[1-Dy(m)]
w(T ' — T
—E, Pu(7) Z’}/tVQT'Q(St az) |1 : o ¥ !
q(7) Y I : |
| : |
Push up demos, push down policy Push up real data, push down generated

TEZW% ETwZ’Y re — log m(adlse)) — (r)| .

max min
s

Yes if we are maximum entropy!



Let’s start from the adversarial objective

maxmm TEZW re — ETWZV ry — logm(ae|sy)) — P(r)| .

T

Expert pushed up On-policy pushed down Reqgularization

r: make expert better than learner , ,
How can we get rid of this

: optimize the learned reward

Certain properties hold at optimality for maximum entropy RL!




What does max-ent RL tell us?

Q; (s,a) = ES’NP(-|S,(1,) ["“(S, a, S/) + 7y ;;1(3’)} : (Bellman equation)
V)" (s) = log Z exp Q5 (s, a). (Value expectation)
77;(@‘3) — €XP (Q;(S, a) — Vtr(s)) : (Policy extraction)
T-1
mBXETW Z V' (re — log m(aslst)). —p Esompo [V (50)] -
=0

(Max-ent RL objective) (Average value function)



| et’s reduce max-ent IRL

TEZM Em27 re — log m(agls:)) — (r)| .

\ J
|

|

Non-adversarial, but V depends on r non-trivially ESONPO [VOT (SO)] :

max min
s

max |Ec, »  y're = Eggnp, [V (s0)] = 9(r) | -




Can we unity policy and reward via Q7

max ]E'TE Z YTy — SONpo VO (80)] 770(7“) :

Turns out all can be written in terms of Q

%(3) = log Z exXp Qt(sa a)~ TQ(‘S? a, 3/) — Qt(sa a) — ’YV;S—H(S/)'

m@(als) = exp (Q(s,a) — Vi(s)) .



Let's simplify to a single objective

mnax E’TE Z VT oNpo VO (SO)] ¢(T) '

Q

Erg i 7 (Qi(st5at) = YVir1(se41)) — Esgmpo [Vo(80)] — 9(7@)

Vi(s) =log Y expQu(s,a), rq(s,a,s") = Qu(s,a) = YV (s").

maxmin —— max.
r T Q




L et’s build some intuition on this

maxmin —> max —— Inax
r U Q T,V
T—1 ]
max |Er, Y 7" (Qe(st: ar) — YVis1(se41)) — Eagmpo [Vo(s0)] — ¥(rq) | ,

t=0 A

TQ('Sa a, S/) — Qt(sa CL) o ’7‘/;4-1(8/)' Qt(87 CL) — V;f<8) + logﬂ(a\s).

@ Re-represent in terms of i, V
T—1
min | —Brp Z v log m(aglse) 4 1 (log m(ae|s:) + Vi(se) — YVig1(se41)) | -

t=0



L et’s build some intuition on this

T-1
—Erg Z v log m(aglst) + 1 (log m(agls:) + Vi(se) — 7Vt+1(5t+1))} :

min
w,V
o N\
Maximize likelihood (BC) Ensure TD consistency under implied reward

Don’t just pick expert actions, but those that also lead to high value

No adversary!



Does this work?

Q Estimation QZ_RL

L) =)

Value function
Action distribution

BC Policy

Entropy reward




Does this work?

MLE Offline IRL Online IRL

DDDDD CJDDDD DDDOD

. Tramlng Objectlve . Tralnlng Objectlve . . T(alnlng Objectlve .

? ?W * ’w * ’W Works at increasing diversity of responses in LLMs
Model Model Model

SOB00 HOBO0 CAeE @

20 i 20 i
I 1
30 i 30 i = GAIL (ent-reg=0.0)
A | better A ] % GAIL (ent-reg=0.01)
40 > > i y  >a 40 by > E Y > . 4 GAIL (ent-reg=0.1)
) v v | y 7 ) v v/ ! x T ¥ IQLearn (A=0.1)
X 50 i % 50 i 4 IQLearn (A=0.5)
2 60 : v i g 60 A 4 i % IQLearn (A=1.0)
& i & i ¥ MLE (ent-reg=0.0)
70 ! 70 ' % MLE (ent-reg=0.01)
i * i <% <4 MLE (ent-reg=0.05)
80 ¢ 80 : 4 MLE (ent-reg=0.1)
Base I Large Base ! Large
90 ! 90 1
355 36.0 36.5 37.0 375 38.0 385 14.5 15.0 15.5 16.0 16.5

ROUGE 1 ROUGE 2



