To Distill or Decide?

Understanding the Algorithmic Trade-off in Partially Observable
Reinforcement Learning

Yuda Song, RL Theory Seminar, March 17th



Practical Applications Involve High Dimensional Inputs




Rich Observation Environments with Latent Space
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Partially Observable Models

* Such mapping doesn’t always exist because of partial observation.
* |.e., states might not be unique given (history of) observations.
» Lack of modalities — vision (observed) vs. tactile (not observed).

e Occlusion in autonomous driving and robotics.
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What do People Do in Practice?

 End-to-end RL (expensive).

* Expert Distillation / Teacher Student Learning / Learning by Cheating:
What is the algorithmic tradeoff between the two

e Sim2Real, : . .
| In a realistic setting?

* |mitation learning by mapping observation to expert action, produced by privileged
policy seeing state.
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Part 1: Overview of the results (theoretical and
empirical)

Part 2: Detalls of the theoretical results



Part 1: Overview of the results (theoretical and
empirical)



Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(z; L))

Belief Contraction Error: Decodability Error:
Error from using recent Measuring how non-
frames instead of full history. concentrated belief state is.

Intuition: O if no partial observation —
misspecification to true latent expert.




Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly( ,€.0(m; L)) Poly(e,~"(; L))

Under benign observability:
(Perturbed Block MDPs)

Belief Contraction Error: Decodability Error:

Error from using recent Measuring how non-
frames instead of full history. concentrated belief state is.




Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(; L))

Under benign observability:
(Perturbed Block MDPs)

Belief Contraction Error: Decodability Error:

controllable.

Measuring how non-
concentrated belief state is.
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Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(; L))

Under benign observability:
(Perturbed Block MDPs)

Belief Contraction Error: Decodability Error:
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determined by the latent
dynamics.
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Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(; L))

Under benign observability:
(Perturbed Block MDPs)

Belief Contraction Error: Decodability Error:

controllable.
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controllable
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Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(; L))

Under benign observability:
(Perturbed Block MDPs)

Belief Contraction Error: Decodability Error:

controllable.

determined by the latent
dynamics.

Determinisv Stochastx

controllable irreducible
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Distillation i1s More Efficient under Deterministic Latent
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With proper algorithmic choice, distillation can be more efficient than RL In

practice under high observability and deterministic latent dynamics.
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RL is Performs Better under Stochastic Latent
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RL outperforms expert distillation under stochastic latent dynamics

with enough frame stacks (to reduce belief contration error).
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Intervention Preview: Smoothing the Expert

Trajectory Rewards

Expert Smoothing Noise 0.2 - humanoid
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Expert Smoothing Noise 0.2 - dog

Regular Expert
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Smoothed Expert

Smoothing the expert can reduce a variant notion of decidability error thus

Improve the performance of expert distillation.
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Part 2: Detalls of the theoretical results



Setup: Partially Observable Markov Decision Process (POMDP)

observation history: . .
given h, L € [H], observation state action

L=, XX o X XL, X = {Sl"h}gzl & = {é)h}f:l A = {ﬂh}le

latent dynamics: emission distribution:
thsh—IXﬂh—lﬁA(é)h) @hcs)h%A(th)
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Setup: Executable Policy

observation history: . .
given h, L € [H], observation state action

L=, XX o X XL, X = {Sl"h}gzl & = {é)h}f:l A = {ﬂh}le

latent dynamics: emission distribution:
I]:Dh:CS)h_IXth_l—)A(CSDh) @hé)hﬁA(%h)

L-step executable policy: [1" = A h=Lih s gph=Lin=1 _ A(oA )
Trajectory © = {81, X1, Ay, iy - vy Spps Xpgs Apps Ti7 )

Sy ~ Pr(su_1ap_1), %, ~ Ou(sy), a, ~ 71X, _p.p» @y ._1)s 1 = R(sy,, ).
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Setup: Latent Policy

observation history: . .
given h, L € [H], observation state action

L=, XX o X XL, X = {Sl"h}gzl & = {é)h}f:l A = {ﬂh}le

latent dynamics: emission distribution:
I]:Dh:CS)h_IXth_l—)A(CSDh) @hé)hﬁA(%h)

L-step executable policy: [1" = A h=Lih s gph=Lin=1 _ A(oA )
Trajectory © = {81, X1, Ay, iy - vy Spps Xpgs Apps Ti7 )

Sy ~ Pr(su_1ap_1), %, ~ Ou(sy), a, ~ 71X, _p.p» @y ._1)s 1 = R(sy,, ).

Underlying MDP /Z = {H, &, </, P, R}

Latent policy [T = {72 . &, — A(),)}
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Setup: Belief State

observation history: . .
given h, L € [H], observation state action

L=, XX o X XL, X = {Sl"h}gzl & = {é)h}f:l A = {ﬂh}le

latent dynamics: emission distribution:
I]:Dh:CS)h—IX‘Q[h—l_)A(CS)h) @hé)hﬁA(%h)

O (x5, | s5) b(sp,)
2. cs, Onlx | 2) ()

b, (X1, a1.,_1) = Up(by_1 (X115 a1.20)5 a1, Xp) Un(b; ay_y1, %) := B, (Pylay_y) - b; x;,)

Belief state: a distribution over the latent state B,(b; x,)(s;) 1=

We can construct an executable policy given a belief b and latent policy 72"

(Ao D) (ay) = Y blspm(ay | s,)

S,ES ),
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Expert Distillation

Latent expert: 772" € TT**" training data distribution {s,,, x,, @, ~ p, }i_ .

Objective:

N

- latent :
Xh—L-hoShsn~ MUy, [f(ﬂ : en( ) ‘ Sh)’ ]Z-( ‘ ‘ Xh—Lh’ ah—Lh—l))]

u =d”" :Behavior Cloning; u = d”: DAgger/Forward

optimal belief under

Ideal outcome: L-step history and
learning policy

1
Xy gy Q1) = T atent o 2P “X—pohs A=)

(achievable with
Forward)
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(X L:1> Ap—:h-1)

Expert Distillation Error Decomposition
74" o b?P N Xp—p> p—:—1)

Lemma (Sub-optimality of Composed Policy)

J(*) — J(7)
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(X L:1> Ap—:h-1)

Expert Distillation Error Decomposition
74" o b?P N Xp—p> p—:—1)

Lemma (Sub-optimality of Composed Policy)

J(®) = J(rr) < J(7'2eny — J(rr)
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(X L:1> Ap—:h-1)

Expert Distillation Error Decomposition
74" o b?P N Xp—p> p—:—1)

Lemma (Sub-optimality of Composed Policy)

latent

J(r®) = J(r) < J(7'¥ey — J(z) < TV(P* I
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Expert Distillation Error Decomposition

Lemma (Sub-optimality of Composed Policy)

J(r®) = J(r) < J(7'2e — J(7r) < TV(

U

latent

p

(X L:1> Ap—:h-1)

latent apx
i G )

H
P7) < Z 2e9°(7) + &°(; L))
h=1
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(X L:1> Ap—:h-1)

Expert Distillation Error Decomposition

latent apx
G N S )

Lemma (Sub-optimality of Composed Policy)

H
J(7*) — J(z) < J(x™"™) — J(x) < TV P™) < ) 26f(n) + E°(x; L))
h=1

Decodability error: elfec(ﬂ) = E"[1 = |[b,(x1.1, a1 )]l & ]

belief with L-step history
with uniform prior
Belief Contraction Error:

6}(;0”(71.; L) .= _E[th(xlzh’ al:h—l) R bsz(xh—L+1:h’ ay_1:-h—1s Unlf(cs)h—L))H 1]




Perturbed Block MDPs

« How does these two errors behave in a practically
relevant setting?

* Practical intuition: only small chance of partial
observation due to, e.qg., periodic occlusion.

Perturbed Block MDPs

The emission distribution in perturbed Block MDPs follows the block structure with

probability 1 — 0 and arbitrary otherwise:
O,(x|s) = (1 = 80PN (x|s) + SE,(x]s) .

block structure: support of @210Ck( - | 5) is disjoint forall s € &
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Overview: Expert Distillation Requires Stronger Error Conditions

Expert Distillation RL

Poly (e *“(x), €°"(; L)) Poly(e,™"(; L))

Under benign observability:
(Perturbed Block MDPs)

due to high observability
Belief Contraction Error:
decays exponentially w.r.t.
frame stack.

Decodability Error:
determined by the latent

dynamics.
Determinisv Stochastig
Decays exponentially Irreducible sub-0piti

w.r.t,, current timestep linear in horizon)

———

ality

latent dynamics does not “spread” belief




Lower Bound under Stochastic Latent Dynamics

Theorem (Lower bound of expert distillation)

There exists a o-perturbed Block MDP with stochastic dynamics such that for all
L € [H], the optimal latent policy

latent ¢ atisfies:

min TV(P*"", P?) > Q(min(1,6H)) .

rellk

Irreducible misspecification to the latent expert!




Lower Bound under Stochastic Latent Dynamics

Theorem (Lower bound of expert distillation)

min TV(P*"", P?) > Q(min(1,6H)) .

rellk

ﬂ'latent(sh) - ah, Clh — Sh Prﬂ(ah — Sh ‘ Th) S 1 — 5 PI‘”(Vh = [H],ah — Sh) S (1 — 5)H

This is easy for RL (to learn the optimal executable policy):
one step bandit problem for each tilmestep
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Lower Bound under Stochastic Latent Dynamics

» Optimal executable policy (RL policy): a;, = x,
» Expert distillation policy: @, = x;, with probability 1 — 0, a;, = x;, with probability 0
» Suboptimality: O(0)

» Can be made O(0H) by adding an absorbing state
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Increasing Gap with Higher Stochasticity

/140
e M4 \—d‘
665.0

DAgger (history=2)
DAgger (history=3)
DAgger (history=4)
RL (history=2)
RL (history=3)
RL (histery=4)

80

700
600
-E 500
5 400
g 300
200
100

dog noise=0.4

40 60
Wall-Clock Time (hours)

- G736 .o

e41./

DAqgger (history=2)
DAgger (history=3)
DAgger (history=4)
RL (history=2)
RL (history=3)
RL (history=4)

80



(X L:1> Ap—:h-1)

Decodability Error Can Be Loose

latent apx
” o b (X _y o A1)

Lemma (Sub-optimality of Composed Policy)

H
J(7*) — J(z) < J(x™"™) — J(x) < TV P™) < ) 26f(n) + E°(x; L))
h=1

Decodability error: ehec(ﬂ) =1L = (b, ey @ D] o ]

latent

Action Prediction Error: eaCt” (m) := E"[1 — ||z o b, (x1.., a1.p_ )l o]
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(X L:1> Ap—:h-1)

Decodability Error Can Be Loose

latent apx
” o b (X _y o A1)

Lemma (Sub-optimality of Composed Policy)

H
J(m%) — J(m) < J(#'% — J(z) < TV(P™, P~ Z et (1) + E°"(x; L)

Decodability error: ehec(ﬂ) =1L = (b, ey @ D] o ]

latent

Action Prediction Error: eaCt” (m) := E"[1 — ||z o b, (x1.., a1.p_ )l o]
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(X L:> Ap—1:1—1)

Decodability Error Can Be Loose

latent apx
77 o ™ (X p.p Ap—pn—1)

Lemma (Sub-optimality of Composed Policy)

H
J(z*) = J(zm) < J(@™) — J(z) < TV(P™", P~ 2 et (1) + &N(r; L)
Decodability error: €°°() := E™[1 — ||b),(x;.» @1:5— D]l o]
Action Prediction Error: eaCt TN () = B[] — || mient b, (1.7, A1 )| o]
If 13 is deterministic, in general we have GZCt;”latem(ﬂ) < €%°%(r)

Calling some notion of “smoother” expert




Smoothing the Expert

Expert Smoothing Noise 0.2 - humanoid

Expert Smoothing Noise 0.2 - dog

800
300
< & 600
= 600 =
= <
iz
400 W YR YWY Y
> >N .
g 400 S —e— Expert noise 0.1
0 o —e— Expert noise 0.2
g 200 g 200 —e— [Expert noise 0.3
Expert noise 0.4
agrt noise 0.5
0 - o7
0 50,000 100,000 150,000 200,000 250,000 0 50,000 100,000 150,000 200,000
Training Steps Training Steps
. Final Error Comparison - humanoid ‘ Sm oothed Expert \
| Expert Smoothing Noise 0 - humanoid Expert Smoothing Noise 0 - dog
0.25 e 800
20.20 éGOO . 20 N ésoo
:c;o 15 é N o L ‘ ﬁiﬂ
E l 5400 £ —e— Expert noise 0.1 5400 . —+— Expert noise 0.1
© 010 [N BN B ‘5 —— Expert noise 0.2 E —— Expert noise 0.2
'L% ' g 200 e Expert noise 0.3 gzoo | e Expert noise 0.3
/' e Expert noise 0.4 ~e— Expert noise 0.4
0.05 | B S o Expert noise 0.5 o ¢ Expert noise 0.5
0 50,000 100,000 150,000 200,000 250,000 0 50,000 100,000 150,000 200,600 250,000
0.00 Training Steps Training Steps

0.2 0.3 0.4 0.5 37
Noise Level



Summary

Decodability Error
Belief Contraction Error

Perturbed Block MDPs

Tradeoffs

RL:
Computation inefficiency

Expert distillation:
Pitfall under stochastic
latent dynamics

Intervention

Tighter bounds with
action prediction error

Imitation smoother
expert In practice




