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Problem Statement

• Many control problems are partially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observablepartially observable:
Agent does not observe state s, must rely on observable history h.

• Privileged training frameworks use state during trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring trainingduring training to
improve agent performance during evaluation.

• Empirically successful [1, 2, 3], but still poorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understoodpoorly understood:
Belief-MDPs (and history-MDPs) dictate state should not matter!

Research Question
Why does state help privileged training algorithms?

Background
Partially Observable Control
• Partially observable tasks require information gathering, memory.
• Agent relies on good representation of history ϕ(h), hardhardhardhardhardhardhardhardhardhardhardhardhardhardhardhardhard to learn.
• Good ϕ(h) extracts key events and filters the rest, but ...

... identifying key events is like finding a needle in a haystack ...

... while learning to recognize needles and haystacks ...

... without supervision.
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Figure: A vicious Actor-Critic cycle.

Privileged Training Frameworks
• Based on history-state values V π(h, s) and Qπ(h, s, a), e.g.,

V π(h, s) = Ea∼π(h)
[
R(s, a) + γ Es′,o|s,a

[
V π(hao, s′)

]]
. (1)

• (Unbiased) Asymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2CAsymmetric A2C [1]

∇J ≈ E
[∑

t

γtQ̂(ht, st, at)∇ log π(ht, at)
]

, (2)

L
V̂

= 1
2

(
r + γV̂ (ht+1, st+1) − V̂ (ht, st)

)2
. (3)

• Asymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQNAsymmetric DQN [2]

L
Û

= 1
2

(
r + γÛ(hao, s′, argmax

a′
Q̂(hao, a′)) − Û(h, s, a)

)2
, (4)

L
Q̂

= 1
2

(
r + γÛ(hao, s′, argmax

a′
Q̂(hao, a′)) − Q̂(h, a)

)2
. (5)

Role of State Hypotheses
State as Information
• State provides information that is extrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsicextrinsic to the history.
• Strongest when H [S | H = h] ≫ 0.
State as a Feature
• State provides information that is intrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsicintrinsic to the history.
• Strongest when H [S | H = h] ≈ 0.
State as Exploration
• State injects context-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependentcontext-dependent variance Vs|h [V π(h, s)].
State as Bootstrapping
• State representation ϕ(s) is easiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasiereasier to learn than ϕ(h) ...

... which helps learn a better critic V̂ (h, s) ...

... bootstrap a better ϕ(h) ...

... leading to a better policy π(h).

Evaluation Methodology

Latent Observations (observations available during training)
Estimate policy gradient using latent observations (designed or learned):

• Latent space Z , function Z : S → ∆Z , values V π(h, z), Qπ(h, z, a),

∇J ≈ E
[∑

t

γtQ̂(ht, zt, at)∇ log π(ht, at)
]

. (6)

Counterfactual History-State Values
Estimate policy gradient using counterfactual states V π(h, s̃):

Es̃|h [V π(h, s̃)] = Es|h [V π(h, s)] = V π(h) , (7)
Vs̃|h [V π(h, s̃)] = Vs|h [V π(h, s)] . (8)

Noisy History Values
Estimate policy gradient using noisy values V π(h, ω) = V π(h) + ω:
• Inject noise ω ∼ Normal

(
0, σ2(h)

)
where σ2(h) = Vs|h

[
V π(h, s)

]
,

Vω|h [V π(h, ω)] = Vs|h [V π(h, s)] . (9)

Feature Importance Analysis
Compare relative importance of history/state features during training:
• Permutation feature importance [4].
• SHapley Additive exPlanations (SHAP) [5].
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Figure: A better Asymmetric Actor-Critic cycle.

Preliminary Results
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Figure: Mean returns over 5 seeds, bootstrapped 95% CI.
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