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Motivation: Ride-Sharing

The order-dispatching policy is trained offline which is then applied to

real world

Although offline and online environments may be almost the same,

these policies can perform poorly in real world
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Motivation: Empirical Studies
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Small perturbation imposed on certain state can significantly change

the trajectory afterwards

Similar result after perturbing some parameter in the policy network
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Our Contributions

Question: How to quantify the effects of these variations?

Prior Work: distribution shift between online and offline data

Our Contributions:

analyse why a trained policy fail when applied to new but similar

environment

construct adversarial learning to evaluate sensitivity of RL components

our method is efficient for detecting DRL, theoretically and empirically

4 / 10



Method: Perturbation Mainfold

DRL Setting: Given state s, action a and network parameter θ, the

distribution of z is P (z|s,a,θ).

The perturbed model is P (z|s,a,θ,ω) after imposing a perturbation

ω = (ω1, . . . , ωp)
T on either s or θ

Perturbation Manifold: M = {P (z|s,a,θ,ω) : ω ∈ Ω}. The vector

space of M at ω is spanned by p functions {∂iℓ(ω|z, s,a,θ)}pi=1,

where ∂i = ∂/∂ωi and ℓ(ω|z, s,a,θ) = logP (z|s,a,θ,ω) [1, 2]

Metric Tensor: G(ω) ∈ Rp×p of ω is defined as

gij(ω) = Eω [∂iℓ(ω|z, s,a,θ)∂jℓ(ω|z, s,a,θ)]
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Influence measure

Let f(ω) : Rp → R1 be the objective function, we can then define the

first-order local influence measure (FI) of f(ω) at ω0 as

FIω(ω0) = ∇T
f(ω0)

G−1(ω0)∇f(ω0)

High FI represents that f(ω) is more vulnerable to ω

FI possesses an intrinsic property that is free of the constraints

imposed by ω

FI is invariant to any reparameterization of ω
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Task (i): Detection of fragile states

Comparison of trajectories for states (Q-values as objective function)
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state 461 with high FI:
significant difference
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state 100 with low FI:
negligible difference

FI can detect potentially vulnerable states!
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Task (ii): Adversarial learning of policy network

Parameters in the DENSE2 BIAS layer and their corresponding FIs
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Only 8 positive parameters ⇐⇒ 8 parameters with high FI detected
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Task (ii): Adversarial learning of policy network

Comparison of trajectories for parameters (Q-values as objective function)
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204th parameter with high FI :
significant difference
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152nd parameter with low FI:
no difference

FI can pinpoint sensitive policy parameters!
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