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0. Abstract Summary

“* Robust Adversarial RL often requires strong practical assumptions, such as a
parameterizable simulator at training time.

“ By moving the adversary to act on the learned model, we avoid these assumptions and

gain the sample efficiency of model-based methods.

% Since we explicitly have access to predicted nominal and adversarial transitions, we

can interpret the adversarial transitions.

¢ Our quantitative results demonstrate that we meet or outperform state-of-the-art

robust RL methods in a variety of locomotion tasks, often with fewer
assumptions and always with less samples.

1. Background: Robust Adversarial RL

Robust Adversarial Reinforcement Learning (RARL) considers an agent that operates
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2. Auxiliary Pessimistic Transition Model Learning

Starting from a model-based setting, where p, approximates the nominal transition function P, an auxiliary

model g, is trained to serve as an
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iIn a set P of Markov Decision Processes (MDPs). Notably, the agent is oblivious to which

environment it is operating in. The goal of the agent in this Robust MDP is (by definition)
to maximize its expected utility when the MDP is adversarially selected from the set. This
adversarial selection happens at every timestep, to keep the problem tractable ((s, a)-

rectangularity assumption).
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With the corresponding optimal policy:

Many options to choose P exist, in this work we opt for the Kullback-Leibler (KL)
uncertainty set due its property to blow up outside of the support of the nominal transition
function P(-). Additionally, as the KL-divergence bounds the total variation distance, we

lower-bound the nominal performance (see Section 3).
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6. Interpretability

When comparing the 4 largest state
modifications between the nominal model
and the pessimistic model in Hopper-v4,
we see:

* Increased torso angular velocity
 Decreased actuator angular velocity

* Lower forward-moving velocity

All these aspects are expected, as this
makes the robot more prone to falling, and
slower, therefore minimizing the value.
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Part B: Auxiliary pessimistic model

adversarial version of the nominal model.
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Where the auxiliary pessimistic model is trained by minimizing the likelihood of high-value transitions (based
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Minimize the likelihood of high-value transitions

> Remain reasonably close to the nominal model

3. Impact on performance bound

Janner et al. (2019) provided a lower bound on the return of a policy in the real environment G|r] , given its
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4. Practical Algorithm: Robust MBPO (RMBPO)

We implement the robust model in MBPO (Janner et al., 2019). The proposed
modifications are:

* Learning the auxiliary model as described in Section 2.

« Using the auxiliary model as the environment for Soft Actor-Ciritic.

Algorithm 1 RMBPO (Additions in blue)

1: Initialize policy m4, predictive model py , auxiliary model gy,
2: environment dataset De,,, model dataset D, qei
3: for N epochs do
4: while improving on holdout set do
Update model parameters 6 on environment data D,,,, via maximum likelihood
end while
while improving on holdout set do
Update auxiliary model parameters 1 according to Eq. |7} ¥ < ¢ — )\a@d,Jg(w, Denvs Doy To)
9: end while
10: for E steps do

11: Take action in environment according to mg; add to Denp,

12: for M model rollouts do

13: Sample s; uniformly from D,,,

14: On-policy rollout according to Eq. 5|starting from s; using policy m4; add to Dmode
15: end for

16: Perform (soft) actor-critic updates on ¢ using samples from D, odei-

17: end for

18: end for

5. Toy experiment

To demonstrate how the loss function biases the transition distribution towards low-

value transitions, we fit a standard Gaussian distribution to 3 value functions:
v,(x) = x,v,(x) = —x,v3(x) = x?, using the loss function from Section 2. As
expected, the pessimism is proportional with 7.

v1(x)= X

V2(X)|= — X
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We evaluate the robustness of RMBPO by
training it in the nominal environment and
evaluating it under a sweep of two
simultaneous perturbations. In all
environments, RMBPO is competitive with
state-of-the-art baselines using less data (see
paper Fig. 3, Fig. 4 for more results).

Next, we generate an empirical cumulative
density plot of these experiments which
confirms that RMBPO successfully reduces the
number of low-return episodes compared to the
MBPO. Sometimes at the expected trade-off of
a lower nominal performance.

N
(®)

N
o

Torso Mass
w w
o

N
(6)]

Janner, M,, Fu, J., Zhang, M., & Levine, S. (2019). When to Trust Your Model: Model-Based Policy Optimization. NeurlPS (Vol. 32).
Rigter, M., Lacerda, B., & Hawes, N. (2022). Rambo-rl: Robust adversarial model-based offline reinforcement learning. NeurlPS (Vol. 35).

(6)

-04 —-0.2 0.0 0.2 04 -04 -0.2 0.0 0.2 04 —-04 -0.2 0.0 0.2 04 —04 -0.2 0.0 0.2 0.4
Relative Normalized Friction
DMC Walker Walk
QARL RARL SAC MixedNE-LD RMBPO (n = 0.25)

-
o

w
o
o

Jbint Damping
(6]

100

0.3

0.7 0.1

Torso Length

4000 Walker2d-v4

Hopper-v4

HalfCheetah-v4

mec fwo

—
o

" || —— RMBPO | —— RMBPO

o
(e0]

3000

o
(o))

2000

Mean Return
o
I

o
N

1000

o
o

Proportion Below Mean Return

2000 3000 4000 2000 4000

Mean Return

1000 1500 2000 2500 3000 35000 1000

Mean Return

500

Walker Run Walker Walk

6000
Mean Return

8000 10000

-
o
1
-
o

| —— RMBPO

o
oo
1
o
oo
1

o o
£ »
o o
£ »

o
N
1
o
N
1

Proportion Below Mean Return
Proportion Below Mean Return

o
o
1
o
o

Mean Return

400 600 800

Mean Return

200

o 1

0 100 200 300 400 500 600 700
Mean Return

1000

12000



	Slide 1

