
We study how representation learning can accelerate 
reinforcement learning from rich observations, such as images, 
without relying either on domain knowledge or pixel-
reconstruction. Our goal is to learn representations that both 
provide for effective downstream control and invariance to task-
irrelevant details.
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We propose learning such an invariant representation using the 
bisimulation metric, where the distance between two observation 
encodings correspond to how “behaviorally different” both observations 
are. Our main contribution is a practical representation learning method 
based on the bisimulation metric suitable for downstream control, which 
we call Deep Bisimulation for Control (DBC).  We additionally provide 
theoretical analysis that proves value bounds between the optimal value 
function of the true MDP and the optimal value function of the MDP 
constructed by the learned representation.
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Rich Observation Results
We assume the underlying environment is a Markov decision process 
(MDP). An MDP is defined as the tuple ⟨𝑆, 𝐴, 𝑃, 𝑅⟩ where 𝑆 and 𝐴 are the set 
of state and actions. 𝑃(𝑠′|𝑠, 𝑎) is the transition function of the 
environment. 𝑅(𝑠, 𝑎, 𝑠′) is the reward. An agent is usually represented by 
the policy distribution 𝜋(𝑎|𝑠).

Default Setting. Here, the pixel observations have simple backgrounds as 
shown in Figure 4 (top row) with training curves for our DBC and baselines. 
We see SLAC, a recent state-of-the-art model-based representation 
learning method that uses reconstruction, generally performs best.
Simple Distractors Setting. In the next setting, we incorporate simple, easy 
to predict distractors into the background -- different colored balls that 
obey the dynamics of an ideal gas, no attraction or repulsion between each 
pair of objects. Figure 4 (middle row) shows stills of observations in this 
new setting.
Natural Video Setting. Next, we incorporate natural video from the 
Kinetics dataset as background, shown in Figure 4 (bottom row). The 
results confirm our hypothesis: although a number of prior methods can 
learn effectively in the absence of complex distractors, when distractors are 
introduced, our non-reconstructive bisimulation-based method attains 
substantially better results.
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