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MOTIVATION: A VARIETY OF REPRESENTATIONS

• Model-free RL (deep Q-learning)
• Model-based RL (OFENet)
• Bisimulation (DeepMDP, DBC)
• Self-predictive representations (SPR, TD-MPC, ALM)

State Representations

• Recurrent model-free RL (recurrent Q-learning)
• Belief states (Dreamer), Predictive state representations
• Information states

History Representations

This paper unifies them with self-prediction and
provides a simple and principled learning algorithm.

BACKGROUND: REPRESENTATIONS IN POMDPS

• Observation ot, Action at, History ht = (o1:t, a1:t−1).
• In a partially observable MDP, reward R(ht, at) and tran-

sition P (ot+1 | ht, at) depend on histories.
• Encoder ϕ : Ht → Z maps a history into a latent state.
• Policy: π(at | ϕ(ht)), Value: Qπ(ϕ(ht), at).
• Below we omit the subscripts on time-steps.

Notation

Sufficient statistics of an history for predicting
rewards, values, observations, latent states.

1. Q∗-irrelevance abstraction ϕQ∗ [1]. If ϕQ∗(h1) =
ϕQ∗(h2), then Q∗(h1, a) = Q∗(h2, a). E.g., end-to-end recurrent Q-
learning on Q(ϕ(h), a) to convergence.

2. Self-predictive abstraction ϕL [1, 2]. (1) Reward Pre-
diction (RP), (2) Latent state Prediction (ZP) (self-prediction). E.g.,
bisimulation in MDPs [3] and information states in POMDPs [2].

∃Rz : Z ×A → R, s.t.E[r | h, a] = Rz(ϕL(h), a), (RP)
∃Pz : Z ×A → ∆(Z), s.t. P (z′ | h, a) = Pz(z

′ | ϕL(h), a), (ZP)

3. Observation-predictive abstraction ϕO [1, 2]. (1)
Recurrent encoder (Rec), (2) Reward Prediction (RP), (3) Obser-
vation Prediction (OP). E.g., belief states in POMDPs [4].

∃Po : Z ×A → ∆(O), s.t. P (o′ | h, a) = Po(o
′ | ϕO(h), a), (OP)

Their inclusion relationship (we extend from MDPs [1] to
POMDPs): ϕO is stronger than ϕL; ϕL is stronger than ϕQ∗ .

A UNIFIED VIEW ON HISTORY REPRESENTATIONS

An implication graph:
Nodes A and B connected to C
by the same-color edges imply C.

• ZP: next latent state prediction
• OP: next observation prediction
• OR: observation reconstruction
• RP: reward prediction
• Rec: recurrent encoder (MLPs, RNNs)
• ϕQ∗ : optimal value prediction

LEARNING SELF-PREDICTIVE REPRESENTATIONS

We derive a minimalist algorithm to learn ϕL (i.e., RP + ZP):
ϕQ∗ (end-to-end Q-learning) + ZP (auxiliary task) =⇒ RP.

Let fϕ : Ht → Z be an encoder, gθ : Z × A → Z be a latent
transition model, and Qω : Z × A → R be a latent critic.
Sample (h, a, r, o′) ∼ D and optimize a single objective:

min
ϕ,θ,ω

RL(Qω; fϕ(h), a, r, fϕ(h
′)︸ ︷︷ ︸

ϕQ∗ : (z,a,r,z′), diff. thru. fϕ(h)

) + λ ∥gθ(fϕ(h), a)− fϕ(h
′))∥22︸ ︷︷ ︸

ZP: ℓ2 loss, diff. thru. fϕ(h)

where h′ = (h, a, o′) is the next history and ϕ applies stop-gradient.
This ZP ℓ2 loss has been widely used in prior work, while our
work simplifies them by removing additional components.
Furthermore, we show that

Stop-gradient ϕ (detached / EMA) provably avoids
representational collapse in linear models.

(Extended from [6]) With a linear encoder fϕ(h) = ϕ⊤h−k: ∈ Rd

and a linear transition model gθ, if we train gθ to a stationary point
w.r.t. fϕ, then ϕ⊤ϕ ∈ Rd×d will retain its initial value during
training. Therefore, ϕ will keep full-rank thus avoiding col-
lapse as long as it is orthogonally initialized.
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A simple and principled algorithm

EMPIRICAL FINDINGS (ZP)
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Stop-gradient in self-prediction mitigates collapse in deep RL.
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Distracting MuJoCo: concatenating d-dim ϵ ∼ N (0, 1) vector to the state.
ZP-∗: self-predictive; OP-∗: observation-predictive.

Self-predictive representations are more robust to distractors.
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MiniGrid: limited view and sparse
rewards. Predicting observations
provides rich supervision signals.

End-to-end learning (OP, ZP) is
better than modular counterpart
(RP + OP, RP + ZP) here.

Observation-predictive representations for sparse rewards
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ALM(3)[7] adds intrinsic rewards and SVG-style planning to our algorithm
(ZP-RKL). Their main benefit is in the Humanoid task.

As a baseline: decouple repr. learning from policy optimization
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