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representation learning?

Superwsed
® |mitation in low-data regime: Teaming > (- | D(s))

Limited expert demonstratlon, much undirected experience

e Offline RL: s a( - | (s))

Expensive/unavailable environments (e.g., recommendation systems)

Potentially in partially observable environments
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Inverse model: —log P(a:|f(&(s¢.¢41))) predict action
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Value prediction network (VPN): ¢(s¢), @t.tak — Ttak, Virr predict future reward & value function

Forward energy model: ©

Deep bisimulation: ¢(s1) — ¢(s2) <> d(s1, s9) state distance <> bisimulation distance

Temporal contrastive learning (TCL): — ¢(s¢11) Wo(ss) + logE, [exp{¢(3) ' W(st)}]

Attentive contrastive learning (ACL): BERT-style contrastive learning of ¢(s¢)
contrast two state representations
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Task Setups
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Task Setups

Imitation

Choose domain € {halfcheetah, hopper, walker2d, ant} Offline dataset: {domain }-{data}-v0

Choose data € {medium, medium-replay } — Downstream task: Behavioral cloning (BC) on first N

Choose N € {10000, 25000} transitions from {domain }-expert-v0
Offline RL

Choose domain € {halfcheetah, hopper, walker2d, ant} Offline dataset: {domain }-{data}-v0

Choose data € {expert, medium-expert, medium, — Downstream task: Behavior regularized actor critic (BRAC)

medium-replay } on data from {domain }-{data}-v0

Online RL

Choose domain € {halfcheetah, hopper, walker2d, ant} Offline dataset: {domain }-{data}-v0 with random masking

Choose data € {expert, medium-expert, medium} — Downstream task: Soft actor critic (SAC) on randomly

medium-replay } masked version of {domain }
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Breadth Study

Imitation Learning Offline RL Online RL
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® Representation learning on average improves imitation learning, offline
RL, and online RL tasks by 1.5x, 2.5x, and 15%

® Forward models of future representations (e.g., DeepMDP, Bisimulation)
exhibit poor performance

® (Contrastive self-prediction (e.g., ACL, TCL, VPN) works the best

e \What is important in representation learning? Reward/action prediction?
Direction of prediction? Momentum? ’
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Input action ?
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predict reward ?

input reward ?

Input action ?
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Attentive Contrastive Learning (ACL)

Downstream Tasks
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Imitation Learning

Depth Study on ACL

*-medium-replay-vO 10k *-medium-replay-v0 25k *-medium-v0 10k *-medium-v0 25k
defaylt EE——— i i
reconst. action (T) NESSS——— | I —— " I ——
reconst. reward (T) FESSS— | I ! I — !
Offline RL
*-expert-v0 *-medium-expert-v0 *-medium-replay-v0 *-medium-v0
default IEEE—— I .

reconst. action (T) DRSS —— D ———
reconst. reward (T) I - S —

Online RL
ant-*-v0 halfcheetah-*-v0 hopper— -v0

default I '

walker2d-*-v0

reconst. action (ﬁ—'ﬁ—
reconst. reward (T) F=—
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Depth Study on ACL

Factor Description Imitation | Offline | Online
reconstruct action |Add action prediction loss based on ¢(s). d T T
reconstruct reward | Add a reward prediction loss based on ¢(s). d T T
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Depth Study on ACL

Imitation Learning

*-medium-replay-vO 10k *-medium-replay-v0 25k *-medium-v0 10k *-medium-v0 25k
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pred. action (T) HEE— : I
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Offline RL
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|
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reconst. action (T)
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pred. action (T)

pred. reward (T) E

Online RL

ant-*-v0 halfcheetah-*-v0 hopper-*-v0 walker2d-*-v0
| | |

default I——— l I l l
reconst. action (T) N

IE

pred. action (T)
pred. reward (T) FE——
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Depth Study on ACL

Factor Description Imitation | Offline | Online

reconstruct action |Add action prediction loss based on ¢(s). l 0 0

reconstruct reward | Add a reward prediction loss based on ¢(s). l 0 0

predict action Add an action prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

predict reward Add a reward prediction loss based on transformer outputs. Whenever d T T

this is true, we also set ‘input embed’ to true.
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*-medium-replay-vO 10k

|
default
reconst. action (T)
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Imitation Learning
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Online RL
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iy
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Depth Study on ACL

Factor Description Imitation | Offline | Online

reconstruct action |Add action prediction loss based on ¢(s). l 0 0

reconstruct reward | Add a reward prediction loss based on ¢(s). l 0 0

predict action Add an action prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

predict reward Add a reward prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

input action Include actions in the input sequence to transformer. d T T

input reward Include rewards in the input sequence to transformer. d T T

input embed Use representations ¢(s) as input to transformer, as opposed to raw 1 = 0

observations.
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R
reconst. reward (T) =—
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Depth Study on ACL

Factor Description Imitation | Offline | Online

reconstruct action |Add action prediction loss based on ¢(s). l 0 0

reconstruct reward | Add a reward prediction loss based on ¢(s). l 0 0

predict action Add an action prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

predict reward Add a reward prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

input action Include actions in the input sequence to transformer. d T T

input reward Include rewards in the input sequence to transformer. d T T

input embed Use representations ¢(s) as input to transformer, as opposed to raw 1 = 0
observations.

bidirectional To generate sequence output at position 2, use full input sequence as d = T
opposed to only inputs at position < 1.

finetune Pass gradients into ¢ during learning on downstream tasks. d d T
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Depth Study on ACL

Factor Description Imitation | Offline | Online

reconstruct action |Add action prediction loss based on ¢(s). l 0 0

reconstruct reward | Add a reward prediction loss based on ¢(s). l 0 0

predict action Add an action prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

predict reward Add a reward prediction loss based on transformer outputs. Whenever d T T
this is true, we also set ‘input embed’ to true.

input action Include actions in the input sequence to transformer. d T T

input reward Include rewards in the input sequence to transformer. d T T

input embed Use representations ¢(s) as input to transformer, as opposed to raw 1 = 0
observations.

bidirectional To generate sequence output at position 2, use full input sequence as d = T
opposed to only inputs at position < 1.

finetune Pass gradients into ¢ during learning on downstream tasks. d d T

auxiliary loss Use representation learning objective as an auxiliary loss during down- d d T
stream learning, as opposed to pretraining.

momentum Adopt an additional momentum representation network. Whenever d d T
this is true, we also set ‘input embed’ to true.

discrete embedding | Learn discrete representations. Following Hafner et al. (2020), we treat d d d
the 256-dim output of ¢ as logits to sample 16 categorical distributions
of dimension 16 each and use straight-through gradients.

context embedding | Following Devlin et al. (2018), use transformer output as representa- d d d

tions for downstream tasks. Whenever this is true, we also set ‘input
embed’ to true.
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Future Directions

Combining state and action representation learning

Other ways to apply transformer in offline RL

Theoretical guarantees for representation learning in offline RL
New representation learning objectives for offline RL
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