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Lifefime credit assignment problem solver

e Jirgen Schmidhuber
— LSTM (Long Short-Term Memory)
— Convolutional Neural Network(?)
— Generative Adversarial Networks (?)
— Transformer(?)
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— To bring the simplicity, robustness and scalability of SL algorithms to traditional RL algorithms

In Short

e Key Idea: Use Upside-down function (Behavior function) instead of Q-value function

e

Observation

Action

-

Q-value function

e

Value
(expected
return)

Behavior Function

Observation

ﬂ Action

Command /

(desired return,
desired horizon)

~

/

SL Problem for behavior function B,
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- lIsit p055|ble to learn to act in high-dimensional environments efficiently using only SL, avoiding the issues arising from
non-stationary learning objectives common in traditional RL algorithms?

UDRL

— anew approach to RL where instead of trying to predict rewards from states like value functions and Q-learning, the
agents directly predict actions based on the state and the command

de-Down Reinforcement Learning (UDRL)

— The goal of learning is no longer to maximize returns in expectation, but to learn to follow commands

Command ([desired return, desired time horizon])
— "achieve total reward R in next T time steps”
— "reach state S in fewer than T time steps"

2
— desiredreturn d’ = Zrt
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~ desired horizon " =¢, —¢, t2

https://medium.com/@jscriptcoder/demystifying-upside-down-reinforcement-learning-a-k-a-%EA%93%A4-b7bd4214b33f



Toy Example

Figure 2: A toy environment with four states.

Table 1. A behavior function based on all unique
trajectories for the toy environment (left image).

State  Desired Return Desired Horizon | Action
S0 2 1 L]
S0 1 1 az
S0 1 2 1
51 -1 1 s




s5

Example 2

s6

trajectory of traditional RL

(sO, a2, 1, s2)
(s2, a5, 2, s4)
(s4, a7, -1, s5)

trajectory and SL of UDRL

L(B(sO, 2, 3), a2)
L(B(s2, 1, 2), a5)
L(B(s4, -1, 1), a7)

https://www.youtube.com/watch?v=ed7QQMG24MM 6
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Example 2

s6

trajectory of traditional RL

(sO, a2, 1, s2)
(s2, a4, -1, s3)
(s3, a8, 5, sb)

trajectory and SL of UDRL

L(B(sO, 5, 3), a2)
L(B(s2, 4, 2), a4)
L(B(s3, 5, 1), a8)

https://www.youtube.com/watch?v=ed7QQMG24MM 7



UDRL Algorithm 1

Behavior function= NN= function approximator = =g

Algorithm 1 Upside-Down Reinforcement Learning: High-level Description.

1: Initialize replay buffer with warm-up episodes using random actions
2: Initialize a behavior function

3. while stopping criteria is not reached do

4:  Improve the behavior function by training on replay buffer

5. Sample exploratory initial commands based on replay buffer

6:  Explore using sampled commands in Algorithm 2 and add to replay buffer

7. If evaluation is required, evaluate using evaluation commands in Algorithm 2
8: end while

/! Section 2.2.1
// Section 2.2.2

// Section 2.2.3
// Section 2.2.4
/! Section 2.2.5
// Section 2.2.6

Sampling exploratory commands

1. A number of episodes with the highest returns are selected from the replay buffer.

2. The exploratory desired horizon df} is set to the mean of the lengths of the selected episodes.

3. The exploratory desired returns dj, are sampled from the uniform distribution U[M, M + S| where

M is the mean and 5 is the standard deviation of the selected episodic returns.



UDRL Algorithm 2

Algorithm 2 Generates an Episode using the Behavior Function.

Input: Initial command ¢y = (d};, d?), Initial state sg, Behavior function B parameterized by 6
Output: Episode data F

1. B+ O

2. 1«0

3. while episode is not done do

4. Compute P(at | st,ct) = B(st, ¢t;6)

5:  Execute a; ~ P(az | st,ct) to obtain reward r¢ and next state s;+; from the environment

6:  Append (st,as,7¢) to E

7. t+—t+1

8 dp «—dy_ | — 1y // Update desired return
9. dl —dl -1 // Update desired horizon
100 ¢ + (d7,dD)

11: end while




Experiments (1)
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Experiments (2)

e Results on sparse delayed reward versions
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