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Problem settings

* The Markov Decision Process <S,A,T,r,y>

* S states

* A actions

*T(s,a,s') = P[S;;1 =5S'|S; = s,A; = a] (stochastic) transaction func
*r(s,a) = E[R;+1|S; = s,A; = a] reward

* y; discount factor at time t

* Discounted return G; = Z,‘fzoyt(k)RHkﬂ

* Discount factor yt(k) = {-‘zlytﬂ-



Tons of tricks in a nutshell! Ready?
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“THERES TOO MANY OF THEM



Value-based RL

e v'(s)= E[G{|S; = s]or Q" (s,a) = E_[G;|S; = s,A; = a]

* Then, with the value (or Q value) as a proxy, we could derive the
policy ™ with e-greedy argmax. (take max value action with
probability 1- € or uniformly from action space A with probability €)



DQN

* A deep Q network (DQN) is a multi-layered neural network that for a
given state s outputs a vector of action values Q(s, - ; 8), where 0 are
the parameters of the network.

* target network: its parameters (6 ) are copied every episode from
the online network (8) to make training more stable.

YN = Ry + Y max Q(St+1,a;0; ). (3)

* reply buffers (Experience reply): transitions, rewards and actions are
stored for some time and sampled uniformly from this memory bank
to update the network. This is to prevent our DNN to overfit the
current episode



Double Q-Learning

e Two separate value functions (DNNs in our case)

* Pick a batch of experience, then assign each experience randomly to

one of the DNN to update it. After this, we get two set of params &
and 0’

* For each update, one set of DNN is used to determine the action
greedily, the other is used to determine the Q value.

Y= Ry + Y max Q(St+1,a;0;) . (2)
YtDOUbleQE R+ vQ(St41,argmax Q(Si+1, a; 0); 92) . (4)

YDoubleDQN

; = Rit1 + 7Q(St+1, argmax Q(Si+1,a;6:),0, ) .



From Double Q-Learning to Prioritized Replay

* For SGD, we used this to measure the temporal-difference (TD) error:

* A = Rpyq +Vep1argmaxg, Qo-(Sep1,a’) — Qo (Se, Ar)

* We perform gradient descent over 6, then update 6~ in the
beginning of every episode.



Backup vanilla Q-Learning

Qr(s,a) =E R +vRy+ ... | So =s,Ay = a, 7]

= E[R; +¥Qr(Ses1,a")]

* 1T: policy

* y: discount factor

* R: reward

* S: state

* A: action

* Then, the optimal Qvalue Q. (s,a) = max, Q). (s,a)



Backup vanilla Q-Learning

* The optimal Q value can be learned from Q Learning

* In most cases, we cannot go over all action values in all states
separately. So, we parametrize the Q value by 8: Q(s, a; 8,), which
can be updated with SGD:

y 9t+1 — 9t+Oé(YtQ—Q(St7At39t))V9tQ(St;At;915)- (1)
. YO =Ry + Y max Q(St4+1,0a;0;). (2)

. YtQ represents the optimal Q value given best choice of 6
e a is the learning rate



Prioritized Replay

 DQN samples uniformly from the replay buffer.

* we sample import (with high expected learning progress) transactions
more frequently.

* Sample probability given the (traditional) experience <S¢, A¢, R¢, S¢41>

pe o< | By + e Hax q5(St+1,a") — qo(St, At)

* w is a hyper-parameter that determines the shape of the distribution.

* Note that stochastic transitions might also be favored, even when
there is little left to learn about them, in order to avoid overfitting.



Dueling Networks

Basically, add another network to evaluate action advantages.

* We evaluate “goodness” (on the edge or not) of a state s and advantage of
choosing an action a (turn left or right).

qo(s,a) = vy(fe(s)) + ay(fe(s),a) — 2o a’“’b (fe(s

aCUOl’lS

* 1,: value of state. n is the params of such value stream.
IR ]
* ay,: value of action advantage. ¥ is the params of such
advantage stream.
fg is the shared convolutional encoder (network) @
= v



Multi-step Learning
n—1

* truncated n-step return from a given state S;: Rin) = Z fyﬁ’“)RHkH
k=0

* Then, the multi-step variant of DQN is then defined by minimizing the
alternative loss (same thing as before, just changed R; to be Rgn)

(Rin) T %én) thas q5(St+n,a’) — qo(St, Ap))?

* Multi-step targets with suitably tuned n often lead to faster learning
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Distributional RL

* learn to approximate the distribution of returns instead

of the expected return. RX E%_‘ s |

* Maximize over the expected sum of future rewards.
* New Bellman: V™ (x) = Epr[Y; Y'R(x;)|xo = x] = ER(x) + E,r_pzV™(x)

* Future expectation makes modeling even more complex! We use a hidden
variable z to model the value distribution:

e V'(x) =EZ™(x) = E[R(x) + yZ™(x")], where x'~P™ (- |x)

* Discrete distributions C51 to measure. Simply replace the Q-output in DQN to
a softmax over 51 probabilities.(more bins, better performance!)




Distributional RL
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Noisy Nets

* where many actions must be executed to collect the first reward
(Montezuma’s Revenge), what do we do?

* Add noise for better exploration! y=wx + b
Yy = (b + WCU) + (bnoisy ® Eb + (Wnoisy ® Ew)w>7 (4) T
| (gwj gb)
* Over time, the network can learn to w=p"+oc"oe" //L
ignore the noisy stream at different rates b=u’+o° e

in different parts of the state space

* self-annealing T
X



Now, group together!

B e e 90 °9



Recap

(Ret1 + Y41 hax 7 (St+1, a’) — qa(St, At))2 ) (1)

n—1
R{™ =" 7" Riypisr. 2)
k=0
di = (Rt+1 T Vt+1%, P§(5t+135?+1))a
Do (®.d}||dy) . (3)

Yy = (b+Wz) + (bpoisy © € + (Woisy @ ")), (4)



Multi-step Learning Distributional RL

n—1

2)  dy = (Riv1 +vi1z, pg(Sev1,@511))s

Dy, (@2 dil|dy) - (3)

Diw (®.d™|]dy)

@4} ||d,))

Final target KL to minimize

Za’ ey (f€ (8)7 a/)
Nactions

Dueling network

q0(s,a) = vy (fe(s)) + ay(fe(s),a) —

w

/
= q0(St; A)| prioritized reply




Experiments:

e “All Rainbow’s components have a number of hyper-parameters. The
combinatorial space of hyper-parameters is too large for an
exhaustive search, therefore we have performed limited tuning.”

Agent no-ops human starts I K",Ew I
DQN 79% 68% 1 7 2
DDQN (*) 117% 110%

Prioritized DDQN (*) | 140% 128%

Dueling DDQN (%) 151% 117%

A3C (%) : 116%

Noisy DQN 118% 102%

Distributional DQN 185% 125%

Rainbow 231% 153%
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* Pros:
All tricks together, SOTA performance!
A good base to construct your other algorithms on

* Cons:
Hard to tune, hard to implement
No clue how to make it more efficient



Scalable Distributed Deep-RL with Importance

IMPALA:

Weighted Actor-Learner Architectures

Environment steps . Forward pass . Backward pass

_ Actor 0 " B B W .. .next unroll
4 time steps Actor 1 "M
>~ Actor 2 1B
Actor 0 Actor 3 " IB
Actor 1 Actor 4 'l
ACtOI‘ 2 ACtOI' 5 .
Actor 3 Actor 6
N

Actor 7

(a) Batched A2C (sync step.)

4 time steps

Actor 0 ' H B B
Actor1 B H HBE
Actor 2 "I W N
Actor3 "Il R B N

(b) Batched A2C (sync traj.)



IMPALA
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V trace correction

vs E Vi) + 2 (T ci)dtv, (1)

where 0; V e Pt (’rt + YV (Tes1) — V(ft))

def . _
C; — IMin (C

7'('((1,7;|£E¢))

» plag|x;)




My Questions:

* Where were they from?

(Re1 + Yet1 Ifté}X Qa(stﬂa a’) — o (St At))2 : (1)

n—1
R{™ =" P Rysgin 2)
k=0
d;; = (Rt—I-l T Vt+1%, p@(st+1:a;tk+1))v
Dy (P2dy|dy) 3)

Y = (b - WSL’) + (bnoisy ® €b + (Wnoisy ® ew)w)j (4)



* What is the most important contribution of IMPALA?
(hint: distributed)



