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Problem decyzyjny Markova
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Rozwiązanie problemu decyzyjnego Markova
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nieznany MDP
brak f. nagrody i modelu przejść
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nieznany MDP

1. Co jest gorsze? Brak f. nagrody, czy modelu przejść? Raczej: brak
modelu przejść.
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Uczenie ze wzmocnieniem

Uczenie:

pasywne (problem predykcji) → ocena użyteczności danej
polityki π

aktywne (problem sterowania) → znalezienie optymalnej
polityki π

eksploracja!
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Rodzaje uczenia

1 Uczenie nadzorowane (nauczyciel)

1 klasyfikacja: stan → [znana!] klasa decyzyjna
2 regresja: stan → [znana!] wartość

2 Uczenie ze wzmocnieniem (krytyk)

1 stan → [nieznana!] klasa (akcja), ale wzmocnienie.

3 Uczenie nienadzorowane (brak nauczyciela)

1 stan → [nieznana!] klasa
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Rodzaje uczenia

1. Stan jest zwykle opisywany atrybutami, cechami (np. typowa

”
tabelka” w problemie klasyfikacji)
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Podejścia do uczenia ze wzmocnieniem

Równanie Bellman’a:

U(s) = R(s) + γ max
a∈A(s)

∑

s′

U(s ′)P(s ′|s, a)

Podejścia:
1 agent odruchowy (direct policy search)

uczy się polityki π : S → A
np. algorytm ewolucyjny

2 agent z funkcją użyteczności U
uczy się U(s)
np. adaptatywne programowanie dynamiczne (ADP),
metoda różnic czasowych (TDL)

3 agent z funkcją Q
uczy się Q(s, a)
np. metody różnic czasowych (Q-learning, SARSA)

Który agent potrzebuje modelu świata?[zadanie 1]
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Podejścia do uczenia ze wzmocnieniem

1. Teraźniejszość R(s) + oczekiwana zdyskontowana przyszłość.
2. która mapuje bezpośrednio stany na akcje.
3. musi posiadać model środowiska, żeby podejmować decyzje.
4. nie musi posiadać modelu środowiska
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Reguły uczenia

TD-Learning

Uπ(s)← Uπ(s) + α
(
R(s) + γUπ(s ′)− Uπ(s)

)

α — współczynnik uczenia

Q-Learning

Q(s, a)← Q(s, a) + α
(
R(s) + γmaxa′Q(s ′, a′)− Q(s, a)

)

α — współczynnik uczenia
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Approksymator funkcji

Przestrzeń stanów:

ADP działa rozsądnie dla problemów wielkości rzędu 10000
stanów.

tryktrak (backgammon): 1020

szachy: 1040

Nie da się explicite rozważać tylu stanów

Aproksymator funkcji:
Nietablicowa, parametryczna, funkcja stanu lub pary
stan-akcja.

Przykład:

Stan reprezentowany jako cechy f1, f2, . . . , fn.
Aproksymator funkcji Ûθ to ich liniowa kombinacja:

Ûθ(s) = θ1f1(s) + θ2f2(s) + · · ·+ θnfn(s)

Uczymy się tylko wartości parametrów θ = (θ1, θ2, . . . , θn).
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Generalizacja

Approksymator funkcji

1. (jeśli dobrze się zaimplementuje),
2. Ale wcale nie musi być liniowa
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Przykład

Ûθ(s) = θ1pionków(s) + θ2figur w centrum(s)+

θ3hetman?(s) + θ4szach?(s)

1040 stanów → 4 parametry

Przykład
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Aproksymator funkcji

Właściwości:
1 musi być łatwo obliczalny,

Cechy oparte na np. przeszukiwaniu Minimax’em są dobre, ale
kosztowne obliczeniowo. Potrzebujemy prostych cech.

2
”
kompresuje” (dużą) przestrzeń stanów w (małą) liczbę

parametrów,
3 =⇒ uogólniania wiedzę (stany odwiedzone vs.

nieodwiedzone),

Przykład: co 1012 stan →
”
mistrzowski” gracz w tryktraka

4 Kompromis: wielkość przestrzeni (jakość aproksymacji) vs.
czas nauki / pamięć.
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Aproksymacja funkcji
Bezpośrednia estymacja użyteczności
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Przykład. Niech:

Ûθ(x , y) = θ0 + θ1x + θ2y

Jeśli θ = (0.5, 0.2, 0.1), to ile wynosi Ûθ(1, 2)?[zadanie 2]

Wykonaliśmy próbę od stanu (1, 2) i otrzymaliśmy sumaryczne
wzmocnienie u(1, 2) = 0.5.

Wniosek: Ûθ(1, 2) = 0.9 to za dużo.
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Generalizacja

Aproksymacja funkcji

1. Ûθ(1, 1) = 0.5 + 0.2 + 0.2 = 0.9
2. u(1, 2) jest sumarycznym zdyskontowanym wzmocnieniem.
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Aproksymacja funkcji
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Aproksymacja funkcji
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Uczenie offline

Możemy więc zebrać n par
〈

Ûθ(si ), u(si )
〉

i rozwiązać problem

regresji minimalizując średni błąd kwadratowy:

θ∗ = argminθ

n∑

i=1

(
Ûθ(si )− u(si )

)
.

Ale to zadziała tylko dla problemu predykcji. Dla problemu
sterowania lepiej uczyć się online np. po każdej próbce.
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zastosowania

Generalizacja

Uczenie offline

1. Np. regresja liniowa jest prosta obliczeniowo.



Przypomnienie Generalizacja Aplikacje Bezpośrednie szukanie polityki

Uczenie offline

Możemy więc zebrać n par
〈
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Reguła Widrow-Hoff’a
Bezpośrednia estymacja użyteczności

Niech funkcja straty:

E (s, θ) =
1
2

(
Ûθ(s)− u(s)

)2

Szukamy takich parametrów, które minimalizują błąd (metoda
gradientu prostego):

θi ← θi − α
∂E (s, θ)

∂θi
= θi − α

∂

(
1
2

(
Ûθ(s)− u(s)

)2)

∂θi

= θi + α
(

u(s)− Ûθ(s)
) ∂Ûθ(s)

∂θi
.
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zastosowania

Generalizacja

Reguła Widrow-Hoff’a

1. Dlaczego 12 w funkcji błędu? Żeby się skróciły stałe przy
różniczkowaniu. Generalnie, to nie ma znaczenia, bo jest α

2. α jest współczynnikiem, który mówi, jak bardzo chcemy się zbliżyć
do celu. Jeśli α będzie maleć w czasie, zbiegniemy do optimum.
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Przykład
Bezpośrednia estymacja użyteczności

θi ← θi + α
(

u(s)− Ûθ(s)
) ∂Ûθ(s)

∂θi

Przykład dla 4x3:

Ûθ(x , y) = θ0 + θ1x + θ2y ,

więc:

θ0 ← θ0 + α(u(s)− Ûθ(s))

θ1 ← θ1 + α(u(s)− Ûθ(s))x

θ2 ← θ2 + α(u(s)− Ûθ(s))y

Przykład
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Niech:

(θ0, θ1, θ2) = (0.5, 0.2, 0.1)

u(1, 2) = 0.5

Pytania:
1 Ile będą wynosić wartości parametrów (θ0, θ1, θ2) po

aktualizacji (α = 0.25)? [zadanie 3]

2 Ile wyniesie Ûθ(1, 2) po aktualizacji parametrów? [zadanie 4]
3 Chcieliśmy, aby Ûθ(1, 2) się zmieniło. Czy zmieniło się także

Ûθ(1, 1)? [zadanie 5]
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Generalizacja

Przykład

1. αδ = 0.25× 0.4 = 0.1. więc
θ = (0.5− 0.1, 0.2− 0.1× 1, 0.1− 0.1× 2) = (0.4, 0.1,−0.1)

2. Wtedy Ûθ(1, 2) = 0.4 + 0.1× 1− 0.1× 2 = 0.3
3. Zauważmy przy okazji: wartość aktualna wynosiła 0.9 a docelowa

0.5, ale ostatecznie ją przeskoczyliśmy (0.3). Wniosek: zbyt duży
współczynnik α.

4. Tak! I to jest istota generalizowania!
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Wybór aproksymatora — wiedza dziedzinowa

Generalizacja

Agent uczy się szybciej z
aproksymatorem funkcji, bo
może generalizować.

1 2 3

1

2

3

− 1

+ 1

4

START

Aproksymator funkcji

Ûθ(x , y) = θ0 + θ1x + θ2y ,

działa dobrze dla świata 10× 10 z nagrodą +1 w (10, 10).
A jak zadziała gdy +1 będzie w polu (5, 5)?[zadanie 6]

Wiedza dziedzinowa: dodać do Ûθ(x , y) składnik θ3f3:

f3 =
√

(x − 5)2 + (y − 5)2
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Uczenie ze wzmocnieniem — generalizacja i
zastosowania

Generalizacja

Wybór aproksymatora — wiedza dziedzinowa

1. Porażka. Dla świata 10× 10 funkcja użyteczności jest liniowa
względem wymiarów, ale gdy +1 jest w polu (5, 5) przypomina
piramidę.

2. Zauważmy: cechy mogą być dowolnymi nieliniowymi elementami
(np. liczba pionków, hetmanów, etc.)
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Metoda różnic czasowych (funkcja użyteczności)

Wersja oryginalna

Uπ(s)← Uπ(s) + α
(
R(s) + γUπ(s ′)− Uπ(s)

)

Z aproksymatorem funkcji

θi ← θi + α
(

R(s) + γÛθ(s ′)− Ûθ(s)
) ∂Ûθ(s)

∂θi

Metoda różnic czasowych (funkcja użyteczności)

Wersja oryginalna

Uπ(s)← Uπ(s) + α
(
R(s) + γUπ(s ′)− Uπ(s)

)

Z aproksymatorem funkcji

θi ← θi + α
(

R(s) + γÛθ(s ′)− Ûθ(s)
) ∂Ûθ(s)

∂θi
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Uczenie ze wzmocnieniem — generalizacja i
zastosowania

Generalizacja

Metoda różnic czasowych (funkcja
użyteczności)

1. Zwróćmy uwagę: tutaj wartością docelową (target) jest zaznaczone
na czerwono wyrażenie (wartość po wykonaniu jednego kroku), a nie
u(1, 2) — wartość po całym epizodzie tak jak w metodzie Monte
Carlo.
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Q-learning

Wersja oryginalna

Q(s, a)← Q(s, a) + α
(
R(s) + γmaxa′Q(s ′, a′)− Q(s, a)

)

Z aproksymatorem funkcji

θi ← θi + α
(

R(s) + γmaxa′Q̂θ(s ′, a′)− Q̂θ(s, a)
) ∂Q̂θ(s, a)

∂θi

Q-learning

Wersja oryginalna

Q(s, a)← Q(s, a) + α
(
R(s) + γmaxa′Q(s ′, a′)− Q(s, a)

)

Z aproksymatorem funkcji

θi ← θi + α
(

R(s) + γmaxa′Q̂θ(s ′, a′)− Q̂θ(s, a)
) ∂Q̂θ(s, a)

∂θi20
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Uczenie ze wzmocnieniem — generalizacja i
zastosowania

Generalizacja

Q-learning
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Warcaby (Artur Samuel, 1959)

liniowa aproksymator
funkcji: 16 cech,

wariant metody różnic
czasowych (TDL).

Jako wartości docelowej używał nie kolejnego stanu, ale stanu
na poziomie n-ply (minmax).

Nie używał wzmocnienia dla stanów terminalnych (przyjął
tylko pewne założenia dot. parametrów, co zaskakujące to
wystarczyło)
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Aplikacje

Warcaby (Artur Samuel, 1959)

1. Mogło to doprowadzić do nauczenia się np. przegrywania.
2. Gra rozwiązana w 2007 (Schaeffer). Obaj gracze mają

gwarantowany remis. Liczba stanów 5× 1020.
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Tryktak

260 CHAPTER 15. APPLICATIONS AND CASE STUDIES

white pieces move 

   counterclockwise

1 2 3 4 5 6 7 8 9 10 11 12

18 17 16 15 14 13192021222324

    black pieces 

move clockwise

Figure 15.1: A backgammon position

than there are professional chess players. The game is played with 15 white
and 15 black pieces on a board of 24 locations, called points. Figure 15.1 shows
a typical position early in the game, seen from the perspective of the white
player.

In this figure, white has just rolled the dice and obtained a 5 and a 2. This
means that he can move one of his pieces 5 steps and one (possibly the same
piece) 2 steps. For example, he could move two pieces from the 12 point, one
to the 17 point, and one to the 14 point. White’s objective is to advance all of
his pieces into the last quadrant (points 19–24) and then o↵ the board. The
first player to remove all his pieces wins. One complication is that the pieces
interact as they pass each other going in di↵erent directions. For example, if
it were black’s move in Figure 15.1, he could use the dice roll of 2 to move a
piece from the 24 point to the 22 point, “hitting” the white piece there. Pieces
that have been hit are placed on the “bar” in the middle of the board (where
we already see one previously hit black piece), from whence they reenter the
race from the start. However, if there are two pieces on a point, then the
opponent cannot move to that point; the pieces are protected from being hit.
Thus, white cannot use his 5–2 dice roll to move either of his pieces on the 1
point, because their possible resulting points are occupied by groups of black
pieces. Forming contiguous blocks of occupied points to block the opponent is
one of the elementary strategies of the game.

Backgammon involves several further complications, but the above descrip-
tion gives the basic idea. With 30 pieces and 24 possible locations (26, count-
ing the bar and o↵-the-board) it should be clear that the number of possible
backgammon positions is enormous, far more than the number of memory el-
ements one could have in any physically realizable computer. The number of
moves possible from each position is also large. For a typical dice roll there
might be 20 di↵erent ways of playing. In considering future moves, such as

Bardzo popularna na świecie

Gra niedeterministyczna (rzuty kostkami)

Branching factor ∼ 400.
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might be 20 di↵erent ways of playing. In considering future moves, such as
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1. [Sutton & Barto, 1998] twierdzą, że bardziej popularna niż szachy
(ale wydaje się, że nie jest to prawda jeśli chodzi o Polskę).
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sieć neuronowa (ręcznie zaprojektowane cechy),

uczenie za pomocą przykładów od ekspertów

→ żmudne, ale wygrał World Backgammon Olympiad (1989).

TD-Gammon 0.0:

sieć neuronowa (prawie
”
surowa” plansza)

TD(λ), nagroda tylko na końcu gry.

300,000 gier uczących typu self-play

Mało wiedzy dziedzinowej, a lepszy niż Neurogammon
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Figure 15.2: The neural network used in TD-Gammon

the response of the opponent, one must consider the possible dice rolls as well.
The result is that the game tree has an e↵ective branching factor of about 400.
This is far too large to permit e↵ective use of the conventional heuristic search
methods that have proved so e↵ective in games like chess and checkers.

On the other hand, the game is a good match to the capabilities of TD
learning methods. Although the game is highly stochastic, a complete de-
scription of the game’s state is available at all times. The game evolves over
a sequence of moves and positions until finally ending in a win for one player
or the other, ending the game. The outcome can be interpreted as a final
reward to be predicted. On the other hand, the theoretical results we have
described so far cannot be usefully applied to this task. The number of states
is so large that a lookup table cannot be used, and the opponent is a source
of uncertainty and time variation.

TD-Gammon used a nonlinear form of TD(�). The estimated value, v̂(s), of
any state (board position) s was meant to estimate the probability of winning
starting from state s. To achieve this, rewards were defined as zero for all
time steps except those on which the game is won. To implement the value
function, TD-Gammon used a standard multilayer neural network, much as
shown in Figure 15.2. (The real network had two additional units in its final
layer to estimate the probability of each player’s winning in a special way
called a “gammon” or “backgammon.”) The network consisted of a layer of
input units, a layer of hidden units, and a final output unit. The input to the
network was a representation of a backgammon position, and the output was
an estimate of the value of that position.

In the first version of TD-Gammon, TD-Gammon 0.0, backgammon posi-
tions were represented to the network in a relatively direct way that involved
little backgammon knowledge. It did, however, involve substantial knowledge

Cechy (198 wejść):

dla każdego pola i koloru 4 wejścia (2× 4× 24 = 192):

0 pionów → 0, 0, 0, 0; 1 pion → 1, 0, 0, 0
2 piony → 1, 1, 0, 0; 3 piony → 1, 1, 1, 0
n > 3 pionów →1, 1, 1, (n − 3)/2

2 wejścia: liczba pionów danego koloru na bandzie,

2 wejścia: liczba pionów w domu,

2 wejścia: czyj ruch (0, 1 i 1, 0).
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1. Klasyczna sigmoidalna sieć neuronowa.



Przypomnienie Generalizacja Aplikacje Bezpośrednie szukanie polityki

TD-Gammon (Gerry Tesauro, 1992)

TD-Gammon 1.0:

dodatkowo ręcznie zaprojektowane cechy

zaczął konkurować z ludźmi
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expectimax (3-ply)
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na poziomie najlepszych graczy ludzkich (dzisiaj komputery są
już lepsze)
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Balansowanie tyczką / odwrócone wahadło (Michie,
Chambers, 1968)
ang. pole balanding / inverted pendulum

Ciągła przestrzeń stanów

Co jest stanem?[zadanie 7]

〈
x , θ, ẋ , θ̇

〉

Jakie akcje są możliwe? [zadanie 8]

{lewo, prawo} (ewentualnie, siła)

Algorytm Boxes:

Dyskretyzacja w
”
pudełka”

Potrzeba jedynie 30 prób
uczących, aby balansować przez
godzinę
Bez symulatora
Negatywne wzmocnienie za
ostatni (s, a) przed upadkiem.

Demo: Dwie tyczki, UAV
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Acrobot (Spong, 1994)
”
Robot-akrobata”

15.3. THE ACROBOT 269
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Figure 15.4: The acrobot.
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Figure 15.5: The equations of motions of the simulated acrobot. A time
step of 0.05 seconds was used in the simulation, with actions chosen after
every four time steps. The torque applied at the second joint is denoted by
⌧ 2 {+1,�1, 0}. There were no constraints on the joint positions, but the
angular velocities were limited to ✓̇1 2 [�4⇡, 4⇡] and ✓̇2 2 [�9⇡, 9⇡]. The
constants were m1 = m2 = 1 (masses of the links), l1 = l2 = 1 (lengths of
links), lc1 = lc2 = 0.5 (lengths to center of mass of links), I1 = I2 = 1 (moments
of inertia of links), and g = 9.8 (gravity).

Ciągła przestrzeń stanów. Co jest stanem? [zadanie 9]

〈
θ1, θ2, θ̇1, θ̇2

〉

Akcje: si  la ∈ {−1, 0,+1}
Cel:

”
stanąć na głowie” w najkrótszym czasie

Rozwiązanie [Sutton, 1996]:
Sarsa(λ) i tile coding
ε = 0, ale eksploracja bo negatywne nagrody i inicjalizacja
Q = 0.

Demo: Acrobot, Double & Tripple inverted pendulum on a cart

Acrobot (Spong, 1994)
”
Robot-akrobata”

15.3. THE ACROBOT 269

!1

!2

Goal: Raise tip above line

Torque
applied

here

tip

Figure 15.4: The acrobot.

✓̈1 = �d�1
1 (d2✓̈2 + �1)

✓̈2 =

✓
m2l

2
c2 + I2 �

d2
2

d1

◆�1✓
⌧ +

d2

d1

�1 �m2l1lc2✓̇
2
1 sin ✓2 � �2

◆

d1 = m1l
2
c1 + m2(l

2
1 + l2c2 + 2l1lc2 cos ✓2) + I1 + I2

d2 = m2(l
2
c2 + l1lc2 cos ✓2) + I2

�1 = �m2l1lc2✓̇
2
2 sin ✓2 � 2m2l1lc2✓̇2✓̇1 sin ✓2

+ (m1lc1 + m2l1)g cos(✓1 � ⇡/2) + �2

�2 = m2lc2g cos(✓1 + ✓2 � ⇡/2)

Figure 15.5: The equations of motions of the simulated acrobot. A time
step of 0.05 seconds was used in the simulation, with actions chosen after
every four time steps. The torque applied at the second joint is denoted by
⌧ 2 {+1,�1, 0}. There were no constraints on the joint positions, but the
angular velocities were limited to ✓̇1 2 [�4⇡, 4⇡] and ✓̇2 2 [�9⇡, 9⇡]. The
constants were m1 = m2 = 1 (masses of the links), l1 = l2 = 1 (lengths of
links), lc1 = lc2 = 0.5 (lengths to center of mass of links), I1 = I2 = 1 (moments
of inertia of links), and g = 9.8 (gravity).

Ciągła przestrzeń stanów. Co jest stanem? [zadanie 9]

〈
θ1, θ2, θ̇1, θ̇2

〉

Akcje: si  la ∈ {−1, 0,+1}
Cel:

”
stanąć na głowie” w najkrótszym czasie

Rozwiązanie [Sutton, 1996]:
Sarsa(λ) i tile coding
ε = 0, ale eksploracja bo negatywne nagrody i inicjalizacja
Q = 0.

Demo: Acrobot, Double & Tripple inverted pendulum on a cart

20
15
-0
5-
15

Uczenie ze wzmocnieniem — generalizacja i
zastosowania

Aplikacje

Acrobot (Spong, 1994)

https://www.youtube.com/watch?v=sMZRnE3q72c&spfreload=10
http://www.youtube.com/watch?v=B6vr1x6KDaY&feature=relmfu
https://www.youtube.com/watch?v=cyN-CRNrb3E&spfreload=10
https://www.youtube.com/watch?v=sMZRnE3q72c&spfreload=10
http://www.youtube.com/watch?v=B6vr1x6KDaY&feature=relmfu
https://www.youtube.com/watch?v=cyN-CRNrb3E&spfreload=10


Przypomnienie Generalizacja Aplikacje Bezpośrednie szukanie polityki

Acrobot (Spong, 1994)
”
Robot-akrobata”

15.3. THE ACROBOT 269

!1

!2

Goal: Raise tip above line

Torque
applied

here

tip

Figure 15.4: The acrobot.

✓̈1 = �d�1
1 (d2✓̈2 + �1)

✓̈2 =

✓
m2l

2
c2 + I2 �

d2
2

d1

◆�1✓
⌧ +

d2

d1

�1 �m2l1lc2✓̇
2
1 sin ✓2 � �2

◆

d1 = m1l
2
c1 + m2(l

2
1 + l2c2 + 2l1lc2 cos ✓2) + I1 + I2

d2 = m2(l
2
c2 + l1lc2 cos ✓2) + I2

�1 = �m2l1lc2✓̇
2
2 sin ✓2 � 2m2l1lc2✓̇2✓̇1 sin ✓2

+ (m1lc1 + m2l1)g cos(✓1 � ⇡/2) + �2

�2 = m2lc2g cos(✓1 + ✓2 � ⇡/2)

Figure 15.5: The equations of motions of the simulated acrobot. A time
step of 0.05 seconds was used in the simulation, with actions chosen after
every four time steps. The torque applied at the second joint is denoted by
⌧ 2 {+1,�1, 0}. There were no constraints on the joint positions, but the
angular velocities were limited to ✓̇1 2 [�4⇡, 4⇡] and ✓̇2 2 [�9⇡, 9⇡]. The
constants were m1 = m2 = 1 (masses of the links), l1 = l2 = 1 (lengths of
links), lc1 = lc2 = 0.5 (lengths to center of mass of links), I1 = I2 = 1 (moments
of inertia of links), and g = 9.8 (gravity).

Ciągła przestrzeń stanów. Co jest stanem? [zadanie 9]〈
θ1, θ2, θ̇1, θ̇2

〉

Akcje: si  la ∈ {−1, 0,+1}
Cel:

”
stanąć na głowie” w najkrótszym czasie

Rozwiązanie [Sutton, 1996]:
Sarsa(λ) i tile coding
ε = 0, ale eksploracja bo negatywne nagrody i inicjalizacja
Q = 0.

Demo: Acrobot, Double & Tripple inverted pendulum on a cart

Acrobot (Spong, 1994)
”
Robot-akrobata”
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Figure 15.4: The acrobot.
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https://www.youtube.com/watch?v=sMZRnE3q72c&spfreload=10
http://www.youtube.com/watch?v=B6vr1x6KDaY&feature=relmfu
https://www.youtube.com/watch?v=cyN-CRNrb3E&spfreload=10
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Sterowanie dźwigami wind (Crites i Barto, 1996)
ang. elevator dispatching problem
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Figure 15.8: Four elevators in a ten-story building.

In practice, modern elevator dispatchers are designed heuristically and eval-
uated on simulated buildings. The simulators are quite sophisticated and de-
tailed. The physics of each elevator car is modeled in continuous time with
continuous state variables. Passenger arrivals are modeled as discrete, stochas-
tic events, with arrival rates varying frequently over the course of a simulated
day. Not surprisingly, the times of greatest tra�c and greatest challenge to the
dispatching algorithm are the morning and evening rush hours. Dispatchers
are generally designed primarily for these di�cult periods.

The performance of elevator dispatchers is measured in several di↵erent
ways, all with respect to an average passenger entering the system. The aver-
age waiting time is how long the passenger waits before getting on an elevator,
and the average system time is how long the passenger waits before being
dropped o↵ at the destination floor. Another frequently encountered statistic
is the percentage of passengers whose waiting time exceeds 60 seconds. The
objective that Crites and Barto focused on is the average squared waiting time.
This objective is commonly used because it tends to keep the waiting times
low while also encouraging fairness in serving all the passengers.

Crites and Barto applied a version of one-step Q-learning augmented in
several ways to take advantage of special features of the problem. The most
important of these concerned the formulation of the actions. First, each ele-
vator made its own decisions independently of the others. Second, a number
of constraints were placed on the decisions. An elevator carrying passengers
could not pass by a floor if any of its passengers wanted to get o↵ there, nor

Źródło: Sutton & Barto, 1998

4 windy, 10 pięter, przestrzeń stanów: ca. 1022 stanów.
Różne rozważane cele:
1 średni czas oczekiwania,
2 średni czas dostania się na miejsce
3 procent pasażerów, którzy średnio czekają > niż 60s,
4 kwadratowy czas oczekiwania.
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1996)

1. A stochastic optimal control problem
2. Przestrzeń stanów jest ciągła (np. pozycja windy), więc podana

tutaj liczba stanów jest po (arbitralnej) kwantyzacji.
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vator made its own decisions independently of the others. Second, a number
of constraints were placed on the decisions. An elevator carrying passengers
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Przestrzeń akcji?

Pewne uproszczenia: każda winda osobno (multi agent
reinforcement learning)
Zdroworozsądkowe ograniczenia
Ograniczenia → jedyne akcje: czy zatrzymać się czy nie.

Stan z ciągłym czasem → stan z dyskretnym czasem
(semi-markovski proces decyzyjny)
Sieć neuronowa: 47 wejść, 20 węzłów ukrytych i 2 wyjścia
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Sterowanie dźwigami wind (Crites i Barto,
1996)

1. 1) winda nie może nie zatrzymać się na piętrze koło, którego
przejeżdża, jeśli ktoś chce tam wysiąść.

2. 2) winda nie może zmienić kierunku, jeśli wszyscy pasażerowie,
których ma na pokładzie i jadą w tę stronę jeszcze nie wysiedli

3. 3) winda nie może zatrzymać się na piętrze, jeśli nikt tam nie
wysiada

4. 4) domyślnie zawsze jedzie do góry
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Dynamic Channel Allocation (Singh & Bertsekas, 1997)

Sieci komórkowe

Całe pasmo częstotliwości jest podzielone na kanały

1 kanał może być używany przez wielu użytkowników, jeśli są
oni dostatecznie daleko od siebie — minimalna odległość to
channel reuse constraint).

Przestrzeń podzielona na komórki (cell), każda ze stacją
bazową.

Kanały muszą być przypisane do komórek i do poszczególnych
połączeń, tak aby ograniczenie odległościowe było zachowane.

Cel: minimalizacja połączeń, które nie mogą się odbyć (ze
względu na ograniczenie).

278 CHAPTER 15. APPLICATIONS AND CASE STUDIES

below, then any new call arriving in the middle cell must be blocked.

1 2 1 12

Obviously, it would be better for both the left and the right cells to use channel
1 for their calls. Then a new call in the middle cell could be assigned channel 2,
as in the right diagram, without violating the channel reuse constraint. Such
interactions and possible optimizations are typical of the channel assignment
problem. In larger and more realistic cases with many cells, channels, and
calls, and uncertainty about when and where new calls will arrive or existing
calls will have to be handed o↵, the problem of allocating channels to minimize
blocking can become extremely complex.

The simplest approach is to permanently assign channels to cells in such a
way that the channel reuse constraint can never be violated even if all channels
of all cells are used simultaneously. This is called a fixed assignment method.
In a dynamic assignment method, in contrast, all channels are potentially
available to all cells and are assigned to cells dynamically as calls arrive. If
this is done right, it can take advantage of temporary changes in the spatial
and temporal distribution of calls in order to serve more users. For example,
when calls are concentrated in a few cells, these cells can be assigned more
channels without increasing the blocking rate in the lightly used cells.

The channel assignment problem can be formulated as a semi-Markov de-
cision process much as the elevator dispatching problem was in the previous
section. A state in the semi-MDP formulation has two components. The first
is the configuration of the entire cellular system that gives for each cell the
usage state (occupied or unoccupied) of each channel for that cell. A typical
cellular system with 49 cells and 70 channels has a staggering 7049 configura-
tions, ruling out the use of conventional dynamic programming methods. The
other state component is an indicator of what kind of event caused a state
transition: arrival, departure, or hando↵. This state component determines
what kinds of actions are possible. When a call arrives, the possible actions
are to assign it a free channel or to block it if no channels are available. When
a call departs, that is, when a caller hangs up, the system is allowed to reassign
the channels in use in that cell in an attempt to create a better configuration.
At time t the immediate reward, Rt, is the number of calls taking place at
that time, and the return is

Gt =

Z 1

0

e��⌧Rt+⌧ d⌧,

where � > 0 plays a role similar to that of the discount-rate parameter �. Max-
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Dynamic Channel Allocation (Singh & Bertsekas, 1997)

Fixed assignment vs. dynamic assignment

Stan: 49 komórek i 70 kanałów, to 249×70 stanów sieci (kanał
zajęty/wolny)

Proces semi-markowski: tranzycje: nowe połączenie oraz
(koniec połączenia)

Akcje: który kanał przypisać przy nowym połączeniu
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Bertsekas, 1997)

1. [Sutton & Barto, 1998] piszą, że mamy tutaj 7049 stanów, ale
wydaje się, że się mylą.
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2048 (Szubert & Jaśkowski, 2014)
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2048 (Szubert & Jaśkowski, 2014)

https://www.researchgate.net/profile/Wojciech_Jaskowski/publication/265178223_Temporal_Difference_Learning_of_N-Tuple_Networks_for_the_Game_2048_%28presentation_at_Computational_Intelligence_in_Games_Dortmund_2014%29/links/54043d1b0cf2c48563b05f5d.pdf?ev=pub_int_doc_dl&origin=publication_detail&inViewer=true
https://www.researchgate.net/profile/Wojciech_Jaskowski/publication/265178223_Temporal_Difference_Learning_of_N-Tuple_Networks_for_the_Game_2048_%28presentation_at_Computational_Intelligence_in_Games_Dortmund_2014%29/links/54043d1b0cf2c48563b05f5d.pdf?ev=pub_int_doc_dl&origin=publication_detail&inViewer=true
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Atari (Mnih et al., 2015)

Motywacja:
1 dotychczas sukcesy RL głównie dla środowisk, gdzie:

1 cechy mogą być zaprojektowane ręcznie lub
2 stany niskowymiarowe i całkowicie obserwowalne.

2 Ostatnio duże osiągnięcia w rozpoznawaniu obrazów za
pomocą uczenia głębokich sieci neuronowych.

Problem:

Zbiór 49 gier Atari

Wejście: 210× 160 pixeli, 60 Hz.

Minimalna wiedza dziedzinowa:
1 wejście jest obrazem 2D
2 liczba akcji
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Atari (Mnih et al., 2015)

Q-Learning jest często niestabilny dla nieliniowych aproksymatorów
funkcji, a uczenie może się nawet rozbiegać. Przyczyny:
1 Obserwacje są

”
podawane” w kolejności: korelacje.

2 Małe zmiany Q → duża zmiana polityki π → duża zmiana
rozkładu danych uczących (indukowanych przez π).

3 Korelacja pomiędzy aktualną wartością Q a wartością
docelową r + γmaxa′ Q(s ′, a′)

Rozwiązania:
1 experience replay: usuwa korelacje związane z kolejnością

przetwarzania obserwacji (ad. 1),
”
wygładzając” zmiany w

rozkładzie danych uczących (ad. 2)
2 rzadka aktualizacja Q: redukuje korelacje z celem (ad. 3)
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1. IZmiana wartości Q powoduje zmiany wartości docelowej
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difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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50 milionów ramek uczących (38 godzin rzeczywistego czasu
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Pamięć: 1 mln ostatnich ramek
Polityka ε-zachłanna, gdzie początkowo ε = 1.0 liniowo się
zmniejszało do ε = 0.1 po milionie pierwszych ramek.
Nowa decyzja co k = 4 ramek (wydajność)
Funkcja straty dla i-tej iteracji:

Li (θi ) = E(s,a,r ,s′)∼U(D)

[(
r + γmax
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Qθ−i

(s ′, a′)− Qθi (s, a)

)2]
,

gdzie:
1 D jest pamięcią (zbiorem zapamiętanych doświadczeń)
2 θ−i jest

”
starym” zbiorem parametrów
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sometimes a nonlinear function approximator is used instead, such as a neural
network. We refer to a neural network function approximator with weights h as a
Q-network. A Q-network can be trained by adjusting the parameters hi at iteration
i to reduce the mean-squared error in the Bellman equation, where the optimal
target values rzc maxa0 Q

! s0,a0ð Þ are substituted with approximate target values
y~rzc maxa0 Q s0,a0; h{

i

! "
, using parameters h{

i from some previous iteration.
This leads to a sequence of loss functions Li(hi) that changes at each iteration i,

Li hið Þ~ s,a,r Es0 yDs,a½ %{Q s,a; hið Þð Þ2
# $

~ s,a,r,s0 y{Q s,a; hið Þð Þ2
# $

zEs,a,r Vs0 y½ %½ %:

Note that the targets depend on the network weights; this is in contrast with the
targets used for supervised learning, which are fixed before learning begins. At
each stage of optimization, we hold the parameters from the previous iteration hi

2

fixed when optimizing the ith loss function Li(hi), resulting in a sequence of well-
defined optimization problems. The final term is the variance of the targets, which
does not depend on the parameters hi that we are currently optimizing, and may
therefore be ignored. Differentiating the loss function with respect to the weights
we arrive at the following gradient:

+hi L hið Þ ~ s,a,r,s0 rzc max
a0

Q s0,a0; h{
i

! "
{Q s,a; hið Þ

% &
+hi Q s,a; hið Þ

' (
:

Rather than computing the full expectations in the above gradient, it is often
computationally expedient to optimize the loss function by stochastic gradient
descent. The familiar Q-learning algorithm19 can be recovered in this framework
by updating the weights after every time step, replacing the expectations using
single samples, and setting h{

i ~hi{1.
Note that this algorithm is model-free: it solves the reinforcement learning task

directly using samples from the emulator, without explicitly estimating the reward
and transition dynamics P r,s0 Ds,að Þ. It is also off-policy: it learns about the greedy
policy a~argmaxa0Q s,a0; hð Þ, while following a behaviour distribution that ensures
adequate exploration of the state space. In practice, the behaviour distribution is
often selected by an e-greedy policy that follows the greedy policy with probability
1 2 e and selects a random action with probability e.
Training algorithm for deep Q-networks. The full algorithm for training deep
Q-networks is presented in Algorithm 1. The agent selects and executes actions
according to an e-greedy policy based on Q. Because using histories of arbitrary
length as inputs to a neural network can be difficult, our Q-function instead works
on a fixed length representation of histories produced by the function w described
above. The algorithm modifies standard online Q-learning in two ways to make it
suitable for training large neural networks without diverging.

First, we use a technique known as experience replay23 in which we store the
agent’s experiences at each time-step, et 5 (st, at, rt, st 1 1), in a data set Dt 5 {e1,…,et},
pooled over many episodes (where the end of an episode occurs when a termi-
nal state is reached) into a replay memory. During the inner loop of the algorithm,
we apply Q-learning updates, or minibatch updates, to samples of experience,
(s, a, r, s9) , U(D), drawn at random from the pool of stored samples. This approach
has several advantages over standard online Q-learning. First, each step of experience
is potentially used in many weight updates, which allows for greater data efficiency.
Second, learning directly from consecutive samples is inefficient, owing to the strong
correlations between the samples; randomizing the samples breaks these correla-
tions and therefore reduces the variance of the updates. Third, when learning on-
policy the current parameters determine the next data sample that the parameters
are trained on. For example, if the maximizing action is to move left then the train-
ing samples will be dominated by samples from the left-hand side; if the maximiz-
ing action then switches to the right then the training distribution will also switch.
It is easy to see how unwanted feedback loops may arise and the parameters could get
stuck in a poor local minimum, or even diverge catastrophically20. By using experience

replay the behaviour distribution is averaged over many of its previous states,
smoothing out learning and avoiding oscillations or divergence in the parameters.
Note that when learning by experience replay, it is necessary to learn off-policy
(because our current parameters are different to those used to generate the sam-
ple), which motivates the choice of Q-learning.

In practice, our algorithm only stores the last N experience tuples in the replay
memory, and samples uniformly at random from D when performing updates. This
approach is in some respects limited because the memory buffer does not differ-
entiate important transitions and always overwrites with recent transitions owing
to the finite memory size N. Similarly, the uniform sampling gives equal impor-
tance to all transitions in the replay memory. A more sophisticated sampling strat-
egy might emphasize transitions from which we can learn the most, similar to
prioritized sweeping30.

The second modification to online Q-learning aimed at further improving the
stability of our method with neural networks is to use a separate network for gen-
erating the targets yj in the Q-learning update. More precisely, every C updates we
clone the network Q to obtain a target network Q̂ and use Q̂ for generating the
Q-learning targets yj for the following C updates to Q. This modification makes the
algorithm more stable compared to standard online Q-learning, where an update
that increases Q(st,at) often also increases Q(st 1 1,a) for all a and hence also increases
the target yj, possibly leading to oscillations or divergence of the policy. Generating
the targets using an older set of parameters adds a delay between the time an update
to Q is made and the time the update affects the targets yj, making divergence or
oscillations much more unlikely.

We also found it helpful to clip the error term from the update rzc maxa0 Q
s0,a0; h{

i

! "
{Q s,a; hið Þ to be between 21 and 1. Because the absolute value loss

function jxj has a derivative of 21 for all negative values of x and a derivative of 1
for all positive values of x, clipping the squared error to be between 21 and 1 cor-
responds to using an absolute value loss function for errors outside of the (21,1)
interval. This form of error clipping further improved the stability of the algorithm.
Algorithm 1: deep Q-learning with experience replay.
Initialize replay memory D to capacity N
Initialize action-value function Q with random weights h
Initialize target action-value function Q̂ with weights h2 5 h
For episode 5 1, M do

Initialize sequence s1~ x1f g and preprocessed sequence w1~w s1ð Þ
For t 5 1,T do

With probability e select a random action at

otherwise select at~argmaxaQ w stð Þ,a; hð Þ
Execute action at in emulator and observe reward rt and image xt 1 1

Set stz1~st ,at ,xtz1 and preprocess wtz1~w stz1ð Þ
Store transition wt ,at ,rt ,wtz1

! "
in D

Sample random minibatch of transitions wj,aj,rj,wjz1

) *
from D

Set yj~
rj if episode terminates at step jz1

rjzc maxa0 Q̂ wjz1,a0; h{
) *

otherwise

(

Perform a gradient descent step on yj{Q wj,aj; h
) *) *2

with respect to the
network parameters h
Every C steps reset Q̂~Q

End For
End For

31. Jarrett,K., Kavukcuoglu,K., Ranzato,M.A.&LeCun,Y.What is thebestmulti-stage
architecture for object recognition? Proc. IEEE. Int. Conf. Comput. Vis. 2146–2153
(2009).

32. Nair, V. & Hinton, G. E. Rectified linear units improve restricted Boltzmann
machines. Proc. Int. Conf. Mach. Learn. 807–814 (2010).

33. Kaelbling, L. P., Littman, M. L. & Cassandra, A. R. Planning and acting in partially
observable stochastic domains. Artificial Intelligence 101, 99–134 (1994).
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see Fig. 3, Supplementary Discussion and Extended Data Table 2). In
additional simulations (see Supplementary Discussion and Extended
Data Tables 3 and 4), we demonstrate the importance of the individual
core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.

We next examined the representations learned by DQN that under-
pinned the successful performance of the agent in the context of the game
Space Invaders (see Supplementary Video 1 for a demonstration of the
performance of DQN), by using a technique developed for the visual-
ization of high-dimensional data called ‘t-SNE’25 (Fig. 4). As expected,
the t-SNE algorithm tends to map the DQN representation of percep-
tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).
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Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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Data Tables 3 and 4), we demonstrate the importance of the individual
core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.

We next examined the representations learned by DQN that under-
pinned the successful performance of the agent in the context of the game
Space Invaders (see Supplementary Video 1 for a demonstration of the
performance of DQN), by using a technique developed for the visual-
ization of high-dimensional data called ‘t-SNE’25 (Fig. 4). As expected,
the t-SNE algorithm tends to map the DQN representation of percep-
tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).
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with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.
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tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).
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Bezpośrednie szukanie polityki

Polityka π : S → A

Chcemy reprezentować π nie dla każdego stanu, ale w sposób
bardziej zwięzły (np. zestaw parametrów θ)

Np. możemy reprezentować politykę π jako zestaw
aproksymatorów funkcji Q:

π(s) = max
a

Q̂θ(s, a),

gdzie Q̂θ jest np. sumą jakichś funkcji ważoną parametrami θ (vide
poprzednia sekcja)

Szukanie polityki = dostosowuj θ, tak aby poprawiać
działanie π.

Czyli: ucz się funkcji Q̂θ.
Czy to jest to samo, co Q-learning?[zadanie 10]
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Reprezentacja polityki

π(s) = max
a

Q̂θ(s, a)

W Q-learning’u (z aproksymatorem funkcji) szukamy Q̂θ,
które jest możliwie bliskie Q∗.

W szukaniu polityki szukamy θ, które powoduje, że π
”
działa

dobrze”.

Przykład: Czy Q̂θ(s, a) = Q∗(s, a)/10 jest optymalnym
rozwiązaniem?[zadanie 11]

Problem: π jest nieciągłą funkcją parametrów θ, jeśli akcje są
dyskretne

czasem minimalna zmiana w θ może spowodować, że π(s)

”
przeskoczy” z jednej akcji na inną.

dlatego uczenie gradientowe π nie jest możliwe.
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Polityka stochastyczna

Dlatego używa się polityki stochastycznej πθ(s, a),
reprezentującej prawd. wybrania akcji a w stanie s.
Reprezentacja z użyciem funkcji softmax:

πθ(s, a) = eQ̂θ(s,a)/τ/
∑

a′

eQ̂θ(s,a
′)/τ
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